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Interaction-Triggered Estimation of AR Object Placement on 

Indeterminate Meshes 

John P. Luksas 

(ABSTRACT) 

Current Augmented Reality devices rely heavily on real-time environment mapping to provide 

convincing world-relative experiences through user interaction with virtual content integrated into 

the real world. This mapping is obtained and updated through many different algorithms, but often 

results in holes and other mesh artifacts when generated in less ideal scenarios, like outdoors and 

with fast movement. In this work, we present the Interaction-Triggered Estimation of AR Object 

Placement on Indeterminate Meshes, a quick, interaction-triggered method to estimate the normal 

and position of missing mesh pieces in real-time with low computational overhead. We achieve 

this by extending the user's hand using a group of additional raycast sample points, aggregating 

results according to different algorithms, and then using the resulting values to place an object. 

This thesis will first cover problems with current mapping techniques, thoroughly explain the 

rationale and algorithms behind our method, and then evaluate our method using a user study. 

 

 

 

 



 

 

Interaction-Triggered Estimation of AR Object Placement on 

Indeterminate Meshes 

John P. Luksas 

(GENERAL AUDIENCE ABSTRACT) 

Augmented Reality (AR) technologies have the potential to change all our lives for the better 

through tight and seamless integration into our daily lives. Crucial to this seamless integration is 

the ability for users to manipulate virtual AR objects and interact effortlessly with real-world 

features around them. In order to facilitate this interaction, AR devices often create 3D maps of 

the real world to allow the device to recognize and respect the geometry of the world around it. 

Unfortunately, many AR devices still have trouble creating and maintaining these maps in 

challenging environments, like outdoors or when moving fast, so the resulting 3D maps of the 

environments have holes and inaccuracies, causing user interaction with the environment to be 

unreliable and breaking the seamless integration. While many solutions look toward more 

advanced algorithms that require more specialized sensors or next-gen AR devices to improve this 

mapping issue, we see an opportunity to enhance any existing 3D maps using a novel interaction 

aggregation approach that can theoretically work with any mapping technology. In this work, we 

present the Interaction-Triggered Estimation of AR Object Placement on Indeterminate Meshes, a 

work-in-progress application providing a quick, interaction-triggered method to estimate the 

normal and position of missing mesh in real-time with low computational overhead. 
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1 Introduction 

1.1 Motivation  

Current augmented reality (AR) technology and applications have begun to rapidly expand from 

their previous research and enthusiast sectors into mainstream commercial and industrial sectors. 

This expansion has seen AR applications increasingly utilized for work such as subsurface utility 

engineering visualization for civil engineers [1] and augmented industrial engineering 

visualization for shipyards [2]. Many also see a large applicability of AR in Industry 4.0 in order 

to increase productivity and assist with human-computer interfacing [3][4]. Additionally, AR is 

starting to be utilized by first responders for search and rescue applications [5], [6], including 

recent work within our lab as pictured in Figure 1.1, where first responders interact with a 

standard NIST FEMA marking using AR [7]. With this expansion, AR applications have 

gradually grown their physical area extents, sometimes requiring extensive areas (such as large 

outdoor spaces) to perform their desired purpose. In many cases, these large-scale application 

areas have caused strain on traditional indoor AR tracking and mapping algorithms, especially in 

cases where the tracking and mapping has to be real-time, meaning no prior knowledge of the 

tracked area can be assumed. Additionally, in many cases, internet connection cannot be 

assumed, or latency is too high to perform fast tracking on an offsite server, requiring all 

algorithms to be AR device-side.  
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Figure 1.1 (a) Example of well-constructed ñXò spray painted on a physical feature (door) (b) sample FEMA assessment 

marking [7] 

 

The strain of current AR tracking and mapping algorithms in large-scale applications can be 

observed as improper locations of AR holograms in the real world, holes in environment mesh 

used for user interaction, and complete tracking freezes and crashes, to name a few. Figure 1.2 

depicts an environment mesh generated by a HoloLens 2 device of a commercial work 

environment with an average user movement speed, resulting in many holes scattered throughout 

the mesh. Additionally, researchers exploring the accuracy of the HoloLens 2 in small and large-

scale tracking and mapping found that the HoloLens 2 SLAM algorithm produced tracking and 

mapping results within a few centimeters of the building model ground truth in small-scale, 

single-room areas but observed large deviations from the building ground truth in large multi-

room tracking scenarios [8]. 
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Figure 1.2: Example 3D environment mesh scan of the 3rd floor of Gilbert Place (experiment location) using the HoloLens 2 

device. Many mesh holes can be seen in the mesh where the orange background color shows through the white mesh. 

 

While research is often focused on improving localization problems in large-scale AR, we 

believe improving environment mapping or at least developing methods to mitigate problems 

with incomplete mappings, is equally important to the end-user experience. This is due to the 

mesh often being a primary interaction ñscaffoldingò users utilize to author and manipulate 

virtual content in the real world, allowing virtual objects to conform and interact with the 

physical restrictions of a userôs surroundings. Incomplete or spotty environment mesh can cause 

loss of immersion, frustration, and hinder user buy-in, especially for fast-paced and important 

applications, like search and rescue. Many current solutions aim to create ñperfectò environment 



4 

 

mesh representations of the surrounding area through new algorithms and new sensor suites. 

While this would be the most ideal solution, we believe far too many variables influence the 

quality of an environment map to expect a ñperfectò mesh, even with extensive and expensive 

hardware and computer power. Instead, we believe in striving for a quick ñgood enough for the 

desired user experienceò environment mesh from any 3D scanner. We then apply simple 

sampling and aggregation techniques, which we term interaction techniques, when needed, to 

provide the most feasible, maintainable, and accessible AR experience for most people. We 

believe this method would still allow users to more seamlessly interact with an imperfect 

environment mesh while not having to be concerned or even aware of the underlying mesh with 

which they are interacting. 

1.2 Research Problem 

As mentioned, a ñperfectò environment mesh would be ideal and consist of a one-to-one virtual 

representation of the userôs environment to perform world-relative actions, such as placing 

holograms on real-world objects and providing accurate occlusion. While this mesh would be the 

ideal solution for real-to-virtual world interaction, many factors currently prevent meshes like 

this from being created and utilized in real-world AR applications.  

First, many current AR head-worn displays (HWD) and mobile devices used for AR experiences 

lack sufficient onboard computational power, causing limited real-time environment mapping 

capacities. Additionally, many of these AR options do not have ideal sensor suites in order to 

capture the real world at sufficient quality or speed, like phones with single cameras. Ultra-dense 

point cloud software and scanners like light detection and ranging (LiDAR) exist, but these 
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usually require expensive equipment and computational power to resolve. Prior knowledge 

solutions exist, like building information modeling (BIM) and Structure from Motion (SfM), but 

these solutions inherently require additional work on the front end before a user can even utilize 

an AR application, preventing spontaneous use of AR in any location. Large changes in an area 

can also negate previous knowledge, such as vast construction or a large natural disaster. 

Additional options for mapping and tracking exist using servers to do the heavy tracking and 

mapping, but assuming internet connection, especially in remote outdoor places, is not an ideal 

or even feasible option. Finally, even if sensors suites could be very good across all devices, 

onboard compute power became much more powerful, and internet access was always available, 

tracking would still most likely have errors that need fixing due to many environmental factors. 

These factors, varying based on tracking and mapping techniques, usually include lighting levels, 

shadows, speed of progression through environment, and the density of features in an area ï to 

name a few and can occur in both indoor and outdoor settings.  

Taking these current limitations into account, we see a very important research thrust in 

changing the current research questions from ñHow do we improve environment mapping around 

a userò to ñHow do we improve the overall user experience of interacting with current-day 

environment meshesò. We clearly see that the object of environment mapping improvement 

should be the end user directly, instead of indirectly through environment mesh with less holes. 

Altogether, we see a research opportunity for a ñgood enoughò mesh representation of the userôs 

surroundings that provides a balance of computational power and object placement accuracy 

using simple sampling and aggregation techniques. 
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The key contributions of this work are: 

1. Explore the efficacy of a lightweight, hardware-agnostic approach to interact with 

imperfect meshes 

2. Evaluate the usability of specific mesh interaction algorithms  

1.3 Research Questions 

The main objective of this work is to understand how different environment mesh interaction 

techniques affect user overall interaction with real world in AR. This main objective can be 

broken down into three different research questions: 

RQ1. How does the mesh interaction technique affect user task quality in a spray painting task? 

RQ2. How does the mesh interaction technique affect the efficiency of user interaction in a spray 

painting task? 

RQ3. How does the mesh interaction technique affect a userôs workload and perceived usability? 

2 Background and Related Work 

2.1 Background 

2.1.1 Augmented Reality 

We define Augmented Reality (AR) as a technology that superimposes virtual objects into the real 

world, allowing for a real world that is supplemented with information rather that replaced 

completely [9], as shown in Figure 2.1b. This is in contrast to Virtual Reality (VR) which aims to 

completely immerse a user in a virtual environment [9]. Sutherlandôs 1965 ñThe Ultimate 
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Displayò paper is often credited as the jumping board for AR technology where Sutherland 

describes his vision for the perfect display to immerse a user with the use of all senses [10]. 

Shortly after in 1968, Sutherland is recognized as creating the first traditional visual AR head 

worn display (HWD) which allowed a user to visualize simple 3D wireframe objects and have 

them react to real life movement of the user [11]. Thomas Caudell and David Mizell, Boeing 

engineers at the time, first coined Augmented Reality as a term in a 1992 paper where they 

described an application used to overlay virtual markings to help guide the assembly of wire 

bundles in manufacturing [12]. Shortly after, Azuma [9] wrote the first survey of AR technology, 

defining the three core characteristics of AR many still use today: 1.) combines real and virtual, 

2.) interactive in real-time, and 3.) registered in 3D. Milgram and Kishino [13] then created the 

hugely popular ñvirtuality continuumò, seen in Figure 2.1a to properly address and categorize the 

terms of Virtual Reality (VR), Augmented Reality (AR), and Mixed Reality (MR) in terms of 

real versus virtual environments. Since these simple beginnings and definitions, AR technology 

has advanced slowly, reaching outside the realms of research labs and into the hands of real 

industrial and consumer customers. Further, the applications for AR have grown to become 

extremely advanced and useful for the everyday user. Today many different forms of AR exist 

around us from phone-based AR, like Pokémon Go [14], to AR HWD, such as the HoloLens 2, 

each offering various amounts of immersion, technology, and usability to users.  
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Figure 2.1: (a) Milgram and Kishinoôs Virtuality Continuum [13] (b) Picture of a Search and Rescue AR application that 

displays virtual hazards to the user as well as a HUD showing nearby hazards 

 

2.1.2 Mesh Repair 

Most people have unknowingly encountered computer graphics-based three-dimensional (3D) 

meshes in their daily life, as 3D meshes enable technologies such as video games, CAD 

software, and the CGI of todayôs biggest blockbuster films. A 3D mesh can be considered the 

wireframe, or skeleton of a 3D object, defining all the underlying geometry and details that make 

up the 3D object being represented. These 3D models and data are often stored in the format of 

3D polygonal mesh, which in most cases, is formatted into tessellated, or triangle mesh [15]. 

Each triangle is defined by three vertices and three edges, together forming the triangle face as 

show in of Figure 2.2b. This tessellated mesh can be used to model 3D objects ranging from 

dozens of triangles to millions of triangles, depending on the level of detail of the object. 
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Figure 2.2: (a) An example 3D model with the mesh visualized (b)Element breakdown of one triangle in a large 3D triangle mesh 

 

Ideal meshes are usually watertight, defined as ñconsisting of one closed surfaceò and ñdo not 

contain holes and have a clearly defined insideò [16]. While watertight meshes are the gold 

standard, many 3D models today do not quite meet these stringent criteria because meshes are 

created and generated from many sources with varying quality. Sources can be categorized 

roughly into two categories, digitized models, which represent the digitization of the real world 

using various sensors and software, and synthetic models, which are models conceptualized and 

created entirely in the computer [15]. Both model types can have issues and not be watertight, 

but digitized models, usually from scanning technology like LiDAR and photogrammetry, have a 

much higher chance of not being watertight due to more noise from user error and real-world 

environment factors. In our case, most AR mapping algorithms can be considered digitized 

models, as the mapping algorithms are digitally recording and recreating physical spaces in order 

to be used for AR experiences. 
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This varying quality of mesh and sources has led to an entire research area of mesh repair, the 

study of how to repair incomplete or broken 3D mesh. One common operation of mesh repair, 

especially for digitized models, is hole repair, where the software tries to extrapolate details from 

mesh surrounding the hole to reconstruct it to the best ability. Figure 2.3 visually showcases 

some additional mesh problems that can occur and require mesh repair. There are many mesh 

repair algorithms and techniques, all with different strengths and weaknesses, but in general 

these mesh repair algorithms can be characterized into local mesh correction, which modifies 

only mesh in the vicinity of each individual mesh defect and global mesh correction, which are 

typically based around complete remeshing of the input 3D mesh [15].  

 

Figure 2.3: Common 3D mesh problems encountered when working and generating 3D mesh content [15] 
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2.1.3 Environment Mapping 

Environment mapping, often called spatial mapping [17], is the process of digitally capturing a 

real-world environment. This mapping can be carried out through many different technologies, 

like LiDAR or photogrammetry, but ideally results in a 3D mesh or point cloud whose shape 

contours to the real-life geometry scanned.  

 

Figure 2.4: Environment mesh generated in real-time by the HoloLens 2 SLAM-type tracking and mapping system in an outdoor 

setting 

 

Environment mapping can be utilized in many different applications and work, but is especially 

essential in many AR applications, as it allows users to interact with their real-world 

surroundings, increasing overall cohesion of the real and virtual worlds. Environment mesh in 

AR applications can be thought of as the digital translation layer which allows the AR device to 

understand the world around it in order to facilitate interaction between the real world and the 

virtual AR world. For example, environment mesh could enable an AR experience that allowed 

users to place a virtual TV perfectly flush on a kitchen wall from a distance and then allow that 
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TV to disappear from the userôs view when they move behind surfaces and walls. Usually, this 

mesh is not visualized for the user, but instead is used for occlusion and user AR interactions 

with their surrounding environment. Figure 2.4 showcases what a sample 3D environment mesh 

generated from the HoloLens 2 onboard environment mesh algorithm looks like when visualized. 

