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ABSTRACT 

Accessible flood modeling for low-resource, data-scarce communities currently does not 

exist. This paper proposes using drone imagery to compensate for the lack of other flood 

modeling data (i.e. streamflow measurements). Three flood models were run for Dzaleka 

Refugee Camp, located in Dowa, Malawi. Two of the models (the Soil & Water 

Assessment Tool (SWAT) and the Hydrologic Engineering Center River Analysis 

System (HEC-RAS)) are commonly used hydrological-hydraulic based models. The third 

model, the Water Caused Erosion Patterns (WCEP) model, was proposed by the author to 

capitalize on the high-resolution drone imagery using geological-geomorphological 

information. The drone imagery used in this study has a resolution of 3.5cm and shows 

erosion patterns throughout the refugee camp. By comparing the erosion patterns to flow 

direction of the surface, the erosion patterns were determined to be water caused or not 

water caused, the erosion patterns considered water caused were defined as high-risk 

flood areas, creating the WCEP model. 

The three models were compared using locations of collapsed houses throughout the 

camp.  It was found that the WCEP model represents the location of collapsed houses 

significantly better (misclassification rate below 17%) than the SWAT or HEC-RAS 

models (misclassification rate below 54%, and 67% respectively). The WCEP model was 



combined with the best hydrological-hydraulic model (SWAT) to create a 

hydrogeomorphological model which capitalizes on both the drone imagery and the 

hydrological process. 
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GENERAL AUDIENCE ABSTRACT 

The negative impact flooding has on communities can be reduced through flood 

modeling. But commonly used flood models are not accessible to data-scarce 

communities because of the historical data the models require. This paper explores using 

aerial imagery taken by a drone to make-up for the lack of historical data at Dzaleka 

Refugee Camp located in Dowa, Malawi.  

Drone imagery has a very high spatial resolution (3.5cm), so it is able to provide a lot of 

details, including marks that show an increase of flooding in certain areas and elevation 

information. The flood model presented in this paper is created using the found flood 

marks in drone imagery. The presented model is then compared to two commonly used 

flood models, and all three flood models are compared to locations of houses that 

collapsed from flooding throughout the refugee camp. 

The model created using drone imagery did the best job predicting high risk locations 

with misclassification rates below 17%. The drone imagery model was then combined 

with a commonly used model to create a more comprehensive flood model, capitalizing 

on all available data. 
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1 Introduction 
As climate change continues to occur, floods are having devastating effects on more and 

more communities, with a higher risk assigned to poorer communities that are ill-

equipped for disaster response [1]. Flood modeling is an essential tool in enabling 

communities to reduce their vulnerability to flooding. Sadly, accurate flood modeling is 

still not accessible to everyone. The more commonly used flood models, hydrological-

hydraulic based, use known mathematics that describe the hydrologic processes to create 

simulations, for example the water balance equation (i.e. used by SWAT), and mass and 

momentum conservation equations (i.e. used by HEC-RAS). Although these simulations 

have the potential to provide a lot of information about flooding in a study area, they 

require years of measured streamflow data and hydrology expertise to set model 

parameters and validate the model. 

Some flood models are based on geological-geomorphological information, for example, 

finding out flood depth by studying the location of tree damage [2]. Although geological-

geomorphological flood models don’t have the same historical data requirements, they 

are currently not accessible due to the expertise they require (e.g. a dendrologist), not to 

mention the many working hours and special equipment needed. However, some 

geological-geomorphological information can be extracted from drone imagery and 

therefore does not have the same setbacks.  

Drones and drone imaging technology is a fast-growing sector of data-driven analysis 

that accelerates collection and investigation of data, shrinking the digital divide that 
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affects the most vulnerable populations disproportionately. The research presented in this 

thesis focuses on the use of drones to improve flood modeling accuracy, particularly for 

applications in the developing world. Drones are low-cost tools to accurately collect data, 

and combined with open-source or low-cost software it is possible to conduct flood 

modeling work for a fraction of the cost than what is found with larger-scale solutions. 

Drones can very easily collect high-resolution images which can then be processed to 

create a digital terrain model (DTM) and orthomosaic, both of which are useful inputs for 

hydrological-hydraulic models and the geological-geomorphological flood model 

presented here. A high-resolution orthomosaic has significant geological-

geomorphological information, some of which can provide evidence of flooding. For 

example, drone imagery can capture the change in water height of a stream through the 

change in bank color shown in an orthomosaic [3]. 

By using drone imagery collected at Dzaleka Refugee Camp in Dowa, Malawi, this paper 

presents a geological-geomorphological flood model based on erosion marks in the 

imagery. Some erosion marks provide information about historical flood events, if an 

erosion mark is water caused, then the mark is showing a location where water has run 

along the surface many times over a long period, and therefore provides a lot of 

information about flooding habits. We first compare the erosion marks found in the 

orthomosaic to flow direction to determine if the erosion marks are water caused. The 

flood model is then created by categorizing water caused erosion patterns (WCEP) and 

surrounding areas as high risk. 
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The proposed flood model is compared against two commonly used hydrological-

hydraulic based models, the Soil & Water Assessment Tool (SWAT) and the Hydrologic 

Engineering Center River Analysis System (HEC-RAS).  

The SWAT model is semi-distributed model that requires a digital terrain model (DTM), 

land use map, soil type information and climate data. The HEC-RAS model is fully 

distributed and requires a DTM, Manning’s N map, precipitation data, and streamflow 

outlet velocity. Both of these models rely heavily on the precipitation data. The proposed 

WCEP model is an empirical model that only required information derived from the 

drone imagery. 

By comparing the WCEP model to SWAT and HEC-RAS, we are able to determine how 

well our model predicts high risk flood areas. We are then also able to combine WCEP 

with the best hydrological-hydraulic flood model to create a hydrogeomorphological 

flood model, which in our case utilizes both the high-resolution drone imagery along with 

equations based on the hydrological process. The hydrogeomorphological approach has 

been found to be more consistent than just using the more typical hydrological-hydraulic 

method [4]. The hydrogeomorphological flood model is not only helpful for urban 

planning within a community, determining prime places for houses and agriculture, but 

also for determining flood risk regardless of the community’s development stage. Table 1 

provides a summary of the flood models used. 
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Table 1. Summary of flood models discussed in this paper. 

Flood Model 
Risk Model 

Abbreviation 
Description 

Soil & Water 
Assessment Tool (SWAT) 

SR 

Well-developed commonly used hydrological flood 
model. This paper uses surface runoff values 
output by SWAT to create the SR Flood Risk 
Model. 

Hydrologic Engineering 
Center River Analysis 
System (HEC-RAS) 

VE 

Well-developed commonly used hydrological-
hydraulic flood model. This paper uses water 
velocity values output by HEC-RAS to create the VE 
Flood Risk Model. 

Water Caused Erosion 
Patterns (WCEP) 

WCEP 

Geological-geomorphological flood model, 
developed by the author to capitalize on high-
resolution drone imagery. Based on erosion 
patterns found in the drone imagery that are 
water caused. 

Hydrogeomorphological  -- 

Combination of the WCEP model and one of the 
other models (SR or VE) to take advantage of all 
available data. The hydrological-hydraulic model 
that performs better (SR or VE) is the one used.  

2 Review of Literature 

2.1 Types of Flood Modeling 
Flood modeling enables people to understand and predict flood conditions which can 

reduce the negative impact floods have on communities. “In the last 20 years, more than 

2.3 billion people were affected by floods,” making flood modeling even more crucial 

[5]. Over the years many flood models have been developed, and each one fills a different 

need. Three main categories can be used to define flood models: the structure, spatial 

resolution, and time scale [6]. 
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2.2 Structure 
A model’s structure relates to how the output data is calculated, which can range from a 

black-box approach where the calculations rely on any relationship between known input 

and output data to a white-box approach where the calculations rely on the hydrological 

process. There are three main structures for flood modeling: empirical (black-box), 

conceptual (grey-box), and physically-based (white-box). Many flood models may take 

some attributes from multiple structures, but will still be categorized as the dominant 

structure used. 

The simplest structure is an empirical model which uses a black-box approach to relate 

measured rainfall-runoff data [6]. The relation found can then be used to predict runoff 

values for any rainfall.  Because of the black-box approach, empirical models are very 

reliant on the input observation data and the model does not account for hydrological 

processes [7]. The empirical structure is great for when both the input data and required 

output data are limited [8]. It is important to note that because empirical models don’t 

account for the hydrological process, some measured data is required. Examples of 

models that use the empirical structure include regression equations, artificial neural 

networks, fuzzy logic, and HAZUS [8].  

Conceptual models are in-between empirical and physically-based models in terms of 

complexity. Conceptual models take into account the hydrological process by using the 

water balance equations to convert the input (rainfall) to the output (runoff, 

evapotranspiration, and groundwater) [8]. Similar to empirical models, conceptual models 
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don’t typically account for spatial variability and have a strong reliance on input data [9]. 

Examples of flood models that use the conceptual structure include the TOPMODEL, 

HBV, and HSPF [9]. 

The most computationally intense structure is physically-based which relates physics to 

the hydrological process by using the conservation of mass, momentum, and energy 

equations [8], [9]. Because model parameters are related to the physical characteristics of 

the study area, this structure is typically more realistic but this comes with the trade-off of 

greater data requirement [8]. Unlike the other two structures, a physically-based model 

requires data as a grid for the study area rather than a single averaged point. Examples of 

flood models that use a physically-based structure include SWAT, MIKE SHE, and HEC-

RAS [9].  

2.2.1 Spatial Resolution 

The spatial resolution of a model defines the scale of the output data. Models can be 

lumped (Figure 1.a), semi-distributed (Figure 1.b), or fully-distributed (Figure 1.c). 

 

Figure 1. Three possible spatial resolutions for a flood model; (a) lumped, (b) semi-

distributed, and (c) fully-distributed. Figure from [8]. 
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The simplest resolution is lumped, where the study area is considered as one data point. 

Because of this simplification lumped models require low computation times and are 

good at producing study area averages, but the model does not account for spatial 

variability [8]. Lumped resolution is always used for empirical structures and sometimes 

used for conceptual structures. Figure 1.a is an example of lumped resolution where the 

model will only calculate output data for the single black dot.  

Semi-distributed models have a resolution in-between lumped models and fully-

distributed models. A model with semi-distributed resolution will break down the study 

area into sub-basins or group land with similar properties (i.e. land use, soil type, slope) 

together to provide output data for smaller units within the study area while still being 

computationally efficient. Semi-distributed resolution is sometimes used for conceptual 

or physically-based structures. Figure 1.b is an example of semi-distributed resolution, 

where the study area is split into sub-basins and the model will output a value (black dot) 

for each sub-basin. 

