
Climate Resilience through AI-Driven Hurricane Damage Assessments 

Deepank Kumar Singh, Vedhus Hoskere 
University of Houston 

dksingh@uh.edu, vhoskere@uh.edu 
 
 
 
 

Abstract  
Evolving hurricane patterns intensified by climate change are 
expected to exacerbate economic hardships on coastal 
communities. Climate resilience for these communities 
requires both the capability to recover rapidly from 
devastating storms, and the ability to develop an accurate and 
actionable understanding of vulnerabilities to reduce the 
impact of future storms. Available data from past storms can 
provide invaluable insight in addressing both these 
requirements. Post-disaster preliminary damage assessments 
(PDAs) are a crucial initial step toward a rapid recovery. 
They also provide the most accurate information on the 
performance of various types of dwellings after the storm. 
Traditional door-to-door inspection methods are time-
consuming and can hinder efficient resource allocation by 
governments in the aftermath. To address this, researchers 
have proposed automated PDA frameworks, often utilizing 
data from satellites, combined with deep convolutional 
neural networks. However, before such frameworks can be 
adopted in practice, the accuracy and fidelity of predictions 
of damage level at the scale of an entire building must be 
comparable to human assessments. To bridge this gap, we 
present an innovative PDA framework that leverages Ultra-
High-Resolution Aerial (UHRA) images alongside state-of-
the-art transformer models for multi-class damage 
predictions across entire buildings. Our approach leverages 
vast amounts of unlabeled data to enhance accuracy of 
prediction and generalization capabilities. Through a series 
of experiments, we evaluate the influence of incorporating 
unlabeled data, and transformer models. By integrating 
UHRA images and semi-supervised transformer models, our 
findings indicate that this framework overcomes critical 
limitations associated with satellite imagery and traditional 
CNN models, achieving an 88% multiclass accuracy, 
ultimately leading to more precise, efficient, and reliable 
damage assessments that are a first step towards building 
more climate resilient societies. 

Introduction    
As a result of climate change, warmer sea surface 
temperatures are driving the intensification of tropical storm 
wind speeds, amplifying their potential for damage upon 
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making landfall. Over the 39-year period from 1979 to 2017, 
a noteworthy shift has been observed, with an increase in the 
frequency of major hurricanes and a decrease in the number 
of smaller hurricanes. Looking ahead, predictive modeling 
by the National Oceanic and Atmospheric Administration 
points to a future marked by heightened occurrences of 
Category 4 and 5 hurricanes, accompanied by elevated 
hurricane wind speeds (Irish et al., 2014; Woodward & 
Samet, 2018). In the process of recovery, the initial crucial 
step following a hurricane is conducting Preliminary 
Damage Assessments (PDAs). Preliminary Damage 
Assessments (PDA) evaluate the extent of damage caused 
by disasters to buildings and are the first step in the post-
disaster recovery process. These damage assessments are 
necessary after disasters to ensure the safety of buildings and 
allocate government resources to homeowners. Due to 
Climate change, the increasing number of category 4 and 5 
hurricanes could potentially result in hundreds of thousands 
of IA applications (Reese 2018), overwhelming the 
available workforce and rendering the number of inspectors 
and support staff inadequate to meet the demands of 
comprehensive evaluations. There is thus a need for 
alternative methods that can help accelerate the PDA 
process.  
 Various data sources have been explored for their 
applicability in post-disaster damage assessments, satellites 
(optical and SAR) (Celik, 2009, 2010; Chen et al., 2021; 
Gupta, Goodman, et al., 2019; Kim et al., 2023; Lu et al., 
2018; Matsuoka & Yamazaki, 2004, 2005; Watanabe et al., 
2016), unmanned aerial vehicles (UAVs) (Ezequiel et al. 
2014; Aicardi et al. 2016; Mavroulis et al. 2019; Calantropio 
et al. 2021; Rahnemoonfar et al. 2022), and ground-level 
cameras (Hoskere et al. 2018; Narazaki et al. 2022; Khajwal 
et al. 2023). Satellite images are commonly used due to their 
wide availability, as seen in datasets like xBD which 
provides pre- and post-event satellite imagery with 
annotated building damage levels. However, satellite 
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imagery can be hindered by overcast conditions and limited 
resolution affecting accuracy. Researchers have proposed 
methods utilizing both pre- and post-disaster satellite 
imagery, though pre-disaster data may not always be 
available (Singh and Hoskere 2023). Synthetic Aperture 
Radar (SAR) images offer alternatives to optical satellite 
images, compensating for cloud occlusions but may face 
challenges in assessing individual buildings due to low 
resolution. UAV data offers high-resolution images, yet is 
constrained by flight time, coverage area, and weather 
conditions. Ground-level camera images provide close-up 
perspectives but struggle with scalability and accessibility 
issues. Each data type carries limitations, underscoring the 
need for thoughtful selection when enhancing post-disaster 
assessments. 