In this work we will broadly categorize environment mapping into two different categories, 

offline mapping and real-time mapping. Offline mapping is any method in which the scanning or 

processing of the mesh is asynchronous to the actual use of the environment map by some 

device, like an AR headset. This can include technologies, like structure from motion (SfM) and 

offline SLAM, which utilize prior knowledge, like sensor information, which can include photos 

and raw sensor outputs, in order to form an environment mesh. Real-time mapping on the other 

hand, we term as the formation of an environment mesh at runtime of the application or 

algorithm. Both offline and real-time environment mapping could be running on server 

hardware, powerful local computers, or even low-powered devices, like a smartphone AR 

experience or the HoloLens 2. Additionally, environment mesh can allow more advanced 

inference about an environment such as semantic environment scene understanding [18]. 

2.2 Related Work 

No current research, to our knowledge, approaches the environment mesh hole problem with a 

specific hardware-agnostic, game engine implementation view as we do. Most research that 

could be utilized and attempts to fix the AR environment mesh hole problem can be categorized 

into two research thrusts: environment mapping algorithms or classic mesh repair techniques. 

The mapping algorithms section outlines past and current mapping and tracking technologies that 
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attempt to improve the environment mesh through different algorithms and sensors. It also 

should be noted that many algorithms we mention contain both tracking and mapping algorithms, 

but we will be solely focusing their relevant mapping capacity to ensure correct scope. The mesh 

repair techniques section describes classic and innovative mesh repair techniques, often used for 

3D models, which could also logically be utilized to fix holes in the environment mesh. 

2.2.1 Mapping Technologies 

As a reminder, mapping solutions that utilize prior information or require offline processing, we 

term offline mapping, and solutions that can completely generate their vision of the real-world at 

the runtime of the mapping application, we term as real-time mapping. 

Offline Mapping 

Many AR construction applications today focus on the ability to overlay constructions drawings, 

often in the form of building information modeling (BIM) formats, onto the real-life building 

site. This overlay mapping can provide construction management a view into the as-built 

construction vs the as-planned construction provided by the BIM model. Mahmood et al. [19] 

described a computer vision system that could be utilized to overlay virtual BIM construction 

drawings on buildings by matching generated point clouds from the BIM model with the 

environment mesh around the user using a HoloLens. Similarly, Yu et al. [20] proposed an AR 

BIM overlay method which included additional features aimed at onsite and remote inspection 

workers, but the registration was performed using image targets instead of matching the current 

surroundings with the model. Sarlin et al. [21] proposed a crowdsourced mapping system, 

allowing users with different devices (HoloLens, Ipad, ect.) to all scan the desired map area and 
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then create one common point cloud mapping. Ventura et al. [22] describe a structure from 

motion (SfM) mapping solution which utilizes a custom algorithm to allow the upright alignment 

of panoramic photos which could then be run through a SfM algorithm. The mapping output 

from the SfM algorithm could then be used as AR environment mapping and the input of 

panorama photos make it a user-friendly solution for users on smartphones. Ventura et al. [23] 

also describes a server-based solution, where users would record panoramic video on their 

phones, which would be converted to point cloud data offline and then be stored on a server to be 

queried for localization and loading of point cloud areas as needed.  

No matter how dense and accurate an offline mapping algorithm can function, it will always be 

held back by their inherent prior knowledge requirement, such as scanning, taking photos, and 

converting BIM and 3D models. This hinders these algorithms functional usability, as they can 

only operate in predefined areas with, usually, ample time to process and perfect the output 

mapping ï far from ideal AR scenario of spontaneous real-time mapping in any scenario at any 

time. Additionally, many of these prior knowledge solutions are not intended to be easily 

interacted with by the user or serve as an interaction layer due to the fact that point cloud to mesh 

can be computationally expensive. 

Real-time mapping 

In contrast to offline solutions, real-time mapping is generating the environment mesh of the 

world at runtime of the application. Many mapping algorithms and solutions exist but 

simultaneous localization and mapping (SLAM) is by far the basis for many of the recent 

research in environment mapping. A multitude of SLAM variants exist, like [24], [25], [26], 
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mainly utilizing monocular vision-based solutions. Current HoloLens 1 and 2 devices utilize a 

custom SLAM algorithm in order to obtain their environment mapping needed for user 

interaction and occlusion [17]. Furthering this simple SLAM approach, Moezzi et al. [27] 

described a hybrid SLAM architecture that uses the HoloLens 1 deviceôs environment mesh, 

created using its internal SLAM algorithm, but augments its capability using an Extended 

Kalman Filter (EKF). Many SLAM algorithms, despite being advanced, still produce sparse 

mesh with unmapped areas and holes in it, due to the low onboard compute of the AR device. 

Aiming to mitigate this sparse mesh problem, Ma et al. [28] proposed a solution utilizing a 

standard SLAM algorithm as a basis, but then applying a coplanar algorithm to fit planes to the 

SLAM point cloud to provide denser, more usable mapping. Similarly, Salas-Moreno et al. [29] 

and Ventura et al. [30] both proposed modified SLAM algorithms that natively detect the real-

world as bounded planar regions, with Salas-Morenoôs focusing on indoor and Venturaôs 

focusing on outdoor urban mapping. While planes can be used to generically map the 

environment, they still may produce maps too course to the actual environment in some 

scenarios. Mukasa et al. [31] were able to gain additional mesh density still utilizing a monocular 

camera, but also utilizing a server-side Convolutional Neural Network (CNN) in order to 

estimate depth from images and feed it into the SLAM algorithms, in addition to vision. Going 

beyond visual SLAM, Lieberknecht et al. [32] and Laidlow et al. [33] furthered the usual visual 

SLAM by utilizing RGB-D cameras to add depth measurement directly to the SLAM system, 

with Laidlow et al.ôs also utilizing an internal IMU sensor. 

While SLAM solutions are plentiful, there still exists mapping solutions built on other 

technology.  Gauglitz et al. [34] describes a tracking and mapping system that allows the ability 
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to track a rotation-only camera, usually not possible in many SLAM algorithms, using a 

panoramic tracking and mapping system, but also enables general translation and rotation 

movement tracked and mapped via SLAM. Many solutions exist that utilize specific depth 

cameras to understand and recreate the world around the users. Garon et al. [35] showcases 

improving a HoloLens 1ôs immediate environment mesh around a user by retrofitting a higher 

quality, separate depth sensing camera to the device and funneling the depth data into the 

HoloLens. Also aiming to improve depth data, Ha et al. [36] described a real-time smoothing 

algorithm aimed to smooth noisy depth data from any depth camera. Finally, Izadi et al. [37] 

describes an algorithm, to be used with a standard Kinect sensor, which allows dense full scene 

reconstruction as well as specific object scanning through the use of Kinects depth and visual 

cameras. While depth cameras can provide very dense and accurate data normally, they often 

cause an increase in compute complexity compared to normal RGB reconstruction methods [38]. 

Overall, real-time solutions can provide great results and will only get better over time, but many 

of the solutions require different sensors or more compute power than AR devices currently have 

on the market, limiting accessibility. Additionally, many of these solutions are still optimized for 

indoor use, with outdoor use not available or causing fragmented, sparse environment mesh. As 

stated before, even with robust mapping algorithms, there are just too many environmental 

variables that can come up to assume, under most circumstances, you will be able to generate a 

ñperfectò mesh. 
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2.2.2 Mesh Repair Techniques 

Outside of new environment mapping technologies, the incomplete mapping problem can also be 

considered in the light of new and upcoming traditional mesh repair algorithms, often used to 

repair 3D object scans. Lin et al. [39] described utilizing a 2D image inpainting technique in 

order to fill holes and perform surface reconstruction on improperly scanned 3D objects, while 

allowing interoperability with different inpainting algorithms. Wang et al. [40] described a 3D 

model inpainting method based around Generative Adversarial Networks (GAN), more 

specifically 3D Deep Convolutional Generative Adver-serial Networks, using a training database 

of classified 3D models. Arvanitis et al. [41] described another 3D mesh-inpainting technique, 

using matrix completion via augmented LaGrange multiplier, which utilizes both global and 

local mesh coherence for very fast mesh repair. Finally, Xia et al. [42] repaired large missing 

pieces of dental 3D mesh scans by first referencing the dental scan against the closest other 3D 

dental mesh on hand using Iterative Closest Point (ICP), then aligning the two meshes and 

repairing the original mesh using mesh deformation. 

All of these mesh repair algorithms show much promise in repairing 3D mesh, but almost all of 

these algorithms are designed to be run on static 3D models, meaning the mesh is not 

dynamically changing as in many AR environment mesh systems and many require desktop 

computers to run. The dynamic aspect of AR environment mesh poses an issue, as even if mesh 

repair algorithms are operating using local repair, the hole or mesh abnormality may become 

fixed by the mapping system in the next frame, wasting precious compute resources that could be 

used for the core AR experience. Finally, the unknown nature of real-time mapping most likely 
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prevents the mesh repair from a close model lookup repair like that in [42], as in most cases 

environmental mesh is not by default deeply analyzing the semantics of the surroundings.  

3 Methods 

3.1 Proposed Solution 

3.1.1 Important Definitions 

 

Figure 3.1 Example side profile of a section of mesh showcasing the different intrinsic features of a triangle mesh 

 

To better ensure proper understanding of our solution, we define these key terms:  

¶ Triangle Mesh: A mesh where all the polygonal faces are triangles. In this experiment we 

will be exclusively focusing on this type of mesh as it is industry standard for many game 

engines, but our solution is by no means restricted to triangular meshes [43]. Wherever 

mesh is mentioned we are referring to a triangle mesh 

¶ Mesh Face Normal: Face normals are vectors orthogonal to the faces of the mesh [44]. It 

should be noted that going forward wherever we mention mesh normal or normal we are 

referring exclusively to the mesh face normal. 
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¶ HoloLens 2 Default Far-Interaction Ray: The straight line originating from a userôs hand 

from the hand tracking system that is used to select far 3D objects for subsequent 

interaction and manipulation. 

¶ Raycast: A common game engine physics function that allows an infinitely thin ray to be 

fired from a particular point in a particular direction into 3D space, to for example, 

collect meta data on what objects it collides with along the way [45].  

3.1.2 Overview 

 

Figure 3.2: (left) Standard HoloLens 2 hand interaction ray (right) Virtual hand plane with 16 sample points used to extend the 

users interaction click to allow estimation 

 

The basic premise of our solution is to create simple to implement estimation methods, which we 

term experimental interaction techniques, that allow the user to seamlessly interact with their 

surroundings without having to think about any environment mesh generation or mesh errors that 

may be present around them. As demonstrated in the Related Work sections, we could approach 

the problem by implementing a new mapping algorithm or attempting to fix holes using existing 

traditional mesh repair techniques. We chose to, however, not approach the problem from that 

angle because even if we could assume that current or future AR hardware, AR HWD or phones, 
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would have sufficient computation power to run some of those solutions presented, most 

solutions require sensor suites and algorithm changes that could not be ubiquitously adopted 

across AR hardware. This could cause AR accessibility issues as newer, most likely higher 

priced AR hardware would be the sole benefactor of technology updates. Additionally, even if 

these software and hardware solutions could be applied to future hardware, it would likely 

require specific configuration and settings for each distinct hardware device. 

In this light, we chose to create a solution governed by these principles: 

1. Accepting that holes in the environment mesh will most likely be present, as a ñperfectò 

environment mesh is prone to diminishing returns and becomes close to impossible in 

everchanging and expanding AR experiences.  

2. Maximizing the usability and extensibility of our entire solution by constructing it using 

common math equations and components found in every game engine.  

3. Designing the solution to be interaction-triggered, meaning that compute is only used to 

fix holes when a user directly wants to interact with a mesh area containing a hole, 

instead of constantly using compute power to fix holes that may become repaired in the 

future anyway by the mapping algorithm.   

4. Optimizing the algorithm to try to disrupt the other parts of the application as little as 

possible. 

Guided by the above principles, our solution, at a high level, consists of a virtual plane 

continuously tracked to a userôs hand using hand tracking. This virtual plane is used to extend a 

userôs area of interaction when it is determined that additional information about the 
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environment is needed to place or move a virtual object to its desired pose. Additional 

information is required, in our case, when a user desires to interact with the real-world using the 

HoloLens 2 default far-interaction ray and the environmental mesh, used to afford user 

interaction with the world, is degenerate in any way under the physical area where the HoloLens 

2 default far-interaction ray is pointing. Instead of preventing a user from interacting with the 

world at that location or requiring them to wait until the environmental mesh updates to possibly 

fix the mesh degeneracy, our solution allows the user to still interact with that location granted 

there is additional environmental mesh reasonably adjacent to the area of desired interaction. 

 

 

Figure 3.3:Diagram of the entire workflow of our solution from sample collection to the placement of an object using the 

estimation.  
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The remainder of this section will be separated into sub-sections, each one explaining a small 

part of the overall process, visualized in Figure 3.3, to achieve our solutionôs functionality. Since 

one of our principles is to make the solution as platform agonistic as possible, all explanation in 

the adjacent sections will only focus on the highest-level ideas and methods necessary to 

understand the solution at a conceptual level. More specifics on our implementations and 

technical details for the user study will be described in section 3.9. It is also important to mention 

that the entire process below only runs when there is no mesh under the userôs HoloLens 2 

default far-interaction ray when the user choses to interact with the application (pinch), as if 

there is environment mesh under their HoloLens 2 default far-interaction ray we take that as 

ground truth and bypass this entire process entirely. Finally, this entire process as described 

below, at least in our implementation, runs at the same frame rate as the application. This means 

the complete process below is executed approximately 60 times per second when a user requires 

our additional mesh estimation. 
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3.1.3 Hand Estimation Plane 

 

Figure 3.4 (a) Head-on view of the hand plane with sample points numbered (light green numbered points) (b) 3D side profile of 
the hand plane (white) with sample rays (green lines) traveling from the sample points (light green spheres) to the environmental 

mesh to collide and collect data 

 

The starting point of all of our experimental interaction techniques is the base hand estimation 

plane, which consists of a 1x1 meter quad (plane), show in more detail in Figure 3.4, whose 

purpose is to extend the userôs hand and collect metadata about adjacent environment mesh in 

the event there is no mesh under the users HoloLens 2 default far interaction ray. This plane is 

tracked to the userôs hand continuously using hand tracking. More specifically, the plane is 

tracked, in position and rotation, so that the front face of the plane, the planeôs normal, is aligned 

with the HoloLens 2 default far-interaction ray which is present in every HoloLens 2 application, 

seen in Figure 3.2 left. This tracking is done to ensure the plane is always facing the environment 

where the user may desire to interact. Within this hand plane sits 16 sample points, visualized in 

this paper and user study software as orbs (shown as green 2D circles in Figure 3.4a), which 

serve as a discrete grid of origins from which sample rays can originate, to be talked about in 
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more detail later. All these sample points are positioned on the surface of the hand plane so their 

normal are the same as that of the hand plane, essentially making the sample points an easier, 

visual way to define origins of the sample rays instead of defining them purely in code. 