The final type of spatial resolution used in flood modeling is fully-distributed. A fully-

distributed model requires the most input data and is the most computationally intense, 

but provides the highest resolution of output data. A fully-distributed model breaks the 

study area into a grid and calculates hydrological variables for each cell taking into 

account the interactions with surrounding cells [8]. Fully-distributed models always use a 

physically distributed structure [8]. Figure 1.c provides an example of a fully-distributed 

model, where input values (i.e. land use, slope, soil, climate) would be required for each 

cell, and output values would be calculated for each cell. 
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2.2.2 Time Scale 

The last category used to define flood models is the time scale. There are two types of 

time scales: event-based and continuous. Event-based models study a single 

precipitation-runoff event like a storm, while continuous models study a long period [6]. 

Event-based models provide more details about the short-term, and require sub-daily 

inputs (i.e. climate), while continuous models require years of data but on a larger scale 

(daily or weekly) [10].  

2.3 Commonly Used Flood Models 
There are many commonly used hydrology tools, Table 2 lists out seven different 

commonly used flood models. Please note that this is in no way an extensive list. To find 

out more about which hydrological models work best for certain situations please see [6], 

[9], [11], [12]. Below three models are discussed in more detail. 

Table 2. Seven commonly used hydrology tools. 

Model Structure Resolution Time Scale 
Open 

Source? 
Source 

Fuzzy Logic Empirical Lumped 
Continuous or 

Even-Based 
Yes [13] 

HAZUS Empirical -- Event Yes [14] 

HEC-RAS 
Physically 

Based 

Fully- 

Distributed 
Continuous Yes [15] 

HSPF Conceptual 
Semi-

Distributed 
Continuous Yes [8] 

MIKE-SHE 
Physically 

Based 

Fully-

Distributed 

Continuous and 

Event-Based 
No [16] 

SWAT 
Physically 

Based 

Semi-

Distributed 
Continuous Yes [17] 

TOPMODEL Conceptual 
Semi-

Distributed 
Continuous --- [18] 
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2.3.1 Hydrological Simulating Program-FORTRAN 

Hydrological Simulating Program-FORTRAN (HSPF) is an open-source, semi-

distributed, continuous model that has been used in many studies [19]–[21], just to name 

a few. Ackerman et al. [19] studied the use of HSPF in two arid watersheds, Malibu and 

Ballona Creek, located in southern California. The Malibu watershed contains only about 

4% of impervious surfaces while Ballona Creek is about 90% developed [19]. Ackerman 

et al. [19] input meteorological data, land use, terrain information, and streamflow 

measurements, along with nine years of rainfall and measured flow data. The first five 

years of the measured flow data were used for calibration and the following four years for 

validation. Ackerman et al. [19] found that HSPF can be used in arid climates especially 

when using a monthly or annual time scale, but the model does not accurately predict on 

a daily time scale during very dry conditions. 

2.3.2 MIKE SHE 

MIKE SHE is a commonly used hydrology model that is fully-distributed, physically-

based, and can simulate both event-based or continuous time frames [16]. MIKE SHE has 

been used in many studies including [22]–[24]. Im et al. [22] quantitatively evaluated 

how the increase in urban development and decrease in natural vegetation impacts the 

hydrology of the Gyeongancheon watersheds in Korea. The MIKE SHE model requires 

rainfall data, evapotranspiration data, land use map, soil type, terrain data, and flow and 

water level information. Im et al. [22] use MIKE 11 to simulate flow and water level 

information, all other data was readily available for the study area. Im et al. [22] had four 
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years of observed streamflow data at the outlet of the watershed, the first 2 years were 

used for calibration and the second 2 were used for validation. MIKE SHE was able to 

accurately simulate total runoff values but MIKE SHE underestimated peak flow during 

some rain events. The authors concluded their MIKE SHE model accurately depicted the 

watershed and therefore found that runoff and overland flow increased due to the 

reduction in natural vegetation and increase in urban development. To learn more about 

MIKE SHE please see the MIKE SHE User Manual [16]. 

2.3.3 Soil & Water Assessment Tool  

Created in the early ‘90s, the Soil & Water Assessment Tool (SWAT) is an open-source, 

physically based, semi-distributed, continuous watershed model used in many published 

journal articles, [25]–[27] just to name a few. In [25], the authors explore how changes in 

land use affect hydrology in the River Njoro watershed in Kenya. SWAT requires climate 

data, a land use map, terrain data, and the soil types as inputs. Baker et al. [25] created 

three land use maps over a 17-year period and ran a SWAT simulation for each one and 

found that land-use changes occurring in their study area (i.e. deforestation, increase in 

cropland) increased surface runoff and decreased groundwater recharge. 

2.4 Flood Model Data Collection via Drone 
Drones are unmanned vehicles that fly, and with a sensor or product (i.e. camera, 

medicine, fertilizer, etc.) aboard the use cases for drones becomes limitless. There are 

two main types of drones: fixed-wing (Figure 2.a), and vertical takeoff and landing 

(VTOL) (Figure 2.b). Fixed-wing drones require more space to launch and recover, and 
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also cannot hover in space, but they are more efficient allowing for longer flights with the 

ability to cover further distances. VTOL drones take off and land vertically so they 

require very little space for launch and recovery and they also can hover in space, but 

they are relatively inefficient and therefore cannot stay in the air as long. Typical drone 

endurance ranges from 10 minutes to 2 hours. This range accounts for drones of all 

different types and sizes along with having different payloads aboard. Table 3 lists out six 

different drones and their specifications. 

(a) (b) 

Figure 2. Example of the two main types of drones: (a) fixed-wing [28], and (b) VTOL 

[29]. 

Table 3. Comparison of six different drones. 

Name Drone Type 
Weight 

(kg) 

Max Flight 

Time 

(minutes) 

Source 

eBee X Fixed-Wing 1.6 90 [30] 

EcoSoar Fixed-Wing 1.5 30 [31] 

Mavic Air 2 VTOL- Quadcopter .57 34 [32] 

s500 VTOL- Quadcopter 1.25 20 [33] 

Volantex 757-7 

Ranger 
Fixed-Wing 1 30 [28] 

Wingcopter 178 
VTOL- Can also fly as a 

fixed-wing 
12 120 [34] 
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2.4.1 Drone Derived Products Used in Flood Modeling 

Drones are becoming more popular to aid in flood modeling; one common use of drones 

for flood modeling is to create high-resolution digital terrain models (DTM). DTMs are 

required for many flood models, and are readily available for anywhere in the world 

through satellite imagery. But the resolution of a satellite-derived DTM is 30m, compared 

to a drone-derived DTM which can easily be less than 10cm. Backes et al. [5] used a DJI 

Phantom4 Professional drone to map an area in Dudelange, Luxembourg, the drone 

images were stitched together to make a 2cm resolution DTM. A flood model created 

using the drone imagery DTM was compared to a flood model created using a 1m 

resolution LiDAR DTM. Backes et al. [5] found that the microtopography picked up in 

the drone imagery DTM but not in the LiDAR DTM had a large positive effect on the 

accuracy of the flood model output. Rinaldi et al. [35] also found DTMs created from 

drone imagery to be very helpful for flood modeling. 

Another common way for drones to aid in flood modeling is by creating real-time flood 

inundation maps. Loftis et al. [3] worked to enhance the flood preparedness of the 

Hampton Roads region in Virginia by using drone surveyed flood extents. An 

orthomosaic was created using captured drone imagery, and then edge detection was used 

on the orthomosaic to find the flooding extent at the time of flight. The edge detection 

would look for a change in color from dark (wet area) to light (dry area) pixels. Loftis et 

al. [3] found the flooding extent created from drone imagery to be comparable with 

ground-truthed and measured data. Baldazo et al. [36] has also found real-time flood 

inundation maps to be a great asset for flood modeling. 
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2.4.1.1 Drone Regulations and Flight Considerations 

When planning a drone flight, it is crucial to understand the flight regulations for the 

area. Because drones are such a new technology, drone regulations don’t exist in every 

country and in countries they do exist in, the regulations vary drastically. For example, in 

the United States to fly a drone under 55lb, a person only needs to pass a multiple-choice 

exam, but in Malawi you must pass a multiple-choice exam along with a practical flight 

test. 

Areas of most interest for flood modeling are many times densely populated, causing it to 

be very difficult to avoid flying over people. This makes the flight even more hazardous 

and requires more pre-flight planning. Two important factors that should be considered 

when planning to fly over people, assuming the regulations allow it, are the size of the 

flight crew and the weight of the drone. When dealing with the public, it is important to 

have a large flight crew, this way the crew can support crowd control to ensure the flight 

is completed safely and reduce pilot distractions. This will only do so much though, 

assuming the drone malfunctions and falls out of the sky onto a person, the weight of the 

drone will reduce the injury and likelihood of death and therefore reduce the hazard.  

3 Methodology 
This section discusses the process used to create the Hydrogeomorphological Flood 

Model and Building Risk Map. An overview of the process is laid out in Figure 3, where 

purple represents collected input data, grey is intermediate processes (including the flood 

models (in blue)), green is collected evaluation data, and yellow are results.  
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Figure 3. An overview of the process used to complete this work. Purple boxes are data 

sources, grey boxes are intermediate steps including flood models (blue), the green box is 

validation data and the yellow boxes are results. 

Three different flood models have been created and compared, using free internationally 

available data along with drone imagery. Two of the flood models are commonly used, 

open-source, hydrological-hydraulic based models. The third model, Water Caused 

Erosion Patterns (WCEP), is a proposed methodology created by the author to capitalize 

on high-resolution drone imagery and overcompensate for the lack of other data. All three 

flood models are compared using the building collapse ground truthing data, which has 

locations of collapsed buildings from water-related events and therefore shows high-risk 

flood areas. The best hydrological-hydraulic flood model (SWAT or HEC-RAS) was 

combined with the WCEP model to create the Hydrogeomorphological Flood Model. The 

Hydrogeomorphological Flood Model supports the community with urban planning by 

showing the level of flood risk throughout Dzaleka Refugee Camp. Although the 

Hydrogeomorphological Flood Model is incredibly useful, it does not consider current 

building conditions. 
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To include the condition of current buildings in the flood model, a correlation needed to 

be drawn between structural integrity of a building and the building’s roof type. This is 

because roof type can be classified in the drone imagery. Ground-truthing was completed 

to evaluate building risk, and to find correlations between building risk and roof type. 

