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A Supervised-Reinforcement Learning Model for Automated Clash Resolution in the 

Construction Industry 

 

Ashit Harode 

 

ABSTRACT 

 

 

Clash Coordination is a crucial step in ensuring timely and cost-effective project delivery. While 

software tools like Navisworks and Solibri have improved the process of aggregating models and 

conducting clash tests and categorization, resolving clashes remains a slow and manual task. The 

reason for this slow process can be attributed to the meticulous nature of the process where design 

coordinators need to ensure that resolving one clash does not lead to new clashes.  

With the advent of machine learning and its application in construction, more research is being 

conducted to automate construction tasks to increase productivity and reduce the cost of the 

project. One such task currently being researched is to automate clash resolution. Researchers have 

explored the use of machine learning, specifically supervised learning, to automate clash resolution 

with successful outcomes. A search of the Web of Science database shows 7 publications that 

discuss the automation of clash resolution, automation of clash correction sequence, and 

automation of selection of relevant clashes. The authors to further analyze the content of these 

publications used VOSviewer to create a word map of keywords contained in the title, keywords, 

and abstract fields of these publications to analyze word co-occurrence. The word co-occurrence 

analysis revealed that the publications have explored supervised learning as the machine learning 

category of choice for automating clash resolution. However, the same analysis also showed the 

lack of terms such as data scrubbing, feature selection, feature engineering, and domain 

knowledge. These terms are an essential part of developing a machine-learning model.  

This analysis led the authors to believe that even though research is being conducted to automate 

clash resolution, a systematic approach to develop a machine learning model to support the 

automation of clash resolution is missing. Also, though these researches show significant accuracy 

in terms of automating clash resolution, they fail to justify the selection of their feature and label 
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space. Another limitation of the current state of the art is that the effectiveness of supervised 

learning in automating tasks is limited by the availability of a large amount of labeled data, often 

unavailable. 

To address these research gaps, in this dissertation the author’s first contribution to the body of 

knowledge is a phased systematic approach to develop an automation model for clash resolution. 

Since in machine learning selection of appropriate feature and label space is critical in developing 

an optimum and explainable solution, it is crucial to identify features that accurately represent a 

clash and also represent the factors industry experts consider when resolving the clash. Along with 

features, labels need to be selected as well to represent clash resolution options available to the 

industry. To achieve this in chapter 2 the author using modified Delphi captured the domain 

knowledge that industry experts utilize to resolve clashes. Factors considered by industry experts 

to decide on how clashes are resolved and options to resolve clashes are extracted from the domain 

knowledge. As a result of this research, the author identified 23 factors that industry experts 

consider when resolving clashes and 5 options available to resolve the clash. The work concludes 

by identifying factors and options that can serve as features and labels for a machine-learning 

algorithm to automate clash resolution. 

Once features and labels are identified the author in chapter 3 discusses the development of a 

prediction model to predict clash resolution options for a given clash. The discussion is focused 

on individual steps involved in the creation of machine learning models like data collection, data 

pre-processing, and machine learning algorithm development and selection. The author also 

addresses common challenges in the development of machine learning models like class imbalance 

and availability of limited data. The author utilizes a multi-label synthetic oversampling method 

(MLSOL) to generate different percentages of synthetic data to account for class imbalance and 

limited datasets. Using this dataset, the author then trained five different supervised learning 

algorithms and reported their accuracy. Based on this work the author concluded that increasing 

the dataset with 20% of synthetic data and using an artificial neural network to develop the machine 

learning model to automate clash resolution generated the best result with an average accuracy of 

around 80%. 
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To address the limitation of using only supervised learning and as a second contribution to the 

body of knowledge, the author in chapter 4 proposes the use of reinforcement learning to train a 

Deep Q Network (DQN) agent capable of learning how to resolve clashes through interactions 

with a Building Information Model (BIM) environment containing clashes. The work discusses 

the implementation of a dynamic reward function to guide the agent in making decisions based on 

industry best practices. Additionally, it outlines the setup of the interaction between the agent and 

the environment to facilitate learning. Considering that reinforcement learning requires a 

significant amount of time to develop knowledge, the author also tested the effect of using a pre-

trained supervised learning model to initialize the reinforcement learning policy function and guide 

knowledge exploration. This approach resulted in three variations of supervised-reinforcement 

learning. The supervised learning model used in this research demonstrated an accuracy of 31%. 

To demonstrate the utility of reinforcement learning in training an agent, the authors plotted graphs 

showing the number of clashes resolved per episode and the cumulative reward received per 

episode. The clashes resolved by the agent in this research were limited to clashes between ducts 

and pipes. These graphs illustrated that with each successive episode, the agent became 

increasingly proficient at resolving clashes. Among the variations of supervised-reinforcement 

learning, the one that exhibited the most stable learning graph utilized the weights of the supervised 

learning model to initialize the policy function of reinforcement learning. This research confirmed 

that reinforcement learning can be employed to train an automated model instead of relying solely 

on supervised learning, especially in scenarios where limited or no clash resolution data is 

available. Moreover, pre-training reinforcement learning using a supervised learning model led to 

more consistent learning outcomes. 

The research presented in this dissertation focuses on the holistic development of a machine 

learning model to automate clash resolution. By identifying appropriate features and labels before 

training the model the author ensures that the automation model accurately captures industry best 

practices and is explainable. Furthermore, by utilizing a systematic approach towards the 

development of a machine learning model the author addresses common challenges in developing 

a machine learning model and how we can overcome them. Lastly, through the utilization of 

supervised reinforcement learning the author proposes an alternative learning algorithm that can 

learn how to resolve clashes with fewer labeled examples through Building Information Model 

(BIM) interaction and with a more steady learning rate than reinforcement learning alone.  
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Construction Industry 

 

Ashit Harode 

 

GENERAL AUDIENCE ABSTRACT 

 

Clash Coordination is a crucial step in ensuring timely and cost-effective project delivery. While 

software tools like Navisworks and Solibri have improved the process of aggregating models and 

conducting clash tests and categorization, resolving clashes remains a slow and manual task. The 

reason for this slow process can be attributed to the meticulous nature of the process where design 

coordinators need to make sure that resolving one clash does not lead to the creation of new 

clashes.  

Research has been conducted to improve the clash coordination process through automation using 

supervised learning, where a machine is taught to resolve clashes by understanding existing 

examples of clash resolutions. However, these researches do not provide enough evidence on how 

the example of clashes are presented to the machine and skip the details on common challenges 

associated with machine learning and how to overcome them. Also, as these researches focuses on 

training a machine using existing examples of clash resolution, a large number of examples are 

required to develop an effective machine-learning solution.  

The author of this dissertation addresses these limitations and contributes to the body of 

knowledge. In Chapter 2 the author discusses the use of modified Delphi to capture the industry’s 

knowledge on how to make decisions about clash resolution and what options to consider when 

resolving clashes. The author also took measures during this process to reduce biases like 

intercoder reliability checks to make the results of modified Delphi more accurate. As a result of 

modified Delphi, the author identified 23 factors that industry experts consider when resolving 

clashes and 5 options available to resolve the clash.  

These identified factors and options were later utilized by the author in chapter 3 as features and 

labels to represent clash resolution examples. Using these examples, the author then developed a 

supervised learning model able to predict the most likely solution for a given clash with 80% 
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accuracy. While developing the supervised learning model the author discusses common 

challenges associated with machine learning like class imbalance, data scrubbing, and un-

normalized data and their mitigative measures. 

To address the limited availability of clash resolution examples the author in chapter 4 proposes 

and develops a supervised-reinforcement learning model. This model teaches how to resolve 

clashes by continuously interacting with a BIM model. To improve the learning rate the model 

also utilizes the knowledge gained through the development of a supervised learning model. 

This research shows that using reinforcement learning it is possible to train a machine to resolve 

clashes and adding knowledge from supervised learning to reinforcement learning results in a 

steadier learning rate for the machine. The research also shows that a more accurate supervised 

learning model can be developed using limited clash resolution examples using deep artificial 

neural networks, though this kind of approach increases the learning time and can lead to the issue 

of overfitting.    
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Chapter 1. Dissertation Introduction 

Chapter Summary 

This chapter focuses on introducing the topic of clash resolution and the industry’s current best 

practices. Details on the use of machine learning for automation in design construction are also 

provided along with the definition and type of machine learning algorithms. The chapter also 

conducts a literature review to identify gaps in the utilization of machine learning in clash 

resolution and formulate research questions and hypotheses for the dissertation. The adopted 

research design and a short overview of the chapters in this dissertation are also provided in this 

chapter along with the expected outcomes, contributions, and impact of this dissertation.  

The chapter also includes two conference proceedings focused on proposing a novel Supervised-

Reinforcement learning model to overcome the limitation of current machine learning approaches 

towards automating clash resolution. 

Presented At 

1. 57th Annual Associated Schools of Construction International Conference. 

2. Construction Research Congress 2022. 

Conference Proceeding Title 

1. Investigation of Machine Learning for Clash Resolution Automation. In 57th Annual 

Associated Schools of Construction International Conference. 

2. An Integrated Supervised Reinforcement Machine Learning Approach for Automated 

Clash Resolution. In Construction Research Congress 2022 

Presentation Date 

1. 04/07/2021 at 57th Annual Associated Schools of Construction International Conference. 

2. 03/11/2022 at Construction Research Congress 2022. 
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1.1 Introduction 

Timely completion of design coordination during the construction phase is critical to minimize 

rework, avoid delays, and reduce costs. The general process of design coordination consists of 

several steps;  

i. aggregating component models into a single federated model using BIM software such as 

Autodesk Navisworks, 

ii. conducting clash tests to identify and group clashes, and 

iii. categorizing clashes as relevant or irrelevant clashes based on their impact on the project, 

The relevant clashes are presented and discussed during coordination meetings to allow the project 

team to resolve these clashes (Hu et al., 2020) based on a pre-defined hierarchy. Clashes are 

currently resolved manually and typically take multiple coordination meetings and many iterations 

of design review and modification of the model. 

Clash resolution remains a slow process even with the use of software such as Navisworks for 

clash identification, and classification (Hsu et al., 2020). This can be attributed to acute knowledge 

differences that exist between design review coordinators and other project stakeholders 

(engineers/trade contractors), leading to multiple meetings to generate a clash-free model (Hu & 

Castro-Lacouture, 2019). Another factor that can lead to a slower clash resolution process is that 

design review coordinators need to be meticulous in their process, as relocating one element of a 

clash can either directly generate another clash or can indirectly generate a clash by violating the 

space constraints of other elements. These time delays associated with the clash resolution process 

often increase with the increase in the number of clashes (Lee & Kim, 2014). The use of 

conventional procedures to resolve design clashes has limited the improvement in project delivery 

time despite the improvements made by the introduction of BIM in the overall clash coordination 

process. Timely resolution of clashes is critical to project performance but is a time-consuming 

task due to its manual nature (Hsu et al., 2020). 

One way to improve the clash resolution process is by using automation and machine learning. 

The use of supervised learning to automate clash resolution has been studied and has shown 

promising results as a faster way to automate clash resolution (Hsu et al., 2020). There is, however, 

a limitation to the use of supervised learning for automation. The accuracy and effectiveness of 
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supervised learning are dependent on the data provided during the learning process (Huang & Lin, 

2019). Supervised learning models trained over a smaller number of the training data points can 

be subjected to over-fitting, compromising the accuracy of automation. This issue can be resolved 

by providing a larger training dataset to supervised learning models. However, labeling the dataset 

for supervised learning can highly rely on human experts’ experience and labor work (Huang & 

Lin, 2019).  This limitation can be overcome by using a reinforcement learning model that does 

not require a labeled dataset and can build knowledge by grading the effectiveness of its output 

rather than relying on labeled output (Theobald, 2017). Development of knowledge by grading the 

output will allow reinforcement learning to train the model by interacting with its environment in 

a trial-and-error fashion and learning from its mistakes and achievements. However, as 

reinforcement learning develops knowledge through trial and error, the model is likely to generate 

illogical solutions or low reward solutions initially. This will increase the time required to develop 

knowledge for complex tasks. The time required to develop knowledge through reinforcement 

learning can overshadow the utility of reinforcement learning in automating tasks. 

Provided the advantages and the limitations of supervised and reinforcement learning, combined 

with the limited availability and difficulty in the generation of sufficient labeled training data for 

clash resolution, there is a need to identify and develop a machine learning model that develops 

automation knowledge effectively and efficiently with a limited dataset.  

Therefore, this research proposes a combined supervised and reinforcement learning method to 

automate clash resolution. This combined machine learning method can assist in developing a 

clash resolution automation model that is more accurate than supervised learning alone in resolving 

clashes with a limited amount of labeled training dataset by utilizing reinforcement learning where 

outputs are graded rather than labeled and is efficient enough to develop the automation knowledge 

at a faster pace than reinforcement learning alone by incorporating prior knowledge developed by 

supervised learning using limited labeled dataset. 

1.1.1 Literature Review 

1.1.1.2 Current Clash Resolution Practices 

As a first step towards clash management, a design review coordination team merges multiple 

trade models into a single file using BIM software such as Autodesk Navisworks. Clash tests 

between different trades are conducted to identify and categorize clashes. Clash tests are performed 
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using a pre-decided clash matrix that organizes clash tests based on trades, discipline, or work 

packages. Table 1 shows an example of a clash matrix. The column and row headings in the clash 

matrix list all the trades involved in the project. The alphabet at the intersection of a trade listed in 

the row and a trade listed in the column denotes the clash group that lists all the clash tests that 

need to be performed between the intersecting trades. 

Table 1. (a) Clash Matrix example adapted from Proulx and Roos (2017), (b) Detailed Clash 

Matrix for a group 

(a) 

Clash Matrix 

 ARC STR MEC PLM ELEC CIVIL 

ARC A C E J L Q 

STR  B F H M R 

MEC   D I N  

PLM    G O  

ELEC     K  

CIVIL      P 

 

(b) 

Group F 

Structural Floors Vs. MEC 

Concrete Stairs Vs. MEC 

Bracing Vs. MEC 

Structural Columns Vs. MEC 

Structural Connections Vs. MEC 
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Foundations Vs. MEC 

Framing Vs. MEC 

Structural Walls Vs. MEC 

 

Creating a clash matrix based on the project stage is an important step to minimize time wasted. 

For example, at the beginning of the project, more focus is on the visual inspection, but more clash 

detection and data validation checks are performed towards the end (Proulx & Roos, 2017). Trades 

are responsible for intra-disciplinary clash tests on a construction project, while inter-disciplinary 

clashes require coordination between different trades.  

As the project progresses, the clash matrix can become more detailed to cover critical phase trades. 

Once the clashes are identified, they are presented during coordination meetings where engineers 

and contractors discuss the resolution of these clashes (Hu & Castro-Lacouture, 2019). Figure 1 

details a typical clash coordination workflow adopted by the construction industry.  

 

Figure 1. Typical Clash Coordination Workflow 

Based on the requirements and BIM execution plan of the general contractor or owner’s needs the 

clash detection workflow can be modified. Figure 2 shows a variation of the typical clash 
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coordination workflow. This variation is generated after interviewing Barton Malow. In their clash 

coordination workflow, Barton Malow as the general contractor of the project only takes part in 

the resolution of clashes with architectural or structural elements and requires their trade 

contractors to resolve any trade-to-trade clashes among themselves before the coordination 

meeting. 

 

Figure 2. Barton Malow’s Clash Coordination Workflow 

Akponeware and Adamu (2017) state that clashes in a BIM model can be attributed to several 

different factors such as: 

1. Incorrect level of detail: If a light fixture is modeled with a high level of detail by 

modeling all of its components, multiple clashes with the light fixture will be identified 

(Leite et al., 2011). 

2. Design uncertainties leading to the use of placeholder elements: If the designer is 

uncertain about how a component might look while preparing a BIM model, they might 

put a placeholder for the component. This placeholder might be created significantly bigger 

to reserve sufficient space for the exact component. This practice can lead to the existence 

of clashes in places where the actual component might not clash if modeled to actual size 

(Tommelein & Gholami, 2012). 
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3. Loss of accuracy due to deadline constraints: To meet the deadline constraints model 

designer may tolerate a few intra-disciplinary clashes. These clashes can later be re-

identified in the clash coordination process (Tommelein & Gholami, 2012). 

4. Lack of coordination while preparing BIM models: Different trades on a construction 

project initially work in isolation to create their models based on their preferences. This 

could lead to clashes in the federated model. For example, a mechanical trade will develop 

its model without coordinating with other trades. This practice can lead to the generation 

of clashes due to the lack of coordination (Pärn et al., 2018). 

5. Design errors: When the location, size, or dimension of model components are not 

accurate, this can lead to clashes (Tommelein & Gholami, 2012). 

Based on the nature of existence, a clash can be classified as a 'hard clash,' 'soft clash,' or 'time 

clash' (Tommelein & Gholami, 2012).  

1. Hard Clashes: Hard clashes refer to clashes where two or more elements physically 

intersect each other. An example of a hard clash is shown in Figure 3. A structural steel 

framing member (green) is clashing with a section of rectangular ducts (red). 

 

Figure 3. Hard Clash 
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2. Soft Clashes: A clash is referred to as a soft clash when two elements are within proximity 

of each other beyond an allowed tolerance limit but are not physically intersecting. These 

clashes need to be identified as they can later lead to operational and maintenance issues 

due to a lack of space between the elements (e.g. minimum space to access the door of an 

AHU) or can violate code requirements (for example, water/wet sources such as pipes are 

located too close to an electrical panel). Figure 4 shows an example of a soft clash between 

an element of structural framing (green) and a rectangular duct (red). As the space between 

the two elements is less than 2 inches, there is a lack of clearance for the insulation around 

the duct and for fireproofing the structural member. 

 

Figure 4. Soft Clash 

3. Time Clash: These clashes exist due to a conflict in the workflow. A time clash can be 

defined as a clash where at least one of the clashing elements is nonstationary. Figure 5 

shows an example of a time clash. As per the workflow, the generator is supposed to be 

moved inside the room after erecting the wall. However, the width of the door is less than 

the width of the generator, thus creating a clash between the two elements due to an error 

in the workflow. 
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Figure 5. Time Clash 

While hard and soft clashes can be identified in 3D BIM models, identifying time clashes requires 

linking the 3D model to the project schedule. 

Hard and soft clashes can be further classified as either relevant or irrelevant based on their impact 

on the project (Tommelein & Gholami, 2012). Figure 6 shows the example of relevant and 

irrelevant clashes. In Figure 6a, a clash between an air terminal (green) and a wall (red) is shown, 

to resolve this clash the duct connecting the air terminal and the air terminal needs to be moved. 

This movement can lead to the addition of more duct pieces or movement of surrounding elements, 

hence impacting the project in terms of cost and time if not resolved earlier making the clash 

relevant to the project. Whereas in Figure 6b a clash between a duct segment (green) and a slab 

(red) is shown since the clash can be easily resolved by creating a penetration sleeve in the slab in 

the field, resolution of this clash is not critical to project progress and therefore it can be labeled 

as irrelevant clash.  
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Figure 6. (a) Relevant Clash (b) Irrelevant Clash 

Classification of clashes as relevant or irrelevant is an important step in clash management because 

individually reviewing all the clashes is time-consuming, and presenting irrelevant clashes in the 

coordination meeting will waste project time and reduce the trust of project participants in BIM 

(Hu & Castro-Lacouture, 2019).  

Based on whether the clash is relevant or not and whether it was identified in the clash 

identification process Leite (2019) has further divided clashes into true-positive, false-positive, 

and false-negative clashes. 

1. True Positive Clashes: A clash that is identified from a clash test and is relevant to the 

design coordination process as it involves two elements with a special conflict is called a 

true positive clash. A true positive clash is shown in Figure 7 between an electrical conduit 

elbow (green) and a domestic hot water rise (red). 
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Figure 7. True Positive Clash 

2. False Positive Clashes: These are the clashes that are identified through the clash test but 

are considered irrelevant as they do not cause a loss of productivity or are duplicate clashes. 

Figure 8 shows a clash between a slab (green) and a rectangular duct (red). This clash was 

identified by the Navisworks clash detective module but would be considered an irrelevant 

clash on account of a penetration sleeve missing in the slab due to a design error. This issue 

can be worked out on the field and does not require discussion in a coordination meeting. 
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Figure 8. A false positive clash between a slab and a rectangular duct. 

3. False Negative Clashes: These are relevant clashes that were not identified during a clash 

test due to human error when visually checking for clashes or due to modeling 

error/limitation in automatic clash identification. It should also be noted that Leite (2019) 

identified false-negative clashes as clashes that were missed by subcontractors while 

identifying clashes manually. Tommelein and Gholami (2012) reported on clashes that 

could exist in the model but are not identified by the software during the automatic clash 

identification process. They highlighted a case of a clash between a basic wall and a 

plumbing pipe segment. In this scenario, if a pipe segment is located within the wall the 

clash detection software will identify it as a clash and it would be classified as a true 

positive clash. But if the wall is modeled as a cavity wall due to a modeling error the clash 

detection software will not identify this as a clash leading to a false-negative clash. 

Table 2 summarizes the classification of clashes based on their relevance and whether they are 

detected during a clash test or manually during a visual inspection of the model. Figure 9 

summarizes the classification of clashes in a hierarchal format. 
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Table 2. Division of clashes as true Positive, False Positive, and False Negative 

 Relevant Identified 

True Positive Clash Yes Yes 

False Positive Clash No Yes 

False Negative Clash Yes No 

 

Figure 9. Classification of Clashes 

The UK construction industry classifies clashes based on their impact on the project. These 

classifications are as follows: 'clash errors', 'pseudo clashes', 'deliberate clashes', and 'duplicate 

clashes' (Pärn et al., 2018). The classification adopted by the UK construction industry is based on 

the relevance of a clash and is focused on reducing the number of clashes that need to be discussed 

in coordination meetings. Table 3 summarizes the definition of different clash classifications. 

Table 3. UK Construction Industry Clash Classification 

S.No. UK Clash Classification Definitions 

Clashes

Hard 
Clashes

Soft 
Clashes

Time 
Clashes

Relevant 
Clashes

Irrelevant 
Clashes

True 
Postive

False 
Positive

False 
Negative
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1. Clash Error Clashes that must be identified and resolved 

2. Pseudo Clashes 
Clashes that are within the tolerance limit and 

do not require any action 

3. Deliberate Clashes 

Clashes are left within the model because the 

modeling software can not represent the 

elements correctly due to software limitations. 

4. Duplicate Clashes 
Clashes caused by the same two elements at 

multiple locations 

Once relevant clashes are identified, the design review coordinators often use a priority matrix to 

prioritize trades involved in a clash. The priority matrix is discussed and agreed upon at the start 

of the project. This priority matrix helps the project team to decide which element involved in a 

clash needs to move and which element will remain stationary based on the priority defined in the 

matrix. Lee and Kim, 2014 based this matrix on three key phrases: "outside to inside," "large to 

small," and "hard constraints to soft constraints" (Lee & Kim, 2014). 

1. Outside to inside: Clash is resolved starting from outside of the building to its inside. This 

means that the order of clash resolution is architectural, followed by structural, and then 

MEP systems. 

2. Large to small: Elements that occupy more space and are hard to move are resolved first 

compared to the elements that can be easily moved and adjusted. 

3. Hard constraints to Soft constraints: Clashes with more constraints on their spatial 

movement must be resolved first, followed by clashes with less spatial movement 

constraints. 

Reddy (2011) in his book "BIM for Building Owners and Developers," also defines the following 

priority for building system clash resolution in decreasing order (highest to lowest priority): 

1. Pneumatic Tube and material conveying systems. 

2. Plumbing waste and roof drainage (Gravity Piping). 

3. Ductwork. 
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4. Fire Protection. 

5. HVAC piping. 

6. Plumbing vent, supply, and medical gas piping. 

7. Electric conduit and cable tray. 

Table 4 shows the example of the priority matrix in the descending order used by Barton Malow 

for their clash resolution. 

Table 4. Priority Matrix Used by Barton Malow 

Priority System 

1. Structural 

2. Architectural 

3. Plumbing Gravity 

4. Plumbing Sanitary 

5. Mechanical Duct 

6. Mechanical Equipment 

7. Electrical Lights 

8. Electrical Equipment 

9. Fire Protection 

10. Electrical Power 

11. Electrical Devices 

12. Pneumatic Tube 

13. Mechanical Pipe 

14. Plumbing Pressure 

15. Plumbing Gas 
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16. Hangers 

Once the priority of elements is decided, elements are graphically modified in the BIM model to 

resolve clashes. Before making changes, it is necessary to consider other elements surrounding the 

clash. This consideration is important to avoid creating new clashes in the model or to avoid 

violating the space constraints of other elements. Hsu et al. (2020) suggested the following options 

to modify elements graphically to resolve clashes in an automated clash resolution process: 

1. Revising the coordinate system of the trade model 

2. Moving elements up, down, left, or right 

3. Changing length 

4. Rerouting 

5. Sloping 

Revising the coordinate system of the trade model option is considered to account for any 

coordinate system errors in the individual trade model. This option would help in removing clashes 

that occurred due to errors in coordinate system alignment between the trade models. 

Even after the implementation of software such as Navisworks for clash identification, classifying 

clashes as relevant and irrelevant, and standardizing the building system priority for clash 

resolution, clash resolution remains a slow process (Hsu et al., 2020). This can be attributed to 

acute knowledge differences that exist between design review coordinators and other project 

stakeholders (engineers/trade contractors), leading to multiple meetings to generate a clash-free 

model (Hu & Castro-Lacouture, 2019). Another factor that can lead to a slower clash resolution 

process is the fact that design review coordinators often need to consider the geometrical 

dependency among building components (Hu et al., 2019a). Relocating one element of a clash can 

either directly generate another clash or can indirectly generate a clash by violating spatial 

constraints of other surrounding elements. Since clash resolution needs to be done manually, 

design review coordinators need to be meticulous, leading to a longer time spent on clash 

resolution. This is usually amplified by the increase in the number of clashes (Lee & Kim, 2014). 

The use of conventional procedures to resolve design clashes has limited the improvement in 

project delivery time despite the improvements made by the introduction of BIM in the overall 
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clash coordination process. Timely resolution of clashes is critical to project performance but is a 

time-consuming task due to its manual nature (Hsu et al., 2020). One way to improve the clash 

resolution process is by using automation and machine learning. 

1.1.1.3 Machine Learning 

Machine learning is a subfield of computer science that focuses on imparting knowledge to 

computers without explicit programming (Theobald, 2017). Through statistical modeling, 

probabilistic reasoning, or trial and error, computers detect patterns in the data and information 

provided. Using these patterns computer makes an informed decision on the input data. In machine 

learning, the input data is divided into training data and testing data. Training data is used to 

identify the patterns in the data and develop the machine learning model. Once the model is 

developed, testing data can be used to test the model's accuracy and make changes to the model to 

improve its accuracy. Based on how machine learning analyzes the input and output variables of 

a dataset it can be classified into three categories: Supervised Learning, Unsupervised Learning, 

and Reinforcement Learning. 

1.1.1.3.1 Supervised Learning 

Supervised learning focuses on learning from labeled datasets by determining patterns between 

input and known output variables. The dataset that contains both the input and their corresponding 

output variables is known as the labeled dataset. During supervised learning, the machine is 

provided with both the input variables and their output variables. Once the machine determines a 

pattern between the input and their corresponding output variables, it creates an algorithmic 

equation (model) based on the identified pattern. This model once trained is later used to produce 

output for the new input variables. The accuracy of this algorithmic equation can be tested by 

predicting the output for the input variables of the testing data and comparing them to the available 

true output values. 

1.1.1.3.2 Unsupervised Learning 

In unsupervised learning, an unlabeled dataset is used to train the machine, which means the 

dataset does not contain the output variables corresponding to the input variables. Therefore, 

instead of predicting the output variable, unsupervised learning focuses on understanding the 
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relationship between the input variables and uncovering hidden patterns that can be used to create 

new labels regarding possible outputs (Theobald, 2017). 

1.1.1.3.2 Reinforcement Learning 

Reinforcement Learning works on the principle of numerical rewards and penalties (Sutton & 

Barto, 2018). The machine adjusts its response based on the feedback it receives from its 

environment in terms of rewards and penalties (Liu et al., 2020a). Reinforcement Learning works 

on a principle different from Supervised and Unsupervised Learning. Reinforcement Learning 

does not need an existing labeled data set to train the machine. Training happens through a trial-

and-error process, where the machine gets rewarded for a successful step toward task completion, 

encouraging it to take similar actions in the future. Mistakes made in Reinforcement Learning are 

penalized, discouraging the machine from taking similar actions in the future. The machine's 

objective is to maximize the rewards and minimize penalties at task completion. Theobald (2017) 

defines the working of reinforcement learning as "The goal of reinforcement learning is to achieve 

a specific goal by randomly trialing a vast number of possible input combinations and grading 

their performance". 

Table 5 summarizes each machine learning category based on how they utilize input and output 

data/variables to develop knowledge. This table is adapted from Theobald (2017). 

Table 5. Comparison of different Machine Learning categories adapted from Theobald (2017) 

Machine Learning 

Categories 

Input is 

known 

Output 

is known 

Methodology 

Supervised Learning x x 

Analyzes the relationship between given input 

and output data/variable. Utilizes the 

relationship to predict output for new inputs. 

Unsupervised 

Learning 
x  

Analyzes the given input data/variable and 

identifies the similarities between the inputs to 

cluster them together. These clusters can be 

treated as the output of the process. 
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Reinforcement 

Learning 
 x 

Randomly trails a high number of input 

variables that collectively define an 

environment to reach the desired output. 

 

1.1.1.4 Use of Machine Learning for Automation in Design Coordination 

With the advent of machine learning and artificial intelligence in the construction industry, 

research on automating construction tasks like inspections and progress monitoring (Huang & Lin, 

2019) has begun. The use of supervised learning to automate clash resolution has been explored 

and tested. Hsu et al. (2020) used supervised learning and heuristic optimization processes to 

automate the clash resolution process for the basement of a student residence. Through their 

research, they verified the feasibility and effectiveness of their proposed method. Another example 

of the implementation of machine learning can be seen in improving the clash detection process. 

Hu and Castro-Lacouture (2019) used a supervised learning algorithm to distinguish irrelevant and 

relevant clashes. Hu et al. (2019b) also used network theory to propose a holistic view of clashes 

and their dependency on surrounding elements to eliminate irrelevant clashes, filter out severe and 

complex clashes, and reduce the number of objects required to be moved to resolve clashes. Huang 

and Lin (2019) compared the accuracy of rule-based automation and supervised learning in 

automating clash classification. In their study, the rule-based automation achieved an accuracy of 

58% in classifying clashes while machine learning algorithms were able to achieve a better 

accuracy for similar classification.  

A more focused literature search by the authors is conducted using the Web of Science database 

to identify literature published in the field of automation of clash resolution using Machine 

Learning. To perform this search the authors used the following search query “TS = (("Clash 

Resolution" OR "Design Coordination") AND ("Construction Management" OR "Civil 

Engineering" OR "Construction") AND ("Automation" OR "Machine Learning" OR "Artificial 

Intelligence" OR "Supervised Learning" OR "Unsupervised Learning" OR "Reinforcement 

Learning")) OR TI = (("Clash Resolution" OR "Design Coordination") AND ("Construction 

Management" OR "Civil Engineering" OR "Construction") AND ("Automation" OR "Machine 

Learning" OR "Artificial Intelligence" OR "Supervised Learning" OR "Unsupervised Learning" 

OR "Reinforcement Learning"))  OR AB = (("Clash Resolution" OR "Design Coordination") AND 
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("Construction Management" OR "Civil Engineering" OR "Construction") AND ("Automation" 

OR "Machine Learning" OR "Artificial Intelligence" OR "Supervised Learning" OR 

"Unsupervised Learning" OR "Reinforcement Learning"))”. Based on this search the Web of 

Science database produces 7 publications leading the authors to infer that the research on the use 

of Machine Learning for Clash Resolution is in its infancy. Additionally, the term co-occurrence 

analysis of the identified literatures is also conducted using VOSviewer  (Van Eck & Waltman, 

2011) to understand the content of these literatures. While creating the word map the authors 

included words with a minimum of one occurrence in the database. Figure 10 shows the word map 

generated using VOSviewer. 

 

Figure 10. Word Map generated using VOSviewer 

Using VOSviewer it can be seen that supervised learning is commonly used to automate clash 

resolution. It can also be seen that even though these publications talk about the use of Machine 

Learning to automate clash resolution, they do not talk about the processes such as feature 

engineering and data scrubbing which are an essential part of developing a Machine Learning 

model.  
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1.1.2 Gap Analysis  

Through the literature reviewed, it can be seen that machine learning can improve design 

coordination through automated clash identification and resolution. Current research by Hsu et al. 

(2020) on the automation of clash resolution focuses mainly on the implementation of supervised 

learning. The researcher during their literature review did not find any literature on the use of 

reinforcement learning to automate the clash resolution process. 

As supervised learning requires both input variables and output variables to decipher the pattern 

between the two variables and develop a prediction model, the model's accuracy depends on the 

quality of the dataset provided during the training of supervised learning. If the training set contains 

only a certain kind of input variables, the prediction model will only have high accuracy for 

predicting the output for similar input variables. This limitation can severely affect the accuracy 

of the automated clash resolution model as the training data would have to be continuously 

extended for every project. As concluded by Huang and Lin (2019), their supervised learning 

model was developed to only classify clashes between structural and piping components as the 

training dataset was limited to clashes between these two components. To extend the machine 

learning model's effectiveness in classifying other MEP clashes, the training dataset has to be 

extended to include other MEP components. Even if a dataset includes various clash examples, 

labeling the dataset will highly rely on human expert experience and labor work (Huang & Lin, 

2019).   

Whereas, reinforcement learning develops knowledge by gaining feedback through random 

interaction with its environment in a trial-and-error fashion and leverages insights developed in 

each subsequent iteration of interaction with the environment (Theobald, 2017). The more the 

reinforcement learning model will interact with its environment, the more knowledge it will gain 

about the environment and the better decision it will make. Thus, reinforcement learning can be a 

better alternative to supervised learning for cases where significant labeled data is unavailable but 

interactions with the environment are possible, for example, the automation of clash resolution. 

However, even the most developed reinforcement learning models need several tens of millions of 

steps to find appropriate actions to solve a problem (Kangin & Pugeault, 2018).  
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Considering the limitations of both supervised learning and reinforcement learning and the need 

for improving the clash resolution process for effective design coordination, the researcher 

proposes a new automation method that combines supervised learning with reinforcement 

learning.  

There also exists limited discussion on decision-making knowledge on how industry experts 

resolve clashes. Publications focused on automating clash resolution fail to justify the use of 

specific clash factors and resolution options as features and labels. No discussion on how data for 

training a machine learning model to automate clash resolution needs to be collected, cleaned, and 

pre-processed was also identified during this literature review. Published literature also failed to 

discuss common challenges in the development of machine learning models and ways to overcome 

them.  

1.1.3 Research Question and Hypothesis 

Based on the research gaps discussed, the research focuses on answering the following questions: 

1. What factors do industry professionals consider while resolving clashes and what options 

are available to industry professionals to resolve clashes? 

2. What phases are required for the systematic development of an effective Machine Learning 

model for the automation of clash resolution? 

3. Can reinforcement learning be applied for the automation of clash resolution? 

4. Can a combined supervised-reinforcement learning approach to automate clash resolution 

provide an advantage over using supervised learning only? 

The researcher hypothesizes that by combining supervised learning (method-1) and reinforcement 

learning (method-2), we can develop an automated clash resolution method that is able to: 

i. (possible benefit of combining method-1) develop knowledge faster than the reinforcement 

learning model when implemented alone, and 

ii. (possible benefit of combining method -2) accurately predict clash resolution options, with 

limited availability of labeled training data. 



40 
 

1.1.4 Research Methodology and Dissertation Structure 

The dissertation is arranged into five chapters with each chapter focused on answering the 

mentioned research questions and building upon the knowledge of the previous chapters. A brief 

description of each chapter is as follows along with Figure 11 which details the research design: 

1. Chapter 1 Dissertation Introduction: This chapter focuses on introducing the topic of 

clash resolution and the industry’s current best practices. The chapter also discusses the 

definition of machine learning and different machine learning algorithms. A literature 

review on the current utilization of machine learning to automate clash resolution and 

research gaps and questions are also discussed in this chapter. The chapter also presents 

the basic structure of the document as well.  

2. Chapter 2 Formulation of feature and label space for machine learning algorithm: As 

presented in Figure 11 this chapter focuses on capturing current industry knowledge on 

how to resolve clashes. The objective of this chapter is to identify factors that clash, 

coordinators, consider when deciding on how to resolve clashes. These factors can then be 

utilized to serve as the features describing a clash for a machine learning model. Another 

outcome of this chapter is the identification of options the industry considers when 

resolving clashes. These options can be later utilized to define the label space of the 

machine learning model. The results of this chapter will help define the feature and label 

space of the machine learning algorithm and make the machine learning model more 

grounded in industry best practices. To achieve the objective of this chapter literature 

review of the publication focused on clash coordination and industry interviews was 

conducted. The collected knowledge was then verified by developing a common consensus 

on selected factors and options through modified Delphi. 

3. Chapter 3 Data extraction and pre-processing for machine learning: This chapter 

focuses on identifying through a literature review common challenges in developing a 

machine learning model and how to overcome these challenges. Once identified, using a 

phased approach, a machine learning model for predicting a clash resolution option for a 

given clash was developed. This model was developed using the feature and label space 

identified in the previous chapter. In this chapter, the author tests multiple supervised 

learning algorithms to identify the algorithm that can develop the best prediction model 

using supervised learning. As seen in Figure 11 the phased approach to develop a machine 
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learning model identified in this paper will be utilized in the following chapter focused on 

developing a reinforcement learning and supervised-reinforcement learning model to 

automate clash resolution. The author develops the machine learning model using machine 

learning packages available at the Scikit-learn and Anaconda platforms. 

4. Chapter 4 A supervised-reinforcement learning to automate clash resolution: Once 

the feature and label space are identified along with a phased approach to machine learning 

model development, a Deep Q-network (DQN) agent was trained using reinforcement 

learning. The development of the DQN agent includes continuous interaction with a clash-

filled Revit model. During this interaction, the agent will attempt to resolve clashes in the 

Revit model and learn from its mistakes and successes. This interaction is achieved by 

using Revit API and pyRevit plug-in. To visualize the learning of the DQN agent the 

number of clashes resolved vs the number of episodes was plotted. A non-monotonical 

increase in the graph showed that the agent is capable of learning how to resolve clashes. 

A variation of this DQN agent was also trained where knowledge of supervised learning 

will be incorporated into reinforcement learning as pre-training. The graph of this DQN 

will be compared with the DQN agent trained using reinforcement learning alone to 

identify the effect of pre-training the reinforcement learning through supervised learning. 

5. Chapter 5 Dissertation Conclusion: This chapter focuses on summarizing the findings 

and outcome of the previous chapters, and how they answer the research questions and 

gaps identified in the first chapter. 

6. Chapter 6 Limitataions and Future Work: The chapter focuses on identifying future 

research directions and highlights the limitations of this research. 
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Figure 11. Overview of Research Design 

Figure 12 shows each step involved in the chapters leading to the development of a supervised 

reinforcement learning model. 
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Figure 12. Overall Workflow of the Proposed Model 

1.1.5 Expected outcomes, contributions, and impacts 

Clash resolution, being a precise and complex process, continues to be a time-consuming, manual 

task. Recent studies have attempted to enhance the current practices in this field, employing 

machine learning to automate the process. These studies, largely using supervised learning, have 

demonstrated effective outcomes. However, they fall short in justifying their process of model 

development, specifically in their choice of features and labels. Further, they focus primarily on 

supervised learning, which relies on a substantial volume of diverse, labeled data that historically 

isn't available or recorded. 

In response to these limitations, this dissertation presents the development of a supervised 

reinforcement learning model, designed to learn clash resolution by continuously interacting with 

the Revit model. It will leverage knowledge from a supervised learning model to enhance its 

learning efficiency.  

The author anticipates this study will demonstrate the potential of reinforcement learning as a 

viable alternative to supervised learning in situations where labeled data is scarce. This study is 

expected to contribute to existing knowledge by defining a feature and label space, thereby 
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enabling the creation of explainable and effective machine learning models for clash resolution 

automation in the future. It also aims to shed light on how to establish interaction between the 

DQN agent and a Revit model for improved learning, and how reward functions can be set up to 

guide the DQN agent towards industry-standard solutions. Furthermore, the research also 

underscores the necessary steps in the development of any machine learning model. The research 

highlights challenges like class imbalance, use of categorical data, limited data availability, and 

unnormalized datasets during the development of machine learning models. Through a rigorous 

literature review, the author identifies established methods to overcome these challenges and 

implement selected methods in the development of a supervised learning model. 

Through this research, the author aims to provide the construction industry with a comprehensive 

understanding of the various aspects of machine learning, and its potential applications in data 

analysis, and automation. As the industry progresses towards Construction 4.0, this study hopes to 

aid the systematic adoption of digitization, data analytics, and automation, paving the way for an 

enhanced and efficient future in construction. 
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1.2 Investigation of Machine Learning for Clash Resolution Automation 

Conference: 57th Annual Associated Schools of Construction International Conference 

Authors: Ashit Harode, and Walid Thabet, Ph.D., CM-BIM  

1.2.1 Abstract 

Various research work has recently investigated the utilization of Machine Learning for 

automating the process of clash resolution during design review and coordination of BIM models 

on construction projects. The literature review shows that current research work focuses on using 

Supervised Learning for the automation of clash resolution. Individual implementation of 

Supervised Learning has its drawbacks. The automated model trained through Supervised 

Learning will only be able to resolve clashes similar in nature to those clashes used to train the 

model. This paper proposes a new approach that integrates Supervised and Reinforcement 

Learning to overcome these limitations. Reinforcement Learning will assist in overcoming the 

dependency of Supervised Learning on training data, while Supervised Learning will reduce the 

time for Reinforcement Learning by eliminating iteration with low rewards or illogical solutions. 

The proposed approach will be able to assist industry practitioners in resolving clashes efficiently 

and effectively.  

1.2.2 Introduction 

A major milestone in the design coordination and review process is to generate a clash-free BIM 

model of the project. Design clashes are the major cause for reduced construction productivity and 

rework leading to increased project costs (Pärn et al., 2018). The design coordination and review 

process in itself can be costly with research showing that MEP coordination accounts for 6% of 

the total MEP cost (Hu et al., 2020). An effective and efficient design review process therefore is 

required to prevent reduction in productivity and minimize or eliminate budget overruns.  

On a construction project, the general process of design review consists of several steps. First, a 

BIM coordination team will merge multiple trade models into a single file using BIM software 

such as Autodesk Navisworks. Using built-in clash detection tools, clash tests among different 

trades are conducted in a prioritized order to identify clashes. Clashes are analyzed, filtered and 

classified and then discussed during coordination meetings among project team members to find 

alternative solutions to resolve the clashes (Hu et al., 2018). This is a slow process and is highly 
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dependent on the BIM coordinator experience and the established process of resolving clashes. 

Resolving clashes is also an iterative approach, that requires making design changes and running 

clash tests multiple times until all relevant clashes are eliminated.   

One way to improve the current clash resolution process is through automation. Automated 

methods that can accurately analyze and resolve a large number of clashes need to be developed 

(Pärn et al., 2018).  Application of rule-based automation for clash resolution has been tested. 

However, developing rule-based automation systems are time-consuming, and their effectiveness 

depends on the number of rules defined (Huang & Lin, 2019). One alternative solution to rule-

based automation is the implementation of Machine Learning. 

Machine Learning is a branch of computer science that relates to how machines can learn to self-

perform tasks similar to humans without explicit coding (Huang & Lin, 2019). Based on how 

knowledge is transferred to the machine, machine learning can be divided into supervised learning, 

unsupervised learning, and reinforcement learning (Theobald, 2017). With multiple machine 

learning processes available to impart knowledge to the machine, complex, repetitive, and time-

consuming construction tasks can be effectively and efficiently automated. Recent research on the 

automation of clash classification and resolution using machine learning has also been conducted. 

Hsu, et.al, 2020 used supervised learning to automate the clash resolution of MEP for the basement 

of student residence (Hsu et al., 2020). Huang and Lin, 2019 worked on comparing the accuracy 

of rule-based automation and supervised learning in automating the clash classification task 

(Huang & Lin, 2019). 

Though current research shows promising results towards the automation of clash resolution, there 

are limitations to the methods currently being adopted for the automation of clash resolution. These 

limitations can be attributed to the selection of machine learning process adopted for automation. 

As most of the current research on the use of machine learning for automation of clash resolution 

process focuses only on the use of supervised learning, this paper has two main objectives: 

1. Identifying the shortcomings of current clash resolution automation approaches that use 

supervised machine learning only. 

2. Propose a framework for a new approach to automate clash resolution using an integrated 

Supervised and Reinforcement Learning method for better automation. 
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The following sections will discuss the clash coordination process, different machine learning 

methods, the existing work done in the field of automation in construction, and drawbacks of the 

current methodology adopted for the automation of clash resolution process. The paper concludes 

with providing a methodology for developing a new machine learning model for automation of 

clash resolution. 

1.2.3 Clash Coordination 

Design clashes can often be attributed to factors like incorrect level of detail, design complexity, 

design errors or lack of accuracy due to deadline constraints (Akponeware & Adamu, 2017). 

Software platforms such as Autodesk Navisworks enables BIM coordinators to automatically 

identify clashes in a federated model. Once clashes are identified, they are analyzed and classified 

as either relevant or irrelevant clashes based on their impact on the project (Tommelein & Gholami, 

2012). Classification of clashes is an important step in clash management because individually 

reviewing all clashes during coordination meetings is time-consuming and will waste meeting time 

and reduce trust of project participants in BIM (Hu et al., 2018). Relevant and irrelevant clashes 

can be further divided into true-positive clashes, false-positive clashes, and false-negative clashes 

(Leite, 2020). This categorization is based on whether the clash is relevant or not and whether it 

was identified in the clash identification process. 

1. True-Positive clashes are the clashes that are relevant and were identified as clashes in the 

clash identification process. 

2. False-Positive clashes are the clashes that are considered irrelevant as they do not cause 

loss of productivity or are duplicate clashes and are identified as clashes in the clash 

identification process. 

3. False-Negative clashes are the clashes that are relevant and were not identified as clashes 

in the clash identification process due to human error in manual clash identification or 

modeling error/limitation leading to missing elements that would have resulted in a clash 

in automatic clash identification. 

Despite efforts to automate clash identification through software, classifying clashes as relevant 

or irrelevant and standardizing the priority for clash resolution, the manual process of clash 

resolution remains slow (Hsu et al., 2020). One factor could be that BIM coordinators need to be 

meticulous in the clash resolution process to make sure that the process does not generate new 
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clashes or violates any design restrictions. This attention to detail requires time to resolve clashes. 