Additionally, this approach allows the ability for researchers to easily increase and decrease the 

number of discrete sample points and by consequence sample rays in the Unity UI. In this 

experiment we chose to utilize 16 sample points, which begs the question ï ñwhy that many or 

why that few?ò. This is a valid question as obviously more sample points means proportionally 

more sample rays, which would result in more chance of rays hitting adjacent mesh and more 

chance for more accurate data. Increasing the number of sample points in some cases could yield 

better results, but not without drawbacks, as adding more sample points would result in more 

compute being needed. This is because more data would need to be processed at every level of 

the estimation workflow, Figure 3.3, generally causing lower framerate in the application 

utilizing our method, among other application slowdowns. It is with this logic we have tried to 

weigh the positives and the negatives of the increase in sample points, ultimately ending up with 

16 as we feel it is enough to gain ñsufficientò knowledge of the surroundings, while also 

disrupting the rest of the application as little as possible. 

The last essential piece to our hand estimation are the sample rays which, as previously said, 

originate from each sample point in the direction defined by the normal of the hand plane. It 

should be noted that these rays are not the size or thickness of the sample points, but rather (at 

least in most software and game engines) are an almost 0 thickness ray that originates from the 

center of the sample point and goes out into 3D world around the user looking for hits 

(intersections) with the current environmental mesh. In an ideal world, all 16 sample rays would 
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hit environmental mesh and return data, but often less than 16 hit. This is due to the 

environmental mesh often being too sparse to get complete coverage with the discrete nature of 

the sample point/ray grid - as remember, if our method is being utilized there is already no mesh 

under the userôs HoloLens 2 default far-interaction ray, meaning the area around that ray is likely 

to also have some more errors. When one or more of these sample rays hits the environmental 

mesh, each sample ray returns a custom data structure, called RaycastMetaData, described in 

Table 1, which contains many details about the part of the environmental mesh it hit. For the 

purposes of simplicity, in this section we will refer to an element of type RaycastMetaData 

returned by a sample ray as a hit point. That array of hit points (which naturally is always the 

same length as the number of sample rays that hit) is then passed into the first data processing 

step, explained below. 

 

Data Data Type Reason for Recording 

Origin point Vector3 position Records the position of where 

the ray originated, otherwise 

know as a sample point 

Raycast hit distance 

 

Float distance Records how far a ray travels 

before it hits mesh (if it does) 

Hit point Vector3 position Gives position in the 3D 

scene where the ray 

intersected with 

environmental mesh 

Raycast normal Vector3 Returns the surface normal of 

the hit mesh, helping to 

explain the orientation 
Table 1: Overview of the RaycastMetaData data structure and its child properties used by our solution to collect and store data 

retrieved from the environment 
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3.1.4 Point Distance Culling and Outlier Detection 

To filter out unintended environment mesh hits on mesh that the user most likely does not intend 

to want sampled, for example if the user is standing behind a couch and intends to place an 

object on a wall beyond the couch, we utilize a modified z-score test outlier system [46]. This 

modified z-score test, which uses median instead of mean in its calculation, allows us to discard 

individual hit points that are outside a certain z-score level, in our case 3.5. This outlier step 

allows us more accurate final position and normal calculations, as outlier hit points are discarded 

before they are utilized in one of the interaction technique algorithms, described in the next 

section. 

 

3.1.5 Distance and Normal Calculation 

Table 2: Overview of the different Interaction Techniques and their corresponding calculation method and equation 

 

In order to aggregate all of the hit points that pass the outlier detection, we have created 3 

different aggregation estimation equations for the experimental interaction techniques, with each 

Interaction Technique Calculation Method Equation 

Standard HL2 Ray (Control) N/A (Does not use estimation) N/A (Does not use 

estimation) 

Pure Average All sample points are 

aggregated equally 

Equation 1 

Weighted Average Sample points originating 

closer to the original hand 

interaction ray are weighted 

higher 

Equation 2 

Eye-weighted Average Sample points hitting the mesh 

closest to the user's current 

gaze are weighted higher 

Equation 3 
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technique having its own associated estimation equation. These experimental interaction 

techniques in addition to our control Standard HL2 Ray, which represents the stock HL2 

experience without the use of any part of our proposed lightweight mesh solution, make up all 

four of our interaction techniques. We chose to create more than one experimental interaction 

technique because we wanted to see if different parameters and aggregation methods would 

benefit the overall placement of objects, globally and/or in different mesh hole scenarios. The 

equation associated with each experimental interaction technique takes in the array of hit points 

that pass the outlier detection in the above section, each technique only differing in the specific 

aggregation calculations used to transform the array of hit points into a single position and 

normal, used in the next step to place the desired object. Table 2 details the difference between 

each of the interaction techniques and Equation 1, Equation 2, and  Equation 3 detail the specific 

math used for each experimental interaction techniqueôs estimation equation. In order to simplify 

our implementation, the same equations are used for both normal and position calculations, so if 

a user is utilizing the Pure Average then both position and normal will utilize the Pure Average 

equation (Equation 1) to transform the array of hit points into a position and a normal. This is not 

a limitation, however, as any combination of experimental interaction technique equation could 

be utilized, like utilizing Pure Average for position and Eye Weighted Average for normal. Note 

that these are three example interaction techniques that we plan to study for this proposed thesis 

work, however, many more variants of this approach are possible. Additionally, in terms of 

equations, as you go down experimental interaction techniques in Table 2, the relative 

complexity of the technique and associated estimation equation increases, with Pure Average 

being the simplest and Eye Weighted Average being the most complicated. Figure 3.5 gives a 
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visual depiction of how the different experimental interaction techniques differ in their 

calculation method with respect to the sample rays. More descriptive details of each 

experimental interaction technique can be found below. 

 

 

Figure 3.5: Diagram depicting a graphical representation of the different aggregation equations behind our Interaction 
Techniques. (a) Standard HL2 Ray interaction technique which only utilizes the far interaction Ray and not the hand plane and 

sample points representing the unused sample points as grey (b) Pure Average interaction technique where all sample points are 

weighted equally ï equal sample points represented in green (c) Weighted Average interaction technique where the interior 4 

sample points are weighted higher than the exterior 12 sample points ï higher weighed sample points in red and lower weighted 
in blue. (d) Eye Weighted Average interaction technique where the sample points whose sample rays are closer to the userôs gaze 

are weighted higher ï purple represents higher weighting and blue represents a lower weighting due to furthest distance from 

gaze 
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Control (Standard HL2 Ray) 

The control interaction technique will be the normal HoloLens 2 single point interaction ray with 

no sample points and no aggregation. Put simply, if there is no environmental mesh directly 

under a userôs far interaction ray then the system will not be able to place objects. 

Pure Average 

The Pure Average environment mesh interaction technique is the simplest of our experimental 

interaction techniques, estimating both the position and the normal of the object to be placed by 

averaging all the hit points that make it through outlier detection equally. 

ὖέίὭὸὭέὲ
ρ

ὲ
ὶὥώὧὥίὸ ὬὭὸ ὨὭίὸὥὲὧὩὪὰέὥὸ 

ὔέὶάὥὰ
ρ

ὲ
ὶὥώὧὥίὸ ὬὭὸ ὲέὶάὥὰίὠὩὧὸέὶσ  

ὲ Π έὪ ὶὥώὧὥίὸί ὸὬὥὸ Ὤέὸ Ὢὶέά ὸὬὩ ίὥάὴὰὩ ὴέὭὲὸί ÍÁØρφ 

Equation 1: Position and normal formulas for pure average interaction technique 

 

Weighted Average 

Weighted Average takes the aggregation complexity a bit further, weighting the hit points (if 

they hit) of the interior 4 sample rays shown as red circles in Figure 3.5, higher than hit points (if 

they hit) from the exterior 12 sample rays. This is done as the 4 interior sample rays directly 
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surround the HoloLens 2 far interaction ray, the interaction means by which users interact with 

object from a far in the HoloLens 2. By weighting the hit point from rays closer to this far 

interaction ray higher we are attempting to get a more accurate position and normal aggression, 

as the rays closest to original ray of user interaction ñintentò are weighted higher. The difference 

in weighting between the inner and outer sample points can be easily adjusted, but for our user 

study we weighted the inner points four times more than the outer points. 

ὈὭίὸὥὲὧὩ
Вὶὥώὧὥίὸ ὬὭὸ ὨὭίὸὥὲὧὩὪὰέὥὸὰzέύ ὴὶὭέὶὭὸώ ύὩὭὫὬὸ Вὶὥώὧὥίὸ ὬὭὸ ὨὭίὸὥὲὧὩὪὰέὥὸὬzὭὫὬ ὴὶὭέὶὭὸώ ύὩὭὫὬὸ

Ὥz ὰέύ ὴὶὭέὶὭὸώ ύὩὭὫὬὸ  Ὦz ὬὭὫὬ ὴὶὭέὶὭὸώ ύὩὭὫὬὸ
  

ὔέὶάὥὰ
Вὶὥώὧὥίὸ ὬὭὸ ὲέὶάὥὰὠὩὧὸέὶσ ὰzέύ ὴὶὭέὶὭὸώ ύὩὭὫὬὸ Вὶὥώὧὥίὸ ὬὭὸ ὲέὶάὥὰὠὩὧὸέὶσ ὬzὭὫὬ ὴὶὭέὶὭὸώ ύὩὭὫὬὸ

Ὥz ὰέύ ὴὶὭέὶὭὸώ ύὩὭὫὬὸ  Ὦz ὬὭὫὬ ὴὶὭέὶὭὸώ ύὩὭὫὬὸ
 

Ὥ ὲόάὦὩὶ έὪ ὰέύ ὴὶὭέὶὭὸώ ὬὭὸί 

Ὦ ὲόάὦὩὶ έὪ ὬὭὫὬ ὴὶὭέὶὭὸώ ὬὭὸί 

Ὥ Ὦ ὲ Π έὪ ὶὥώὧὥίὸί ὸὬὥὸ Ὤέὸ Ὢὶέά ὸὬὩ ίὥάὴὰὩ ὴέὭὲὸί ÍÁØρφ 

Equation 2: Position and normal formulas for weighted average technique 

 

Eye Weighted Average 

Eye Weighted Average, the most complicated of the 3 experimental interaction techniques, 

introduces eye gaze as an extra aggregation parameter. Hit points from sample rays are weighted 

based on a userôs eye gaze, with hit points from sample rays closer to the eye gaze getting 

weighted higher and those further from the eye gaze getting weighted lower. This experimental 

interaction technique aims to try to introduce another ñintentionò, beside the base HoloLens 2 far 

interaction ray, to help further inform the system. The idea being that weighting based on eye 
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gaze would make the system more accurate as the user is most likely looking around the area 

they are trying to place an object. 

ὈὭίὸὥὲὧὩὶὥώὧὥίὸ ὬὭὸ ὨὭίὸὥὲὧὩ Ὢὰέὥὸᶻ

ρ
ὨὭίὸὥὲὧὩ έὪ ὶὥώὧὥίὸ ὬὭὸ Ὢὶέά ὩώὩ ὫὥᾀὩ

В
ρ

ὨὭίὸὥὲὧὩ έὪ ὶὥώὧὥίὸ ὬὭὸ Ὢὶέά ὩώὩ ὫὥᾀὩ

 

ὔέὶάὥὰὶὥώὧὥίὸ ὬὭὸ ὲέὶάὥὰ ὠὩὧὸέὶσᶻ

ρ
ὨὭίὸὥὲὧὩ έὪ ὶὥώὧὥίὸ ὬὭὸ Ὢὶέά ὩώὩ ὫὥᾀὩ

В
ρ

ὨὭίὸὥὲὧὩ έὪ ὶὥώὧὥίὸ ὬὭὸ Ὢὶέά ὩώὩ ὫὥᾀὩ

 

ὲ ὲόάὦὩὶ έὪ ὬὭὸί Π έὪ ὶὥώὧὥίὸί ὸὬὥὸ Ὤέὸ Ὢὶέά ὸὬὩ ίὥάὴὰὩ ὴέὭὲὸί ÍÁØρφ 

Equation 3: Position and normal formulas for eye weighted average technique 

 

3.1.6 Placement of Objects 

 

Figure 3.6: Diagram depicting how objects are slid along the interaction ray using the resulting distance metric returned from 

the chosen interaction technique 

 

The final step of our solution is to use the position and normal calculated in the above section to 

place the intended object in the environment. In our experiment, virtual spray paint, detailed in 

section 3.9.5, was the object placed using this method, but any object could be used. Equation 4 
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details how we utilize the HoloLens 2 normalized hand interaction ray, the distance calculation 

from above, and a small offset to construct the final position of the object to be placed. 

Effectively, this equation takes the default hand ray used on the HoloLens 2, the red line seen in 

Figure 3.2, as a starting point and then slides the desired object to place along this vector to the 

specified distance, dictated by the result of the position calculation of the chosen experimental 

interaction technique used in section 3.1.5. A small offset is subtracted, in our case usually .05, 

to make sure there is no z-fighting in the game engine when the object is spawned. The final step 

of the placement is to rotate the desired object so the forward axis of the object aligns with the 

calculated normal of the chosen experimental interaction technique from the above calculation, 

allowing the object to ideally be orthogonal to the environmental mesh. 

ὖὰὥὧὩάὩὲὸὖέί ὬὥὲὨὶὥώίὸὥὶὸὭὲὫὴέὭὲὸ  ὧόὶὶὩὲὸὬὥὲὨὶὥώȢὲέὶάὥὰὭᾀὩὨ z ὨὭίὸὥὲὧὩ  έὪὪίὩὸ 

Equation 4: Formula for transforming estimated distance calculations to paint positions 

 

3.2 User Study Design 

3.2.1 Pilot Study 

We ran a short internal ñpilotò study with 3 lab personnel acting as ñparticipantsò. In this pilot 

study participants were not exposed to the whole experiment, but instead were only shown one of 

the 4 interaction techniques along with the other assigned variables as detailed in Study  3.6. Our 

main goals for this small pilot study were: 
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1. To see if the overall proposed 2 hr/participant time limit would be reasonably accurate 

(through extrapolation of one interaction technique); 

2. Establish an ideal total physical length of each tracing dot set (described below) in the 

Experimental Task; 

3. Choose and confirm the allotted time (time on task) a user is allowed for each 

Experimental Task; 

4. Ensure the app was functioning correctly and recording the quantitative Trial Data 

Measures correctly; and; 

5. Ensure hand tracking was functioning properly. 

 

Through this pilot study, we were able to accomplish all of the above points and identify some 

smaller changes to be made to the overall software package and virtual instruction 

administration. 

