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Abstract: The rise in both the frequency of natural disasters and the ubiquity of artificial intelligence 
has led to novel applications of new technologies in improving disaster response processes, such as 
the labor-intensive assessment of disaster damages. Assessment of residential and commercial 
structure damages, a precursory step to government agencies being able to provide most of their 
financial assistance, has benefited from aerial and satellite imagery-based computer vision models; 
however, limitations of using such imagery include the ground structures being obscured by clouds 
or smoke, as well as the lack of resolution to distinguish individual structures from others. Using a 
different data source, we propose a damage severity classification model using ground-level imagery, 
focusing on residential structures damaged by wildfires. This classifier, a Vision Transformer (ViT) 
model trained on over 18,000 professionally labeled images of damaged homes from the 2020-2022 
California wildfires, has achieved an accuracy score of over 95%. Further, we have open sourced the 
training dataset–the first of its kind and scale–as well as built a publicly available web application 
prototype, which we demoed to and received feedback from disaster response officials, both of 
which further contribute to the broader literature beyond the proposed model. 

Keywords: damage assessment; wildfire damage; computer vision; damage classification 
 

1. Introduction 

The World Meteorological Organization of the United Nations reports that “[the] number of 
disasters has increased by a factor of five over the 50-year period, driven by climate change, more 
extreme weather and improved reporting” [1]. Specifically, reports by organizations such as  the 
United Nations Environment Programme highlight wildfire as the type of natural disaster with 
disproportionate growth in both intensity and frequency compared to others [2]. This trend is 
perhaps best exemplified by the extraordinary wildfire seasons in the California between 2020 and 
2022; the California Department of Forestry and Fire Protection (Cal Fire) lists 2020 as its largest fire 
season in recorded history, with individually record-breaking fires, such as the August Complex Fire, 
the first “gigafire” in California, that burned over one million acres [3].  

In responding to disasters in the United States, a key responsibility of a government agency like 
Federal Emergency Management Agency (FEMA) is to conduct preliminary damage assessment 
(PDA) so that federal funding could be unlocked and provided to disaster survivors. However, the 
increase in natural disasters like wildfires, along with other complicating factors such as the Covid-
19 pandemic between 2020 and 2022, has introduced significant burden and process complexity to 
these disaster response organizations. In 2023, the author participated in a PDA process in Northern 
California with FEMA, Cal Fire and other government agencies, and witnessed some of the 
challenges firsthand. As a start, every home in an impacted area needed to be physically examined 
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by a team of damage assessors, even when road and building structure damages have made access  
to some homes inaccessible; health concerns, such as maintaining appropriate distances or risks of 
infectious diseases, further introduce complications. The volume of the homes needed to be examined 
could also be overwhelming, especially if multiple disasters are happening at the same time. 

Concurrent to the rise in natural disasters, artificial intelligence (AI) has experienced significant 
growth in recent years, such as in the field of computer vision. Computer vision, according to 
Stanford Computer Vision Lab, “[aspires] to develop intelligent algorithms that perform important 
visual perception tasks such as object recognition, scene categorization, integrative scene 
understanding, human motion recognition, material recognition, etc.” [4]. In particular, with the 
development in deep learning, computer vision models like convolutional neural network (CNN)-
based ResNet50 and VGG-16 can now perform tasks like image recognition, classification and others 
at an accuracy previously unimaginable [5,6]; another model that has captured attention is the one-
shot Contrastive Language-Image Pre-Training (CLIP) model, which could take in an image and a 
list of categories to make a prediction without previously training the model [7]. One advantage of 
recent computer vision models is its capability for Transfer Learning, where models trained on one 
task (e.g. classification of objects) could be re-trained to perform another similar task (e.g. 
classification of specific variations of the same object) with training data with the appropriate labels 
[8,9]. In 2021, Google Research published the Vision Transformer (ViT) model, based on an 
architecture different from CNN, that has outperformed CNN models by four times in efficiency and 
accuracy, thus making it the de-facto status quo for computer vision tasks [10].  

