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Abstract 

 

 

Disaster damage assessments are a critical component to response and recovery 

operations. In recent years, the field of remote sensing has seen innovations in automated 

damage assessments and UAS collection capabilities. However, little work has been done 

to explore the intersection of automated methods and UAS photogrammetry to detect 

tornado damage. UAS imagery, combined with Structure from Motion (SfM) output, can 

directly be used to train models to detect tornado damage. In this research, we develop a 

CNN that can classify tornado damage in forests using SfM-derived orthophotos and 

digital surface models. The findings indicate that a CNN approach provides a higher 

accuracy than random forest classification, and that DSM-based derivatives add 

predictive value over the use of the orthophoto mosaic alone. This method has the 

potential to fill a gap in tornado damage assessment, as tornadoes that occur in wooded 

areas are typically difficult to survey on the ground and in the field; an improved record 

of tornado damage in these areas will improve our understanding of tornado climatology. 
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General Audience Abstract 

 

 

Disaster damage assessments are a critical component to response and recovery 

operations. In recent years, the field of remote sensing has seen innovations in automated 

damage assessments and Unmanned Aerial System (UAS) collection capabilities. 

However, little work has been done to explore the intersection of automated methods and 

UAS imagery to detect tornado damage. UAS imagery, combined with 3D models, can 

directly be used to train machine learning models to automatically detect tornado 

damage. In this research, we develop a machine learning model that can classify tornado 

damage in forests using UAS imagery and 3D derivatives. The findings indicate that the 

machine learning model approach provides a higher accuracy than traditional techniques. 

In addition, the 3D derivatives add value over the use of only the UAS imagery. This 

method has the potential to fill a gap in tornado damage assessment, as tornadoes that 

occur in wooded areas are typically difficult to survey on the ground and in the field; an 

improved record of tornado damage in these areas will improve our understanding of 

tornado climatology. 
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Introduction 

 

Post-tornado response and recovery operations require comprehensive impact assessments to 

protect lives, property, and accelerate community recovery. However, post-tornado damage 

assessments in the US, conducted by the National Weather Service (NWS), still heavily rely on 

community reports and ground verification to generate the assessments (NWS, 2018). Ground 

based collection methods often lead to uneven coverage, missing data, and slow report 

turnaround time. These issues are especially prevalent in areas of forest damage where terrain 

and remoteness can restrict the ability to assess damage. However, damage in forested areas can 

contain rich information about the tornado size, flow pattern, path, and wind strength. Disaster 

impact assessments that provide an incomplete picture of the damage can have a significant 

effect on our understanding of the event and on community recovery.  

 

Unmanned aerial systems (UAS) have the capability of providing timely and detailed 

information about these rural tornadoes. This thesis examines the potential of UAV-based 

tornado damage assessment focusing on three main areas. First, a convolutional neural network 

(CNN) is assessed for its ability to automatically classify tornado damage in a forested area using 

UAS imagery and Structure-from-Motion (SfM) derived orthophotos and digital surface models 

(DSM). Second, the efficacy of that model is compared to the more conventional automated 

technique of random forest classification. Finally, the relative importance of visual (RGB 

orthophotos) versus spatial (DSM products) products for classification accuracy is assessed.  

 

Research Hypotheses 

 

Due to the advancements in deep learning classification techniques and SfM reconstructions, we 

expect that a CNN method that incorporates terrain and image derivatives will perform better 

than an RGB-only CNN. In addition, we expect that a CNN based method will classify tornado 

damage in undeveloped and forested areas more accurately than the traditional remote sensing 

technique of random forest classification.  
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Background 

 

The field of remote sensing has seen profound developments in the aerial and space domains; 

however, recently terrestrial UAS have proved to be an equally valuable data source. UAS 

research has spanned a wide variety of scientific disciplines such as ecology (Mulero-Pázmány et 

al., 2015; Ogden, 2013), geology (Gupta, 2017), forestry (Adão et al., 2017), archaeology (Lin et 

al., 2011), and civil engineering (Hallermann et al., 2015). UAS offers several benefits over 

aerial and space systems including rapid collection (Choi et al., 2009; Choi and Lee, 2012), and 

change detection (Bertin et al., 2020; Nagarajan et al., 2019; Seier et al., 2017). UAS have 

facilitated a wide range of research in geographic and allied disciplines such as DSM accuracy 

assessments (Rogers et al., 2020), urban modeling (Choi et al., 2019; Isibue and Pingel, 2020), 

soil erosion modeling (D’Oleire-Oltmanns et al., 2012), water resource management (Castro et 

al., 2020; Pingel et al., 2021), vegetation monitoring (Van Iersel et al., 2016; Waite et al., 2019), 

and traffic analysis (Salvo et al., 2014). 

 

Research on the applications of remote sensing systems for damage assessments spans across a 

multitude of disasters such as earthquakes (Cooner et al., 2016; Liu and Yamazaki, 2016), floods 

(e.g. Psomiadis et al., 2019; Rahman and Di, 2017), hail (Bell et al., 2019; Prabhakar et al., 2019; 

Zhou et al., 2016), fire (Karimi et al., 2019; Samiappan et al., 2019; Singh and Kanga, 2017), 

hurricanes (Barnes et al., 2007; Radhika et al., 2015; Thomas et al., 2013), and tornadoes 

(Kingfield and de Beurs, 2017; Wagner et al., 2019; Yuan et al., 2002). Considerable research 

has been done in the area of multi-spectral analysis particularly (e.g. Huang et al., 2018; Kemker 

et al., 2018; Mahdianpari et al., 2018), but several studies incorporate data fusion techniques of 

various sources (UAS, aerial, and space) and sensors to their analysis (e.g. Ghassemian, 2016; 

Palsson et al., 2015; Skow and Cogil, 2017). A significant portion of the damage assessment 

work relies on multi-temporal methods. Multi-temporal studies rely on pre- and post-event data 

to conduct change detection analysis (Ji et al., 2018; Shen et al., 2016; Tuia et al., 2016). A 

major limitation with multi-temporal methods is that high quality pre-event data is required to 

provide a strong enough baseline for the post-event data comparison. For example, Tian et al. 