The found correlations were used to create the Weighted Roof Type map which provided 

each building with a risk of collapse. Finally, the Weighted Roof Type map and 

Hydrogeomorphological Flood Model were combined to create the Building Risk Map, 

which evaluates the risk of collapse from water-related events of current structures. 

3.1 Data Collection 
This research focuses on data-scarce communities, so our method is based on low-cost 

drone imagery to create high resolution datasets. Along with drone imagery we also rely 

on easily collected ground-truthing, rather than historical measurements. 

3.1.1 Ground Truthing 

Drone imagery provides a lot of useful information, but is not enough to draw 

conclusions alone. Ground-truthing was paired with drone imagery to create our flood 

models. For this study, we have used two different ground-truthed data sets. The first was 

locations of houses that have collapsed from water-related events, which was a 

replacement for validation data. Validation data is used to evaluate how well a flood 

model represents the study area, this was exactly the use of the collapsed house data set. 

Collapsed house data points are high flood risk and so each flood model was evaluated on 

how well it reflected this. The app KoBoCollect [40] was used for surveyors to record the 
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location of a collapsed house and the cause of the collapse. KoBoCollect automatically 

records horizontal accuracy, which is used when evaluating the models.  

The second ground-truthed data source was building condition. The relationship between 

building condition and roof type was used to predict building conditions using drone 

imagery. The risk of building collapse was given one of three qualitative ratings: little to 

no risk of failure, risk of failure, and large risk of failure. Although these are qualitative 

ratings, all buildings were evaluated by one person so the comparison between buildings 

should be consistent. 

3.1.2 Drone Imagery 

Drones are becoming more and more accessible as their prices drop, and a cheap camera 

can take very high-resolution images when compared to satellite imagery (the alternative 

data source). Drone imagery can then be processed in a photogrammetry tool, stitching 

all of the images together to create a digital terrain model (DTM) and orthomosaic. 

Selecting the correct camera and planning an optimized mission have a large effect on the 

quality of the photogrammetry output. 

Two important camera factors to consider are the camera resolution and the type of 

shutter. Camera resolution has a large effect on how much detail an image will show, the 

higher the resolution, the more detailed the image. There are two main types of camera 

shutters: rolling and global. Global shutters are very expensive, so for this work we focus 

on the use of a rolling shutter. Rolling shutters reduce the quality of the image, but some 
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photogrammetry software, including Pix4Dmapper (the software used in this study), have 

a rolling shutter correction [37]. 

Depending on the speed of the drone, the camera may move a significant distance 

between the start and finish of image capture, this is because a rolling shutter will capture 

each image one line of pixels at a time [38]. To correct this, Pix4Dmapper approximates 

the location of each row of pixels using linear interpolation between the camera location 

at the start of capture and the camera location at the end of capture for an image. Figure 4 

shows how processing works without (Figure 4.a) and with (Figure 4.b) the rolling 

shutter correction [38]. 

 
(a) 

 
(b) 

Figure 4. (a) Pix4Dmapper method of processing without the rolling shutter correction 

(better to use for global shutters). (b) Pix4Dmapper rolling shutter correction, processing 

each row of pixels at a location specified by linear interpolation. Figure created by [38]. 

Vautherin et al. [39] compared three rolling shutter cameras to one global shutter camera 

each aboard a drone. Each rolling shutter data set was processed with and without the 

rolling shutter correction in Pix4Dmapper and compared to the global shutter data set. Six 

ground control points (GCPs) were used to georeferenced the reconstruction while 

another six GCPs were used for verification. Vautherin et al. [39] found that the rolling 
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shutter correction greatly improved the results from rolling shutter data sets, especially as 

the drones increased in speed. When using the rolling shutter correction, the RMS error 

was reduced by an average of 66% when flying at 8 m/s for all three camera/drone 

setups. 

Mission planning software (i.e. Pix4Dcapture, QGroundControl, and DroneDeploy) 

allows for the user to set multiple parameters, which can support optimizing flight time 

and image results. Some of the more important parameters are listed and described 

below. 

• Flight Altitude: A higher flight altitude, allows for an area to be mapped faster, 

but the images will be lower resolution. 

• Flight Speed: As a drone’s velocity increases, the speed of the mission increases, 

but if a drone flies too fast then the images will be blurry. 

• Image Overlap: For accurately stitching images together, photogrammetry 

software requires image overlap. A higher imager overlap means more images are 

captured which can reduce the flight speed but improve photogrammetry output. 

Once Pix4Dmapper created the DTM and orthomosaic, they were then be used as inputs 

for the flood models. A DTM provides elevation information, and many maps were 

derived from the DTM (i.e. slope and flow direction). The orthomosaic is a 2D RGB map 

and was used to create a land-use map, roof type map, and to extract geological-

geomorphological information. 
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3.2 Flood Models 
Three different flood models were used and evaluated in this study: the Soil & Water 

Assessment Tool (SWAT), the Hydrologic Engineering Center River System Analysis 

(HEC-RAS) and, Water Caused Erosion Patterns (WCEP). The three models were then 

compared and evaluated against the building collapse ground-truthing data. Finally, the 

best hydrological-hydraulic model (SWAT or HEC-RAS) was combined with the WCEP 

model to create the hydrogeomorphological flood model, which we believe will be more 

representative of flood risk. The hydrogeomorphological model capitalizes on all data 

available by using both the hydrological process and any hints of flooding found in the 

drone imagery. When working in a data-scarce area, capitalizing on all available data 

becomes even more important. Lastra et al. [4] found that hydrological-hydraulic 

methods tend to underestimate flood frequency, but when combined with 

geomorphological information the tendency for the model to underestimate reduces. 

3.2.1 Soil & Water Assessment Tool (SWAT) 

3.2.1.1 SWAT Overview 

As discussed in Section 2.3, there are many flood modeling tools available, the Soil & 

Water Assessment Tool (SWAT) was one of the models selected for this study. In [41]–

[44], the authors compared SWAT to other commonly used hydrology models and found 

SWAT to be the best open-source continuous model for a data-scarce area (similar to the 

area this study focuses on). 
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SWAT is a river basin or watershed scale model that was created to predict the effect that 

land management practices have on water, sediment, and agricultural chemical yields of 

an ungauged basin over a long time [45], [46]. Although originally developed by the 

United States Department of Agriculture, SWAT has created accurate models for 

watersheds all over the world [47]. A SWAT model is based on the water balance 

equation (Equation 1) [45]. 

𝑆𝑊𝑡 = 𝑆𝑊0 + ∑(𝑅𝑑𝑎𝑦 − 𝑄𝑠𝑢𝑟𝑓 − 𝐸𝑎 − 𝑤𝑠𝑒𝑒𝑝 − 𝑄𝑔𝑤)

𝑡

𝑖=1

 Equation 1 

“Where 𝑆𝑊𝑡 is the final soil water content (mm H2O), 𝑆𝑊0 is the initial soil water 

content on day 𝑖 (mm H2O), 𝑡 is the time (days), 𝑅𝑑𝑎𝑦 is the amount of precipitation on 

day 𝑖 (mm H2O), 𝑄𝑠𝑢𝑟𝑓 is the amount of surface runoff on day 𝑖 (mm H2O), 𝐸𝑎 is the 

amount of evapotranspiration on day 𝑖 (mm H2O), 𝑤𝑠𝑒𝑒𝑝 is the amount of water entering 

the vadose zone from the soil profile on day 𝑖 (mm H2O), and 𝑄𝑔𝑤 is the amount of return 

flow on day 𝑖 (mm H2O).”[45] 

When modeling in SWAT, researchers use Nash-Sutcliffe Efficiency (NSE) (Equation 2) 

and Percent Bias (PBIAS) (Equation 3) statistical methods to evaluate the accuracy of the 

SWAT model output compared to observed values. NSE determines how well simulated 

and observed data will fit a 1:1 line by comparing the error variance of the model to the 

variance of the measured data. NSE ranges from -∞ to 1, where 1 is a perfect model [48], 

[49]. A satisfactory simulation should have an NSE > 0.5 [50]. PBIAS evaluates if the 

model tends to over or underestimate. A better model will have a low magnitude of 

PBIAS values (the optimal value is 0), while positive values indicate the model 
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underestimating and negative values indicate the model overestimating [51]. The PBIAS 

value wanted to consider a model satisfactory depends on the variable of interest (i.e. -

25% < PBIAS < 25% for streamflow and -55% < PBIAS < 55% for sediment) [50]. 

𝑁𝑆𝐸 = 1 −
∑ (𝑂𝑖 − 𝑃𝑖)2𝑛

𝑖=1

∑ (𝑂𝑖 − 𝑂̅)2 𝑛
𝑖=1

 Equation 2 

𝑃𝐵𝐼𝐴𝑆 = [
∑ (𝑂𝑖 − 𝑃𝑖)𝑛

𝑖=1

∑ 𝑂𝑖
𝑛
𝑖=1

∗ 100] Equation 3 

In data-scarce areas, it can be impossible to calibrate SWAT and use NSE and PBIAS to 

evaluate SWAT. In [47], [52], [53], the authors compared calibrated and uncalibrated 

SWAT models to measured streamflow data using NSE and PBIAS and found that in 

many situations SWAT can be run without calibration. 

Uzeika et al. [47] used an un-calibrated SWAT model to simulate runoff of a 1.19km2 

watershed (smaller than most watershed modeled using SWAT) located in southern 

Brazil. By comparing simulated values with hydro-sedimentological data, [47] found that 

SWAT inadequately modeled surface runoff daily (NSE averaging below -0.2), but the 

monthly simulation was satisfactory (NSE averaging above 0.45).  

Niraula et al. [52] explored the importance of calibrating SWAT in the Santa Cruz River 

Watershed for forecasting absolute and relative changes in streamflow by comparing the 

outputs of three SWAT models each with varying degrees of calibration. The three 

degrees of calibration were: 

• uncalibrated: default values used 
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• outlet-calibrated: model calibrated based on only the watershed outlet stream 

gauge (most commonly used) 

• spatially-calibrated: model calibrated based on 14 gauges throughout the study 

area, including the watershed output 

Using NSE and PBIAS, the observed flow was compared to the simulated flow on a 

monthly time scale. Although the uncalibrated model performed the worst, calibration 

didn’t affect the relative change in streamflow due to precipitation or temperature. 

Niraula et al. [52] found that if the relative change is the factor of importance, results 

from an uncalibrated model are sufficient. In our study we are interested in comparing 

surface runoff at different points in the study area, relative to the average surface runoff 

throughout the study area, so relative change is the factor of importance. 