Post-processing methods, along with data sources, 
significantly influence assessment accuracy. Researchers 
have delved into heuristic and deep learning techniques for 
tasks like damage classification and change detection. 
Analysis often centers on bitemporal satellite images, 
capturing pre- and post-disaster states, enabling visible 
differences. Approaches encompass pixel-to-pixel 
comparisons (Celik 2010; Asokan and Anitha 2019) and 
deep learning (Bai et al. 2020; Lee et al. 2020; Abdi and 
Jabari 2021; Calantropio et al. 2021; Rahnemoonfar et al. 
2022). For instance, during Hurricane Michael, (Berezina 
and Liu 2022) employed a U-Net model for segmentation 

 
1 https://www.vexcel-imaging.com 

and a ResNet CNN architecture for classification, 
highlighting the superiority of deep neural networks over 
traditional classifiers. Similarly, introduced EBDC-Net 
(Hong Zhong 2022) to refine damaged building 
classification after earthquakes. Change detection studies 
usually involve limited damage classes, often binary. A 
recent study by Khajwal et al. (Khajwal et al. 2023) 
achieved an initial 55% accuracy using a single satellite 
image and an additional 10% boost through multi-view 
ground images. 
 We present a new PDA framework (Figure 1) that 
combines Ultra-High-Resolution Aerial (UHRA) imagery 
and semi-supervised learning to enhance multi-class 
damage classification accuracy. Our study explores diverse 
data types, contrasting our approach with current methods.  

Proposed Methods 
 
Our framework for PDA is illustrated in Figure 1. The 
process consists of four steps. Firstly, raw UHRA image 
data is collected by using an aircraft equipped with an ultra-
high-resolution image sensor, (e.g., UltraCam from Vexcel 
Imaging), typically within 2-3 days after a hurricane strikes. 
For instance, after Hurricane Michael, the data for an 85,000 
sq-km area across four states was published online in just 
over three days1.Then, the collected data is processed to 

Figure 1. Proposed PDA Framework 
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extract individual building crops in an automated fashion. A 
pre-trained transformer model is then fine-tuned on the 
unlabeled building crops in an unsupervised manner to learn 
the distribution of the newly acquired data. Finally, the fine-
tuned network is used to predict the damage class. Our 
research methodology involved in developing the proposed 
framework examined different data sources and deep 
learning architectures described in this section (Singh and 
Hoskere 2023). 

Data Sources, Collection and Preparation 
We compare the efficacy of images from two data sources: 
satellite images from Google Satellite Images2 and UHRA 
images from Vexcel Imaging4. In this study, we use a 5-class 
scale for building damage, numbered 0 to 4, representing the 
severity of the damage. 
 Our dataset was built using multiple online resources, 
including DesignSafe, the Google Maps Geocoding API and 
Vexcel Imaging. For the labeled dataset, NEHRI's 
DesignSafe website was utilized to obtain building 
coordinates and manually inspected damage class by 
Kijewaski-Correa et al. (Kijewski et al. 2018). The Google 
Maps Geocoding API was then employed to get the building 
footprint as a polygon. Finally, the Vexcel imaging API was 
used to extract the corresponding image and associate it with 
its respective damage class. These images are extracted 
using the input of the time of the event and a building 
polygon. Following this procedure, 1072 labeled images and 
16800 unlabeled were extracted, Figure 2 presents a sample 
of each class from the extracted dataset.  

 
2 https://earth.google.com 

UHRA Image Data 
The UHRA images used in this study were acquired from 
Vexcel Imaging4. The images are captured via a fleet of 
fixed-winged aircraft equipped with the UltraCam, a high-
resolution camera system to capture up to 1.7 cm ground 
sample distance (GSD). UHRA images not only overcome 
the limitation of low-resolution satellite images (usually 30 
– 50 cm GSD) but can also be quickly acquired by aircraft 
over large area in a short span of time.  

Satellite Image Data 
The satellite images dataset used in this study was adopted 
from (Khajwal et. al. 2023), made publicly available on 
DesignSafe. The dataset consists of 500 labeled images 
(examples in Figure 2) extracted from Google Satellite 
Images. There are several other satellite datasets are 
available as open source, as discussed in the introduction 
section, such as the xBD dataset (Gupta 2019). However, we 
decided not to utilize this data because it classifies damage 
states into four different classes (no damage, minor damage, 
major damage, and destroyed), which deviates from the 
proposed 5-class scale.  