AI has been implemented in disaster response to aid survivors and responders alike. Examples 
include AI chatbots that connect survivors to humanitarian organizations for assistance [11] and an 
open source software platform that classifies social media content to monitor the evolution of 
disasters [12]. Specific to computer vision, both the research and practitioner communities have 
primarily focused on utilizing aerial imagery to aid with disaster response. Academic works have 
focused on topics such as using aerial imagery to detect disasters [13], to develop a Disaster Impact 
Index [14], to provide crisis management support [15], and to conduct high-level damage assessment 
[16]. International Conference on Computer Vision (ICCV) and Conference on Neural Information 
Processing Systems (NeurIPS), two of the leading computer vision academic conferences, have 
hosted The AI for Humanitarian Assistance and Disaster Response (AI4HADR, https://www.hadr.ai) 
workshops for the past few years, where most of the accepted papers focus on aerial imagery. 
Similarly, online communities, such as  the 2000+ member LinkedIn group called “Satellite Imagery 
for Deep Learning” (https://www.linkedin.com/groups/12698393/), have also provided forums for 
discussions of disaster response-related applications. 

Disaster response organizations, almost all of which are governmental, have focused on aerial 
imagery as the primary application of computer vision as well. The Department of Defense, via its 
Defense Innovation Unit, has put together an intergovernmental platform called xView2 that 
automatically runs computer vision algorithms on satellite imagery to track disaster progress over 
time. According to FEMA’s former Chief Geospaital Officer Christopher Vaughan, in addition to 
utilizing xView2 as a monitoring tool, FEMA has attempted to use aerial imagery in PDA as well. 
However, the computer vision model built on aerial imagery could only help the organization 
prioritize where to safely send the in-person damage assessors, rather than to conduct the damage 
assessment itself. Furthermore, despite the aid from the model, the PDA process still remains almost 
completely manual. 

Using aerial imagery in disaster response, and specifically for damage assessment, has various 
limitations. The ground structures of interest may be obscured by clouds, smoke or other 
obstructions, particularly in a wildfire. Additionally, aerial imagery may be updated at inconsistent 
and unreliable rates depending on various factors such as the region of interest; processing aerial 
imagery may also introduce additional computational and storage overhead. Most importantly, 
aerial imagery often does not provide the resolution at the level of individual structure in order to 
more accurately quantify the scale of disaster damages. In our discussions, Mr. Vaughan from FEMA 
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expressed a desire to do more with computer vision technologies beyond satellite imagery, especially 
in the context of performing damage assessment. 

As such, there is an opportunity to better understand how non-satellite imagery data could be 
utilized in the context of disaster response, particularly for damage assessment. Recent work has 
explored using ground-level imagery for damage assessment. Nia and Mori demonstrate that a CNN-
based model, trained on a small set of manually curated data, can yield a high accuracy in classifying 
building damages into different categories [17]. The model proposed by Nguyen et al. proposes a 
multimodal approach in taking textual input, along with image data, to predict the damage level in 
a particular area [18]. Various other research papers have built models to demonstrate the promise 
of using computer vision algorithms on ground-level imagery to classify damage severity [19,20]. At 
the time of this writing, most of the papers we have come across have built their models using CNN 
or other more traditional approaches to the image classification task, instead of some of the newer 
models such as ViT. 

As reliable and properly labeled training data has been identified as a limitation by several of 
the aforementioned studies, different approaches were taken to ensure sufficient data is available for 
model training. In some cases, volunteers and paid crowdsourced workers were used to label data 
found on social media and search engines [20]; researchers have also opted to label the data found on 
the Internet themselves [17]. Others have used Google Street View as the image source with 
additional manual labeling [19]. Furthermore, in some cases, damage classification models are built 
from, as well as used for, image data from different disaster types, despite the fact that damage from 
one type of disaster (e.g. wildfire) may look drastically different from another (e.g. flooding) [18]. 
Manual labeling may also limit the scale of the data; for example, the model in one paper was trained 
on only 200 labeled images [17]. In addition to scale, the main challenge with this approach is the 
potential lack of consistency in category definitions, where crowdsourced workers may not have the 
sufficient context in distinguishing between different types of damages, as well as the potentially 
disparate manifestations of damages between disaster types. 