Another factor contributing to the slow clash resolution process can be that multiple iterations of 

the design model need to be generated with every subsequent coordination meeting to capture the 

design changes made to resolve clashes.  Time delays in the clash resolution process often increase 

with the increase in the number of clashes (Lee & Kim, 2014). As slow decision-making process 

is a major contributor to project delays (Arantes et al., 2015), there is an immediate need to improve 

the manual clash resolution process. One way to overcome these challenges is through automation 

of clash resolution using Machine Learning. 

1.2.4 Machine Learning 

Machine Learning is a branch of computer science that focuses on imparting knowledge to the 

machines to self-perform tasks (Huang & Lin, 2019). The process of imparting knowledge or 

knowledge modeling in Machine Learning can be divided into two main steps. Step one includes 

training the machine learning model, and step two involves testing the trained machine learning 

model. Data is collected to train the machine learning model in a specific domain. Once the model 

is trained the accuracy of model to automate the task is analyzed using the training data. The model 

is then adjusted until the desired accuracy is obtained. 

Based on the method used to impart knowledge to the machine, Machine Learning can be divided 

into three categories: (1) Supervised Learning; (2) Unsupervised Learning; and (3) Reinforcement 

Learning. 

1.2.4.1 Supervised and Unsupervised Learning 

During the training phase of Supervised Learning, the machine learning model is provided with 

both descriptions for each data instance in a training dataset, called features and the corresponding 

values for the data instance that needs to be predicted, called labels. The features and labels act as 

the prior knowledge provided to the machine learning model. During the training step the machine 

learning model develops a relationship between the features and labels. During the testing step the 

machine learning model is provided only with the features for each of the testing data instances. 

Using the relationship developed in the training step and the given features from the testing data, 

the machine tries to predict the labels for the data instances. The accuracy of the model is defined 

as the percentage of labels that were predicted correctly by the model. 
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In Unsupervised learning the machine learning model is only provided with features and no labels. 

As Unsupervised Learning focuses on analyzing relationship between features (Theobald, 2017) 

it can be useful in cases where labels for the data are unknown and the objective of the machine 

learning model is to analyze the data distribution. 

1.2.4.2 Reinforcement Learning 

Unlike supervised learning, a reinforcement learning machine learning model is not provided with 

explicit prior knowledge. Rather the machine learning model is allowed to explore its environment 

freely and gather knowledge based on its success and failure in making predictions. The machine 

learning model can then utilize the knowledge collected to improve its accuracy and improve its 

interaction with its environment. For each successful interaction with the environment, the 

machine is given a numerical reward to encourage similar interaction in the future. For each 

unsuccessful interaction with the environment, a numerical penalty is assigned to discourage 

similar interactions in the future. 

A reinforcement learning model has five components: (1) Agent: the learner and decision maker, 

(2) Environment: everything the agent interacts with and is external to the agent, (3) Actions: 

interactions the agent makes with the environment, (4) State of the Environment: each 

representation of the environment, and (5) Reward: numerical value given to the agent based on 

how beneficial the actions taken by the agent is for task completion (Sutton & Barto, 2018).  

During the reinforcement learning process the agent analyzes the current state (St) of the 

environment at any given time t and takes an action (at). Based on the action taken by the agent, 

the state of the environment changes from St to St+1. The agent also receives a numerical reward 

(Rt) based on the success of the action. This iterative loop continues until the agent learns to 

respond to the states with actions that maximize the total reward received by the agent at the end 

of each training. In reinforcement learning the action (a) taken by the agent for a state (s) of the 

environment is determined by a policy function (π). Formally, a policy function maps states of an 

environment to the probabilities of selecting each passible action. Therefore, a policy function 

π(a|S) is equal to the probability of selecting action (a) given the state S of the environment (Sutton 

& Barto, 2018). 
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During reinforcement learning the focus is on optimizing this policy function to improve the agent 

response to the states of the environment. With each iteration of the reinforcement learning loop, 

the policy function improves. Let’s denote the improved policy function as π’. The loop is iterated 

until the total reward obtained by the agent at the end of each loop becomes constant and no 

increase is seen in the total rewards for any subsequent iterations. The constant reward observed 

signifies that the agent has achieved the most optimal policy function (π*). 

1.2.5 Review of Literature on Automation of Clash Resolution 

Literature review using Elsevier’s Scopus database was conducted to identify current research 

work focused on automation of Clash Resolution using Machine Learning. To ensure that the 

research is current, only refereed manuscripts published since 2015 were considered for the 

literature review. Hu, Y., Castro-Lacouture, D., Eastman, C. M., & Navathe, S. B. (2020) used 

Supervised Learning, and simulated annealing as the optimization process, to create an artificial 

intelligence system for automatic design resolution of MEP for the basement of student residence. 

Huang, Y.-H., & Lin, W. Y. (2019, May 24) conducted research to automate classification of 

design conflicts using Supervised Learning. The research found that the classifier trained using 

Supervised Learning is more accurate than using a rule-based system in predicting the type of 

clash. Liu, J., Liu, P., Feng, L., Wu, W., Li, D., & Chen, F. (2020) utilized Q-Learning, a model 

free reinforcement learning, to reduce the average rebar design time in reinforced concrete 

members by 90% by automating the rebar design process.  

It can be seen from the current research that the implementation of machine learning to automate 

construction tasks has proven to generate better results compared to performing the tasks manually. 

It should also be noted that as more data for training the machine learning model becomes available 

through the use of laser scanners, machine vision, sensors, and building information modelling 

(Pärn et al., 2018), machine learning models will become more accurate and efficient.  

Though examples of machine learning methods discussed in this section to automate construction 

tasks have shown great accuracy, more research is needed to continue the optimization of machine 

learning in construction. This optimization can be focused on overcoming the drawbacks of 

currently used machine learning models. For example, there are two drawbacks to the machine 

learning models currently adopted for the automatic clash resolution: 
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1. Kangin, D., & Pugeault, N. (2018) realized that while using supervised learning, 

knowledge of the model is restricted to the quantity and quality of data. Therefore, a 

large quantity of data is required to train an automated clash resolution model using 

supervised learning.  

2. Huang, Y.-H., & Lin, W. Y. (2019, May 24) concluded that a model trained using 

supervised learning can only be used to resolve clashes similar to the clash data 

provided to train the machine learning model. The clash data set needs to be extended 

to be able to resolve a wide variety of clashes.  

1.2.6 Proposed New Methodology for Using Integrated Supervised and Reinforcement Learning 

for Clash Resolution   

Inspired by Kangin, D., & Pugeault, N. (2018) combined Supervised–Reinforcement Learning 

approach, this paper proposes a methodology to develop a new model for clash resolution that 

aims at using supervised learning to pre-train the reinforcement learning model. This pre-training 

will help in avoiding exploration of actions that will result in penalties or smaller rewards if 

Reinforcement Learning is used independently. The pre-training will also prevent reinforcement 

learning from exploring options that will not result in meaningful results. This will allow reducing 

the overall steps in reinforcement learning. The use of Reinforcement Learning will also help in 

expanding the knowledge by allowing the model to continue learning from its correct and wrong 

actions. 

Figure 13 shows a diagrammatic representation of the methodology adopted to develop the 

proposed model. The methodology is divided into two parts. Each part includes several steps for 

developing an intergraded supervised reinforcement learning model. 



52 
 

 

Figure 13. Proposed Integrated Supervised - Reinforcement Learning Model 

Part 1: Pre-Training and Supervised Learning Model 

1.1 Clash Resolution and Data Collection:  Data is collected after interviewing industry 

professionals to capture their input on possible clash resolution alternative solutions 

based on examples of clashes provided to them using different case studies. 

1.2 Supervised Learning to develop feature-label relationship: The collected data is then 

used to train the supervised learning model. The training of supervised learning model 

will result in the formulation of a relationship between the features (clash information) 

and labels (clash resolution guideline).  

Part 2: Reinforcement Learning Model 

2.1 Initializing policy function (π) using feature-label relationship: The relationship 

between features and labels established in part 1 will act as the initial policy function 

(π) for the reinforcement learning agent. 

2.2 State St: In the first iteration of reinforcement learning, reinforcement learning agent 

will receive state St from the environment which is the 3D BIM model of a building. 

2.3 Action at: Using the initial policy function generated in step 2.1 and the state St the 

agent will take the action (at) 

2.4 Changing from state St: The action at will act on the current state St of the environment. 
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2.5 Changing to state St+1: The action at will change the state St of the environment to the 

state St+1. 

2.6 Reward Rt: Based on how desirable the new state St+1 is to the clash resolution; the 

agent will receive the reward Rt. 

Based on the reward Rt, the agent will update the policy function (π). Using new policy function 

(π’) and the new state St+1, the reinforcement learning agent will again take a new action. This 

reinforcement learning iterative loop will continue to run until the reinforcement learning agent 

will learn an optimal policy function (π*). This optimal policy function (π*) will be used to resolve 

clashes by the agent.  

In the following section the two parts of the methodology will be discussed in detail. 

1.2.5.1 Pre-Training and Supervised Learning Model 

The supervised learning model of the proposed framework will be used to develop an initial 

relationship between clash information (features) and proposed solution guidelines for clash 

resolution (labels).  

To train the supervised learning model, data for clash resolution will be gathered by interviewing 

industry professionals. The interviews will include examples of clashes along with details for the 

clashes, such as clashing system type, the distance of the clash from the edge of the elements 

involved in the clash, and type of clash. The respondents will then be asked to suggest possible 

actions to resolve the clashes in terms of what system or element (revised system or element) needs 

to be revised to resolve the clashes and what changes to the system or element will resolve the 

clash.  

The data gathered through the interviews will act as the existing knowledge and will be used to 

train the supervised learning model. The supervised learning model will then predict the 

relationship between the features and labels. This relationship will form the bases of pre-training 

the reinforcement learning model. 

1.2.5.2 Reinforcement Learning Model 

The goal of reinforcement learning is to find the optimum policy function that can maximize the 

total reward an agent can receive while interacting with its environment. To achieve this, the 
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reinforcement learning model starts with a random initial policy function and keeps improving this 

policy until it achieves the optimum policy. As this will be an iterative process of agent interacting 

with its environment, the number of iterations will increase with the increase in the complexity of 

the problem. 

For example, a reinforcement learning model to resolve a clash between a beam and a duct in a 

building will have the 3D model of the building as its environment, the clash and clash information 

as the state of the environment and will start with a random initial policy function. This random 

initial policy function (π) can be, “there is an equal probability that moving the duct up, down, left, 

or right will resolve the clash”. Based on this policy function the agent thinks that moving the duct 

in any direction will resolve the clash. Therefore, the agent will randomly pick a direction and 

move the duct in that direction for the first iteration. Let’s say the duct was moved up. If the clash 

is resolved the agent receives a reward and the probability of selecting the direction up to resolve 

similar clashes is increased in the new policy (π’). If the clash still exists after moving the duct up 

or if a new clash is created the agent will receive a penalty and the probability of selecting the up 

direction to resolve similar clashes is therefore decreased in the new policy (π’). After multiple 

iterations are made by the agent to resolve the different clashes in the model, the probabilities to 

move the ducts in different directions based on the clash information will keep improving, hence 

improving the total rewards the agent can receive at the end of each iteration. The policy function 

that generates the maximum total reward is the optimal policy function (π*) to resolve the clash. 

This policy would be used by the model agent to resolve subsequent clashes. 

For the proposed integrated Supervised and Reinforcement Learning model, the states of the 

environment in reinforcement learning can be thought of as similar to the clash information used 

as features in supervised learning and actions in reinforcement learning can be thought of as the 

guidelines for resolving the clashes. Hence, the reinforcement learning problem for clash 

resolution automation can be defined as identification of an optimal policy function (π*) that maps 

the given clash information (state) to the probabilities of clash resolution guidelines such that the 

agent receives the maximum rewards after all the clashes are resolved. 

In the proposed model, instead of selecting a random initial policy function to map states to actions, 

relationship developed between the clash information (features) and clash resolution guideline 

(labels) in supervised learning training can be used. This relationship will provide a much robust 
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initial policy function for reinforcement learning. As this initial policy will be developed using 

data collected from the industry this will prevent the agent from selecting low rewards and illogical 

actions from the first iteration of reinforcement learning. This in turn will also reduce the number 

of iterations required to achieve the optimal policy function.  

The reinforcement learning model will continue optimizing the initial policy function (relationship 

developed using supervised learning) with each iteration. Therefore, the final policy will be able 

to perform better than the relationship developed by a supervised learning model alone. 

The reinforcement model will be trained using an algorithm that will learn through interacting with 

the actual environment. In reinforcement learning these algorithms are called model free 

algorithms as they gain knowledge by interacting with the actual environment rather than a 

simulation/model of the environment. 

For the development and implementation of the reinforcement model, the reinforcement learning 

algorithm will be allowed to interact iteratively with a Revit model. Using the Revit model, the 

algorithm will make attempts in an iterative fashion to resolve clashes present in the model. With 

each iterative interaction, the reinforcement model will develop knowledge on the most effective 

ways to resolve the clashes. This process will become the part of training the reinforcement 

learning to resolve clashes. Once the training for the reinforcement learning model is completed, 

the reinforcement learning model can be used to automate the clash resolution for other Revit 

models using the knowledge gained during training.  

1.2.7 Conclusion 

Existing literature for automating clash resolution using machine learning focuses on using 

Supervised Learning only. The effectiveness of Supervised Learning depends on the quality of 

data defined during the training phase. This paper proposes a new approach that integrates 

Supervised and Reinforcement Learning to develop an automated clash resolution model that can 

learn faster than traditional stand-alone Reinforcement Learning and create its policies for clash 

resolution, an advantage over conventional Supervised Learning. In the proposed integrated 

model, Supervised Learning will be used to pre-train the reinforcement learning model. Because 

of the pre-training, the reinforcement learning model will start with a random policy based on the 

relationship between features and labels provided by the supervised model and established through 
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industry practitioners’ knowledge. The research anticipates that the number of iterations required 

to reach an optimal policy function will also be reduced due to pre training. 

The proposed model can be further improved with the addition of a rule-based model that can 

check if the clash resolution proposed by the model satisfies design standards and code 

requirements. This way the proposed solution for resolving the clash is verified against design and 

code regulations before implementation. As the use of rule-based model to verify the correctness 

of clash resolution as per design standards and code is out of the scope of this paper, specification 

on how the rule-based model would be developed and implemented is not discussed. The authors 

understand the importance and value of such a rule-based model and plan to discuss it in future 

publications. 
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1.3 An Integrated Supervised – Reinforcement Machine Learning Approach for 

Automated Clash Resolution 

Conference: Construction Research Congress 2022 

Authors: Ashit Harode, Walid Thabet, Ph.D., CM-BIM, and Xinghua Gao, Ph.D.  

1.3.1 Abstract 

During design coordination, identified relevant clashes are discussed in detail, and design changes 

and modifications are made to resolve the clashes prior to the construction. Currently, clash 

resolution is a slow manual process. Recent research focused on using supervised machine learning 

to automate the clash resolution process shows potential results to improve the efficiency and 

effectiveness of clash resolution. However, the model trained using supervised learning is limited 

in its effectiveness by the quality of training data provided. To overcome this limitation, the paper 

proposes a machine learning method that integrates supervised and reinforcement learning. In the 

proposed model, supervised learning will be used to establish the initial relationship between the 

clash information and the clash resolution decision. This relationship will act as pre-training for 

reinforcement learning, which will improve the relationship with subsequent iterations of the 

learning process, generating a more effective clash resolution policy than the initial relationship.  

1.3.2 Introduction 

Timely completion of design coordination during the construction phase is critical to minimize 

rework, avoid delays, and reduce cost. The general process of design coordination consists of 

several steps; after receiving trade and A/E component models, a BIM coordinator uploads and 

aggregates the models into a single federated model using BIM software such as Autodesk 

Navisworks. Using built-in clash detection tools, clash tests are conducted, and clashes are 

identified and grouped. The identified clashes are then categorized as relevant or irrelevant clashes 

based on their impact on the project. The relevant clashes are presented and discussed during 

coordination meetings to allow the project team to resolve these clashes (Hu et al., 2020) based on 

building system priority. These clashes are currently resolved manually and typically take multiple 

coordination meetings and many iterations of design review and modification to be resolved. 

Clash resolution remains a slow process even after the application of software such as Navisworks 

for clash identification, classifying clashes as relevant and irrelevant, and standardizing the 
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building system priority for clash resolution  (Hsu et al., 2020). This can be due to the fact that 

acute knowledge difference exists between the BIM experts and engineers/contractors, leading to 

multiple meetings to generate a clash-free model (Hu & Castro-Lacouture, 2019). Another factor 

that can lead to a slower clash resolution process is that BIM coordinators need to be meticulous 

in their process, as relocating one element of a clash can either directly generate another clash or 

can indirectly generate a clash by violating the space constraints of other elements. These time 

delays with the clash resolution process often increase with the increase in the number of clashes 

(Lee & Kim, 2014). There is an immediate need to improve the manual clash resolution process, 

as a slow decision-making process is a major contributor to project delays (Arantes et al., 2015). 

The use of supervised learning to automate clash resolution has been studied and has shown 

promising results as a faster way to automate clash resolution. There is, however, a limitation to 

the use of supervised learning for automation. The accuracy and effectiveness of supervised 

learning are dependent on data provided during the learning process. This limitation can be 

overcome by using reinforcement learning to train the model. Reinforcement learning focuses on 

developing knowledge by interacting with its environment in a trial-and-error fashion and learning 

from its mistakes and achievements. However, as Reinforcement learning develops knowledge 

through trial and error, the model is likely to generate illogical solutions or low reward solutions 

initially. This will increase the time required to develop knowledge for complex tasks. The time 

required to develop knowledge through reinforcement learning can overshadow the utility of 

reinforcement learning in automating tasks. 

Provided the advantages and the limitations of supervised and reinforcement learning, this paper 

proposes a combined supervised and reinforcement learning method to automate clash resolution. 

The following section presents a brief background on the current industry practice for clash 

resolution, followed by the literature review on the use of machine learning for design coordination 

and the scope of this study. We will then provide a theoretical framework for implementing the 

proposed model and conclude with a discussion on future research scope and conclusion. 

1.3.3 Clash Resolution Current Practices 

Design clashes can often be attributed to one or more of the following factors (Akponeware & 

Adamu, 2017): incorrect level of detail, design uncertainties leading to the use of placeholder 
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elements, loss of accuracy due to deadline constraints, design complexity, lack of coordination 

while preparing BIM models, and design errors. 

Based on their nature of existence, clashes are identified as a ‘hard clash,’ ‘soft clash,’ or ‘time 

clash’ (Tommelein & Gholami, 2012). Once the clashes are identified, hard and soft clashes are 

classified as either relevant or irrelevant based on their impact on the project (Tommelein & 

Gholami, 2012). This is an important step in clash management because individually reviewing all 

the clashes is time-consuming and presenting irrelevant clashes in coordination meetings will 

waste project time and reduce the trust of project participants in BIM (Hu & Castro-Lacouture, 

2019).  

Once clashes are identified and classified, the BIM coordinator often uses a priority matrix to 

resolve clashes among trades involved. This priority matrix helps BIM coordinators decide which 

element involved in a clash needs to move and which element will remain stationary based on 

priorities. Lee and Kim (2014) defined priority based on three key phrases: “outside to inside” Ή 

clashes are resolved starting from outside of the building to its inside; “large to small” Ή Elements 

that occupy more space and are hard to move are resolved first; “hard constraints to soft 

constraints” Ή clashing elements with mandatory constraints on their location need to be resolved 

first (Lee & Kim, 2014). Based on the priority of elements in the matrix, elements are moved in 

the BIM model to resolve clashes. Before moving the elements, it is necessary to consider the 

elements surrounding the clash. This consideration is important to avoid creating new clashes in 

the model or avoid violating the space constraints of other elements.  

During the clash resolution process, multiple rounds of coordination meetings and model revisions 

occur between different trades. These coordination meeting though necessary to generate a clash-

free model, increases the overall design coordination process. Therefore, to avoid delays to the 

project due to slow design coordination, the current practice of clash resolution needs to be 

improved.  

One way to improve the clash resolution process is using automation and machine learning. 

Machine learning can capture the existing knowledge for clash resolution and provide automated 

clash resolution decisions for clashes. The next section presents an overview of different categories 
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of machine learning and a review of current research implementation of machine learning for clash 

resolution and clash classification. 

1.3.4 Using Machine Learning For Design Coordination 

Machine learning is a subfield of computer science that focuses on imparting the ability to learn 

in computers without explicit programming (Theobald, 2017). Machine learning can be classified 

into three categories based on the learning process: Supervised Learning, Unsupervised Learning, 

and Reinforcement Learning. 

Supervised learning focuses on learning from labeled datasets by determining patterns between 

input variables and their known output variables. Unsupervised learning uses unlabeled datasets 

to train the machine. The dataset does not contain the output variables for their corresponding input 

variables. Therefore, unsupervised learning focuses on uncovering hidden patterns between the 

input variables (Theobald, 2017). 

Reinforcement Learning works on the principle of numerical rewards and penalties (Sutton & 

Barto, 2018). The machine adjusts its response based on the feedback from its environment in 

terms of rewards and penalties (Liu et al., 2020b). Reinforcement Learning does not need an 

existing data set to train the machine. Training happens in terms of trials and errors, where the 

machine gets rewarded for a successful step towards task completion, encouraging it to take similar 

actions in the future. 

With the advent of machine learning and artificial intelligence in the construction industry, the use 

of supervised learning to automate clash resolution has been explored and tested. Hsu et al. (2020) 

used supervised learning and heuristic optimization processes to automate the clash resolution 

process for a basement of student residence. Through their research, they verified the feasibility 

and the effectiveness of their proposed method. Another example of the implementation of 

machine learning can be Hu and Castro-Lacouture (2019) use of supervised learning algorithms to 

distinguish irrelevant and relevant clashes. Hu et al. (2020) also used network theory to propose a 

holistic view of clashes and their dependency with surrounding elements in order to eliminate 

irrelevant clashes, filter out severe and complex clashes, and reduce the number of objects required 

to be moved to resolve clashes. Huang and Lin (2019) compared the accuracy of rule-based 

automation to supervised learning in automating the clash classification. 
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Based on the literature reviewed, it is realized that the automation of clash resolution has focused 

mainly on the implementation of supervised learning. As supervised learning requires both input 

and output variables to decipher the pattern between the two variables and develop a prediction 

model, the model’s accuracy depends on the quality of the dataset provided during the training of 

supervised learning. If the training set contains only a certain kind of input variables, the prediction 

model will only have high accuracy for predicting the output for similar input variables. This 

limitation can severely affect the accuracy of the automated clash resolution model as the training 

data would have to be continuously extended for every project (Huang & Lin, 2019). In contrast, 

the accuracy of reinforcement learning does not depend on the dataset provided. Instead, the 

accuracy is dependent on its interaction with the environment. The more the reinforcement 

learning model will interact with its environment, the more knowledge it will gain about the 

environment and the better the decisions it will be able to make. However, even the most developed 

reinforcement learning models need several tens of millions of steps to find appropriate actions to 

solve a problem (Kangin & Pugeault, 2018) . 

Considering the limitations of supervised learning and reinforcement learning, this paper proposes 

a new method that combines supervised and reinforcement learning. The authors hypothesize that 

this new method would facilitate faster learning than that achieved when using reinforcement 

learning alone and would not be limited in performance by the dataset provided during training 

when using supervised learning alone. 

1.3.5 Proposed Combined Supervised-Reinforcement Learning Approach For Clash Resolution 

Automation 

The combined Supervised-Reinforcement learning proposed in this paper is inspired by (Kangin 

& Pugeault, 2018). In their paper, Kangin & Pugeault used supervised learning to perform an initial 

approximation for the reinforcement learning model. This constitutes pre-training of reinforcement 

learning, which aims to reduce decisions made by the reinforcement learning model that results in 

small rewards or illogical solutions.  The proposed machine learning model is hypothesized to be 

more effective in automating the clash resolution task than individually implementing either 

supervised or reinforcement learning. In the proposed model, reinforcement learning will help 

mitigate the dependency of supervised learning on the dataset, while supervised learning will act 

as a pre-training to the reinforcement learning model and hence reduce the number of steps 
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required by reinforcement learning to find the appropriate solution. The proposed model is divided 

into two steps.  

1.3.5.1 Step 1: Supervised Learning for Pre-Training 

In this step, supervised learning will be used to identify patterns between clash information and 

clash resolution decisions. A dataset containing clash information for pre-identified clashes will 

be provided to industry professionals to collect clash resolution decisions for the clashes based on 

industry experiences. This dataset will act as a training dataset for supervised learning with clash 

information as the input variables and clash resolution decisions as the output variables. Figure 14 

shows the workflow of step-1 of the proposed model.  

 

 

Figure 14. Supervised Learning for the Proposed Model 

Table 6 shows an example of data that will be collected through interviewing or surveying industry 

professionals. Using an excel sheet, data will be collected on clash resolution decisions for multiple 

example clashes. The example clashes will involve different trades and multiple federated models 

to ensure the diversity of data collected. In the excel sheet, column headings under ‘Clash 

Information’ are considered as the input variable for supervised learning. These headings are 

selected based on the literature review and are populated by the authors based on the clash tests 

performed. For the output variables of supervised learning, common clash resolution decisions 

were selected as headings based on the literature review till now. Industry professionals will be 

provided with the excel sheet containing multiple clashes and their respective input variables 

populated during the survey. Industry professionals will then be asked to indicate which output 

variable will most likely resolve the clash by putting the ‘x’ marker in the corresponding cell. 

Table 6. Example of data collected through interview and survey 

Clash 1: 
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Clash Information (INPUT Variable) 

Clash Element 1 Clash Element 2 
System 

Priority Element 
Revit 

Category 
Orientation Element 

Revit 

Category 
Orientation 

Rectangular 

Duct 
Ducts Vertical 

W-Wide 

Flange 

Structural 

Framing 
Horizontal 

Structural 

Framing 

Clash Resolution Decision (OUTPUT Variable) 

Moving Elements Changing 
Rerouting 

Up Down Left Right Length Slope 

   X    

 

Once data is collected, it will be modified to match a format suitable for supervised learning 

algorithms. Based on the numerous data points provided, supervised learning will develop a 

formula (probabilistic model) that can calculate for a given set of values of clash information the 

probability of selecting each clash resolution decision and leading to a successful clash resolution. 

To predict the clash resolution decision for a new clash, using the probabilistic model developed, 

supervised learning will calculate the probability with which each output variable (clash resolution 

decision) is likely to resolve the clash. The model will then select the clash resolution decision 

with the highest probability to resolve the given clash. The following example can be discussed to 

elaborate on the working of the probabilistic model generated through supervised learning. 

Table 7. Example of the probabilities calculated for a clash using a probabilistic model 

developed through supervised learning 

Clash Information (INPUT Variable) 

Clash Element 1 Clash Element 2 
System 

Priority Element 
Revit 

Category 
Orientation Element 

Revit 

Category 
Orientation 

Air 

Handling 

Unit 

Mechanical 

Equipment 
Horizontal 

Electrical 

Panel 

Electrical 

Equipment 
Vertical 

Mechanical 

Equipment 

Calculated Probabilities 
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Moving Elements Changing 
Rerouting 

Up Down Left Right Length Slope 

0.02 0.08 0.6 0.2 0.01 0 0.09 

 

After a probabilistic model is developed using the collected data and supervised learning, the 

model was used to predict the clash resolution decision for a clash. Table 7 shows an example of 

the clash information for the given clash and the respective calculated probabilities for the clash 

resolution decisions. The highest probability was generated for moving the element to the left, and 

the mechanical element had a higher building system priority. Therefore, it was predicted that 

moving the electric panel to the left may resolve the clash. 

The probabilistic model generated using supervised learning works similarly to the policy function 

for reinforcement learning. Therefore, the probabilistic model will be substituted as the initial 

policy function for reinforcement learning in the next step.   

1.3.5.2 Step 2: Reinforcement Learning Model 

 

 

Figure 15. Reinforcement Learning Model 

The reinforcement learning model has five major elements: Agent, Environment, Action, State, 

and Reward. Figure 15 shows the interaction of the five components of reinforcement learning to 

develop knowledge. At each time step t, the agent receives a state St from the environment 

representing the environment. Based on St, the agent takes action At which is acted upon the 

environment and move the interaction to the next time step t+1. Based on the action At by the 

agent, the environment moves to the new state St+1 in time step t+1 and receives a reward Rt+1.  The 

agent tries to maximize over time the cumulative reward by trying to choose the correct action  
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(Sutton & Barto, 2018). To summarize, the sequence of agent–environment interaction can be 

represented as: 

𝑆0, 𝐴0, 𝑅1, 𝑆1, 𝐴1, 𝑅2, 𝑆2, 𝐴2, 𝑅3, 𝑆3, 𝐴3, 𝑅4, … … .. 

A policy function π determines the actions taken by the agent. Formally, it can be said that a policy 

function maps states of the environment to the probability of selecting each possible action. If the 

agent is following policy π at time t, then π(a|s) is the probability that the agent will take action At 

= a given state St = s of the environment. Reinforcement learning aims to iteratively improve this 

policy function and achieve an optimal policy π* that maximizes the cumulative reward. This 

cumulative reward can be calculated as a value function 𝑣𝜋(𝑠), which denotes the cumulative 

reward when starting from a state s and following policy function π thereafter.  

These value functions are important in reinforcement learning as they define the order of policies 

generated by reinforcement learning. A policy π is considered better than its preceding policy π’ 

if the cumulative reward from policy π is greater than cumulative reward policy π’, which means 

π ≥ π’ if and only if vπ(s) ≥ vπ’(s) (Sutton & Barto, 2018). Based on this, an optimal policy π* is 

achieved by the reinforcement learning agent when no increase in the cumulative reward is 

observed for any succeeding policies. 

Using the Bellman equation, the value function can be expressed as a relationship between the 

value of a state and the values of its successor states. Where s is the current state, s’ is the successor 

state, r is the reward achieved by moving from state s to s’, a is the action taken, and γ is the 

discount rate with value 0 ≤ γ ≤ 1. The discount rate determines the current value of future rewards 

(Sutton & Barto, 2018). 

𝑣π(𝑠) = ∑ π(𝑎|𝑠) ∑ 𝑝(𝑠′, 𝑟|𝑠, 𝑎)[𝑟 + γ𝑣π(𝑠′)]

𝑠′,𝑟𝑎

,  𝑓𝑜𝑟 𝑎𝑙𝑙 𝑠 ∈ 𝑆 

Before discussing reinforcement learning to improve the initial probabilistic model generated 

through supervised learning in step 1, a problem statement needs to be defined to better understand 

the different components of reinforcement learning for clash resolution. 

Problem Statement: The goal of the agent (machine learning algorithm responsible for making 

decisions) is to achieve a clash-free model for the provided environment (BIM model). The state 
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of the environment (numbers of clashes at a given time) is defined along with clash information 

for each clash, with the final state as the clash-free model. To reach the final state, the agent needs 

to decrease the number of clashes by selecting the appropriate clash resolution decision (action) 

for each clash. The agent can move from one clash to the next only after resolving the current 

clash. Each time step the agent does not decrease the number of clashes, it receives a penalty of ‘-

1’, resolving clashes and changing the state does not reward or penalize the agent, and the agent 

only receives a reward of ‘+1’ when it resolves all the clashes or reached the final state.  

Figure 16 shows how through multiple iterations, the reinforcement learning model will improve 

the prediction model. Each iteration can be divided into three steps: (1) Initialization, (2) Policy 

Evaluation, and (3) Policy Improvement. This three-step iterative process is also known as “Policy 

Iteration.” 

Initialization: In the initialization step, the value function for all states of the environment is 

initialized arbitrarily. The policy function is initialized using the probabilistic model developed 

through supervised learning. This policy function is later evaluated and improved for each iteration 

of reinforcement learning to identify the optimum policy function. The initialization step only 

occurs in the first iteration of the learning process. To generate a clash-free model, all the states 

leading to the generation of the clash-free model are assigned values equal to zero initially. 
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Figure 16. Reinforcement Learning for the Proposed Model 

Policy Evaluation: In this step, new value functions for all the states are calculated using the 

Bellman equation and the initial policy function. These new value functions are then compared 

with previous value functions to check if the value function improves with each subsequent 

iteration of the reinforcement learning. Once no significant improvement is observed in the value 

function for each state, reinforcement learning moves to the next step.  

Continuing with our problem statement of achieving a clash-free model through reinforcement 

learning. In the first iteration, the reinforcement learning model will try to resolve all the clashes 

present in the model using the probabilistic model developed in step-1 (initial policy function). 

Using Bellman Equation, probability of choosing clash resolution decision based on the 

probabilistic model, and rewards received for each state, the value function of each state will be 

updated. The higher the value function of a state, the more beneficial it is towards achieving the 

goal. Let’s assume that the example shown in table 8 is one of the clashes that need to be resolved 

to achieve a clash-free model. Using the initial policy function, it is predicted that moving the 



68 
 

electrical panel to the left might resolve the clash. Unfortunately, the clash is not resolved, and a 

penalty of -1 is achieved. Using Bellman equation and the penalty, the value function of the current 

state is updated equal to -0.6. The agent will then attempt to resolve the clash using the clash 

resolution decision with the second-highest probability, i.e., moving the electrical panel to the 

right. This time the clash is resolved, and a reward of 0 is achieved. The value function of this state 

is updated equal to 0, and the agent moves on to resolve the next clash. This process is repeated 

for each clash updating the value function for all the states.  Once a clash-free model is achieved, 

the environment is reset to its initial state. Using the same policy function, the value for each state 

is calculated again and updated. This process is repeated until no significant improvement in the 

value functions of all the states of the environment is noticed. The final value function of each 

state in this step becomes the initial value function of states for the next iteration.  

Policy Improvement: Based on the final value function achieved in the policy evaluation step, 

the policy function is improved.  

In the policy evaluation step, the value function for our example clash after moving the electrical 

panel to the left (𝑣𝜋(𝑙𝑒𝑓𝑡) = −0.6) and to the right (𝑣𝜋(𝑟𝑖𝑔ℎ𝑡)  =  0) was calculated. The initial 

policy function suggested moving the electrical panel to the left to resolve the clash. But as 

𝑣𝜋(𝑟𝑖𝑔ℎ𝑡) > 𝑣𝜋(𝑙𝑒𝑓𝑡) and higher state value function suggests higher future rewards; the policy 

function will now be improved to suggest moving to the right to resolve similar clashes. Similarly, 

the initial policy function will be updated for all the state-action pairs based on the updated value 

functions.  This new policy becomes the initial policy for the next iteration of learning, and the 

learning process goes back to the policy evaluation step, and the model is reset. 

This loop of policy evaluation and policy iteration is continued until the agent achieves optimum 

policy. The optimum policy is identified when no significant improvement is observed between 

successive policy functions. 

1.3.6 Future Research  

The authors will test and evaluate this framework and compare the accuracy of the proposed model 

combing supervised and reinforcement learning to the accuracy of the supervised learning alone 

in predicting clash resolution decisions. The first step towards this would be data collection. As 

discussed in the supervised learning for the pre-training section, data with clash information and 
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their corresponding clash resolution decision for a diverse group of clashes is required to build a 

probabilistic prediction model. The authors will then identify evaluation methods most suitable for 

the proposed machine learning implementation and use these evaluation methods to compare the 

accuracy of the proposed model to supervised learning.  

1.3.7 Conclusion 

Even with the implementation of software like Navistools to identify and manage clashes, clash 

resolution a big step in design coordination practices, remains a slow and manual process. Current 

research in the use of machine learning to automate clash resolution has only explored the use of 

supervised learning. However, the accuracy of the prediction model developed through supervised 

learning is dependent on the quality and quantity of data provided during the training phase of 

machine learning. To overcome this limitation, the authors in this paper have proposed the 

implementation of a combined supervised and reinforcement learning model to automate clash 

resolution. In the proposed model, supervised learning will be used to generate an initial 

probabilistic model to predict clash resolution decisions for given clash information. The 

reinforcement learning model will utilize the probabilistic model as an initial policy function and 

iteratively improve its accuracy. This proposed model needs to be validated and evaluated using 

the data collected on clash resolution through surveying and interviewing the industry 

professionals in future research work. 
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Chapter 2. Formulation of feature and label space for machine learning 

algorithm. 

Chapter Summary 

The focus of this chapter is on the identification of factors industry experts consider when deciding 

on how to resolve clashes and the options available to them to make changes to the clashing 

elements to support clash resolution. The identified factors and options will be utilized to define 

feature and label spaces to facilitate the development of the machine learning model. 

The chapter includes a journal publication focused on conducting literature reviews and industry 

interviews to identify and extract clash factors and resolution options to support the development 

of feature and label spaces. A modified Delphi survey is conducted to get industry consensus on 

these selected factors and options. 

A portion of the journal publication has also been included as a conference proceeding that talks 

about the methodology adopted to develop the feature and label space and partial completion of 

the proposed industry interview. This conference proceeding is also included in this chapter.  

Journal 

1. Journal of Construction Engineering and Management. 

Journal Manuscript Title 

1. Formulation of feature and label space using modified Delphi in support of developing a 

machine learning algorithm to automate clash resolution. 

Journal Manuscript Timeline 

Date Status 

6/19/2023 First Submission 

9/26/2023 Second Submission 

12/30/2023 Pulication Date 
 

Presented At 

1. 58th Annual Associated School of Construction International Conference. 

Conference Proceeding Title 

1. Feature Engineering for development of a Machine Learning Model for Clash Resolution. 

In 58th Annual Associated School of Construction International Conference. 
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Presentation Date 

1. 04/21/2022 at 58th Annual Associated Schools of Construction International Conference. 
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2.1 Formulation of feature and label space using modified Delphi in support of 

developing a machine learning algorithm to automate clash resolution. 

Journal: Journal of Construction Engineering and Management 

Authors: Ashit Harode, Walid Thabet, Ph.D., CM-BIM, and Fernanda Leite, Ph.D., P.E., M.ASCE  

2.1.1 Abstract 

To improve the current manual and iterative nature of clash resolution on construction projects, 

current research efforts continue to explore and test the utilization of machine learning algorithms 

to automate the process. Though current research shows significant accuracy in automating clash 

resolution, many have failed to provide clear explanation and justification for the selection of their 

feature and label space. Since this is critical in developing an effective and explainable solution in 

machine learning, it is crucial to address this research gap. In this paper, the authors utilize an in-

depth literature review and industry interviews to capture domain knowledge on how design 

clashes are resolved by industry experts. From analysis of the knowledge captured, we identified 

23 factors considered by experts when resolving clashes, and 5 alternative solutions/options to 

resolve a clash. Using a pool of industry experts, a modified Delphi approach was conducted to 

validate the factors and options and to determine a priority ranking. The authors identified 94 

industry experts based on a pre-determined qualification matrix to take part in the modified Delphi. 

Twelve participants responded and took part in the first round, and eleven completed the second 

round. A consensus was reached on all clash factors and resolution options. Factors including 

‘Clashing elements’ type’, ‘Constrained slope’, ‘Critical element in the clash’, ‘Location of the 

clash’, ‘Code compliance’, and ‘Project stage clashing element is in’ were ranked as the most 

important factors. While ‘Clashing element material’ and ‘Insulation type’ were considered the 

least important. Participants also showed more preference to the ‘Moving the clashing element 

with low priority in/along x-y-z directions’ option to resolve clashes. These identified factors and 

options will be utilized to collect specific clash data to train and test effective and explainable 

machine learning algorithms towards automating clash resolution. 

2.1.2 Introduction 

To minimize rework, avoid delays, and reduce cost, timely completion of the clash resolution 

during the construction phase is critical (Leite, 2019; Mayer et al., 2022) . Current manual and 

iterative nature of clash resolution processes is slow and time-consuming, rendering the processes 
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ineffective (Akhmetzhanova et al., 2022; Lee & Kim, 2014; Wang & Leite, 2013). To overcome 

these limitations, machine learning can be used to automate and improve current clash resolution 

practices. Machine learning and artificial intelligence have been applied in the construction 

industry to automate various tasks such as progress monitoring and inspection (Huang & Lin, 

2019). Machine learning has also assisted in automating/improving different stages of design 

coordination with considerable accuracy. Supervised learning was utilized by Hu and Castro-

Lacouture (2019) to automate the distinction between irrelevant and relevant clashes. Hu et al. 

(2020) utilized network theory to propose a holistic view of clashes and their dependency on 

surrounding elements. This helped in eliminating irrelevant clashes, filtering out severe or complex 

clashes, and reducing the number of objects required to be moved to resolve clashes. The accuracy 

of rule-based automation was compared with supervised learning in automating the classification 

of clashes in Huang and Lin (2019). The research showed better accuracy with supervised learning 

for similar classification when compared to rule-based automation. 

The use of supervised learning and heuristic optimization to automate clash resolution has also 

been studied with promising results (Hsu et al., 2020). The scope of the research focused on 

reducing the number of design iterations during the design stage by automating clash resolution 

from a constructor’s perspective. However, no reasoning was provided to the selection of feature 

and label space for developing the automation model. Additionally, no explanation was also 

provided on how the selected features related to domain knowledge used by industry experts to 

resolve clashes. 

Supervised learning requires domain knowledge in the form of a training dataset to develop 

prediction models and the dataset needs to be complete, labeled, and related to the problem at hand 

(Harode, Thabet, & Leite, 2022). Using domain knowledge to develop feature and label space for 

machine learning models allows selection of features and labels that make sense, accurately reflect 

the domain knowledge, and provide correct insights (Ramasubramanian & Singh, 2019). 

To support the development of a machine learning model to automate clash resolution and address 

the research gap of developing feature and label space based on domain knowledge of clash 

resolution, this paper aims at answering two research question: 
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1. What are the factors and their relative importance that industry experts consider when 

deciding on how to resolve a clash? The identified factors can act as the feature space 

providing domain knowledge for the proposed machine learning model. 

2. What are the options available to resolve clashes and their likelihood of being adopted to 

resolve a clash? The identified options can act as the label space providing domain 

knowledge for the proposed machine learning model. 

To find answers to these questions through a common consensus of industry experts, a modified 

Delphi approach is used in this research. 

In the following sections, the paper discusses the literature review to support the methodology of 

the paper. This is followed by a discussion on the methodology adopted including a detailed 

description of how the modified Delphi was implemented and administered to collect and analyze 

required data from industry experts. The paper concludes with a discussion of the results of 

modified Delphi and a conclusion. 

2.1.3 Literature Review 

2.1.3.1 Feature and Label Space in Machine Learning 

In machine learning, a labeled dataset is defined as a dataset that contains both input variables and 

their corresponding output variables. The input variables are known as features while the output 

variables are known as labels. Selecting features that appropriately depict the machine learning 

task is an important step in adding domain knowledge (Sutton & Barto, 2018). The use of features 

that are most relevant to the task results in an optimal prediction model performance (Theobald, 

2017). For a given automation task, the process of selecting, formulating, and transforming the 

most appropriate features is known as Feature Engineering (Zheng & Casari, 2018). In machine 

learning, feature engineering can be divided into two supporting processes (Ramasubramanian & 

Singh, 2019): (1) Business/domain knowledge: Focused on selecting features that make sense and 

accurately reflect the domain knowledge, and (2) Feature Selection: More statistical-intensive 

process providing empirical evidence to support the selection of a feature or set of features. 

Selection of suitable features can provide the machine learning algorithm with the following 

benefits (Ramasubramanian & Singh, 2019): 

1. Improvement in the predictive performance of the machine learning model. 
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2. Development of a faster and computationally less heavy machine learning process. 

3. Development of a better understanding of the relationship between features and labels. 

4. Creation of a machine learning model that is more explainable and implementable. 

Wang and Leite (2016) proposed a systematic way to capture clash features and their 

corresponding solution to support clash documentation. This documentation allowed for capturing 

existing domain knowledge to support future decision-making.  Korman et al. (2003) captured 

knowledge related to design criteria, construction, operation and maintenance (O&M) of 

mechanical, electrical, and plumbing (MEP) systems. Their work proposed that the captured 

knowledge could later be applied to a computer tool that can assist in resolving coordination issues. 

However, knowledge captured in their work was identified to only facilitate clash knowledge 

management (Hu & Castro-Lacouture, 2019) and does not support the development of feature and 

label space for creating an automation model for clash resolution using machine learning. 

2.1.3.2 Modified Delphi 

The Delphi technique focuses on obtaining the consensus of qualified and carefully selected 

subject matter experts by iteratively requesting them to complete updated subsequent 

questionnaires sent along with feedback  captured from previous rounds (Gunduz & Elsherbeny, 

2020). 

The Delphi method has four essential features: (1) anonymous participation, (2) conducting more 

than one round, (3) allow participants to modify their responses in subsequent rounds based on 

comments/feedback/summary analysis of all experts that are part of the survey, and (4) summary 

analysis of responses from each round (Kermanshachi et al., 2020). The Delphi method is 

continued until an agreement is reached between the experts or until no significant improvements 

are observed (Kermanshachi et al., 2020). For conducting a justifiable Delphi process, at least eight 

experts are required (Gunduz & Elsherbeny, 2020; Kermanshachi et al., 2020). When compared 

with interviews and other similar technique, the Delphi method is assumed to be more reliable 

when qualified and knowledgeable experts are selected, and proper bias control is put in place 

(Kermanshachi et al., 2020).  

The comments/feedback/summary analysis provided to the experts in the subsequent rounds of 

Delphi surveys allow experts to reconsider their responses as they compare it to the responses of 
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the group, hence moving the group towards consensus (Keeney et al., 2011). This availability of 

comments/feedback/summary analysis to the experts in subsequent rounds of a Delphi helps in 

mitigating collective unconscious bias (Celoza et al., 2021). Another aspect of the Delphi process 

is the anonymity of the experts within the group. This aspect helps in reducing the effects of 

dominance bias, where an expert with a dominant personality can influence the group decision 

(Celoza et al., 2021). 

In a modified Delphi approach, literature review and interviews are conducted to develop the 

questionnaire requesting response from qualified experts. Modified Delphi helps in improving the 

initial response rate and makes sure that the process in grounded in previously developed work 

(Custer et al., 1999). 

2.1.3.3 Modified Delphi in Construction Research 

The modified Delphi method has been used in construction research to rank, weigh, and validate 

identified factors based on industry consensus. Weeks and Leite (2022) utilized the Delphi survey 

to determine, with moderate consensus, factors that are considered to make the decisions on 

renovation and system upgrade for dormitories and the sources of information for these decisions. 

Their research identified three relevant factors: (1) facility condition, (2) health and safety, and (3) 

facility condition to meet the owner’s objective or mission. Giel and Issa (2016) utilized the Delphi 

technique to identify 66 factors that can be utilized to assess the owner’s BIM competency. These 

factors were then used to propose an assessment tool that can allow owners to assess and improve 

their current BIM requirements, and increase the efficiency of their operations post-construction. 