(2015), found that the pre-event baseline data of Haiti was inadequate for conducting a multi-

temporal change-detection analysis for their study. 
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One common approach to remote sensing damage detection is the use of kernel-based processing 

on input images. Local neighborhoods are calculated for each pixel and the properties of that 

neighborhood are then assigned to that pixel. Many of these kernel functions originate from the 

field of computer vision, where kernels aid in image processing applications such as detecting 

facial expressions (Xu et al., 2015). Similar kernel-based approaches are found in 

geomorphology to quantify topography, including calculations of slope, aspect, curvature 

(Schmidt et al., 2003), openness (Yokoyama et al., 2002), roughness (De Reu et al., 2011; Riley, 

1999), and terrain classification (Jasiewicz and Stepinski, 2013; Wood, 1996) among many 

others. Cooner et al. (2016) utilized several kernel functions in their study including entropy, 

Laplacian of Gaussian (LoG), and dissimilarity as input training data for their model. Ghaffarian 

and Kerle (2019) studied texture algorithms including Gabor filters, Local Binary Pattern (LBP), 

and Histogram of the Oriented Gradients (HOG) to differentiate structural rubble from 

ephemeral debris. The authors processed UAV mosaics with the different algorithms and found 

that HOG performed the best at identifying structural debris. 

 

Damage Assessment Using SfM 

 

SfM is an area of photogrammetry (imagery measurement science) that can process 2D imagery 

collected at overlapping intervals and create 3D models. The overlapping imagery creates a 

visual parallax that can be used to determine the height and shape of features in the scene. When 

imagery is collected from an aerial system, GPS coordinates can be tagged in each image. The 

SfM software can take the geographic information and create an orthorectified (geometrically 

corrected) photo and 3D model. To produce a high-quality reconstruction; the collection must 

contain significant imagery overlap (70%+), detailed camera lens and sensor information, and 

high accuracy GPS coordinates (Haala et al., 2013; Westoby et al., 2012). 

 

A significant area of research has assessed the different methods of UAS imagery collection for 

the modeling and analysis of earthquake damage. Several articles have focused on case-studies 

and the construction of 3D meshes and point clouds from UAS-collected images without 

significant quantification of damage (Dominici et al., 2017; Peng et al., 2018). Yamazaki et al. 
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(2015) demonstrated a fusion-based approach that combined ground-captured and aerial images 

to reconstruct 3D mesh representations of buildings damaged in the Tohoku earthquake and 

tsunami (2011) using a small, commercial-grade UAS, and used a YouTube video to reconstruct 

damage of the Korgha earthquake (2015) in Nepal. Papakonstantinou et al. (2018), assessed the 

effect of nadir vs a multi-camera (nadir and oblique) setup on the quality of SfM reconstruction 

to assess damage. They found that nadir imagery collection alone can miss or underestimate 

façade damage. Xu et al. (2018) used UASs to image several earthquake sites in Italy and China, 

and used a supervised, iterative Active Learning-based approach to classify individual points in 

the SfM point cloud (rather than derivatives such as orthophotos or digital surface models) as 

debris or not-debris using spectral, textural, and geometric attributes of the points and their K-

Nearest Neighbors. 

 

UAS and SfM have been deployed at other environmental disasters such as floods, fires, and 

hurricanes to aid in damage assessments. Research on UAS-flood applications has primarily 

focused on studying best practices to deploy systems to respond, identify, and verify flooding. 

Balta et al. (2015) presented a case study on the use of UAS to assess flooding in the Balkans 

and investigate possible landmines (war remnants). Murphy et al. (2016), flew 21 missions for 

two different floods in Fort Bend County, Texas for emergency management purposes and 

damage assessments. The authors detail the timelines and processes to deliver damage 

assessment products to stakeholders and conclude that current UAS strategies and 

photogrammetry software may not satisfy ROI depending on stakeholder needs because of the 

complexity of the software and the licensing cost. Salmoral et al. (2020) conducted a review of 

different UAS collection strategies for flood events and developed a Deployment Analysis 

Matrix to aid operators in focusing and targeting UAS collection for flood events.  

 

Researchers have also deployed UAS to collect imagery for damage assessments of wildfires. 

Samiappan et al. (2019) implemented UAS to collect multi-spectral imagery for post-fire damage 

analysis. The imagery allowed the authors to calculate NDVI and compare the change in multi-

spectral reflectance to assess the extent of the damage and the vegetation recovery. Carvajal-

Ramírez et al. (2019), compared pre- and post-event fire multispectral imagery collected by a 
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UAS-SfM in a Mediterranean forest and found that NDVI difference performed the best at 

characterizing fire damage among several different fire indices.  