The approach in our paper addresses the limitations in the existing literature on using ground-
level imagery for damage assessment in several ways. First, our research uses a self-curated large-
scale (18,000+) image dataset with damage classification labeled by professional damage assessors 
from past PDAs; the dataset is also only limited to wildfire since damages from different disaster 
types are rarely considered together in a PDA. The image dataset also focuses on residential 
structures, the main damage type that governmental organizations use in determining an emergency 
declaration. Second, the base model for our classifier is the latest ViT model, which has shown to 
outperform CNN and other types of computer vision models; the model we built has accuracy 
exceeding 95%. Lastly, the authors’ affiliation to FEMA allowed for access to disaster response 
officials, from whom feedback and comments were collected. Thus, our paper contributes to the 
literature in three different ways: 1) curating and open-sourcing the largest and more comprehensive 
fire damage classification dataset of its kind that is labeled by professional damage assessors, 2)  
building a model on a latest state-of-the-art computer vision algorithm, 3) providing insights and 
feedback from actual disaster response practitioners who would be the users of tools built on top of 
such algorithm.  

2. Materials and Methods 

2.1. Ground-Level Image Dataset Curation 

The data used to train the classifier model in the paper originates from Cal Fire’s GIS Hub 
(https://hub-calfire-forestry.hub.arcgis.com/), for which the primary intent is for the consumption of 
GIS applications. The dataset contains the PDA records for all major wildfire events in California 
since 2020, including data points such as addresses, building information, and damage severity (No 
Damage, Affected, Minor, Major, and Destroyed), as determined by the professional assessors who 
went onsite; each address also contains a ground-level image taken by the assessors. At the time of 
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our analysis, we downloaded the data for 18 wildfire incidents in California which included 57,176 
residential structures, of which 18,960 contain associated ground-level imagery.  

Since the data was originally intended for GIS applications, significant data engineering work 
needed to be undertaken in order to extract, process and associate the ground-level imagery with 
corresponding metadata such as address and building type. Of the 18,960 residential structures with 
a ground-level image, 40% of the images are labeled as “No Damage,” 7% as “Affected (1-9%),” 2% 
as “Minor (10-25%),” 1% as “Major (26-50%),” and 50% as “Destroyed (>50%).” With the explicit 
permission from Cal Fire, we have uploaded the processed data–which is an image dataset with a 
metadata spreadsheet like damage classification corresponding to each image–to research data 
platforms Zenodo (https://zenodo.org/records/8336570) and Hugging Face 
(https://huggingface.co/datasets/kevincluo/structure_wildfire_damage_classification). 

 
Figure 1. Original Format of the Data. 

2.2. Classifier Model Development 

At the time of this writing, the Vision Transformer (ViT) model has been recognized as one of 
the most powerful foundational models for image classification tasks. The three versions of ViT 
models most commonly used for classification tasks are: 
• ViT-B-16 (https://huggingface.co/sentence-transformers/clip-ViT-B-16) 
• ViT-B-32 ( https://huggingface.co/sentence-transformers/clip-ViT-B-32) 
• ViT-L-14 (https://huggingface.co/sentence-transformers/clip-ViT-L-14) 

Each model offers different trade-offs. According to Model Cards of these models, the L-14 
model performs best (75.4%) over the B-32 model (63.3%) on the benchmarking task of classifying 
ImageNet Validation Set without taking additional training data; on the other hand, the binary file 
for L-14 is the largest (1.71 GB). A big part of selecting which ViT version depends on how the pre-
trained model performs on our intended dataset.   

To both help with determining the model version to use and developing more understanding of 
the datasets, we calculated the Cosine Similarity and Silhouette Scores, two metrics measuring the 
validity of data groupings. Cosine Similarity measures the similarity between two vectors defined in 
an inner product space, which, in the case of image tasks, determines how similar two images are to 
each other [21]. Similarly, Silhouette Score validates the overall consistency of the objects that are 
classified in their respective groups [22]. These metrics would give us a better understanding of the 
labeled data which, despite being done by professionals, are still possibly prone to human error. 

Given the small sizes of the Affected (1234), Minor (293) and Major (124) groups, we grouped 
them together and labeled them as “Minor” (1651). From there, we calculated the following: 
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Table 1. Cosine Similarity (CosSim) and Silhouette Scores (S-Scores) by Damage Classification. 

Model 

Version 

Minor 

CosSim 

Destroyed 

CosSim 

No Damage 

CosSim 

Overall 

CosSim 
S-Score 

ViT-B-16 0.709 0.839 0.745 0.715 0.173 

ViT-B-32 0.683 0.798 0.713 0.686 0.154 

ViT-L-14 0.693 0.847 0.738 0.730 0.167 

From the above statistics, we can make the observations that 1) the images within the same group 
are not very similar to each other, and 2) the images in the three groupings are not very distinct from 
one another. Across the three versions of the model, the “Destroyed” group has the highest Cosine 
Similarity Score (above 0.79, from the range of -1 to 1). However, the “Minor” group and “No 
Damage” group have almost the same Cosine Similarity score as the “Overall” category that includes 
all the images; in order words, images in the “Minor” and “No Damage” categories are as similar to 
each other as much as all the images are to each other in the whole dataset. The results are not 
surprising because the dataset contains images at different granularity.  