Gunduz and Elsherbeny (2020) utilized the modified Delphi to identify the importance of 93 

operational factors that affect the construction contract administration performance. Kermanshachi 

et al. (2020) validated, ranked, and weighted 30 project complexity indicators using the Delphi 

method. The goal of their research was to assist in the development of a complexity management 

model that can enable practitioners to prioritize and allocate limited resources in complex projects 

based on project complexity.  

Factors that contribute to sustainable on-site sanitation systems were identified and evaluated using 

the Delphi method by Kaminsky and Javernick-Will (2013). An expert panel was formed to 

iteratively evaluate factors and develop a measure of their importance in the sustainability of on-

site sanitation infrastructure. Tymvios and Gambatese (2016) utilized the Delphi panel to identify 
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(1) the construction industry group that has the most influence to generate interest in Prevention 

through Design (PtD), (2) the method with which this interest can be generated, and (3) the industry 

group that should be targeted to promote the concept of PtD in the United States. Legal factors 

impacting information management in the AEC industry were also identified and prioritized using 

the Delphi method by Celoza et al. (2021). The findings of their research could serve as a guide 

for practitioners in developing and implementing information management processes.  

Weeks and Leite (2022) detailed other possible methods that can be used to create a prioritized list 

of factors for construction research studies. Surveys can be used for similar research as they are 

easily distributed and collect input from many experts. Due to the one-way communication nature 

of surveys, they eliminate the opportunity of a group to come to a consensus or allow researchers 

the opportunity to ask deeper questions to the respondents based on their response. The limitations 

of a survey can be overcome by using focus groups, but due to lack of anonymity, it falls short in 

dominance bias mitigation due to the existence of dominant individuals within the group. Another 

methodology that can be utilized for similar research is semi-structured interviews that allow 

researchers to ask deeper questions based on the participant’s response, but this method lacks 

ability to share feedback among participants in a group and prevents consensus.  The modified 

Delphi method allows researchers to collect expert opinions, share feedback among the 

respondents, and reach consensus through an iterative questionnaire process. 

In this paper, the authors have employed a Modified Delphi method that included an iterative 

questionnaire developed from literature reviews and industry interviews. A statistical feedback 

method was used to collect expert opinion and reach a consensus among participants on clash 

factors and clash resolution options. 

2.1.4 Methodology 

The research methodology adopted is divided into three distinct phases: (1) development of the 

modified Delphi survey, (2) administering of the survey and, (3) collection, analysis and discussion 

of the survey results. Figure 17 outlines the proposed phases of this research. 
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Figure 17. Proposed Research Phases 

2.1.4.1 Phase One: Development of the Modified Delphi Survey 

In this phase to prepare the questionnaire for modified Delphi, the research utilized the procedure 

outlined in Gunduz and Elsherbeny (2020). Literature focused on automation of clash resolution, 

clash identification, clash relevance prediction, clash correction sequence optimization, and 

industry best practices for clash coordination were reviewed. Clash factors considered to resolve 

a clash and the options available to resolve a clash were extracted and categorized.  

Once the literature review was completed, the authors chose to conduct three sets of interviews 

each with representative(s) from five construction companies distributed among three general 

contracting firms and two sub-contracting firms. The interviewees were experienced in design 

coordination. Each interview had a different objective: 

1. Interview 1: Focused on identifying the interviewee’s current BIM requirements, clash 

coordination process, and best practices. The interview also focused on challenges faced 

during performing clash resolution, what software was used to assist with clash 
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coordination, and the perceived benefits of automation in improving the clash coordination 

process. 

2. Interview 2: Focused on requesting the participant(s) to walk through their clash resolution 

thought process using one of their BIM models’ case studies. Participant(s) were asked to 

select unique clashes in their BIM models and walk through the clash factors that were 

considered while making decisions on how to resolve clashes, and what options were 

considered to resolve each clash. 

3. Interview 3: Following the second interview, participants were asked to provide several 

models to the authors for review. The authors analyzed 10 unique clashes and determined 

potential factors and options. On the day of the third interview, the authors discussed these 

potential factors and options with the participants to receive feedback and discuss if what 

the authors identified matched what was decided by the participants.  

The interviews allowed to reinforce, verify, and fill any gaps in the knowledge captured from the 

literature review process. The interviews were coded by the lead author to extract clash factors and 

options. A portion of these interviews were also coded by an external coder to eliminate any biases 

while coding (Carey et al., 1996; Sabelli et al., 2011). Intercoder reliability among the two coders 

was measured using the first-order agreement coefficient or the AC1 statistic instead of Cohen’s 

kappa value. The reason for this selection is that even in the cases of high observed agreement, 

kappa value can be low due to the distribution of marginal table total which dictates the magnitude 

of chance agreement and subsequent kappa value (Dettori & Norvell, 2020).  

Table 8 shows an example distribution of classification between two coders X and Y. Coders X 

and Y classified N subjects into two categories 1 and 2 where A1, A2, B1, and B2 are the marginal 

table totals. If the distribution across B1 and B2 is the same as A1 and A2 the distribution is 

considered symmetrical. If B1 and B2 distribution are opposite to the distribution of A1 and A2 it 

is considered asymmetrical. A balanced data is where the proportion of total objects in A1 and B1 

is equal to 0.5, otherwise the data is considered imbalanced (Dettori & Norvell, 2020). Based on 

these definitions Wongpakaran et al. (2013) defined two paradoxes while using kappa “in one 

paradox, a high value of the observed agreement can be drastically lowered by a substantial 

imbalance in the table’s marginal totals either vertically or horizontally. In the second paradox, the 

kappa will be higher with an asymmetrical rather than symmetrical imbalance in marginal totals, 
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and with imperfect rather than perfect symmetry in the imbalance. An adjusted kappa does not 

repair either problem and seems to make the second one worse.” 

Table 8. Distribution of Subjects By Rater and Response Category (Gwet 2002). 

Coder Y 
Coder X 

Total 
1 2 

1 A B B1=A+B 

2 C D B2=C+D 

Total A1=A+C A2=B+D N 

 

Gwet (2002) proposed an alternative agreement statistics AC1 to overcome the effect of skewed 

distributions of categories and the degree to which observers disagree on the kappa value (Dettori 

& Norvell, 2020). AC1 is defined as the “conditional probability that two randomly selected 

observers will agree, given that no agreement will occur by chance” (Dettori & Norvell, 2020).  

Studies by Dettori and Norvell (2020) and Wongpakaran et al. (2013) found AC1 to be superior to 

Cohen’s kappa and a good “paradox-resistant” alternative to Cohen’s kappa. The clash factors and 

clash resolution options extracted from the literature review and industry interviews will be used 

to prepare the survey for the next step of modified Delphi.  

2.1.4.2 Phase Two: Administering the Modified Delphi Survey 

This phase focused on identifying industry practitioners to complete the survey and conduct the 

modified Delphi survey.  

As the effectiveness of the Delphi method relies on the selection of the subject matter experts, the 

authors first identified potential experts with an industry position in virtual design and construction 

or building information modeling. Using a pre-qualification criterion similar to Celoza et al. 

(2021), practitioner experts were shortlisted. Information on each expert’s qualifications was 

extracted from their LinkedIn profiles and included: 

1. Professional experience. 

2. Experience with design coordination. 

3. An associate’s degree/bachelor’s degree/master’s degree/Ph.D. in architecture, 

construction, or civil engineering. 



81 
 

4. Professional certification(s).  

Experts were not required to fulfill all criteria to be selected as the subject matter expert for the 

modified Delphi process. Based on Celoza et al. (2021) the authors employed a point system to 

evaluate the expert’s experience. One point is awarded for each year of experience in the AEC 

industry; two points each for an associate’s, bachelor’s, and master’s degree; and three points each 

for a Ph.D. degree, experience in design coordination, and professional certification (Table 9). 

Experts with a minimum of ten points were invited to take part in the modified Delphi process. 

Additionally, the authors published a public invite on their LinkedIn pages to request their 

connections with relevant experience to take part in the survey or suggest other potential experts. 

Experts invited through the LinkedIn post were required to provide their demographic and 

professional experiences during the first round of the modified Delphi process which will be used 

to filter out the subject matter experts based on the defined point system. 

Table 9. Expert qualification point system (Celoza et al. 2021) 

 

Qualified industry experts were invited to take part in the modified Delphi survey. The survey 

included three sections; the first section was used to request contact information to enable 

communication for future rounds of Delphi. The second section focused on identifying the relative 

importance of the clash factors considered while deciding on how a clash should be resolved. 

Experts were asked to select the relative importance on a 1 to 5 Likert scale with 1 being not 

important at all to 5 being extremely important. For clash factors considered irrelevant to the clash 

resolution process, participants were provided with the “N/A” option. The third section of the 

survey requested that experts rank the listed clash resolution options based on their preference 

when they resolve the clash. These surveys were conducted according to the requirements of the 

Experience or qualification Points 

Year of experience in the AEC industry 1 per year 

Experience with design coordination 3 

Associate’s/Bachelor’s degree 2 

Master’s degree 2 

Ph.D. 3 

Professional certificate 3 



82 
 

corresponding author’s academic institution’s Institutional Review Board (IRB) and approved 

protocol IRB number 20-838. 

Round 1 of the modified Delphi focused on collecting each experts’ responses to sections 2 and 3 

of the survey. Responses were used to calculate summary statistics (Modal ranking) for each clash 

feature and clash resolution option. In round 2, participants were provided with their responses 

from the previous survey, summary statistics of all experts in the survey, and a new survey to 

complete. Participants were then asked to review their responses in comparison to the provided 

summary statistics, revise their responses as appropriate and submit a new survey. If a participant 

chooses not to agree with the summary statistics, they were asked to provide a justification. The 

process continued until a consensus was reached among all participants, or there were no changes 

in the participants’ responses. 

During the survey, the authors attempted to minimize the effect of cognitive bias where clash 

factors and clash resolution options presented earlier in the list are unconsciously assigned more 

importance by the experts. These steps included presenting the factors and resolution options 

considered for clash resolution in a random order for each iteration of the Delphi survey (Keeney 

et al., 2011).  

2.1.4.3 Phase Three: Collection, Analysis and Discussion of Results 

This phase discussed the stopping criteria and measure of consensus for the survey. The stopping 

point of the Delphi process is established by either limiting the maximum number of rounds or by 

reaching a predefined consensus threshold for the expert group (Weeks & Leite, 2022). One way 

to measure the consensus of the expert group was by calculating Kendall’s concordance coefficient 

(W) (Weeks & Leite, 2022). The value of Kendall’s W ranges between 0 to 1, with 0 representing 

weak or no consensus, and 1 representing a strong or complete consensus. Another way to measure 

consensus is using the standard deviation to mean ratio (SDMR), or percentage of votes falling 

within a defined range (Gunduz & Elsherbeny, 2020).  

Since the two sections (section 2 and 3) of the Delphi survey involved extracting different 

information (i.e. section two focused on relative importance of clash factors and section three 

addressed the ranking of clash resolution options), two different criteria were used to measure 

consensus. Based on Weeks and Leite (2022), Celoza et al. (2021) and Gunduz and Elsherbeny 
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(2020), the stopping criteria for section two were defined as one of the two conditions: (i) at least 

80% of the total responses are higher than or equal to three on the Likert scale and the standard 

deviation to mean ratio (SDMR) is less than 30%, or (ii) three rounds of the survey being 

completed. For section three of the Delphi process the stopping criteria was defined as either a 

value of at least 0.7 for Kendall’s coefficient is obtained or three rounds of the survey being 

completed. 

After a consensus has been reached, results were analyzed to identify the factors and options used 

in clash resolution by the participants. 

2.1.5 Development of modified Delphi survey 

To develop the questionnaire for the Modified Delphi survey, the authors conducted a literature 

review of research articles that focused on the automation of clash resolution, clash identification, 

clash relevance prediction, clash correction sequence optimization, and industry best practices for 

clash coordination. Based on seven papers reviewed (Hsu et al., 2020; Hu & Castro-Lacouture, 

2019; Hu et al., 2019a; Hu et al., 2020; Korman et al., 2003; Radke et al., 2009; Wang & Leite, 

2016), 24 clash factors were identified that should be considered when resolving clashes, 

prioritizing clashes to be resolved, and identifying relevant clashes. These clash factors were 

grouped into four categories: (1) Geometric Characteristics, (2) Functional Characteristics, (3) 

Topological Relation, and (4) Spatial Relationship. Similarly, literature review was used to identify 

options for resolving clashes. Five clash resolution options were identified and grouped into 3 

different categories: (1) Element Movements, (2) Design Modifications, and (3) Schedule 

Modifications.  

Once the literature review was concluded, three rounds of unstructured interviews were conducted 

with industry practitioners. Results and findings from discussions on how clashes were resolved 

were documented by the authors using a pre-defined template. The template collected 

identification information on company represented by the interviewees, project name, and project 

file name. The template also included information on the clashes being discussed including clash 

test name, an image representing clash, clash group and clash number, detailed description of the 

clash, action taken to resolve the clash, and detailed discussion on why a particular action was 

chosen to resolve the clash. The interviews were also recorded to allow further review and analysis, 

and for further interview coding purposes.   
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Tables 10 and 11 summarize all the clash resolution factors and options extracted using the 

literature review and industry interviews. In Table 10, literature review resulted in the 

identification of the first 24 factors, while the interview process reinforced the identification of 

these factor and helped in identification of additional three factors (F25 – F27). Since the additional 

three factors were identified during the interview process they are not placed in a specific category 

as they can belong to more than one category. In total seven references were reviewed to identify 

the clash factors along with 15 interviews. Table 8 shows the total number of references and 

interviews in which the clash factors appeared in. Similarly, Table 11 shows the clash resolution 

options identified through three references (Hsu et al., 2020; Hu et al., 2020; Korman et al., 2003) 

and 15 interviews. 

Table 10. Clash factors considered when deciding on how to resolve clashes. 

Factor 

No. 

C
a
te

g
o
ry

 

Factor Description 
Literature 

(7) 

Interview 

(15) 

F1 

G
eo

m
et

ri
c 

C
h
ar

ac
te

ri
st

ic
 Start and end points 

(X, Y, Z) 

3D coordinates of the end 

points of the clashing 

elements.  

2 1 

F2 
Dimensions of the 

clashing elements 

Length, height, and width of 

the clashing elements 
3 8 

F3 

Baseline direction of 

the clashing 

elements 

Direction in which the clash 

element is laid 
1 3 

F4 Element slope Slope of the clashing element 1 6 

F5 

F
u
n
ct

io
n
al

 C
h
ar

ac
te

ri
st

ic
 

Clashing element’s 

type 

Type of clashing element 

(E.g. Ducts ad Pipes) 
2 9 

F6 
Clashing element’s 

system type 

System type of clashing 

element (E.g. Return Air) 
3 12 

F7 Constrained slope 
Is there a constraint on the 

slope of the clashing element? 
2 6 

F8 Insulation type 

What type of insulation does 

the clashing element has? 

(E.g. Rigid and Flexible) 

1 4 

F9 
Clashing element’s 

material 

Material of the clashing 

element 
1 2 
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F10 
Cost of resolving a 

clash 

Per liner feet cost of the 

element 
1 1 

F11 

Original design 

value of air and 

water flow 

calculation 

Original dimensional 

calculation to account for air 

of water flow through ducts 

and pipe. 

1 1 

F12 
Rigidity of the 

clashing elements 

Is the clashing element made 

of rigid material? 
1 6 

F13 
Critical element in 

the clash 

Is there are critical element 

involved in the clash? 
1 7 

F14 

T
o
p
o
lo

g
ic

al
 R

el
at

io
n

 

Hard or soft clash Is the clash hard or soft? 3 0 

F15 Clash Distance 
The relative distance between 

the clashing elements 
1 0 

F16 Clash type 
Is the clash penetrating or 

puncturing? 
2 1 

F17 Intersection type 

Is the clashing element 

interesting parallelly or 

perpendicularly? 

2 0 

F18 Clashing volume The volume of the clash itself. 2 1 

F19 Clash group 
The number of clashes the 

clashing element is part of. 
1 7 

F20 

S
p
at

ia
l 

R
el

at
io

n
 

Moveable area 
The direction in with clashing 

element can be moved 
3 10 

F21 Location of the clash 
The location in the building 

where the clash has occurred 
3 12 

F22 Clash point 

The 3D coordinates of the 

clash use to locate clash in the 

building. 

1 1 

F23 Impacted object Objects near the clash 2 5 

F24 

Number of 

connected elements 

to the clashing 

element 

Element the clashing element 

is connected to 
1 7 

F25  Code compliance 

Any special restriction on the 

clashing element due to the 

code 

0 3 
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F26  

Project stage the 

clashing element is 

in 

The project stage the clashing 

element will be installed at. 
0 1 

F27  
Vendor specification 

for equipment 

Any special restriction on the 

clashing element due to 

vendor specification. 

0 1 

 

 

Table 11. Options to resolve clashes. 

Optio

n No. 

C
a
te

g
o
ry

 

Options Description 
Literature 

(3) 

Interview 

(15) 

O1 

E
le

m
en

t 

M
o
v
em

en
t Moving the clashing 

element with low 

priority in/along x-y-z 

directions to resolve the 

clash. 

Clash is resolved by 

moving or rotating the 

clashing element with 

low priority along the x-

axis, y-axis, or z-axis.  

3 12 

O2 

D
es

ig
n
 M

o
d
if

ic
at

io
n

 

Modifying the length, 

width, and/or height of 

the clashing element 

with low priority. 

Clash is resolved by 

changing the dimensions 

(flexing) of the element 

with low priority. 

2 6 

O3 

In cases of systematic 

clash, occurrence 

redesign the entire 

building system with 

low priority for a zone, 

floor, or area of the 

building to resolve 

multiple clashes. 

Clash is resolved by 

redesigning the building 

system. This option is 

adopted due to a 

systematic error in the 

initial system design. 

1 7 

O4 

Modifying the slope of 

the clashing element 

with low priority. 

Clash is resolved by 

changing the slope of 

the element with low 

priority. 

1 4 

O5 

S
ch

ed
u
le

 

M
o
d
if

ic
at

io
n

 

Modifying the 

installation sequence 

and schedule of the 

element 

Clash is resolved by 

changing the installation 

sequence of the clashing 

elements. Mostly opted 

for time clashes. 

1 0 
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Five out of fifteen interviews were re-coded by a second coder as described in the methodology. 

Tables 12 and  13 show the calculated AC1 for clash resolution factors and options identified 

during the interviews respectively. Landis and Koch Kappa’s benchmarking scale was used to 

benchmark the strength of agreement. Though developed to be used with the Kappa coefficient, it 

can often be used with other agreement coefficients as well (Gwet, 2014). 

 

Table 12. AC1 calculation for clash resolution factors coding 

Factor 

No. 
AC1 

Strength of 

Agreement 

Factor 

No. 
AC1 

Strength of 

Agreement 

F1 1 Almost Perfect F16 1 Almost Perfect 

F2 0.6 Moderate F17 0.76 Substantial 

F3 1 Almost Perfect F18 1 Almost Perfect 

F4 1 Almost Perfect F19 1 Almost Perfect 

F5 0.76 Substantial F20 1 Almost Perfect 

F6 0.66 Substantial F21 1 Almost Perfect 

F7 0.76 Substantial F22 0.76 Substantial 

F8 1 Almost Perfect F23 1 Almost Perfect 

F9 1 Almost Perfect F24 1 Almost Perfect 

F10 1 Almost Perfect F25 1 Almost Perfect 

F11 1 Almost Perfect F26 1 Almost Perfect 

F12 1 Almost Perfect F27 1 Almost Perfect 

F13 0.66 Substantial    

F14 1 Almost Perfect    

F15 1 Almost Perfect    

 

Table 13. AC1 calculation for clash resolution option coding 

Option 

No. 
AC1 Strength of Agreement 

O1 1 Almost Perfect 
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O2 1 Almost Perfect 

O3 0.655172 Substantial 

O4 1 Almost Perfect 

O5 1 Almost Perfect 

 

The calculated strength of agreement between the two coders was found to be “Almost Perfect” to 

“Substantial” for all clash factors and options, except for “Dimensions of the clashing elements”. 

The strength of agreement of this factor was moderate. This analysis showed that minimum to no 

bias occurred when coding was performed by the author for the interviews conducted.  

After coding the interviews, the list of clash factors and options were reviewed to remove any 

redundancy. For example, “Baseline direction of the clashing element” and “Clash Type” factors 

were merged into one factor “Plane and Orientation of the clashing element” as both these factors 

focused on the orientation of clashing elements with respect to each other. Factors “Clashing 

Volume”, “Intersection Type”, and “Clash Distance” were combined and rewritten as “Area of 

interaction/Relative centerline of the clashing element” for better understanding. “Impacted 

Object” was removed and rewritten as “Proximity to other elements” for better understanding.  

“Clash Point” was removed as a factor as it was similar to the “Location of the clash” factor. 

“Moveable area” was rewritten as “Available area around the clashing elements. This reduced the 

total number of factors from 27 to 23. 

2.1.6 Administering, collecting, and analyzing of modified Delphi survey. 

A total of 23 clash factors and 5 clash resolution options were identified from literature review and 

industry interviews. To obtain a common consensus of industry experts, the authors utilized the 

modified Delphi method.  

A pilot survey was first sent to two industry experts to get their feedback on the language and 

structure of the survey. During the pilot survey, it was identified that the selection of the clash 

resolution options was dependent on the project delivery method, size of the project, and project 

type. To address the project delivery method, the participants were asked in section 2 of the survey 

to provide their responses assuming a Design/Build project. The following paragraph was used: 

“The project is a Design-Build project where all project participants were involved in the project’s 
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design at early stages of the project. The mechanical, electrical, and plumbing systems complexity 

on the project is medium to high.”  

The survey (Appendix A) was administered using QuestionPro software (QuestionPro, 2005). The 

order of clash factors and resolution options were changed each round to minimize the effect of 

cognitive bias (Celoza et al., 2021). To reduce the chances of duplicate submission, IP address of 

the response was also restricted (Van Selm & Jankowski, 2006). 

Based on the LinkedIn profile and expert qualification point system, 94 industry experts were 

identified and contacted. Only 16 responded agreeing to participate in the survey. Once the survey 

process started, only 12 responded to round one, and 11 responded to round 2. Although the 

number of participants that took part in both rounds of the modified Delphi survey was small, it 

was still larger than the minimum of eight participants suggested by Hallowell and Gambatese 

(2010). Table 14 shows the total point score for defining qualifications for the 12 respondents. 

 Table 14. Expert qualification points 

Expert 

ID 

Years of 

Experience 

Experience 

with Design 

Coordination 

Associate/

Bachelor’s 

Degree 

Master’s 

Degree 
Ph.D. 

Professional 

Certificate 
Points 

1 11 X X - - - 16 

2 7 X X X - - 14 

3 16 X X - - - 21 

4 18 X X - - - 23 

5 8 X X - - - 13 

6 6 X X - - - 11 

7 11 X X - - - 16 

8 11 X X - - - 16 

9 33 X X - - - 38 

10 23 X X - - - 28 

11 17 X X - - - 22 

12* 7 X X - - - 12 

* Did not finish round 2 of the survey 
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2.1.6.1 Round one 

Round one started on September 12th, 2022, and ended on September 24th, 2022. Out of 16 surveys 

sent out, 12 industry experts responded. These experts included 3 subcontractors, 7 general 

contractors, and 2 owner’s consultants. Consensus factors were calculated for the first round of 

survey along with the modal values of ranking to reflect the most frequently selected importance 

level of the clash factors and the ranking of the clash resolution options.  

2.1.6.2 Round two 

Round two started on October 5th, 2022, and ended on October 31st, 2022. Round 2 of the survey 

was sent to the 12 respondents who participated in round one. The questions for both sections were 

similar but the order of questions was changed. Along with the survey, each respondent was also 

provided with the modal value of the ranking selected by the group in round one and their 

individual response. The respondents were also provided with the distribution of the group as sub-

contractors, general contractors, and owner’s representatives (Appendix B). The respondents were 

requested to look at the group's responses and decide whether to agree with the group's response 

and change their response if it was different, or maintain their original answer. If a respondent 

decided to maintain their answer that was different from the group’s response, they were requested 

to provide a short justification. Consensus factors were again calculated for the second round of 

survey along with the modal values of ranking to reflect the most frequently selected importance 

level of the clash factors and the ranking of the clash resolution options.  

2.1.7 Results and Analysis 

Tables 15 and 16 shows the consensus measure calculated for each factor and option respectively. 

 

Table 15. Consensus values for clash factors considered while resolving clashes. 

Clash Factor 

Round 1 Round 2 

SDM

R 
% 

Modal 

value 

SDM

R 
% 

Modal 

value 

Start and End point of the clashing 

objects. 
0.26 83.33 3 0.20 100 3 

Dimensions of the clashing elements. 0.35 66.67 3 0.19 100 3 

Element Slope. 0.30 75 4 0.07 100 4 
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Clashing element’s type. 0.30 83.33 5 0.13 100 5 

Clashing element’s system type. 0.20 91.67 4 0.14 100 4 

Clashing element’s material. 0.54 50 2 0.38 0.45 2 

Constrained slope. 0.32 75 5 0.06 100 5 

Insulation type. 0.46 41.67 2 0.14 0.09 2 

Rigidity of the clashing element. 0.33 58.33 3 0.09 100 3 

Critical element in the clash. 0.15 100 5 0.13 100 5 

Plane and orientation of the clashing 

elements. 
0.40 66.67 3 0 100 3 

Area of intersection/Relative center 

line of the clashing elements. 
0.31 58.33 3 0.14 0.82 3 

Clash group. 0.27 75 3 0.09 100 3 

Available area around the clashing 

elements. 
0.24 91.67 4 0.08 100 4 

Location of the clash. 0.18 100 5 0.15 100 5 

Proximity to other elements. 0.21 75 3 0.20 100 3 

Number of connected elements to the 

clashing element. 
0.32 75 3 0 100 3 

Code compliance. 0.18 83.33 5 0 100 5 

Cost of resolving a clash. 0.33 75 4 0.17 0.91 4 

Original design value for air and water 

flow calculation. 
0.44 66.66 4 0.32 0.82 4 

Project stage the clashing element is in. 0.30 83.33 5 0.14 100 5 

Vendor specification for equipment. 0.38 75 4 0.26 0.91 4 

Hard or soft clash. 0.202 83.33 4 0 100 4 

 

 

Table 16. Kendall’s Coefficient values for clash resolution options. 

Clash Resolution Option 

Round 1 Round 2 

Modal 

Value 

Kendall’s 

Coefficient 

Modal 

Value 

Kendall’s 

Coefficient 
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Moving the clashing element with low 

priority in/along x-y-z directions to 

resolve the clash. 

1 

0.19 

1 

0.98 

Modifying the slope of the clashing 

element with low priority. 
3 3 

Modifying the length, width, and/or 

height of the clashing element with low 

priority. 

2 2 

In cases of a systematic clash, 

occurrence redesigns the entire building 

system with low priority for a zone, 

floor, or area of the building to resolve 

multiple clashes. 

5 5 

Modifying the installation sequence and 

schedule of the element. 
4 4 

 

The results of the Modified Delphi show SDMR for all factors to be lower than .30 except for 

factors “Original design value for air and water flow calculation” and “Clashing element’s 

material”. This shows a very low level of consensus for these two factors among industry experts. 

Further analysis for these two factors was performed using the comments made by the respondents 

during the survey. Comments showed that even though a consensus was not obtained for the 

importance of material as a factor for resolving clashes, respondents agreed that the material type 

of the clashing objects influences the clash resolution decision. Some examples how clash 

resolution is impacted by material type are:  

1. Cost of resolution: Large galvanized ducts can be modified for less cost than small copper 

pipes. If not considered as a factor, this may result in higher costs of construction and in-

turn to owners. 

2. Ease of working: Some materials are more flexible and hence easier to re-route. For 

example, Flexible Ducts. 

3. Supply chain: Some materials have long lead times. Requesting additional quantities can 

push back the installation time and may be more costly. 

4. Functionality: A clash of different materials when resolved in a way that they still touch 

each other can result in corrosion. Therefore, such a resolution requires additional 
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clearances. In other situations, clashes between elements made of similar material can be 

resolved by letting them touch each other without the risk of corrosion.  

Analyzing respondent comments and ranking of the factor “Original design value for air and water 

flow calculation” showed that disagreement between the respondents occurred due to a large 

deviation of ranking given by two respondents when compared to the group's modal ranking. The 

respondents provided the following reasoning for the low importance: 

1. Changes in pressurized pipe systems are not affected by the design value of air and water 

flow. This factor becomes more dominant when considering gravity pipe systems. 

2. Airflow and water calculation are not impacted by changes due to a single clash (within 

reason). This factor will become more important when considering the impact of all the 

clash resolutions. 

These comments show that the importance of these factors is dependent on the system the clash 

elements belong to and the cumulative changes to a system made during the clash resolution 

process. Using this analysis, the authors concluded that even though no consensus was obtained 

on the relative importance of these factors, the industry experts still consider these factors when 

resolving clashes. These factors have variable importance depending on the clashing element 

system, cost of resolution, and cumulative effect of clash resolution on a system.  

In round 2, the percentage of responses above 3 on a Likert Scale for the factor “Insulation Type” 

was 0.09%. This meant that a consensus was obtained among respondents that “Insulation Type” 

has a lower importance. 

While preparing for modified Delphi survey independent from the literature review, three 

additional factors were identified during the interview: 

1. Code Compliance: This factor dictates how an element can be moved to resolve a clash. 

Code compliance defines the clearance that needs to be maintained and constrains the slope 

of the elements.  

2. Project stage in which the clashing element is in: In projects where MEP installation is 

done in phases, elements installed in the previous phase take higher priority over the 

elements being installed in subsequent phases. 
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3. Vendor specification for equipment: Specialized equipment such as imaging machines in 

healthcare facilities is installed with specific instructions on the maximum number of bends 

allowed in electrical cable supplying electricity and data cables transmitting data. This 

restriction is placed to ensure proper functioning of the equipment. When resolving clashes, 

these restrictions must be maintained. 

Additionally, the interviews and survey revealed that when trying to resolve clashes, the plan of 

action focuses on whether the clashing elements can be modified without changing their design 

intent. Also, considerations are made to ensure that access to valves and equipment is maintained 

for regular maintenance. In areas with high MEP density, maintaining access can become difficult 

leading to a complete relocation and must involve discussions among the designer, owner, and 

sub-contractor. Lastly, considerations for the location of the clash is also discussed in terms of 

whether MEP is installed in an open space or concealed above a ceiling. In open spaces and 

following clash resolution, MEP items need to be kept more aligned and orderly for aesthetics 

purposes. 

Survey results indicated that industry experts preferred resolving clashes by moving the element 

in or along the x-y-z axis. This option is followed by modifying the dimension of the element, then 

the slope of the element. The experts also preferred modifying the installation sequence before 

considering system redesign.   

The reluctance to system redesign stems from the fact that redesigning the system and approving 

the new design will take additional time which can delay the project considerably and cost more 

money. When resolving clashes, considerations should also be made for the possibility of 

retrofitting at a later point. For example, when modifying sloped systems, they should be run as 

high as possible or as low as possible to allow for future tie-ins. 

Insights were also drawn from the pilot survey concerning clash resolution options. Deciding on 

the option is dependent on the project delivery method, onboarding of the coordination team, and 

project size and complexity. 

2.1.8 Discussion and Conclusions 

The objective of this research was identify and collect scattered knowledge concerning how design 

coordination clashes are resolved in the construction industry in order to develop feature and label 
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space for automating clash resolution. To achieve this objective the paper focused on answering 

two main research questions: 

1. What are the factors and their relative importance that industry experts consider when 

deciding on how to resolve a clash? 

2. What are the options available to resolve clashes and their likelihood of being adopted to 

resolve a clash? 

To answer these questions, the authors employed the modified Delphi process. Literature review 

and industry interviews were conducted to prepare the questionnaire for the modified Delphi. 

Through literature review, substantial lists of clash factors and clash resolution options were 

identified. Using the modified Delphi, a consensus was obtained on the identified clash resolution 

factors and options. Two rounds of Modified Delphi were conducted to obtain consensus. 

Following the conclusion of the Modified Delphi, the authors identified 23 clash resolution factors 

and 5 clash resolution options that are considered by industry experts when resolving clashes. This 

research showed that clash resolution is a complex process that requires expertise and contribution 

from multiple stakeholders of a project. Depending on project type, size, and delivery method, the 

relative importance of factors considered when resolving clashes can change along with the 

priority of options to resolve each clash.  

The knowledge regarding clash resolution collected in this paper can assist in developing future 

automation models for clash resolution. Once knowledge is collected on how clashes are resolved 

in the construction industry, this knowledge can be transferred into an automation model using 

common well-researched machine learning algorithms. The clash factors identified in this research 

can act as a feature describing each clash. Clash resolution options can act as labels that predict 

the best possible way to resolve the clash. This research can be considered as a domain knowledge 

extraction that can be utilized to define and justify the feature and label space of the clash 

resolution automation process. 

Figure 14 shows how the authors will use the identified clash factors and resolution options to 

define feature and label space and collect clash data that can act as training data for machine 

learning algorithms. The figure shows mock data that can be collected for clashes present in 

Building Information Models (BIM). Area 1 of the figure shows what data needs to be collected 

related to clashing elements. The data is similar to some of the clash factors identified in this paper. 
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It can be seen that some of these factors include information on each clashing element like “Clash 

Component Dimensions” and some relate to the clash itself like “Location of the clash”. Area 3 of 

the figure can provide information on how each clash is resolved; the resolution option used from 

the clash resolution options identified in this paper. The example in the figure shows that the clash 

was resolved by moving the duct element up, which is option O1 identified in this paper. Area 2 

and 4 will hold the complete dataset with feature and label information for each identified clash. 

Once a table similar to figure 18 is populated with clash information identified, it can be used for 

automated clash resolution through machine learning. This will help in making sure that the model 

is using the same knowledge that industry experts use when making decisions of how to resolve 

clash and have similar options available. 

 

Figure 18. Example of using identified clash factors and options in machine learning 

Before information similar to figure 18 can be directly used for training machine learning model 

it should be noted that Ramasubramanian and Singh (2019) divided the process of feature 

engineering in two supporting processes: (1) Feature Selection and (2) Business/domain 

knowledge. This paper only focused on identifying features and labels through domain knowledge. 

Therefore, before training the machine learning algorithm using identified factors and resolution 
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option a statistic-intensive process of feature selection needs to be performed to identify and retain 

features that contributes more towards the selection of appropriate clash resolution options and 

eliminated features that add noise to the machine learning model. Ramasubramanian and Singh 

(2019) divide the feature selection process into three groups: (1) Filter, (2) Wrapper, and (3) 

Embedded. Once feature selection is completed, appropriate data pre-processing steps can be 

identified to make the data ready for machine learning algorithms. Data pre-processing will then 

be followed by training, validating, and testing several machine learning algorithms to identify the 

best performing one. As the problem of automating clash resolution can be defined as either as 

multi-class or multi-label classification machine learning algorithm suitable for these classification 

needs to be selected like support vector machine, decision tree, artificial neural network, and k- 

nearest neighbor. 

Though this research employed more than suggested minimum number of participants in modified 

Delphi survey, the authors believe that the findings can be further enhanced, by increasing the 

participant pool in the modified Delphi process and the interview rounds. In an attempt to mitigate 

the effects of a limited sample pool, the authors used a diverse sample pool of participants to make 

sure that stakeholders involved in the clash resolution process were able to provide their diverse 

input towards the findings of this research. 

As mentioned, the findings of this paper have the potential to facilitate the development of an 

automation model to automate clash resolution. This research contributes to the body of knowledge 

by conducting a domain knowledge search and identify the clash factors that the industry experts 

consider when resolving clashes and options available to resolve each clash. This domain 

knowledge search act as the first step towards feature engineering for the development of an 

accurate and explainable machine learning model to automate clash resolution. As a future 

research direction and to conduct feature selection step, the authors would like to test how different 

clash factors affect the selection of a particular option by testing several feature selection methods. 

Future research work will also focus on how the identified factors and options can be pre-processed 

to make them ready for development of machine learning algorithms. This will be followed by 

training and testing of several machine learning algorithms.  
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2.2 Feature Engineering for development of a Machine Learning Model for Clash 

Resolution 

Conference: 58th Annual Associated Schools of Construction International Conference 

Authors: Ashit Harode, Walid Thabet, Ph.D., CM-BIM, and Fernanda Leite, Ph.D., P.E., 

M.ASCE 

2.2.1 Abstract 

To automate clash resolution tasks, it is important to capture domain knowledge for the Machine 

Learning (ML). One way to add domain knowledge is by training data that divides tasks into input 

and output variables. The selection of input variables that are most relevant to a task is an important 

step towards automation. In this paper, the authors detail framework that uses literature review, 

industry interviews, and Modified Delphi to capture domain knowledge for clash resolution. The 

features identified through this paper can in future be processed through Feature Selection, that 

can provide empirical evidence of why the selected features or set of features are important to ML 

algorithm. Data collection processes discussed in this paper is not finalized and is discussed to 

help provide readers with framework of the proposed systematic method. Factors considered when 

resolving clashes were identified through literature review (22 factors) and industry interviews (16 

factors). 14 factors identified from the interviews had a similar matching factor in the literature 

reviewed, the other 2 factors were not mentioned in any publications found during the initial 

literature review. After comparing results from literature review and interviews, 13 factors were 

considered critical for automating clash resolution. 

2.2.2 Introduction and Objective 

Design coordination, including clash identification and resolution, is a construction task that can 

benefit from automation through ML. Hsu et al. (2020) have explored the use of supervised 

learning to automate the resolution of clashes occurring between mechanical components with 

considerable accuracy. However, due to the limited availability of a training data set, the model 

developed could be subject to over-fitting reducing the accuracy of the model for new clashes. 

This limitation can be overcome by providing a larger training dataset. However, labeling the 

training dataset highly relies on human experts and labor work (Huang & Lin, 2019). 

To overcome this limitation, Harode and Thabet (2021) proposed a combined supervised-

reinforcement ML approach to develop an automation model with high accuracy using a limited 
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training dataset. The proposed model uses supervised learning with a limited labeled training 

dataset as pre-training for a reinforcement learning component. Reinforcement learning would use 

the supervised learning model to interact with clashes in a BIM model and improve on the 

automation model with each iterative interaction. The supervised learning component of the 

proposed model requires domain knowledge in the form of training dataset as input. Supervised 

learning algorithms develop new knowledge and make decisions by relying on accurate and 

complete labeled training datasets related to the business problem at hand. A labeled dataset 

contains both the input variables and corresponding output variables. In supervised learning, the 

input variables are referred to as features and the output variables are referred to as labels. Selecting 

features that appropriately depict the ML task is an important step towards adding domain 

knowledge to ML algorithms (Sutton & Barto, 2018). To generate optimal results from the model, 

it is important that training data used as input must contain features that are most relevant to the 

task (Theobald, 2017).  

The objective of this paper is to present a framework that can be used to identify and capture 

decision-making data used by industry experts during their clash resolution process to extract the 

required features for the proposed combined supervised reinforcement learning model. Literature 

review and partial industry interviews are conducted in this paper to identify and capture data on 

factors used by industry experts’ to resolve clashes as part of domain knowledge collection step of 

Feature Engineering. In future, Feature Engineering techniques like Feature Selection, can be 

applied to selected features to provide evidence supporting better efficacy of ML algorithm. Along 

with manipulation and transformation of selected features to facilitate development of ML model 

using selected features. As this paper discusses topics and keywords related to the field of ML, to 

facilitate the reading if the article by a larger audience Table 17 has defined these keywords. 

Table 17. Keywords related to ML 

Keywords Definition 

ML A subfield of computer science that provides computers 

with the ability to learn without explicit programming 

(Theobald, 2017) 

Supervised Learning A ML technique that analyzes combination of known 

inputs and outputs to predict output to future inputs 

(Theobald, 2017). 
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Reinforcement 

Learning 

A ML technique that develops automation knowledge by 

randomly interacting with the tasks to achieve desired 

output (Theobald, 2017).  

Training Dataset Known combination of input and output variable that can 

be used to develop automation model through supervised 

learning 

Labeled Dataset A dataset that contains both the inputs and their 

corresponding outputs. 

Automation Model An algorithmic equation developed through the ML 

process that facilitates in the automation of task. 

Features Inputs that are used to describe the data points. 

Labels Desired outputs corresponding to the given features 

(inputs). 

Feature Engineering “Act of extracting features from raw data and transforming 

them into format suitable for ML” (Zheng & Casari, 

2018). 

Feature Selection Statistics-intensive process that provides empirical 

evidence on why certain features or set of features are 

important for automation (Ramasubramanian & Singh, 

2019). 

Domain Knowledge Knowledge specific to the specialized discipline. 

Over-fitting Statistical error in ML where the developed model closely 

aligns with the limited data points.  

 

The following sections will discuss the importance of Feature Engineering for automation of clash 

resolution, the methodology adopted to identify factors considered by industry experts for clash 

resolution, and the final set of 13 factors selected to automate clash resolution using the proposed 

ML model. The paper concludes with a discussion on the results of data collection and analysis 

and proposed future research work. 

2.2.3 Literature Review 

In ML, a feature is used to describe a data point (Dong & Liu, 2018). When performing clash 

resolution, for example, the system type of the clashing elements can be considered features of the 

clash. For effective ML, features that help in accurately describing/defining the task that needs to 

be automated should be identified and selected. For a given task, the process of selecting, 

formulating, and transforming the most appropriate features  is called Feature Engineering (Zheng 

& Casari, 2018). A robust Feature Engineering process can provide ML algorithms with the 

following benefits: (1) improved predictive performance of the ML model, (2) faster and 
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computationally less heavy ML process, (3) develop a better understanding of data relationships, 

and (4) create an explainable and implementable ML model (Ramasubramanian & Singh, 2019). 

The concept of Feature Engineering can be divided into two supporting processes: (1) 

Business/domain knowledge, and (2) Feature Selection (Ramasubramanian & Singh, 2019). The 

domain knowledge process focuses on making sure that the features selected make sense and 

accurately reflect the domain knowledge. While Feature Selection is a more statistical-intensive 

process focused on providing empirical evidence to support the selection of a feature or set of 

features for a ML algorithm. In this paper, the authors focus on using Feature Engineering to collect 

and analyze domain knowledge for the automation of clash resolution. 

Korman et al. (2003) captured knowledge related to the design, construction, operations, and 

maintenance of MEP systems using a research project to create a computer tool that can assist in 

resolving MEP coordination problems. Radke et al. (2009) investigated an alternate approach for 

clash detection and resolution based on the parametric description of design elements. Wang and 

Leite (2016) proposed a systematic way to capture clash features and associated solutions for MEP 

coordination to support clash documentation. Results from their research assisted in the 

management of clash coordination and allowed the capture of existing domain knowledge to 

support future decision-making. Several research efforts are being expended to use ML for the 

automation of clash coordination. Hsu et al. (2020) used six features to define a clash and develop 

a supervised learning model to automate clash resolution of a student residence basement. Huang 

and Lin (2019) also performed a Feature Selection study to select six features to automate the 

classification of clashes using supervised learning. Hu et al. (2019b) analyzed six kinds of spatial 

relationships between clashing elements to develop a spatial network to eliminate irrelevant 

clashes, select clashes without enough room, and select clashes where the movement of one object 

can resolve multiple clashes. Hu et al. (2020) also designed an optimization algorithm to determine 

the optimal sequence for clash correction. This algorithm was based on clashing volume, the 

impact of moving one clashing element on the other MEP element in its proximity, the relationship 

between the clashing elements, and logical connection relations between building components.  

Based on the review of the literature, the authors have identified two major research gaps. The 

research focused on formalizing knowledge for clash coordination focused only on documenting 

clash cases and knowledge associated with clash resolution but did not address the use and 
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formatting of the knowledge collected as input to ML models. Literature focused on automating 

clash coordination did not address the methodology of identifying the features used in their 

automation models or why these features were selected. To overcome these knowledge gaps, the 

authors in this paper propose a systematic methodology using Feature Engineering to extract 

domain knowledge for automation of clash resolution. Using this methodology, the authors define 

a list of factors that should be considered as features for the proposed combined ML algorithm.  

2.2.4 Research Approach 

The process of Feature Engineering includes selecting, transforming, and formulating features that 

are most appropriate for the automation of a given task. In this paper the authors focus on the 

selection of features that most accurately reflects industry professionals’ decision making for clash 

resolution, i.e., domain knowledge for clash resolution. Figure 19 details the entire proposed 

Feature Engineering step for the development of a strong ML model for the automation of clash 

resolution. In this paper, the authors have focused only on the domain knowledge collection 

process of Feature Engineering. 

 

Figure 19. Complete process of Feature Engineering proposed to develop a ML model. 

A Feature Engineering process to collect domain knowledge will comprise three main steps:  

1.Literature Review: The first step involved the review of literature focused on clash resolution 

automation and industry best practices for clash coordination, summarized in Table 18. Based 

on the literature reviewed, 22 factors that should be considered in resolving clashes were 

identified. These factors were grouped into 4 categories: (1) Geometric Characteristic: Properties 

of the clashing element describing their geometry, (2) Functional Characteristic: Properties of 

the clashing elements related to their function, installation, operation, and maintenance,(3) 

Topological Relation: How the elements clash and how they intersect (Hu et al., 2019b), and (4) 
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Spatial Relation: Spatial relationship of the clashing elements relative to the surrounding 

elements.  

Table 18. Factors identified through literature review. 

Factor 

Category 

Factor Factor Description Literature 

1
. 

G
eo

m
et

ri
c/

P
h
y
si

ca
l 

C
h
ar

ac
te

ri
st

ic
 Start and End 

Point (X, Y, Z) 

The 3D coordinates of the 

endpoints of the clashing 

elements 

(Korman et al., 2003; 

Radke et al., 2009) 

Clash 

Component 

Dimensions 

The height, width, length, and 

radius of the clashing 

elements. 

(Korman et al., 2003; 

Radke et al., 2009; 

Wang & Leite, 2016) 

Baseline 

direction of the 

clashing 

elements  

The geometric baseline 

direction of clashing elements 

(e.g., Horizontal and Vertical) 

(Hsu et al., 2020) 

Element Slope The existing slope of the 

clashing elements. 

(Wang & Leite, 

2016) 

2
. 

F
u
n
ct

io
n
al

/O
p
er

at
io

n
al

 C
h
ar

ac
te

ri
st

ic
 

Clashing 

element’s type 

The type of each clashing 

element (e.g., pipes, duct, 

structural framing) 

(Huang & Lin, 2019; 

Wang & Leite, 2016) 

Clashing 

element’s system 

type 

The building system each 

clashing element belongs to  

(Hsu et al., 2020; Hu 

et al., 2020; Korman 

et al., 2003; Wang & 

Leite, 2016) 

Constrained 

Slope 

The required slope that needs 

to be maintained for the 

clashing elements 

(Wang & Leite, 

2016) 

Insulation The size of insulation present 

around the clashing elements 

(Wang & Leite, 

2016) 

Clashing 

Element’s 

Material 

The material of clashing 

elements  

(Wang & Leite, 

2016) 

Rigidity of the 

clashing 

elements 

Clashing element rigid or 

flexible? 