Deep Learning Architectures 
The Vision Transformer, also known as ViT, utilizes a 

Transformer-based architecture to classify images 
(Dosovitskiy et al. 2020). It operates by dividing an image 
into fixed-size non-overlapping patches, followed by a 
linear projection of each patch. Position embeddings are 
then added to each patch, and the resultant sequence of 

Figure 2. Samples for UHRA and satellite images with corresponding damage class. 
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vectors is passed through a standard Transformer encoder 
(Dosovitskiy 2020). The Transformer encoder includes a 
Multi-Head Self Attention Layer, a Multi-Layer Perceptron 
(MLP) Layer with Gaussian Error Linear Unit. Layer 
Normalization is applied before each of these layers. In our 
study, we used a pre-trained model trained on ImageNet 
(Deng et al. 2010) to speed up training, improve 
performance, and leverage learned representations. 

The Semi-Supervised Vision Transformer (Semi-ViT)  
(Cai et. al. 2022a) is a transformer-based model as the name 
suggests but utilizes unlabeled data along with labeled data. 
The semi-supervised learning pipeline comprises three 
stages: pre-training (Transfer learning (Bouchard Kalaitzis 
2022)), followed by supervised fine-tuning, and eventually 
semi-supervised fine-tuning.  

In our study, we used the same pretrained model and 
supervised training procedure as described in the previous 
section. During the semi-supervised fine-tuning phase, the 
exponential moving average (EMA)-Teacher framework is 
adopted. This choice was driven by the fact that recent 
results from (Cai et al. 2022) suggest that the EMA-Teacher 
framework provides better stability and achieves higher 
accuracy for semi-supervised vision transformers for 
classification tasks compared to the more commonly used 
FixMatch method. The EMA-teacher framework consists of 
two parallel networks, the student network and the teacher 
network, both of which are initialized as the fully supervised 
ViT model trained on labelled data.  

Experiments 
Examining the potency of unlabeled data, optimizing model 
architecture, and assessing various data types are pivotal for 
constructing an automated PDA framework. This study 
addresses three key research questions: (i) comparing CNN 
and Transformer architectures to pinpoint the superior 
predictor for damage class; (ii) gauging the impact of 
unlabeled data on predictive accuracy, hypothesizing its 
enhancement when combined with labeled data; and (iii) 
contrasting satellite and UHRA Image data in feature 
extraction and generalization. Models employ 85% of data 
for training and 15% for testing, summarized in Table 1. 
These findings bolster the refinement of accurate, resilient 
post-disaster damage assessment models. The ensuing sub-
section outlines the experiments crafted to test our 
hypotheses. 

Comparison of CNN and Transformer Model 
Architectures 
We contrasted CNN and transformer models to determine 
the more adept architecture. A Vision Transformer (ViT) 
model (Sat-ViT-100) was evaluated alongside a CNN model 
from (Khajwal and Noshadravan 2023) (Sat-CNN-100) 
(Table 1), ensuring equitable data usage for fair comparison. 

Semi-Supervised Learning with Unlabeled Data 
We explored model performance with limited labeled data 
and the potential of incorporating abundant unlabeled data. 
Two experiments were designed: UHR-Semi-100 with 
100% labeled and 100% unlabeled data, and UHR-Semi-50 
with 25% labeled and 100% unlabeled data (Table 1). These 
cases were compared against supervised baselines (UHR-
ViT-100 and UHR-ViT-25), simulating real-world 
scenarios where labeled data scarcity prevails. 
 

Name 
Data 

Source 
Model 
Type 

Train 
data (%) 

Method 

Sat-CNN-100 Satellite CNN 100 Supervised 

Sat-ViT-100 Satellite  (ViT) 100 Supervised 

UHR-ViT-100 UHRA  (ViT) 100 Supervised 

UHR-ViT-25 UHRA  (ViT) 25 Supervised 

UHR-Semi-100 UHRA  Semi-ViT 100 SS 

UHR-Semi-25 UHRA  Semi-ViT 25 SS 

SS = Semi-Supervised 
 

Table 1. Summary of experiments 

Comparison of Satellite and UHRA Image Data 
Types 
We quantitatively and qualitatively compared models 
trained on Satellite and Ultra-High-Resolution Aerial 
(UHRA) Images for damage classification. Two ViT models 
were trained on each data source and tested on both (Table 
2). 
 