 

Hurricanes damage assessments have seen a similar impact of UAS. Mohammadi et al. (2019), 

classified damage with 3D point clouds (derived from UAS-SfM) collected from post-event 

Hurricane Harvey. They used CNN to semantically segment their data into different classes of 

damage, undamaged, and debris. Their model was trained on one site, Salt Lake, and tested on a 

second site, Port Aransas. The authors found that their models performed well at classifying 

neutral/terrain features and in transferability between sites; however, precision did suffer when 

classifying objects that shared similar geometry and color. Brodie et al. (2019), examined the 

ability of UAS collections to quantitatively assess Hurricane Irma coastal impact. They collected 

data at three different Florida sites and compared SfM (Photoscan Professional) point cloud to 

aerial lidar collections. The authors found that the UAS-SfM point clouds performance was 

similar to the aerial lidar collections and would be a valuable data source for quantifying post-

event impacts. 

 

Photogrammetrically derived DSMs have similarly been used in a variety of contexts for damage 

assessment including flooding (Anders et al., 2020; Bodoque et al., 2016), coastal storm damage 

(Udo et al., 2018), earthquakes (Menderes et al., 2015; Tian et al., 2015; Yamazaki et al., 2015), 

wildfires (de Roos et al., 2018; Samiappan et al., 2019), and storm damage (Honkavaara et al., 

2013). Anders et al. (2020) studied the effects of flight altitude and orientation on the accuracy of 

the resultant UAS-SfM-DSM and the ability to conduct a flood damage assessment. They found 

that different flight altitudes did not significantly change DSM vertical accuracy nor the 

horizontal accuracy of the SfM orthophoto. The different collection orientations resulted in a 

different elevation value of 10 cm to 20 cm. However, the authors conclude that they could 

successfully conduct manual damage assessments with the DSM. De Roos et al. (2018), used a 

UAS-SfM-DSM method to build a hydrological model to assess how fire damaged Sphagnum 

peatlands would recover. 

 

Several studies have implemented pre- and post-event DSM difference (dDSM) to calculate 

surface change to identify damage. Honkavaara et al. (2013) created a dDSM from aerial lidar 
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and high-altitude photogrammetry. The dDSM was then used to analyze forest damage caused by 

a Finland winter storm in 2011. The authors found they could accurately identify fallen trees via 

dDSM. Udo et al. (2018), used ERDAS IMAGINE to create a dDSM of the 2011 Sendai Coast 

Tohoku Earthquake Tsunami damage. The authors were able to visually verify and statistically 

detect tsunami damage via the dDSM using frequency distribution analysis. The authors note that 

due to noise, damage to low ground objects was harder to assess. Menderes et al. (2015), 

generated normalized DSMs (nDSM = DSM - DTM) from pre- and post-event stereo aerial 

photos. The authors used thresholds to automate damage detection. With their method, the 

authors were able to achieve an overall accuracy of 96.54% and 90.74% and a kappa of 82.50% 

and 56.93% for their two test regions. 

 

Deep Learning Approaches to Damage Classification 

 

Convolutional Neural Networks (CNNs) have recently been used in a variety of remote sensing 

classification applications, including damage assessment. CNNs are a type of deep learning 

algorithm that is designed to mimic the way an animal’s visual cortex neurons interpret images 

(visual field). The input image is passed to a convolution layer, which applies a kernel function 

to each channel of the imagery. The results of each channel kernel output are summed into a 

single channel output called a convoluted feature. The output is then passed to a pooling layer 

which focuses on extracting significant features to reduce dimensionality. The pooling layer 

applies either a max pooling (maximum pixel kernel) or an average pooling (mean pixel kernel). 

The output is then passed to the fully-connected layer which attempts to find non-linear 

combinations in the output. The output is converted into vectors that are passed to a feed -forward 

neural network (multi-layer perceptron). After several iterations (epochs), the feed-forward 

neural network identifies features and passes the output to a classifier. After this phase is 

complete, the output is a model that can be used to classify data. 

 

One significant application of CNN-based methods is in the problem of mono-temporal 

classification, in which no equivalent pre-event imagery exists to which post-event damage 

imagery can be compared. Heydari and Mountrakis (2019), performed a meta-analysis of mono-

temporal classification papers that implemented deep neural networks in their work. The authors 
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found that CNNs were the most used type of model for mono-temporal classification and that 

they generally performed better than other deep learning methods. Many of the CNN damage 

detection implementations utilize semantic segmentation to classify objects and damage into 

classes. For example, segmenting houses and classifying each house into damaged or non-

damage. 

 

Vetrivel et al. (2016) developed a method that integrates CNN feature extraction (object 

segmentation) with a Passive-Aggressive online classification to detect structural damage in 

imagery delivered on-the-fly to the system. Their method allows damage assessments to be 

computed faster and with lower memory resources. The authors found their damage assessment 

model performed better than conventional handcrafted features (gray level co-occurrence matrix 

and Gabor wavelets). As mentioned previously, Mohammadi et al. (2019) implemented a 

semantic segmentation method and CNN to categorize damage and undamaged features. Ma et 

al. (2020) does not use a segmentation method but uses block groups as a segmentation proxy. 

The authors create a CNN that can determine the degree of damage to groups of buildings 

damaged by an earthquake. The authors method does not perform segmentation because they are 

using block boundaries (GIS) to segment the imagery. This allows the model to extract damage 

information for groups of buildings. The authors found that their method was able to detect 

damage, however, authors note the model had difficulties identifying collapsed buildings and 

differentiating bare ground. Not all CNN damage assessment papers implement a segmentation 

method. Fujita et al. (2017) use a CNN to detect “washed away” tsunami damage. Their model 

was trained on pre- and post-tsunami imagery tiles. Their method achieved a total accuracy 

(percentage of correct classifications for a given sample) of 94-96%. 