(Wang & Leite, 

2016) 
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Critical Element 

in the clash 

The presence of a critical 

element in the clash  

(Wang & Leite, 

2016) 

3
. 

T
o
p
o
lo

g
ic

al
 R

el
at

io
n

 
Hard or Soft 

Clash 

Is the clash hard or soft? (Hu et al., 2019b; 

Radke et al., 2009; 

Wang & Leite, 2016) 

Clash Distance The relative distance of the 

clashing elements 

(Huang & Lin, 2019) 

Clash Type Clashing elements oriented 

parallel or perpendicular to 

each other 

(Hsu et al., 2020; Hu 

et al., 2019b) 

Intersection 

Type 

Intersection of the clashing 

elements is penetrating or 

puncturing 

(Hsu et al., 2020; Hu 

et al., 2019b) 

Clashing 

Volume 

The overlapping volume of the 

clashing elements 

(Hu et al., 2020; 

Wang & Leite, 2016) 

Clash Group Group of clashes involving a 

common clashing element  

(Wang & Leite, 

2016) 

4
. 
S

p
at

ia
l 

R
el

at
io

n
 

Moveable Area  Area where the element with 

low priority can move without 

violating any space constraints 

(Hu et al., 2019b; 

Radke et al., 2009; 

Wang & Leite, 2016) 

Location of the 

clash 

The floor/room where the 

clash is located (e.g., 

Mechanical Room)  

(Huang & Lin, 2019; 

Korman et al., 2003; 

Wang & Leite, 2016) 

Clash Point 3D coordinates of the clash 

location 

(Huang & Lin, 2019) 

Impacted Object Object not part of the clash but 

is present within proximity of 

the clash 

(Hu et al., 2019b; 

Korman et al., 2003) 

Connections Number of vertical and 

horizontal connections/fittings 

per length of the clashing 

element 

(Korman et al., 2003) 

 

2.Industry Interviews: Unstructured/structured interviews with industry experts from various 

disciplines (GC and mechanical) were conducted to augment the findings of the literature review 

and fill any gaps. Additionally, these interviews helped the authors to reduce redundancy and 
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eliminate any overlaps between the factors that were identified during the literature review 

(Gunduz & Elsherbeny, 2020). The interviews focused on discovering answers to several 

questions, including: (1) What factors does the project coordination team consider while 

resolving a clash?, (2) What considerations do industry professionals make when resolving a 

clash?, (3) How does the orientation of clashing elements affect the clash resolution?, and (4) 

How are priorities between clashing elements established? Interviewees were also asked to 

discuss specific examples of clashes from BIM models provided and analyzed by the authors 

prior to the interviews The interviews were video recorded to facilitate further analysis of the 

discussion following the meetings. All interviews were transcribed and coded by the authors to 

identify specific clash resolution factors discussed during each interview.  

3.Industry Survey using Modified Delphi: Through the interviews and literature review process, 

a substantial list of factors considered by design coordination teams while resolving a clash will 

be generated. This third step will focus on developing a common consensus on the identified 

factors by the industry experts. To achieve this objective, a Modified Delphi Method will be 

used. The intended purpose of the Delphi methodology is to obtain a common consensus of 

qualified industry experts on a particular subject (factors considered for clash resolution) by 

allowing them to look at a set of updated questionnaires along with feedback provided. If the 

questionnaire is developed through literature review and interviews, this process is called 

modified Delphi (Gunduz & Elsherbeny, 2020). A survey will be sent to industry experts listing 

the identified clash resolution factors. Each individual receiving the survey results will be asked 

to select all the factors that they believe affect clash resolution decisions. Once the response for 

the first round of the questionnaires has been received, the result of the first round will be 

analyzed. This analysis will be sent back to industry experts along with the first-round of 

questionnaire. In the second round, industry experts will be given the opportunity to change their 

answers based on the analysis summary. They can choose to keep their original answer or modify 

it. Individuals who decide to keep their original answer will be asked to provide an explanation. 

Industry experts will be allowed to add any factors they think are important for clash resolution 

but are missing from the given list. Multiple rounds of modified Delphi will be conducted until 

a common consensus is reached. 
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2.2.5 Results 

Table 19 shows a comparison between factors identified from literature review and interviews, 

factors that were not discussed are omitted from the table. Using this comparison, a final 

preliminary list of 13 factors considered by the authors for automation of clash resolution was 

prepared and shown in Table 20.  

Table 19. Comparison between literature reviews and interviews 

Factors identified through Literature 

Review 

Factors 

discussed in 

Interview 1 

Factors 

discussed in 

Interview 2 

Factors 

discussed in 

Interview 3 

Clash Component Dimensions. X X X 

Baseline Direction of the Clashing 

Elements. 
 X  

Element Slope. X X X 

Clashing Element’s Type. X X X 

Clashing Element’s System Type. X X X 

Constrained Slope.  X X 

Insulation. X   

Clashing Element’s Material.   X 

Rigidity of the Clashing Elements.   X 

Critical Element in the Clash.  X X 

Clash Group.  X  

Moveable Area. X X X 

Location of the Clash. X X X 

Connections. X X X 

Additional Factors discussed during Interview 1 and 3: Cost of resolving a clash 

Additional Factors discussed during Interview 3: Construction stage the clashing 

elements is in 

 

Table 20. List of factors considered while resolving the clashes 

S. 

No. 
Factors S. No. Factors 
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1. Start and End Point (X, Y, Z) 8. 
Rigidity of the Clashing 

Elements 

2. Clash Component Dimensions 9. Critical Element in the Clash 

3. Clashing Element’s Type 10. Clash Group 

4. 
Clashing Element’s System 

Type 
11. Moveable Area 

5. Constrained Slope 12. Location of the Clash 

6. Insulation 13. Connections 

7. Clashing Element’s Material   

 

Three rounds of initial interviews were conducted with industry experts experienced in clash 

coordination. These interviews were coded, and factors considered while resolving clashes were 

identified by the authors. Out of the 22 factors identified in the literature reviewed, only 14 

matching factors were identified from the interviews. Factors related to topological relation 

between the clashing element were not discussed during the interview, except for the ‘Clash 

Group’ factor. Other factors that were not discussed during the interview were ‘Start and End Point 

(X, Y, Z)’, ‘Clash Point’, and ‘Impacted Object’. The ‘Start and End Point (X, Y, Z)’ factor, 

although not discussed during the interviews, was still included in the final list of factors in place 

of the ‘Baseline Direction’ factor. The authors argue that the baseline direction of clashing 

elements is a function of the coordinates of the endpoints of the elements which can be easily 

obtained using Navisworks or Revit Application Programming Interface. Another reason for 

selecting the ‘Start and End Point (X, Y, Z)’ factor over element baseline direction is endpoint 

coordinates can also help represent the current location and orientation of the clashing element in 

the ML algorithm, hence providing more useful and necessary information. Using the ‘Start and 

End Point (X, Y, Z)’ as a factor can also eliminate the use of the ‘Element Slope’ factor in the ML 

algorithm. As the existing slope of the element is also going to be the function of its endpoint 

coordinates. Using ‘Start and End Point (X, Y, Z)’ allows for removing the ‘Element Slope’ as a 

feature, making the ML algorithm computationally less heavy without removing the influence of 

the ‘Element Slope’ factor from the overall decision making. 

2.2.6 Discussion 

All clash resolution strategies discussed during the industry interviews focused on looking at the 

clash and its surrounding, and other connected model elements. Topological relations describing 

a single clash were not discussed so far. Factors such as ‘Clash Point’ and ‘Impacted Object’ were 
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not discussed in the interviews conducted but can be considered as a part of the factor ‘Moveable 

Area’ which relates to the area and elements surrounding the clash. Another factor that was not 

discussed during the interviews was the ‘Start and End Point (X, Y, Z)’, Industry experts did not 

see the need to understand the orientation and baseline direction of the clashing element to keep 

the updated elements as close to the original design as possible while resolving the clash. The 

authors concluded that orientation and baseline direction of the clashing elements can become the 

function of their start and endpoint coordinates in ML algorithm, ‘Start and End Point (X, Y, Z)’ 

can be used to replace baseline direction and orientation of elements as factors for the ML 

algorithm. Another aspect of Feature Engineering that was discussed in this paper was reducing 

the dimensionality of the ML problem to make it computationally less heavy without eliminating 

the influence of necessary factors. As the existing slope of the clashing element can also be 

expressed using the endpoint coordinates of the clashing element. Using ‘Start and End Point (X, 

Y, Z)’ as one of the factors in our ML algorithm will eliminate the necessity of using 2 additional 

factors (‘Element Slope’ and ‘Baseline Direction’) without compromising their influence on the 

algorithm. During the interviews, two other factors that influence the clash resolution but were not 

found in the literature were also identified. Industry experts during the interviews discussed the 

consideration of the cost of resolving clashes. For example, in a clash scenario discussed related 

to a conflict between a duct and a pipe, an argument for modifying the duct location (usually given 

a higher priority) was made instead of the pipe (usually with lower priority). The reason for this 

exception was attributed to the pipe’s copper material that requires more labor cost to modify and 

more costly to add additional copper fittings to resolve the clash. Making changes to the copper 

pipe, in this case, would have increased project cost. The authors suggest that the cost of clashing 

elements while resolving the clash should be considered as one of the factors and will be added as 

a feature in the proposed ML automation model. Another factor discussed during the interviews 

was the stage at which the clashing BIM element is, in the construction process. If a pipe has 

already been prefabricated for installation and a clash is identified that includes the pipe, it would 

be more cost and time-effective to move the other clashing elements. Through these interviews, it 

was realized that initial hierarchy of priority defined for different elements should sometimes be 

modified, when situations involving elements of lower priority may have a higher cost impact over 

elements of higher priority. 
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2.2.7 Concluding Remarks 

The authors through the literature review and interviews have identified 13 critical factors that the 

industry experts consider while resolving clashes. These factors represent the domain knowledge 

utilized by industry professionals to make decision on clash resolution. As the next step within 

Feature Engineering, in future the authors would like to focus on data transformation to match a 

format suitable for ML algorithm. For example, text-based value of clashing element’s system type 

can be converted to their numeric OmniClass values, “HVAC Ducts and Casings” to “22233100”. 

Another step within Feature Engineering is Feature Selection, the authors plan to use wrapper 

methods for Feature Selection to evaluate the performance of the predictive algorithm for different 

subset of the factors and select the subset of factors that generates the most accurate predictive 

performance (Chandrashekar & Sahin, 2014). Once the Feature Engineering step is completed the 

selected factors will be utilized in future research to input domain knowledge to a proposed 

combined supervised-reinforcement ML algorithm that can more efficiently automate clash 

resolution based on industry standards. The goal of this research was to provide a framework to 

identify factors considered by industry experts while resolving clashes as part of domain 

knowledge collection process of Feature Engineering for the automation of clash resolution. The 

Feature Engineering process proposed in this paper focused on selections of factors that served 

two purposes, (1) accurate transfer of domain knowledge to the ML algorithm, (2) assist in making 

ML algorithm computationally less heavy without compromising its efficiency. In this paper, the 

authors have only completed the literature review step of the proposed Feature Engineering 

methodology. The initial interviews conducted in this research utilized two construction industry 

experts. As part of future work, the authors plan to conduct more interviews using a bigger pool 

of experts from different companies. Once the interviews are completed, the authors plan to update 

the list of factors. Following additional interviews, a Modified Delphi Process is planned to 

determine consensus among industry experts, hence concluding the domain knowledge collection 

process of Feature Engineering.  
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Chapter 3. Data extraction and pre-processing for machine learning. 

Chapter Summary 

The focus of this chapter is on the identification of individual steps involved in the data extraction 

and pre-processing for machine learning models. These steps are specifically focused on 

supporting the training and testing of machine learning models for automated clash resolution.  

The chapter includes a journal publication detailing data collection and pre-processing steps 

adopted in the dissertation. To support the publication of the journal, multiple supervised learning 

algorithms were trained and tested in the publication. These trained algorithms are not pre-requisite 

to the work done in Chapter 4. 

A conference proceeding is also included in this chapter that focuses on the identification and 

utilization of BIM tools to extract clashing element data based on the feature and label space 

defined in Chapter 2. 

Journal 

1. Journal of Computing in Civil Engineering 

Journal Manuscript Title 

1. Developing Machine learning Model to Predict Clash Resolution Options 

Journal Manuscript Timeline 

Date Status 

6/9/2023 First Submission 

9/7/2023 Second Submission 

1/10/2024 Publication Date 
 

Presented At 

1. 59th Annual Associated School of Construction International Conference 

Conference Proceeding Title 

1. Leveraging BIM tools to extract clashing element BIM data to support machine learning 

models for automated clash resolution. In 59th Annual Associated School of Construction 

International Conference. 



112 
 

Presentation Date 

1. 4/5/2023 at 59th Annual Associated School of Construction International Conference 
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3.1 Developing Machine Learning Model to Predict Clash Resolution Options 

Journal: Journal of Computing in Civil Engineering 

Authors: Ashit Harode, Walid Thabet, Ph.D., CM-BIM, and Xinghua Gao, Ph.D.  

3.1.1 Abstract 

Even with the utilization of software tools like Navisworks to automate clash detection, clash 

resolution in construction projects remains a slow and manual process. The reason is the 

meticulous nature of the process where coordinators need to ensure that resolving one clash does 

not lead to new clashes. The use of machine learning to automate clash resolution as a potential 

option to improve the clash resolution process has been suggested with research showing positive 

results to support the implementation. While the research shows high accuracy in predicting clash 

resolution options to support automation, the scope limits the discussion on the complex and often 

lengthy process of developing a machine learning model. Based on this research gap, the authors 

in this paper discuss the development of a prediction model to identify clash resolution options for 

given clashes. The discussion is focused on individual steps involved in creating machine learning 

models like data collection, data pre-processing, and machine learning algorithm development and 

selection. The authors also address common challenges in the development of machine learning 

models including class imbalance and availability of limited data. The authors utilize a multi-label 

synthetic oversampling method (MLSOL) to generate different percentages of synthetic data to 

account for class imbalance and limited datasets. Using this dataset, the authors trained five 

machine learning algorithms and reported on their accuracy.  The authors concluded that 

increasing the dataset with 20% of synthetic data, and using an artificial neural network to develop 

the machine learning model to automate the resolution of clashes have generated better results with 

an average accuracy of around 80%. 

3.1.2 Introduction 

To minimize rework, delays, and reduce costs associated with construction projects, timely 

completion of clash coordination is a critical step (Pärn et al., 2018). A typical clash coordination 

process involves aggregating component models into a single federated model, conducting clash 

tests, and categorizing clashes based on their relevance. Relevant clashes are then resolved by 

making geometric and spatial changes to the clashing elements. Virtual walkthroughs are also 

utilized to identify false negative clashes that may be due to missing elements or a low level of 
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detail. Akponeware and Adamu (2017) note that clashes in Building Information Models (BIM) 

may arise due to incorrect levels of detail, design uncertainties, loss of accuracy due to constraints, 

lack of coordination during model preparation, or design errors. Regardless of the cause, clashes 

must be resolved, which traditionally takes the form of manual resolution. This involves lengthy 

meetings with the project coordination team comprising designers and engineers, contractors and 

consultants during which relevant clashes are presented and possible resolutions are discussed. 

Clash resolution predominantly remains a manual and slow process, even with the aid of software 

such as Navisworks for clash detection (Hsu et al., 2020). The acute knowledge difference between 

design review coordinators and other project coordination stakeholders often leads to multiple 

meetings before a clash-free model can be generated (Hu & Castro-Lacouture, 2019). The design 

review process must also be meticulous to avoid generating new clashes while attempting to 

resolve existing ones. Furthermore, the time required for clash resolution increases with the 

number of clashes (Lee & Kim, 2014). Although timely completion of clash resolution is critical 

for project performance, the manual nature of the process makes it time-consuming and limits the 

improvements in project delivery time that can be achieved through the introduction of BIM (Hsu 

et al., 2020). 

Utilizing machine learning can act as a potential solution for manual clash resolution. Machine 

learning is a subfield of computer science that imparts knowledge into machines without explicit 

programming (Theobald, 2017). The computer detects underlying relationships in the data using 

statistical modeling, probabilistic reasoning, or trial and error.  

Clash resolution processes have been automated using supervised learning and heuristic 

optimization in the context of a student residence basement (Hsu et al., 2020). The motivation was 

to improve the traditional manual approach to resolving clashes in design, which required 

stakeholders to manually identify and resolve clashes. To minimize the number of model iterations 

during clash resolution, Hsu et al. (2020) proposed the development of a knowledge-based system 

using machine learning and heuristic optimization. This system aimed to resolve design clashes 

from the perspective of constructors. The model was tested on resolving MEP clashes in the 

basement of the student residence, demonstrating the feasibility and effectiveness of the proposed 

system.  
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As the scope of  Hsu et al. (2020) was optimizing the number of design changes in the construction 

stage through machine learning, they did not expand on the steps involved in the development of 

a machine learning model. For instance, categorical values transformation in machine learning to 

better suit the machine learning algorithm is not expanded. Moreover, common challenges such as 

class imbalance and outliers in the data, associated with developing a machine-learning model, is 

not addressed. Consequently, while research has been conducted on using machine learning for 

design coordination and clash resolution, there are still gaps in understanding how these models 

are developed and what are the challenges involved. 

To address this gap, the objective of this paper is defined as exploring the "HOW" of developing 

a machine learning model that can predict clash resolution options for a given clash with an 

acceptable level of accuracy. To achieve this objective, three research questions are identified: 

1. What is the process of developing a prediction model for automating clash resolution using 

machine learning? 

2. How can class imbalance and limited data quantity of clash resolution data be addressed? 

3. Which machine learning model is best suited for developing a prediction model for clash 

resolution? 

Given that the development of a successful machine learning model involves multiple steps, this 

paper aims to fill the aforementioned research gap and provide support for the effective 

development of machine learning models for clash resolution in the construction industry. 

The remaining sections of this paper are structured as follows: the literature review section 

provides a brief overview of machine learning, its types, and components, followed by a discussion 

of the application of machine learning in the design coordination domain and current research 

gaps. The methodology section defines the phases adopted in this paper for developing a machine-

learning model to automate clash resolution. This is followed by the development of the machine 

learning model section, which utilizes clash data extracted from real-life case study BIM models 

and the phases described in the methodology section to build the machine learning model. Finally, 

the results of the work are discussed along with the conclusion. 
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3.1.3 Literature Review 

3.1.3.1 Machine Learning 

In machine learning, a data point is described using certain features (Dong & Liu, 2018), which 

must be carefully selected to accurately represent the task at hand. These features serve as input 

variables for machine learning algorithms. The output variables, known as labels, represent the 

desired outcomes or predictions (Harode, Thabet, & Leite, 2022). A labeled dataset comprises both 

the features describing the data points and their corresponding labels. Depending on how machine 

learning analyzes the relationship between features and labels, it can be categorized into three main 

types: supervised, unsupervised, and reinforcement learning. 

Supervised learning involves training models using labeled datasets to establish the relationship 

between features and their corresponding labels. Unsupervised learning, on the other hand, deals 

with unlabeled datasets, where only the features are available. It is used to understand the 

underlying relationships between features and uncover hidden patterns in the dataset. 

Reinforcement learning operates differently from supervised and unsupervised learning. It relies 

on trial and error and receives feedback from interactions with the environment to acquire 

knowledge.  

The development of a machine learning model involves several steps. First, a suitable problem 

requiring automation is selected, followed by the collection of diverse and abundant data to avoid 

overfitting issues. The collected data then undergoes preprocessing to ensure completeness, 

accuracy, and compatibility with machine learning algorithms. Data preprocessing is a crucial and 

time-consuming step (Salem et al., 2022), and various techniques such as data cleaning, feature 

engineering, outlier detection, and categorical encoding can be employed to enhance data quality.  

Data cleaning directly deals with cleaning the data of any errors, missing values, or values that are 

not suitable for the machine learning algorithm. Some of the ways data cleaning can be performed 

are as follows: (1) Missing data completion (Patel, 2021) using numerical or categorical imputation 

methods, (2) Row compression (Theobald, 2017), (3) One-hot encoding (Theobald, 2017), and (4) 

Outlier detection (Maimon & Rokach, 2005), using : (a) Univariate and multivariate method, (b) 

Parametric and non-parametric method, and (c) Hard and soft classifiers. 
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Data cleaning is followed by feature selection. The process of identifying a subset of features that 

helps in developing an accurate machine-learning model based on a quantifiable and comparable 

metric is referred to as feature selection (Ramasubramanian & Singh, 2019).  Multiple feature 

selection methods are available such as: (1) Filter method, (2) Wrapper method, and (3) Embedded 

method. The embedded method can be further divided into: (a) LASSO (L1 Regularization), (b) 

RIDGE (L2 Regularization), and (c) Elastic net (L1 and L2 Regularization). 

Once features are selected classes in the data set needs to be balances. Class imbalance issue in 

machine learning occurs when one class is represented in the dataset by a large number of examples 

while other classes are represented by very few examples (Japkowicz, 2000). Multiple methods to 

resolve the class imbalance in the training dataset have been researched and developed. These 

methods can be put into 3 categories: (1) Data level approaches, (2) Algorithmic level approaches, 

and (3) Ensemble learning techniques. 

In a dataset, the value for each feature can belong to a different range depending on the feature. 

This difference in range can lead to features with higher values making more contribution towards 

the machine learning model than features with a lower value. Therefore, data need to be 

scaled/transformed so that feature values belong to a common range allowing features to make an 

equal contribution towards the development of machine learning algorithms (Singh & Singh, 

2020). Pedregosa et al. (2011) in sci-kit learn utilizes two different normalization techniques 

namely L1 normalization and L2 normalization.  

Once the data is preprocessed, it is used to train, validate, and test the machine learning model 

(Sahani et al., 2023). Training and testing the machine learning model on the same dataset is a 

methodological mistake as the trained model will show high accuracy during the testing phase but 

poor accuracy on unseen data. This situation is commonly referred to as overfitting (Pedregosa et 

al., 2011). To avoid this, a common practice is to hold out a portion of data as testing data set so 

that training and testing of machine learning models can be performed on different datasets. 

Another factor to be considered when training a machine learning model are the hyperparameters. 

Hyperparameters can be thought of as the setting of a machine learning algorithm that can be 

adjusted to output the desired accuracy during testing. Over tuning of hyperparameters can also 

lead to an overfit model. To avoid this the dataset is further divided into training, validations, and 

testing dataset. But diving the dataset into 3 sub-set can reduce the number of training data 
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available. Therefore, cross-validation methods are often used to overcome this limitation. One of 

the common ways to do cross-validation is called k-fold cross-validation where k is a numerical 

value. In this method the data is first split into training and testing data sets, followed by the 

training dataset being split into k subsets or folds. While training a machine learning model k-1 

subsets are used to train the machine learning model and the remaining subset is used for validation 

by computing the accuracy of the trained model. This process is repeated k times with the 

validation set being different each time. The total accuracy of the model is calculated as the average 

accuracy for each iteration. Once the model hyperparameters are tuned to output desired accuracy 

final accuracy is calculated using the testing dataset. 

3.1.3.2 Machine Learning in Construction and Design Coordination 

Machine learning has been successfully applied in the construction industry, with automated 

construction tasks such as inspection and progress monitoring already being explored (Huang & 

Lin, 2019). Researchers have explored the application of machine learning in various domains of 

building construction (Ensafi et al., 2022).Chou et al. (2014) used a fmGA-based SVM algorithm 

to predict potential dispute resolutions in early project phases. ul Hassan and Le (2021) compared 

the accuracy of multiple machine learning algorithms in categorizing contract requirements into 

design, construction, and operation and maintenance requirements, with the weighted voting 

model achieving the highest precision of 93.20%. Machine learning has also been employed in 

tasks such as construction vehicle detection using deep learning-based computer vision solutions 

(Arabi et al., 2020), automated construction management for remote monitoring of electric 

substation construction (Oliveira et al., 2021), prediction of concrete pouring request acceptance 

and associated time delays (Awada et al., 2021), accurate project delay risk analysis (Gondia et 

al., 2020), and severity prediction of construction accidents (Zhu et al., 2021). Fang et al. (2018) 

used machine learning to build an automatic non-hardhat-use (NHU) detection technology trained 

over more than 100,000 construction worker image frames. The technology demonstrated high 

precision, high recall, and fast speed in detection of NHU in different construction site condition. 

Convolutional neural networks were used by Kolar et al. (2018) to develop a guardrail detection 

model with an accuracy of 96.5%. Sadatnya et al. (2023) developed a machine learning 

management framework to estimate the work crew productivity using daily work report as the 

primary source of historical data. 
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Different tasks of the design coordination process have also been improved using machine 

learning. Classification of relevant and irrelevant clashes using supervised learning has been tested 

by Hu and Castro-Lacouture (2019). Hu et al. (2020) utilized network theory to develop a holistic 

view of clashes, their dependency on surrounding elements, and eliminate irrelevant clashes, filter 

out severe and complex clashes, and limit the number of objects that need to be moved to resolve 

clashes. Huang and Lin (2019) developed an automation model to classify clashes using a rule-

based system and supervised learning and compared the accuracy of the two models. Table 21 

summarizes the current state of the art in the utilization of machine learning to improve different 

tasks in the design coordination process. The y-axis lists different machine learning algorithms 

utilized, the x-axis lists different design coordination tasks, and the citations on their intersection 

provide references to the research undertaken. 

Table 21. Current state of the art in implementing machine learning for design coordination. 

Machine 

Learning 

Algorithms 

Design Coordination Tasks 

Clash 

Classification 

Clashing 

element 

dependencies 

Elimination 

of irrelevant 

clashes 

Optimize 

element 

movement 

to improve 

clash 

resolution 

Automation 

of clash 

resolution 

Supervised 

Learning 

(Hu & Castro-

Lacouture, 

2019) (Huang 

& Lin, 2019) 

   
(Hsu et al., 

2020) 

Network Theory  
(Hu et al., 

2020) 

(Hu et al., 

2020) 

(Hu et al., 

2020) 
 

Rule-based 

Automation 

(Huang & Lin, 

2019) 
    

Reinforcement 

Learning 
     

 

A search of the Web of Science database presented 7 papers related to design coordination tasks 

and automation. Only one focused on the automation of clash resolution. To search relevant 
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publications, the following query is used: “TS = (("Clash Resolution" OR "Design Coordination") 

AND ("Construction Management" OR "Civil Engineering" OR "Construction") AND 

("Automation" OR "Machine Learning" OR "Artificial Intelligence" OR "Supervised Learning" 

OR "Unsupervised Learning" OR "Reinforcement Learning")) OR TI = (("Clash Resolution" OR 

"Design Coordination") AND ("Construction Management" OR "Civil Engineering" OR 

"Construction") AND ("Automation" OR "Machine Learning" OR "Artificial Intelligence" OR 

"Supervised Learning" OR "Unsupervised Learning" OR "Reinforcement Learning"))  OR AB = 

(("Clash Resolution" OR "Design Coordination") AND ("Construction Management" OR "Civil 

Engineering" OR "Construction") AND ("Automation" OR "Machine Learning" OR "Artificial 

Intelligence" OR "Supervised Learning" OR "Unsupervised Learning" OR "Reinforcement 

Learning"))”. A keyword co-occurrence analysis of these 7 publications is performed using 

VOSviewer (Van Eck & Waltman, 2011). VOSviewer analyses terms that co-occurred in these 

publications’ titles, abstracts, and keyword categories. Figure 20 shows the results of this analysis. 
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Figure 20. Term co-occurrence analysis 

The literature review shows that though machine learning has been used in the automation of 

multiple construction project tasks its use in the automation of clash resolution remains limited. 

The limited availability of literature on automation of clash resolution shows that this research 

topic is still in its infancy, and though the published research shows promising results, it fails to 

discuss different steps like data cleaning, balancing clashes, or validation involved in the 

development of machine learning model for automating clash resolution. 

The authors believe that to continue advancement of research in the area of automating clash 

resolution, more investigation into the creation of machine learning applications needs to be 

undertaken. This paper focuses on contributing to filling this research gap. 

3.1.4 Methodology 

The focus of this paper is to explore common strategies adopted for developing a machine learning 

model and developing a prediction model that can suggest possible clash resolution. The 
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investigation is limited to hard clashes between ducts and pipes as a proof of concept for the 

identified strategies. To achieve this objective, the authors have divided the research into three 

distinct phases. as follows and as outlined in figure 21: 

 

Figure 21. Phases involved in training and testing the supervised learning algorithm 
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3.1.4.1 Phase 1: Data Collection 

This phase has two steps and is focused on collecting relevant clash data from real-life case study 

BIM models to support the development of a machine-learning model. The data collected is 

focused on replicating the factors that industry experts consider when deciding on how to resolve 

the clash. This would assist in making the automation model more explainable and grounded in 

current practice. Literature review, industry interviews, and modified Delphi surveys is conducted 

in step-1 to capture the industry experts’ knowledge for clash resolution. Factors considered while 

resolving the clash and options to resolve the clash are also extracted from the captured knowledge. 

In step-2, clash data is collected using software like iConstruct (iConstruct, 2021), Dynamo  

(Dynamo, 2023), and talend (Talend, 2023). 

3.1.4.2 Phase 2: Data Preprocessing 

Collected data is processed to make it more suitable for the machine learning models. The authors 

identified common data preprocessing steps through a literature review that are utilized in machine 

learning (step 3). Appropriate data preprocessing steps are then selected and implemented by the 

authors in steps 4 through 9. For this paper the authors selected identification of missing data, one-

hot encoding of boolean and categorical data, feature selection through embedded method, class 

balancing through synthetic minority over-sampling, and data normalization through L2 

regularization as methods of pre-processing. 

3.1.4.3 Phase 3: Model Development and Selection 

Following data preprocessing, the data is used to train and validate multiple machine learning 

algorithms and architecture to identify the best suitable algorithm to develop a machine learning 

model for automating clash resolution (step-10). Based on the testing accuracy, the best machine 

learning algorithm is selected in step 11. The authors tested the accuracy of k-nearest neighbor, 

decision tree classifier, extra tree classifier, random forest classifier, and neural network machine 

learning models in predicting clash resolution options. These algorithms are selected based on their 

ability to perform multi-label classification (Sorower, 2010). 

Figure 21 outlines the phases involved in this research along with the distinct steps of each phase. 

These phases are discussed in more detail in the following section. 
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To limit the computation requirements of developing a machine learning model the clash 

resolution options are limited to movement of elements in x/y/z directions and only hard clashes 

between ducts and pipes are considered. Clashes in this paper are defined as when two or more 

elements physically intersect each other or occupy the same space. Clash resolution refers to the 

process of eliminating intersection between elements that if remained unresolved can cause loss 

of productivity in the project. The clash resolution options in this research refer to options of 

changes that can be made to the clashing elements available to the clash coordinators in order to 

eliminate clashes. Machine learning features are defined as inputs that are used to describe a data 

point, labels are the desired outputs corresponding to the given feature and over-fitting is a 

statistical error in machine learning where the developed model closely aligns with the limited data 

points. 

The BIM models utilized in this research to collect clash data include models of healthcare 

facilities and academic facilities and are provided by industry partners from various sectors 

including general contractors, sub-contractors, and owner representatives.  

3.1.5 Development of Machine Learning Model 

3.1.5.1 Phase 1: Data Collection 

As the first step towards developing an explainable machine learning model, feature and label 

space needs to be defined in such a way that it accurately represents industry knowledge and best 

practices. To capture this knowledge, the authors reviewed literature focused on the automation of 

clash resolution, clash identification, clash relevance prediction, clash correction sequence 

optimization, and industry best practices for clash coordination (Hsu et al., 2020; Hu et al., 2019b; 

Hu et al., 2020; Korman et al., 2003; Radke et al., 2009; Wang & Leite, 2016). The review resulted 

in identification of 24 clash factors considered when resolving clashes and 5 clash resolution 

options. The literature review was followed by interviews with 5 leading construction firms. A 

total of 15 interviews were conducted. The interviewees included individuals from general 

contracting and sub-contracting firms with a managerial role in the field of design coordination, 

computer assisted design, and virtual design and construction.  The goal of conducting the 

interviews was to reinforce the findings of the literature review and fill any gaps or missing 

knowledge. During the interviews, design coordination experts were requested to walk the authors 

through their clash resolution process using one of their BIM models in a think-out-loud process. 
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The interviews led to the discovery of 3 new factors considered when resolving clashes. Once the 

interviews were concluded, the authors consolidate some clash factors in a single factor to avoid 

redundancies. For example, “Baseline direction of the clashing element” and “Clash Type” factors 

could be combined as one factor “Plane and Orientation of the clashing element” as both of these 

factors focused on the orientation of clashing elements with respect to each other. This reduced 

the total identified factors count from 27 to 23.  

Once the factors and options are identified, using two rounds of modified Delphi a common 

consensus was obtained among the experts interviewed in the use of these factors and options. 

Eleven experts took part in the modified Delphi process with an average of 14.5 years of 

experience, the lowest being 6 years and the highest being 33 years. Every expert had at least an 

Associate or Bachelor’s degree in the field.  Through the modified Delphi, a consensus is obtained 

for all 23 clash factors and 5 clash resolution options. The method of conducting literature reviews, 

industry interviews, and modified Delphi to identify clash factors and resolution options is based 

on Harode, Thabet and Leite (2022). 

Ten factors (out of 23) are not considered in this paper due to the assumptions and scope made in 

this paper. Table 22 shows the list of 23 factors identified and the 10 factors not considered in this 

research along with reasons identified by the authors. The selected 13 clash factors defined the 

feature space of the machine learning problem for this paper. 

Table 22. Clash factors identified through literature review, interviews, and surveys. 

S. 

No. 

Clash Factors Used in the 

research 

Reason for the 

omission 

1. Start and End point of the clashing 

objects 

Yes N/A 

2. Dimensions of the clashing elements Yes N/A 

3. Element Slope Yes N/A 

4. Clashing element’s type Yes N/A 

5. Clashing element’s system type Yes N/A 

6. Clashing element’s material Yes N/A 

7. Constrained slope Yes N/A 

8. Insulation type No In this research 

clashes with the 

insulation were not 

considered 
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9. Rigidity of the clashing element No In this research 

clashes between rigid 

ducts and pipes are 

considered 

10. Critical element in the clash No Since only clashes 

between ducts and 

pipes are considered. 

No critical element 

such as VAV boxes is 

part of the clashes. 

11. Plane and orientation of the clashing 

elements 

Yes N/A 

12. Area of intersection/Relative center 

line of the clashing elements 

Yes N/A 

13. Clash group Yes N/A 

14. Available area around the clashing 

elements 

Yes N/A 

15. Location of the clash No The research assumes 

that all clashes occur 

in an area that does 

not restrict the clash 

resolution options. 

16. Proximity to other elements No This factor is similar 

to the factor 

“Available area 

around the clashing 

elements” 

17. Number of connected elements to the 

clashing element 

Yes N/A 

18. Code compliance No This factor dictates 

how much the 

clashing objects can 

move and not in 

which direction. 

19. Cost of resolving a clash Yes N/A 

20. Original design value for air and 

water flow calculation 

No The factors dictate 

how the size and 

shape of the clashing 

element can be 

changed. Since the 

research is only 

focused on the 

movement of the 

elements this factor is 

not considered 
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21. Project stage the clashing element is 

in 

No The research assumes 

that the construction 

project is completed in 

a single phase 

22. Vendor specification for equipment No Only clashes between 

Ducts and Pipes are 

considered in this 

research 

23. Hard or soft clash No Only hard clashes are 

considered in this 

research 

 

The authors further realized that some of the 13 clash factors considered could be further combined 

into a single clash factor, as some clash factors are the functions of the other clash factors. For 

example, by knowing the endpoints of the clashing elements, clash factors “Element Slope”, 

“Plane and orientation of the clashing elements”, and “Dimensions of the clashing elements” can 

be easily calculated. Therefore, when utilizing the data for training the machine learning model 

only clash factors “Start and End point of the clashing objects” can be used instead of four 

individual clash factors. This selection lead to further reduction of clash factors to 10. This reduced 

redundant information and dimensionality of the machine learning problem improving the overall 

computation efficiency of the developed model. Table 23 shows which clash factors are combined 

along with their data type, description, and examples. 

Table 23. Clash factor description, data type, and combination. 

S. 

No. 

Original Clash 

Factors 

Factor 

No. 

Combined Clash 

Factors 
Data Type 

Description and 

Example 

1. 

Start and End 

point of the 

clashing objects 

 

 

 

F1. 

 

 

 

Start and End 

point of the 

clashing objects 

 

 

 

Continuous 

Eight corner points of 

the bounding box 

surrounding the 

clashing elements. 

 

E.g.: VERTEX1(-6,-

64,65), 

VERTEX2(78,94,13)

, VERTEX3(23,-

35,3), 

VERTEX4(12,2,3) 

VERTEX5(-1,4,6), 

VERTEX6(78,9,3), 

2. 
Dimensions of the 

clashing elements 

3. Element Slope 

4. Plane and 

orientation of the 

clashing elements 
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VERTEX7(2,-5,23), 

VERTEX8(-2,23,43) 

      

5. 
Clashing element 

type 
F2. 

Clashing element 

type 
Categorical 

The type of clashing 

elements duct or pipe. 

 

E.g.: Pipes 

      

6. 
Clashing element 

system type 
F3. 

Clashing element 

system type 
Categorical 

System the clashing 

elements belong to. 

 

E.g.: Pressurized Pipe 

      

7. 
Clashing element 

material 
F4. 

Clashing element 

material 
Categorical 

The material the 

clashing element is 

made of. 

 

E.g.: Copper 

      

8. Constrained slope F5. Constrained slope Categorical 

Does the clashing 

element have a 

constraint on its 

slope? 

 

E.g.:1 (or yes) 

      

9. Clash group F6. Clash group Continuous 

The number of times 

a clashing element 

appears in the list of 

clashes. 

 

E.g.: 2 

      

10. 

Available area 

around the 

clashing elements 

F7. 

Available area 

around the 

clashing elements 

Boolean 

A factor indicating 

the availability of 

space in the six 

directions around the 

clashing element. The 

factor only checks the 

space equal to the 

dimension of the 

bounding box of the 

clashing element. 

E.g.: Direction x = 

True 
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Direction x minus = 

False  

Direction y = False 

Direction y minus = 

True 

Direction z = False 

Direction z minus = 

True 

      

11. 

Number of 

connected 

elements to the 

clashing element 

F8. 

Number of 

connected 

elements to the 

clashing element 

Continuous 

The number of 

elements connected 

with the clashing 

element. 

 

E.g.: 4 

      

12. 
Cost of resolving a 

clash 
F9. 

Cost of resolving a 

clash 
Continuous 

Per liner cost of a 

single piece of the 

clashing element. 

 

E.g.: $6/LF 

      

13. 

Area of 

intersection/Relati

ve center line of 

the clashing 

elements 

F10. 

Area of 

intersection/Relati

ve center line of 

the clashing 

elements 

Continuous 

The dimensions of 

the clash itself. 

 

E.g.: Clash height = 

0.141 

Clash width = 0.177 

Clash length = 1.462 

 

Figure 22 shows a diagrammatic representation of clash factors (F1 through F10) collected for this 

paper: F1 - shows the bounding box used to collect coordinates of 8 vertices of clashing elements. 

F2-F5 and F9 - show how Navisworks embedded properties are used to collect the representative 

factors. F6 - shows the round duct (green) clashed with two pipe elements (red) making it part of 

2 clash groups. F8 - shows that the clashing pipe (blue) is connected to 2 pipe elements. F10 - 

shows the bounding box (blue) of the clash between a duct and a pipe this bounding box is used to 

calculate the area of intersection for the clashing elements. 

Apart from identifying feature space, literature review, interviews and modified Delphi surveys 

also assisted in identifying label space for clash resolution. Five clash resolution options are 

identified that industry experts utilized to resolve clashes as shown in Table 24. 
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Figure 22. Examples of clash factors: (a) F1 = start and end point of the clashing objects; (b) F2 

= clashing element type; (c) F3 = clashing element system type; (d) F4 = clashing element 

material; (e) F5 = constrained slope; (f) F6 = clash group; (g) F7 = available area around the 

clashing elements; (h) F8 = number of connected elements to the clashing elements; (i) F9 = cost 

of resolving a clash; and (j) F10 = area of intersection/Relative center line of the clashing 

elements. 

Table 24. Clash Resolution Option 

Option No. Clash Resolution Option Description 

O1 Moving the clashing element with low priority in/along x-y-z directions to 

resolve the clash. 
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O2 Modifying the slope of the clashing element with low priority. 

O3 Modifying the length, width, and/or height of the clashing element with low 

priority  

O4 In cases of a systematic clash, occurrence redesigns the entire building system 

with low priority for a zone, floor, or area of the building to resolve multiple 

clashes. 

O5 Modifying the installation sequence and schedule of the element. 
 

Figure 23 shows the graphical example of all the identified clash resolution options: O1 - the riser 

for the domestic pipe is moved to the left to resolve the clash, O2 - the slope of the pipe elbow is 

modified to resolve the clash, O3 - the dimensions of the duct is modified to clear the clash between 

the duct (green) and hangers (red), the dimensions are modified in a way that it does not change 

the volume of the duct, O4 - a systematic error occurred when placing the hanger leading to the 

clash to resolve this, hanger locations are redesigned, and O5 - when installing the generator the 

door frame width is found to be shorter than the width of the equipment. To avoid the clash, the 

installation sequence of the generator is changed to be installed before the erection of the partition 

wall. 
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Figure 23. Examples of identified clash resolution options: (a) O1 = moving the clashing 

element with low priority in/along 𝑥-, 𝑦-, and 𝑧-directions to resolve the clash; (b) O2 = 

modifying the slope of the clashing element with low priority; (c) O3 = modifying the length, 

width, and/or height of the clashing element with low priority; (d) O4 = in case of a systematic 

clash, redesign the entire building system with low priority for a zone, floor, or area of the 

building to resolve multiple clashes; and (e) O5 = modifying the installation sequence and 

schedule of the element. 

 

The scope of the research also limited the clash resolution options to only movement in the x-y-z 

direction. Other options are grouped under the category “Other options” requiring further 

discussion with the design coordination team. 

Using 6 different Navisworks BIM models, the authors extracted the identified clash factors from 

506 clashes between ducts and pipes in these models and then manually labeled them. These 

models belonged to academic, and healthcare facilities. The models are provided by the industry 

experts in clash coordination representing general contractors, sub-contractors, and owner’s 

representatives. Table 25 provides basic background information on the models used in this study. 

Table 25. Information on the BIM model used for data collection 

BIM 

model 
Facility Type Project Type Size (sq. ft.) 

Project Delivery 

Method 
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Model 1 Healthcare Facility Steel Construction 225,000 CM at Risk 

Model 2 Healthcare Facility Steel Construction 121,000 Design-Bid-Build 

Model 3* Healthcare Facility Concrete 

Construction 

335,748 Design-Bid-Build 

Model 4* Healthcare Facility Concrete 

Construction 

335,748 Design-Bid-Build 

Model 5 Academic Facility Steel Construction 498,000 CM at Risk 

Model 6 Academic Facility Steel Construction 40,000 Design-Build 

* models of two different floors of the same project are used 

 

Data on clash factors between ducts and pipes are extracted from the models using proprietary 

tools like iConstruct, Dynamo, and Talend. The Navisworks models needs to be first imported into 

Revit to utilize Dynamo for data extraction. iConstruct was used to convert the Navisworks model 

and embedded data to IFC using its IFC Export tool. iConstruct’s clash report tool is also utilized 

to extract GUID of the clashing duct and pipe pairs in an excel. The IFC model was then imported 

into Revit. 

Dynamo graphs are then utilized to extract the values of the 10 clash factors. To identify the 

clashing element pairs in the Revit environment, extracted GUIDs of clashing element pairs are 

used. The concept of bounding boxes is used to extract spatial properties like “Start and End point 

of the clashing objects” of the clashing elements by creating a bounding box around each element 

and extract the coordinates of the 8 vertices of the bounding boxes. This concept is also used to 

find the “Area of intersection/Relative center line of the clashing elements” by clashing the 

bounding boxes of clashing elements and calculating the overlaps height, width, and length. To 

identify “Number of connected elements to the clashing element”, bounding boxes of individual 

clashing elements is clashed with the surrounding elements bounding boxes and then the number 

of clashes found is subtracted with number of actual clashes involving the clashing element to 

provide the total number of connections. Bounding boxes are also used to determine the “Available 

area around the clashing elements” by creating 6 bounding boxes in 6 directions (x, x-minus, y, y-

minus, z, z-minus) surrounding the clashing element of size similar to the size of the bounding box 

of the clashing elements. If these bounding boxes clashed with any other element in the model, the 

value for “Available area around the clashing elements” in that direction is returned as “False,” 

otherwise the value is returned “True” (Harode & Thabet, 2023b).The other factors are extracted 

from the properties embedded in the element using Dynamo. 
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The results of the data extraction process are two data files, one containing GUIDs of the clashing 

pair extracted through iConstruct and another containing clash data for each clashing element 

extracted using Dynamo. These two files are combined to generate a single data file. To achieve 

this Talend Studio is used. Using Talend’s “treeMap“ function, the clash data for individual 

elements is combined into a single file based on the clashing element GUIDs . This is similar to 

the “VLookUp” function of excel. This data extraction process is based on the procedure explained 

in Harode and Thabet (2023b). Table 26 provides data collected for two example clashes. 

Table 26. Sample data to be used of machine learning before pre-processing. 

Clashes Elements 

Clash Factors (Features) 

Clash 

Resolution 

Options 

(Labels) 

F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 
Element 

to move 

Directi

on to 

move 

Clash 

#1 

Element 1 

-165.849, -94.920, 

29.241, -165.849, 

-92.253, 29.241, -

170.536, -92.253, 

29.241, -170.536, 

-94.920, 29.241, -

165.849, -92.253, 

28.074, -165.849, 

-94.920, 28.074, -

170.536, -94.920, 

28.074, -170.536, 

-92.253, 28.074 

Duct

s 

Exhaust 

Air 

Sheet 

Metal 
0 1 

True, 

False

, 

True, 

True, 

True, 

True 

2 4 

0.14

,0.1

1,71

.46 

Element 

2 
Up 

Element 2 

-168.897, -95.764, 

29.276, -168.897, 

-93.457, 29.276, -

169.074, -93.457, 

29.276, -169.074, 

-95.764, 29.276, -

168.897, -93.457, 

29.099, -168.897, 

-95.764, 29.099, -

169.074, -95.764, 

29.099, -169.074, 

-93.457, 29.099 

Pipes 

Domest

ic Hot 

Water 

Coppe

r 
1 2 

True, 

True, 

True, 

True, 

True, 

True 

3 6 
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Clash 

#2 

Element 1 

-234.549, -

125.611, 28.986, -

234.549, -

121.923, 28.986, -

237.216, -

121.923, 28.986, -

237.216, -

125.611, 28.986, -

234.549, -

121.923, 27.653, -

234.549, -

125.611, 27.653, -

237.216, -

125.611, 27.653, -

237.216, -

121.923, 27.653 

Duct

s 

Exhaust 

Air 

Sheet 

Metal 
0 1 

False

, 

False

, 

True, 

True, 

True, 

False 

6 4 

0.50

,0.2

1,2.