3.3 Study Structure 

3.3.1 Quality vs. Time Paradigm 

Early in the experimental planning, we decided that we wanted our experimental task to be some 

variety of painting task with virtual spray paint to test our proposed solution. Our initial planned 

quantitative measures for the task were: 

1.) A measure for virtual paint ñqualityò to observe how well a participant completed the 

task 
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2.) A time on task (tot) metric to observe the time a user took to complete that task. 

3.) The number of pinches it took a participant to complete the task to observe the number 

of interactions needed to complete the task. 

While we planned these initial measures to be the base of our user study experimental design, we 

quickly discovered a chance for interaction, especially between paint quality and time on task. 

We could instruct participants to try to optimize their paint quality while also trying to limit the 

amount of time they use to paint, but this is largely ambiguous. This is because both paint quality 

and time on task somewhat rely on one another, as higher quality tends to require a longer time 

on task and vice versa. No matter what instructions were given by the experimenter, participants 

would largely behave differently with the ambiguous instruction of ñtry to maximize quality in as 

little time as possibleò, with some participants opting to focus more on the quality and some 

more on limiting their time. To remedy this, we chose to still utilize a virtual painting task, but to 

fix the time on task to 10 seconds, a number determined in our pilot study, details in 3.2.1. 

Additional details on all aspects of the user study are detailed below. 

3.3.2 Participants 

This study utilized 24 participants from the Virginia Tech community who each completed our 

2-hour user study. The inclusion criteria for this study were: 

¶ Participants must have normal or corrected-to-normal vision (corrected must be with 

contact lenses) 

¶ Participants must be 18 years or older 

¶ Participants must be comfortable reading, writing, and speaking in English 
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¶ Participants must be capable of standing up, walking, and performing hand gestures 

independently 

Participants were predominantly from the ISE and CS departments in the VT College of 

Engineering, with each participant having the choice of $10/hr ($20 total) cash or 2 hrs class 

credit (for preapproved eligible classes). The study team strived for gender balance in participant 

recruitment, and the data ultimately reflected a 55/45 male/female gender split in this 

experiment. One replacement participant had to be utilized as data from one original participant 

was deemed inaccurate. The replacement participant was given the same treatment and 

experiment assignments as needed based on our experiment design, explained further in section 

3.6. 

3.3.3 Equipment 

 

Figure 3.7: (left) HoloLens 2 HWD AR device with the Trimble HoloTint Sunglasses Detached (right) Trimble HoloTint 

Sunglasses Attached to HL2 

 

In this experiment participants utilized a HoloLens 2 AR HWD (Head Worn Display), 

sometimes referred to as HL2, to display AR holograms to the participant and allow interaction 
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with the application using the HoloLens 2ôs build in hand tracking. The HoloLens 2 AR HWD 

contains an optical see-through display, meaning that when no AR graphics are shown, the 

participant can see through the display. Additionally, the way the HoloLens 2 sits on a 

participantôs head leaves the periphery open. For optimal display contrast when using the device 

in the user study, we utilized the optional Trimble HoloTint sunglasses for the HoloLens 2, seen 

in Figure 3.7, which act similarly to transition lenses when exposed to sunlight [47]. Arguably 

the most important part of the HoloLens 2, which makes it most relevant for this user study, is its 

environment mapping features driven by its sensor suite, which allow it to map its current 

surroundings live while walking around an area. Finally, the experimenter used an iPad and 

MacBook Pro laptop to administer all user study surveys. 

3.3.4 Experiment Setting 

Macro Experiment Setting

 

Figure 3.8: Showcase of parts of the 3rd floor of Gilbert Place ï the macro location of our experiment 
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The macro location for this experiment was a portion of the 3rd floor of Gilbert Place, a large 

office building located just off the Virginia Tech campus. The portion of the 3rd floor we utilized 

is detailed in blue in Figure 3.9, a majority of which was a common area in the CS department. 

We chose this macro location for our experiment due to its dense number of windows, walls, and 

other physical features in the immediate area, which are described in further detail below, as well 

as its expansive, unbroken hallways and common areas for us to utilize, examples seen in Figure 

3.8. Finally, this location also provided an adjacent experiment room, which could be used for 

training and surveys during the experiment. In total, the macro experiment area was around 1800 

square feet total. 
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Figure 3.9: Diagram of the Macro-Environment Setting with each Location Number (Arrow Represents Participant Orientation) 

displayed as well as the experiment extent (blue). Additionally, the training room (orange) and the QR code locations for 

tracking (purple) are indicated. 

 

Individual Locations 

To integrate a representative set of physical environment factors and geometries into our user 

study to properly test our interaction techniques, we chose to separate the macro experiment 
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setting into 12 distinct locations, as seen in Figure 3.9. Locations were selected and sorted based 

on problem criteria we had found while testing the HoloLens 2ôs mapping in the initial planning 

stages of this user study. In the end, the locations all fell into one of 3 location groups: 

¶ Indoor Walls 

¶ Indoor Windows (windows looking into conference rooms) 

¶ Outdoor Windows (windows directly looking outside) 

We selected these categories after early initial testing with the HoloLens 2 spatial mapping, 

which indicated mesh holes or mesh deformities with these types of locations when walking 

through an area with the device (see 3.7.2 for more information on the conditions in which the 

HoloLens 2 environmental mesh was generated). Figure 3.10 showcases one example from each 

location group from our 12 total locations in our user study (4 of each location group type) with 

the mesh view of that location under each location. As can be seen from the mesh for each 

location, all locations have some form of mesh defect or holes in them. The interior walls 

experience a sort of ñslattedò mesh deformity with many missing mesh faces vertically along the 

wall. Finally, both the indoor and outdoor window locations showcase the inability of HoloLens 

2 to map and understand glass windows, causing mesh holes in the environmental mesh where 

glass windows are located in the physical space. Although the indoor and outdoor windows 

exhibit similar mesh problems, we chose to separate them into different location types as they are 

subject to various environmental factors, such as direct sunlight for the outdoor window 

locations and shadows and low light for the indoor window locations. More information for each 

location can be found in section 7.2.1. 
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Figure 3.10: Example photos of an individual location and an example static mesh for that location - (top row left to right): 

Indoor Wall (Experiment Location 1), Indoor Windows (Experiment Location 5), Outdoor Window (Experiment Location 8) 
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Tracing Dot Set Locations 

 

Figure 3.11: Example Tracing Dot Set location where the virtual dots are overlayed onto real physical feature, in this case a 

glass door 

 

Finally, at each of the 12 Individual Locations described above, a set of three virtual dots, which 

we term tracing dot sets, are overlayed onto the physical features of that location using the 

HoloLens 2 (see Figure 3.11). At their simplest level, these tracing dot sets are each made up of 

three virtual blue dots with numbers (1-3) inside, which serve as a template on top of which 

participants will perform our Experimental Task. Although all tracing dot sets follow the same 

basic format described above, they fall into two different categories based on the number of 

surfaces they cover, one-surface and two-surface, each having slightly differing properties. One-

surface tracing dot sets contain all three virtual dots on the same plane and placed around the 

same physical feature (window, wall). Two-surface tracing dot sets were not limited to the same 

plane and, depending slightly on location and adjacent features were placed on two separate 
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physical features like WindowĄWall or WallĄFloor. This distinction between one-surface and 

two-surface was made to provide different scenarios and geometry/physical feature changes to 

better test our solution. Additionally, each tracing dot set is 1.7 meters in length from 1Ą2Ą3 

when connecting them from center to center with straight lines, in a bid to make all tracing dot 

sets the same general difficulty regardless of the specific setup and orientation of the dots. 

Finally, each individual location contains both a single one-surface and a single two-surface 

tracing dot set (with only one used at a time), resulting in 24 tracing dot sets in total across the 

entire macro experiment setting. More information on the exact tracing dot sets for each location 

can be found in section 7.2.1. 

3.4 Experimental Task 

 

Figure 3.12: Example of a participant connecting a Tracing Dot Set at location 6 when performing the experimental task 
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The experimental task we chose for our user study was a spray-painting task wherein participants 

connected numbered virtual blue dots, the tracing dot sets seen in the last section, with virtual 

spray paint. A 3-dot shape, like that shown in Figure 3.12, was chosen due to its similarity and, 

in a way, extension to an ñXò drawing task, which we had initially intended on using, but most 

importantly, it afforded a more concrete and prescribed tracing path for participants as opposed 

to free-drawing an ñX.ò We chose to model our task and shape after a spray paint ñXò due to its 

common function within the search and rescue (SAR) community in large widespread disaster 

response, often used in the standardized FEMA search assessment marking format, shown in 

Figure 1.1b. As SAR scenarios still represent a tough environment mapping problem, frequently 

consisting of fast movement, unfamiliar environments, and dark indoor spaces, we found 

simulating a simplified search assessment marking in the form of an ñXò a quick and telling 

participant task. 

The numbers on each tracing dot set indicate the order in which it should be connecting, with the 

participant connecting 1Ą2 first and then 2Ą3 after, each in their own separate interaction 

attempt (paint stroke). In the context of our experiment, we consider an interaction attempt when 

a participant pinches their index finger and thumb to start the virtual spray paint and then un-

pinches to stop the virtual spray paint. Participants are instructed to utilize two strokes minimum 

to complete the task, with more strokes available should they be needed to complete the task. 

Additionally, to standardize each experimental task across the entire experiment, participants 

always stood 5 feet away from the tracing dot set at every individual location. 
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For this task, we told participants that the main objective was to maximize the paint ñqualityò of 

their spray paint for each experiment task, which they were instructed was a composite metric of: 

1.) Connecting the three dots with as straight a virtual spray paint line as possible. 

2.) Completing the three dots with as complete a virtual spray paint line as possible.  

Straightness of the virtual spray paint line was defined as drawing a line connecting two adjacent 

dots with the shortest possible path while minimizing curves and turns in the virtual paint along 

the way. Completeness was defined as not having missing segments in the virtual spray paint line 

due to missed or under-sprayed areas of the line. More concrete definitions of these metrics are 

described further in section 4.1.2. Finally, a 10 second timer was introduced for each 

experimental task, adding a time-sensitive nature to the task.  

We consider a participant completing one experimental task as a trial  with participants 

completing an experiment treatment level when they have marked (or attempted to mark) all 24 

tracing dot sets in all locations in some capacity, 24 trials in total.  Each participant experienced 

all 4 of the interaction techniques presented and the locations and experimental task will stay the 

same across all 4 treatment levels in a location. 
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3.5 Training 

 

 

Figure 3.13: Layout of the participant study training area where  

 

We conducted training immediately after the signing of consent forms in the beginning of the 

study. The primary purpose of the training was to get the participant familiar with the HoloLens 

2 pinch gesture and HoloLens 2 far-interaction ray hand tracking, both of which were needed to 

perform our primary virtual painting task. This was especially important as throughout the 

experiment, we noticed that hand tracking on the HoloLens 2 varied immensely between 

participants based on hand size and skin color, which are mentioned further in section 5. Figure 



46 

 

3.13 above shows the training room setup, with the L-shaped desk being utilized for survey and 

consent form administration and the orange markers indicating tracing dot sets that the 

participant can use to test their painting ability using the virtual spray paint while wearing the 

HL2 device.  

After calibrating the HoloLens 2 to a participantôs eyes, the experimenter led the participants 

through a verbal script in addition to audible and visual instructions from the HoloLens 2 

headset. Through these instructions, participants were guided through a series of training steps 

while in the training room, starting with instruction on how to use the ñpinchò interaction and the 

far-interaction ray on the HoloLens 2. They were then instructed on how to paint using the 

virtual spray paint on top of test tracing dot sets with no timer. In the final training step, 

participants again used virtual spray paint on test tracing dot sets but now were limited to a 10-

second timer, exactly mirroring the experimental task they would be performing. Participants 

were allowed as much time, up to 20 minutes total, in training allowing them to learn at their 

own pace and indicate to the experimenter when they felt they could paint and complete the 

experimental tasks sufficiently. It should be noted that the training room was manually assigned 

a perfect mesh (quads) to focus only on the pinch and far interaction ray, unlike the full 

experiment, which utilized the assigned Static Environment Mesh. Additionally, since the room 

had a perfect mesh, the participants utilized the Standard HL2 Ray interaction technique during 

this time. 
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3.6 Study Overview 

Main Objective Understand how different environment mesh 

interaction techniques affect a userôs overall 

interaction with real world in AR. 

Research Questions RQ1. How does the mesh interaction 

technique affect user task quality in a spray 

painting task? 

RQ2. How does the mesh interaction 

technique affect the efficiency of user 

interaction in a spray painting task? 

RQ3. How does the mesh interaction 

technique affect a userôs perceived workload 

and perceived usability? 

 

Treatments ¶ Interaction Technique [Standard HL2 

Ray, Pure Average, Weighted 

Average, Eye Weighted Average] 

¶ Static Environment Mesh [Mesh 1, 

Mesh 2, Mesh 3, Mesh 4] 

Measures Survey Measures 

¶ System Usability Scale Questions 

¶ NASA TLX 

¶ Post-Walk Survey 

¶ Post-Experiment Survey 

Trial Data Measures 

¶ Percentage Paint Completion  

¶ Pinch Number 

Walk Terminology The walk terminology, as we use many times 

throughout this document, signifies the route 

participantôs take when visiting all 12 

locations and completing all 24 tracing dot 

sets with a treatment combination dictated by 

the Graco Latin Square. A participant 

completed 4 walks over the course of the 

experiment seeing all 4 levels of both 

treatments in the process. 

Task Connect the 3 dots of a tracing dot set with 

virtual red spray paint (more details at 

Experimental Task) 

Experimental Design ¶ n = 24 



48 

 

¶ One replication, within-subjects 

repeated measures 2-factor factorial 

design with two blocking factors via 

Graeco-Latin Square 

¶ Randomized appearance order for 12 

locations per treatment 

¶ 96 trials per participant (24 Tracing 

Dot Sets per Walk * 4 Walks per 

participant) 
Table 3: Experimental design quick overview 

3.7 Treatments 

Our user study contained two treatments, Interaction Technique and Static Environment Mesh, 

each having four levels. Interaction Technique is the primary treatment we are studying, 

corresponding to our different novel mesh estimation calculations. Static Environment Mesh was 

included as a treatment solely to reduce the variability caused by HoloLens 2ôs live 

environmental mapping. Both treatments were assigned via a Graco Latin Square, seen in section 

7.2.2, with every participant experiencing every level of both treatments once (Not every 

combination). During the experiment, participants were unaware of the treatments they received, 

resulting in a single-blind experiment.  