Srinivasan et al. [53] evaluated the importance of SWAT calibration for the Upper 

Mississippi River Basin by comparing the calibrated model to the uncalibrated model, 

they found that the uncalibrated SWAT model produces similar results to calibrated 

models completed by three previous studies. Srinivasan et al. [53] determined that SWAT 

was able to meaningfully predict hydrologic budget and crop yield without calibration. 

Being able to use SWAT without calibration is not only important for ungauged 

watersheds, many times measured data has a lot of uncertainty [53].  

3.2.1.2 SWAT Input Data 

SWAT requires four input data sets: DTM, land use map, soil type, and daily climate 

data. The DTM and land use map were both derived from the drone imagery as discussed 



23 

 

in section 3.1.1. The soil and climate data were both taken from, publicly available data 

sources, that cover the entire world.  

The Harmonized World Soil Database (HWSD) is the only readily available soil database 

that covers the entire world by combing regional and national updates of soil information 

[54]. The soil data is very low resolution, with many of the data points being “filled in” 

through interpolation. Although low-resolution soil data is assumed to not be ideal, Geza 

et al. [55] compared SWAT outputs for the same study area using low (6.25km2) and 

high (0.02km2) resolution soil maps. Geza et al. [55] found that for their study area when 

SWAT was not calibrated, the simulation predicted more accurate streamflow values 

when using the low-resolution soil map compared to the high-resolution soil map. 

Although this study is only for one location, it supports the idea that a high-resolution soil 

map is not as necessary for uncalibrated SWAT simulations. 

The climate data used for this study was taken from the National Centers for 

Environment Prediction Climate Forecast System Reanalysis (CFSR), which provides 

daily measurements of precipitation, temperature, wind, relative humidity, and solar 

radiation from 1979 – 2013 [56] for the entire world with a horizontal resolution of 

38km. Fuka et al. [56] compared the SWAT output when using CFSR data to the SWAT 

output when using data from the closest weather station for five different watersheds. 

Fuka et al. [56] found that the SWAT model using CFSR generally had equal to or more 

accurate streamflow predictions. 
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3.2.1.3 SWAT Analysis 

The main variable of interest for our study was surface runoff. “Surface runoff, or 

overland flow, is flow that occurs along a sloping surface,”[45] this water neither 

infiltrates the soil nor evaporates. SWAT provides surface runoff in mm of water which 

is the height of water running along the surface. SWAT has two methods for estimating 

surface runoff: the SCS Curve Number and the Green & Ampt Infiltration. The Green & 

Ampt Infiltration method was not an option for this study because it requires sub-daily 

precipitation data, which was unavailable for the study area.  

The SCS Curve Number method is an empirical model created after over 20 years of 

studies exploring rainfall-runoff relationships from small rural watersheds across the US 

and computed using Equation 4.a [45]. 

𝑄𝑠𝑢𝑟𝑓 =
(𝑅𝑑𝑎𝑦 − 0.2𝑆)

2

(𝑅𝑑𝑎𝑦 + 0.8𝑆)
 Equation 4.a 

  

𝑆 = 25.4 (
1000

𝐶𝑁
− 10) Equation 4.b 

Where 𝑄𝑠𝑢𝑟𝑓 is the accumulated surface runoff (mm H2O), 𝑅𝑑𝑎𝑦 is the daily rainfall depth 

(mm H2O), and 𝐶𝑁 is the daily curve number which is a function of soil properties and 

land use. To determine 𝐶𝑁, each soil type is placed into one of four categories based on 

the soil’s infiltration characteristics. The U.S. Department of Agriculture provides tables 

to determine 𝐶𝑁 [57].  

Once surface runoff was estimated using the SCS Curve Number method, the 10% 

exceedance probability values were mapped. The map was then normalized from 0 – 1 to 

create a flood risk map, where 0 is low risk and 1 is high risk.  
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3.2.2 Hydrologic Engineering Center River Analysis System 
(HEC-RAS) 

3.2.2.1 (HEC-RAS) Overview 

SWAT is an incredibly powerful tool, but it does not provide 2D hydrodynamic 

information like surface runoff velocity, so the Hydrologic Engineering Center River 

Analysis System (HEC-RAS) was also used. HEC-RAS can model 2-D unsteady flow 

hydraulics using the Shallow Water (SW) equations, which are a simplified version of the 

Navier-Stokes equations. SW assumes incompressible flow, uniform density, and 

hydrostatic pressure. HEC-RAS uses the mass conservation and momentum conservation 

equations. To learn more about how these equations are used in HEC-RAS see Chapter 2 

of the HEC-RAS Hydraulic Reference Manual [15]. 

Two of the more important parameters set by the user are the mesh cell size and 

computational time step [58]. The mesh cell size is selected based on the complexity of 

the terrain and water flow, while the computational time step is selected based on the 

mesh size and maximum velocity. Choosing too small of a mesh cell size and 

computational time step leads to inefficient simulations, with very high computation 

times, while making the parameters too large creates a high volumetric accounting error 

(want error to be < 1%). The computational time step needs to be able to represent the 

change in boundary conditions (e.g. precipitation and flow hydrograph). The 

computational time step (∆𝑇) should be less than or equal to the mesh cell size (∆𝑥) 

divided by the approximated (or guessed) maximum velocity (𝑉) (Equation 5) [58].  
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∆𝑇 ≤
∆𝑥

𝑉
 Equation 5 

HEC-RAS 2D unsteady flow modeling outputs information that is incredibly useful for 

flood management, early warning systems, and land use development systems and many 

researchers have used HEC-RAS for just this, e.g. [59]–[61]. Output information from 

HEC-RAS (e.g. flood hazard map) can support the relocation of people, relocation of 

high-value crops, and creation of an emergency response plan [62]. The information can 

also be incredibly helpful for governments, non-profits, or NGOs to receive funding for 

natural disaster support. 

3.2.2.2 HEC-RAS Input Data 

To run HEC-RAS, boundary conditions including streamflow and precipitation into or 

out of the study area must be provided. Streamflow measurements are many times not 

available in data-scarce regions and would take years to collect. For this reason, we first 

analyzed the study area in SWAT and used SWAT’s predicted outlet flow values as input 

boundary conditions for HEC-RAS. Many authors (e.g. [62], [63], [64]) have coupled 

SWAT and HEC-RAS to use an integrated approach to complete a hydrological-

hydraulic flood model. Our coupling method was similar to the method used by Rivera et 

al. [62], who assessed the river flow patterns in the Aguan River Basin in Honduras to 

predict flood hazard areas. SWAT was used to predict discharge flow values at the river 

outlet, which was then used as a boundary condition for HEC-RAS. We used the same 

input precipitation data as used for SWAT. 
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HEC-RAS also requires 2 maps: DTM and manning’s roughness coefficient. The same 

DTM map used in the SWAT model was used in HEC-RAS. Manning’s roughness 

coefficient represents surface frictions [65] and was derived from a land-use map [66]. 

Manning’s values were determined by using the conversion table provided in [66]. 

3.2.2.3 HEC-RAS Analysis 

The variable of interest from HEC-RAS is surface velocity. Due to the computation time 

required to run HEC-RAS, only one month was simulated and a 20m mesh cell size was 

used. The month chosen was the one with the greatest rainfall accumulation. To ensure 

that Equation 5 was true the timestep used was one second, to make the program more 

efficient, the timestep could be increased in the future. The flood model was created by 

normalizing the max velocity map from 0 – 1, where 0 is low risk and 1 is high risk.  

3.2.3 Water Caused Erosion Patterns (WCEP) Model 

The final model used was the Water Caused Erosion Patterns (WCEP) Model which is 

the method proposed by the author to make up for the lack of data in data-scarce areas by 

taking advantage of high-resolution drone imagery and the geological-geomorphological 

information it can provide. 

3.2.3.1 Introduction to Geological-Geomorphological Flood Modeling 

Drone imagery has the potential to improve a hydrological flood model by providing 

geomorphological information. Geological-geomorphological flood modeling uses 

features on the earth’s surface to support the determination of flood-prone areas. For 

example, [2] studied the historical flood events in Caldera de Taburiente National Park by 
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using dendro-geomorphological data. Garrote et al. [2] collected samples of damaged 

trees to determine the approximate height and date of a past flood event, which was then 

combined with a hydrological model to create a more reliable flood hazard map. Garrote 

et al. [2] also found that “permanent high-water flood level markers on buildings can be 

used as additional data sources.” 

Lioi et al. [67] compared the hydrologic-hydraulic method (typical flood model method) 

and the geological-geomorphological method to study Lama Lamasinata in southern 

Italy. The hydrologic-hydraulic method was completed using Flo-2D, while the 

geological-geomorphological method used two types of geomorphological descriptors. 

The two types of geomorphological descriptors were synthetic descriptors and composite 

descriptors. Synthetic descriptors are values like distance from the nearest stream and 

local slope, while composite descriptors are values like the modified topographic index 

(emphasizes areas exposed to flood inundation [68]) and the downslope index (estimates 

hydraulic gradient [69]). The geomorphological descriptors needed to be calibrated to 

determine their accuracy so the descriptors were normalized and then compared to a 

binary flooded reference map. Lioi et al. [67] found that the geomorphological method 

provided an equivalent output to the hydrologic-hydraulic method and sees the 

geomorphological method as a great tool for creating flood risk maps. Not only is the 

geological-geomorphological method many times faster it has also been found to be 

especially useful in data-scarce areas [4], [67].  
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3.2.3.2 WCEP Analysis 

High-resolution drone imagery shows many geomorphological descriptors. We have 

focused on erosion marks more commonly found in bare earth areas. The process used to 

create the WCEP model from drone imagery is shown in Figure 5. Erosion marks are first 

found, and then compared to the flow direction to determine if they are water caused. 

Finally, the WCEPs are given a weight depending on how far they are from the original 

erosion mark. All of this is discussed more thoroughly below. 

 

Figure 5. Process used to create the Water Cause Erosion Patterns (WCEP) model from 

the drone imagery. 
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An example of what erosion marks look like in drone imagery is shown in Figure 6.a, 

where the image on the right is zoomed in to emphasize the erosion marks which are the 

dark lines. Erosion marks have the potential to provide information about where there is a 

lot of water flow and therefore higher flood risk. To streamline the process, Picterra [70] 

a machine learning program, was trained to find these erosion patterns. Machine learning 

is commonly used to find features like oil spills, concrete cracks and water [71]–[73]. 