 

Tornado Damage Assessment 

 

In the United States, current tornado damage assessments are conducted by the US National 

Weather Service (NWS). The NWS outlines their operations and methods in an NWS directive 

(NWS, 2018). When a tornado occurs, the NWS utilizes weather radar, storm spotter reports, and 

news/social media coverage to get an estimate of the tornado path. After the event passes, NWS 

personnel go to individual reports of damage and catalog the incident in the NWS Damage 
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Assessment Toolkit app. The data is then uploaded to NWS networks and made available to the 

public via the NWS Storm Damage Viewer online portal. This process is labor-intensive, making 

the turnaround time of post-event damage assessments slow. Wooded areas are often under 

assessed areas of damage because the affected areas can be difficult to reach. This is because 

forested areas can be restricted by access, hazardous terrain, and remoteness. After a disaster, 

assessments prioritize property damage and loss of life over environmental damage. In events 

where damage assessment resources are limited, damage to forested areas may not be assessed at 

all. 

 

Remote sensing-based approaches to quantifying or classifying tornado damage often use 

multispectral and multi-temporal approaches. Vegetation indices such as NDVI are often used to 

investigate vegetative damage and recovery (Kingfield and de Beurs, 2017; Yuan et al., 2002). 

Kingfield and de Beurs (2017) utilize multi-spectral imagery to investigate how the spectral 

signature of tornado damage changes over different land-cover types. The authors utilize a 

mono-temporal method (post-event damage analysis) to measure spectral change. They found 

that tornado-damaged areas exhibited a higher median reflectance in the visible and shortwave 

infrared, and a lower median reflectance in the NIR range. Damaged areas experienced a higher 

median Tasseled Cap brightness, lower Tasseled Cap greenness and wetness, and lower NDVI.  

 

Recent work has used traditional remote sensing classification techniques and computer vision 

algorithms to detect tornado damage. Cannon et al. (2016) created a supervised classification 

algorithm (maximum likelihood classification) in ArcMap, to classify tornado damage severity 

on aerial photographs in order to determine the characteristics of damage in mountainous terrain. 

The authors found a significant relationship between the classification’s severity with ground-

truth assessments with an accuracy of 88.5% to 93.4%. They also found that damage severity 

decreased as the tornado path ascended ridges. Womble et al. (2018), provide a comprehensive 

review of various remote sensing systems and the associated challenges of collecting tornado 

damage information at different scales, and note that UAS-based assessment has several 

advantages over satellite-based collection, including being less sensitive to cloud cover and 

atmospheric conditions. Additionally, the large number of images collected by UAS allow for 

the generation of detailed 3D models that can aid in manual damage assessments. However, 
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Federal Aviation Administration regulations currently restrict UAS operations to only line-of-

sight which impedes user’s ability to collect large damage areas; beyond line-of-sight (BLOS) 

operations are currently under active review. Wagner et al. (2019) found that UAS outfitted with 

multispectral cameras add significant value by improving tornado path detection over simple 

RGB imagery.  

 

Published research on the applications of UAS photogrammetry and computer vision to detect 

tornado damage is limited. Wagner et al. (2020) presented ongoing research on using UAS-SfM 

orthophotos and a segmentation-based deep neural networks (DNN) to detect damage to roofs 

and residential homes. Their preliminary results look visually impressive and gives high 

confidence in the ability to classify tornado damage with DNN techniques. Follow up work by 

Chen et al. (2021) quantitatively assessed several deep learning model schemas for tornado 

damage detection and found that binary classification (damage / no damage) had higher accuracy 

rates than multi-classification systems (e.g., major, minor, and no damage). Among several 

different deep learning model backbones, they found that DenseNet-161 with a binary schema, 

had the highest overall accuracy at 84.8%. ResNeXt-101 performed the best among the multi-

class schema at 81.5%. 

 

Methods 

 

Following work by Wagner et al. (2020) and Chen et al. (2021), a CNN classifier is developed 

and tested to distinguish between damaged and undamaged forest. This is done by constructing 

an orthomosaic with SfM on a collection of RGB images taken by UAS over an EF-3 tornado 

track through a forested area in western rural Virginia. 

 

Study Area 

 

UAS data for this research was from the April 19 th, 2019 Franklin County Virginia tornado 

(NWS, 2019) centered on an area approximately 8 km SSE of Rocky Mount, VA in the 

southwest part of the state (Figure 1). The tornado formed at 10:25 am just north of Oak Level 

and travelled for approximately 13.2 km where it dissipated just east of Henry Fork at around 
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10:35 am. The tornado reached a peak intensity of EF-3 (159 mph) and an estimated maximum 

width of 250 m near Windy Ridge Road. According to NWS surveys (2019); the tornado 

severely damaged three structures, destroyed ten outbuildings, and caused 2 injuries (no deaths).  

 

Data Sources 

 

Daniel Cross (Virginia Tech: Department of Forest Resources and Environmental Conservation) 

collected imagery of the tornado damage on April 29 th, 2019 with an eBee fixed wing UAS. 

Cross flew a 3.6 km section of the tornado track between US Highway 220 and Sontag Road 

near the Franklin County Parks and Recreation Center. The UAS flew at an altitude of 400 feet 

(122 m) above ground level (AGL) and collected 601 images with the onboard senseFly 

S.O.D.A. camera (20 MP; 3,648 x 5,472 pixels; f/2.8; ISO-125; 11mm focal length; 2.97 max 

aperture) with a calculated overlap of 60% and a sidelap of 75%. A lidar derived DTM (1-meter 

resolution) from a 2018 VGIN aerial survey was used for the creation of the Canopy Height 

Model layer. 