11 

Element 

1 
Left 

Element 2 

-232.937, -

122.874, 29.089, -

232.937, -

122.697, 29.089, -

235.468, -

122.697, 29.089, -

235.468, -

122.874, 29.089, -

232.937, -

122.697, 28.911, -

232.937, -

122.874, 28.911, -

235.468, -

122.874, 28.911, -

235.468, -

122.697, 28.911 

Pipes 
Gravity 

Pipe 
PVC 0 1 

True, 

False

, 

False

, 

False

, 

False

, 

False 

2 2 

 

Once clash data is extracted, the element to be moved and the direction the element needs to be 

moved are selected to resolve the clash. This selection is based on the authors' experiences. The 

first author has 2 years of industry experience, with experience as BIM specialist in a large 

infrastructure project. The second author has 7 years of industry experience and over 15 years of 

BIM and clash resolution industry-based research experience. The selection process was also 

informed by discussion with industry experts and referencing the available final as-built model for 

some projects. This allowed to define the label space for the machine learning problem in this 

paper. Table 27 shows the labels defined for the clashes, their data type, and possible values. 
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Figure 24 shows examples of clash resolution data prepared for training and testing the machine 

learning algorithm in this paper. Area 1 of figure 19 shows the clash factors considered by industry 

experts when deciding on how to resolve clashes. This area acts as the feature space in the data. 

Area 2 is populated with data extracted for each clash based on the feature space, area 3 defines 

the label space in the data and area 4 is populated manually by the authors on how each clash is 

resolved.  

Table 27. Clash labels, data type, and possible values. 

Clash Labels Data Type Possible Values 

Element to move Categorical value Element 1, Element 2, 

Other Options* 

Direction to Move Categorical value Top, Bottom, Left, Right, 

Back, Front, Other 

Options * 

* denotes that clash cannot be solved by just the element movement in the x-y-z direction and 

requires further discussion. 
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Figure 24. Example of clash resolution data 

The figure shows clash factors “Start and end point of the clashing object”, “Area of 

intersection/Relative centerline of the clashing elements” and “Available area around the clashing 

elements” includes multiple values within them. Therefore, for the ease of data pre-processing and 

machine learning, values of these factors are spread across multiple columns each containing a 

single value from the factors. The figure also shows that out of 10 clash factors selected in this 

paper 9 factors are repeated for both the clashing elements and 1 factor is common between the 

clashing elements.  
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Figure 25 shows the factor “Start and end point of the clashing object” being divided into 24 

individual columns so that each column contains single coordinate value for each vertex.  

 

Figure 25. Conversion of single column into multiple to support data preprocessing. 

3.1.5.2 Phase 2: Data Preprocessing 

Data extracted can have missing values due to human errors or errors while utilizing the software. 

Using python code, columns with missing values are identified. In the dataset, none of the columns 

for features or labels included missing values. 

The data also included feature columns: Clashing Element 1 Type, Clashing Element 1 System 

Type, Clashing Element 1 Material, Clashing Element 2 Type, Clashing Element 2 System Type, 

and Clashing Element 2 Material and label columns: Element to move and Direction to move. 

These columns contained categorical values and had to be changed to binary values (0s and 1s). 

Table 22 shows the unique values present in these columns. Using the “.get_dummies” method for 

each of these columns their categorical values are converted into binary values through one-hot 

encoding. Additionally, feature columns: “Element 1 Z”, “Element 1 Z minus”, “Element 1 Y”, 

“Element 1 Y minus”, “Element 1 X”, “Element 1 X minus”, “Element 2 Z”, “Element 2 Z minus”, 

“Element 2 Y”, “Element 2 Y minus”, “Element 2 X”, and “Element 2 X minus” contained boolean 

values (True and False). These values are also converted into binary values. 

Figure 26 shows an example of one-hot encoding and binary conversion of: (a) feature column 

containing categorical value, (b) label column containing categorical value, and (c) feature column 

containing boolean value. From figure 26 and Table 28, it can be seen that after one hot encoding, 
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the number of labels increased from 2 [‘Element to Move’, ‘Direction to Move’] to 9 ['Element 1’, 

‘Element 2’, ‘Top’, ‘Bottom’, ‘Left’, ‘Right’, ‘Front’, ‘Back’, 'Other Options'], and the number of 

features are increased from 10 to 98. Since the labels increase to 9, the machine learning algorithms 

are now required to predict values for 9 labels for a given clash making this machine learning 

problem into a multi-label classification problem.  

 

Figure 26. One-hot encoding and binary conversion example: (a) one-hot encoding of clash 

factor: clashing Element 1 system type; (b) one-hot encoding of clash resolution option: 

Direction to Move; and (c) one-hot encoding of clash factor: Available area around the clashing 

Element 1. 

Table 28. Unique categorical values in the dataset 

Column Headings Unique Categorical Values 

Clashing Element 1 Type Ducts, Pipes. 

Clashing Element 1 System 

Type 

Exhaust Air, Supply Air, Return Air, Pressurized Pipe, Gravity 

Pipe, Sanitary Vent. 

Clashing Element 1 Material PEX, PVC, Carbon Steel, Galvanized Steel, Stainless Steel. 

Clashing Element 2 Type Ducts, Pipes. 

Clashing Element 2 System 

Type 

Exhaust Air, Supply Air, Return Air, Outside Air, Pressurized 

Pipe, Gravity Pipe, Sanitary Vent. 

Clashing Element 2 Material PEX, PVC, Copper, Galvanized Steel, Stainless Steel. 

Clashing Element to Move Element 1, Element 2. 

Direction to Move Top, Bottom, Left, Right, Front, Back. 
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Next the data collected is checked for class imbalance. Table 29 shows the distribution of labels 

for the original 506 clashes. It can be seen that more clash examples exist where element 2 needs 

to be moved. Similarly, more examples exist of elements moving up and down to resolve the 

clashes. It can safely be assumed that the generated dataset is imbalanced in nature and needs 

balancing. 

Table 29. Distribution of labels for 506 clashes. 

Element to 

Move 

Movement  

Other 

Options 
Back Bottom Front Left Right Top All 

Other 

Options 

31 0 0 0 0 0 0 31 

Element 1 0 27 30 10 21 23 51 162 

Element 2 0 15 125 27 17 34 95 313 

All 31 42 155 37 38 57 146 506 
 

The paper utilized the synthetic oversampling method to mitigate class imbalance. The selection 

of this method is due to the low number of data points available. Attempts to under sample the 

data would reduce the quantity of data further making it difficult to produce a machine-learning 

model with comparable accuracy. Random oversampling would create copies of existing data 

leading to overfitting on the machine learning model. 

When trying to balance the data using the synthetic oversampling technique, considerations should 

be made to using techniques that accounted for multi-label classification problems. Another 

consideration that needs to be made when selecting a synthetic oversampling technique is that most 

oversampling techniques are focused on class imbalance at a global level within the dataset. 

However, Liu et al. (2022) stated that the difficulty in recognizing a minority class arises from the 

distribution of classes in the local neighborhood of minority examples. They introduced a multi-

label synthetic oversampling method (MLSOL) whose selection of seed data instances for the 

generation of synthetic data and the process of creating synthetic data are dependent on the local 

distribution of labels. 
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Seed instances are selected with replacement based on “the probability of selection being 

proportional to the minority class values it is associated with, weighted by the difficulty of 

correctly classifying these values based on the proportion of opposite (majority) class values in the 

local neighborhood of the instance” (Liu et al., 2022).  

For synthetic data generation, the MLSOL method divides minority class instances into four types: 

Safe (SF) instance is present in a region overwhelmed by minority example, borderline (BD) 

instance is present in the decision boundary between majority and minority class, rare (RR) 

instances are placed in the area populated with majority class with isolated instances if pairs or 

triples of the minority class, and outlier (OT) instances surrounded by majority class. Once a seed 

instance is selected, a reference instance is randomly selected from k nearest neighbor of the seed 

instance. The feature values of synthetic data are calculated by interpolating the feature values of 

seed and reference instances. The distance (cd ϵ [0,1]) between the synthetic data and seed data is 

calculated with cd<0.5 meaning that synthetic data is closer to seed data and cd>0.5 means 

synthetic data is closer to the reference instance. 

The synthetic data’s label is assigned the label of seed instance if the label of seed and reference 

instance is the same. For cases where the seed instance belongs to a majority class, the seed and 

reference instances are exchanged to make sure the seed instance always belongs to the minority 

class. Depending on the type of minority class of the seed instance, a threshold value (ϴ) for cd is 

decided. This threshold value is used to decide on the label (seed instance label or reference 

instance label) for the synthetic data.  If ϴ ≤ cd, the synthetic data is assigned the label of seed 

instance or else the synthetic data is assigned the label of reference instance. 

This process results in the new data having the same global imbalance level for each label. 

However, it makes the local distribution of labels more complex by creating regions of overlapping 

labels to reduce the effect of localized majority of certain labels.  

The addition of the different percentages of synthetic data has been tested to analyze the effect of 

synthetic data on the overall accuracy of the machine-learning model. The percentage of synthetic 

data varies from 10% of original data to 100% of original data.  

After balancing the dataset, the authors normalized the clash data such that the sum of the square 

of all the features is equal to one, similar to L2 regularization. The authors then chose a hard-
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clustering classifier to identify outliers in the data set. As the distribution of data is not known, 

Univariate or Parametric methods to identify outliers could not be utilized. Additionally, as the 

focus of the paper is to identify the outliers and not to comment on the characteristics of the 

outliers, soft-clustering classifiers are also not adopted. 

For identifying the outlier and non-outlier clusters in the dataset, the density-based spatial 

clustering of application with noise (DBSCAN) method is chosen. DBSCAN works on the 

principle of minimum density level estimation (Schubert et al., 2017). DBSCAN considers two 

parameters to cluster the data: (1) the minimum number of neighbors (minPts) (5 selected for this 

research), and (2) the radius in which the neighbors need to be searched (r) (0.5 unit selected for 

this research). Data instances with more than specified minPts within the radius r are considered 

core points. Neighbor data points within the radius (r) of the core points are considered part of the 

core point cluster. If any of these neighbor data points are again a core point their neighbor within 

the radius (r) is considered part of the same cluster. Non-core points in this cluster are called border 

points. Data that does not belong to any of these cluster in DBSCAN are considered noise or 

outlier. 

To visualize the DBSCAN process adopted, the authors first needed to reduce the dimensionality 

of the feature space. Following one hot encoding, the clash resolution data had a 98-dimension 

feature space. Dimensionality reduction to 2 dimensions is achieved by Principal Component 

Analysis (PCA). PCA is a multivariate technique to analyze a dataset that contains multiple 

interrelated features to extract important information from the dataset and represent it as a set of 

orthogonal features called the principle component (Abdi & Williams, 2010).  

Figure 27 shows the transformation of clash resolution feature space from 98 dimensions to 2 

dimensions (shown as First Dimension axis and Second Dimension axis) using PCA and the 

clustering of data to identify outliers using DBSCAN. The DBSCAN analysis shows no outliers 

present (would be shown in red) in the dataset (original and synthetic). This method allowed for 

the identification of outliers based on the interaction between different variables (features) similar 

to the multivariate method and distance-based outlier identification based on non-parametric 

methods.   
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Figure 27. Principal component Analysis of 98 feature reduced to 2 dimensions and clustered 

using DBSCAN 

For feature selection, the authors selected the L2 regularization or RIDGE regularization with the 

embedded method. This is implemented using the “selectfrommodel” method in scikit learn and 

using “RidgeClassifier” as the estimator. Since L2 regularization is used, the coefficient values for 

the features do not go to zero and only reduce to a value close to zero. The code only selected 

features with high coefficient values. All features with a coefficient value lower than the mean of 

coefficients are dropped. The embedded method is selected because the filter method did not 

account for the interaction among the different features and the wrapper method had the limitation 

of being computationally heavy when dealing with high dimensional feature space (98 dimensions 

for the dataset).  

Figure 28 shows the hierarchy of steps and methodology that can be adapted to pre-process the 

data. In the figure, the data pre-processing steps adopted in this paper are shown in green highlight.  
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Figure 28. Methodology involved in data pre-processing 

3.1.5.3 Phase 3: Model Development and Selection 

For the development of the machine learning model, 98 features are considered as the input. For 

the output, the machine learning model had to predict which of the two clashing elements needs to 

be moved and in which direction. This would be done by the model predicting a 0 or 1 for which 

element to move, and in which direction in the format ['Element 1’, ‘Element 2’, ‘Top’, ‘Bottom’, 

‘Left’, ‘Right’, ‘Front’, ‘Back’, 'Other Options'].  For example, if the model predicts that element 
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1 needs to be moved in the left direction, the output would be [1,0,0,0,1,0,0,0,0] with all 9 values 

are predicted individually. This makes the machine learning model a multi-label prediction model. 

Training and testing accuracy of the k-nearest neighbor, decision tree classifier, extra tree 

classifier, random forest classifier, and neural network machine learning models are calculated for 

different percentages of synthetic data. These different machine learning algorithms are selected 

as they supported development of multi-label prediction models and represented different learning 

algorithms (Sorower, 2010). 

To find the hyper-parameters resulting in the best accuracy model for the selected machine learning 

algorithm, the “GridSearchCV” is utilized. GridSearchCV searches the best hyperparameter for a 

given machine learning algorithm from a user defined set. Table 30 shows the possible hyper-

parameter range defined by the authors to facilitate GridSearchCV and the value selected. 

GridSearchCV is performed for all the variations of synthetic data for a given algorithm with 5-

fold cross validation.  

Table 30. Hyperparameter possible values for machine learning algorithms. 

Machine Learning 

Algorithm 

Hyperparameter Possible Values Selected Value 

k-nearest neighbor 

n-neighbors [5, 6, 7, 8, 9, 10] 5 

algorithm ['auto', 'ball_tree', 

'kd_tree', 'brute'] 

‘kd_tree’ 

Decision tree 

classifier 

criterion ['gini', 'enropy', 'log_loss'] ‘log_loss’ 

max_depth [10, 20, 30, 40, 50] 30 

Extra tree classifier 

n_estimators [10, 20, 30, 40, 50, 60, 

70, 80, 90, 100] 

90 

criterion ['gini', 'enropy', 'log_loss'] ‘gini’ 

max_depth [10, 20, 30, 40, 50] 40 

Random forest 

classifier 

n_estimators [10, 20, 30, 40, 50, 60, 

70, 80, 90, 100] 

60 

criterion ['gini', 'enropy', 'log_loss'] ‘log_loss’ 

max_depth [10, 20, 30, 40, 50] 50 

Artificial neural 

network 

loss binary_crossentropy binary_crossentropy 

optimizer adam adam 

kernel_initializer he_uniform he_uniform 

hidden_layers [20,5, 10] 20 

units [1000,500,100] 500 
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To develop the machine learning model, the following libraries and modules are used: pandas, 

numpy, sklearn, tensorflow, and keras. The dataset is divided into 70% for training and 30 % for 

testing. Training and testing accuracy of all the algorithms for different percentage of synthetic 

data is also tested. If both the training and testing accuracy of the model is calculated to be low, 

the model is considered under fitted. If the testing accuracy is identified to be much lower than the 

training accuracy, the model is considred to be overfitted. Figure 29a, 29b, 29c, 29d, and 29e shows 

the training and testing accuracy of the machine learning models for different percentages of 

synthetic data. 
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Figure 29. Testing and training accuracy of the different machine learning models: (a) 𝑘-

neighbor classifier; (b) decision tree classifier; (c) extra tree classifier; (d) random forest 

classifier; and (e) artificial neural network. 
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Figure 29 shows that all the decision tree base classifiers (decision tree, extra tree, and random 

forest classifier) are subjected to overfitting and showed low testing accuracy. The k neighbor 

classifier though did not overfit but showed lower accuracy. Only artificial neural networks 

showed considerable accuracy without overfitting. Therefore, this model is selected and further 

analyzed to identify the optimum percentage of synthetic data to be used. This analysis is 

performed by running the same neural network model for 10 different runs for 10 different 

percentages of synthetic data and one without the synthetic data. Figure 30 shows the box and 

whisker plot for this analysis. The artificial neural network included: (1)  an input layer with ‘relu’ 

activation, 98 nodes, and a ‘he_uniform’ initializer, (2) 20 hidden layers with 500 nodes each, and 

‘relu’ activation, and (3) an output layer with ‘sigmoid’ activations and 9 nodes. The neural 

network utilized ‘binary_crossentropy’ as a loss function and ‘adam’ optimizer. This architecture 

is chosen as a result of GridSearchCV. Figure 31 shows the architecture of the neural network 

selected. 
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Figure 30. Accuracy of the neural network for 11 runs for different percentages of synthetic data 
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Figure 31. Selected artificial neural network architecture 

Figure 30 is a box and whisker plot that shows 3 different values for each percentage of synthetic 

data average accuracy, maximum accuracy, and minimum accuracy for 11 runs of the training and 

testing.  

From the plot, it can be seen that the machine learning algorithm is fitted correctly and shows a 

testing accuracy of close to 80% with maximum testing accuracy of 84% for 20% synthetic data 

which also had the highest average accuracy. A confusion matrix is not utilized to test the accuracy 

of the machine learning algorithms because unlike traditional classification (single label 

classification) in multi-label classification, predictions made for a data point are in the form of a 

set of predicted labels. This can make prediction for a data point either fully correct, partially 

correct, or fully incorrect (Sorower, 2010). This makes evaluation of multi-label classifiers using 

a confusion matrix more challenging than a single label classifier.  

3.1.6 Results 

Developing an accurate machine learning model is a complex process and requires careful 

selection of data pre-processing techniques and machine learning algorithms. In this paper, the 

authors showed how carefully extracted and manually labeled data for clash resolution can be 

utilized to create an accurate prediction model capable of predicting clash resolution strategies for 
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a given clash with given clash factors. The authors faced the challenge of having a limited quantity 

of imbalanced data to develop an efficient machine-learning model. To overcome this limitation 

the authors augmented the original data with synthetic data to account for clash imbalance and 

increase the data quantity. To find the optimal percentage of synthetic data to be included, the 

authors tested the machine learning model with increasing increments from 10% to 100% of the 

original data as synthetic data. These datasets were first tested for different machine-learning 

algorithms out of which all decision tree-based algorithms overfitted, a common drawback of 

decision tree algorithm. Only, k nearest neighbor and artificial neural network (ANN) algorithms 

showed a proper fit. Between these two algorithms, the ANN model showed the highest accuracy 

for different percentages of synthetic data. 

To analyze the performance of ANN further, the testing and training accuracy of the model was 

calculated for 11 different percentages of synthetic data. The results showed that the highest 

accuracy of 84%, and the highest mean accuracy of 79.7% are achieved when synthetic data is 

20% of the original dataset. The 80% accuracy obtained by the neural network in this paper is 

considerably lower than the accuracy obtained by many state-of-the-art algorithms. This low 

accuracy can be easily attributed to limited availability of clash resolution data (506 original data 

point). Low amount of data points limits the generalizability of the developed machine learning 

model and affects accuracy of the model on unseen data (testing data). 

To achieve an accuracy over 80% using ANN, a 20 hidden layers neural network architecture with 

500 nodes each is utilized. Though a desirable accuracy is obtained using a neural network, high 

number of hidden layers and nodes are not recommended. High number of hidden layers and nodes 

increase the training time for the neural network and make the entire training process 

computationally heavy. Another drawback of using a dense neural network architecture is that 

these networks are more likely to overfit. Therefore, in case of developing an automation model 

using limited data preference should be first given to increase the dataset by first acquiring more 

datapoints, followed by use of synthetic data, use of algorithms that work well with limited data 

and then use of dense network architecture. 

Calculating both the testing and training accuracy of the developed machine learning algorithm is 

also an important step in checking how well the developed model fits. In cases where the training 

and testing accuracy of the model is low the model is said to be underfit. Overfitting occurs when 



152 
 

the model shows high accuracy for the training data but low accuracy for the testing data. In this 

research, all decision tree-based algorithms showed overfitting after training. This behavior can be 

again attributed to the low availability of data for machine learning.  

3.1.7 Conclusion 

The objective of this paper was to develop a machine-learning model that could predict clash 

resolution options for a given clash with acceptable accuracy. To achieve this objective the paper 

defined three research questions: 

1. What is the process of developing a prediction model for clash resolution automation using 

machine learning? 

2. How can class imbalance and limited data quantity of clash resolution data be addressed? 

3. Which machine learning model is best suited for developing a prediction model for clash 

resolution? 

This paper contributes to the body of knowledge by first describing a detailed process of 

developing a machine learning algorithm using multiple data pre-processing techniques such as 

one-hot encoding, outlier detection using PCA and DBSCAN, data normalization, and feature 

selection using the embedded method. Second, the paper also discussed the issue of class 

imbalance in machine learning and limited data and utilized MLSOL to generate synthetic data to 

balance the data and create additional data to account for the limited dataset. Finally, the paper 

tested multiple machine-learning models and concluded that an artificial neural network with a 

20% increase in data using synthetic data performed the best. The paper did not discuss the 

reasoning on why 20% increase in data provided the best results, as that would require deeper look 

into the distribution of training and testing data, machine learning algorithms of choice, and 

algorithms used to create the synthetic data. This analysis is currently out of the scope of this paper, 

but makes a relevant and important point for future research. 

For the machine learning model developed in this paper, the authors did not consider a specific 

project type or project delivery method and combined data from different BIM models to create 

the machine learning model. The idea behind this decision is that the authors wanted the machine 

learning model to decide on the priority of the elements to be moved irrespective of the project 

type. Future research work is needed to implement a machine learning model that would consider 
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the project type and project delivery method. This would increase the accuracy of the model 

making it more realistic and matching the industry standards in its decision making. Another area 

of future work can be the expansion and improvement to data collected for training and testing the 

model. As stated earlier, the authors used their experiences in the construction industry to label 

some of the clashes in the data collected. The authors understand that the use of more experienced 

users to label clashes, the better the clash resolution labeling is and higher the accuracy of the 

model prediction for automating clash resolution. Therefore, as part of future work, a more 

experienced industry professionals can be included to assist in data labeling.  

The procedure detailed in this paper along with a large clash resolution dataset can be utilized by 

design coordinators in the construction industry to develop an automation model capable of 

utilizing the developed machine learning model to automatically detect and resolve clashes using 

tools like Revit API. This automation model holds the capability of significantly reducing the time 

required to develop a clash free model. In cases of low trust on the automation model the machine 

learning model in itself can also act as an expert system capable of making informed suggestions 

on how a clash can be resolved to the design coordination team. This recommendation system can 

limit the discussion time in coordination meeting by, for example, reducing time spent on clashes 

that are easier to resolve, and allowing more time to discuss more complex multi-element or multi-

system clashes. 

Though the prediction model developed in this paper showed an accuracy of around 80%, it is not 

an ideal accuracy for a prediction model. This can be attributed to the limited quantity of data 

available for the research.  To mitigate this limitation and as a part of future research, the authors 

propose the use of a federated supervised-reinforcement learning algorithm. In this algorithm the 

supervised model developed in this paper is to be used as pre-training for a reinforcement learning 

algorithm that can interact with the environment (BIM model with clash) and develop a prediction 

model with better accuracy than the model developed. The use of supervised learning in the 

federated model will also allow for faster learning by providing an initial estimation of how the 

clashes should be resolved. 



154 
 

3.1.8 Data Availability Statement 

Some data, models, or code that supported the findings of this study are available from the 

corresponding author upon reasonable request, this includes: (1) the dataset used to train and test 

the machine learning algorithm. 

3.1.9 Acknowledgments 

The authors would like to acknowledge and thank the construction industry partners and software 

providers who took part in this work and provided their valuable time, experience, software 

licenses and 3D model to support the research. The views and findings expressed in this paper are 

those of the authors and do not reflect those of the industry partners and software providers. 

  



155 
 

3.2 Extracting BIM data to support a machine learning model for automated clash 

resolution. 

Conference: 59th Annual Associated Schools of Construction International Conference 

Authors: Ashit Harode, and Walid Thabet, Ph.D., CM-BIM  

3.2.1 Abstract  

Clash resolution is considered a critical step to resolve issues among the different disciplines for a 

construction design to be realized as expected. This step, however, continues to remain slow and 

manual which can significantly delay a project and drive-up costs. A combined machine learning 

model was proposed by Harode and Thabet (2021) to automate the clash resolution process. A 

large amount of labeled dataset is required to train and test the proposed model. The dataset is 

planned to be extracted from various industry-provided federated construction BIMs. Federated 

construction models are created from multiple subcontractor component models authored using 

different software. As a result, data is stored in various formats using different data structures 

making the extraction process difficult. In this paper, the authors demonstrate the use of 

commercially available software tools including iConstruct, Dynamo, and Talend to overcome this 

limitation and extract the necessary data. The paper first defines the required data structure 

followed by a data extraction process to capture required data from clashing elements in the 

federated BIMs. The paper also discusses a novel method of extracting end point coordinates and 

moveable area for clashing elements using bounding boxes. The paper concludes with future 

research directions. 

3.2.2 Introduction 

On any construction project, the coordination of mechanical, electrical, and plumbing (MEP) 

systems accounts for 6% of the total MEP cost (Hu et al., 2020). MEP coordination can be divided 

into two steps. In the first step, clash detection is performed and is focused on identifying MEP 

elements that occupy and compete for the same physical space. Clashes can either be detected 

manually using model walkthroughs, or automatically using Building Information Modeling 

(BIM) software tools such as Clash Detective from Navsiworks. In the second step, clashes are 

analyzed, filtered, classified, and discussed in coordination meetings to identify potential 

resolution strategies (Hu & Castro-Lacouture, 2019). Clash resolution remains a manual and slow 

process that relies heavily on the BIM coordinators' experience. One way to improve clash 
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resolution is through the use of machine learning. Using machine learning to automate clash 

resolution has many benefits but requires a large amount of data to ensure its effectiveness and 

accuracy (Xu et al., 2021). Limited availability of data when training a machine learning model 

can limit its effectiveness due to model overfitting. Overfitting is a modeling error that introduces 

bias to the model making it too closely or exactly related to a particular set of data, and irrelevant 

to other data sets. The model may fail to fit additional data or predict future observations reliably. 

Therefore, effective development of the machine learning model requires a large amount of labeled 

dataset as input that relies heavily on capturing sufficient expert knowledge. 

Harode and Thabet (2021), and Harode, Thabet and Gao (2022) proposed a machine learning 

model to effectively automate clash resolution with limited data. The proposed model uses a 

combined supervised and reinforcement machine learning algorithm to automate clash resolution. 

The supervised learning model will be trained using limited clash resolution data. This model is 

later improved upon by acting as pre-training data for the reinforcement learning model. The 

proposed algorithm is hypothesized to be faster, more efficient, and require less data input to 

resolve clashes compared to using supervised learning or reinforcement learning individually. 

Selecting the appropriate features for training a machine learning model is an important step that 

needs to be conducted to ensure that the model generates better data relationships and is 

explainable and implementable (Harode, Thabet, & Leite, 2022). Using literature review and 

industry interviews with experts from several general contractors and mechanical contractors, 

Harode, Thabet and Leite (2022) identified 13 factors (or features) of a clash that are utilized by 

clash coordination experts to resolve clashes. These factors are summarized in table 31. To 

implement an effective machine learning model, the proposed model will require a reasonable size 

dataset containing factors and their values for different clashing elements. Using several case study 

BIMs, the authors extracted data for the 13 factors from clashing elements in these models and 

stored the data as shown in figure 27. Factors 1 through 11 are specific to each clashing element, 

whereas, factors 12 and 13 are common between the clashing elements. A detailed description of 

these factors is provided by Harode et. al., 2022. Example values for each factor are provided in 

figure 27 to illustrate the types of data that were captured from the case study models. 

Table 31. List of factors (features) identified. 
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With reference to figure 32, area 1 shows the list of 13 factors identified by Harode et al. (2022). 

In this paper, the authors explore, and test data extraction methodologies and tools used to capture 

data from the case study BIMs to populate area 2.  This data will later be used to train the proposed 

machine learning model. Area 3 is the label heading for the machine learning model and area 4 

represents potential options for resolving each clash acting as labels for the training dataset. Data 

for area 3 and 4 are not part of the data extraction process detailed in this paper and will be 

populated by the authors for each clash based on authors experience, discussion with the industry 

experts, and comparison with the final coordinated as-build models. 

 

S. No. Factors S. No. Factors 

1. Start and End Point (X, Y, Z) 8. Clashing Element Rigidity 

2. Element Dimensions 9. Number of Clashes 

3. Clashing Element Type 10. Moveable Area 

4. Clashing Element System Type 11. Number of Connections 

5. Clashing Element Constrained Slope 12. Critical Element in the Clash 

6. Insulation Size 13. Location of the Clash 

7. Clashing Element Material   
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Figure 32. Organization of Factors and their values, and labels and their values for training the 

machine learning model proposed by Harode and Thabet (2021). 

Xu et al. (2021) concluded the need to make construction data more available to support the 

development of Machine Learning in the construction industry. Given that Machine Learning is a 

highly data-driven process, they highlighted that data availability plays a key role in its 

implementation. They also concluded that difficulty in construction data acquisition and manual 

annotation is one of the limiting factors of Machine Learning adoption in construction. Bilal et al. 

(2016) while talking about the pitfalls of big data in the construction industry addressed 

fragmented data management practices as a cause for slower adoption of trends like big data. As a 

move forward towards effective data extraction from BIMs, Ignatova et al. (2018) explored and 

compared the extraction of embedded BIM data in the Revit model using standard Revit tools, 

SharpDevelop code editor, and Microsoft Visual Studio Plug-in. The data was extracted to support 

the future development of smart cities. Kim et al. (2013) also developed a framework that extracted 

data stored in BIM models to automate the generation of construction schedules. This framework 

was tested using a BIM model of a basic building. To improve the data extraction process for BIM 

models, Guo et al. (2020) developed a method to automatically generate SPARQL (Standard 

Query Language and Protocol for Linked Open Data and RDF database) queries based on users’ 

data requirement. This method was validated using multiple case studies in which effective and 

accurate SPARQL queries were generated using the proposed method to facilitate data extraction. 

Kadcha et al. (2022) proposed an integrated solution using Dynamo and Power BI to facilitate data 
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extraction and visualization. The data was extracted in the AEC domain of cost extraction, clash 

detection, change detection and plan extraction. Dynamo was used to extract data from the BIM 

models while Power BI was used to visualize the extracted data.   

On a majority of construction projects, discipline component models (architecture, structure, 

HVAC, mechanical pipe, electrical, plumbing, fire protection, etc.) are first created using different 

model authoring tools, then integrated into a federated model. This creates challenges in extracting 

data from the federated model due to different data structures, formats and naming conventions 

used by the different source discipline models. Therefore, the research question that this paper is 

focused on answering is how can clash data from federated model created using models authored 

by multiple software be effectively extracted to support creation of machine learning models for 

clash resolution? To answer this question, the authors explored and tested multiple software tools 

that can be utilized to facilitate extracting data for the 13 factors identified from federated 

Navisworks models. Tools tested included, iConstruct (https://iconstruct.com/), Dynamo 

(https://dynamobim.org/), and Talend Studio (https://www.talend.com/). iConstruct is an add-on 

to Navisworks and provides users with a large suite of tools to manage design and construction 

information. Users can export custom-built clash reports using the Clash Report tool or export the 

Navisworks model as IFC with desired properties using IFC Exporter. Dynamo allows users to 

interact with Revit API using Visual Programing to process data, generate geometry, and extract 

information. Finally, Talend Studio was used to create a data pipeline that can combine data in 

several Excels into a single Excel spreadsheet using a common data value. Talend can be used to 

preprocess data from any type and any number of data sources and export the data to a user-defined 

format. 

The following section discusses the detailed research steps adopted by the authors to extract values 

for the 13 factors from several case study BIMs. The research focused the analysis on clashes 

between ducts and pipes only, using several Navisworks models of various case studies provided 

by industry partners. The paper concludes with a discussion and conclusion drawn from the tested 

data extraction process. 

3.2.3 Research Steps 

Figure 28 summarizes five main steps involved in the data extraction process.Using Clash Report 

function of iConstruct (1), clash test data including clash test name, clash group, clash name, and 
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clashing element GUIDs were exported to an Excel file (ClashData.xlsx). Using the IFC export 

function of iCosntruct (2), the Navisworks model is exported and saved as an IFC file along with 

element properties like element GUIDs, element system type, element material type, area of the 

element, and element type. It should be noted that these element properties should be pre-defined 

in the Navisworks models used so that they can be exported with the model and used in the anlysis. 

The IFC model file is imported into Revit (3) and Dynamo (4) was used to extract the 13 clash 

factors to a second Excel file (ElementData.xlsx). Using the GUID parameter common between 

the two Excel files, data from both files (1-3 and a-e) are combined using the tMap function of 

Talend Studio (5). To test the proposed data extraction tools described in figure 33, the Navisworks 

model for a medical facility case study is selected. The federated model is generatred from 

combining several component discipline models with varying file formats including .nwc, .dwg, 

and .dwfx. Parameter data defined in figure 28 for clashes between duct and pipe elements are 

identified and extracted using the tools and steps described. The following subsections provide a 

more detailed description of how each tool was used to extract the required data. 

3.2.3.1 Using iConstruct to export Clash Data and IFC model 

The Navisworks model for the medical facility case study was pre-loaded with clash tests 

conducted by the general contractor during the design coordination phase. iConstruct’s clash report 

tools allow users to export clash data in PDF or Excel format. These clash reports are completely 

customizable and can include any data embedded into the clash elements.. In the proposed 

methodology, the clash report tool was used to custom-create an Excel template to export different 

clash information including the clash name, clash test group, and clashing elements GUIDs. The 

exported clash report (ClashData.xlsx) will be utilized to identify a clashing element using their 

GUIDs in the IFC model.  
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Figure 33. Proposed Methodology to extract clashing element data. 

While retrieving data from BIMs, the lack of use of BIM authoring tools with standard file formats 

creates an interoperability issue and results in significant challenges to extract the data using 

common extraction rules. Different sub-contractors utilize different model authoring tools leading 

to the use of different data structures and property naming conventions. To overcome these 

challenges, the Smart IFC Export tool of iConstruct was used to export the Navisworks model to 

an IFC file along with the desired properties. In this proposed methodology the mechanical and 

plumbing models of the medical facility are exported as IFC files along with additional properties 

such as GUID, Material, Type Area, Layer, Source File, and Description in Navisworks.  

3.2.3.2 Using Dynamo to extract and export factor data from the IFC model 

Using the Revit model, Dynamo Graphs  is used to extract values for the 13 clash factors from 

clashing elements identified by their GUIDs. Various spatial properties of clashing elements such 

as their start and end points and the moveable area around the clashing elements need to be 

extracted. Since duct and pipe elements in the converted IFC to Revit model did not originate from 

a Revit component discipline model, they are missing geometric parameters like element line 

segments and end point coordinates, and could not be extracted directly. The authors used the 

concept of bounding boxes to extract the missing spatial properties. Using Dynamo, bounding 

boxes were first created around all clashing elements and then converted into cuboid geometry. As 

shown in figure 34a, the eight vertices of these cuboids were extracted as the endpoint coordinates 

of the clashing elements. To identify available free space around each clashing element, six similar 

bounding boxes are created and placed around the boundaries of the element. These bounding 
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boxes were then checked for possible clashes with other surrounding elements. If a bounding box 

returned a true value this indicated that another element interfered with the bounding box. All six 

sides around the clashing element were checked for other elements within its vicinity to determine 

feasible options to resolve the clash. Figure 34b shows the 6 bounding boxes surrounding the 

clashing element. The clashing element cannot be moved in the direction of bounding box “6” 

because it is clashing with the air terminal restricting the movement of the clashing element in that 

direction. 

(a)  (b)  

Figure 34. (a) Bounding box around an IFC element (blue) along with eight vertices (red). (b) 

Six bounding boxes surround the clashing element. 

Because original component models were authored using different software platforms, embedded 

data in each model has a different structure hierarchy with different naming convention adopted 

resulting in inconsistent names for the same parameters. This did not allow for a straightforward 

approach to extract required parameter data of clashing elements from the federated model. This 

limitation is partially overcome by converting the Navisworks model into IFC resulting into a 

standardized data hierarchy as per IFC schema. Limitation of different naming convention of 

properties name could not be overcome required the authors to manually identify property names 

used by each component model and manually input the names into the Dynamo Graph script to be 

able to extract their values. The extracted 13 clash factors using Dynamo are exported to an Excel 

file (ElementData.xlsx) along with a unique GUID value corresponding to each of the clashing 

element. As discussd in the next step, this GUID is  used to combine the ClashData.xlxs with 

ElementData.xlsx.  
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3.2.3.3 Using Talend to combine the two Excel data 

Talend Studio is a software tool that can be used to build data pipelines focused on data integration, 

data cleaning, data pre-processing, and data management. Talend can handle large datasets from 

multiple data sources and create replicable pipelines that can speed up the data processing time. In 

this paper, Talend is used to combine data from the ClashData.xlxs with data from the 

ElementData.xlsxinto a single Excel file. This step can also be performed using the “VLookUp” 

function in Excel or writing a custom code in python. The use of Talend in this paper has been 

prompted by the need to perform data integration and data cleaning on large datasets when thinking 

about the practical implementation of machine learning. The use of Excel is limited to smaller 

datasets and file format (.xlsx) and python requires users to have experience with the coding 

language. To overcome these limitations, the authors in this paper have tested the Talend Studio 

software. Talend provides a graphical user interface platform that can be used to create pipelines 

for data integration, transformation, and pre-processing. It is also capable of handling big data 

more effectively making it a more powerful and more efficient replacement for Excel and python 

when handling a large amount of data commonly generated while performing design coordination 

on larger projects. In this paper, a relatively small dataset is used to test the proposed methodology. 

But in a practical scenario, while training a machine learning algorithm, thousands of rows of data 

are required. Therefore, the authors decided to explore the tools that can be utilized to work with 

big data for practical industry implementation.  

Talend’s tMap component can transform and route data from multiple sources to a single 

destination making it an ideal candidate for data integration using the two Excel files. tMap’s 

mapping capabilities allow for defining the data routing and transformation of the final data. Two 

or more data sources can be combined using a common column as a relationship link. Users can 

export combined files in the format of their choice. Two comma-separated file for each of the two 

Excel files (ClashData.xlsx and ElementData.xlsx) are generated and imported into Talend. Using 

the tMap component, the GUID 1 value for the first row of data in the ClashData.csv is read. This 

GUID value is then searched in the ElementData.csv and the row associated with this GUID value 

is copied and merged to the end of the first row of the Clash Data Excel spreadsheet. Similarly, 

the row corresponding to the GUID 2 value in the ElementData.csv is searched and merged to the 

end of the first row in the ClashData.csv adding the clashing elements BIM and spatial data to the 
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ClashData.csv. This process is repeated for all rows in the ClashData.csv. The new Excel is saved 

with the name IntegratedClashData.xlsx. 

3.2.4 Results 

Table 32 shows an example of data collected for two clashes using the proposed workflow. The 

clash factor number in the table corresponds to the factors shown in figure 27. To understand how 

machine learning will be utilized to automate clash resolution, the table is divided horizontally into 

two sections. The Clash Factors representing required input or Features, and Clash Resolution 

Options representing required output or Labels. Clash Features contain the information for each 

clash that clash coordination experts will look for before making the decision on how to resolve 

the clash as discussed by Harode et al. (2022). This information includes information regarding 

individual clashing elements (Features 1 through 11) and information regarding the clash as a 

whole (Feature 12 and 13). Clash Labels comprise information on how the clash will be resolved. 

Examples of Labels may include element priority, direction of movement, and angle of sloping the 

element. This data for the Labels is decided by the authors based on experience, discussion with 

the authors, and extracting results from coordinated final as-built models. 

Table 32. Sample Clash Data 

Clash Factors (Features) 

Clash 

Factor  

Clash #1 Clash #2 

Element 1 Element 2 Element 1 Element 2 

1 

-165.849, -

94.920, 29.241, -

165.849, -

92.253, 29.241, -

170.536, -

92.253, 29.241, -

170.536, -

94.920, 29.241, -

165.849, -

92.253, 28.074, -

165.849, -

-168.897, -

95.764, 29.276, -

168.897, -

93.457, 29.276, -

169.074, -

93.457, 29.276, -

169.074, -

95.764, 29.276, -

168.897, -

93.457, 29.099, -

168.897, -

-234.549, -

125.611, 28.986, -

234.549, -

121.923, 28.986, -

237.216, -

121.923, 28.986, -

237.216, -

125.611, 28.986, -

234.549, -

121.923, 27.653, -

234.549, -

-232.937, -

122.874, 29.089, -

232.937, -

122.697, 29.089, -

235.468, -

122.697, 29.089, -

235.468, -

122.874, 29.089, -

232.937, -

122.697, 28.911, -

232.937, -
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94.920, 28.074, -

170.536, -

94.920, 28.074, -

170.536, -

92.253, 28.074 

95.764, 29.099, -

169.074, -

95.764, 29.099, -

169.074, -

93.457, 29.099 

125.611, 27.653, -

237.216, -

125.611, 27.653, -

237.216, -

121.923, 27.653 

122.874, 28.911, -

235.468, -

122.874, 28.911, -

235.468, -

122.697, 28.911 

2 3 1 3 2 

3 Ducts Pipe Ducts Pipe 

4 
Exhaust Air Domestic Hot 

Water 

Exhaust Air Gravity Pipe 

5 No No No Yes 

6 0 1 0 0 

7 Sheet Metal Copper Sheet Metal Cast Iron 

8 Rigid Rigid Rigid Rigid 

9 2 1 2 1 

10 In X Direction In -Z Direction In X Direction In Y Direction 

11 2 2 2 2 

12 N/A N/A 

13 Mechanical Room Mechanical Room 

Clash Resolution Options (Labels) 

Element to 

Modify 

Element 2 Element 1 

Modification 

to be made 

Up Left 

The objective of any machine learning algorithm is to identify the relationship between the two 

sections of table 26. During the training phase of the machine learning model, the algorithm will 

be provided with two inputs, Clash Factors (Features) for all the clashes identified and their Clash 

Resolution Options (Labels). The algorithm will then attempt to identify an equation that maps the 

values of Clash Factors (Features) to their corresponding Clash Resolution Options (Labels) by 

assigning weights to these features. The weight of each factor is calculated by minimizing the loss 
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function (e.g. squared mean error) between the predicted and actual labels for the clashes in the 

training data set. For testing the accuracy of the trained machine learning model, the algorithm is 

provided a different set of clash factors and the predicted labels are compared with the actual labels 

to assess accuracy.   

3.2.5 Discussion and Conclusion 

Extracting, integrating, transforming, and cleaning large amounts of data is an essential step in 

machine learning. As we continue the research to explore how machine learning can be used to 

automate clash resolution and improve the process, similar efforts need to be made to explore tools 

that can facilitate extraction of required data. The use of machine learning for construction 

applications is currently challenged by the limited availability of sufficient relevant data that can 

be defined as training data for machine learning implementations. When available in models, data 

is often present in a fragmented inconsistent format due to the use of multiple authoring software 

tools resulting in data embedded using different data structures and different naming conventions. 

To overcome these limitations and to support the implementation of the machine learning 

algorithm proposed in Harode and Thabet (2021), the authors have explored and tested a proposed 

workflow that utilized several commonly available off-the-shelf technology tools, including 

iConstruct, Dynamo Graph, and Talend, to extract data from Navisworks models. The proposed 

workflow is focused on extracting the required data to create the necessary dataset of features and 

labels required for the implementation of a proposed supervised-reinforcement machine learning 

model for automation of clash resolution. The required data being extracted is based on 13 clash 

factors considered by industry experts while resolving clashes identified using literature reviews 

and industry interviews conducted by Harode, Thabet and Leite (2022). The proposed workflow 

for data extraction was tested on a single Navisworks model with a small-size dataset. The 

workflow can also be scaled to extract a larger dataset using multiple models, a scenario more 

suitable for the development of an effective machine learning model. The authors utilized a novel 

method to extract spatial properties namely end point coordinates of the clashing elements and 

moveable area around the clashing elements using the concept of Bounding Boxes. This novel 

method can be utilized to extract spatial information for the clashing elements that are not authored 

using Revit and/or do not have a line element associated with them. 
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The following are several future steps that are being investigated and implemented to support the 

machine learning model proposed by Harode and Thabet (2021): (1) extract a larger parameter 

data set from multiple Navisworks models, (2) each row in the figure 27 will be populated with a 

potential clash resolution options (Labels) completing area 3 and 4, (3) the data will be 

preprocessed (scrubbed, dimensionally reduced, encoded, standardized, etc.) to make it more 

suitable for implementation of the Machine Learning algorithms, (4) a Supervised Learning 

algorithm will be trained using this data to predict potential clash resolution options, (5) the model 

developed using the Supervised Learning algorithm will be improved upon by using 

Reinforcement Learning to improve the effectiveness of the automation model for clash resolution, 

and (6) the improved automation model will be tested for effectiveness and efficiency. 
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Chapter 4. A supervised-reinforcement learning to automate clash 

resolution. 

Chapter Summary 

The focus of this chapter is on training a supervised reinforcement learning model capable of 

interacting with clash-filled BIM models and learning how to resolve clashes.  The chapter utilized 

data collection and pre-processing techniques identified in Chapter 3 to prepare the data for 

machine learning. The chapter adds to the body of knowledge by proposing and verifying a 

framework for how the knowledge of supervised learning can be transferred to reinforcement 

learning, defining the interaction of reinforcement learning agent with the BIM model in support 

of learning clash resolution, and defining reward function based on industry’s best practices to 

guide automated clash resolution. 

Journal 

1. Automation in Construction 

Journal Manuscript Title 

1. Supervised Reinforcement Learning to Automate Mechanical and Plumbing Trade Clash 

Resolution: A Preliminary Case Study 

Journal Manuscript Timeline 

Date Status 

xx/xx/xxxx First Submission 

xx/xx/xxxx Final Approval Pending 
 

Presented At 

1. 2024 ASCE International Conference on Computing in Civil Engineering 

Conference Proceeding Title 

1. Testing the learning capabilities of Reinforcement Leanirng towards automated clash 

resolution. 

Presentation Date 

1. 7/30/2024 at 2024 ASCE International Conference on Computing in Civil Engineer 



169 
 

4.1 Supervised Reinforcement Learning to Automate Mechanical and Plumbing 

Trade Clash Resolution: A Preliminary Case Study 

Journal: Automation in Construction 

Authors: Ashit Harode, Walid Thabet, Ph.D., CM-BIM, and Xinghua Gao, Ph.D.  