Figure 6.b is an example of a Picterra found erosion mark. The erosion patterns must be 

water caused to have any meaning for flood modeling, so erosion patterns were compared 

to flow direction (derived from the DTM). Each found erosion pattern was converted into 

a line (purple in Figure 7.a), and the flow direction of the erosion pattern (θ in Figure 7.a) 

was calculated using a compass reference. The flow direction of the erosion pattern was 

compared to a flow direction raster created using the D8 method on the DTM. The D8 

method compares the elevation of a pixel to the elevation of all eight of its neighbors and 

then determines the direction water will flow. Each of the eight possible directions are 

given a number 1, 2, 4, 8, 16, 32, 64, and 128 (see Figure 7.b). If the erosion pattern was 

in the same direction as the flow then the line was considered a water-caused erosion 

pattern (WCEP). Table 4 provides the range of angles that correspond to each flow 

direction. 
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(a) 

 

(b) 

Figure 6. Erosion patterns show up in drone imagery and then can be found using an AI 

program. (a) An example of a drone captured image at Dzaleka Refugee Camp along 

with an emphasis on the erosion patterns (dark lines) that Picterra (AI program) was 

trained to find. (b) An example of a Picterra found erosion pattern after training. 

 
 

 
(a) 

 
(b) 

Figure 7. (a) To compute the angle of each found erosion pattern, each polygon was 

converted into a line (purple) and then theta (θ) was calculated; (b) Based on the 

calculated theta, the flow direction is determined using the D8 flow direction method and 

the information in Table 4. 

Table 4. Range of angles that correspond to each flow direction. 

Flow Direction Range of Degrees 

1, 16 -45 → 45 

2, 32 -90 → 0 

4, 64 -90 → -45, 45 → 90 

8, 128 0 → 90 
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Two buffers were also placed around each erosion pattern. This was to account for the 

fact that erosion patterns cannot occur where the earth is not bare (i.e. buildings). The 

first buffer was smaller and all WCEPs were given a weight of 1 within this buffer. The 

second buffer was double the diameter as the first and each WCEP was given a weight of 

0.5. This is to account for the fact that as the distance from a WCEP increases, the risk of 

flooding decreases. The actual size of the buffer depends on the study area and how wide 

clusters of buildings (or other not bare earth) are. The final WCEP flood model contains 

values of 0, 0.5, and 1, where 0 is low risk and 1 is high risk. 

3.2.4 Evaluation of Flood Models 

Each of the three flood models were evaluated based on their correlation with houses that 

collapsed from different water-related events. A buffer was placed around each collapsed 

house data point to account for horizontal uncertainty. The average pixel value of a 

model within a buffer, z, was then used to calculate the misclassification rate which was 

the basis of model evaluation. The misclassification rate, 𝑀𝑅𝑀,ℎ, is calculated in 

Equation 6 where ℎ is the reason for the collapse, and 𝑌𝑀 is the average value of model 

𝑀. 𝑌𝑀 is used to calculate the misclassification rate to account for the different pixel 

value distributions of each model.  

𝑀𝑅𝑀,ℎ =
# 𝑜𝑓 𝑀𝑧,ℎ < 𝑌𝑀 

# 𝑜𝑓 𝑀𝑧,ℎ
∗ 100 

Equation 6 
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3.3 Hydrogeomorphological Flood Model 
The hydrological-hydraulic based model with the lowest misclassification rate was then 

combined with the WCEP model to make the Hydrogeomorphological Flood Model 

(HG), which should be a better representation of the study area than any single flood 

model. Equation 7 was used to combine the two best models, where 𝑐 is a value between 

0 and 1, 𝑀1𝑧 is the average Model 1 (either SWAT or HEC-RAS) value within the 5m 

buffer at collapsed house data point z, and 𝑊𝐶𝐸𝑃𝑧 is the average WCEP model value 

within the 5m buffer at collapsed house data point z. The goal was to select a c-value that 

first minimized the train misclassification rate, then minimized the test misclassification 

rate, and finally maximized the train mean. A c-value was selected for each type of 

water-related house collapse by using cross-validation. 

Cross-validation splits data into two sets: training and testing to evaluate how well a 

system performs, this is done multiple times to optimize the model with little data. There 

are many methods of cross-validation, if a data-set had 10 data points or less the leave-

one-out method was used, all other data sets used the Monte-Carlo method. The leave-

one-out cross-validation method uses all but one data point in the train set [74]. This 

method runs the same number of times as there are data points, with each data point 

being the single test value. The Monte-Carlo 80/20 method randomly splits the data using 

80% for training and the other 20% for testing, we did this 10 times. If the results were 

𝐻𝐺𝑧 = 𝑐 ∗ 𝑀1𝑧 + (1 − 𝑐) ∗ 𝑊𝐶𝐸𝑃𝑧 Equation 7 
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inconclusive, another five runs were completed. The Monte-Carlo method is non-

exhaustive meaning that one data point could never be in the train or test set [74]. 

3.4 Roof Type and Building Risk 
The hydrogeomorphological flood analysis provides an overview of flood risk throughout 

the study area, but it does not consider the current conditions of buildings. The Building 

Risk Map was created by multiplying the Weighted Roof Type map and the 

Hydrogeomorphological Flood Model. The Weighted Roof Type Map was created by 

first, using Picterra to classify roof types and then by combining roof type with the 

associated risk of building collapse (discussed in Sections 3.1.1). The Weighted Roof 

Type Map contains a weight for each roof found in the orthomosaic, the weight ranges 

from 0 – 1 and relates to the risk of collapse (0 = low risk, 1 = high risk). The Building 

Risk Map supports current residents in understanding the risk of their house collapsing 

from water related events, this way residents can plan ahead and reduce the likelihood of 

their house collapsing.  

4 Results 

4.1 Application of Methodology at Dzaleka Refugee 
Camp 

4.1.1 Dzaleka Refugee Camp- Initial Data Collection and Flood 
Models 

Located in Dowa, Malawi, Dzaleka Refugee Camp is home to 41,000 refugees from the 

Democratic Republic of Congo, Rwanda, Burundi, Ethiopia, and Somalia [75]. When 
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they arrive, many refugees build a house out of concrete and home-made bricks created 

from dug-up clay. With little urban planning and poor building materials, refugees’ 

homes encounter flood damage, and many homes collapse. Water events can cause 

buildings at Dzaleka to collapse in three different ways: foundation undermining (Figure 

8.a), hydraulic pressure damage (Figure 8.b), and roof collapse due to water load (Figure 

8.c). Foundation undermining occurs from water running along the dirt around the base 

of a structure, over time the dirt will wear away reducing the integrity of the structure’s 

foundation. Hydraulic pressure damage occurs when water running along the surface 

applies pressure to the walls of a building causing the walls to collapse. Roof collapse 

due to water load occurs when the weight of rainfall is larger than the weight the roof can 

support. All three causes of building collapse can force Refugees to build their houses 

over and over again. In some cases, a collapsed house will even be abandoned by the 

owners, taking up precious space in an over-populated camp that was originally built for 

10,000 people [75]. To combat the issues of flooding, drone imagery was used to create a 

flood model of Dzaleka Refugee Camp.  

 
(a) 

 
(b) 

 
(c) 

Figure 8. Buildings at Dzaleka Refugee Camp can collapse from water-related events in 

three different ways: (a) foundation undermining, (b) hydraulic pressure damage, and (c) 

roof collapse from water load. 
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4.1.1.1 Drone Imagery Collection and Processing 

On March 19th, 2020, the African Drone & Data Academy completed a mapping mission 

over Dzaleka Refugee Camp (4.6 km2) using a Parrot Disco drone with a Parrot Sequoia 

camera onboard (Figure 9). Appendix A provides documentation for approval of this 

flight. This study only used imagery from the RGB lens of the Sequoia. The RGB lens is 

a rolling shutter and has a resolution of 16MP, 4,608px x 3,456px. The mission was 

flown 120m above ground level with 70% image overlap. The mission took one day to 

complete and 2,603 RGB images were captured.  

 

Figure 9. An African Drone and Data Academy student launching the Parrot Disco for 

the Dzaleka Refugee Camp mapping mission on March 19th, 2020. 

After data collection, the images were stitched together in Pix4Dmapper using the rolling 

shutter correction and the Ag RGB processing template with minor modifications to the 

settings. Figure 11 shows an example of a drone image (left) along with the point cloud 

and image locations (right) created by Pix4Dmapper. See Appendix B for specific 

pix4Dmapper input settings. Pix4Dmapper built a digital terrain model (DTM) (Figure 

11.a) and an RGB orthomosaic (Figure 11.b), both of which have a resolution of 3.5cm. 
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For much of the analysis, the DTM and RGB orthomosaic were resampled to 20cm 

resolution to reduce the processing power and time required. 

  

Figure 10. The process of creating a DTM and Orthomosaic in Pix4Dmapper. Starting 

with drone imagery (left) and then stitching the images together (right). 

 
(a) 

 
(b) 

Figure 11. Initial maps of Dzaleka Refugee Camp created by Pix4D stitching flight 

images together; (a) Digital Terrain Model (DTM), and (b) Orthomosaic. 

A land use map (Figure 12) was created using ArcGIS Classification Wizard tool on the 

20cm resolution RGB orthomosaic. The notable settings used are listed below: 

2,603 Images Pix4D Mapper 
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• Classification Method: Unsupervised 

• Classification Type: Object Based 

• Classification Schema: NLCD2011 

• Maximum Number of Classes: 20 

The created land-use map contained 20 different classes, the layer was then reclassified 

by combining similar classes. The final land use map is shown in Figure 12 and only 

contains the four classes seen at Dzaleka Refugee Camp: urban, bare, shrubland, and row 

crops. The 20cm resolution DTM, and 20cm resolution land use map were then used as 

inputs for the Soil and Water Assessment Tool (SWAT). 

 

Figure 12. Land use map created by using ArcGIS Object Classification on the 

orthomosaic (Figure 11.b). The study area contains four different land classifications: 

urban (tan), bare (brown), shrubland (black), and row crops (green). 
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4.1.1.2 Soil & Water Assessment Tool (SWAT) Flood Model 

As mentioned earlier, SWAT requires four data inputs: DTM, land use map, soil type and 

climate data. In HWSD Malawi’s soil data is from the Soil and Terrain (SOTER) 

database which was initiated by the Food and Agricultural Organization of the UN in 

1986 [76]. The resolution was 1km and many points were “filled in,” meaning we don’t 

know a lot about the soil type. SOTER classified the entire study area to have the same 

soil type with a dominant soil group of Lixisol. Lixisol soil is estimated to cover 14% of 

Africa and has a higher clay content in the subsoil than in the top soil, it is also prone to 

erosion and contains low levels of plant nutrients [77]. Climate data provided by CFSR 

was for a point 15.9km northwest from the center of camp located at -13.582 S, 33.750 E. 

The first four years were skipped for SWAT to “warm-up.” 