 

The truth dataset, used in training and cross-validation of the model, was created from manual 

imagery analysis of the RGB orthophoto. As seen in Figure 2d, polygons were drawn over 

forested areas that appeared to be damaged. Initially, individual tree stems visibly disturbed by 

the tornado were flagged as linear features, with a kernel density aggregation used to quantify 

damage. However, among independent human classifiers there was not always strong agreement 

where damage was heavy. As a result, simple polygons were used to classify damage (presence / 

absence). Several passes and spot checks (at different zoom levels) were done to verif y the 

classification. Although a finer damage classification may be possible, the result of using this 

method is that the deep learning model is effectively trained to detect this method of damage 

marking.  
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Figure 1. NWS path of the Franklin County Tornado (black) and the study area (red). 

 

 

Materials 

 

A Dell Precision 5820 workstation running Windows 10 Enterprise (20H2) was used for 

computation. The computer is equipped with an Intel Core i9-9980XE CPU (3.00GHz, 18 Cores, 

and 36 Logical Processors), 128GB of RAM (non-ECC), and a Nvidia GeForce GTX 1080 with 

8GB of Video RAM. Software used for data processing included Esri ArcGIS Pro (for deep 

learning) and Pix4Dmapper (photogrammetric processing). 

 

Structure from Motion Processing and Generation of Derivatives 

 

Imagery was processed in Pix4Dmapper to create the orthophoto and point cloud using settings 

detailed in Appendix A. The SfM software matched 557 of 601 images with a nominal ground 
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sampling distance (GSD) of 2.79 cm. In order to reduce processing time, the orthophoto and 

DSM were generated at 10 cm resolution. A lower resolution layer could have been generated; 

however, 10 cm was used because it preserves the detail of the damage; a coarser resolution 

image started to lose detail that seemed likely to be helpful in classifying damage. The point 

cloud was generated using the “optimal” setting in Pix4D, which created a dense point cloud of 

379.9 million points (573 points per square meter).  

 

Due to the complexity of the forest canopy, a large number of “voids” remained in the Pix4D 

output DSM. To repair these, the raw point cloud was cleaned of outliers using CloudCompare 

point cloud processing software and then imported into ArcGIS Pro (v. 2.7) for DSM generation. 

The ArcGIS Pro void fill geoprocessing tool was used (max void width 4) to fill voids in the 

DSM. The small radius was chosen to reduce the appearance of artifacts in the DSM where voids 

were too large to interpolate reliably. As a result, some limited areas within the DSM remained 

unfilled; these were flagged during model preparation and excluded from analysis. The resulting 

orthophoto and DSM are shown in Figure 2. 

 

In addition to the RGB channels, several metrics were calculated and added to the raster (Tables 

1 and 2). Entropy (measure of randomness) and LoG (second-order spatial derivative kernel 

filter) are the image derivatives calculated from the RGB orthophoto. In addition to elevation 

(the DSM itself), several DSM derivatives were calculated including the Canopy Height Model 

(the difference of the Virginia VGIN lidar DEM and DSM), multi-directional hillshade, openness 

(portion of the sky visible, including negative relief), profile and tangential curvature (second 

derivative of the surface), standard deviation of slope, and Vector Ruggedness Measure (a 

neighborhood metric of surface “roughness”) introduced by Sappington et al. (2007). These were 

selected based on their use in previous studies to characterize different aspects of the land 

surface (Amatulli et al. 2018). The image derivatives (entropy and LoG) were generated in 

Python with scikit-image and the DSM derivatives were created in ArcGIS Pro (Canopy Height 

Model, multi-directional hillshade, standard deviation of slope, profile and tangential curvature) 

and SAGA (openness and Vector Ruggedness Measure). 
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To prepare data layers for inclusion into the CNN model, each derivative was stretched and 

scaled to an unsigned 8-bit integer. This was done because the arcgis.learn module requires this 

specific data type. Layers were scaled such that the 5th and 95th percentile were set to the 

minimum and maximum values in the range as a way to enhance contrast and reduce the impact 

of outliers in the data. Any pixels that remained as voids in the DSM derivatives (except for 

CHM), due to the small interpolation kernel, were flagged as null and excluded from analysis. 

All layers were then grouped together into a 14-band (including the RGB alpha channel) 

combined raster stack. This final multi-band image was ready for processing with the 

arcgis.learn workflow. 

 

Several layers required a kernel size (or neighborhood) parameter for their computation. Three 

circular kernel radii were tested to determine the effect of kernel size on model performance: 5px 

(0.5m), 25px (2.5m), and 50px (5m). These sizes were chosen to sample several plausible scales 

at which tornado damage would be apparent.  

 

 

 

 

Figure 2. Orthomosaic (a), DSM (b), hillshade (c), and damage polygons (d) of tornado study area. 
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CNN Model Development 

 

The study area orthophoto was split (approximately 50/50) into a northern (training) and 

southern (testing) subset. Each of the two sections had similar damage and no damage profiles. 

Separating the orthophoto into a training and testing dataset allowed for independent testing to 

verify the model performance. For ArcGIS to initiate training, the training section of the multi-

band raster was chipped into 512x512 pixel “chips” (imagery tiles) with 256x256 pixel overlap. 