4.1.1 Abstract 

While software like Navisworks has improved the process of conducting clash tests, resolving 

clashes remains a slow and manual task. Researchers have explored the use of supervised learning, 

to automate clash resolution with successful outcomes. However, the effectiveness of supervised 

learning in automating tasks is limited by the availability of a large amount of data. To address 

this limitation, the authors conduct a preliminary case study to understand the feasibility, 

challenges, and future work required to develop reinforcement learning and supervised 

reinforcement learning models towards developing a machine learning model capable of 

automating clash resolution among mechanical and plumbing trade elements. To achieve the 

objective of this research the authors conduct limited training of reinforcement learning and 

supervised reinforcement learning models for 1000 episodes towards clash resolution. Based on 

the progression of limited training conclusions are drawn towards the feasibility of using proposed 

machine learning algorithms, challenges faced, and future research areas. 

Keywords: Clash Resolution, Automation, Building Information Modeling, Reinforcement 

Learning, Deep Q-Network 

4.1.2 Introduction 

During the construction phase, effective clash coordination is crucial for minimizing rework, 

delays, and costs in a construction project (Pärn et al., 2018). Clash coordination involves tasks 

such as aggregating component models, conducting clash tests, categorizing clashes as relevant or 

irrelevant, and resolving relevant clashes. Software tools like Navisworks, Solibri, and model 

checkers have improved the effectiveness of model aggregation, clash testing, and clash 

categorization. However, clash resolution remains a manual and time-consuming process. This is 

due to the need for multiple meetings with the clash coordination team, including architects, 

engineers, contractors, consultants, and other stakeholders. The clash resolution process is also 

slowed down by the significant knowledge gap between design review coordinators and other 
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project stakeholders, such as sub-contractors and general contractors (Hu & Castro-Lacouture, 

2019). Another contributing factor to the slow clash resolution process is the meticulousness 

required by clash coordinators to avoid creating new clashes (Hu & Castro-Lacouture, 2019). 

To address these challenges, Hsu et al. (2020) proposed the use of machine learning and heuristic 

optimization to automate clash resolution from the perspective of constructors before clashes are 

discussed in coordination meetings. They utilized a Building Information Model (BIM) of a 

student residence, which contained 133 clashes among Mechanical, Electrical, and Plumbing 

(MEP) trades. The researchers designed a questionnaire to simulate 280 scenarios where two 

elements from eight different building systems clashed. Five constructors were asked to answer 

which element would move based on their MEP system and how the clash would be resolved. The 

questionnaire provided 670 data points, which were used to train a Back Propagation Neural 

Network (BPNN). The proposed methodology was validated by resolving the 133 clashes in the 

BIM model and collecting the constructors' responses to the automated solution. 

Despite demonstrating the effectiveness of machine learning in automating clash resolution, this 

research faced several limitations. Firstly, supervised learning requires high quality and quantity 

of labeled data to accurately develop a prediction model. The data used in this research was limited 

and simulated, thus not representative of real-life scenarios. Secondly, the data for training the 

BPNN was manually labeled, relying on human expert experience and labor-intensive work, which 

is not an effective strategy for data collection towards automation. Lastly, using labeled data to 

train an agent to resolve clashes does not provide practical knowledge to the automation model on 

the effects of moving elements with respect to their surrounding elements, for example how to 

avoid creating new clashes when resolving existing clashes. This limitation can lead to impractical 

solutions.  

Hu et al. (2023) also proposed a graph convolutional network to improve the prediction of changes 

to clashing elements by considering the interdependency of clashing elements. Their work 

showcased the significance of integrating dependency information when predicting element 

movements toward clash resolution. However, the accuracy of the work was affected by limited 

variability in the training dataset, a limitation of supervised learning. The developed model was 

unable to resolve clashes that required the movement of both clashing elements due to the absence 

of similar clashes in the training dataset. 
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To overcome these limitations, the authors propose the use of reinforcement learning to develop 

the automation model. Reinforcement learning, which learns through trial-and-error interactions 

with the environment and leverages insights from each iteration, does not rely on labeled data. 

This overcomes the need for manual data labeling, limited availability of labeled datasets, and 

limited variability in the dataset, making the learning process more effective when large quantities 

of labeled data are not readily available (Theobald, 2017).  

However, even advanced reinforcement learning models require millions of steps to find 

appropriate solutions (Kangin & Pugeault, 2018). To address this limitation, Kangin and Pugeault 

(2018) proposed a model-free approach that combines supervised and reinforcement learning. 

They demonstrated that using supervised learning as an initial approximation for reinforcement 

learning improves performance and reduces training time. Building upon the findings of Kangin 

and Pugeault (2018), this paper also proposes the exploration of a supervised reinforcement 

learning model towards clash automation as an alternate machine learning algorithm. 

This paper conducts a preliminary case study to understand the feasibility of reinforcement 

learning and supervised reinforcement learning toward clash resolution automation. Based on the 

feasibility analysis the paper also highlights challenges and future work associated with the 

proposed alternative machine learning algorithms. 

To understand the feasibility of the proposed alternative algorithms, the authors will conduct 

limited training for both alternative algorithms. Since the training will be limited these algorithms 

will not be able to reach a convergence and complete their training. However, by analyzing the 

training progression conclusion can be drawn on the feasibility and challenges associated with 

these algorithms and future research directions. 

To limit the scope of work of this paper clash resolution associated only with mechanical and 

plumbing trade elements is considered. In support of the objective of this paper following research 

questions have been formulated: 

1. Can reinforcement learning be used to automate mechanical and plumbing trade clash 

resolution? 
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2. Does utilizing supervised learning as an initial approximation improve the performance of 

reinforcement learning in the context of automating mechanical and plumbing trade clash 

resolution? 

3. What are the challenges and future work associated with developing an automation model 

of mechanical and plumbing trade clash resolution using reinforcement learning and 

supervised reinforcement learning? 

The remainder of the paper is organized as follows: Section 4.1.3 provides a literature review on 

the use of machine learning in the construction industry and includes brief details on reinforcement 

and supervised learning. Section 4.1.4 outlines the methodology adopted in this paper, followed 

by section 4.1.5, which focuses on the use of a case study to develop and train reinforcement and 

supervised reinforcement learning models. Section 4.1.6 provides the results and discussions of 

the findings. Section 4.1.7 concludes the paper with a discussion of feasibility, challenges 

associated, and future work towards the use of reinforcement and supervised reinforcement 

learning for automation clash resolution. The GitHub repository of codes utilized to implement 

and train the proposed algorithms is provided in section 4.1.8.  

4.1.3 Literature Review 

4.1.3.1 Machine Learning  

Machine learning is defined as a subfield of computer science that focuses on imparting knowledge 

to computers without explicit programming (Theobald, 2017). Computers detect patterns in the 

data and information provided using either statistical reasoning, probabilistic reasoning, or trial 

and error. These patterns are later utilized by the computer to make informed decisions on unseen 

data. The data in machine learning is often divided into training and testing data. Training data is 

used to identify patterns when developing a machine learning model while testing data is used to 

test the accuracy of the developed machine learning model. The training data usually contains 

features that describe a data point and labels that represent the expected output of the task being 

learned. Based on how different machine learning algorithms analyze the relationship between the 

features and labels, they can be classified as supervised learning, unsupervised learning, and 

reinforcement learning. Since this paper focuses on utilizing supervised and reinforcement 

learning the following sections will focus on providing details for them. 
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4.1.3.1.1 Supervised Learning  

Supervised learning utilizes a labeled dataset containing both features and their corresponding 

labels to determine patterns between them. This pattern is stored as an algorithmic equation 

(machine learning model), the accuracy of which is tested by using it to predict labels for the 

features present in the testing dataset and comparing the result to the actual corresponding labels. 

4.1.3.1.2 Reinforcement Learning 

Reinforcement learning works on the principle of numerical rewards and penalties (Sutton & 

Barto, 2018). The machine adjusts its response based on the feedback it receives from its 

environment in terms of rewards and penalties (Liu et al., 2020b). Reinforcement learning works 

on a principle different from supervised and unsupervised learning. It does not need an existing 

labeled data set to train the machine. Training happens through a trial-and-error process, where the 

machine gets rewarded for a successful step toward task completion, encouraging it to take similar 

actions in the future. Mistakes made in reinforcement learning are penalized, discouraging the 

machine from taking similar actions in the future. The machine's objective is to maximize the 

rewards and minimize penalties at task completion. 

There are five major elements of a reinforcement learning model: (1) Agent: The algorithm that 

develops knowledge and interacts with the environment (Sutton & Barto, 2018), (2) Environment: 

In a reinforcement learning model, everything external to the agent is called the environment. The 

environment encompasses the problem that is being solved through reinforcement learning, (3) 

Action: The interactions that the agent makes with the environment. Actions made at time t are 

depicted as At, (4) State: The information obtained by the agent about the environment. The state 

of the environment at time t is depicted as St (Sutton & Barto, 2018), and (5) Reward: A numerical 

value that the agent received to encourage or discourage the action taken by the agent based on 

how useful the action is for solving the reinforcement learning problem (Sutton & Barto, 2018). 

Figure 35 shows the interaction of the five components of reinforcement learning to develop 

knowledge. The agent and the environment continually interact with each other by the agent 

selecting actions and the environment presenting new states to the agent based on the action. The 

environment also provides a numerical reward to the agent based on the action, which the agent 

tries to maximize over time by trying to choose the correct actions (Sutton & Barto, 2018). 
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Specifically, at each time step t, the agent receives a state St from the environment. Based on St, 

the agent takes action At which is acted upon the environment and moves the interaction to the 

next time step t+1. Based on the action At by the agent, the environment moves to a new state St+1 

in time step t+1 and receives a reward Rt+1.  

 

Figure 35. Reinforcement Learning Model  

The goal of reinforcement learning is to maximize the total reward received by the agent. This goal 

can be thought of as the cumulative sum of rewards received by the agent after time step t and can 

be denoted as Gt, the expected return; it is this sum that the agent tries to maximize during 

reinforcement learning (Sutton & Barto, 2018). 

During reinforcement learning, at a given time step t, the agent takes action At based on the state 

of the environment St. A policy function π determines this action by the agent. The goal of 

reinforcement learning is to iteratively improve this policy function and achieve an optimal policy 

π* that maximizes the expected return. 

Similarly, another term called action-value function for policy π, denoted qπ(s,a), can be defined 

as the expected return starting from state s, taking action a, and thereafter following policy π.  

The classical approach to reinforcement learning involves both learning a policy function and a 

value function (Sutton & Barto, 2018). However, an early breakthrough in reinforcement learning 

could utilize a learned action-value function, Q, to directly approximate q*, the optimal action-

value function independent of the policy being followed (Sutton & Barto, 2018). This 

breakthrough is known as Q-learning. Q learning is model-free learning which makes it also 

suitable for systems that do not have information on how the environment would change in 

response to a single action. 
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Q-learning uses two policy functions one that is learned about and will become optimal policy 

called target policy and another that explores the environment and generates behaviors called 

behavior policy (Sutton & Barto, 2018). The reason for using two policies is to overcome the 

dilemma that when using a single policy, the policy is trying to achieve optimal behavior while 

working as an exploratory policy to explore all possible options. Hence a single policy never 

achieves the optimal behavior, rather a near-optimal behavior (Sutton & Barto, 2018).   

One of the challenges in applying Q-learning to real-world problems is in representing and storing 

value functions and policies for systems with large or infinite states as they can lead to large lookup 

tables that store and continuously update the Q values for the state-action pair. To overcome this 

limitation, Q-learning is used with a deep artificial neural network (ANN) to create an agent called 

deep Q-network (DQN). In DQN the agent can approximate the Q value for all actions in a given 

state using a neural network and features that convey the information for each state. This 

approximation eliminated the need for storing Q values in a lookup table. 

While training a reinforcement learning model, two strategies are employed: exploration and 

exploitation (Liu et al., 2020b). Exploration focuses on finding information about the environment 

and how it behaves when certain actions are taken using the rewards obtained. Once this 

information is gathered exploitation of this knowledge can begin in the exploitation phase. The 

rate of exploration is specified as the rate of steps in which the agent takes the action randomly, ε. 

At the beginning of learning the ε rate should be highest to promote maximum exploration and 

decrease as the learning progresses. The decomposition of ε can be controlled by specifying an ε 

decay rate. 

4.1.3.2 Machine Learning in Construction 

Along with the use of graph convolutional networks, supervised learning, and heuristic 

optimization to automate clash resolution by (Hsu et al., 2020; Hu et al., 2023), machine learning 

has been utilized to improve and automate other steps of the clash coordination process. Hu and 

Castro-Lacouture (2019) utilized supervised learning to distinguish irrelevant and relevant clashes. 

Hu et al. (2020) also utilized network theory to develop a holistic view of clashes and the 

dependencies surrounding them to enable the filtering of irrelevant clashes, filter out severe and 

complex clashes, and reduce the number of objects moved to generate a clash free model. Huang 

and Lin (2019) compared the accuracy of rule-based system and supervised learning model to 
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automate clash classification as relevant or irrelevant and found that supervised learning performed 

better than rule-based system. Lin and Huang (2019) utilized a hybrid method of rule-based 

reasoning and supervised machine learning to automatically screen for irrelevant clashes. The 

hybrid method was able to obtain an average predictive performance of 0.96. Hasannejad et al. 

(2022) used fuzzy-AHP to determine the priority of resolving clashes during the design phase. The 

proposed approach when compared with expert opinion showed high accuracy in identifying 

important and irrelevant clashes. Similarly, Hasannejad et al. (2023) utilized Navisworks API to 

develop a plugin that could automatically classify detected clashes as important or irrelevant 

clashes.  

Though the automation of clash coordination processes has been restricted to the use of supervised 

learning, reinforcement learning has been utilized by Liu et al. (2020b) to automate rebar design 

in reinforced concrete structures. The research focused on training all the rebars/agents present in 

the reinforced concrete simultaneously using Multi-Agent Reinforcement Learning (MARL). The 

proposed MARL system utilized Q-learning to develop knowledge on directing the actions of the 

rebar/agent to avoid rebar clashes and move forward in the reinforced concrete structure. The 

systems showed a 90% reduction in the time when automating design as compared to manual 

clash-free rebar design. 

A search of the Web of Science database to identify literature published with a focus on the use of 

machine learning towards automating clash resolution was conducted. To perform this search the 

authors used the following search query “TS = (("Clash Resolution" OR "Design Coordination") 

AND ("Construction Management" OR "Civil Engineering" OR "Construction") AND 

("Automation" OR "Machine Learning" OR "Artificial Intelligence" OR "Supervised Learning" 

OR "Unsupervised Learning" OR "Reinforcement Learning")) OR TI = (("Clash Resolution" OR 

"Design Coordination") AND ("Construction Management" OR "Civil Engineering" OR 

"Construction") AND ("Automation" OR "Machine Learning" OR "Artificial Intelligence" OR 

"Supervised Learning" OR "Unsupervised Learning" OR "Reinforcement Learning"))  OR AB = 

(("Clash Resolution" OR "Design Coordination") AND ("Construction Management" OR "Civil 

Engineering" OR "Construction") AND ("Automation" OR "Machine Learning" OR "Artificial 

Intelligence" OR "Supervised Learning" OR "Unsupervised Learning" OR "Reinforcement 

Learning"))”. The search identified 11 published articles out of which 3 were previously published 
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work by the authors in support of the work proposed in this paper, 1 focused on reducing 

construction waste through automation of reinforcement fabrication process, 1 focused on the use 

of BIM for resolution of claims in construction projects, 1 focused on the use of civil integrated 

management in highway project delivery process, and 1 focuses on exploring advanced 

technologies in BIM and management strategies to increase productivity of MEP services. This 

left 4 relevant published literature out of which 1 focused on using supervised learning for 

automating MEP clash resolution Hsu et al. (2020), 2 focused on using reinforcement learning for 

automating clash resolution of reinforcement steel during reinforced concrete design (Liu et al., 

2020b; Liu et al., 2023), and 1 focused on comparing clash detection strategies to clash avoidance 

strategies (Akponeware & Adamu, 2017). 

The literature search showed a limited focus on automating mechanical, electrical, and plumbing 

(MEP) trade clash resolution using machine learning with research being focused solely on 

utilizing supervised learning whose effectiveness is limited by data availability. This paper aims 

to bridge this research gap by conducting a preliminary case study on the use of reinforcement 

learning and supervised reinforcement learning for automating mechanical and plumbing trade 

clash resolution. The paper hopes to become a stepping stone towards increased utilization of 

reinforcement learning in automating MEP clash resolution and construction processes with 

limited availability of labeled datasets. The preliminary case study conducted in this paper does 

not focus on developing a complete automated solution for mechanical and plumbing trade clash 

resolution but rather aims to highlight the feasibility, knowledge required, challenges faced, and 

possible future work to develop an automated solution for clash resolution using limited training 

of proposed models.   

4.1.4 Methodology 

The objective of this paper is to train a reinforcement and a supervised reinforcement learning 

model in a limited capacity. Based on the training conducted feasibility, challenges, and future 

work to develop a complete automation solution for automating clash resolution will be identified. 

As a first step toward the proposed research a supervised learning model will be trained, training 

data is going to be collected from 6 different BIM models belonging to the academic and healthcare 

facilities. The data would focus on describing the mechanical and plumbing trade clashes present 

in these BIM models and how they were resolved. For this paper, only clashes between mechanical 
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ducts and mechanical and plumbing pipes are considered. Harode, Thabet and Leite (2024) in their 

research identified 5 options to resolve clashes which included: (1) moving clashing elements with 

low priority in/along x-y-z directions to resolve the clash, (2) modifying the slope of the clashing 

element with low priority, (3) modifying length, width, and/or height of the clashing element with 

low priority, (4) in cases of a systematic clash, occurrence redesigns the entire building system 

with low priority for a zone, floor, or area of the building to resolve multiple clashes, and (5) 

modifying the installation sequence and schedule of the element. In this paper to limit the 

computational power to train the proposed learning models the authors focused only on resolving 

clashes by moving elements in/along x-y-z directions. All other possible clash resolution options 

were grouped under “Other Solutions”. This selection of options to resolve clashes was split into 

13 possible solutions detailed in table 33.  

Table 33. Possible actions the agent can take to resolve the clash 

Action 

No. 

Element 

1 is to 

be 

moved 

Element 

2 is to 

be 

moved 

Up Down Left Right Front Back 
Other 

Solutions 

1 X  X       

2 X   X      

3 X    X     

4 X     X    

5 X      X   

6 X       X  

7  X X       

8  X  X      

9  X   X     

10  X    X    

11  X     X   

12  X      X  

13         X 
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Other Solutions: The clash cannot be resolved by moving either of the elements in the six 

directions and needs to be discussed. 

In the next step, a supervised ANN will be trained using the collected data concluding phase one 

of the methodology. As this supervised learning model will be used to pre-train the reinforcement 

learning model its architecture needs to be similar to the DQN agent used for reinforcement 

learning. This constraint led to the selection of ANN and its corresponding architecture for 

supervised learning. 

For phase two data similar to phase one data would be collected for clashes between ducts and 

pipes using a 7th BIM model that is not used for supervised learning. This data would be used to 

train the reinforcement learning model and information on how these clashes should be resolved 

will not be included in the dataset. A DQN agent would be developed similar to the one used for 

the cart-pole problem by Paszke et al. (2019).  

When training the model using only reinforcement learning, the target and behavior policy 

function of the DQN agent would be initialized randomly, during the exploration phase the DQN 

agent will be allowed to randomly choose any of the 13 possible solution options to resolve the 

clash with equal probability. Using the data provided the DQN agent will be then allowed to 

interact with the BIM model to resolve the clashes present in the model. Based on the behavior 

policy function the DQN agent will decide on how to resolve clashes in the BIM model. Elements 

will be modified using Revit API based on these decisions. Based on whether the clashes are 

resolved or not the DQN agent will receive a reward that will be utilized to update the two policy 

functions. The reinforcement learning algorithm will train for 1000 iterations. 

Training for supervised-reinforcement learning will be conducted in two variations. In the first 

variation of training the supervised reinforcement learning model, the DQN agent during the 

exploration phase will select the possible solution for a given clash using the trained supervised 

learning model. The initialization of the target and behavior policy function will also be done using 

the weights of the supervised learning model as well. 

In the second variation, the weights of the target and behavior policy function of this DQN agent 

will be initialized using the developed supervised learning model. During the exploration phase, 

the DQN agent will be allowed to randomly choose any of the 13 possible solution options to 

resolve the clash with equal probability. 
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In these variations, the policy function was initialized using the weights calculated by the 

supervised learning model trained over a limited dataset. This initialization was possible as a 

supervised learning model and both policy functions for reinforcement learning had the same 

architecture. For example, and simplified for better understanding, in supervised learning an 

equation of the following architecture can be developed to perform predictions: 

𝑦 =  ∑ 𝜃𝑖𝑥𝑖
𝑛
𝑖=0   

where y is the predicted value equal to the clash resolution option, x is the value of the factors for 

a given clash, and Ɵ is the weight of the corresponding factors. In supervised learning initially, the 

value of all Ɵs are randomly selected these Ɵ values are used to calculate the value of y. As 

supervised learning progresses a more accurate value of the Ɵ is calculated by minimizing the 

error between the calculated and actual values of y and updating the value of Ɵ. Once training is 

completed Ɵ values are used to predict y for a given clash with corresponding factors. 

Reinforcement learning also develops a similar equation called policy function that predicts which 

clash resolution option will resolve the given clash. Traditionally, this equation also randomly 

initializes the value of Ɵ and updates the Ɵ values to get a more accurate y value. Because of the 

similarity of the trained model, the authors were able to take the Ɵ values or weights developed 

using supervised learning and use them as an initial approximation for the Ɵ value of reinforcement 

learning. It should be noted that for the sake of explanation, equation 1 has been simplified, the 

actual machine learning model developed in this research uses ANN and has a complex and non-

linear learning mechanism.  

The training progression of the reinforcement learning model and the 2 variations of supervised 

reinforcement learning will be compared to draw conclusions on the feasibility. Figure 36 details 

the phases of this paper. 
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Figure 36. Methodology adopted to develop and test supervised-reinforcement learning 

4.1.5 Case Study: Training Machine Learning Models  

4.1.5.1 Phase 1: Supervised Learning 

To train the supervised learning model, data for 506 clashes were collected using 6 different 

models. The data collected for each clash was based on research conducted by Harode, Thabet and 

Gao (2024) on training a supervised machine learning model to predict clash resolution options 

using 10 clash factors as features for training the machine learning model. Table 34 shows the data 
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extracted for each clash, their data type, and their examples. Except clash factor “Area of 

intersection/Relative center line of the clashing elements” all clash data were collected for both 

the clashing elements in a clash. 

Table 34. Clash factor description, data type, and combination. 

S. 

No. 
Clash Factors Data Type Description and Example 

1. 
Start and End point of 

the clashing objects 
Continuous 

Eight corner points of the bounding box 

surrounding the clashing elements. 

E.g.: VERTEX1(-6,-64,65), 

VERTEX2(78,94,13), VERTEX3(23,-35,3), 

VERTEX4(12,2,3) 

VERTEX5(-1,4,6), VERTEX6(78,9,3), 

VERTEX7(2,-5,23), VERTEX8(-2,23,43) 

2. 
Clashing element 

type 
Categorical 

The type of clashing elements duct or pipe. 

E.g.: Pipes 

3. 
Clashing element 

system type 
Categorical 

System the clashing elements belong to. 

E.g.: Pressurized Pipe 

4. 
Clashing element 

material 
Categorical 

The material the clashing element is made of. 

E.g.: Copper 

5. Constrained slope Categorical 

Does the clashing element have a constraint on 

its slope? 

E.g.:1 (or yes) 

6. 

Area of 

intersection/Relative 

center line of the 

clashing elements 

Continuous 

The dimensions of the clash itself. 

E.g.: Clash height = 0.141 

Clash width = 0.177 

Clash length = 1.462 

7. Clash group Continuous 

The number of times a clashing element appears 

in the list of clashes. 

E.g.: 2 
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8. 

Available area 

around the clashing 

elements 

Boolean 

A factor indicating the availability of space in the 

six directions around the clashing element. The 

factor only checks the space equal to the 

dimension of the bounding box of the clashing 

element. 

E.g.: Direction x = True 

Direction x minus = False  

Direction y = False 

Direction y minus = True 

Direction z = False 

Direction z minus = True 

9. 

Number of connected 

elements to the 

clashing element 

Continuous 

The number of elements connected with the 

clashing element. 

E.g.: 4 

10. 
Cost of resolving a 

clash 
Continuous 

Per liner cost of a single piece of the clashing 

element. 

E.g.: $6/LF 

 

This data was collected from 6 Revit models using proprietary software (Dynamo, 2023; 

iConstruct, 2021; Talend, 2023). The clash data was then labeled manually by the author using the 

author’s experience, discussion with the industry, and comparison with the as-built model. Data 

labeling included which clashing elements need to be moved and in which of the six directions. In 

cases where the clashes could not be resolved by moving elements in the six directions, the clash 

resolution option was labeled as “Other Solutions”. 

Once the data was labeled, the data was preprocessed to make it ready for training and testing the 

machine learning algorithm. Categorical data types were converted into binary values using one 

hot encoding along with data belonging to the boolean data type, leading to the splitting of 10 

factors into 98 factors, as detailed by Harode, Thabet and Gao (2024). 

Using the multi-label synthetic oversampling method (MLSOL) proposed by Liu et al. (2022) 

dataset was increased by 20% using synthetic data to account for class imbalance and limited data 
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quantity. To identify and remove any outliers in the data principle component analysis (PCA) and 

density-based spatial clustering of application with noise (DBSCAN) were utilized. The dataset 

was also normalized to make sure that the data value on each column belongs to the same range. 

The pre-processed data was split into training and testing datasets with 30% of the data being used 

for testing the 70% being used for training. For training an ANN a neural network with 3 layers 

was created. The input layer included nodes equal to the number of feature columns with the ‘relu’ 

activation function. The ANN included a single hidden layer with 50 nodes and a ‘relu’ activation 

function. The output layer included 13 nodes equal to the possible clash resolution options. The 

learning rate for this ANN was selected to be 0.001 with a ‘Smooth L1 Loss’ loss function and 

‘Adam’ optimizer. Once trained the weights of the trained ANN model were stored to be utilized 

in phase two of this study. The accuracy of the trained model was tested with the testing data and 

was found to be 31%. Since the ANN architecture for supervised learning had to be kept similar 

to the ANN architecture of DQN 31% was the highest accuracy that could be obtained with the 

provided dataset. 

4.1.5.2 Phase 2: Reinforcement Learning 

To train the DQN agent on how to resolve clashes using interaction with a BIM model the first 

step was to prepare a BIM model and collect the data necessary for resolving the clashes. For this 

research a section of the Navisworks model of a facility was selected that contained 347 clashes 

between ducts and pipes belonging to exhaust air, gravity pipe, pressurized pipe, return air, sanitary 

vent, and supply air system type.  This Navisworks model was then converted to an IFC to allow 

for its import to Revit, where the data extraction and reinforcement and supervised reinforcement 

learning will take place. The IFC model was also exported with all the properties embedded in the 

elements of the Navisworks model elements to facilitate data extraction. The data was extracted 

using Dynamo (Dynamo, 2023) and Talend (Talend, 2023) and the Navisworks to IFC conversion 

was supported by iConstruct (iConstruct, 2021).  

4.1.5.2.1 Data Extraction 

Once the IFC model was imported into Revit a Dynamo graph was created to extract all the 

information listed in table 2 for every individual clashing element (ducts and pipes) in the model. 

A .csv sheet was then prepared where each row corresponded to a single clash and included 

individual data for the elements present in the clash along with the data corresponding to the clash 



185 
 

itself like “Area of intersection/Relative center line of the clashing elements”. This .csv was created 

using the “treeMap” function of Talend (Talend, 2023). 

The .csv was pre-processed using similar steps as pre-processing the data for supervised learning 

except for adding synthetic data. During the preprocessing two versions of the .csv were also 

created one with the data normalized, this version will be used as data to train the DQN agent, and 

a second version without data being normalized to facilitate the calculation of the distance elements 

needed to move to resolve the clashes and identification of elements with constraints on their slope. 

The .csv were named “training data” and “movement data” respectively and will be referred to as 

the same in the remainder of the paper. Additionally, an index column was also added to both the 

dataset which stored a unique identification string for a given clash. This string was created by 

concating the Revit element ID of the clashing elements.   

4.1.5.2.2 Performing clash detection in Revit 

Revit allows users to natively perform clash detection between two elements belonging to a Revit 

category, and Revit calls this functionality an interference check. Since the developed DQN agent 

would learn how to resolve clashes by interacting with its environment (Revit model) it is 

important that after every interaction the agent performs the clash test within Revit to see if the 

interaction resulted in a clash being resolved, clash remaining unresolved, or new clash being 

created. To embed the ability to perform clash detection of the Revit model into the agent Revit 

API was used. The code for performing the clash detection between ducts and pipes using Revit 

API was written using the knowledge gained from sources like (Docs, 2015) and (Tammik, 2008). 

The code utilized the “ElementIntersectsElementFilter” class, a filter that is used to find elements 

that intersect the solid geometry of a given element. The code returned a Python data frame that 

included the element IDs of the clashing elements and the index column with the unique identifier 

created by concating the two-element IDs.  

4.1.5.2.3 Calculating the movement distance 

The DQN agent when interacting with the environment to resolve clashes needs to also calculate 

the minimum distance it needs to move the selected element in the selected direction to resolve the 

clash. To facilitate this, the author utilized the “Start and End point of the clashing objects” data 

from the movement data.  
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Figure 37. Minimum movement calculation 

Figure 37 (a) shows the 3D representation of a Revit element along with the x-y-z coordinates for 

its 8 vertices, and figure 37 (b) shows the clash between a duct (Element 1) and a pipe (Element 

2) in the x-y plane. If the agent decides that the pipe needs to be moved up (in the y direction) to 

resolve the clash, then the agent would calculate 4 distances: (1) distance of the point (X2
4,Y

2
4) 

from the line connecting the points (X1
1, Y

1
1) and (X1

2, Y
1

2), (2) distance of point (X2
3,Y

2
3) from 

the line connecting the points (X1
1, Y

1
1) and (X1

2, Y
1

2), (3) distance of point (X2
8 ,Y

2
8) from the 

line connecting the points (X1
5, Y

1
5) and (X1

6, Y
1

6), and (4) distance of point (X2
7 ,Y

2
7) from the 

line connecting the points (X1
5, Y

1
5) and (X1

6, Y
1
6). Out of these 4 distances, the agent would then 

select the maximum distance to be moved and move element 2 to this distance plus 5 inches to 

account for the clearance which can be changed based on the building code. The selection of the 

maximum of the four distances would help in scenarios where the plane of orientation of one of 

the elements or both are not parallel. In this scenario, the element needs to be moved to the 

maximum distance to make sure that the element completely clears the clashing object to resolve 

the clash as shown in figure 38. In figure 38 (a) two distances are calculated, A and B, moving the 

slanted pipe to a distance of A and 5 inches in figure 38 (b) does not resolve the clash as the pipe 

is not completely out of the duct, but moving the pipe to the maximum distance of B plus 5 inches 

resolves the clash and moves the pipe out of the duct. 
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Figure 38. Maximum distance movement of the elements 

4.1.5.2.4 Interaction of the agent with the environment 

To support the training process of the DQN agent, this proposed implementation will run for 1000 

episodes. Each episode is defined as the iteration in which the BIM model is reset to its original 

state with 347 clashes between the ducts and pipes. The agent can take multiple steps in a single 

episode. A step is defined as a single interaction between the agent and the environment in which 

the agent moves a clashing element in an attempt to resolve the clash. 

To start the learning process, the agent will first start a “transaction” in Revit using Revit API. 

This will allow the agent to move elements in the Revit in an attempt to resolve the clash. The 

agent will then select the first clash listed in the learning data, and using the data present for the 

first clash and the initial behavior policy will decide which of the two clashing elements needs to 

be moved and in which direction. Based on this decision, the agent will then calculate the minimum 

distance to be moved and move the selected element in the selected direction. Once this interaction 

is completed, the agent using Revit API will run a clash detection and generate a new list of clashes. 

The index column of the data generated after clash detection and learning data will be compared. 

This interaction of the agent with the environment will lead to six scenarios:  

Scenario 1 The decision made by the agent resolves the clash: This scenario will be considered 

as a successful scenario and the agent will select the next clash in the learning data and try 

to resolve it. This scenario will be identified by comparing the index of the clash detection 

data and the learning data. If the clashes in the learning data are more than the clashes in 

the clash detection data and the clash detection data is a subset of learning data, then it can 

be said that the interaction successfully reduced the number of clashes. 
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Scenario 2 The decision made by the agent resolves more than one clash: This scenario will be 

considered as a successful scenario and the agent will select the next clash in the learning 

data and try to resolve it. This scenario will be identified by comparing the index of the 

clash detection data and the learning data. If the clashes in the learning data are more than 

the clashes in the clash detection data and the clash detection data is a subset of learning 

data, then the interaction successfully reduces the number of clashes. 

Scenario 3 The decision made by the agent did not resolve the clash: This scenario will be 

considered a failure scenario. The BIM model is reset to its original state and a new episode 

is started where the agent will again select the first clash in the learning data and will try 

to resolve the clash. This scenario will be identified by comparing the index of the clash 

detection data and the learning data. If the clashes in the learning data are the same as the 

clashes in the clash detection data and the clash detection data is a subset of learning data, 

the interaction did not reduce the number of clashes. 

Scenario 4 The decision made by the agent created new clash(es): This scenario will be 

considered a failure scenario. The BIM model is reset to its original state and a new episode 

is started where the agent will again select the first clash in the learning data and will try 

to resolve the clash. This scenario will be identified by comparing the index of the clash 

detection data and the learning data. If the clashes in the learning data are the 

same/less/more than the clashes in the clash detection data and the clash detection data is 

not a subset of learning data, then the interaction creates new clash(es). 

Scenario 5 The decision made by the agent resolved all the clashes: This scenario will be 

considered a successful scenario. The BIM model is reset to its original state, and a new 

episode is started where the agent will again select the first clash in the learning data and 

will try to resolve the clash. This scenario will be identified by calculating the clashes in 

the clash detection data. If the clash detection data does not generate any result, then all 

clashes have been resolved. 

Scenario 6 The agent decided that the clash cannot be resolved by moving any element in six 

directions and needs to be further discussed: This scenario will be considered a successful 

scenario and the agent will select the next clash in the learning data and try to resolve it. In this 

scenario, the agent will store the learning data corresponding to the clash in a separate data 

frame which can be exported as a .csv file. 
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Because the movement data is calculated using a static .csv sheet (movement data), this creates a 

special scenario where this agent does not perform well. Assuming that two clashes exist between 

“Duct A” and “Pipe A”, and “Duct A” and “Pipe B”. The agent can move “Duct A” in a way that 

resolves only the clash between “Duct A” and “Pipe A” and the clash between “Duct A” and “Pipe 

B” remains unresolved. This would lead to scenario 1 discussed above. Now when the turn comes 

to resolve the clash between “Duct A” and “Pipe B” because of the static movement data, the 

minimum movement distance will be calculated from the original position of “Duct A” and not 

from the current position (figure 39). This can lead to errors in the calculations. This limitation can 

be easily overcome by extracting clashing element data during the interaction using Revit API. 

However, this additional step could increase the computational time of the agent-environment 

interaction. 

 

Figure 39. Limitation due to the use of static movement data 

4.1.5.2.5 Reward function calculation 

The reward function plays an important role in training the DQN agent. Using numerical rewards, 

the agent determines favorable and unfavorable interactions with the environment. The reward 

function can also direct the actions taken by the agent to result in the most optimum outcome. For 

automating clash resolution, the reward function needs to be designed in a way that reflects 

industry best practices. Harode, Thabet and Leite (2024) highlights that while resolving clashes 

decisions are made to make sure the resolution is easily implementable, efficient, and cheap, to 

avoid delays and cost overruns. During clash resolution, the movement of a single element to 

resolve multiple clashes is favored. Favor is also given to clash resolution options in which the 
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element with the lowest volume is moved and elements are moved to a shorter distance. These 

considerations result in low additional costs to the general contractor or subcontractor to resolve 

clashes. Based on this ideology table 35 details the different reward functions assigned to the 6 

scenarios defined above. 

Table 35. Reward function for different scenarios 

Scenarios Reward Function 

Scenario 1 

(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑎𝑠ℎ𝑒𝑠 𝑟𝑒𝑠𝑜𝑙𝑣𝑒𝑑 𝑝𝑒𝑟 𝑠𝑡𝑒𝑝)2

+ (1 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑚𝑜𝑣𝑒𝑑⁄ )

+ (1 𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑚𝑜𝑣𝑒𝑑⁄ ) 

Scenario 1 (Element moved has a constraint on 

its slope) 
-1 

Scenario 2 

(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑙𝑎𝑠ℎ𝑒𝑠 𝑟𝑒𝑠𝑜𝑙𝑣𝑒𝑑 𝑝𝑒𝑟 𝑠𝑡𝑒𝑝)2

+ (1 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑚𝑜𝑣𝑒𝑑⁄ )

+ (1 𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑒𝑙𝑒𝑚𝑒𝑛𝑡 𝑚𝑜𝑣𝑒𝑑⁄ ) 

Scenario 2 (Element moved has a constraint on 

its slope) 
-1 

Scenario 3 -3 

Scenario 4 -3 

Scenario 6 -2 

Scenario 5 does not have a reward function as the rewards are calculated for each clash resolved 

and no reward is given to generate a clash-free model alone.  

 For scenario 6, a -2 reward is given even though the scenario is considered a success. The reason 

for this decision is to deter the agent from classifying all clashes as resolved through “Other 

Solutions” and receive a high reward. For solutions that lead to the movement of elements with 

constrained slope, a -1 reward is assigned to deter the agent from making similar decisions but still 

choose this option over selecting “Other Solutions” to resolve the clash.  

For other successful clash resolutions, rewards were calculated using a dynamic reward function. 

The function is an arithmetic sum of the square of the number of clashes resolved in the step, the 

inverse of the volume of the element moved to resolve the clash, and the inverse of the distance 

moved to resolve the clash. This reward function will encourage the agent to move elements in a 
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way that leads to the resolution of multiple clashes in a single step, move the element with less 

volume, and move the elements to a lesser distance to resolve the clash. 

4.1.5.2.6 Training the reinforcement learning agent 

For training the DQN agent, the research adapted the agent created to solve the cart pole problem 

by Paszke et al. (2019). As a first step of training the target and behavior policy of the agent, they 

are initialized with random weights. The neural network architecture of the target and behavior 

policy is kept the same as the neural network architecture of the ANN trained using supervised 

learning.  

While interacting with the environment, the agent will have the option to choose between 

exploration, where decisions to resolve can be made by selecting any of the 13 options, or 

exploitation where the agent will utilize the behavior policy to select the best possible way to 

resolve the clash. To decide whether to select exploration and exploitation, the agent will generate 

a random number between zero and one and compare it with a threshold value. If the random value 

is greater than the threshold value, then the agent will choose to exploit the knowledge or else will 

explore the possibilities to resolve clashes by random selection of actions. To ensure that the agent 

at the beginning of training explores more and exploits knowledge towards the later part of the 

training, the threshold value starts at 0.9 and decays to 0.05 at a steady rate. This rate is controlled 

by the equation: 

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.05 + (0.9 − 0.05) ∗  𝑒
(

−1 ∗ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑡𝑒𝑝𝑠 𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑑
𝑟𝑎𝑡𝑒 𝑜𝑓 𝑑𝑒𝑐𝑎𝑦

 )
 

where the rate of decay controls the rate of exponential decay of the threshold, the higher the rate 

the slower the threshold will decay. For this research, the rate is kept at 1600. The number of steps 

completed is defined by the cumulative number of steps taken since the start of the learning.  

The training of DQN agents takes place through interaction with its environment. Therefore, the 

next step towards learning is storing the interaction of the agent with the environment. Each 

interaction is stored as a set of 4 values: (1) state: defined as the learning data for a given clash, 

(2) action: action chosen by the agent either through exploration or exploitation of the knowledge, 

(3) next state: the learning data of the next clash to be resolved in case of successful resolution or 

“None” in case of failure, and (4) reward: calculate based on how or whether the clash was 
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resolved. For each step, this set is stored in a replay memory. The replay memory is used to update 

the weights of the behavior policy. The use of replay memory to update weights of the behavior 

policy improves the efficiency of learning the DQN agent from its experience (Paszke et al., 2019). 

Because successive updates are not being correlated with one another the use of replay memory 

also reduces the variance of the updates (Paszke et al., 2019). 

In this research, the replay memory will hold a maximum of 100 sets of state, action, next state, 

and reward. After 100 sets whenever a new set is added the oldest set is eliminated from the replay 

memory. Learning of the DQN agent will start once at least 50 sets have been added to the replay 

memory. 

From the replay memory, 50 sets are randomly selected, and the sets with the next state value as 

“None” representing actions leading to failure are filtered out. Using the initial/current behavior 

policy function, the state, and the action taken by the agent the state’s action-values are calculated. 

The state-values of all the 50 next states are initialized as zero. Using the initial/current target 

policy state-values of the next state without the “None” value are calculated and updated. The 

gamma value (discount) for this calculation is kept at 0.99.  

Once the state’s expected action-value and action-value through the initial/current behavior policy 

function are calculated, an error between the two values is calculated. For this research, the error 

was calculated using the Huber loss function defined by (Paszke et al., 2019). Once the error was 

calculated the weight of the behavior function was updated to minimize the error using the 

“ADAMW” optimizer defined by Paszke et al. (2019) and a learning rate of 0.001. 

The behavior policy is updated for each step of the reinforcement learning algorithm and when the 

replay memory has at least 50 sets. The weights of the target policy are updated once per episode 

using the formula: 

𝑤𝑒𝑖𝑔ℎ𝑡𝑠 𝑜𝑓 𝑡𝑟𝑎𝑔𝑒𝑡 𝑝𝑙𝑜𝑖𝑐𝑦

= 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 𝑜𝑓 𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑢𝑟 𝑝𝑜𝑙𝑖𝑐𝑦 ∗ 𝜏 + 𝑤𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑡𝑎𝑟𝑔𝑒𝑡 𝑝𝑜𝑙𝑖𝑐𝑦 ∗ (1 − 𝜏) 

where τ controls the rate of the update of the target policy and is defined to be 0.005. This equation 

allows for a gradual update of the target policy avoiding drastic changes to the calculation of state-

values of the next state during the learning process hence stabilizing the learning (Lillicrap et al., 

2015). After the end of 1000 episodes, the DQN agent will output the target policy. 
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Figure 40 shows the complete workflow of the reinforcement learning discussed in this paper. 
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Figure 40. Workflow of the reinforcement learning 
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4.1.6 Results and Discussion 

The described DQN agent, agent-environment interaction, reward function, and clash detection 

through Revit API were all coded as a plug-in for Revit. This plug-in was created using pyRevit. 

pyRevit is a Rapid Application Prototyping environment for Revit that can help you write 

automation code in Python inside the Revit environment and using Revit API (Iran-Nejad, n.d.). 

This allows for the use of Revit API primarily written in C# and modules like pandas, numpy, and 

pytorch written in C for Python on a common platform.  

Once the reinforcement learning plug-in was created it was executed on an IFC model containing 

347 clashes and imported into Revit. The learning took place on a computer system with 16GB 

RAM, an Intel i7 processor, and an NVIDIA GeForce RTX 2060 GPU.  

To train the reinforcement learning and two variations of supervised reinforcement learning three 

iterations of learning were performed. A summary of these iterations is provided in table 36. 

Table 36. Summary difference between the different learning iterations 

Learning 

Iteration 

Machine 

Learning 

Policy Function 

Initialization 
Exploration Time to 

complete 

1000 

episodes 

Using 

Supervised 

Learning 

Randomly 

Using 

Supervised 

Learning 

Randomly 

1 
Reinforcement 

Learning 
 X  X 10.5 days 

2 

Supervised 

Reinforcement 

Learning 

X  X  3 days 

3 

Supervised 

Reinforcement 

Learning 

X   X 11 days 

 

Learning iteration 1 represents the training conducted through reinforcement learning only, and 

learning iteration 2 and 3 represents training conducted through supervised reinforcement learning. 

Table 4 also shows the time taken to run 1000 episodes for each of the learning iterations.  
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To compare the training progression of different learning iterations, two graphs were plotted. 

Figure 41 shows the plot for the number of clashes resolved in each episode. To prove that the 

DQN agent is gaining knowledge through each interaction with the BIM model (environment), the 

number of clashes resolved per episode should increase with the increase in the number of 

episodes. In figure 41 this trend can be seen for all three learning iterations proving that the agent 

is getting better at resolving clashes with each episode. When looking at figure 42, we can see that 

with each episode the cumulative reward per episode is also increasing proving that the agent is 

not only solving more clashes but also finding a more optimal solution with each episode. 

 

Figure 41. Number of clashes resolved per episode 
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Figure 42. Cumulative reward received per episode 

When comparing the performance of the three variations we can see that the agent trained using 

only reinforcement learning (Learning Iteration 1) and the agent trained when supervised learning 

was utilized to only initial the weights of the policy functions (Learning Iteration 3) performed 

equally well. Both the variations received similar rewards and had similar learning rates (clashes 

resolved per episode). However, from figure 7 we can see that for variation 1 the number of clashes 

resolved per episode decreases significantly between episodes 525 and 800. This drop can be 

attributed to the fact that complex function approximators like ANN may converge to a local 

optimum (Sutton & Barto, 2018). On the contrary, we see that learning iteration 3 showed a much 

more stable increase in knowledge with less time spent overcoming local minimum, which can 

prove beneficial when undertaking complete training of the proposed models.   

Out of the three learning iterations, learning iteration 2 performed the worst. This can be due to 

the fact that during exploration the agent used the trained supervised learning model. This might 

have reduced the speed of gaining knowledge by the agent, as the agent was only exploring options 

given by the supervised learning model and not looking for a better solution. Figure 43 shows 

possible solutions being explored by the DQN agent and proves that clashes are being resolved 

during the training.  
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Figure 43. Decision made by the DQN agent 

4.1.7 Conclusion 

The current research focused on the automation of clash resolution has exclusively used supervised 

learning to train and test automation models with successful results. However, due to the limited 

availability of labeled data to train supervised learning models these research either relies on 

manual labeling of datasets, a labor-intensive and time-consuming task, or the use of datasets with 

low variability, creating automation models only able to resolve limited scope of clashes. 