3.7.1 Interaction Technique 

Interaction technique treatment levels, change the equations we use to aggregate our hit points 

when they intersect with surrounding mesh areas, as described in detail in section 3.1.5, with 

each level having its own aggregation equation. The levels of interaction technique consist of our 

control, Standard HL2 Ray, which, as a reminder, does not use any of our mesh estimation logic, 

and our three experimental interaction techniques (Pure Average, Weighted Average, Eye 
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Weighted Average), each of which uses a different equation to calculate their position and 

normal from the hit points. 

3.7.2 Static Environment Mesh 

To reduce the variability between treatment conditions and participants due to the HoloLensô 

dynamic environment mapping, we have chosen not to utilize the native real-time environment 

mapping given to us by the HoloLens 2 in any way during the experiment. This variability in the 

HoloLens 2 environment mesh can be influenced by things like different lighting and different 

participantsô head movement, so removing this variability helped with data analysis as well as 

reduce the complexity of the procedure, as the live environment mesh does not have to be 

cleared after each treatment condition. In its place, we pre-scanned the entire macro-location 

experiment area with four separate passes using the HoloLensô environment mapping feature, 

creating a 4-level treatment. The four scans were performed on the same day with the same 

ambient light and a consistent walking pace and head rotation. The static environment mapping 

meshes were then downloaded off the HoloLens 2 and assigned per participant by 

counterbalancing using a Graco Latin square, as previously mentioned. The assigned static 

environment mesh of the experiment area was then aligned to the real-world using Microsoftôs 

World Locking Tools and QR codes when the time comes for a participant to utilize them in our 

user study, discussed further in section 3.9.4. 
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3.8 Measures  

All dependent measures below were specifically chosen as we believe them to be the most 

accurate indication of the overall usability, user satisfaction, and paint quality provided by each 

interaction technique in our experiment. 

3.8.1 Trial Data Measures 

Along with the qualitative measures, we record through the administration of surveys, we 

recorded quantitative data, we term trial data. This data was recorded automatically by our User 

Study Software Setup to .json and .csv files for each trial the participant completed. Table 4 

details each of these trial data measures and some additional information on their metadata. 

Trial Data 

Measure 

Definition Unit  DV 

Representing 

Frequency 

per Walk 

Percentage Paint 

Completion 

How complete and 

shapely the shape 

quantified as the % 

of the ideal  

Percentage (float) Paint Quality 1 per trial 

(24 total) 

Pinch Number How many 

participant pinching 

attempts does it take 

for a participant to 

complete the 

Experimental Task 

Integer value Number of 

Interaction 

Attempts 

1 per trial 

(24 total) 

Table 4: Main trial variables being recorded in our user study. 

3.8.2 Survey Measures 

Survey measures were separated into two groups: those administered after each walk (4 total per 

participant) and those administered at the beginning/end of the experiment. Table 5 describes 

each survey measure in detail. The exact questions for each survey are in the Appendix. 
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Survey Measure 
DV 

Representing 

Frequency per 

Participant  

NASA TLX (unweighted) Workload 
Per Walk (4 

total) 

System Usability Scale Usability 
Per Walk (4 

total) 

Post-Walk Survey 
 

User Preference 

Per Walk (4 

total) 

Post-Experiment Survey Custom 

Per Experiment 

(1 total at end of 

experiment)  
Table 5: Main survey measures we will be administering in our user study. 

3.9 User Study Software Setup 

 

Figure 3.14:A difficult mapping scenario with the HoloLens 2 trying to use virtual spray paint on a large glass window (a) shows 

the userôs resulting final spray paint on the window (b) shows the underlying sparse environment map (gray triangle parts) 

provided by the HoloLens 2 for the software to use (c) visualization off the raycast estimation rays created and used by our 

solution to estimate the distance and normal of missing mesh from the little environment mesh in order to allow spray paint 

placement on areas without the environment map 
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3.9.1 Overview 

As discussed in the Proposed Solution section, we designed our solution to be as extensible as 

possible, allowing for the core principles and idea of our solution to be implemented with many 

different hardware and software combinations. Since we used the HoloLens 2 as our hardware 

platform for this user study, we chose to utilize Unity for the game engine (2020.3.42f). We used 

Unity because it provides the most support for developing on the HoloLens 2 device through the 

MRTK 2 plugin, which we also utilized in this project. Hand and eye tracking were handled with 

the HoloLens 2ôs built-in hand-tracking system and onboard eye trackers.  

3.9.2 Proposed Solution User Study Implementation 

All concepts from our proposed solution, like sample points, sample rays, and aggregation math, 

were wholly implemented in Unity using custom C# scripts utilizing built-in Unity classes, such 

as physics, raycast, and Mathf. Additionally, we had to build many features specifically to 

support our user study experiment, each of which we will describe in more detail in the 

following sections. 

3.9.3 Hand Tracking 

We chose controller-less hand tracking as the interaction method in our experiment because it is 

the default interaction method on the HoloLens 2 device and, as such, has a robust software 

development kit (SDK) to help development. Additionally, hand track tracking theoretically has 

less participant training and more intuitive interactions, more on that in section 5.3. We utilized 

the HoloLens 2 default far-interaction ray in conjunction with a pinch gesture (ñAir Tapò in 

HoloLens 2 terms) as the primary form of participant-facing interaction [48]. We modified the 
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standard HoloLens 2 default far-interaction ray, disabling the default ñcursorò visual indicator 

where the HoloLens 2 default far-interaction ray intersects with the environmental mesh [49]. 

ñCursorò disabling was done as it could distract the user away from the Experimental Task and 

possibly reveal to the user what interaction technique treatment level they were using. 

3.9.4 Tracking and World Alignment 

 

Figure 3.15: (a) Starting state of the app with the static mesh and tracing dot sets not aligned at all (b) State after scanning the 

QR codes showing the proper alignment and registration 

 

A robust tracking system had to be implemented to anchor both the static environment mesh and 

the 12 tracing dot sets, both of which are virtual objects, to their appropriate physical location 
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around the macro experimental area. This tracking system had to be highly accurate and robust, 

as any accumulated tracking error would manifest itself as the static environment mesh and 

tracking dot sets being incorrectly located, thus confounding our results. Unfortunately, the stock 

HoloLens 2 tracking is suggested by Microsoft as having +/- 10% error during regular use, 

meaning that a participant could walk 10 meters in real life and the HoloLens 2 could register 

that walk distance as low as 9 meters and as much as 11 meters, far from ideal [50]. This 

problem was exasperated due to the large size of our experimental location. We utilized 

Microsoftôs World Locking Tools (WLT) to mitigate these tracking accuracy concerns, which 

augments the standard tracking system using a grid of automatically placed world anchors. This 

provided a more stable and accurate tracking system with theoretically less tracker error on 

which to track our HoloLens 2 headset. 

Given that we now had a robust tracking system in WLT, we only need a method to accurately 

align the entire virtual scene with the physical macro experimental location to achieve proper 

registration between virtual and physical objects. Our tracking system helps us ensure the virtual 

and physical worlds are aligned during the experiment but does not help us in the initial 

alignment. We could have technically performed this initial alignment by starting the HoloLens 2 

headset in the same pose for every participant, but that was neither convenient nor easily 

repeatable. Instead, we chose to utilize fiducial markers, 3 QR codes to be exact, to bridge the 

real-virtual alignment problem. These QR codes, whose locations are shown in purple in Figure 

3.9, were printed on paper and taped up in the indicated spots around the physical macro 

experiment location. The location and distance between the QR codes in the physical world were 

then precisely measured and then inputted into the virtual Unity scene, giving the system exact 



55 

 

knowledge of where each physical paper QR code was located. Couple that with WLT space 

pins, and the entire scene can be aligned just using QR codes, as shown in Figure 3.15, with each 

QR code scanned further restricting the axis system and ultimately precisely aligning the scene 

[51]. The QR code method also created a quick way for the experimenter to align the scene for 

each walk, as they only had to look around the vicinity of the code to get it to scan. 

3.9.5 Virtual Spray Paint 

 

Figure 3.16: Example data from a participant at the location 2 two-surface with the participantôs spray paint overlay for each of 

the 4 Interaction Techniques they experienced across the 4 walks. The mesh utilized for each technique can be seen in black and 

white behind the spray paint 

 

As we have demonstrated, our Proposed Solution can be utilized to place any type of object, but 

based on our Experimental Task, we chose to use virtual spray paint as the placement object. We 
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chose red as the spray paint color because it provides a high contrast on the HoloLens 2 display 

and stands out against the blue color of the tracing dot sets. At a component level, the virtual 

spray paint consists of small .2m x .2m quads with a red paint-like material, as shown in Figure 

3.17. During the experiment, those quads were placed constantly, around 60 a second, when the 

participantôs hands were pinched and when overlayed on top of one another to provide a 

convincing spray paint-like experience. Figure 3.16 displays a sample of in-engine screenshots of 

the spray paint overlay from each of the four interaction techniques the participant experienced. 

On average, 350 spray paint quads are utilized to compose the spray paint for a single tracing dot 

set (trial). In order to keep the app performant with so many virtual spray paint quad objects 

being spawned, when a participant stops pinching, indicating the end of a paint stroke, the 

system automatically combines all of the paint quads placed since the start of the paint stroke 

into one combined mesh. Additionally, the spray paint material applied to the quads allowed 

material instancing in Unity, providing much more efficient GPU draw calls. 

 

Figure 3.17: Example of one spray paint quad as seen inside the Unity game engine.  Hundreds or thousands of these are placed 

and overlayed to display ñlinesò that look like spray paint. 
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3.9.6 Individual Location Randomization and First-Seen Tracing Dot Set  

To limit any order or learning effect of individual locations, we chose to randomize the 

appearance order of the individual locations for each walk. The randomization was pre-generated 

with a Python script, and then the current walk and participant were used to lookup the location 

randomization the participant should use for that combination. In addition, as each individual 

location has two tracing point sets, a single one-surface set and a single two-surface set, we 

additionally toggled which tracing point set type would appear first at every individual location 

for a participant, having the one-surface tracing point set appear first for odd participants and the 

two-surface tracing point set appearing first for even participants. 

3.9.7 Trial Data Recording 

To ensure consistent and reliable data for our Trial Data Measures, which, as a reminder, consist 

of pinch number and percentage paint completion, we opted for these measures to be 

automatically collected by our HoloLens 2 Unity software for each tracing dot set (trial) and 

saved when the participant had finished the trial. This resulted in 96 data points per participant 

for the pinch data. Since the percentage paint completion measure requires additional processing, 

during the trial data recording, the locations of all the placed virtual spray paint were saved, 

which were reconstructed and processed later to arrive at the final percentage paint completion 

measure, see section 4.1. Since the number of virtual spray paint quads placed differs for every 

trial, the total number of saved paint quads per trial will vary, see section 3.9.5. Both trial data, 
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pinch number, and percentage paint completion are stored in their own .json formatted file, 

which is ideal for easy analysis. 

3.10 Procedure 

 

Figure 3.18: Flowchart diagram of the entire procedure flow with each the within subjects trial nature expanded on in the 

orange square and the nested blue square depicting the steps taken for each walk the participant completes 

 

When arriving, the participants completed a short demographic survey and consented to the 

research using the IRB-approved Informed Consent Form. The participants then put on the 

HoloLens 2 headset and performed a one-time eye-tracking calibration. The experimenter helped 

ensure that the headset was correctly seated and helped adjust if needed. The experimenter gave 
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the participant brief instructions on how both the HoloLens 2 default interaction ray and the 

pinch interaction required to trigger the spray paint functioned. Afterward, participants were 

allowed to manipulate and use the virtual spray paint on a test area until they were comfortable 

with the basics of the spray paint interaction, detailed further in 3.5. After this initial setup and 

training, the participant will give the headset to the experimenter, who will then program it to 

their first walk number (out of four) and align the static mesh (detailed in section 3.9.4). The 

programming of the walk treatments also loads the location randomization and the starting 

tracing dot set the user sees at each individual location. Afterward, the participant will visit all 12 

individual locations in the predefined randomized order during the walk, completing two of the 

Experimental Task on two tracing dot sets at each individual location (24 trials). To facilitate 

easier and faster walks, the HoloLen 2 guides the participants to the following individual 

location after they have completed the two tracing dot sets at the current location. After the 

participant has fully completed all 12 individual locations for that walk, the HoloLens 2 

application automatically instructs the user to hand the headset back to the experimenter, 

completing that walk. The participant will then complete SUS, NASA TLX, and Post-Walk 

surveys. The experimenter will then again program the user study software, this time for their 

second walk, and align the static mesh, with the same surveys and processes happening for the 

participants second, third, and forth treatments. Finally, after completing all four of their walks, 

participants will complete a Post-Experiment survey and then receive their chosen payment. 
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4 Results 

4.1 Data Analysis Software and Methodology 

4.1.1 Raw Data Edits 

Table 6 below describes all the raw data edits that were required on the user study data before 

data analysis was conducted.  

Participant Data Changed Explanation 

13 All original 

participant 13 data 

points for the trial 

data 

After looking at the original participant 13ôs 

data points it was clear the participant was not 

following instructions and attempting to 

perform the tasks correctly. This discrepancy 

was identified immediately after the data was 

recorded, so another participant 13 was run, 

undergoing the exact same experiment 

condition assignments as the original. 

5 Replaced first 6 

locations of Standard 

HL2 Ray technique 

for the trial data 

Participant 5ôs Standard HL2 Ray interaction 

technique was hindered by very bad hand 

tracking from the HoloLens 2, allowing no 

interactions to be recognized. This left no 

usable trial data from these first 6 locations, 

prompting us to have the participant redo the 

first 6 locations again. 