SWAT created 34 subbasins and 135 hydrological response units (HRU) for the study 

area, Figure 13.a shows the stream network (white lines), subbasins (black outlines), and 

HRUs (colors). An HRU (depicted in Figure 13.b, [78]) is a unique combination of 

subbasin, slope, land use, and soil type. Because the entire study area only has one soil 

type, for our case an HRU is a unique combination of subbasin, slope, and land use. 

SWAT is a semi-distributed model, so the highest resolution for output data is HRU-

based. 
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(a) 

 
(b) 

Figure 13. (a) Initial SWAT output for Dzaleka Refugee Camp. SWAT created 24 

subbasins (black outline) based on the stream network (white lines), and 135 HRUs 

(colors). (b) Description of a hydrological response unit (HRU), created by [78]. 

From 1983 – 2013 the month with the greatest rain accumulation was January 2013, 

totaling 714mm of rain. The total generated surface runoff by HRU in January 2013 is 

shown in Figure 14.a. The surface runoff varies drastically throughout Dzaleka, ranging 

from 265.3mm to 479.5mm. Because of this large range, it is clear that some areas flood 

less than others and are therefore better equipped for homes. Instead of studying the 

worst event in recent history, the 10% surface runoff exceedance probability was 

analyzed, and again the study area experiences a large range of surface runoff. Figure 

14.b is the 10% surface runoff exceedance probability for Dzaleka, the surface runoff 

ranges from 54.6mm to 181.2mm. Comparing surface runoff in January 2013 (Figure 

14.a) to the 10% exceedance probability (Figure 14.b), it is clear that the amount of 

surface runoff in any particular HRU relative to the entire study area does not change. A 
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flood risk map based on surface runoff (SR) was created by normalizing the 10% 

exceedance surface runoff probability map (Figure 14.b) from 0 to 1, where 1 is high 

flood risk and 0 is low flood risk. The SR model is shown in Figure 14.c.  

 
(a) 

 
(b) 

 
(c) 

Figure 14. (a) Millimeters of water surface runoff accumulated in January 2013; (b) 

Millimeters of water surface runoff for a 10% exceedance event; (c) SR model which is 

the normalized version of Figure 14.b where 1 is high flood risk and 0 is low flood risk. 

4.1.1.3 HEC-RAS Flood Model 

HEC-RAS requires three data sets: DTM, manning’s n and boundary conditions. The 

same DTM used in SWAT, was also used for HEC-RAS. Manning’s n values were 

derived from the land use map used in SWAT, through the table provided by [66]. The 

manning’s n values for the land use classifications found in our study area are 

summarized in Table 5. 
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Table 5. Manning’s n values used for each of the four land uses found at Dzaleka 

Refugee Camp [66]. 

Land Use Manning’s N 

Urban 0.08 

Bare 0.025 

Shrubland 0.1 

Row Crop 0.035 

There are many different boundary conditions that HEC-RAS can process. For this study 

three different types of boundary conditions were used: flow hydrograph, normal depth, 

and precipitation. Both flow hydrograph and normal depth boundary conditions are at the 

perimeter of the study area. It is necessary to place boundary conditions along the entire 

perimeter of the study area, because without them HEC-RAS will see the perimeter as a 

wall where water may not leave. The flow hydrograph represents the streamflow coming 

into or out of the study area. Being a data-scarce location, Dzaleka Refugee Camp does 

not have streamflow measurements, so the SWAT simulated streamflow measurements 

were used. Every cell along the perimeter that was not assigned to a flow hydrograph was 

considered a normal depth boundary condition. The normal depth boundary condition 

uses friction slope to evaluate flow into or out of the study area. We approximated all 

normal depth boundary condition cells to have a friction slope of 0.005. The final 

boundary condition used was precipitation, the precipitation data was taken from CFSR 

(same as SWAT) and provided daily rainfall measurements.  

With all the input data sets prepared, we were able to run an unsteady flow analysis. Due 

to the computation time, our HEC-RAS simulation was only completed for one month, 

the month chosen was January 2013 because it had the greatest accumulation of rainfall. 



43 

 

The time step was one second and took about nine hours to run. After running, HEC-RAS 

approximated the volume accounting error to be 0.000779%.  

Figure 15.a shows the maximum water velocity throughout the study area during January 

2013, the velocity ranges from 0 to 4m/s. The velocity is of course greatest at the stream, 

which does not provide much information about flood risk on the surface throughout the 

camp. The greatest velocity outside of the stream network was 1.2m/s, so to create the 

HEC-RAS Velocity (VE) flood risk model Figure 15.a was normalized using 1.2 as the 

maximum value. All values above 1.2 in Figure 15.a were then reclassified to 1 for the 

VE model shown in Figure 15.b. 

 
 

(a) (b) 

Figure 15. (a) Maximum surface velocity in January 2013, the surface velocity ranged 

from 0 – 4 meters per second. (b) VE flood risk model using HEC-RAS velocity.  
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4.1.1.4 Water Caused Erosion Patterns (WCEP) Flood Model 

The 3.5cm resolution orthomosaic created by Pix4Dmapper was used in Picterra to find 

erosion marks (Figure 6). Houses are commonly found in clusters that can have a width 

up to about 40 meters, so buffers of 10 and 20 meters (a diameter of 20 and 40 meters 

respectively) were selected. Areas considered water caused in the 10 meter buffer were 

given a weight of 1, while areas considered water caused in the 20 meter buffer were 

given a weight of 0.5. This was done for the entire study area, which is shown in Figure 

16.a. Figure 16.b shows a small portion of the study area to provide more detail about 

what the WCEP model looks like. 

  
(a) (b) 

Figure 16. Water Caused Erosion Patterns (WCEP) model created by comparing Picterra 

found erosion marks with flow direction; (a) whole study area, (b) small section to 

provide more visual detail. Flood risk is 0 (purple), 0.5 (green) or 1 (orange). 
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4.1.2 Collapsed Houses Ground-Truthing for Evaluation of Flood 
Models 

Ground-truthing of buildings that collapsed from water related events was completed by 

three surveyors. Prior to ground truthing the surveyors met with the author to discuss the 

procedures for ground truthing, the surveyors also received a write-up with details on the 

work which can be found in Appendix C. 

Data was collected for 85% of the water-related collapsed houses in the study area, 

totaling 79 data points. Cause of collapse was determined through visual inspection or 

asking locals. Visual inspection for foundation undermining focused on finding eroded 

areas where the collapsed building stood, while visual inspection for hydraulic pressure 

damage focused on finding water marks on the walls. An example of each type of 

collapsed is shown in Figure 17. 

 
Foundation Undermining 

 
Hydraulic Pressure Damage 

 
Roof Collapse 

Figure 17. Photo of each type of collapse found at Dzaleka Refugee Camp. 

 Table 6 summarizes how many data points were collected for each type of collapse. 

Figure 18 shows the distribution of the data collected, note that there is an area in the 

mid-west of Figure 18 that has no data points because half of it is a COVID-19 isolation 

area and the other half is public buildings. This data was collected for private houses 

only.  
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Table 6. Summary of collapsed house data points. The team collected a total of 79 

data points. 

Reason for Collapse Number of Data Points 

Foundation Undermining Figure 8.a 6 

Hydraulic Pressure Damage Figure 8.b 28 

Roof Collapse Figure 8.c 44 

Other 1 

Total 79 

 

 

Figure 18. Distribution of 79 collected data points, where blue is foundation undermining 

(FU), red is hydraulic pressure damage (HP), purple is roof collapse (RC), and black is 

other.  

The data point that was given “other” for reason of collapse has been neglected in all 

proceeding work because the reasoning for collapse was not water related, it was due to 

poor building materials. The data points categorized as “roof collapse” were also not used 

for evaluation of the flood models. This is because roof collapse is a function of 

precipitation only and precipitation is constant throughout the whole study area. The roof 

collapse data points may be useful for future research. 
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Most data points had a horizontal uncertainty of about 4 meters, and the maximum 

horizontal uncertainty was 4.9 meters so a 5-meter buffer was placed around each data 

point. Table 7 is a summary of the calculated values for each type of collapse (foundation 

undermining (FU), and hydraulic pressure damage (HP)) and flood model combination. It 

is clear from Table 7 that the WCEP model performs the best for representing locations at 

risk of collapse. The SR and VE models have fairly similar misclassification rates, but the 

SR model does better than the VE model for both types of collapse. A 

hydrogeomorphological flood model was created by combining the WCEP model with 

the best hydrological-hydraulic model (SR). 

Table 7. Summary of how each model, 𝒎, performed for each type of collapse. 𝑭𝑼 is 

foundation undermining, and 𝑯𝑷 is hydraulic pressure damage. 

𝑚 SR VE WCEP 

𝑌𝑚 0.389 0.188 0.251 

𝑀𝑅𝑚,𝐹𝑈 50% 66.67% 16.67% 

𝑀𝑅𝑚,𝐻𝑃 53.57% 57.14% 7.14% 

4.1.2.1 Hydrogeomorphological Flood Model 

Only six collapsed houses were caused by foundation undermining, so the leave-one-out 

cross validation method was run six times. Details of each run can be found in Appendix 

D. The optimal c value from every run was 0.339. Equation 8 is the optimal flood model 

to show locations at risk of foundation undermining and was used to create the 

Foundation Undermining Hydrogeomorphological Flood Model shown in Figure 19.a. 

0.339 ∗ 𝑆𝑅𝑧 + 0.661 ∗ 𝑊𝐶𝐸𝑃𝑧 Equation 8 

 



48 

 

 
(a) 

 
(b) 

Figure 19. Flood risk for two different types of house collapse (1 = high risk, 0 = low 

risk) (a) Foundation Undermining Hydrogeomorphological Flood Model; (b) Hydraulic 

Pressure Damage Hydrogeomorphological Flood Model. 

 

Hydraulic pressure damage had 28 data points, so the Monte Carlo cross validation 

method was used. Runs 1 – 10 were inconclusive, so 15 runs were completed in total. 

Table 8 lists the optimal c value calculated for each run. The optimal c value was 0.071 

for the Hydraulic Pressure Damage Hydrogeomorphological Flood Model. Figure 19.b is 

the Hydraulic Pressure Damage Hydrogeomorphological Flood Model created using 

Equation 9. Appendix D has more data for each run. 
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Table 8. Optimal c value for each run. After the first 10 runs the optimal c value 

was inconclusive, so an addition five runs were completed. 