To increase training data, each chip was rotated 3 times (0, 90, 180, and 270 degrees) with 

ArcGIS Pro to create a more diverse training set, as is commonly done (ESRI, 2021). Imagery 

rotation also helps reduce the possibility of directional bias in the model. In total 6,328 chips 

were created for training. 

 

Training of the model was completed in ArcGIS Pro with the deep learning model creation 

toolbox. An iterative approach was taken to optimizing the models hyperparameters. Each model 

is trained on the training dataset with a given set of hyperparameters (learning rate and epoch). 

The resultant model’s classification performance statistics are calculated by cross-validating 

against the testing dataset. These results are then compared to other models with different 

hyperparameters (same testing and training regions). An optimal learning rate and epoch is 

chosen by selecting the model with the highest kappa value (calculated on the training dataset 

cross validation). This model and the corresponding hyperparameters are used for the rest of the 

analysis. 

 

Evaluation of the model performance was conducted in ArcGIS Pro / ArcPy, and custom Python 

scripts. ArcGIS Pro was used to classify imagery and render the model output. Custom Python 

scripts were used to statistically analyze the classification performance with skimage using F1 

score (harmonic mean of precision and recall), Cohen’s Kappa (level of the classification 

agreement with the occurrence of chance removed), precision (true positives divided by the sum 

of all positives), recall (true positives divided by the sum of true positives and false positives), as 

well as overall accuracy (correctly classified pixels divided by total pixels). Kappa will primarily 

be used in this analysis to measure the classification performance of the model on the testing 

dataset because the statistic removes the model’s probability of classification agreement by 
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chance. In addition, an orthophoto-only model (with no image or DSM derivatives) and a 

traditional random forest model are used as controls to compare the results to. Random forest is 

an ensemble type machine learning technique (commonly used in remote sensing) that creates 

decision trees to classify data. The random forest model is built with scikit-learn on the entire 

multi-band raster stack.  

 

 

 

Table 1. Visual representation of model input layers. 
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Source Layer Description 

Orthophoto Entropy A measure of the average level of order/disorder in a 
neighborhood within a grayscale image. Calculated using scikit-

image. 

Laplacian of Gaussian 

(LoG) 

Second-order spatial derivative kernel filter to highlight edges. 

The image is first convolved by a gaussian filter (low pass filter) 
and then passed to a Laplacian filter, equivalent to general 

curvature. Calculated using scikit-image.  

DSM Canopy Height Model 
(CHM) 

The difference between a Digital Terrain Model (ground surface) 
and a DSM, which may include vegetation and buildings. The 
resultant raster is a  “flattened” surface model and represents 

surface features with major elevation changes removed. 
Calculated in ArcGIS Pro using a secondary lidar-derived DTM. 

Multi-directional 

Hillshade 

Illumination of the DSM is modeled from multiple angles 

creating a 3D visualization of the surface. Calculated in ArcGIS 
Pro.  

Openness A neighborhood calculation of the sky visibility (including 

negative relief) from a central pixel. Calculated in SAGA. 

Profile Curvature Second derivative of the surface in the vertical plane. Profile 
curvature helps illustrate the rate of change of surface features 

parallel to slope. Negative values represent convex slopes while 

positive values represent concave slopes. Calculated using a 
neighborhood (Surface Parameters tool) using ArcGIS Pro. 

Tangential Curvature Second derivative of the surface perpendicular to the slope 

gradient. Tangential curvature measures the rate of change 
perpendicular to slope. Negative values indicate convex slope in 
the perpendicular plane and positive values indicate concavity. It 

is similar to contour curvature which describes where landforms 
bend “out” or “in”. Calculated using a neighborhood (Surface 

Parameters tool) using ArcGIS Pro. 

Standard Deviation of 
Slope 

The variation of slope values in a given neighborhood of a 
central pixel. Low values indicate a more uniform surface, 
positive values indicate a larger variation in slope values. 

Calculated in ArcGIS Pro with the Focal Statistics tool. 

Vector Ruggedness 
Measure (VRM) 

A neighborhood metric of surface roughness based on a vector 
decomposition of the surface within a specified neighborhood. 

Calculated in SAGA.  

 

Table 2. Image and DSM Derivatives (in order of multi-band stack, except DSM). 
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Figure 3. Input layers for the CNN model. 

 

The chipped data, as seen in Figure 3 and 4, are then passed to the arcgis.learn training functions. 

The CNN used a UNET pixel classifier with the RESNET34 (34 layer residual neural network) 

backbone. To train the model, the training data, learning rate (the step size of each iteration), and 

epochs (number of model iterations) were passed to initiate training. After the training is 

complete, a pytorch model was exported. The model was then used to classify the test imagery 

and was compared with the truth dataset to assess classification performance.  

 

 

 

Figure 4. ArcGIS Pro model creation workflow. 
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Results 

 

Kernel Size and Learning Rate 

 

For each of the three kernel radii (.5, 2.5, 5.0 m), a CNN model was created and assessed. Each 

model was run with a learning rate of 1x10 -5 at 20 epochs because preliminary testing indicated 

that the optimized parameters would be close to these values. Differences in accuracy rates for 

the different kernel sizes were small, with 2.5 m showing the largest kappa accuracy score 

(71.3%) followed by 5.0 m (kappa = 70.0%) and 0.5 m (kappa = 68.9%). Due to its higher kappa 

value, subsequent model testing only utilized the 2.5 m radius derivatives. The primary model 

hyperparameters were then optimized through iterative testing, by adjusting the learning rate 

between 1x10-6 - 1x10-4 and the epochs between 10 and 30. Approximately 20 models were 

created in this iterative testing to find the optimal learning rate of 2x10 -5 at 25 epochs. The model 

achieved a kappa of 78.0% and an F1 score of 87.3% on the full multi-band dataset. 