All  Replaced all 

interaction attempts 

less than 2 with the 

ceiling mean of its 

exact experimental 

condition replicates 

(same location, mesh 

and technique 

applications) 

Given our study design and instruction to the 

participant that they should complete each 

Tracing Dot Set with at least 2 interaction 

attempts we consider data that has less that 2 

interaction attempts to not be representative 

data. This data could be caused by hand 

tracking problems, as described in Training, 

or just participant error when placing the 

elements.  
Table 6: All User Study Data Edits 
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4.1.2 Paint Quality Data Analysis Software 

 

Figure 4.1: 2D depiction of the process of grading each on an example location tracing dot set (a) a 2D representation of the 

bounding boxes in which the paint will be scored (b) a 2D representation of those same bounding boxes but subdivided into 

blocks which will be sampled for paint contained in them 

 

To reasonably quantify our desired spray paint ñqualityò response variable we discussed earlier, 

we must first consider how we define ñqualityò paint in the context of the Experimental Task to 

create a proxy measure variable that can be easily calculated. This can be done by consulting our 

participant instructions in Experimental Task where we define a participantôs goals when using 

the virtual spray paint as:  

1.) Connecting the three dots with as straight a virtual spray paint line as possible. 

2.) Completing the three dots with as complete a virtual spray paint line as possible. 
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Using these experimental task goals, we can build a paint grading concept, which we will 

implement into a separate Unity project, which checks the paint on each tracing dot set 

performed by a participant for straightness and completeness. Figure 4.1a depicts the basic idea 

of a sample tracing dot set where we first define the grading region in which we desire to sample 

for paint. This regionôs shape and size are driven by the dots in the tracing dot set, with the 

vector between the dots defining the alignment of the boxes and the extent of the dots defining 

the region's size. This was done as the participants were instructed to create straight lines 

between the tracing dot sets so the rectangular shape created by this method covered all the areas 

a participant was supposed to be painting. Using that basic grading region, we then subdivide 

that region into 10 mm thick slices, which we call paint grading slices. These paint grading 

slices, seen in Figure 4.1b, act as a discrete area for which we can test if paint is present. Finally, 

to ensure there is some acceptance buffer for ñdepthò error, we extrude the paint grading slices in 

both directions of the tracing dot sets they are centered on, as seen in Figure 4.1c. This .2m 

ñdepthò buffer represents the depth range at which we feel paint should still be accepted as 

following the goals listed above. When the tracing dot sets are done being sliced, they result in 

between 180 and 182 total paint grading slices per tracing dot set, depending on the particular 

tracing dot set. It should be noted that by design, our grading system only counts or grades paint 

that is inside the paint grading slices ï paint outside those regions is not counted, nor does it 

negatively count toward the overall quality of a trial painting dot set. 

Now that a robust way to grade spray paint has been established, each participantôs paint data is 

loaded into the paint quality data analysis Unity project. This is done by loading the paint .json 

file containing all of the paint placed by each participant in a walk and reconstructing their 
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virtual paint, resulting in a digital-twin paint representation, seen in Figure 4.3 (Red paint 

representing paint placed without the use of our estimation methods yellow representing that 

which has used our method). Next, every tracing dot set (24 per walk) for every participant walk 

(four walks per participant) completes a binary check of each of its paint grading slices to see if 

there is paint contained within it, setting a sliceôs value to 0 if no paint was contained within it 

and setting it to 1 if any paint is found within. Initially, we planned to determine if paint was 

inside a paint slice by checking if the center point (the local origin for the paint quad) of any 

paint was inside a slice, but this method produced incorrect gradings with entire sections of paint 

slices getting set to no paint (0) when analysis by eye showed no gaps. This method lacked 

knowledge of the extent or sprawl of the actual virtual paint quad outside just the main center 

point, which proved to be the main cause for this disjoint grading. Using this knowledge, we 

rebuilt the grading system, this time opting to check if paint grading slices contained paint using 

a more volumetric approach, allowing paint whose center point was slightly outside or between 

two paint grading slices to be more accurately counted. 

Once all of the paint grading slices for a tracing dot set were checked for paint, the paint grading 

slice values (0 or 1) were added up and then divided by the total number of slices to form our 

Percentage Paint Completion, our measure for paint quality, for that particular trial. An in-engine 

diagram of the entire process can be seen in Figure 4.2 for both a high-scoring tracing dot set 

paint and a low-scoring one.  
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Figure 4.2: Example of 3 different tracing dot sets with differing levels of paint quality showcasing the different stages of grading 
for each. (a) un-painted tracing dot set, (b) tracing dot set with participant paint overlayed, (c) paint grading slices for each 

tracing dot set spawned to grade the paint, (d) paint grading slices after they have graded the paint. Red paint represent paint 

placed without the use of our estimation methods and yellow paint is that which has used our method (yellow). 
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Figure 4.3: A participantôs paint loaded into the paint grading Unity project with paint at different individual locations. Paint 
color is visualized different in this project to show the difference between paint placed without the use of our estimation methods 

(red) and that which has used our method (yellow). White mesh represents the static environmental mesh used. 

 

4.1.3 Preparation and Data Analysis 

All data analysis was conducted in R, with data reduction and transformation being performed in 

Python from the various data input formats (e.g., raw survey data and trial .csv files). 

Additionally, specifically for the paint quality dependent variable, another Unity project, detailed 

above in section 4.1.2, was utilized to transform the raw paint poses recorded during each 

participantôs walks into the percentage paint completion measure. All other mass data edits that 

were performed before data analysis are detailed above in section 4.1.1. The most appropriate 

data regression model for each dependent variable, or response variable, below was based on the 
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data type of the dependent variables and the model assumptions met by our dependent variables. 

When choosing effects to include in the models for each dependent variable, interaction 

technique was always included as a fixed effect and participant number was always included as a 

random effect, if the model allowed, with our dependent variable of focus being the response 

variable. After that starting point, additive model building was utilized, adding fixed effects and 

interactions to the model that resulted in a better fitting model overall, using anova functions and 

AIC/BIC metrics to compare fit between models. Only two-way interactions were considered 

due to statistical power in our models. Q-Q plots and other diagnostic plots pertaining to the 

specific model used were used to ensure model assumption conformity and a p value < .05 was 

used for significance in all models. Chi-square and F stats were reported when available and 

appropriate. 

Based on the model and comparisons, post-hoc tests, usually Tukey or Sidak, were performed for 

each model to obtain the factor level groupings. Although many of the interactions and fixed 

effects included in many models were not initially planned to be analyzed, they allow a more 

accurate model overall, allowing our focus effects, like interaction technique, to be more 

accurate. As a result, some main effects may not be covered in this Results section, but the 

exhaustive data analysis results can be found in Table 7. Unless otherwise stated, graphs will 

represent Standard HL2 Ray data in light blue and our experimental techniques (Pure Average, 

Weighted Average, Eye Weighted Average) in orange. 
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Response 

Variable 

Model Used Data 

Transformati

on 

Fixed Effects Random 

Effects 

Interaction 

Interaction 

Attempt 

Ordinal Log 

Regression 

- Interaction 

Technique*, 

Mesh Num*, 

Loc Num*, 

Sub Trial* 

 

Participant Mesh: 

Interaction 

Technique* 

Quality Data Zero 

Inflated 

GLMM 

(beta dist) 

Smoothed 

Proportion 

Interaction 

Technique*, 

Mesh Num*, 

Loc Num*, 

Walk Num*, 

Surface 

Count*  

Participant - 

Post Walk Abs 

Score 

Aligned 

Rank 

Transform 

- Interaction 

Technique*, 

WalkNum* 

- Walk 

Number: 

Interaction 

Technique* 

SUS Total 

Score 

 

Linear 

Mixed 

Model 

Box Cox Interaction 

Technique*, 

Mesh Num* 

Participant Interaction 

Technique: 

Mesh 

Number*  

Nasa TLX 

Score 

 

Linear 

Mixed 

Model 

Box Cox Interaction 

Technique*, 

Walk Num* 

 

Participant - 

Table 7: Exhaustive data analysis results from all response variables which required regression. Red * indicates that interaction 

or fixed effect is significant 

 

4.2 Trial Data Results 

Trial data is the quantitative data which was collected automatically by the HoloLens 2 sensors 

and the Unity applications runtime throughout the course of a participantôs experiment walk. It 

includes interaction attempts and paint quality. 
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4.2.1 Paint Quality 

 

Figure 4.4: Violin Plot with embedded box and whisker plot showing the distribution of Percentage Paint Completion vs 

Interaction Technique 

 

Our analysis of paint quality found a significant main effect of interaction technique (ɢĮ(3) 

=1035.9476, p < 0.0001) on percentage paint completion, our measure for paint quality. Post-hoc 

analysis of interaction technique revealed that the Standard HL2 Ray (M = 26.3, SD = 28.6) 

technique had a significantly lower percentage paint completion when compared to the Pure 
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Average technique (M = 56.9, SD = 28.5, p<.0001), Weighted Average (M= 57.5, SD=28.2, 

p<.0001), and Eye Weighted Average (M= 56.4, SD= 28.9, p<.0001) interaction techniques. The 

results can be seen in the violin plot in Figure 4.4. When examining the distribution of 

percentage paint completion for each interaction technique, shown in the violin plot of Figure 

4.4, the Standard HL2 Ray techniqueôs distribution has a unimodal-like distribution, with the 

peak of the distribution being around 10% paint coverage. Conversely, Pure Average, Weighted 

Average, and Eye Weighted Average interaction techniques follow almost the same bimodal-like 

distribution, with peaks around 95% and 55% of paint coverage. 

Reviewing the paint quality for each interaction technique by each Experiment Setting, as seen in 

Figure 4.5, the relative difference between all the different location groups in each interaction 

technique seems to stay the same, with Indoor Wall location groups seemingly having higher 

average percentage of paint completion compared to the Indoor Window location groups, with 

Outdoor Windows seeming to round it out with the lowest average. Although this relative 

difference stays the same, a clear difference can be seen between the Standard HL2 Ray 

interaction technique and our experimental interaction techniques (Pure Average, Weighted 

Average, Eye Weighted Average), with the latter seeming to have higher elevated values across 

all individual locations compared to the former. 
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Figure 4.5: Bar graph of average Percentage Paint Completion for each individual experiment location grouped by Interaction 

Technique 

 

Analysis of the average percentage paint completion for each static mesh, which is assigned at 

the same time as interaction technique via Graeco Latin square, was statistically significant but 

showed only slight variation between static meshes for each interaction technique. The only 

discernable difference is the considerable reduction in average percentage paint completion 

across all static meshes for the Standard HL2 Ray interaction technique, as seen in Figure 4.6. 

Finally, comparing the average percentage paint completion for the two different tracing dot sets 
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surface counts, there is statistical significance between them. Still, we see very little difference, 

with one-surface having a slightly less average paint coverage completion than two-surface. 

 

Figure 4.6: (a) comparison of average Percentage Paint Completion vs Static Mesh grouped by Interaction Technique (b) 

average Percentage Paint Completion vs Surface Count 
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4.2.2 Interaction Attempts 

   

Figure 4.7: Bar chart with Error Bars +/-1 SEM depicting mean Pinch Number vs Interaction Technique. Post-hoc letter 

groupings provided above each bar. Additional red line indicating the ñidealò interaction attempts based on experimental task 

design. 
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Analysis of interaction attempt first indicated a significant main effect of interaction technique 

(ɢĮ (3) = 22.1808, p< 0.0001) on pinch number, our measure for interaction attempt. Post-hoc 

analysis of interaction technique revealed that the Eye Weighted Average technique (M = 2.58, 

SD = 0.877) required the lowest mean pinch number to complete the experimental task with the 

Standard HL2 Ray (M= 2.73, SD= 0.981, p<.0001) technique and the Pure Average (M= 2.66, 

SD= 0.937, p=.0043) technique showing significantly higher pinch number estimates compared 

to Eye Weighted Average. The Standard HL2 Ray technique required the highest pinch number 

to complete the experimental task, with the Weighted Average (M= 2.60, SD= 0.843, p<.0001) 

technique having a significantly lower mean pinch number. Results can be seen in Figure 4.7. 

4.3 User Preference 

The post walk survey, which was the measure we utilized for user preference, was split into two 

metrics, one absolute and one relative. In both measures participants did not know any details 

about the interaction technique they were experiencing, only knowing they were testing different 

interaction techniques for each walk. First, for the absolute user preference metric, participants 

ranked the specific interaction technique they had just experienced in their walk on a 5-point 

Likert scale metric, directly answering the question of ñHow would you rate the overall paint 

placement in this walk (in terms of your overall task of connecting the dots)ò. Second, for the 

relative rating, participants ranked each interaction technique (actually ranking the walks as this 

was a single-blind experiment) against one another answering the question of ñHow would you 

rank this walk, compared to previous walks, in terms of your ability to place paint and create the 

intended spray paint connections between the dots?ò. For both of the user preference metrics 

participants answers were based on their observations over the course of 24 tracing dot sets 
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across the 12 locations that make a walk. Participants were able to observe their paint for a 

tracing dot set only while performing the experimental task at that tracing dot set (paint for a 

tracing dot set is cleared after the 10 second time for the experimental task is over). The results 

for both user preference metrics are show below. 

4.3.1 Post Walk Survey - Absolute Score 

 

Figure 4.8: Bar chart with error bars +/-1 SEM depicting Average Participant Rating vs Interaction Technique. Post-hoc 

groupings provided above each bar. 
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Our analysis of the post walk survey absolute score, a 5-point Likert scale metric, which records 

how a participant would rate the current interaction technique in an absolute manner, found a 

significant main effect of interaction technique (F3,80 = 13.0632, p < 0.0001) on average post 

walk absolute ranking. Post-hoc tests of interaction technique revealed that the Standard HL2 

Ray (M = -0.667, SD = 1.24) technique had a significantly lower average rating than the Pure 

Average (M = 0.583, SD = 0.717, p = 0.0001), Weighted Average (M = 0.875, SD = 0.741, p < 

.0001), and the Eye Weighted Average (M = 0.667, SD = 0.702, p = 0.0001) interaction 

techniques. Weighted Average had the highest overall average absolute rating, although not 

significant. Results can be seen in Figure 4.8 

Additionally, looking at the occurrence count in Figure 4.9, a few patterns emerge for each of the 

5 step Likert rating levels. Firstly, the Standard HL2 Ray Interaction Technique had a high 

frequency of ñPoorò ratings, with no instances of participants ranking Standard HL2 Ray as 

ñExcellentò. Pure Average, Weighted Average, Eye Weighted Average interaction techniques 

shared similar rating distribution, with all having no instances of ñPoorò ratings and the majority 

of ratings being shared between ñGoodò and ñAverageò, with only Weighted Average differing 

slightly with a higher prevalence of ñGoodò ratings. 
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Figure 4.9: Multi-facet bar chart depicting the occurrence count of each Likert level of user preference for each Interaction 

Technique 
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4.3.2 Post Walk Survey ï Relative Rank 

 

Figure 4.10: Multi -facet bar chart depicting the occurrence of participantôs chosen rank for each Interaction Technique 

 

When analyzing the relative ranking metric of post walk survey, we must note that although we 

collected the participantôs relative rankings of the interaction techniques after each walk (starting 

at walk 2), we chose only to analyze the walk four rankings as it was the only post walk relative 

rank that included a participantôs ranking of all 4 of the interaction techniques. A few interesting 

results can be seen when looking at the frequency of rank positions for each interaction 
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technique, pictured in Figure 4.10. Firstly, the most noticeable is Eye Weighted Average being 

rated 1st much more frequently than any other rank and ranked 1st more often than other 

interaction techniques at 15 times. The Standard HL2 Ray had relatively equal ratings across the 

board, with the exception of a minor increased frequency to be ranked 1st and 4th. Interestingly, 

Weighted Average had no instance of being ranked the 1st, with most ranks predominantly 

occupying the 2nd ranking with a right skew. Finally, Pure Average had a left skewed distribution 

with most of the responses indicating Pure Average as the 3rd or 4th rank. 