Run Optimal c value 

1 0.071 

2 0.074 

3 0.071 

4 0.071 

5 0.39 

6 0.071 

7 0.074 

8 0.071 

9 0.02 

10 0.074 

11 0.071 

12 0.071 

13 0.071 

14 0.071 

15 0.071 

 

0.071 ∗ 𝑆𝑅𝑧 + 0.929 ∗ 𝑊𝐶𝐸𝑃𝑧 Equation 9 

Because the c-value for both the foundation undermining dataset and the hydraulic 

pressure damage dataset is less than 0.5, it is clear that the WCEP model is more 

representative for both types of collapse compared to the SR model. Figure 20 is a box 

plot for the average pixel value at a collapsed house location for each of the four models: 

SWAT Surface Runoff (SR), HEC-RAS Velocity (VE), Water Cause Erosion Patterns 

(WCEP), and Hydrogeomorphological (HG). For both types of collapse (Figure 20.a and 

Figure 20.b) the WCEP and HG models have a much smaller distribution compared to 

the SR and VE models.  
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(a) 

 
(b) 

Figure 20. Box plot of each model (SWAT Surface Runoff (SR), HEC-RAS Velocity 

(VE), Water Caused Erosion Patterns (WCEP), and Hydrogeomorphological (HG)) for 

two types of building collapses (foundation undermining and hydraulic pressure damage). 

The HG model is incredibly useful for future urban planning. As new residents select 

plots to build, they can use the HG models to determine what type of collapse they are at 

most risk for, and focus their resources in recusing that risk. The HG model can also be 

used to determine great spots for agriculture (high flood locations), rather than houses, 

which could then also reduce flooding in surrounding areas. 

The predictive capability of the HG model shown in this work is a great start to 

integrating drone imagery into flood modeling for a data-scarce location, but it should be 

improved in the future. More ground truthing needs to be done, with surveyors who have 

more training. If possible, the study area should also be monitored by locals and 

compared to the results in this paper, for further validation. 

4.1.3 Relating Roof Type to Flood Risk 

The drone imagery showed two types of roofs: tin and thatched. Figure 21 provides an 

example of each of these. Picterra was used to classify every building as tin or thatched in 

the orthomosaic, this is shown in Figure 22. Minimal ground truthing was done where the 
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condition of 15 buildings were evaluated, Table 9 shares the findings. More ground-

truthing needs to be completed, but from Table 9 it is clear that thatched roofs have a 

significantly higher risk of failure than tin roofs. We will approximate the risk of failure 

for thatched roofs to be about five times greater than tin roofs. To account for the 

difference in risk of collapse, tin roofs were given a weight of 0.2 and thatched roofs 

were given a weight of 1. This weight was then multiplied by each of the 

hydrogeomorphological flood models (Figure 19.a and Figure 19.b) to create two 

Building Risk Maps. Figure 23.a is the Foundation Undermining Building Risk Map, and 

Figure 23.b is the Hydraulic Pressure Damage Building Risk Map where 0 is low risk of 

collapse and 1 is high risk of collapse.    

 

Figure 21. Examples of two types of roofing at Dzaleka Refugee Camp 
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Figure 22. Picterra found buildings classified as tin (blue) or thatched (red).\ 

 

Table 9. Ground truthing of 15 buildings, comparing roof type to risk of building 

collapse. 

Risk of Collapse Thatched Roof Tin Roof 

Large Risk of Failure 6 0 

Risk of Failure 2 1 

Little to No Risk of Failure 2 4 

Total 10 5 
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(a) (b) 

Figure 23. Building risk map for: (a) foundation undermining and (b) hydraulic pressure 

damage. (1 = high risk of collapse, 0 = low risk of collapse) 

5 Discussion and Future Work 
This work supports the idea that extracting flood features from drone imagery provides a 

cheap and meaningful alternative to hydrological-hydraulic flood models, especially for 

data-scarce communities. The Hydrogeomorphological Flood Models are able to support 

Dzaleka Refugee Camp with future urban planning. Not only do the 

Hydrogeomorphological Flood Models determine which locations are better equipped for 

houses, but they also provide information on precautions to take in high risk areas. For 

example, if you want to build in a location where the Foundation Undermining 

Hydrogeomorphological Flood Model shows high risk but the Hydraulic Pressure 

Hydrogeomorphological Flood Model shows low risk, the house should be built with a 

concrete floor, but does not necessarily need concrete reinforcing the walls. The 
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hydrogeomorphological models are useful for future planning, but not very helpful for 

current residents. The Building Risk Map can be used to evaluate the risk of current 

buildings. Providing a warning to residents that their house is at a high risk of collapse, 

supports them in planning ahead. 

In future work, more robust ground truthing should be collected for testing and 

validation. Due to COVID-19 and the fast-paced nature of this work, surveyors were 

given little training prior to ground truthing. For the building risk analysis ground 

truthing, the metrics should be made as quantitative as possible to reduce bias. This 

would also allow for more than one person to ground-truth, enabling more ground-

truthing to be done. For the building collapse ground-truthing, surveyors should be shown 

multiple examples of each type of collapse, pointing out specific features to search for 

when determining the cause of collapse. 

Not only does the ground-truthing need to become more robust, but more data is need. 

Six locations for houses that collapsed from foundation undermining is not enough. 

Similarly, only 15 buildings were analyzed to correlate building condition and roof type. 

The soil type data and precipitation data should also be evaluated more. If higher 

resolution soil and precipitation data could be collected that would help evaluate their 

effect on the hydrological-hydraulic flood models. The data used was very low in 

resolution. 

HEC-RAS should also be explored more, there are many settings and parameters that can 

be set to improve the model. Due to time, these parameters were not fully optimized. If 
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HEC-RAS is found to be a useful model, the set-up should be simplified so it is 

accessible to untrained users. This would allow for an open-source, user-

friendly/accessible 2D flow simulation. 

Finally, this study should be expanded to other communities. Comparing the results of a 

geomorphological model derived from drone imagery to a hydrological-hydraulic model 

for an area that is not data-scarce would help draw more conclusions on the accuracy of 

the geomorphological model.  
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Appendix A: Dzaleka Refugee Camp Flight 
Approval 
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Appendix B: Pix4D Settings 
 

Processing Options: 1. Initial Processing 
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Processing Options: 2. Point Cloud and Mesh 
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Processing Options: 3. DSM, Orthomosaic and Index 
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Processing Options: Resources and Notifications 
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Image Properties Editor 
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Camera Model 
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Image Coordinate System 

 

Output Coordinate System 
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Appendix C: Collapsed Houses Ground-
Truthing, Surveyors Information 

Goal: Determine cause of building collapse for buildings all over Dzaleka Refugee 

Camp. 

This research will be used by Brianna Friedman who is a master’s student in the 

Mechanical Engineering Department at Virginia Tech, USA. Brianna is completing a 

flood analysis of Dzaleka Refugee Camp. She is working to support future urban 

planning at the camp so less houses collapse from flooding. If you have any questions or 

concerns please don’t hesitate to email her at fbrianna@vt.edu or whatsapp her at +1-

443-630-5956. She is happy to share the final report of this study with the public, if you 

would like a copy of the report please contact her. 

This study is only interested in buildings that have collapsed from water related events 

(excessive rainfall/flooding). There are three main reasons that buildings at Dzaleka 

Refugee Camp collapse from water events: 

1. Hydraulic Pressure Damage: Water running along the surface applies to much 

force on the walls of a building causing the walls to break or fall. 

Ground 

Water 

mailto:fbrianna@vt.edu
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2. Foundation Undermining: Water runs along the ground so much that the ground 

under a building begins to erode. 

                                                                  

 

3. Roof Collapse: Rain fall applies to much force to the roof causing the roof to 

collapse. 

 

Ground 

Ground 
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If a building has collapsed from a water related event but the reason is different than any 

of the ones listed above, please select “other” for reason of collapse and then type in the 

reason for collapse. Please include as much detail as possible.  

Data collection will include: 

• Location of collapsed building 

• Reason for collapse (explained above) 

• Photos (if possible) 

Location of Data Collection: The goal is to get a representative data sample for example: 

if 10 buildings collapsed in area 1 and 20 buildings collapsed in area 2, area 2 

should have about double the data points as area 1.  
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Appendix D: Cross-Validation Runs 



SR WD SR WD SR WD SR WD SR WD

0.388244 0.17027 0.732475 0.355899 0.234743 0.468171 0.611203 0.410832 0.611203 0.410832

0.566772 0.318639 0.234743 0.468171 0.036386 0.415218 0.234743 0.468171 0.566772 0.318639

0.036386 0.415218 0.036386 0.415218 0.611203 0.410832 0.566772 0.318639 0.388244 0.17027

0.234743 0.468171 0.388244 0.17027 0.732475 0.355899 0.388244 0.17027 0.036386 0.415218

0.732475 0.355899 0.611203 0.410832 0.566772 0.318639 0.732475 0.355899 0.732475 0.355899

0.611203 0.410832 0.566772 0.318639 0.388244 0.17027 0.036386 0.415218 0.234743 0.468171

c 0.339 0.339 0.339 0.339 0.339

Train: Count of Misclass 2 2 1 1 2

Train: Miclass Rate 0.4 0.4 0.2 0.2 0.4

Train: Mean 0.361262 0.376462 0.408181 0.399655 0.379206

Test: Count of Misclass 0 0 1 1 0

Test: Miclass Rate 0 0 1 1 0

Test: Mean 0.478758 0.402756 0.244163 0.286794 0.398039
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c 0.339

Train: Count of Misclass 2
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Train: Mean 0.360302
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Test: Mean 0.483558
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SR WD SR WD SR WD SR WD SR WD

0.035452 0.402628 0.113301 0.355736 0.065324 0.345395 0.525248 0.487621 0.113301 0.355736

0.113301 0.355736 0.035722 0.26507 0.113301 0.355736 0.056681 0.513733 0.197712 0.511794

0.035722 0.26507 0.41379 0 0.919594 0.348649 0.552322 0.377322 0.933236 0.278508

0.989627 0.377271 0.989627 0.377271 0.454332 0.407579 0.137136 0.413253 0.28452 0.490333

0.137298 0.41976 0.552322 0.377322 0.525248 0.487621 0.05329 0.351236 0.41379 0

0.552322 0.377322 0.208577 0.599381 0.531233 0.522227 0.061322 0.388267 0.036544 0.356977

0.501258 0.319729 0.137298 0.41976 0.035452 0.402628 0.531233 0.522227 0.776816 0.474498

0.531233 0.522227 0.776816 0.474498 0.28452 0.490333 0.41379 0 0.065324 0.345395

0.036544 0.356977 0.454332 0.407579 0.137136 0.413253 0.776816 0.474498 0.552322 0.377322

0.065589 0.541973 0.531233 0.522227 0.497546 0.367607 0.129893 0.409741 0.454332 0.407579