Reinforcement learning contrary to supervised learning does not rely on labeled datasets to 

generate knowledge and learns by interacting with its environment. In this paper, the authors 

explore the feasibility of reinforcement learning towards developing an automation model for clash 

resolution as a preliminary case study. The research also tests the feasibility of novel supervised 

reinforcement learning towards clash resolution automation. To facilitate the exploration of 

reinforcement learning and supervised reinforcement learning this paper focused on answering the 

following research questions: 

1. Can reinforcement learning be used to automate mechanical and plumbing trade clash 

resolution? 

2. Does utilizing supervised learning as an initial approximation improve the performance of 

reinforcement learning in the context of automating mechanical and plumbing trade clash 

resolution? 
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3. What are the challenges and future work associated with developing an automation model 

of mechanical and plumbing trade clash resolution using reinforcement 

learning/supervised reinforcement learning? 

To answer these research questions the authors using a case study first trained a supervised learning 

model with 506 rows of labeled clash data. This data included information describing the clash, 

the clashing elements, and how each clash was resolved. The data was also expanded by 20% using 

synthetic data to account for class imbalance and limited data quantity. An ANN was trained using 

this data which generated an accuracy of 31%. ANN architecture was kept similar to the ANN 

architecture of the DQN agent to facilitate pre-training. 

The authors then utilized a DQN agent and allowed it to interact with the BIM model 

(environment). This BIM model included 347 clashes between the ducts and pipes. The authors 

defined a set of 6 scenarios that can result from the interaction of agents with the environment in 

order to resolve clashes. Reward functions were assigned to each of the scenarios by considering 

how effective each interaction was in resolving clashes. 

The agent was then trained using three different learning iterations. Learning iteration 1 focused 

on pure reinforcement learning, and learning iterations 2 and 3 focused on different ways of 

incorporating the knowledge gained by the supervised learning model into reinforcement learning. 

To compare the training progression of the three learning iterations the authors plotted the number 

of clashes resolved per episode and the cumulative reward per episode for the three iterations. 

These plots showed for all three variations a non-monotonous increase in the number of clashes 

resolved per episode proving that the agent with the increasing number of episodes is learning to 

resolve more clashes. 

In terms of the effectiveness of learning, learning iteration 1 and 3 performed with similar 

effectiveness while learning iteration 2 performed the worst. The author hypothesizes that the 

reason for the poor performance of learning iteration 2 is the lack of opportunity to explore other 

options to resolve clashes as the agent only used a supervised learning model to explore 

knowledge. 
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Even though learning iterations 1 and 3 performed similarly, learning iteration 3 showed a steadier 

growth in learning as compared to learning iteration 1 making the use of weights trained using 

supervised learning to initialize policy functions of reinforcement learning a better option. 

As this research focused on training the machine learning algorithms for only 1000 episodes, the 

developed model was unable to identify an optimum policy to resolve clashes. Due to the limited 

training of the models, testing the decisions made by the models to measure their accuracy would 

not be possible. However, the research questions posed by this paper did not focus on the accuracy 

of the developed model rather focused on answering the feasibility and possibility of using 

reinforcement learning and supervised learning for automating clash resolution. 

Through this research, the authors proved that reinforcement learning can be used to train an agent 

on how to resolve clashes and using supervised learning to pre-train the reinforcement learning 

results in a steadier learning rate. 

The research also contributes to the body of knowledge by proposing the use of dynamic reward 

functions that reflect the industry's best practices for clash resolution. These reward function helps 

guide the agent to learn optimum solutions to resolve clashes. The research also defines how the 

interactions between a BIM model and a DQN agent need to be set up for reinforcement learning 

through the use of six scenarios. Lastly, the research shows that an effective way to incorporate 

the knowledge of the trained supervised learning model into reinforcement learning is through 

initializing the weight of policy functions using supervised learning. Reinforcement learning in 

this case also needs to be given ample opportunities to explore its environment to develop 

knowledge therefore a random exploration of the clash resolution option is a better alternative than 

exploration through a supervised learning model. 

The case study undertaken by this research also uncovered several challenges associated with the 

proposed learning models.  

1. The run time to train the learning iterations 1 and 3 for 1000 episodes was 10 days. Provided 

that these models never completed their training a longer time frame for complete training 

can be expected. This high time requirement to train the agent is due to the fact that for 

each step of interaction, the agent physically moves the element in Revit to resolve the 
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clash. Though this makes learning clash resolution more practical, the time taken 

significantly decreases the effectiveness of the learning model.  

2. The research utilized static data to represent information on the clashes and clashing 

elements. Though the use of static data reduces the computational time of the reinforcement 

learning, it creates scenarios where the elements have been moved from their original 

location to resolve the clashes and for new clashes, their movement is being calculated 

using their original location. 

3. To calculate the coordination of clashing elements their oriented bounding boxes were 

utilized. This method reduced irregular and complex shapes of the clashing elements into 

a simplified bounding box resulting in inaccuracy in movement calculation and decision 

making. 

4. While resolving clashes the DQN agent disconnects the moving elements from their 

connections. This issue does not affect the training of the model. However, when 

implemented as an automated solution, measures need to be taken to make sure the 

connections are redesigned based on clash resolution. 

5. While training in the model spatial data in terms of factors such as “Number of connected 

elements to the clashing element” and “Available area around the clashing elements” was 

provided. These factors presented a static image of clash resolution, however, clash 

resolution is a dynamic process with spatial relations changing with every proposed 

resolution. Efforts need to be made to incorporate the dynamic nature of clash resolution 

into the training process. 

Based on these challenges the authors of this paper would like to propose future research direction: 

1. To mitigate the slow processing time for machine learning future work should focus on 

working towards optimizing the algorithm to improve the performance and reduce the time 

required to train the reinforcement learning.  

2. Future research can also focus on the use of Revit API to extract data for clashes and 

clashing elements while the training is being performed. This would allow the algorithm 

to always use the current information such as the location of the object to decide on how 

to resolve the clash. Alternatively, if static data is still used to represent clash data, data 

regarding the previous movements of the elements can be stored and later utilized to 

calculate their current position. 
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3. Future research can also expand the learning to be able to learn how to resolve clashes 

between other trades. Along with resolution of clashes between multiple trades, a wider 

range of clash resolution options should also be explored when training the proposed 

models.  

4.  The effectiveness of different reward functions to train the proposed algorithm can also 

be tested.  

5. In this paper, no hyperparameter tuning was performed, all hyperparameter values were 

selected randomly by the authors or as the default suggestions by the algorithm 

documentation. Future research can focus on testing different hyperparameters like 

learning rate, gamma, and τ during reinforcement learning to select the hyperparameters 

that generate the best performances can also be part of future research. 

6. In this work supervised learning model trained had an accuracy of only 31% and was used 

to pre-train the reinforcement learning model. Developing a supervised learning model 

with higher accuracy and using it to pre-train might help better understand the advantages 

of pre-training the reinforcement learning model to automate clash resolution. 

7. Once a completely trained reinforcement or supervised reinforcement learning model is 

developed it can be combined with heuristic optimization algorithms similar to (Hsu et al., 

2020) or graph networks similar to (Hu et al., 2023). This combination will help in 

developing a holistic automation solution with the knowledge of how to resolve clashes 

and the intelligence of understanding spatial changes associated with each resolution and 

prioritizing clashes. 

8. The accuracy of a completed training proposed model can also be measured and verified 

as part of future research using either comparison with as-built models or discussions with 

industry experts. 

4.1.8 Code Repository 

To facilitate future research work, the authors have provided the link to the GitHub repository 

associated with this paper and work conducted. Access to the repository can be requested 

through the corresponding author. Link: https://github.com/ashit02/PhDdissertation.  

https://github.com/ashit02/PhDdissertation
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4.2 Testing the learning capabilities of Reinforcemetn Learning towards automated 

clash resolution 

Conference: 1. 2024 ASCE International Conference on Computing in Civil Engineering 

Authors: Ashit Harode, and Walid Thabet, Ph.D., CM-BIM  

4.2.1 Abstract 

Clash resolution on construction projects has remained a slow and manual process due to its 

meticulous nature. Researchers have examined the use of supervised learning (SL) to automate 

clash resolution, but these models were limited by small datasets, resulting in reduced 

generalizability. To address this issue, the authors of this paper propose employing Reinforcement 

Learning (RL) as an alternative learning approach for automated clash resolution. The paper seeks 

to answer whether RL can learn how to resolve clashes by interacting with a clash-filled Revit 

model. The RL algorithm underwent 1000 episodes of training on a Revit model containing 347 

clashes between mechanical ducts and pipe elements. A plotted graph illustrates the increasing 

number of resolved clashes as the agent interacts with its environment, demonstrating the 

continuous improvement in clash resolution through RL. This research contributes to the field by 

exploring RL's potential in clash resolution and future research directions. 

4.2.2 Introduction 

Effective clash coordination is crucial for minimizing rework, delays, and costs in a construction 

project (Pärn et al., 2018). The process of clash coordination starts with aggregating component 

models, conducting clash tests, filtering out irrelevant clashes, and resolving relevant clashes. The 

process of clash resolution is conducted manually, requiring multiple meetings among the clash 

coordination team having a significant knowledge gap between design review coordinators and 

other project stakeholders (Hu & Castro-Lacouture, 2019).  

To improve the efficiency of the current manual clash resolution process use of machine learning 

to automate clash resolution has been tested. Hsu et al. (2020) utilized SL and heuristic 

optimization to automate clash resolution from the perspective of constructors. To collect the 

training data a questionnaire was prepared to simulate 280 scenarios which included clashes 

between the two elements from 8 different building systems. These clashes were provided to five 

constructors who were asked to select the element that they would move to resolve the clashes, 

this generated 670 data points. These data points were used to train a Back Propagation Neural 
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Network (BPNN). Once trained the BPNN was used to resolve 133 clashes present in the Building 

Information Model (BIM) of a student residence. The research showed the effectiveness of 

machine learning in automating clash resolution. However, the research utilized limited and 

simulated data affecting the generalizability of the developed model. Also, the data used in the 

research depended on manual labeling, making data collection a labor-intensive task.  

To overcome these limitations the authors, propose the use of an alternate machine learning 

algorithm with limited to no reliance on a labeled dataset, capable of learning how to resolve 

clashes by interacting with its environment. To identify an alternate machine learning algorithm, 

the authors in this paper test the effectiveness of RL in training a clash resolution automation model 

using a Deep Q-learning Network (DQN). 

The remainder of the paper is organized as follows: The literature review section covers the 

utilization of machine learning in the construction industry and details of RL. The methodology 

section outlines the steps involved in training the RL model. The case study section discusses how 

using a clash-filled Revit model RL model was trained. The results of the training are discussed in 

the results section. Finally, the paper concludes with a discussion of the findings of this paper and 

future research directions. 

4.2.3 Literature Review 

4.2.3.1 Reinforcement Learning 

Machine learning is a branch of computer science focused on developing knowledge within 

machines without explicit programming (Theobald, 2017). Based on how machine learning 

algorithms develop knowledge they can be classified as SL, Unsupervised Learning, and RL. 

RL works on the principle of numerical rewards and penalties (Sutton & Barto, 2018). The 

machine continuously adjusts its response based on the feedback it receives from its environment, 

leading to the progressive development of knowledge. RL can be divided into two steps: 

exploration and exploitation (Liu et al., 2020a). During exploration, the RL model does not know 

the environment and randomly interacts with the environment to understand its behavior. During 

the exploitation step, the RL model exploits the knowledge it gained during the exploration phase 

and tries to improve on this knowledge by interacting with the environment in an informed manner. 

The component of the RL that interacts with the environment and gains knowledge is known as an 

agent. 
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4.2.3.2 Machine Learning in Clash Coordination 

Machine learning has been explored as a potential to improve aspects of the clash coordination 

process. Classification of clashes as relevant and irrelevant has been automated using SL (Hu & 

Castro-Lacouture, 2019). The use of network theory to filter out irrelevant clashes, select severe 

clashes, and reduce the number of elements to be moved to resolve clashes has also been explored 

by developing a holistic view of the clashes and their dependencies (Hu et al., 2020). To test the 

effectiveness of SL towards clash classification, the accuracy of the rule-based classification model 

and supervised classification model was also compared (Huang & Lin, 2019). The use of the fuzzy-

Analytic Hierarchy Process has also been tested to prioritize clashes for their resolution and filter 

out irrelevant clashes (Hasannejad et al., 2022). Hu et al. (2023) utilized a graph convolutional 

network to show that integrating dependency information when resolving clashes can significantly 

improve the prediction accuracy of the machine learning model. A combined rule-based and SL 

approach has also been developed and tested to screen for irrelevant clashes in the clash 

coordination process (Lin & Huang, 2019). The use of SL and heuristic optimization has also been 

explored to automate clash resolution between mechanical, electrical, and plumbing (MEP) system 

for a student residence (Hsu et al., 2020).  

RL has also been used to automate clash resolution for reinforcement steel present in precast 

concrete wall panels. Generative Adversarial Network and Deep RL were utilized to automate the 

generation of rebar design in precast concrete elements while keeping them clash-free. The 

research showed a reduction in engineering time for clash-free rebar design by 80% when 

compared to the manual approach (Liu et al., 2023). 

Similarly, RL has also been used to automate rebar designs in concrete structures of irregular 

shapes. Using multi-agent reinforcement learning and treating rebar design problems as 

pathfinding problems the research was able to reduce the engineering time for clash-free rebar 

design by 90% (Liu et al., 2020b). 

The use of RL and SL has been explored in detail to improve aspects of the clash coordination 

process (clash identification, clash classification, and clash resolution). However, these approaches 

have limitations. The efficiency and generalizability of SL models are highly dependent on the 

data provided. Current research utilizes a limited quantity of data to train their SL model for 

automating clash resolution limiting their generalizability and ability to resolve a wider variety of 
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clashes. Use of RL on the other hand has been restricted to automating the design of rebar in a 

manner that avoids clashes. These RL models though providing a glimpse at the effectiveness of 

RL without the need for a labeled dataset do not provide any information on how this knowledge 

can be translated to MEP clash resolution. 

This research tries to overcome these limitations by conducting a preliminary study on the learning 

capabilities of RL for automating MEP clash resolution. This research adds to the body of 

knowledge by exploring RL toward automating MEP clash resolution and providing commentary 

on its learning capabilities, challenges associated with learning, and future research direction. This 

research will facilitate the future use of RL for developing automation models for clash resolution. 

4.2.4 Methodology 

The objective of this paper is to test if RL can be used to train a machine-learning model towards 

automating MEP clash resolution. For testing the learning capabilities of RL the authors in this 

paper have limited the focus of resolving clashes to only hard clashes between ducts and pipes. 

Figure 44 shows the methodology adopted in this research. 

As a first step towards this research, data that focuses on accurately describing the clashes and 

assists industry experts in making clash resolution decisions needs to be selected. Harode, Thabet 

and Leite (2024) and Harode, Thabet and Gao (2024) identified 10 factors that are considered by 

industry experts to decide on how a clash between ducts and pipes needs to be resolved and 5 clash 

resolution options that can be used to resolve a given clash.  
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Figure 44. Methodology 

For this research, data for all 10 factors will be considered to represent the clashes. These factors 

are: (1) Start and end point of the clashing objects, (2) Clashing element type, (3) Clashing element 

system type, (4) Clashing element material, (5) Constrained Slope, (6) Area of 

intersection/Relative center line of the clashing elements, (7) Clash group, (8) Available area 

around the clashing elements, (9) Number of connected elements to the clashing element, and (10) 

Cost of resolving a clash. To limit the computational resources during training, only the clash 

resolution option “moving the clashing element with low priority in/along x-,y-, and z-direction to 

resolve the clash” will be considered. All other clash resolution options will be considered as 

options requiring discussion with the design coordination team and will be labeled as “Require 

Discussion”. Thus, making the action set for machine learning has 13 possibilities to resolve the 

clash. Table 37 shows the 13 possible actions the RL agent can take to resolve the clashes. 

Table 37. Possible actions the agent can take to resolve the clash 

Possible Action 1 2 3 4 5 6 7 8 9 10 11 12 13 

Move Element 1 X X X X X X        

Move Element 2       X X X X X X  



208 
 

y direction X      X       

-y direction  X      X      

x direction   X      X     

-x direction    X      X    

z direction     X      X   

-z direction      X      X  

Require Discussion             X 

 

Once data to represent clashes is identified a BIM model with clashes between ducts and pipe is 

selected. Using Dynamo (Dynamo, 2023) and Talend (Talend, 2023) the data for all the clashes is 

extracted into an Excel file based on the methodology described in Harode and Thabet (2023a) 

(Figure 44 Step 1).  

A DQN agent will be coded as a plugin for Revit using pyRevit (Figure 44 Step 2). pyRevit is a 

Rapid Application Prototyping environment that allows users to write automation code using 

Python and Revit API (Iran-Nejad, n.d.).  

Using Revit API the agent will run an interference check and generate a list of all the clashes 

(Figure 44 Step 3). The agent will select the first clash from the list and check if 1000 episodes of 

learning have concluded (Figure 44 Step 4).  If not, the agent will decide based on the number of 

interactions it had with the environment if it needs to explore the knowledge or exploit the 

knowledge (Figure 44 Step 5). In the case of exploration, the agent will randomly select a possible 

action to resolve the clash (Figure 44 Step 6). The random selection of the possible action is 

because the agent at this point will not have any knowledge of the environment and is focused on 

exploring the environment and gaining the knowledge. Based on the selected action, elements will 

be modified using Revit API (Figure 44 Step 7). Depending on whether the selected action resolved 

the clash or not (Figure 44 Step 8) the agent will receive a reward/penalty defined by the authors 

(Figure 44 Step 9). Based on the reward/penalty, the agent will relate the chosen possible action 

to the clash factors present in the Excel (Figure 44 Step 10). This relation will be stored as the 
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knowledge for future clash resolution decisions, progressively improved on, and stored as final 

knowledge after the end of 1000 episodes (Figure 44 Step 11). Alternately, if the agent decides 

that enough time has been spent in the exploration phase, it will switch to the exploitation phase 

(Figure 44 Step 5). During the exploitation phase, if the agent comes across a clash with a clash 

factor similar to the one present in the Excel the agent will select the action that gave it the best 

reward (Figure 44 Step 12).  

The agent could only move to resolve the next clash in the interference checklist when it has 

resolved previous clashes. Every time the agent fails to resolve a clash or resolves all clashes 

successfully the Revit model is reset to its original state ending the current episode. The failure of 

the agent to resolve the clash is defined as an increase in the number of clashes after its interaction, 

the number of clashes remaining constant after the interaction, or the creation of new clashes after 

the interaction. Once the model is reset the agent runs the interference check and starts the learning 

process again. The detailed working of the DQN agent for RL is described by Paszke (2023) 

Once all 1000 episodes are completed a graph will be plotted to show the number of clashes 

resolved in an episode. To prove that through continuous interaction with the Revit model, the RL 

agent is capable of learning how to resolve clashes, the authors hypothesize that this graph should 

show a non-monotonous increase in the number of clashes resolved per episode.  

4.2.5 Case Study 

To implement the methodology defined, the authors selected a Navisworks model with 347 clashes 

between mechanical ducts and pipes. As the BIM model was in the format of a Navisworks file, 

Dynamo, and Talend could not be used directly to extract the required data from the clashes. 

Another challenge due to the use of a Navisworks file was in the implementation of RL as the 

DQN agent for this research was developed using pyRevit a plugin for Revit.  

To overcome these challenges the authors first converted the Navisworks file into an IFC with 

appropriate data embedded into it. This IFC model was then imported into Revit where Dynamo 

and Talend were utilized to extract clash data into an Excel file. 

The next step was to develop the DQN agent which would be able to interact with the BIM model 

and make changes to resolve clashes using Revit API. To support the development of the DQN 

agent as per the methodology five components had to be defined, namely: (1) a way to link Revit 
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interference results to the clash data in the Excel file, (2) calculation of the distance in which the 

selected element needs to be moved in the selected direction to resolve the clash, (3) failure and 

success scenarios for the agent’s interaction with the environment, (4) numerical value of the 

rewards and penalties to support knowledge building, and (5) guidance for the agent to switch 

from exploration to exploitation. 

While exporting clash data into Excel, each clash was provided with a unique ID. This ID was 

made up of the element IDs of the two clashing elements. Similarly, after running the interference 

check each detected clash was given the same unique ID. Using this ID, the DQN agent was able 

to relate the decisions it made for resolving each clash to its corresponding clash data in Excel 

when developing the knowledge. 

 

Figure 45. Distance Calculation 

The next thing that had to be defined to facilitate the interaction of the agent with the environment 

was the calculation of the distance the selected element had to be moved in the selected direction 

to resolve clashes. To calculate the movement distance clash data on the start and end point 

coordinates of the clashing element was used. Figure 45(a) shows the 3D representation of a Revit 

element with its endpoint coordinates. To calculate the movement distance, the distance between 

the endpoints of the clashing element was calculated, as marked by “Movement Distance” in 

Figure 45(b). An additional 5” of distance is also added to “Movement Distance” to account for 

the clearance between the clashing elements. In cases where one of the elements is sloped, the 

movement distance between all endpoints of the clashing elements is calculated and the maximum 

distance is selected, as shown in Figure 45(c). 
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The next step to implement the DQN agent in the case study was to define the rewards/penalties 

for the actions taken by the agent. Four possible scenarios were identified that could take place 

once the agent interacts with the environment. For each of these scenarios, a reward/penalty was 

assigned. In scenario one the agent-environment interaction led to the reduction in the number of 

clashes without generating new clashes. For this scenario, the reward was assigned as: (Number 

of clashes resolved per step)2 + (1/distance moved) + (1/volume of element moved). This reward 

will prompt the agent to make decisions where more clashes can be resolved with one element 

movement, and minimum movement of the element with a smaller volume to resolve clashes is 

encouraged. This would help the agent to make clash resolution decisions that are time and cost-

effective. For scenario two the agent-environment interaction led to a reduction in the number of 

clashes without generating new clashes, but the element moved had a constraint on its slope. For 

this scenario, a -1 reward was assigned to discourage the agent from moving similar elements in 

future decisions. In scenario three the agent-environment interaction led to either, an increase in 

the number of clashes or the creation of new clashes. The reward for this scenario was assigned to 

be -3, penalizing the agent heavily for failure to find a proper clash resolution. In cases where the 

agent chose to select the “Require Discussion” option as a possible clash resolution, a penalty of -

2 was assigned. This encourages the agent to find a proper solution for the clash by element 

movement and rarely assigns the “Require Discussion” option to a clash. This defined the scenario 

four of the agent-environment interaction. Table 38 summarizes the scenarios and their 

corresponding rewards/penalties. 

Table 38. Rewards and penalties for agent-environment interactions 

Scenarios Rewards/Penalties 

Scenario One (Number of clashes resolved per step)2 + (1/distance moved) + (1/volume 

of element moved) 

Scenario Two -1 

Scenario Three -3 

Scenario Four -2 
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Care was also taken to define how the agent would shift from the exploration phase of the RL to 

the exploitation phase. The phase shift was defined by the number of interactions that took place 

between the agent and the environment. Each time the agent decided to resolve a clash a step 

between the agent and the environment was completed. The rate of change from exploration to 

exploitation was controlled by the equation: 

𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 0.05 + (0.9 − 0.05) ∗  𝑒(
−1 ∗ 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑡𝑒𝑝𝑠 𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒𝑑

1600
 )

 

This equation was defined based on Paszke (2023). When deciding on whether to explore or exploit 

the agent would randomly generate a number between 0.1 and 0.9. If the generated number was 

less than the threshold value calculated the agent would explore the environment. At the beginning 

of the learning process, the threshold value would start from 0.9 and decay to 0.1. The rate of decay 

can be decreased by increasing the number 1600. 

Once the agent was set up it was executed on the authors’ system with the following specifications: 

16GB RAM, Intel i7 processor, and NVIDIA GeForce RTX 2060 GPU. The agent interacted with 

the environment for 1000 episodes which took 10.5 days to complete. 

4.2.6 Results 

To access the RL’s learning capabilities a graph was plotted to show the number of clashes the 

agent was able to resolve in each episode. Figure 46 shows the plot of the graph. From the graph, 

a non-monotonous increase in the number of clashes resolved can be seen per episode.  This graph 

proves that as the agent interacts with its environment it is learning to resolve more and more 

clashes. 

 

Figure 46. Graph showing the number of clashes resolved per episode 
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From the graph, it can also be seen that the number of clashes resolved per episode drops 

between 500th and 800th episode. The authors attribute this drop to the agent being stuck in a 

local minima, a common result of using complex function approximators like DQN (Sutton & 

Barto, 2018).  Future research will focus on developing a deeper understanding of this drop by 

exploring topics such as potential convergence issues or exploration-exploitation trade-offs. 

4.2.7 Conclusion 

The focus of the current research is on the use of SL to automate clash resolution. However, due 

to the lack of a large quantity of clash resolution data, the model developed with the SL approach 

lacks generalizability. As RL can develop knowledge through continuous interactions with its 

environment it does not need a large quantity of labeled data to train, the authors through this 

research set out to test the viability of RL as an alternate machine learning algorithm. In this paper, 

the authors develop a DQN agent that is allowed to interact with a clash-filled BIM model for 1000 

episodes to develop clash resolution knowledge. To support the learning, the authors have defined 

distinct scenarios that can result from the agent environment interaction and their corresponding 

rewards/penalties promoting the knowledge gain as per industry standards. 

To track the knowledge gained by the agent in this implementation a graph was plotted to show 

the number of clashes resolved in each episode. The authors hypothesized that if the agent is 

capable of developing knowledge through continuous interactions the graph would show a non-

monotonous increase in the number of clashes resolved per episode. Figure 3 shows the graph 

plotted for this implementation proving the author’s hypothesis and the viability of RL as an 

alternate machine learning algorithm. However, this implementation also shows that though viable 

the rate of learning for RL is not currently effective enough to be considered for automating clash 

resolution. The authors infer this because in 10.5 days the agent was not able to complete its 

training and the maximum number of clashes resolved in a single episode was only 65. Proving a 

sub-par knowledge gain when compared to SL. 

To make RL an effective alternative to SL further research needs to be conducted focused on 

improving the learning rate for RL. These future research can take the form of: (1) exploring 

alternate hyperparameters for the DQN agent to identify the most effective learning set, improving 

the learning rate, (2) testing alternate reward functions to promote faster learning, (3) exploring 

alternate RL agent types to reduce the effect of local minima, (4) exploring convergence issue and 
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exploration and exploitation trade-offs in RL, (5) exploring RL convergence rate, and 

computational efficiency and (6) pre-training the agent with SL to reduce time spent in the 

exploration phase as explained by Kangin and Pugeault (2018). This preliminary research focused 

only on clashes between mechanical ducts and pipes, future research can be expanded to include 

clashes in the entire MEP system and the results of automation can be compared with existing 

clash resolution methods.  
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Chapter 5. Dissertation Conclusions 

Chapter Summary 

This chapter focuses on summarizing the objective of this dissertation, the work completed in each 

chapter, and the dissertation’s contribution to the body of knowledge. 
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5.1 Conclusions 

5.1.1 Summary 

Generating a clash-free model is an important step in making sure that the construction project is 

delivered on time and with limited rework. The process of generating a clash-free model requires 

multiple steps and stakeholders. A typical process starts with combining different trade models 

into a single federated model. A clash test is performed on this model to identify intra and inter-

trade clashes. A general contract depending on the contract may only focus on facilitating clash 

resolution between trades and structural or architectural elements and differentiate the trade vs 

trade clashes to the trade sub-contractors. Once identified these clashes are categorized as relevant 

or irrelevant clashes with relevant clashes being the ones affecting the project cost and time. 

Resources are allocated to resolve relevant clashes in a systematic order.  

Efforts have been made to improve and optimize the design coordination process starting with 

developing a clash test matrix that guides the order in which clashes between the trades need to be 

identified. Apart from the development of a clash test matrix, a system hierarchy order is also 

developed to identify which elements need to be moved in case of inter-trade clashes. This priority 

is based on the ease of movement of elements in terms of their functioning, the time required to 

reroute, and the cost associated.  

Apart from these changes in the process, the process of design coordination has also benefited 

from technology implementation. Using Navisworks and Solibri clashes can be detected 

automatically using the BIM models of different trades. Software like Revitzo helps in the visual 

inspection of the model with the as-built to eliminate duplicate or missing elements.  

Though the continuous development of the clash identification and clash categorization process 

has improved the design coordination process, clash resolution remains a slow and manual process. 

This limits the overall improvement in the design coordination process. The reason for this 

limitation is the meticulous nature of clash resolution, where design coordinators need to make 

sure that no new clash is generated when resolving an old clash. The design coordinators also need 

to seek input from trade contractors to make sure that clash resolution does not hamper the 

functionality of their system. This often led to multiple clash coordination meetings to generate a 

single clash-free model. 
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Hsu et al. (2020) used supervised learning and heuristic optimization to automate clash resolution 

from a constructor’s perspective to limit the number of clash coordination meetings. Their 

proposed model utilized supervised learning and showed effectiveness in automating clash 

resolution. But their work faced several limitations: 

1. No justification was provided on how the features to train a supervised learning model were 

selected. 

2. Supervised learning requires a large number of data to develop an effective prediction 

model, the model proposed was trained over only 670 data points. Given that the 

construction industry does not explicitly store data on how clashes were resolved limited 

availability of data is a domain limitation 

3. Using supervised learning to automate clash resolution is not a practical solution as when 

training automation model using supervised learning effects of decision made on the 

surrounding elements is not considered. 

To overcome these research gaps in this research the author through different chapters tried to 

answer the following questions: 

1. What factors do industry professionals consider while resolving clashes and what options 

are available to industry professionals to resolve clashes? 

2. What phases are required for the systematic development of an effective Machine Learning 

model for the automation of clash resolution? 

3. Can reinforcement learning be applied for the automation of clash resolution? 

4. Can a combined supervised-reinforcement learning approach to automate clash resolution 

provide an advantage over using supervised learning only? 

Chapter 2 focused on conducting a literature review, industry interviews, and a modified Delphi 

survey to identify what clash factors are considered by industry professionals when deciding on 

how to resolve clashes. The chapter also focused on what clash resolution options are available to 

resolve the clashes. The work conducted in this research generates a list of 23 clash factors and 5 

clash resolution options. While conducting this work the author took multiple measures to reduce 

biases in data collection during interviews and survey result collection to generate an accurate list 
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of factors and options. The factors identified in this research can serve as features and options as 

labels in training a machine learning algorithm. 

Chapter 3 builds on the knowledge identified in terms of clash factors and clash resolution options 

in Chapter 2. The chapter focused on conducting literature reviews to identify distinct steps 

involved in the development of machine learning models. The chapter also focuses on identifying 

challenges in the development of machine learning models like limited availability of data and 

class imbalance and how to overcome these challenges. The authors collected a limited dataset of 

506 clashes between ducts and pipes. The clash factors chosen to represent these clashes were 

selected from the knowledge gained from Chapter 2. The potential solutions to these clashes were 

manually labeled based on the author's experience, discussion with industry experts, and 

comparison with as-built models. Clashes that could be solved by only moving the clashing 

element in the x, y, or z directions were selected for this work. The developed dataset was then 

pre-processed to make it ready for the machine learning algorithm. To minimize the effect of class 

imbalance and limited dataset, the dataset was increased by 10 to 100% using the MLSOL 

techniques. Different machine learning algorithms were tested using the prepared dataset and their 

training and testing accuracy were compared. The authors found that for an increase of dataset by 

20% using synthetic data artificial neural networks gave the best results with an accuracy of around 

80%. 

Even though Chapter 3 showed good results for supervised learning with limited datasets the 

drawback of the research was that this accuracy was obtained on a deep network with 20 hidden 

layers with 500 nodes each. This kind of network is slow to learn and most likely to overfit, i.e. 

does not generate generalizable automation models. To overcome this limitation and the third 

limitation of Hsu et al. (2020) the author in Chapter 4 developed and tested a reinforcement 

learning model that can interact with a BIM model that includes clashes and learn how to resolve 

clashes. The training of this model took place using a BIM model that included 347 clashes 

between the ducts and pipes. The model was allowed to either move the elements in the x, y, or z 

direction to resolve clashes or mark the clashes as requiring further discussion. The model was 

trained for 1000 episodes and the number of clashes resolved in each episode was collected. A 

graph of the number of clashes resolved per episode showed a non-monotonical increase proving 

that the model was learning how to resolve clashes as the number of episodes increased. However, 
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since reinforcement learning took longer to find an optimum solution the author also tried different 

combinations of incorporating knowledge gained through supervised learning in reinforcement 

learning to improve the training time. 

The author tested three variations of training reinforcement learning the first variation did not 

include any information for supervised learning leading to pure reinforcement learning, the second 

variation the reinforcement learning model utilized a supervised learning model to explore its 

environment and the weights of the policy function was initialized equal to weights of trained 

supervised learning model. The third variation of the model explored the environment randomly 

but initialized weights of the policy function equal to the weights of the trained supervised learning 

model. 

The learning test showed that the first and third variations of the supervised-reinforcement learning 

performed the best with the third variation showing a steadier learning with less time spent in local 

minima. The test proved that initializing the weight of the policy function for reinforcement 

learning using developed supervised learning is the most optimum way of transferring knowledge. 

And supervised-reinforcement learning shows the potential of being a better learning model than 

supervised or reinforcement learning alone. 

5.1.2 Contribution 

The focus of this research was to explore a systematic way of developing a machine learning model 

to automate clash resolution and test supervised reinforcement learning as a potential alternative 

to commonly used supervised learning. The author started by identifying gaps in the current body 

of knowledge and then focused this research on filling these identified research gaps. In doing so 

the author made the following significant contribution to the body of knowledge: 

1. Identification of feature and label space towards automation of clash resolution: The 

research utilized a literature review, interview, and modified Delphi survey to identify 

important clash factors that the industry experts consider before deciding on how to resolve 

the clashes and the options available to resolve the clashes. These identified factors and 

options were utilized as feature and label space for developing any machine learning 

model. Since these feature and label spaces were generated based on the knowledge of 

industry experts they also serve as a way of imparting domain knowledge into the machine 
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learning models. By utilizing the identified space, the creation of the machine learning 

model not only becomes more explainable but also incorporates current industry best 

practices and standards towards automation. Additionally, the research also proposes a 

methodology to capture industry knowledge by utilizing literature review, interviews, and 

Delphi survey and how to limit biases in the results.  

2. Exploration and testing of machine learning methods to develop an effective 

automation model: Traditionally data related to how and why a clash is resolved a certain 

way is not stored. This makes the availability of data to automate clash resolution sparse 

leading to challenges like class imbalance and overfitting due to limited dataset. In this 

research, the author explores and tests different BIM tools to facilitate the extraction of 

clash data and explores the MLSOL technique to generate synthetic data to overcome the 

domain limitation of the spare availability of clash resolution data. The author also explores 

different machine learning methods to pre-process datasets leading to the development of 

an effective automation model. The research also focuses on how the accuracy of different 

machine learning algorithms can be tested to identify the best possible algorithm for 

automation. 

3. Development and testing of supervised-reinforcement learning model: As both 

supervised and reinforcement learning algorithms when implemented individually have 

limitations towards the development of an automated model for clash resolution this 

research focuses on developing a supervised-reinforcement learning model to over these 

limitations. Towards the development of this supervised-reinforcement learning the 

research defines how the agent-environment interaction needs to be defined to support the 

development of automated clash resolution. Additionally, the research also develops 

reward functions that guide the agent toward making decisions as per industry standards 

and best practices. The research explored three variations of supervised reinforcement 

learning to identify that initializing policy function weights equal to the weights of a 

developed supervised learning model while keeping the agent exploration as random is the 

best way to incorporate knowledge learned by supervised learning into reinforcement 

learning. 
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Chapter 6. Limitations and Future Work 

Chapter Summary 

This chapter focuses on summarizing the limitations of the research work and corresponding future 

research areas. 

The chapter also includes the conference proceeding focused on expanding the proposed future 

research area of “Exploration of current BIM execution plans and contract documents to support 

automation of clash resolution”.  

Presented At 

1. 59th Annual Associated Schools of Construction International Conference. 

Conference Proceeding Title 

1. Analysis of current BIM execution plans and contract documents to support automation of 

clash resolution. In 59th Annual Associated Schools of Construction International 

Conference. 

Presentation Date 

1. 04/04/2023 at 59th Annual Associated Schools of Construction International Conference. 
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6.1 Limitation and Future Works 

In the process of filing the identified research gaps and answering the research question, the 

research faced several limitations. These limitations open the door for future works and the 

potential to expand on the findings of this study. These limitations are as follows: 

1. Limited participation of industry experts: Even though during the implementation of 

modified Delphi more than the suggested number of participants were employed, the 

author believes that increasing the number of participants from diverse backgrounds in all 

phases of Chapter 1 will help discover new factors guiding the decision making in clash 

resolution and improve the results of modified Delphi. 

2. Restriction of automation model to resolve ducts and pipe clashes: To limit the 

computational power of the developed automation model the research restricted the clash 

between ducts and pipes. As a future research direction, the developed automation model 

needs to be expanded to be able to resolve clashes between all building systems. 

3. Restriction of clash resolution option to only movements in x, y, or z direction: 

Another measure to limit the computational power of the developed automation model, 

the model's ability to resolve clashes was restricted to only moving elements in x, y, or z 

directions. This limited the exploration of the clash resolution options by the automation 

model to only one of the five identified options. In the future, the model needs to be 

expanded to be able to use all possible options towards clash resolution. 

4. Use of static data towards the development of automation model: To limit the 

computational power, static data to represent all clashes was used. This led to a unique 

limitation where after making the change to an element to resolve a clash its current 

location information is not updated. Because of this the automation agent does not have 

access to the element's updated location and will always calculate the location and 

movement distance from the original location. This limitation in the future could be 

overcome by either extracting clashing element data dynamically in real-time or storing 

the element’s movement distance to calculate the current location. 

5. Using low accuracy supervised learning model to develop supervised-reinforcement 

learning: The supervised learning model used to develop supervised-reinforcement 

learning only had an accuracy of 31%. This accuracy can affect the learning rate of the 

developed supervised-reinforcement learning model. In the current research, the effects 
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of the accuracy of supervised learning have not been explored. This limitation can be 

potentially explored in future studies. 

6. Unexplored hyperparameters for supervised-reinforcement learning: The 

supervised-reinforcement learning developed in this study uses a single set of 

hyperparameter values for learning rate, gamma, and τ. In future research, multiple values 

of these hyperparameters in different combinations need to be explored to check what 

values of the hyperparameters generate the best-supervised reinforcement learning model. 

7. Understanding the effects of synthetic data on the accuracy on machine learning 

model: In this dissertation the author tested the accuracy of different machine learning 

models for different percentage of synthetic data in the training and testing dataset. 

Though the addition of 20% synthetic data showed the most accurate machine learning 

model, conclusions could not be drawn as to why this happens. To understand this, a 

through analysis of distribution of synthetic data in the training and testing dataset along 

with the functioning of individual machine learning algorithm is required. This analysis 

can be included in future works and expanded to better understand the effect of synthetic 

data in automating clash resolution. This analysis can help in tackling the limitation of 

limited availability of clash resolution data through the use of synthetic data. 

8. Exploration of current BIM execution plans and contract documents to support 

automation of clash resolution: As stated in this research machine learning has been 

explored by researchers to automate clash resolution. These researches utilize information 

embedded in BIM models as an important part of automation. Research shows that for a 

successful implementation of BIM, a well-executed BIM execution plan (BxP) and 

standard is required. Therefore, it can be inferred that a successful implementation of the 

automation model will require the support of these documents. Future research needs to 

be focused on assessing the readiness of these BxPs in support of automation and suggest 

potential changes to these documents. 

9. Optimization of Reinforcement Learning algorithm: To mitigate the slow processing 

time for machine learning future work should focus on working towards optimizing the 

algorithm to improve the performance and reduce the time required to train the 

reinforcement learning.  
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10. Exploration of reward functions: The effectiveness of different reward functions to train 

the proposed algorithm can also be tested.  

11. Incorporation of optimization algorithm: Once a completely trained reinforcement or 

supervised reinforcement learning model is developed it can be combined with heuristic 

optimization algorithms similar to (Hsu et al., 2020) or graph networks similar to (Hu et 

al., 2023). This combination will help in developing a holistic automation solution with 

the knowledge of how to resolve clashes and the intelligence of understanding spatial 

changes associated with each resolution and prioritizing clashes. 

12. Accuracy measurement for completely trained model: The accuracy of a completed 

training proposed model can also be measured and verified as part of future research using 

either comparison with as-built models or discussions with industry experts. 
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6.2 Analysis of Current BIM Execution Plans and Contract Documents to Support 

Automation of Clash Resolution 

Conference: 59th Annual Associated Schools of Construction International Conference 

Authors: Ashit Harode, Thomas Mills, MS, RA, and Walid Thabet, Ph.D., CM-BIM  

6.2.1 Abstract 

Step one of MEP coordination process identifies the clash between MEP elements followed by 

step two identifying their potential resolution. Clash identification has been automated using 

software like Navisworks yet clash resolution remains a slow and manual process. Use of Machine 

Learning has been explored by researchers to automate clash resolution. These researches utilize 

graphical information and attributes embedded into Building Information Model (BIM) elements 

to develop a Machine Learning model making BIMs an integral part of the automation. The 

literature review shows that the successful implementation of BIMs is supported by well-executed 

BIM Execution Plans (BxP) and Standards. Therefore, it can be said that a successful 

implementation of clash resolution automation will require the support of these documents. To 

assess the readiness of BxP to support the automation of clash resolution, the authors in this paper 

reviewed three BxP and Standard guides. A comparative analysis of three industry standard BxP 

and Standard guides was conducted to reveal the topic covered by them. Results from the review 

show that the BxPs and Standards are lacking to support the automation of clash resolution. 

Suggested potential changes to make these documents ready for the implementation of automation 

of clash resolution are discussed. 

6.2.2 Introduction 

Mechanical, electrical, and plumbing (MEP) coordination is considered one of the most 

challenging coordination activities in construction project delivery with 57% of design 

coordination errors directly impacting the cost of construction  (Mehrbod et al., 2019). This makes 

management of the design coordination process critical to achieving a cost-effective and quality 

project delivery (Mehrbod et al., 2019). Building Information Modeling (BIM) has a significant 

capability to improve the design coordination process with design coordination and conflict 

detection being the most used aspect of BIM (Mehrbod et al., 2019). The design coordination 

process is defined as the identification and solution of a problem across multiple disciplines to 

deliver a project design that meets the expected functional, aesthetical, and economical 



226 
 

requirements of a project. An important task in design coordination is clash management, which 

includes clash detection and clash correction (Hu et al., 2020). BIM coordinators use BIM software 

to integrate models from multiple disciplines and detect clashes using the built-in functionalities 

of these software. Once found these clashes are discussed in design coordination meetings with 

trade specialists for potential solutions. Compared to the automation of clash detection the level of 

automation in the clash resolution and correction process is low (Hu et al., 2020). However, 

research is ongoing in automating clash resolution. Radke et al. (2009) created a plug-in for Revit 

MEP to automate clash resolution. The plugin-allowed to detect all clashes and automatically 

resolve them as per the user’s input. Hu and Castro-Lacouture (2019) used supervised machine 

learning to automate the distinction between relevant and irrelevant clashes. Out of the 6 different 

supervise machine learning algorithms tested, the Jrip algorithm came out to be superior with an 

average accuracy reaching 80% in both training and testing of the datasets.  utilized spatial 

relationships among building components to assist in the identification of irrelevant clashes and 

reduce the number of objects required to be moved to resolve clashes. Using query searches, Hu 

et al. (2019b) were able to identify irrelevant clashes effectively along with clashes that were 

critical due to lack of enough room, and group of clashes that can be resolved by moving a single 

element.  used a back-propagation neural network and heuristic optimization to automate clash 

resolution in the basement of a student residence. These experiments showed the effectiveness and 

feasibility of using automation systems for clash resolution.  

The literature reveals that implementing Machine Learning to automate clash resolution and 

improve clash detection requires using information (attribute-based and geometric-based) 

embedded within BIMs making BIMs an integral part of the automation process.  The success of 

information extraction using BIMs is highly dependent on the quality of data in the model . Thus, 

it is important to make certain that relevant and correct information is embedded into BIMs. One 

way to properly leverage embedded information is through standardization (Weygant, 2011). BIM 

execution plans (BxP) and standards are often used as tools to provide standardized workflow and 

general guidance to facilitate BIM implementation (breakwitharchitect, 2021).  Therefore, the 

authors believe that as more research is being conducted toward automating clash resolution, a 

similar effort needs to be put forward to analyze current BxP and BIM standards so that future 

BIM development can support the implementation of the automation models. The goal of this 
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paper is to extend the knowledge in developing BxP and BIM standards that support automated 

clash resolution. To support this knowledge goal the authors have three aims:  

1. Conduct a comparative analysis of existing literature focused on the automation of clash 

resolution and identify information extracted from BIMs to support automated clash 

detection and resolution. 

2. Conduct a comparative analysis of existing BIM standards and BxP and identify the gaps 

in the BIM standards and BxP. 

3. Suggest amendments and addition to current BxP and BIM standards in support of 

automated model checking, specifically automated clash resolution. 

6.2.3 Literature Review 

There has been research into using BxP to support effective BIM implementation in support of 

facility operation and maintenance (O&M). Wu and Issa (2015) developed a BIM execution 

process model to support green BIM practices and improve LEED project outcomes.  proposed 

and developed a BxP to support BIM model management for facility management during the O&M 

phase and tested its effectiveness using a building project case study. Rodrigues and Andrade 

(2021) proposed a BxP be implemented in the design sector of a Brazilian Public University. Their 

work highlighted the benefits and broad importance of the execution plan. 

The authors reviewed three different industry standard Building Information Contract Guides that 

explain and supply guidance for how building information should be created, modified, and 

maintained to facilitate construction, planning, facility operations and maintenance, and space and 

asset management. The three guides are General Services Administration (GSA) Building 

Information Modeling (BIM) Guide 07 (GSA, 2007), ConsensusDocs 301 Building Information 

Modeling (BIM) Addendum (ConcensusDoc, 2016), and American Institute of Architect Digital 

Practice Documents (AIA, 2022).  

GSA uses automated model checking in addition to manual checking to perform quality control at 

all design milestones and recommends its use by the design and construction team (GSA, 2016). 

The current GSA BIM Guide 07 Building Elements explains different types of building 

information and provides guidance on how such information can be created, modified, and 

maintained to support planning, construction, facility operation and maintenance, and space and 
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asset management. The guide covers topics including levels of detail and level of development, 

model progression matrix, model element general requirements, naming conventions, guidance for 

modelers, model quality control using clash detection, and BxP.  

As explained in ConsensusDocs 301 BIM Addendum Guidebook (2016) the ConsensusDocs 301 

BIM Addendum is intended to be used on projects where early in the project, the project owner 

and major project participants commit to using BIM or virtual design and construction (VDC) and 

the design model is intended to be a contract document. The ConsensusDocs 301 BIM addendum 

incorporates what is believed to be the best practices in BIM use. The BIM addendum covers topics 

like the As-Built Construction Model which may include attribute-based information, level of 

detail specification, geometric modeling, BxP, data collection protocols, and model sharing and 

networking infrastructure.  