For example, both Figures 2 and 3 are in the “Affected” group but are completely different 
images, whereas Figure 3 and Figure 4 are quite similar despite being in different categories. The low 
Silhouette Score further confirms the low distinctiveness between the groups. 

 

Figure 2. Affected Example 1. 

 

Figure 3. Affected Example 2. 

 

Figure 4. No Damage Example. 
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We attempted several different approaches to improve the Cosine Similarity and Silhouette 
Scores for the data set. First, we looked at taking out particular fire incidents to see if there are 
systematic image capture issues from particular fire incidents that could help. However, removing 
particular fires does not help with the metrics. Another approach taken was to narrow the types of 
images for the training of data by pre-classifying the images into categories and filter out anything 
that is not classified as a building or a structure. However, this approach did not yield fruitful results 
because the images are quite varied and hard to distinguish (e.g. some “Destroyed” images are 
simply the ashes from the burned homes). As such, we decided to proceed with the dataset as is. 

In looking at Table 1, we can see that ViT-B-16 has performed the best in its Silhouette Score and 
that its “Overall” Cosine Similarity Score is comparatively lower than those of the individual groups’, 
compared to the two other versions of the model. With that, we decided to proceed with ViT-B-16 as 
the base model for our image classifier. 

2.3. Application Development 

One goal of this paper is to connect computer vision models built in the academic context with 
actual disaster response end usage. We built a web application prototype, hosted on the Hugging 
Face platform, where users can submit their own image and the image classifier would provide a 
damage severity classification using the model that we have trained. Building out an actual demo 
allows users, such as those in the disaster management field, to provide concrete feedback and 
actually utilize it in the field. The application, which works for both mobile and web, simply requires 
the user to submit the image and the result is returned. Figures 5 and 6 illustrate the simple workflow. 

 

Figure 5. Application Landing Page. 

 

Figure 6. Application Returning Results. 

3. Results 

3.1. Classifier Performance Evaluation 

Once we have chosen ViT-B-16, we proceeded to train the model using 80% of the overall dataset 
(15,222 images) with 20% (3738) being used as the evaluation dataset. We trained the model through 
both one epoch and four epochs and yielded the following results: 
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Table 2. Training Loss, Evaluation Loss and Accuracy between 1-Epoch and 4-Epoch Training. 

Training Epochs Training Loss Evaluation Loss Accuracy 

1 0.23 0.16 0.94 

4 0.17 0.26 0.93 

Table 2 shows that, while training on 4 epochs decreased the Training Loss, it has led to increased 
Evaluation Loss and decreased Accuracy. This could be because the dataset is sufficiently large, and 
that training on 4 epochs has simply led to overfitting. As such, we decided to proceed to train with 
the data on just one epoch, yielding the following the results: 

Table 3. Confusion Matrix of the ViT-B-16 model on 1 Epoch. 

 
Affected  

(Predicted) 

Destroyed 

(Predicted) 

No Damage 

(Predicted) 

Affected 

(Groundtruth) 
193 11 126 

Destroyed 

(Groundtruth) 
7 1860 10 

No Damage 

(Groundtruth) 
14 3 1514 

The Confusion Matrix preliminary indicates that images that are “Affected” have the most 
misclassification, particularly as “No Damage.” This is consistent with the previous analysis of the 
relatively low Cosine Similarity of the “Affected” and “No Damage” groups, and the relatively high 
Cosine Similarity across the whole dataset. The overall Accuracy calculated is 3567/3738=95.43%. 
Table 4 and 5 provide further break-downs. 

Table 4. Precision, Recall and F1-Score by Damage Severity Category. 

Severity 

Category 

Precision 

TP/(TP+FP) 

Recall 

TP/(TP+FN) 
F1-Score Support 

Affected 0.90 0.58 0.73 330 

Destroyed 0.99 0.99 0.99 1877 

No Damage 0.92 0.99 0.95 1531 

Table 5. Precision, Recall and F1-Score Overall. 