0.538636 0.553882 0.065589 0.541973 0.93702 0.098066 0.065589 0.541973 0.208577 0.599381

0.197712 0.511794 0.538636 0.553882 0.538636 0.553882 0.036544 0.356977 0.497546 0.367607

0.208577 0.599381 0.919594 0.348649 0.41379 0 0.497546 0.367607 0.93702 0.098066

0.137136 0.413253 0.933236 0.278508 0.035722 0.26507 0.93702 0.098066 0.919594 0.348649

0.129893 0.409741 0.137136 0.413253 0.056681 0.513733 0.137298 0.41976 0.531233 0.522227

0.93702 0.098066 0.061322 0.388267 0.552322 0.377322 0.538636 0.553882 0.989627 0.377271

0.056681 0.513733 0.501258 0.319729 0.129893 0.409741 0.989627 0.377271 0.035722 0.26507

0.41379 0 0.065324 0.345395 0.137298 0.41976 0.113301 0.355736 0.137298 0.41976

0.933236 0.278508 0.056681 0.513733 0.989627 0.377271 0.919594 0.348649 0.035452 0.402628

0.065324 0.345395 0.036544 0.356977 0.208577 0.599381 0.035452 0.402628 0.061322 0.388267

0.454332 0.407579 0.93702 0.098066 0.776816 0.474498 0.454332 0.407579 0.525248 0.487621

0.919594 0.348649 0.497546 0.367607 0.065589 0.541973 0.28452 0.490333 0.538636 0.553882

0.28452 0.490333 0.28452 0.490333 0.036544 0.356977 0.933236 0.278508 0.05329 0.351236

0.525248 0.487621 0.035452 0.402628 0.197712 0.511794 0.208577 0.599381 0.501258 0.319729

0.061322 0.388267 0.129893 0.409741 0.061322 0.388267 0.197712 0.511794 0.065589 0.541973

0.776816 0.474498 0.197712 0.511794 0.933236 0.278508 0.035722 0.26507 0.056681 0.513733

0.497546 0.367607 0.05329 0.351236 0.05329 0.351236 0.501258 0.319729 0.137136 0.413253

0.05329 0.351236 0.525248 0.487621 0.501258 0.319729 0.065324 0.345395 0.129893 0.409741

c 0.071 0.074 0.071 0.071 0.39

Train: Count of Misclass 9 10 7 8 8

Train: Miclass Rate 0.409091 0.454545 0.318182 0.363636 0.363636

Train: Mean 0.381284 0.38055 0.397533 0.392235 0.397593

Test: Count of Misclass 3 2 5 4 5
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Test: Miclass Rate 0.5 0.333333 0.833333 0.666667 0.833333

Test: Mean 0.422324 0.424623 0.362745 0.382173 0.320566



SR WD SR WD SR WD SR WD SR WD

0.41379 0 0.531233 0.522227 0.531233 0.522227 0.035722 0.26507 0.525248 0.487621

0.933236 0.278508 0.036544 0.356977 0.525248 0.487621 0.05329 0.351236 0.065324 0.345395

0.035452 0.402628 0.919594 0.348649 0.208577 0.599381 0.035452 0.402628 0.989627 0.377271

0.208577 0.599381 0.525248 0.487621 0.035452 0.402628 0.501258 0.319729 0.538636 0.553882

0.035722 0.26507 0.497546 0.367607 0.41379 0 0.056681 0.513733 0.061322 0.388267

0.552322 0.377322 0.05329 0.351236 0.538636 0.553882 0.061322 0.388267 0.28452 0.490333

0.989627 0.377271 0.137298 0.41976 0.137298 0.41976 0.129893 0.409741 0.129893 0.409741

0.065589 0.541973 0.137136 0.413253 0.933236 0.278508 0.525248 0.487621 0.552322 0.377322

0.776816 0.474498 0.113301 0.355736 0.776816 0.474498 0.989627 0.377271 0.501258 0.319729

0.525248 0.487621 0.93702 0.098066 0.061322 0.388267 0.538636 0.553882 0.93702 0.098066

0.501258 0.319729 0.28452 0.490333 0.035722 0.26507 0.137298 0.41976 0.137298 0.41976

0.056681 0.513733 0.035452 0.402628 0.197712 0.511794 0.036544 0.356977 0.208577 0.599381

0.919594 0.348649 0.035722 0.26507 0.28452 0.490333 0.197712 0.511794 0.531233 0.522227

0.137298 0.41976 0.552322 0.377322 0.065324 0.345395 0.776816 0.474498 0.197712 0.511794

0.538636 0.553882 0.065589 0.541973 0.05329 0.351236 0.28452 0.490333 0.497546 0.367607

0.197712 0.511794 0.776816 0.474498 0.552322 0.377322 0.454332 0.407579 0.035452 0.402628

0.454332 0.407579 0.065324 0.345395 0.919594 0.348649 0.137136 0.413253 0.933236 0.278508

0.036544 0.356977 0.41379 0 0.129893 0.409741 0.208577 0.599381 0.056681 0.513733

0.065324 0.345395 0.933236 0.278508 0.501258 0.319729 0.531233 0.522227 0.776816 0.474498

0.05329 0.351236 0.061322 0.388267 0.137136 0.413253 0.113301 0.355736 0.41379 0

0.129893 0.409741 0.989627 0.377271 0.065589 0.541973 0.065589 0.541973 0.065589 0.541973

0.531233 0.522227 0.197712 0.511794 0.056681 0.513733 0.065324 0.345395 0.454332 0.407579

0.93702 0.098066 0.129893 0.409741 0.454332 0.407579 0.41379 0 0.137136 0.413253

0.113301 0.355736 0.056681 0.513733 0.497546 0.367607 0.93702 0.098066 0.05329 0.351236

0.497546 0.367607 0.538636 0.553882 0.113301 0.355736 0.552322 0.377322 0.036544 0.356977

0.137136 0.413253 0.208577 0.599381 0.989627 0.377271 0.497546 0.367607 0.919594 0.348649

0.061322 0.388267 0.454332 0.407579 0.93702 0.098066 0.919594 0.348649 0.113301 0.355736

0.28452 0.490333 0.501258 0.319729 0.036544 0.356977 0.933236 0.278508 0.035722 0.26507

c 0.071 0.074 0.071 0.02 0.074

Train: Count of Misclass 8 11 8 7 8

Train: Miclass Rate 0.363636 0.5 0.363636 0.318182 0.363636

Train: Mean 0.400672 0.371976 0.403788 0.428938 0.403989

Test: Count of Misclass 4 1 4 6 4
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Test: Miclass Rate 0.666667 0.166667 0.666667 1 0.666667

Test: Mean 0.351235 0.45606 0.33981 0.254303 0.338678



SR WD SR WD SR WD SR WD SR WD

0.933236 0.278508 0.525248 0.487621 0.933236 0.278508 0.552322 0.377322 0.93702 0.098066

0.41379 0 0.129893 0.409741 0.454332 0.407579 0.28452 0.490333 0.41379 0

0.137298 0.41976 0.035722 0.26507 0.197712 0.511794 0.989627 0.377271 0.919594 0.348649

0.113301 0.355736 0.065324 0.345395 0.525248 0.487621 0.501258 0.319729 0.208577 0.599381

0.525248 0.487621 0.035452 0.402628 0.137298 0.41976 0.197712 0.511794 0.531233 0.522227

0.056681 0.513733 0.056681 0.513733 0.056681 0.513733 0.531233 0.522227 0.552322 0.377322

0.065589 0.541973 0.501258 0.319729 0.137136 0.413253 0.113301 0.355736 0.497546 0.367607

0.05329 0.351236 0.552322 0.377322 0.113301 0.355736 0.129893 0.409741 0.137298 0.41976

0.035722 0.26507 0.137136 0.413253 0.036544 0.356977 0.525248 0.487621 0.065589 0.541973

0.035452 0.402628 0.919594 0.348649 0.208577 0.599381 0.065324 0.345395 0.113301 0.355736

0.061322 0.388267 0.197712 0.511794 0.05329 0.351236 0.035452 0.402628 0.197712 0.511794

0.454332 0.407579 0.208577 0.599381 0.531233 0.522227 0.93702 0.098066 0.538636 0.553882

0.989627 0.377271 0.989627 0.377271 0.93702 0.098066 0.065589 0.541973 0.061322 0.388267

0.552322 0.377322 0.41379 0 0.065324 0.345395 0.538636 0.553882 0.035452 0.402628

0.129893 0.409741 0.061322 0.388267 0.989627 0.377271 0.035722 0.26507 0.454332 0.407579

0.065324 0.345395 0.933236 0.278508 0.538636 0.553882 0.41379 0 0.056681 0.513733

0.036544 0.356977 0.454332 0.407579 0.552322 0.377322 0.056681 0.513733 0.05329 0.351236

0.208577 0.599381 0.137298 0.41976 0.129893 0.409741 0.137298 0.41976 0.28452 0.490333

0.531233 0.522227 0.497546 0.367607 0.776816 0.474498 0.061322 0.388267 0.035722 0.26507

0.137136 0.413253 0.28452 0.490333 0.919594 0.348649 0.933236 0.278508 0.501258 0.319729

0.919594 0.348649 0.05329 0.351236 0.035452 0.402628 0.036544 0.356977 0.989627 0.377271

0.197712 0.511794 0.113301 0.355736 0.501258 0.319729 0.919594 0.348649 0.036544 0.356977

0.501258 0.319729 0.036544 0.356977 0.497546 0.367607 0.497546 0.367607 0.525248 0.487621

0.776816 0.474498 0.776816 0.474498 0.41379 0 0.137136 0.413253 0.933236 0.278508

0.28452 0.490333 0.531233 0.522227 0.065589 0.541973 0.454332 0.407579 0.129893 0.409741

0.538636 0.553882 0.93702 0.098066 0.035722 0.26507 0.208577 0.599381 0.776816 0.474498

0.497546 0.367607 0.065589 0.541973 0.061322 0.388267 0.776816 0.474498 0.137136 0.413253

0.93702 0.098066 0.538636 0.553882 0.28452 0.490333 0.05329 0.351236 0.065324 0.345395

c 0.071 0.071 0.071 0.071 0.071

Train: Count of Misclass 9 10 8 10 10

Train: Miclass Rate 0.409091 0.454545 0.363636 0.454545 0.454545

Train: Mean 0.387756 0.379571 0.405376 0.379234 0.386451

Test: Count of Misclass 3 2 4 2 2
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Test: Miclass Rate 0.5 0.333333 0.666667 0.333333 0.333333

Test: Mean 0.398594 0.428606 0.333987 0.429843 0.40338
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