The American Institute of Architects (AIA) Digital Document Guide (2022) explains the AIA 

2022 Digital Practice Contract Document. These contract documents include BIM Exhibits E201, 

E202, E401, and E402, G203 BIM Execution Plan (BxP), and Model Element Table G204 and 

G205. These BIM exhibits focus on expectations related to the scope and authorized use of Digital 

Data and BIM. G203 serves as a framework for project participants in creating a project-specific 

BxP. G204 and G205 have detailed and abbreviated Model Element Tables respectively. 

6.2.4 Methodology 

To support the author’s first objective, a comparative analysis of how BIM was utilized by 

researchers to develop their automated clash resolution models was conducted including 

information extracted from BIM that supports automated clash resolution. The comparative 

analysis is shown in Table 37. The identified information was classified as either geometric or 

attribute information. Three BIM guides were then reviewed to identify topics related to 1) 

information required to be embedded into the BIMs, 2) project stages BIM can be utilized in, 3) 

BIM ownership and authorship, 4) BIM quality control, and 5) scope of BIM utilization. The 

selection of the three BIM guides was based on ease of availability and access to the documents. 

Additionally, selecting these three guides allowed an understanding of the point of view of 

different stakeholders when writing these guides. AIA (2022) provides insight on how designers 

want to utilize BIM. GSA BIM Guide (2016) is written from an owner’s perspective, while the 

ConsensusDocs (2016) is written by a coalition of 40 national associations that includes Associated 
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General Contractors of America, Association of Builders and Contractors, Construction Owners 

Association of America, American Subcontractors Association and Mechanical Contractors 

Association of America. The authors are also aware that the US Army Corps of Engineers 

(USACE) and Military Construction (MILCON) also use BIM Standards and BxP. Due to security 

considerations for the military and the Department of Defense (DoD), these standards and guides 

are firewall-protected and access has not been granted at the time of paper preparation. As a result, 

these guides have not been reviewed. 

Table 39. BIM information used to support automation of BIM clash resolution. 

Mark Category BIM Information 

Radke, 

et. al., 

(2009) 

Hu and 

Castro-

Lacouture 

(2019) 

Huang 

and Liu 

(2019) 

Hsu et 

al. 

(2020) 

1 

G
 I

 

Start Point: Clashing elements’ X/Y start 

point. 
X   X 

2 End Point: Clashing elements’ X/Y end point. X   X 

3 Base Level: Z coordinate of clashing element. X    

4 Thickness: Clashing element’s thickness. X    

5 Radius: Circular clashing element’s radius. X    

6 Height: Square clashing element’s height. X    

7 Width: Square clashing element’s width. X    

8 Shape: Clashing element’s shape.  X   

9 Clashing Volume: Volume of clash.  X   

10 
Spatial relationship: If the clash exists 

beyond the ceiling or not. 
 X   

11 
Available space: Available space around 

clash. 
 X   

12 
Clearance: Clashing elements’ clearance 

requirement. 
X    

13 
Cross-sectional area: Clashing element’s 

area. 
 X   

14 Clash Type: Parallel or cross-type clash.    X 
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From the literature review and the BIM guides, an analysis was done to assess and propose: 

1. How the current BIM guides can support automated clash resolution,  

2. How BIM guides can be improved upon by comparison among the guides reviewed, 

3. Recommended changes and additions to BIM guides to enhance support of automated clash 

resolution. 

6.2.5 Results 

It was determined from the literature that Machine Learning was the focus point to automate and 

improve clash resolution and that both graphical and attribute information are being used to 

support the automation process (shown in Table 37). Therefore, it can be assumed that at the stage 

where automated clash resolution will be implemented the BIM needs to be sufficiently developed 

in terms of embedded graphical properties and attributes. Without both graphical properties and 

attributes embedded in the model, automated clash resolution will be less successful. Table 38 

compares the topics covered by the industry standard BIM guides reviewed. 

15 
Intersection Type: Penetrating or punching 

clash. 
   X 

16 
Distance: Clashing elements’ overlap 

distance. 
  X  

17 Clash Point: 3D coordinates of the clash.   X  

18 

A
I 

Material: Material of clashing element.  X   

19 
System Type: Clashing elements’building 

system. 
X X  X 

20 
Class: Class of clashing element. Eg. pipes, 

ducts. 
 X X  

21 
Information Uncertainty: Uncertainty 

regarding the clashing element. 
 X   

22 
Location: Location of the clash. Eg. floor, 

room. 
 X X  

23 
Priority: Clashing elements’ movement 

priority. 
 X   

GI = Geometric Information     AI = Attribute Information  
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Table 40. Topics covered in different BIM Guides 

Mark Topic 

AIA Digital 

Document 

Guide 

ConsensusDocs 

301 

GSA BIM 

Guide 07 

1 BIM as Contract Document X X  

2 Level of Development X X X 

3 BIM Execution Plan X X X 

4 Non-Graphic Information in BIM X X  

5 BIM Sharing X X  

6 BIM Reliance X X  

7 BIM Coordination X X X 

8 
Operation and Management Project 

Stage 
X X X 

9 Digital Twin X   

10 BIM Authorship X X  

11 Modeling Software X X X 

12 Data Security X X  

13 File Naming Conventions X X X 

14 Project Participants Responsibility X X X 

15 BIM Quality Control X X X 

16 Conceptual Planning Project Stage  X  

17 Schematic Design Project Stage X  X 

18 Design Development Project Stage X X X 

18 
Construction Document Project 

Stage 
X X X 

20 As-Built Model X X X 

21 Civil Information Modeling  X  

22 Coordinated Construction Model  X X 

23 Design Model  X X 

24 4D Scheduling  X X* 
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The  

BIM implementation guides cover topics of BIM coordination with the GSA BIM Guide supplying 

the most comprehensive clash detection instruction focused on clash detection in both design and 

construction. GSA (2016) also provided three tiers of clash types based on how they can be 

resolved. 

1. Tier 1 clash includes clashes that can be resolved by a single entity internally. 

2. Tier 2 clash includes clashes that can be resolved by coordination between multiple 

consultants or subcontractors.  

3. Tier 3 clash includes clashes that exist due to design issues and can only be resolved by 

design changes, budget changes, or both. 

All three guides cover topics of BIM coordination, BIM quality control, and clash detection, yet 

lack meaningful direction on clash resolution. Absent from standards or guidelines are who is 

responsible for clash resolution, a dedicated project stage for clash coordination, who owns the 

resolved changes, building system resolution priority, and needed tools for clash resolution. Given 

the information required to be present in the BIM models to facilitate automation of clash 

resolution and the ownership of this information, the authors suggest that the guides recommend 

to owners that the Design-Build delivery method is the preferred method in support of automated 

clash resolution. Design-Build delivery will allow for early involvement of trade partners (sub-

contractors) on the project, facilitating ease of information sharing and more time to make 

beneficial design decisions. Design-Build will also assist in mitigating the contract issues with 

authoring the model and owing the changes as both the project design and building firms are the 

same entity in Design-Build. 

 

25 5D Scheduling  X  

26 Model Ownership  X  

27 IFC Models   X 

28 COBie  X X 

29 Project Delivery Method   X 

X* topic covered in GSA BIM Guide 04 



233 
 

All three guides address Schematic Design Stage, Design Development Stage, Construction 

Document Stage, and Operation and Management stage but lack directions for a clash coordination 

stage. For example, the AIA Digital Document Guide (2022) in section 2.6 Model Coordination 

states, “If Project Participants discover or become aware of any discrepancies, inconsistency, 

errors, or omission in any Model Version, they shall promptly report the discrepancy, 

inconsistency, error, or omission in writing to the Author and the Architect.” This lack of a 

dedicated project stage for clash coordination has led to a missed opportunity to create standards 

for clash coordination in terms of what Level of Development (LOD) elements should exist by 

default during clash coordination and what information should be embedded into the model to 

support clash coordination and resolution. Furthermore, while reviewing the guides cases were 

noted where non-graphical (attribute) information was mentioned to be embedded into the BIM, 

but only to prepare the model for facility O&M. This was done to 1) support owners and facility 

managers' needs to use the handover/as-built BIMs for facility maintenance, and 2) to confirm that 

the BIM objects include necessary information like manufacturer, space type, model number, serial 

number, and O&M requirement. 

The AIA guide (2016) acknowledges the industry trend toward Industry 4.0 and the development 

and utilization of Digital Twin. The guide notes how LOD 500 can support Digital Twin modeling 

(DTM) as DTM represents existing or as-built conditions using 3 primary frameworks. 

 

1. LOD 500 model elements are field verified therefore they convey the as-built field 

conditions. 

2. LOD 500 allows authors to embed non-graphical information into the model elements.  

3. LOD 500 model elements must be accompanied by their level of accuracy. This can be 

reported using the U.S. Institute of Building Documentation (USIBD) Standard Level of 

Accuracy or a custom accuracy system. 

6.2.6 Discussion 

Although the guides demonstrate the potential for ease of implementation of an automation model 

for clash resolution there needs to be considerations made in terms of language changes and 

additional clauses to fully support the increased potential of fully automated clash resolution. 
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Therefore, as part of the objective of this paper, the authors recommend amendments and changes 

to these guides in support of automated clash resolution. These changes are divided into two 

categories, one that directly supports implementing an automation model by providing the 

necessary information embedded into the model at the time of automation, and a second that 

indirectly supports the automation by suggesting administrative clauses that will address issues 

like automation change authorship. Recommendations to directly support the implementation of 

an automation-capable clash resolution model are: 

1. Establish a dedicated phase for design/clash coordination: All three guides divide the 

project into multiple project phases along with providing tools like “Model Element Table” 

to make sure model elements are of an appropriate LOD and include agreed-upon non-

graphical information. The inclusion of clash coordination as a project phase will allow 

project participants to contractually discuss and define all information to be included in the 

model during the clash coordination stage. This information can include both graphical 

information and attributes required by the automation model to predict clash resolution 

options. 

2. Provide a detailed discussion on clash resolution and the automation option: Following the 

AIA lead in introducing Digital Twin, the author proposes a similar introduction be added 

to the guides regarding the automation of clash resolution. Similar to the Digital Twin 

introduction the guide can propose a preferred LOD for automated clash resolution and 

provide justification for how the chosen LOD can support the automation model. 

3. Include non-graphical information as part of LOD: Currently, LOD focuses on the 

graphical representation of the model elements and categorizes the graphical development 

of the model elements. The authors suggest that the definition of LOD and its level be 

expanded to include non-graphical information as well. This will allow project participants 

to accurately choose at what LOD level they can receive both appropriate graphical and 

non-graphical information for clash resolution support. 

4. Expanding non-graphical information beyond O&M usage: Currently, the guides focus on 

using non-graphical information during the O&M project phase. As seen from the analysis 

of previous automation research non-graphical information in model elements is essential 

to support automating clash resolution. Therefore, the authors recommend that the scope 
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of non-graphical information be expanded to include what information is essential at the 

clash coordination stage. This also ties back to the recommendation of considering a 

dedicated clash coordination phase in BxP and contracts.  

While the above recommendations directly support a working automation model, consideration 

should also be made to support the implementation of the automation model at the administrative 

level. Therefore, proposed recommendations to indirectly support the implementation of 

automated clash resolution at the administrative level are: 

1. The owner, designer, contractor, and trade contractors should agree on which elements they 

will perform clash tests on, and the need to model these particular elements at a specified 

LOD. 

2. Currently, the guides do not comment on 1) how the machine learning clash resolved model 

will be named or transmitted, 2) who has the right to run the automated software and make 

changes to the model, and 3) what file format the resolved model will be transmitted. The 

owner, designer, prime, and trades contracts should determine the model author to finalize 

the automated changes. This can be the same party as the existing model authors or another 

party different from the one running the automated clash resolution. The project 

stakeholders also need to decide on whether the changes suggested by the automation 

model will be taken as suggestion that can be considered by the model authors or as 

mandatory changes that the authors have to make to the model. 

3. Identification of the responsible party for running automated clash resolution and 

identification of model author to incorporate changes from automated clash resolution. 

4. Language to propose the use of automation to support clash resolution can also be added 

to the guide such as, “To expedite the clash resolution process the Model Element 

Author(s) should use the specified automated clash resolution software. The Model 

Element Author(s) can use the clash resolution generated through the software as 

suggestions on how the clash can be potentially resolved.” 

5. For the automation to work, all text-based values will have to be converted into a numerical 

value, selecting an appropriate Classification System to describe clashing element system 

types can help the automation to work better. While selecting the Classification System 
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attention should be given to selecting a classification system that accurately describes the 

system type the model elements belong to as a numerical value. 

6.2.7 Conclusion 

Automating clash resolution that is correct and timely is on the horizon. The authors have 

attempted to initiate the thought process of looking at current industry BIM Guides/Standards and 

analyze if they are at par with the research being conducted in the construction industry to support 

construction workflow through automated processes such as the automation of clash resolution. 

Though research in the field of automation of clash resolution is still in its nascent stage, the 

literature shows significant advantages in the application of an automation model to support clash 

resolution and improve project delivery. Previous research relied heavily on the use of both 

graphical information and element attributes embedded into the BIMs. This makes the BIMs a 

critical component for the successful implementation of the automation model. Research has also 

shown that any successful implementation of BIM in a construction project is supported by a strong 

implementation of BxP and supporting document (breakwitharchitect, 2021; Lin et al., 2016; 

Rodrigues & Andrade, 2021; Weygant, 2011; Wu & Issa, 2015). 

In this paper, the authors have reviewed three different BIM implementation guides, namely the 

AIA Digital Document Guide (2022), the General Service Administration BIM Guide 07 (2016), 

and the ConsensusDocs 301 BIM Addendum (2016). The goal was to understand how these 

documents presently support clash resolution and what changes would be required to support the 

future implementation of an automated clash resolution model. Based on the review of literature 

for automation of clash resolution and BIM guides, the authors have suggested several changes 

and additions both directly (changes focused on preparing BIMs for automation) and indirectly 

(administrative changes) to support the implementation of an automated clash resolution model. 

There are considerable opportunities to incorporate automated clash resolution guide requirements 

into industry BIM standards and BxP. 

One of the limitations of this paper is that it does not consider the contractual liabilities and risks 

associated with the changes proposed. The main objective of this paper was to compare the BIM 

guides and BxPs to assess their readiness in supporting the implementation of the automated 

models for clash resolution. Based on this assessment, the authors propose how this documents 

can be amended to make them more automation ready to act as a starting point of discussion into 
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amending our BIM guides and BxP. A study into the contractual liability and risk assessment of 

these proposed changes would require a deeper review of the literature and understanding of 

contractual liabilities associated with the use of BIM in construction projects. The authors look 

forward to inviting additional researchers in the area of construction contracts to further the 

research and contribution of knowledge in this area. 

 

  



238 
 

References 

Abdi, H., & Williams, L. J. (2010). Principal component analysis. Wiley interdisciplinary 

reviews: computational statistics, 2(4), 433-459.  

Akhmetzhanova, B., Nadeem, A., Hossain, M. A., & Kim, J. R. (2022). Clash detection using 

building information modeling (BIM) technology in the Republic of Kazakhstan. 

Buildings, 12(2), 102.  

Akponeware, A. O., & Adamu, Z. A. (2017). Clash detection or clash avoidance? An 

investigation into coordination problems in 3D BIM. Buildings, 7(3), 75.  

Arabi, S., Haghighat, A., & Sharma, A. (2020). A deep‐learning‐based computer vision solution 

for construction vehicle detection. Computer‐Aided Civil and Infrastructure Engineering, 

35(7), 753-767.  

Arantes, A., Silva, P. F. d., & Ferreira, L. M. D. F. (2015, 21-23 Oct. 2015). Delays in 

construction projects - causes and impacts. 2015 International Conference on Industrial 

Engineering and Systems Management (IESM),  

Awada, M., Srour, F. J., & Srour, I. M. (2021). Data-driven machine learning approach to 

integrate field submittals in project scheduling. Journal of Management in Engineering, 

37(1), 04020104.  

Bilal, M., Oyedele, L. O., Qadir, J., Munir, K., Ajayi, S. O., Akinade, O. O., Owolabi, H. A., 

Alaka, H. A., & Pasha, M. (2016). Big Data in the construction industry: A review of 

present status, opportunities, and future trends. Advanced engineering informatics, 30(3), 

500-521.  

breakwitharchitect. (2021). Defining the BIM Execution Plan. Retrieved 15 September from 

https://www.breakwithanarchitect.com/post/the-bim-execution-plan 

Carey, J. W., Morgan, M., & Oxtoby, M. J. (1996). Intercoder agreement in analysis of responses 

to open-ended interview questions: Examples from tuberculosis research. CAM Journal, 

8(3), 1-5.  

Celoza, A., de Oliveira, D. P., & Leite, F. (2021). Identification and Ranking of Legal Factors 

Impacting Information Management in the AEC Industry Using the Delphi Method. 

Journal of Legal Affairs and Dispute Resolution in Engineering and Construction, 13(4), 

04521022.  

https://www.breakwithanarchitect.com/post/the-bim-execution-plan


239 
 

Chandrashekar, G., & Sahin, F. (2014). A survey on feature selection methods. Computers & 

Electrical Engineering, 40(1), 16-28. 

https://doi.org/https://doi.org/10.1016/j.compeleceng.2013.11.024  

Chou, J.-S., Cheng, M.-Y., Wu, Y.-W., & Pham, A.-D. (2014). Optimizing parameters of support 

vector machine using fast messy genetic algorithm for dispute classification. Expert 

Systems with Applications, 41(8), 3955-3964.  

Custer, R. L., Scarcella, J. A., & Stewart, B. R. (1999). The modified Delphi technique-A 

rotational modification.  

Dettori, J. R., & Norvell, D. C. (2020). Kappa and beyond: is there agreement? Global Spine 

Journal, 10(4), 499-501.  

Docs, R. A. (2015). Revit API Docs. Retrieved October 6 from https://www.revitapidocs.com/ 

Dong, G., & Liu, H. (2018). Feature engineering for machine learning and data analytics. CRC 

Press.  

Dynamo. (2023). Dynamo. Retrieved October 30 from https://dynamobim.org/ 

Ensafi, M., Alimoradi, S., Gao, X., & Thabet, W. (2022). Machine Learning and Artificial 

Intelligence Applications in Building Construction: Present Status and Future Trends. 

Construction Research Congress 2022,  

Fang, Q., Li, H., Luo, X., Ding, L., Luo, H., Rose, T. M., & An, W. (2018). Detecting non-

hardhat-use by a deep learning method from far-field surveillance videos. Automation in 

Construction, 85, 1-9.  

Giel, B., & Issa, R. R. (2016). Framework for evaluating the BIM competencies of facility 

owners. Journal of Management in Engineering, 32(1), 04015024.  

Gondia, A., Siam, A., El-Dakhakhni, W., & Nassar, A. H. (2020). Machine learning algorithms 

for construction projects delay risk prediction. JOURNAL OF CONSTRUCTION 

ENGINEERING AND MANAGEMENT, 146(1), 04019085.  

Gunduz, M., & Elsherbeny, H. A. (2020). Operational framework for managing construction-

contract administration practitioners’ perspective through modified Delphi method. 

JOURNAL OF CONSTRUCTION ENGINEERING AND MANAGEMENT, 146(3), 

04019110.  

Guo, D., Onstein, E., & Rosa, A. D. L. (2020). An approach of automatic SPARQL generation 

for BIM data extraction. Applied Sciences, 10(24), 8794.  

https://doi.org/https:/doi.org/10.1016/j.compeleceng.2013.11.024
https://www.revitapidocs.com/
https://dynamobim.org/


240 
 

Gwet, K. (2002). Kappa statistic is not satisfactory for assessing the extent of agreement between 

raters. Statistical methods for inter-rater reliability assessment, 1(6), 1-6.  

Gwet, K. L. (2014). Handbook of inter-rater reliability: The definitive guide to measuring the 

extent of agreement among raters. Advanced Analytics, LLC.  

Hallowell, M. R., & Gambatese, J. A. (2010). Qualitative research: Application of the Delphi 

method to CEM research. JOURNAL OF CONSTRUCTION ENGINEERING AND 

MANAGEMENT, 136(1), 99-107.  

Harode, A., & Thabet, W. (2021). Investigation of Machine Learning for Clash Resolution 

Automation. EPiC Series in Built Environment, 2, 228-236.  

Harode, A., & Thabet, W. (2023a). Extracting BIM data to support a machine learning model 

for automated clash resolution.  

Harode, A., & Thabet, W. (2023b). Extracting BIM data to support a machine learning model 

for automated clash resolution.  

Harode, A., Thabet, W., & Gao, X. (2022). An Integrated Supervised Reinforcement Machine 

Learning Approach for Automated Clash Resolution. Construction Research Congress 

2022,  

Harode, A., Thabet, W., & Gao, X. (2024). Developing a Machine-Learning Model to Predict 

Clash Resolution Options. Journal of computing in civil engineering, 38(2), 04024005. 

https://doi.org/doi:10.1061/JCCEE5.CPENG-5548  

Harode, A., Thabet, W., & Leite, F. (2022). Feature Engineering for development of a Machine 

Learning Model for Clash Resolution. EPiC Series in Built Environment, 3, 398-406.  

Harode, A., Thabet, W., & Leite, F. (2024). Formulation of Feature and Label Space Using 

Modified Delphi in Support of Developing a Machine-Learning Algorithm to Automate 

Clash Resolution. JOURNAL OF CONSTRUCTION ENGINEERING AND 

MANAGEMENT, 150(3), 04023173. https://doi.org/doi:10.1061/JCEMD4.COENG-

14167  

Hasannejad, A., Majrouhi Sardroud, J., Shirzadi Javid, A. A., Purrostam, T., & Ramesht, M. H. 

(2022). An improvement in clash detection process by prioritizing relevance clashes 

using fuzzy-AHP methods. Building Services Engineering Research and Technology, 

43(4), 485-506. https://doi.org/10.1177/01436244221080023  

https://doi.org/doi:10.1061/JCCEE5.CPENG-5548
https://doi.org/doi:10.1061/JCEMD4.COENG-14167
https://doi.org/doi:10.1061/JCEMD4.COENG-14167
https://doi.org/10.1177/01436244221080023


241 
 

Hasannejad, A., Sardrud, J. M., & Shirzadi Javid, A. A. (2023). BIM-based clash detection 

improvement automatically. International Journal of Construction Management, 23(14), 

2431-2437.  

Hsu, H.-C., Chang, S., Chen, C.-C., & Wu, I. C. (2020). Knowledge-based system for resolving 

design clashes in building information models. Automation in construction, 110, 103001. 

https://doi.org/https://doi.org/10.1016/j.autcon.2019.103001  

Hu, Y., & Castro-Lacouture, D. (2019). Clash relevance prediction based on machine learning. 

Journal of computing in civil engineering, 33(2), 04018060.  

Hu, Y., Castro-Lacouture, D., & Eastman, C. M. (2019a). Holistic clash detection improvement 

using a component dependent network in BIM projects. Automation in Construction, 105. 

https://doi.org/10.1016/j.autcon.2019.102832  

Hu, Y., Castro-Lacouture, D., & Eastman, C. M. (2019b). Holistic Clash Resolution 

Improvement Using Spatial Networks. In Computing in Civil Engineering 2019: 

Visualization, Information Modeling, and Simulation (pp. 473-481). American Society of 

Civil Engineers Reston, VA.  

Hu, Y., Castro-Lacouture, D., Eastman, C. M., & Navathe, S. B. (2020). Automatic clash 

correction sequence optimization using a clash dependency network. Automation in 

Construction, 115, 103205.  

Hu, Y., Xia, C., Chen, J., & Gao, X. (2023). Clash context representation and change component 

prediction based on graph convolutional network in MEP disciplines. Advanced 

engineering informatics, 55, 101896. 

https://doi.org/https://doi.org/10.1016/j.aei.2023.101896  

Huang, Y., & Lin, W. Y. (2019, 2019). Automatic Classification of Design Conflicts Using 

Rulebased Reasoning and Machine Learning-An Example of Structural Clashes Against 

the MEP Model.  

iConstruct. (2021). iConstruct. Retrieved March 14 from https://iconstruct.com/ 

Ignatova, E., Zotkin, S., & Zotkina, I. (2018). The extraction and processing of BIM data. IOP 

Conference Series: Materials Science and Engineering,  

Iran-Nejad, E. (n.d.). pyRevit. Retrieved 13 October from 

https://www.notion.so/pyrevitlabs/pyRevit-bd907d6292ed4ce997c46e84b6ef67a0 

https://doi.org/https:/doi.org/10.1016/j.autcon.2019.103001
https://doi.org/10.1016/j.autcon.2019.102832
https://doi.org/https:/doi.org/10.1016/j.aei.2023.101896
https://iconstruct.com/
https://www.notion.so/pyrevitlabs/pyRevit-bd907d6292ed4ce997c46e84b6ef67a0


242 
 

Japkowicz, N. (2000). The class imbalance problem: Significance and strategies. Proc. of the 

Int’l Conf. on Artificial Intelligence,  

Kadcha, Y., Legmouz, D., & Hajji, R. (2022). AN INTEGRATED BIM-POWER BI 

APPROACH FOR DATA EXTRACTION AND VISUALIZATION. International 

Archives of the Photogrammetry, Remote Sensing & Spatial Information Sciences.  

Kaminsky, J., & Javernick-Will, A. (2013). Contested factors for sustainability: Construction and 

management of household on-site wastewater treatment systems. JOURNAL OF 

CONSTRUCTION ENGINEERING AND MANAGEMENT, 139(12), A4013004.  

Kangin, D., & Pugeault, N. (2018, 2018). Continuous Control with a Combination of Supervised 

and Reinforcement Learning.  

Keeney, S., McKenna, H., & Hasson, F. (2011). The Delphi technique in nursing and health 

research. John Wiley & Sons.  

Kermanshachi, S., Rouhanizadeh, B., & Dao, B. (2020). Application of Delphi method in 

identifying, ranking, and weighting project complexity indicators for construction 

projects. Journal of Legal Affairs and Dispute Resolution in Engineering and 

Construction, 12(1), 04519033.  

Kim, H., Anderson, K., Lee, S., & Hildreth, J. (2013). Generating construction schedules through 

automatic data extraction using open BIM (building information modeling) technology. 

Automation in Construction, 35, 285-295. 

https://doi.org/https://doi.org/10.1016/j.autcon.2013.05.020  

Kolar, Z., Chen, H., & Luo, X. (2018). Transfer learning and deep convolutional neural networks 

for safety guardrail detection in 2D images. Automation in Construction, 89, 58-70.  

Korman, T. M., Fischer, M. A., & Tatum, C. B. (2003). Knowledge and Reasoning for MEP 

Coordination. JOURNAL OF CONSTRUCTION ENGINEERING AND MANAGEMENT, 

129(Part 6), 627-634.  

Lee, G., & Kim, J. W. (2014). Parallel vs. Sequential Cascading MEP Coordination Strategies: A 

Pharmaceutical Building Case Study. Automation in Construction, 43, 170-179. 

https://doi.org/https://doi.org/10.1016/j.autcon.2014.03.004  

Leite, F., Akcamete, A., Akinci, B., Atasoy, G., & Kiziltas, S. (2011). Analysis of modeling 

effort and impact of different levels of detail in building information models. Automation 

https://doi.org/https:/doi.org/10.1016/j.autcon.2013.05.020
https://doi.org/https:/doi.org/10.1016/j.autcon.2014.03.004


243 
 

in Construction, 20(5), 601-609. 

https://doi.org/https://doi.org/10.1016/j.autcon.2010.11.027  

Leite, F. L. (2019). BIM for design coordination: a virtual design and construction guide for 

designers, general contractors, and MEP subcontractors. John Wiley & Sons.  

Lillicrap, T. P., Hunt, J. J., Pritzel, A., Heess, N., Erez, T., Tassa, Y., Silver, D., & Wierstra, D. 

(2015). Continuous control with deep reinforcement learning. arXiv preprint 

arXiv:1509.02971.  

Lin, W. Y., & Huang, Y.-H. (2019). Filtering of Irrelevant Clashes Detected by BIM Software 

Using a Hybrid Method of Rule-Based Reasoning and Supervised Machine Learning. 

Applied Sciences, 9(24), 5324. https://www.mdpi.com/2076-3417/9/24/5324  

Lin, Y.-C., Chen, Y.-P., Huang, W.-T., & Hong, C. (2016). Development of BIM Execution Plan 

for BIM Model Management during the Pre-Operation Phase: A Case Study. Journal of 

Buildings, 6(1), 1-14.  

Liu, B., Blekas, K., & Tsoumakas, G. (2022). Multi-label sampling based on local label 

imbalance. Pattern Recognition, 122, 108294.  

Liu, J., Liu, P., Feng, L., Wu, W., Li, D., & Chen, F. (2020a). Towards automated clash 

resolution of reinforcing steel design in reinforced concrete frames via Q-learning and 

building information modeling. Automation in Construction, 112, 103062.  

Liu, J., Liu, P., Feng, L., Wu, W., Li, D., & Chen, Y. F. (2020b). Automated clash resolution for 

reinforcement steel design in concrete frames via Q-learning and Building Information 

Modeling. Automation in Construction, 112, 103062. 

https://doi.org/https://doi.org/10.1016/j.autcon.2019.103062  

Liu, P., Qi, H., Liu, J., Feng, L., Li, D., & Guo, J. (2023). Automated clash resolution for 

reinforcement steel design in precast concrete wall panels via generative adversarial 

network and reinforcement learning. Advanced engineering informatics, 58, 102131.  

Maimon, O., & Rokach, L. (2005). Data mining and knowledge discovery handbook.  

Mayer, P., Funtík, T., & Honti, R. (2022). MEP COORDINATION AND CLASH 

MANAGEMENT IN BIM AND COMMON DATA ENVIRONMENT. Czech Journal of 

Civil Engineering, 8(2), 54-63.  

https://doi.org/https:/doi.org/10.1016/j.autcon.2010.11.027
https://www.mdpi.com/2076-3417/9/24/5324
https://doi.org/https:/doi.org/10.1016/j.autcon.2019.103062


244 
 

Mehrbod, S., Staub-French, S., Mahyar, N., & Tory, M. (2019). Beyond the clash: investigating 

BIM-based building design coordination issue representation and resolution. J. Inf. 

Technol. Constr., 24, 33-57.  

Oliveira, B. A. S., Neto, A. P. D. F., Fernandino, R. M. A., Carvalho, R. F., Fernandes, A. L., & 

Guimaraes, F. G. (2021). Automated monitoring of construction sites of electric power 

substations using deep learning. IEEE access, 9, 19195-19207.  

Pärn, E. A., Edwards, D. J., & Sing, M. C. P. (2018). Origins and probabilities of MEP and 

structural design clashes within a federated BIM model. Automation in Construction, 85, 

209-219.  

Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., Killeen, T., Lin, Z., 

Gimelshein, N., Antiga, L., Desmaison, A., Köpf, A., Yang, E., DeVito, Z., Raison, M., 

Tejani, A., Chilamkurthy, S., Steiner, B., Fang, L., . . . Chintala, S. (2019). PyTorch: an 

imperative style, high-performance deep learning library. In Proceedings of the 33rd 

International Conference on Neural Information Processing Systems (pp. Article 721). 

Curran Associates Inc.  

Paszke, A. T., Mark. (2023). REINFORCEMENT LEARNING (DQN) TUTORIAL. PyTorch. 

Retrieved January 17 from 

https://pytorch.org/tutorials/intermediate/reinforcement_q_learning.html 

Patel, H. (2021). What is Feature Engineering - Importance, Tools and Techniques for Machine 

Learning. Retrieved Febuary 2 from https://towardsdatascience.com/what-is-feature-

engineering-importance-tools-and-techniques-for-machine-learning-2080b0269f10 

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., Blondel, M., 

Prettenhofer, P., Weiss, R., & Dubourg, V. (2011). Scikit-learn: Machine learning in 

Python. Journal of machine learning research, 12, 2825 - 2830.  

Proulx, C., & Roos, D. (2017). Model Coordination Workflow: 5 Years of Evolution. Retrieved 

September 3, 2021 from https://www.autodesk.com/autodesk-university/class/Model-

Coordination-Workflow-5-Years-Evolution-2017 

QuestionPro. (2005). Free Online Survey Softwaare and Tools | QuestionPro. Retrieved 25 

September from https://www.questionpro.com/ 

https://pytorch.org/tutorials/intermediate/reinforcement_q_learning.html
https://towardsdatascience.com/what-is-feature-engineering-importance-tools-and-techniques-for-machine-learning-2080b0269f10
https://towardsdatascience.com/what-is-feature-engineering-importance-tools-and-techniques-for-machine-learning-2080b0269f10
https://www.autodesk.com/autodesk-university/class/Model-Coordination-Workflow-5-Years-Evolution-2017
https://www.autodesk.com/autodesk-university/class/Model-Coordination-Workflow-5-Years-Evolution-2017
https://www.questionpro.com/


245 
 

Radke, A., Wallmark, T., & Tseng, M. (2009). An automated approach for identification and 

resolution of spatial clashes in building design. 2009 IEEE International Conference on 

Industrial Engineering and Engineering Management,  

Ramasubramanian, K., & Singh, A. (2019). Machine learning using R : with time series and 

industry-based uses in R (Second edition. ed.). Apress. https://doi.org/10.1007/978-1-

4842-4215-5  

Reddy, K. P. (2011). BIM for building owners and developers: making a business case for using 

BIM on projects. John Wiley & Sons.  

Rodrigues, I., & Andrade, M. (2021). BIM Execution Plan (BEP) to Infrastructure 

Superintendence of the Federal University of Pernambuco: A Proposal to Implement BEP 

in a Federal University in Brazil.  

Sabelli, A. M., Kanda, T., & Hagita, N. (2011). A conversational robot in an elderly care center: 

an ethnographic study. Proceedings of the 6th international conference on Human-robot 

interaction,  

Sadatnya, A., Sadeghi, N., Sabzekar, S., Khanjani, M., Tak, A. N., & Taghaddos, H. (2023). 

Machine learning for construction crew productivity prediction using daily work reports. 

Automation in Construction, 152, 104891.  

Sahani, N., Zhu, R., Cho, J.-H., & Liu, C.-C. (2023). Machine Learning-based Intrusion 

Detection for Smart Grid Computing: A Survey. ACM Transactions on Cyber-Physical 

Systems, 7(2), 1-31.  

Salem, A. M., Yakoot, M. S., & Mahmoud, O. (2022). Addressing Diverse Petroleum Industry 

Problems Using Machine Learning Techniques: Literary Methodology─ Spotlight on 

Predicting Well Integrity Failures. ACS omega, 7(3), 2504-2519.  

Schubert, E., Sander, J., Ester, M., Kriegel, H. P., & Xu, X. (2017). DBSCAN revisited, 

revisited: why and how you should (still) use DBSCAN. ACM Transactions on Database 

Systems (TODS), 42(3), 1-21.  

Singh, D., & Singh, B. (2020). Investigating the impact of data normalization on classification 

performance. Applied Soft Computing, 97, 105524.  

Sorower, M. S. (2010). A Literature Survey on Algorithms for Multi-label Learning.  

Sutton, R. S., & Barto, A. G. (2018). Reinforcement learning: An introduction. MIT press.  

Talend. (2023). talend. Retrieved October 30 from https://www.talend.com/ 

https://doi.org/10.1007/978-1-4842-4215-5
https://doi.org/10.1007/978-1-4842-4215-5
https://www.talend.com/


246 
 

Tammik, J. (2008). The Building Coder. Retrieved October 6 from 

https://thebuildingcoder.typepad.com/ 

Theobald, O. (2017). Machine learning for absolute beginners: a plain English introduction. 

Scatterplot press.  

Tommelein, I. D., & Gholami, S. (2012). Root causes of clashes in building information models. 

Proceedings for the 20th Annual Conference of the International Group for Lean 

Construction,  

Tymvios, N., & Gambatese, J. A. (2016). Direction for generating interest for design for 

construction worker safety—A Delphi study. JOURNAL OF CONSTRUCTION 

ENGINEERING AND MANAGEMENT, 142(8), 04016024.  

ul Hassan, F., & Le, T. (2021). Computer-assisted separation of design-build contract 

requirements to support subcontract drafting. Automation in Construction, 122, 103479.  

Van Eck, N. J., & Waltman, L. (2011). Text mining and visualization using VOSviewer. arXiv 

preprint arXiv:1109.2058.  

Van Selm, M., & Jankowski, N. W. (2006). Conducting online surveys. Quality and quantity, 

40(3), 435-456.  

Wang, L., & Leite, F. (2013). Knowledge discovery of spatial conflict resolution philosophies in 

BIM-enabled MEP design coordination using data mining techniques: a proof-of-concept. 

In Computing in Civil Engineering (2013) (pp. 419-426).  

Wang, L., & Leite, F. (2016). Formalized knowledge representation for spatial conflict 

coordination of mechanical, electrical and plumbing (MEP) systems in new building 

projects. Automation in Construction, 64, 20-26.  

Weeks, D. J., & Leite, F. (2022). Ranking Critical Factors for Facility Renovation and System 

Upgrade Decisions in Dormitories: A Delphi Study. Journal of Architectural 

Engineering, 28(4), 04022026.  

Weygant, R. S. (2011). BIM content development: standards, strategies, and best practices. John 

Wiley & Sons.  

Wongpakaran, N., Wongpakaran, T., Wedding, D., & Gwet, K. L. (2013). A comparison of 

Cohen’s Kappa and Gwet’s AC1 when calculating inter-rater reliability coefficients: a 

study conducted with personality disorder samples. BMC medical research methodology, 

13, 1-7.  

https://thebuildingcoder.typepad.com/


247 
 

Wu, W., & Issa, R. R. (2015). BIM execution planning in green building projects: LEED as a use 

case. Journal of Management in Engineering, 31(1), A4014007.  

Xu, Y., Zhou, Y., Sekula, P., & Ding, L. (2021). Machine learning in construction: From shallow 

to deep learning. Developments in the built environment, 6, 100045.  

Zheng, A., & Casari, A. (2018). Feature engineering for machine learning: principles and 

techniques for data scientists. " O'Reilly Media, Inc.".  

Zhu, R., Hu, X., Hou, J., & Li, X. (2021). Application of machine learning techniques for 

predicting the consequences of construction accidents in China. Process Safety and 

Environmental Protection, 145, 293-302.  

 

  



248 
 

Appendix A: Modified Delphi Survey 

Section 1: Participant's Consent 

Please enter your email address below to facilitate correspondence for future rounds of the 

survey and to provide consent to take part in the survey. The survey's goal is to capture 

knowledge on how design clashes are resolved in the construction industry and should take less 

than 15 minutes to complete. 

1. Email Address: ______________________________ 

Section 2: Features to consider while resolving clashes. 

Please rate the relative importance of the clash features to decide on how to resolve a clash. 

Please use the following link to see the description of each feature. 

Clash Features 

1 

Slightly 

Important 

2 

Moderately 

Important 

3 

Important 

4 

Very 

Important 

5 

Extremely 

Important 

N/A 

1. Start and End point of the clashing 

objects 

      

2. Dimensions of the clashing elements       

3. Element slope       

4. Clashing element type       

5. Clashing element system type       

6. Clashing element material       

7. Constrained slope       

8. Insulation type       

9. Rigidity of the clashing element       

10. Critical element in the clash       

11. Plane and orientation of the 

clashing elements 

      

12. Area of intersection/Relative 

center line of the clashing elements 

      

13. Clash group       
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14. Available area around the Clashing 

elements 

      

15. Location of the clash       

16. Proximity to other elements       

17. Number of connected elements to 

the clashing elements 

      

18. Code compliance       

19. Cost of resolving a clash       

20. Original design value for air water 

flow calculation 

      

21. Project stage the clashing element 

is in 

      

22. Equipment vendor specification       

23. Hard or soft clash       

 

Additional comments or additional clash features that you consider while making clash 

resolution decision (Optional): 

______________________________________________________________________________

______________________________________________________________________________

______________________________________________________________________________ 

Section 3: Options to resolve clashes. 

Please rank the listed clash resolution options based on your preference to adopt them to resolve 

clashes for the given project. 

Project: The project is a Design Build project where all project participant were involved in the 

project's design at the early stages of the project. The mechanical, electrical, and plumbing 

systems complexity on the project is medium to high. 

 

1. Moving the clashing element with low priority in/along x-y-z direction to resolve the 

clash: ____________ 
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2. Modifying length, width, and/or height of the clashing element with low priority: 

____________  

3. Modifying the slope of the clashing element with low priority: ____________________ 

4. In cases of systematic clash occurrence redesign the entire building system with low 

priority for a zone, floor, or area of the building to resolve multiple clashes: 

____________ 

5. Modifying installation sequence and schedule of the element: ______________________ 

Additional comments or additional clash resolution option that you consider to resolve clashes 

(Optional): 

______________________________________________________________________________

______________________________________________________________________________

______________________________________________________________________________ 
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Appendix B: Response to Participants after Round One 

Dear Participant, 

Thank you for taking part in the first round of the survey to identify the factors considered by 

industry experts during clash resolution and the options used to resolve each clash.  

This email is to request your participation in the second round of the survey which will involve 

you answering the same questions as in the first round of the survey again. The objective of this 

round of survey is to attempt to get the survey group reach a common consensus with respect to 

the relative ranking of clash factors and clash resolution options. In this round of the survey, you 

are provided with summary statistics for the results of the first round and your own response. 

Based on the two statistics provided you are requested to either change your response or select 

your original response.  

The survey link and clash factor description link are provided at the end of the document. 

Summary Statistics 

The survey was completed by 12 participants out of which 7 represented general contractors, 3 

represented sub-contractors, and 2 represented owner consultants. Figure 44 shows the 

distribution of the respondents. 

 

Figure 47. Distribution of Respondents 

General 
Contractor, 

7
Sub-

Contractor, 3

Owner's 
Consultant,

2

DISTRIBUTION OF RESPONDENTS
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Table 23 shows the mean response of the group as compared to your response for the relative 

importance of clash factors. Table 24 provides the median ranking of the clash resolution option 

along with your response. The detailed analysis and results of round one of the surveys are 

attached in Appendix I of this document for your reference. 

Table 41. Participant Response vs Group Response for Clash Factors relative importance 

Group Response* reflects the most frequently selected importance level of the clash factor by 

the participants.  

S. 

No. 
Clash Factors 

Group 

Response* 

Participant's 

Response 

1 Start and End point of the clashing objects 3 5 

2 Code compliance 5 5 

3 Proximity to other elements 3 3 

4 Plane and orientation of the clashing elements 3 5 

5 Clashing element type 5 5 

6 Cost of resolving a clash 4 4 

7 Original design value for air and water flow calculation 4 5 

8 Clashing element material 2 5 

9 Available area around the clashing elements 4 5 

10 Clashing element system type 4 5 

11 Insulation type 2 3 

12 Hard or soft clash 4 4 

13 Rigidity of the clashing element 3 5 

14 Location of the clash 5 5 

15 Number of connected elements to the clashing element 3 3 

16 Equipment vendor specification 4 4 

17 Element Slope 4 5 

18 Constrained slope 5 5 

19 Dimensions of the clashing elements 3 3 

20 Critical element in the clash 5 5 

21 Clash group 3 2 

22 Area of intersection/Relative center line of the clashing 

elements 

3 4 

23 Project stage the clashing element is in 5 2 

 

Table 42. Participant's Response vs Group Response for ranking of Clash Resolution Options. 

Group Response* reflects the most frequently selected ranking of the clash resolution option 

by the participants.  

S. 

No. 
Clash Resolution Option 

Group 

Response* 

Participant's 

Response 
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1 

 

Moving the clashing element with low priority in x-y-z 

directions to resolve the clash 

1 1 

2 In cases of systematic clash occurrence redesign the 

entire building system with low priority for a zone, 

floor, or area of the building to resolve multiple 

clashes. 

5 5 

3 Modifying the length, width, and/or height of the 

clashing element with low priority. 

2 2 

4 Modifying the slope of the clashing element with low 

priority. 

3 4 

5 Modifying installation sequence and schedule of the 

element 

4 3 

 

Round Two Instruction 

The second round of the survey contains the same questions as the prior first round. For each 

question, each participant may choose to provide the same numerical response they provided in 

round one, or change their response based on the group response provided in Tables 1 and 2. The 

objective here is to attempt to make the survey group reach a common consensus with respect to 

the relative importance of the clash factors and the ranking of the clash resolution options.  

1. Section 1: Participants' consent to take part in the survey and their email addresses to 

facilitate correspondence for the future round will be collected in this section. The 

collected email addresses will be kept confidential and will not be shared with anyone.  

2. Section 2: You are requested to select the relative importance of clash factors considered 

when deciding on the clash resolution on a 1 to 5 Likert scale. 

If you choose to provide a different response from the group’s response given in Table 

1, please provide a justification of why your response is different. For example, “I 

am rating the factor “Clashing element material” higher than the group response 

because a costlier material might get a higher priority while resolving a clash so as 

the keep the cost of MEP installation within the budget”. 

3. Section 3: You are requested to rank the clash resolution option based on your preference 

to resolve the clashes for a Design-Build project where all project participants were 

involved in the project's design at the early stage of the project. The mechanical, 

electrical, and plumbing systems complexity of the project is medium to high. 
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If you choose to provide a different response from the group’s response given in Table 

2, please provide a justification of why your response is different. For example, “I 

am ranking “Modifying installation sequence and schedule of the element” lower 

than the group ranking because for me this would require the involvement of all the 

project participants and additional co-ordination meetings and I would prefer to 

exhaust all my options before scheduling additional meetings to resolve clashes”. 

Survey Link:  https://virginiatech.questionpro.com/t/AU2kKZuwu6 

Clash Factor Description: 

drive.google.com/file/d/1D7Qd5A6MbMEXhuPxquehaiMUjQNU1EzP/view?usp=sharing 

Thank you for your participation. 

Ashit Harode, Ph.D. Candidate, ashit02@vt.edu, 540-449(4279) 

  

https://virginiatech.questionpro.com/t/AU2kKZuwu6
file:///G:/Shared%20drives/1.%20VFRL%20RESEARCH%20Work/2.1%20Ash%20Harode%20PHD%20RESEARCH/PhD%20Dissertation/drive.google.com/file/d/1D7Qd5A6MbMEXhuPxquehaiMUjQNU1EzP/view%3fusp=sharing
file:///G:/Shared%20drives/1.%20VFRL%20RESEARCH%20Work/2.1%20Ash%20Harode%20PHD%20RESEARCH/PhD%20Dissertation/drive.google.com/file/d/1D7Qd5A6MbMEXhuPxquehaiMUjQNU1EzP/view%3fusp=sharing
mailto:ashit02@vt.edu
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Detailed distribution of responses for the relative importance of clash factors for 

Round 1. 
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Detailed distribution of responses for ranking of clash resolution option for Round 

1. 
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