 

Model Performance 

 

The full dataset model achieved a kappa score of 78.0% and an F1 score of 87.3% (Figure 6 and 

Table 3). In order to assess the contributions of RGB alone, a second model was run using only 

the orthophoto as input; this model was slightly worse than the full model, with a kappa of 

73.5% (F1 = 85.8%). Visually (Figure 5), the output of the two models looks similar and both 

classify most of the visually identifiable damage. The full model that includes the DSM 

derivatives tends to capture the damage areas with more precision (85.7% vs. 76.5%) and fewer 

false positives, while the RGB-only model tends to overclassify damage in some areas. To 

compare to non-Deep Learning methods, a simple random forest model was built using scikit-

learn (Pedregosa et al., 2011). The random forest model (50/50 testing-training ratio) achieved a 

kappa of 60.1% (F1 = 76.9%), which is lower than the CNN results. There are likely several 

factors contributing to this difference, however, a possible hypothesis is that the CNN feature 

matching enables the model to assess spatial differences and identify damage features better. The 

random forest model is a pixel-based classifier that evaluates the damage in an isolated pixel-by-

pixel approach.   
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Figure 5. Orthomosaic of a portion of the study area (A), model output for all layers as inputs (B), and RGB-only 

model (C). 

 

 

 

Figure 6. Performance of three main models (%): the full multi-band model, the orthophoto only model, and a multi-

band random forest model. 

 

In order to understand the ability of each image and DSM derivative contribution to the overall 

CNN, separate models were generated (with the same hyperparameters as the full model; 

learning rate of 2x10-5 at 25 epochs). These hyperparameters were not individually tuned for 

each model and may be contributing to under- and over-training of the models. However, this 

analysis was performed to measure the ability of each layer to classify damage and estimate the 
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contribution to the overall model. Figure 7 and Table 3 shows a breakdown of each derivatives 

kappa score in comparison to the RGB only model. The full model had a marginally higher 

kappa value (78.0%) than the RGB only model (73.5%); the derivatives add 4.5% kappa to the 

overall model performance. However, the breakdown of each layer indicates that there are 

significant differences in the ability of certain layers to classify damage than others. The lowest 

performing derivatives were the image-based entropy and LoG bands. In comparison, the DSM 

derivatives were much better at classifying damage on their own. Among the DSM derivatives, 

Vector Ruggedness Measure (VRM) performed the highest at 68.4% kappa. Tangential 

curvature, openness, hillshade, CHM, and the DSM performed around the same level of kappa, 

58.5% to 63.5%. The lower performing derivatives were standard deviation (STD) of slope and 

profile curvature at 49.2% and 38.1% kappa, respectively. The Canopy Height Model, which 

used a lidar layer to subtract out ground elevation from the DSM, performed better than the DSM 

itself, likely because it allows vegetation height to feature more prominently. Other than the 

VRM, the easily-calculated and common hillshade (or shaded relief) layer performed second-

best. 

 

 

 

Figure 7. Single-layer model performance for all input layers. 
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Model Accuracy Kappa F1 Recall Precision 

Full 89.3 78.0 87.2 88.9 85.7 

RGB 86.6 73.5 85.8 97.7 76.4 

Entropy 63.6 14.8 26.5 15.9 79.7 

LoG 59.8 3.4 7.2 3.8 75.6 

DSM 80.1 58.5 75.2 73.2 77.3 

CHM 80.8 59.7 75.3 70.9 80.2 

Hillshade 82.1 63.5 79.1 82.3 76.2 

Openness 81.2 62.2 79.0 85.4 73.5 

Profile Curvature 72.6 38.1 52.9 37.2 91.4 

Tangential Curvature 81.1 61.0 77.0 76.6 77.4 

Slope-STD 76.6 49.2 65.7 54.3 83.3 

VRM 84.8 68.4 81.2 79.9 82.6 

Random Forest 80.5 60.1 76.9 78.6 75.3 

 

Table 3. Computed statistics (%) for each model, and the derivatives breakdown. 

 

Discussion 

 

Although it was expected that kernel radius size (.5, 2.5, 5.0 m) to generate the various 

derivatives (both RGB and DSM-derived) would have a significant impact on performance, this 

was not the case, with kappa values nearly identical. A possible explanation for this effect is that 

the derivatives, in general, only added a 4.5% of kappa over the RGB-only model. Any 

significant changes in the effect of the derivative bands would be relatively small in comparison 

to the already significant effects of the RGB bands. 

 

The full model including RGB, DSM and various derivatives performed well with a kappa score 

of 78.0%. However, the RGB input by itself was also quite predictive (kappa = 73.5%). Several 

factors might be contributing to these results. The truth damage data was created by creating 

polygons from the RGB layer. The derivatives might be revealing damage that might not be seen 
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on the RGB, or conversely, damage that was classified on the RGB was not apparent in the 

derivatives. This effect would propagate to the model and cause some of the difference we 

observed. Another possible explanation is that the radius size might need to be specifically 

adjusted for each derivative. We selected one radius size for all of the derivatives, however, this 

might lead to some derivatives under-performing because that specific radius might not be 

appropriate for that particular layer. Individually tuning the radius of each derivative might 

improve the overall model performance. 