Averaging the ranks by interaction technique (lower is better), Pure Average achieved the 

highest average rank, followed by Weighted Average and Standard HL2 Ray with equal average 

rank, with Eye Weighted Average scoring the lowest average rank (best). Results can be seen in 

Figure 4.11. 

 

 

 

 



79 

 

 

Figure 4.11: Average participant rank score from the post-walk survey by Interaction Technique 
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4.4 Perceived Usability 

 

Figure 4.12: Bar chart with Error Bars +/-1 SEM depicting Average SUS Total Score vs Interaction Technique. Post-hoc 

groupings provided above each bar. 

 

Analyzing the total score of our System Usability Scale (SUS) survey, our measure for perceived 

usability, revealed a significant main effect of interaction technique (ɢĮ (3) = 21.3005 p = 

p<0.0001). Post-hoc tests of interaction technique showed the Standard HL2 Ray (M =59.3, SD 



81 

 

=18.3) interaction technique had a significantly lower mean total SUS score compared to Pure 

Average (M = 68.1, SD = 13.1, p = 0.0129), Weighted Average (M =69.9, SD = 13.7, p = 0.0011) 

and Eye Weighted Average (M = 69.9, SD = 13.3, p = 0.0012) interaction techniques. 

Looking deeper at a few specific questions of SUS, a few interesting results emerged when 

analyzing a number of the individual SUS questions, as seen in Figure 4.13. SUS_Q1 (ñI think 

that I would like to use this system frequentlyò) indicated that participants were less likely to 

agree when using the Standard HL2 Ray interaction technique, whose average total SUS score 

was almost precisely ñNeutralò, compared to the Pure Average, Weighted Average, and Eye 

Weighted Average interaction techniques. SUS_Q3 (ñI thought the system was easy to useò) 

similarly indicated participants were less likely to agree when using the Standard HL2 Ray 

interaction technique compared to the Pure Average, Weighted Average, and Eye Weighted 

Average interaction techniques, with Weighted Average having the highest agreement.  

SUS_Q7 (ñI would imagine that most people would learn to use this system very quicklyò) 

indicated a progressive increase in agreement from participants, starting at the low agreement 

end with Standard HL2 Ray, followed by Pure Average and Weighted Average, with Eye 

Weighted Average rounding it out with the highest agreement. Finally, in SUS_Q8 (ñI found the 

system to be very cumbersome to useò), participants were more likely to agree when using 

Standard HL2 Ray, when compared to Pure Average, Weighted Average, and Eye Weighted 

Average, each of which a participant was progressively less likely to agree than the last. 
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Figure 4.13: Average SUS score of selected subset of SUS questions chosen due to their patterns vs Interaction Technique. 
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4.5 Perceived Workload 

 

Figure 4.14: Bar chart with Error Bars +/-1 SEM depicting Average TLX Total Score (unweighted) vs Interaction Technique 

 

Analysis of the total score of our NASA TLX (unweighted) survey, our measure of participant 

perceived workload, revealed a significant main effect of interaction technique (ɢĮ (3) = 30.8955, 

p<0.0001) on a participantôs total perceived workload, as depicted in Figure 4.14. 
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The Standard HL2 Ray (M=31.9, SD = 17.2) had a significantly higher total NASA TLX score 

when compared to the Pure Average (M = 22.9, SD = 16.3, p = 0.000459), Weighted Average (M 

= 21.0, SD = 14.0, p < 0.0001) and Eye Weighted Average (M = 22.3, SD = 13.0, p = 0.000684) 

interaction techniques. Although Weighted Average had the lowest NASA TLX, there were no 

significant differences between our experimental interaction techniques. 

Looking deeper at specific questions within the NASA TLX that yielded interesting results, 

shown in Figure 4.15, we first see the TLX_Effort question indicates the Standard HL2 Ray 

interaction technique had a significantly higher score compared to the Pure Average, Weighted 

Average, and Eye Weighted Average interaction techniques. Additionally, the Eye Weighted 

Average interaction technique had a slightly higher (non-significant) mean as compared to Pure 

Average and Weighted Average. The TLX_Frustration indicated a slightly different pattern as 

TLX_Effort, with the Standard HL2 Ray interaction technique having a significantly higher 

mean score than Weighted Average, with Pure Average and Eye Weighted Average having non-

significant difference between Standard HL2 Ray or Weighted Average. TLX_Mental_Demand 

indicated the Standard HL2 Ray interaction technique had a significantly higher mean score 

compared to the Weighted Average, and Eye Weighted Average interaction techniques, with Pure 

Averageôs score not being significantly different from either. Finally, TLX_Performance 

indicated the highest difference between the interaction techniques out of the TLX individual 

questions, with the Standard HL2 Ray interaction technique having a significantly higher score 

compared to Pure Average, Weighted Average, and Eye Weighted Average, with Pure Average 

and Weighted Average having a slightly lower (non-significant) score than Eye Weighted 

Average.  
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Figure 4.15: Bar chart with error bars +/-1 SEM depicting mean TLX score of selected subset of NASA TLX questions chosen 

due to their patterns vs Interaction Technique. 

 

4.6 Post-Experiment Survey 

Looking at the post-experiment survey where participants were asked to reflect over all 4 walks 

they completed, 91% of participants indicated that they noticed a clear difference in their ability 
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to paint across the walks, and 95% stated that they noticed variation in their ability to paint 

across the different individual locations. Analysis of the best-rated locations by participants, 

pictured in Figure 4.16a, from the Post-Experiment Survey, firstly reveals that the indoor wall 

location type had by far the highest response count, followed by many of the indoor window 

locations, with the outdoor window location type gaining the lowest response count from 

participants. Additionally, locations 8 and 9 had no responses recorded for the best rated 

locations, both outdoor window locations. Analysis of the worst rated locations by participants, 

pictured in Figure 4.16b, reveals outdoor window locations having the highest response count, 

followed by indoor windows, and finally indoor walls having the lowest response count. No 

participant ranking of the different walks was covered in this survey as it was covered in the Post 

Walk Survey ï Relative Rank the participants performed. 

 

Figure 4.16: Graph of the frequuency that individual locations in the macro experiment location were chosen as the best and 

worst across all 4 of their experiment walks 
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4.7 Confounding Factors 

4.7.1 Order Effect 

Despite our best efforts, there were instances where the main effects of walk number on our 

measures were found throughout the experiment, indicating order effect in our user study. 

Firstly, for Perceived Workload, a significant main effect of walk number on Total NASA TLX 

score (walk number (ɢĮ (1) = 18.06231, p<0.0001) was found, with Figure 4.17a depicting the 

lowering of NASA TLX score as users progressed through their walks. Next, a significant main 

effect of walk number on Post Walk Abs Score (F3,80 = 3.232717, p < 0.02662) was found, with 

Figure 4.17c showcasing the increase in Average Absolute Rating over the four walks. For 

Perceived Usability, a slight but not statistically significant increase in Total SUS score per walk 

number was found, with Figure 4.17b showing an increase in Total SUS score over participant 

walks. Finally, there was a significant main effect of walk number on Percentage Paint Complete 

(Paint Quality) (ɢĮ (3) = 11.6371, p= 0.0087), with Figure 4.17d showing a slight increase in 

Percentage Paint Complete as the walk number progresses. 
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Figure 4.17: Bar chart depicting mean NASA TLX total score vs. Walk Number (b) Bar chart depicting mean SUS total score vs. 
Walk Number (c) Bar chart depicting mean Absolute Score Rating vs. Walk Number (d) Bar chart depicting mean Quality vs 

Walk Number 
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4.7.2 Location and Static Environment Mesh Effects 

 

Figure 4.18: (a) Bar chart depicting mean Percentage Paint Completion vs. Location Num (b) Bar chart depicting mean 

Percentage Paint Completion vs. Static Mesh Number (c) Bar chart depicting mean Pinch Number vs. Location Num and 

Interaction Technique (d) Bar chart depicting mean Pinch Number vs. Static Mesh Number 

 

In addition to the order effect present in the previous section we also encountered several static 

environment mesh number and location number main and interactions effects despite our partial 
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counterbalancing with the Graeco-Latin square. Firstly, our analysis of paint quality found both a 

significant main effect of mesh number (ɢĮ(3) =23.7315, p < .0001) on percentage paint 

completion as well as a significant main effect of location number (ɢĮ(11) =1347.4649, p < 

.0001) on percentage paint completion. Second, our analysis of interaction attempt indicated a 

significant main effect of mesh number (ɢĮ (3) = 42.8045, p < 0.0001) on pinch number, as well 

as a significant main effect of location number (ɢĮ (11) = 41.4389, p< 0.0001) on pinch number. 

Additionally, there was a significant interaction between mesh number and interaction technique 

(ɢĮ (9) = 48.4002, p< 0.0001) on pinch number. Finally, our analysis of the total score of our 

System Usability Scale revealed a significant effect of mesh number (ɢĮ (3) = 11.3232, p = 

0.0101) on total System Usability Scale score, as well as a significant interaction of interaction 

technique and mesh number (ɢĮ (9) = 17.7387, p = 0.03832) on total System Usability Scale 

score. 

Despite these additional main and interaction effects we still are confident our results hold value 

and relative accuracy due to the following reasons. Firstly, since we utilized model building for 

our data analysis, many of the models are very robust as they had many factors added to improve 

the overall model and by proxy each of the individual effects and interactions. Second, for most 

of these significant effects of mesh number and location number, the Chi-squared values of 

location number and mesh number were very close to that of the interaction technique Chi-

squared, meaning both had similar importance in the model. The only real exception to this 

would be pinch number, which had mesh number and location number Chi-squared values that 

were notably higher than interaction technique. Finally, for both pinch number and percentage 
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paint completion, we had around 2304 observations total, meaning our models most likely had 

sufficient power due to a large number of observations from which to pull. 

5 Discussion 

This discussion section will first address our initial Research Questions we created from the 

onset of the work, answering each one individually. We will then discuss our overall findings 

and suggestions for future researchers. Finally, we will state our limitations for our specific user 

study and cover possible future work that can be done to improve and extend our current 

solution. 

5.1 Research Question Findings 

5.1.1 Paint Quality 

RQ1: How does the mesh interaction technique affect user task quality in a spray-painting 

task? 

Results suggest that participants were able to achieve higher paint quality with our experimental 

interaction techniques (Pure Average, Weighted Average, Eye Weighted Average) compared to 

the unassisted Standard HL2 Ray technique. This strongly suggests that implementing even a 

very straightforward estimation system can significantly combat the mesh errors and variability 

in the environmental meshes created by AR devices.   

Although no noticeable differences in paint quality between our three experimental interaction 

techniques were found, examining the distribution of percentage paint completion for both the 

Standard HL2 Ray interaction technique and our experimental interaction techniques in Figure 
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4.4, a couple of interesting results emerge. Firstly, the Standard HL2 Ray techniqueôs single 

unimodal distribution with mode around 10% paint coverage and 3rd Quantile of around 47% 

suggests that for most participant trials using the Standard HL2 Ray interaction technique, 

participants were not able to score more than 50% paint coverage when performing the 

experimental task. This percentage paint quality ñceilingò evident for the Standard HL2 Ray 

interaction technique, we believe, is caused by mesh errors/holes in the Static Environment 

Mesh, which, as a reminder, the Standard HL2 Ray technique is unable to handle as it requires 

mesh directly under the userôs interaction ray to function. Conversely, Pure Average, Weighted 

Average, and Eye Weighted Average interaction techniques follow almost the same bimodal 

distribution, with peaks around 95% and 55% paint coverage, suggesting two separate ñceilingsò 

for paint quality. Since little difference (even though significant) is seen between average scores 

for the four different static meshes or two different surface counts, we look to the different 

location groups as being the main contributor to these ceiling effects, as certain locations could 

have chronic mesh errors that limit the amount of information our lightweight estimation can 

ascertain.  

Looking at the average paint quality for each location in Figure 4.5, we can see a clear trend over 

all interaction techniques showing that the average paint quality is highly driven by the location 

number and location groups (indoor walls, indoor windows, outdoor windows). The average 

paint quality per location for our experimental interaction techniques reveals that indoor walls 

have the highest average paint quality, and both outdoor windows and indoor windows are fairly 

the same. Interestingly, the relative differences of average paint quality between the locations 

across all the experimental interaction techniques were consistent. Although this relative 
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difference stays the same, a clear difference can be seen between the Standard HL2 Ray 

interaction technique and our experimental interaction techniques (Pure Average, Weighted 

Average, Eye Weighted Average), with the latter seeming to have higher elevated values across 

all individual locations compared to the former. The consistent quality values of each location 

across our experimental interaction techniques seemingly support the ceiling effect we found in 

our overall average paint quality, pointing to a core limitation with our estimation method, most 

likely a lack of data input into the algorithms from the sample rays and not a deficiency of the 

actual algorithms. This suggests that our grid of 16 sample points that then sends out 16 sample 

rays fails to collect any data from adjacent mesh in specific individual locations with chronic 

mesh errors (like the windows). Overall, this indicates we need to create a more robust hand 

estimation plane (possibly higher density sample points) and also perhaps contingency plans for 

the system when our solution hits no mesh so these types of individual locations can be managed 

more successfully. 

5.1.2 Interaction Attempts 

RQ2. How does the mesh interaction technique affect the efficiency of user interaction in a 

spray painting task? 

We must first state that the interaction attempts measure, we believe, was influenced by the HL2 

hand tracking, talked about more in Limitations, and thus multiple data points had to be removed 

and then replaced (detailed in Table 6).  

