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Abstract—Rapid assessment of damage and situa-
tional information is essential for effective restoration
and recovery following a natural disaster. Addressing
the current limitation with manual interpretation,
significant efforts have been made to automate the
process by leveraging satellite imagery with an
unbiased overhead view of pre- and post-disaster
scenarios. Existing approaches in segmenting and
classifying damaged buildings often fall short in
scenarios where damaged and undamaged buildings
coexist within close proximity. In this work, we
propose a two-stage disaster damage framework that
localizes buildings through segmentation and then
classifies the associated damage level at an object
level. The framework employs a Siamese Vision
Transformer (ViT-Small) backbone to create a rich
feature representation that is informed by the entire
scene. From this map, building-specific features are
extracted, enabling robust identification of subtle
and complex damage patterns often missed by pixel-
based models. Experimental results demonstrate a
localization F1 score of 0.8485 and a damage clas-
sification F1 score of 0.71, yielding an overall F1
score of 0.7507. These results surpass the baseline by
a significant margin and outperform existing state-
of-the-art solutions, while ensuring generalizability
under high class imbalance and domain shift.

Index Terms—Disaster damage assessment, Build-
ing segmentation, Vision Transformers, Siamese net-
works, Object-level classification, Remote sensing,
xBD dataset

I. INTRODUCTION

The devastating consequences of natural disasters
on human life and infrastructure can be mitigated to
a great extent if accurate situational information can
be achieved in a timely manner. Satellite imagery
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Fig. 1: Pre-(left) and corresponding Post-disaster
satellite image from Hurricane Florence.

is capable of capturing spatial patterns of affected
areas such as flooded regions, wildfire spreads,
or structural damage caused by earthquakes and
storms. They can be used as a critical tool for
Natural Disaster Management (NDM) by guiding
emergency operations and prioritizing resource al-
location to expedite the restoration of normalcy
within the affected community [1]. A number of
benchmark datasets, including Open-EarthMAp [2],
INRIA [3], WHU-OHS [4] and xBD [5] have been
introduced to accelerate progress in this domain.
However, the bottleneck with the current analysis
scheme has been the amount of time human subject
matter experts take to identify the damaged areas,
taking hours/days, where time is of the essence in
this scene.

In the past few years, Deep Learning (DL) al-
gorithms have emerged as a powerful tool applied
to a wide range of applications in computer vision,
including object detection and image segmentation.
While their application has been predominantly
centered around medical applications [6], their po-
tential extends beyond the limits of healthcare.



The ability of DL models to learn hierarchical
features automatically makes them highly suited
for analyzing complex satellite imagery. DL al-
gorithms highly rely on large-scale, high-quality
pre-and post-disaster satellite imagery with fine-
grained annotations. One major challenge in real-
world disaster management is the adaptation of
the DL models in diverse geographical contexts,
disaster types, and environmental conditions. The
practicality of the DL models is evaluated on their
ability to generalize in cross-domain and disaster
types [7]. The xBD dataset plays a vital role in
this context as it provides pre- and post-disaster im-
ages across 16 geographical regions and 7 disaster
types with more than 800,000 annotated buildings
covering different levels of damage. The damage
assessment task is divided into two sub-tasks: 1.
Localization/Segmentation, and 2. Damage classifi-
cation. The baseline model was provided by Gupta
et al.[8], integrating both the task where the seg-
mentation was done by a modified U-Net, achieving
an Intersection over Union (IoU) score of 0.66 and
an F-1 score of 0.80. The classification task, on the
other hand, is a much complex one and utilizes a
modified ResNet50, providing an overall weighted
F1 score of 0.2564 [8]. Since then, it has been a
central challenge in the field. Many of the works
focused either on segmentation or classification.
Relatively few of them demonstrate the ability to be
generalizable across multiple categories of disasters
and locations.

Another crucial aspect was brought to attention
in a very recent work by the authors in [9]. They an-
alyzed the top-5 solutions of the x View2 challenge
and indicated a common bias of over-reliance of the
methods on correlative features. Almost all of the
challenge winners focused on pixel-level ( a region
of damage) F1 scores, while it is more important
to assess the damage at a building (object) level. In
our work, we tried to address these gaps by -

o Developing a disaster damage detection frame-
work for the xBD dataset evaluated across
the ground truth of the pre- and post-disaster
sets. Our framework is trained and tested for a
global dataset, thus it is generalizable through
cross-region and domain datasets.