 
Precision 

TP/(TP+FP) 

Recall 

TP/(TP+FN) 
F1-Score Support 

Accuracy   0.96 3738 

Macro Avg 0.94 0.86 0.89 3738 

No Damage 0.96 0.96 0.95 3738 

The model built has produced 0.99 Precision, Recall and F1-Score for the “Destroyed” group and 
similarly high score for the “No Damage” group. However, the model performs significantly worse 
on the “Affected” group, particularly with its Recall and F1-Score. One reason for such low statistics 
is the low Cosine Similarity Score that has already been noted. However, another reason that could 
be attributed to the poorer performance is the relatively lower representation of the group in both the 
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training and test datasets, as the support (number of samples, of 330) is significantly lower than the 
other groups. However, in aggregate, the model has high Precision, Recall and F1-Score. 

2.2. Evaluation Loss Investigation 

While the overall Precision, Recall and Accuracy values are quite high, there are opportunities 
to further examine the per-category misclassifications in the test set. The distribution of the 171 
misclassified results is as follows: 
• “Affected” misclassified as “Destroyed”: 11 (6.43% of all misclassifications) 
• “Affected” misclassified as “No Damage”: 126 (73.68% of all misclassifications) 
• “Destroyed” misclassified as “Affected”: 7 (4.09% of all misclassifications) 
• “Destroyed” misclassified as “No Damage”: 10 (5.85% of all misclassifications) 
• “No Damage” misclassified as “Affected”: 14 (8.18% of all misclassifications) 
• “No Damage” misclassified as “Destroyed”: 3 (1.75% of all misclassifications) 

We went through all 171 misclassification cases to investigate the characteristics of images that 
the classifier failed on, and realized the misclassifications more often than not highlight issues with 
the dataset, rather than the algorithm itself. Some images contain fundamental issues and should 
actually be excluded from the evaluation, such as images of non-residential structures (e.g. Figure 7, 
for which the ground truth label is “Affected” and the classifier classified it as “No Damage”) and 
residential structures for which the damages are not captured by the image (e.g. Figure 8, for which 
the ground truth label is “Affected” and the classifier classified it as “No Damage” but no damage 
could be observed upon our inspection). 

 
Figure 7. Non-Residential Structure. 

 
Figure 8. Damage is not Visible. 

As such, these “Unusable” images are removed and the metrics are recalculated: 
• “Affected” misclassified as “Destroyed”: 4 (-7 from 11) 
• “Affected” misclassified as “No Damage”: 85 (-41 from 126) 
• “Destroyed” misclassified as “Affected”: 3 (-4 from 7) 
• “Destroyed” misclassified as “No Damage”: 6 (-4 from 10) 
• “No Damage” misclassified as “Affected”: 8 (-6 from 14) 
• “No Damage” misclassified as “Destroyed”: 1 (-2 from 3) 
• Overall Accuracy: 97.09% (+1.66% from 95.43%) 
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Table 6. Precision and Recall by Damage Severity Category without “Unusable” Images. 

Severity Category Precision Recall 

Affected 0.95 (+0.05) 0.68 (+0.10) 

Destroyed 0.99 (+0.00) 0.99 (+0.00) 

No Damage 0.94 (+0.02) 0.99 (+0.00) 

There are other images that could potentially be excluded since the classification is actually also 
quite ambiguous upon our examination. For example, Figure 9 and Figure 10, for both the actual label 
is “No Damage”, demonstrate the lack of clarity on whether the source of the damage is actually the 
wildfire event (hence mislabeled) or otherwise. 

 

Figure 9. Ambiguous Dark Marking. 

 

Figure 8. Ambiguous Dark Marking. 

If those ambiguous images were also to be removed, then metrics such as the overall Accuracy 
Rate and the by-category Recall Rates would further improve significantly. 

2.3. Comparison with Other Models 

To illustrate the effectiveness of the ViT model against other existing models, we trained a CNN-
based model and used the one-shot CLIP model on the same dataset and calculated metrics such as 
accuracy. For the CNN-based model, we initialized a naive CNN and trained the model over five 
epochs on the training data split, then evaluated against the test dataset, yielding the following 
results: 
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Figure 10. Training Loss and Accuracy over Five Epochs for Naive CNN Model. 

Table 7. Precision By Damage Severity Against, Compared Against ViT Model. 