 

The comparison of kappa for each derivative layer indicated that there are somewhat significant 

differences between each layer of the model. While the test is not perfect, it appears to show that 

the DSM derivatives are promising additions to the overall model performance, especially the 

VRM layer. The kappa scores for the image-based derivatives are significantly lower than for the 

DSM based derivatives. The reason for these results is unclear, but surprising given that Cooner 

at al. (2016) found both entropy and LoG to be useful layers in damage classification. Earlier, 

when the three radii were tested, all radius derived bands were all set to the same value. This was 

done to reduce the complexity of the experiment. It is possible that the 2.5m radius was a better 

fit for the DSM derivatives than the image derivatives. Equally possible is that the DSM 

derivatives are a significant addition to the model and outperform the image derivatives. 

However, a more in-depth analysis of individual band performance is needed to determine the 

exact relationship. 

 

To combine all the layers together, each derivative needed to be scaled to an unsigned 8-bit 

integer format. Each derivative was clipped to 5% and 95% and then stretched to 0-255. This 

was done to satisfy the deep learning input requirements and to normalize the layers. This 

clipping and stretching might have had an impact on the overall model performance. Further 

research would need to be done to analyze the effect of this stretch and compare it to different 

methods, such as a standard deviation clip. 

 

Wagner et al. (2020) and Chen et al. (2021) showed that CNNs and deep learning algorithms can 

be trained to classify UAS-derived residential damage from tornadoes, and reported accuracy 

rates of 81-86%. Total accuracy (rather than kappa) was 89.3% for the full model, 86.6% for the 
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RGB layer, indicating better or comparable performance, despite the difference in application  

(forest vs residential damage). The Wagner et al. (2020) and Chen et al. (2021) workflow 

incorporates an extraction layer to identify homes and determine whether the home is damaged 

or undamaged and to what degree. In contrast, this study used a simple binary 

(damaged/undamaged) pixel-classifier and does not contain any extraction layers or degree of 

damage classifications. Furthermore, our study focuses on the identification of tornado damage 

with mono-temporal UAS datasets as opposed to multi-temporal (change detection) studies. 

Mono-temporal data is the primary source of tornado damage imagery and the development of 

these techniques are an important area of study in the damage detection field.  

 

Menderes et al. (2015), found their nDSM change classification method was able to achieve an 

overall accuracy of 96.54% and 90.74% and a kappa of 82.50% and 56.93% for their two 

earthquake damage regions. Their results, in combination with the DSM derivative results from 

this research, indicates that DSM products can add value to damage classification algorithms 

over orthophoto-only classification. The extent of this effect needs further research. Fujita et al. 

(2017) CNN tsunami damage model achieved an overall accuracy of 94-96%. The Chen et al. 

(2021) UAS tornado damage model, when built with different backbones, achieved 84.8% with 

DenseNet-161 (binary schema) and 81.5% with ResNeXt-101 (multi-class schema). In this 

research, the full-model from this study achieved an overall accuracy of 89.3%. The three studies 

achieved results in the same range, indicating that CNNs are effective at classifying damage. 

Further research is needed to determine the robustness of CNN based damage models and the 

sensitivity to different damage sites. 

 

Limitations 

 

Pix4D processing reconstructed the 3D point cloud, DSM, and orthophotos from the input 

georeferenced images collected by drone. Voids left in the DSM were ultimately caused by an 

insufficient number of images in some locations; complex areas such as rugged terrain or forest 

canopies often require higher image overlap than simpler scenes (Fraser and Congalton, 2018; 

Haala et al., 2013). One would expect that if the resultant DSM had better coverage and fewer 

holes, the model would perform marginally better.  
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Performance tuning was performed serially, radii and then hyperparameters. The underlying 

output is based on the initial radius test. To reduce computational expense, the better performing 

radius was chosen for the rest of the tests. It is unknown what the performance wou ld be of the 

other radii. The performance of this model with other types of imagery like satellite, aerial, and 

other UAS platforms was also not tested in this thesis. Given the difference between our input 

resolution (10 cm) and coarser satellite-based imagery, we expect that models developed for 

UAV-based products may work differently than they would on satellite-derived products. Since 

this study only used 10 cm data, the effect of input resolution on model classification 

performance is not known and would require further testing. 

 

Future Research 

 

An area of research inspired by Chen et al. (2021) is to compare different model backbones on 

the overall classification performance. There are a variety of CNN backbones and methods for 

binary pixel classifiers that could potentially alter the model’s performance. Another area of 

further research is to examine more image and DSM derivatives and evaluate each derivatives 

ability to identify damage and no damage pixels. This thesis focused only on a single tornado; a 

limitation caused by a notably quiet period in tornado occurrence in the region. Future research 

should include more events in a variety of geographic regions. Incorporating more data could 

improve the classification performance and the robustness of the model. In addition, more events 

would allow for further analysis of the model’s ability to classify damage and no damage in 

different environments. Finally, an assessment of common features or environments that cause 

the model to misclassify the imagery will be conducted in future research. 

 

Conclusion 

 

Post-disaster damage assessments are a critical component to response and recovery operations. 

UAS platforms prove to be useful tools for imagery collection and for post-event surveys. A 

CNN model was built to identify tornado damage from UAS orthophoto, image derivatives, and 

DSM derivatives. Our results indicated that (a) a Deep Learning approach performed better than 
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other machine learning (i.e., Random Forest) approaches, (b) that the RGB orthophoto alone 

performed nearly as well as the full 14-layer model, (c) that among the spatial DSM derivatives, 

the Vector Ruggedness Measure and the easily calculated multidirectional hillshade performed 

the best. 
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