Model Name Trained on Tested on 

ViT-UHR-UHR UHRA (213) UHRA (54) 

ViT-UHR-Sat UHRA (213) Satellite (54) 

ViT-Sat-Sat Satellite (213) Satellite (54) 

ViT-Sat-UHR Satellite (213) UHRA (54) 
 

Table 2. Summary of Inter-data Experiments 

Results and Discussion 
This section presents findings from three experiments 
detailed earlier, with results summarized in Table 3, 
providing insights for enhancing model performance and 
data selection in an automated PDA framework. 
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Name  A F1 P RC AUC 

UHR-Semi-100 88 88 89 88 96 

UHR-ViT-100 81 77 79 77 94 

UHR-Semi-25 81 83 84 82 91 

Sat-ViT-100 73 72 72 73 88 

UHR-ViT-25 71 68 70 68 91 

Sat-CNN-100 55 54 55 55 78 
*A = Accuracy, F1 = F1 score, P = Precession, RC = Recall, 
AUC = Area under the ROC curve, all values in % 
 

Table 3. Performance report for different experiments 
 
Comparison of CNN and Transformer Model 
Architectures 
Comparing CNN and Transformer models, the transformer-
based architecture significantly outperforms the CNN-based 
model, exhibiting an 18% higher accuracy (Sat-CNN-100 
vs. Sat-ViT-100). The transformer model's reliability and its 
capability to surpass human-level accuracy on satellite 
images substantiate its suitability for practical applications. 
 

Model Name 
Accuracy 

(%) 
F1 

(%) 
Average AUC 

ROC (%) 
ViT-UHR-Sat 58 62 83 
ViT-Sat-UHR 41 39 76 

ViT-UHR-UHR 71 68 91 
ViT-Sat-Sat 67 66 91 

 
Table 4. Summary of Inter-data Experiments 

 
Semi-Supervised Learning with Unlabeled Data 

Through experiments UHR-ViT-100, UHR-Semi-100, 
UHR-ViT-25, and UHR-Semi-25, we demonstrate the 
effectiveness of semi-supervised training using unlabeled 
data. Notably, incorporating unlabeled data yields accuracy 
gains of 7% and 10% for UHR-ViT-100 and UHR-ViT-25, 
respectively (Figure 3). These results underscore the 
potency of semi-supervised training to enhance model 
performance by leveraging additional data. Confusion 
matrix (Figure 4) clearly demonstrates the discriminative 
capabilities in distinguishing between different classes and 
its consistent performance across all damage states.  
 

 
Figure 3: Learning Curve for Experiments UHR-Semi-25 

and UHR-Semi-100 

Comparison of Satellite and UHRA Data  
Evaluating satellite and UHRA data, models trained on 
UHRA images exhibit better generalization capabilities. 
The results are all the experiments are summarized in Table 
4. According to the experimental results, the model trained 
on UHRA images and tested on satellite images yielded the 
AUC-ROC of 83%, whereas the model trained on satellite 
images and tested on UHRA yielded 76%. The analysis of 
Class Activation Maps (CAMs) (Figure 5) further confirms 

 
Figure 4: Confusion matrix for UHR-Semi-100 
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the model's robustness in utilizing UHRA images for 
accurate damage assessment. These results affirm the 
practical significance of UHRA imagery in enhancing the 
framework's overall performance. 

Conclusions 
Developing an efficient, accurate, and automatic 
preliminary disaster assessment (PDA) is necessary for the 
speedy recovery of affected communities. Our research 
makes novel contributions towards such an assessment by 
incorporating (i) Ultra High-Resolution Aerial (UHRA) 
images, (ii) large amounts of unlabeled data with semi-
supervised learning, and (iii) vision-transformer models. 
Our best model uses a semi-supervised vision transformer 
with UHRA data and achieved an 88% 5-class accuracy, 
improving over prior state-of-the-art supervised CNN model 
with satellite data by 33%. Notably, unlabeled data 
improved supervised vision transformer model accuracy by 
10% for the model trained on just 213 labelled images. 
When comparing supervised models on satellite data as 
well, the vision transformer performed significantly better, 
producing a 73% accuracy compared to 55% using a CNN. 
Additionally, our experiments reveal that the inclusion of 
UHRA images during training not only improves the 

model’s capacity to adapt to satellite data but also enhances 
the model’s proficiency in distinguishing between different 
classes. The findings of this study will greatly expedite and 
enhance both post-disaster assessment and the overall 
recovery process and enable more climate resilient 
communities.  
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