Severity Category Precision Against ViT 

Affected 0.28 -0.62 (against 0.90) 

Destroyed 0.87 -0.12 (against 0.99) 

No Damage 0.84 -0.08 (against 0.92) 

The overall Accuracy is 0.78, which is -0.17 (against 0.95). This demonstrates ViT’s significantly 
better performance, against a naively trained CNN model. 

To compare against the CLIP model, we ran all the images of the test set with the three options: 
"a photo of a damaged home", "a photo of a destroyed home", "a photo of a home with no damage.” 
The model yielded the following results: 

Table 8. Confusion Matrix of the CLIP model. 

 
Affected  

(Predicted) 

Destroyed 

(Predicted) 

No Damage 

(Predicted) 

Affected 

(Groundtruth) 
13 4 313 

Destroyed 

(Groundtruth) 
52 1329 496 

No Damage 

(Groundtruth) 
29 13 1489 

Table 9. Precision and Recall by Damage Severity Category of CLIP model. 

Severity 

Category 

Precision 

TP/(TP+FP) 

Precision 

Against ViT 

Recall 

TP/(TP+FN) 

Recall Against 

ViT 

Affected 0.14 
-0.76 (against 

0.90) 
0.04 

-0.54 (against 

0.58)  
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Destroyed 0.99 
-0.00 (against 

0.99) 
0.93 

-0.06 (against 

0.99) 

No Damage 0.65 
-0.27 (against 

0.92) 
0.97 

-0.02 (against 

0.99) 

The overall Accuracy is 0.76, which is -0.19 (against 0.95). Like the CNN classifier, the CLIP 
model performed worse than ViT overall but was especially bad in the “Affected” category. Part of 
it could be due to the imprecise wording of the option for the model (“a photo of a damaged home”). 
However, the model has a very high Precision and Recall for “Destroyed” and “No Damage,” 
especially given the fact that it was not trained on any data prior. The ViT model still performed 
much better than the CLIP model at the end. 

2.3. Application Demonstration and Feedback 

Many enhancements for the application are in the works to provide better experience and 
utilization for the users, based on feedback we’ve already received. Some of the application 
enhancements under development include: 
• The ability to submit multiple images for a single structure and get a weighted result of 

classification based on the multiple submissions. 
• The ability to submit images for multiple structures and receive the results in bulk. 
• The ability to export the results as a CSV file for further analysis. 
• The ability to export the results as a GIS layer to be integrated with a GIS map. 
• The ability to integrate with another application interface to allow for human reviewers to 

provide Quality Assurance, and then subsequently improving the model. 
More focus groups with end users in the disaster management field are planned and updates to 

the application will be provided.  

4. Discussion 

I. Dataset Improvement 

There are many opportunities to improve the dataset that we have submitted for open source 
use by the research community. As a start, there can be a lot more further cleaning done to remove 
images that are mislabeled or irrelevant to the classification tasks (i.e. the “Unusable” category 
mentioned above). For example, there are several images that consist of close-up imagery of 
machinery that would not be helpful for the structural damage classification tasks, as well as a few 
aerial images that were erroneously updated to the datasets. Those could be removed to increase the 
overall quality of the data. 

This paper could also help inform future data collection to continuously enrich the dataset. For 
instance, we could go back to the Cal Fire agency and ask them to implement guidance when it comes 
to what types of images are taken when conducting a PDA; providing such guidance would not only 
benefit future models trained on the dataset but better facilitate the operational workflows of these 
government agencies in this regard. One potential guidance could be to always include the whole 
structure in an image, in addition to a close up of the part of the structure that makes the assessor 
determine its damage classification. 

There are many other data points that would enrich the dataset. For instance, due to our 
relationship with FEMA, we have access to data on how much these property owners have been 
compensated for the damage of these homes. Linking the financial data, as well as property value 
data, could provide a more comprehensive understanding of the concept of damage in the disaster 
context. There are also many ongoing projects in the field that both produce and assess satellite 
imagery of disaster-impacted structures; there is a great opportunity to see how this data set could 
be linked or connected to existing datasets that have the same properties from an aerial view.  
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A dataset like ours could incorporated into some of the existing projects that are consolidating 
and building disaster image datasets as well, such as the Incident1M Dataset, which contains almost 
one million disaster images with other associated information that is compiled by Qatar Computing 
Research Institute (QCRI) and MIT researchers [23]. 