Looking at the edited data points, we find that, unlike paint quality, interaction attempt did have 

significant differences not only between the Standard HL2 Ray but also between several of our 
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experimental interaction techniques. The biggest of which being Weighted Average and Eye 

Weighted Average being significantly lower than the Standard HL2 Ray, with Eye Weighted 

Average also being significantly lower than Pure Average. While not every interaction technique 

is significantly different from one another, we can still see a slight ongoing reduction in 

interaction attempts as we progress from Standard HL2 Ray to Eye Weighted Average, indicating 

that our experimental interaction techniques provide an active reduction in interaction attempts. 

This is likely due to less user input needed in general to complete the same task as the 

experimental interaction techniques (especially Eye Weighted Average) accomplish more with 

each interaction. 

Although we did see notable differences not only between the Standard HL2 Ray but also 

between our experimental interaction techniques, we still believe paint quality to be a better trial 

data metric than interaction attempt for a few reasons. Firstly, interaction attempts, at least how it 

is defined in this experiment, only counts the number of pinches and not any time between 

pinched or total time pinch. This leads to some level of ambiguity as to what a certain interaction 

attempt number means as participants had different styles of drawing, with some trying to follow 

the two pinch instructions explicitly with longer strokes and others who opted for shorter stroke 

bursts with more overall interaction attempts. This inter-participant interaction technique 

variability is exacerbated by the fact that due to data and distribution, signature and replacement 

data points, we could not utilize a repeated measures mixed model to help with a better statistical 

model, instead having to utilize an ordinal model (which was hard to fit and not optimal). 

Second, as mentioned above, the HL2 hand tracking still muddied the interaction technique data 

as an extra pinch could be a legitimately needed interaction for a participant to overcome the 
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tracking problems. Finally, based on the experiment and the overall variability in the interaction 

attempt data we would strongly recommend limiting users to a fixed number of pinches, which 

could reduce overall ambiguity and possibly clean up the data. 

5.1.3 Perceived Workload and Perceived Usability 

RQ3: How does the mesh interaction technique affect a userôs perceived workload and 

perceived usability? 

Firstly, it must be stated that the NASA TLX workload survey and the System Usability Survey 

(SUS) experienced order effect in the user experiment, with NASA TLX total score generally 

trending down and total SUS score generally trending up with an increase in walk number.  

Results from administering the NASA TLX suggest that participants perceive a reduction in total 

workload with our experimental interaction techniques (Pure Average, Weighted Average, Eye 

Weighted Average) compared to the Standard HL2 Ray. Participants appear to perceive our 

experimental techniques as requiring less perceived effort, frustration and mental demand when 

compared to the Standard HL2 Ray. Additionally, participants appear to have higher perceived 

performance when performing the experimental task with our experimental interaction 

techniques compared to the Standard HL2 Ray. Similar results were found from administration 

of the System Usability Survey (SUS), with results suggesting participants perceive an increase 

in total system usability when utilizing our experimental interaction techniques compared to the 

Standard HL2 Ray. 

Altogether, these results suggest that our experimental solutions provide a lower perceived 

workload and higher usability, even if we identified no noticeable difference between our 
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experimental interaction techniques. Our experimental interaction techniques most likely 

improved results by facilitating painting in areas of the experimental location that did not have 

an environmental mesh. This ability to paint on areas with no environmental mesh allowed 

participants to paint more consistently with more fluid strokes than the HL2 Standard Ray, as 

their painting did not abruptly stop when the system could not detect environmental mesh under 

the user's hand ray. The non-difference between our own experimental interaction techniques is 

likely because of the orthogonal nature of the indoor location, which provided less opportunity 

for the different algorithms behind the experimental interaction techniques to show more 

significant differences, more details in 5.3. 

5.2 Overall Findings 

5.2.1 User Preference vs User Performance 

When comparing the user preference metrics from our user study to our other metrics like 

quality, interaction attempts, NASA TLX and SUS we see similarities. Starting with Post Walk 

Survey - Absolute Score, the results mirror that of quality, NASA TLX, and SUS with the 

Standard HL2 Ray performing significantly worse than our experimental interaction techniques, 

but no statistical significance inside the experimental interaction techniques. Post Walk Survey ï 

Relative Rank, however, tells a slightly mixed story. Examining the average rank of each 

interaction technique we see that Eye Weighted Average has the lowest average, followed by 

Weighted Average and Standard HL2 Ray tied for second lowest, and Pure Average performing 

the worst. This result is a slight departure from other measures but can be partially accounted for 

by the fact participants could have forgotten past interaction techniques they experienced before 
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they finished their final walk (walk 4) where they ranked them. Post Walk Survey - Absolute 

Score, in contrast, was recorded after each walk, which meant possibly fresher memory of the 

exact details of the walk. These similar results across some of the user preference metrics, 

especially Post Walk Survey - Absolute Score, suggest that our measures for user performance 

and user preference are somewhat aligned. 

We did, however, notice a possible area of confusion for both of the user preference measures ï 

Due to limited instructions beyond the actual questions ñHow would you rate the overall paint 

placement in this walk (in terms of your overall task of connecting the dots)ò for absolute user 

preference and ñHow would you rank this walk, compared to previous walks, in terms of your 

ability to place paint and create the intended spray paint connections between the dots?ò for 

relative user preference it was possible the user preference questions were a bit ambiguous. 

Additionally, participants were only allowed to judge their paint performance during the 10 

seconds they were allotted for the experimental task, as the paint was deleted at the end of the 

timer, not leaving time to judge the paint from different angles (3D depth placement). Both 

points could have cause additional noise in the data and we would recommend more specific user 

preference questions and possibly a specific time for participants to observe their task for future 

experiments to allow participants to make a more informed decision.  

5.2.2 Lightweight Estimation Improves User Experience  

The most overarching finding of our study was almost all measures reported improvement when 

participants were utilizing one of our lightweight experimental interaction techniques (Pure 

Average, Weighted Average, Eye Weighted Average) instead of the Standard HL2 Ray 
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interaction technique, with minimal results suggesting our lightweight estimation interaction 

techniques negatively affected the userôs experience at all. These results indicate a real potential 

for lightweight estimation techniques in the AR space, especially those whose older 

environmental mapping sensor or software packages will not get upgraded, like the almost five-

year-old HoloLens 2 device on which the experiment was conducted. Our experimental 

interaction techniques provided a more usable experience overall on our device and minimally 

affected the performance of the actual application running. Additionally, the system allowed 

participants to interact with locations, such as indoor and outdoor windows, that they might 

never be able to interact with using the Standard HL2 Ray, even if  we had enabled live mesh 

during the experiments in lieu of the Static Environment Mesh (discussed more in section 5.2.3).  

We did not, however, observe a consistent value proposition of our more complicated 

experimental interaction techniques, such as Eye Weighted Average over Pure Average, the 

simplest of our experimental interaction techniques. Several of our results did suggest better 

scores occurring for Weighted Average or Eye Weighted Average over the simpler Pure Average 

experimental interaction technique, but many of these results were non-significant and overall 

inter-experimental interaction technique differences were sparse. Overall, in indoor 

environments with limited organic shapes (most indoor geometry is parallel or orthogonal to one 

another), more advanced aggregation algorithms like Weighted Average and Eye Weighted 

Average do not appear to be worth the additional overhead and design time. Additionally, since 

similar results were achieved without the use of eye tracking (Eye Weighted Average), this 

reveals that even older and cheaper devices that never had the luxury of eye tracking can still 

take advantage of the greatly improved mesh estimation. We recommend focusing more time on 
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exploring better and more robust ways to collect more environmental mesh data from areas 

surrounding the missing/degenerate area the user wishes to interact with than the individual 

estimation algorithms. This direction seems to be a far better use of development and research 

time as in almost all cases where our estimation failed, it was due to little to no environmental 

mesh data being collected from adjacent mesh. We suspect the nuances of difference aggregation 

methods to resolve the collected environmental mesh data accurately would come much more 

into play and provide more noticeable differences when in outdoor environments, where the 

mesh is much more organic, additional details in section 5.4.2. 
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5.2.3 Variable Environmental Mesh Scanning 

 

Figure 5.1: Photo of the static environment mesh for location 12 for all 4 different static meshes (a) Static Mesh 4  (b) Static 

Mesh 3 (c) Static Mesh 2 (d) Static Mesh 1 

 

As a reminder, Static Environment Mesh was utilized in place of the HoloLens 2ôs live 

environmental mapping system due to concerns about potential variability in environmental 

mesh generation from the HoloLens 2 device. This change obviously opens our lightweight mesh 
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estimation and user study as a whole up to the question ï ñHow much of a difference would our 

experimental interaction techniques provide if  we utilized the live HoloLens 2 mesh as our 

control rather than the static environmental mesh?ò. While we opted not to use the live mesh in 

our user study, we found many interesting details that can help us infer how our lightweight 

mesh estimation would function with a live-generated environmental mesh system. Firstly, when 

looking at the four different static environmental meshes we utilized, the mesh details at both the 

Outdoor Window and Indoor Window location groups generally did not vary greatly across the 

different static meshes, with only slight additions or subtractions of mesh from around the frames 

of the windows. In none of the four static meshes did the HoloLens 2 mapping system 

successfully map an indoor or outdoor window, at most getting a good mesh of the window 

frame or adjacent window support structure. Interestingly, the HL2 live environmental mapping 

system in several window locations mapped the floor and other geometry on the other side of the 

window, not recognizing a solid piece of glass separating the space. Additionally, when asked in 

the post-experiment survey which locations userôs thought were the worst, Outdoor Window and 

Indoor Window location groups were consistently chosen more over the Indoor Wall location 

group. Given this observation, at least for the HL2, it is improbable that any mesh would have 

been generated in any of the windows even if the live mesh was used and given time to 

acclimate. This leaves our lightweight mesh estimation system as an easy way for users to 

interact with windows on an AR device that they otherwise would not be able to interact with. 

Second, looking at the Indoor Wall location groups, examples of which are in Figure 5.1, we see 

there are definitely variations between the four static meshes, each with varying levels of 

environmental mesh coverage. All the indoor wall locations groups for the most part had the 
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ñslatò vertical pattern, we suspect an artifact of scanning while walking that was performed to 

collect all 4 static meshes. In general, these Indoor Walls locations could have possibly benefited 

from the live environmental mapping as the slated mesh they are composed of most likely would 

have improved given sufficient scanning time. The use of the live environmental mapping mesh 

would probably have decreased the difference between our experimental interaction techniques 

and the Standard HL2 Ray, as the ever-evolving environmental mapping system mapped more of 

the walls over time. This behavior is excellent for practical use but provides many areas for 

confounding variables in a user study, as the length of time a user looks around or walks near a 

location before they perform the experimental task varies, and thus the extent to which the live 

mesh has resolved additional data about the environment also varies (mesh update usually takes 

around 2-3 seconds). Additionally, our solutions still provide users of time-sensitive AR 

applications, like search and rescue, an option to quickly interact with the environment even if 

they do not have time to let the mesh generation catch up with their movement. 

Lastly, looking forward to outdoor user studies, Figure 5.2 showcases a two-minute scan of an 

outdoor area, with the grey mesh being the result of the live environmental mesh capture from 

the HoloLens 2. As you can see from the scan, due to environmental factors and the complex and 

non-conformal shapes of organic objects, this mesh, which was given ample time to resolve (2 

minutes), still has many mesh holes and degenerate mesh. Additionally, much of the planar 

surface of the house facade is also not present, with only parts close to the sidewalk having much 

mesh detail due to the limited extent of the HoloLens 2 scanning hardware. This example 

provides yet another example that even if AR devices of today could perform perfectly in indoor 
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scenarios, they would likely still struggle in the outdoor space and thus still benefit from our 

mesh estimation solutions.  

 

Figure 5.2: (a) 3D environmental mesh scan from the HoloLens 2 while walking over the course of 2 minutes. (b) Location of the 

environmental scan 

 

5.2.4 Recommendations on Lightweight Estimation 

Examining paint-related metrics, like Paint Quality and various participant comments collected 

by the experimenter while participants were using our experimental interaction techniques (Pure 

Average, Weighted Average, Eye Weighted Average), we have compiled our most important 

recommendations for those wishing to implement a similar lightweight estimation system in AR. 

Firstly, although implementing a Point Distance Culling and Outlier Detection system into our 
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estimation system was necessary and successful, it should be tweaked as it failed in various 

scenarios. In our implementation, outlier detection assumed all Environment Mapping to be 

ground truth and thus bypassed any outlier detection when environmental mesh was hit when 

using our experimental interaction techniques. This created scenarios like those pictures in 

Figure 5.3, where you can see a clear disjoint of paint where a small ñstrayò environmental mesh 

piece causes the system to paint directly on it because it was never got a chance to run through 

the outlier detection. We recommend future implementations of this lightweight estimation not to 

take mesh as a total ground truth but rather run all estimation algorithms through outlier 

detection, giving the system a better chance of catching such ñstrayò environmental mesh pieces. 

In a similar light, we would also recommend normal smoothing be implemented in the 

lightweight estimation workflow, as we found the environmental mapping, at least on the 

HoloLens 2 device, can create sharp mesh geometry adjacent to one another, sometimes causing 

object orientation not to look correct, even though the normals are aggregated based on the 

interaction technique. 

Further, we recommend future lightweight estimation systems implement more sample points 

and by a consequence, more sample rays, as there were many times in the user study when a 

participant was not able to complete the experimental task in its entirety due to no environmental 

mesh hit by the sample rays, leading to the ñceilingò effects previously mentioned in section 

4.2.1. Finally, we recommend the implementation of a ñbloomò of sample rays wherein if no 

mesh is hit with any of the sample rays while they are aligned with the hand plane, they angle out 

from the center. This allows the system to first focus on retrieving the most accurate mesh 

possible that is directly adjacent to the area the participant wishes to interact with (but canôt due 
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to a mesh hole) but still maintains a fallback that attempts to gain data from less adjacent mesh in 

the scenario where there is none near the users desired interaction point.   

 

Figure 5.3: Depiction of two instances of outlier detection failing at two different individual locations with participant view on 

top and side profile on bottom.  (a) Location 9 (b) Location 7 

 

5.3 Limitations 

Although we attempted to create as comprehensive a solution and testing methodology as 

possible, our experiment's limitations restrict its potential reach and significance. Firstly, and 

possibly the largest limitation, was the unreliable nature of the HoloLens 2 hand tracking, which 

we utilized to track a userôs hand and allow them to draw virtual spray paint using our interaction 

techniques. Based heavily upon a participantôs hand size and skin color, the hand tracking system 

would sometimes cut out and sometimes even stop tracking entirely. Although we did our best to 
























