II. Model and Application Improvement 

In our paper, we utilized the state-of-the-art ViT model in order to build our classifier. However, 
there are many opportunities to further enrich the data to introduce more complexity to the model. 
Even without the data enhancements proposed in the previou sections, there are many additional 
metadata fields that could be incorporated into the model building that is already available, such as 
the addresses of the structures, the materials used for different components of the structures, as well 
as free-text inspection notes fields. Given the advancement in large language models, there are great 
opportunities to investigate how to integrate textual inputs into the model to improve performance. 

Even without adding in more input sources to the model, there are also improvement 
opportunities for the classifier For example, there can be different penalty schemes developed for 
misclassification, since misclassifying a “Destroyed” home as “No Damage” causes more operational 
challenges than misclassifying a “No Damage” home as “Destroyed” from the perspective of disaster 
management. There can also be a certain level of acceptability threshold developed such that the 
workflow can be automated, and that any structure that the model doesn’t have a certain level of 
confidence in determining the damage classification for could be funneled to a human reviewer. This 
would help disaster management organizations to better optimize their staffing resources. There is 
also an opportunity to explore the effective storage of all the data. 

Another potential area of exploration is sequencing different computer vision algorithms 
together to provide a streamlined workflow. For example, a first model could perform the function 
of determining whether the image fits the requirements specified (e.g. whether this is a residential 
structure) then another classifier model could then classify the damage level of the structure. Some 
existing work has already taken to the integrated approach of using both ground-level imagery data 
and satellite imagery data [24]. We could also explore having a method of isolating the home structure 
first, before running it through the damage severity classifier. 

Since artificial intelligence and computer vision are rapidly developing fields, there are also 
many new models and variants that could be explored and used in image classification tasks in 
addition to the ViT model. There is a great opportunity to conduct an even more thorough survey on 
the performance of different image classification datasets on this dataset. 

From a workflow standpoint, we hope that, as the research project progresses, an actually 
deployed version of the application could be fully utilized by disaster response staff, like those at 
FEMA, as well as the disaster survivors directly. A tool like this would helpfully cut down the time 
and resources needed to conduct a PDA, so that survivors could receive help as soon as possible. This 
would also better incorporate citizens into the disaster workflow, as proposed by some existing 
research [25]. 

5. Conclusion 

The paper contributes to the artificial intelligence and computer vision research literature, 
especially the subfield that focuses on the application to humanitarian assistance and disaster 
response, in the following ways: 1) the dataset proposed here is the largest of its kind (ground-level 
wildfire-based structure damage imagery) labeled by professional damage assessors, 2) the Vision 
Transformer-based classification model trained on the dataset has higher accuracy than other models 
publicly made available, and 3) the web application built on top of the model has been used by actual 
in-field professionals, providing an applied perspective previously not seen in the literature, at the 
time of this writing. While many steps can still be taken to further improve the dataset, the model 
and the application, the project aims to serve as a first step into providing a new perspective on 
integrating computer vision technology into the field of disaster management.  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 February 2024                   doi:10.20944/preprints202402.0986.v1



 13 

 

Author Contributions: For research articles with several authors, a short paragraph specifying their individual 
contributions must be provided. The following statements should be used “Conceptualization, K.L.; 
methodology, K.L.; formal analysis, K.L.; investigation, K.L.; data curation, K.L.; writing—original draft 
preparation, K.L.; writing—review and editing, K.L.; visualization, K.L.; supervision, I.L. All authors have read 
and agreed to the published version of the manuscript.” 

Funding: This research received no external funding. 

Institutional Review Board Statement: Not applicable. 

Informed Consent Statement: Informed consent was obtained from all interviewees involved in the study. 

Data Availability Statement: The dataset used in this research has been published to an open source platform 
Zenodo: https://zenodo.org/records/8336570. 

Acknowledgments: The authors would like to thank personnel at FEMA for their feedback on the development 
of damage severity classifier, as well as support with data acquisition, specifically Andrea Levy, Christopher 
Frommann, Christopher Stewart, and Grayson Harris. The authors would also like to thank the GIS team at Cal 
Fire and the Defense Innovation Unit at the Department of Defense for guidance and advice. 

Conflicts of Interest: The authors declare no conflict of interest. 

References 

1. World Meteorological Organization. (2021, August 31). Weather-Related Disasters Increase over Past 50 
Years, Causing More Damage but Fewer Deaths. Press Releases. WMO Press Release 

2. UN Environment Programme. (2022, February 23). Spreading like Wildfire: The Rising Threat of 
Extraordinary Landscape Fires. UNEP Report 

3. Cal Fire Department of Forestry and Fire Protection, State of California. (n.d.). 2020 Incident Archive. Cal 
Fire Incident Archive 

4. Stanford Computer Vision Lab. (n.d.). Stanford Computer Vision Lab 
5. Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. 

arXiv preprint arXiv:1409.1556. 
6. He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image recognition. Proceedings of 

the IEEE conference on computer vision and pattern recognition. arXiv:1512.03385. 
7. Zhuang, F., Zheng, C., Li, C., & Xu, K. (2020). A comprehensive survey on transfer learning. Proceedings 

of the IEEE, 109(1), 43-76. IEEE Xplore 
8. Pan, S. J., & Yang, Q. (2010). A survey on transfer learning. IEEE Transactions on Knowledge and Data 

Engineering, 22(10), 1345-1359. DOI:10.1109/TKDE.2009.191 
9. Dosovitskiy, A., et al. (2021). An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. 

International Conference on Learning Representations. arXiv:2010.11929 
10. Beduschi, A. (2022, June 1). Harnessing the Potential of Artificial Intelligence for Humanitarian Action: 

Opportunities and Risks. International Review of the Red Cross. DOI:10.1017/S1816383122000183 
11. Amit, S. N. K. B., et al. (2016). Analysis of satellite images for disaster detection. IEEE International 

Geoscience and Remote Sensing Symposium (IGARSS). IEEE. IEEE Xplore 
12. Doshi, J., Basu, S., & Pang, G. (2018). From satellite imagery to disaster insights. arXiv preprint 

arXiv:1812.07033. 
13. Voigt, S., et al. (2007). Satellite image analysis for disaster and crisis-management support. IEEE 

Transactions on Geoscience and Remote Sensing, 45(6), 1520-1528. DOI:10.1109/TGRS.2007.902952 
14. Barnes, C. F., Fritz, H., & Yoo, J. (2007). Hurricane disaster assessments with image-driven data mining in 

high-resolution satellite imagery. IEEE Transactions on Geoscience and Remote Sensing, 45(6), 1631-1640. 
DOI:10.1109/TGRS.2007.895139 

15. Nia, K. R., & Mori, G. (2017). Building Damage Assessment Using Deep Learning and Ground-Level Image 
Data. 2017 14th Conference on Computer and Robot Vision (CRV). DOI:10.1109/CRV.2017.54 

16. Nguyen, D. T., et al. (2017). Damage Assessment from Social Media Imagery Data during Disasters. 
Proceedings of the 2017 IEEE/ACM International Conference on Advances in Social Networks Analysis 
and Mining 2017. DOI:10.1145/3110025.3110109 

17. Zhai, W., & Peng, Z. R. (2020). Damage Assessment Using Google Street View: Evidence From Hurricane 
Michael in Mexico Beach, Florida. Applied Geography, 123, 102252. DOI:10.1016/j.apgeog.2020.102252 

18. Alam, F., et al. (2020). Deep learning benchmarks and datasets for social media image classification for 
disaster response. 2020 IEEE/ACM International Conference on Advances in Social Networks Analysis and 
Mining (ASONAM). arXiv:2011.08916 

19. Singhal, A. (2001). Modern Information Retrieval: A Brief Overview. Bulletin of the IEEE Computer Society 
Technical Committee on Data Engineering, 24(4), 35–43. IEEE Xplore 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 February 2024                   doi:10.20944/preprints202402.0986.v1



 14 

 

20. Rousseeuw, P. J. (1987). Silhouettes: a Graphical Aid to the Interpretation and Validation of Cluster 
Analysis. Computational and Applied Mathematics, 20, 53–65. DOI:10.1016/0377-0427(87)90125-7 

21. Weber, E., et al. (2022). INCIDENTS1M: A Large-Scale Dataset of Images with Natural Disasters, Damage, 
and Incidents. IEEE Transactions on Pattern Analysis and Machine Intelligence, 1–14. 
DOI:10.1109/tpami.2022.3191996 

22. Kaur, S., et al. (2022). A review on natural disaster detection in social media and satellite imagery using 
machine learning and deep learning. International Journal of Image and Graphics, 22(05), 2250040. 
DOI:10.1142/S0219467822500401 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those 
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) 
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or 
products referred to in the content. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 February 2024                   doi:10.20944/preprints202402.0986.v1