¢ Our framework incorporates a two-stage robust
model that takes raw high-resolution satellite
imagery as input and performs segmentation
and classification at an object level.

o We compared our best performing model with
the state-of-the-art Deep Learning models used
for the same dataset for both Localization and
Damage Classification, and got a significant

increase in the overall model performance.

II. LITERATURE REVIEW

Transfer Learning has been a popular choice
among researchers in this domain for its learning
ability from limited annotated data. Bouchard [17 ]
and Calton [16] used established transfer learning
techniques for damage assessment in natural disas-
ters. In their work, Bouchard et al. argue about the
generalizability of the xView2 challenge to capture
damage in the context of global diversity, pointing
to the false performance ceiling in the existing
solutions. They also estimate the minimal number
of annotated samples(as few as 1500 annotated
buildings) to boost the performance of the fine-
tuned model. In their attempt to enable transfer
learning models in damage detection, Calton et
al. demonstrate that the performance of MobileNet
consistently outperforms the other models for their
in-house dataset for both binary and multi-class
flood damage detection. Wang et al.[12] proposed a
Transformer-based semantic segmentation method
for fine-resolution remote sensing images. They
replaced the traditional FCN backbone with a Swin
Transformer to better capture long-range contextual
information. Additionally, a hybrid dual-encoder ar-
chitecture combining Swin Transformers and CNNs
was introduced and evaluated on the Vaihingen
and Potsdam datasets, demonstrating improved seg-
mentation performance. U-Net-based architecture,
including attention mechanism, has also proved to
be useful for the change detection task in several
past works [14]. The work in [14] uses a unified
framework that integrates building segmentation
with damage classification in the context of the
xView?2 challenge. Their two-step model with Pre
& Post concatenation and disaster label approach
achieved a combined F1 score of 0.66, substantially
surpassing the xView2 baseline of 0.28, and was
among the first to explicitly aim for generalization
across multiple disaster types. The authors explored
both end-to-end architectures and a two-stage archi-
tecture where their best model combines a semantic
segmentation CNN for building detection and a
classification network for damage level prediction.
One of the major shortcomings of their work lies
in its persistent difficulty in distinguishing fine-
grained damage categories, which creates an open
challenge for further development and scalability.

III. DATASET

We’ve used the publicly available xView2
dataset. The total number of 2799 RGB square
images is paired in pre/post- disaster sets identified



Fig. 2: Number of image pairs per disaster type and
its split.
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Fig. 3: Number of damaged buildings for each
damage class.

by matching numerical IDs for each set along with
their corresponding ground truth mask, whereas 933
pairs of pre-and post-disaster satellite images are
available in the test set. The size of the images is
1024 X 1024 pixels. The damage level associated
with the dataset is a joint damage scale ranging
from 0 (no damage) to 3 (destroyed). The ground
truth masks are only available for the training set.
An example of the pre- and post-disaster image can
be seen in Fig.1. A notable characteristic of the
dataset is its inherent imbalance towards one class,
which can be depicted in Fig.2 through the building
count per damage class. A complete pair counts by
specific disaster type for the 10 different disasters
present in the dataset is shown in Fig.3.

IV. METHODS

Our framework consists of a two-stage model
optimized to treat the building segmentation and
damage classification as two distinct tasks (Fig.4).

A. Model Architecture

Building Segmentation Model: We tried and
tested on several architectures and finally used the
DCSwin Building Localizer as our segmentation
model in stage 1. The DCSwin transformer is
a state-of-the-art architecture specifically designed

Fig. 4: Two-stage model architecture. Stage 1:
Building Segmentation, Stage 2: Damage Classi-
fication

for semantic segmentation. The module was intro-
duced by Wang et al. in [10] and was implemented
on the ISPRS (Vaihingen and Potsdam datasets).
It combines the power of a Swin Transformer
backbone with a specialized decoder. The DC in the
name comes from this novel decoder, the Densely
Connected Feature Aggregation Module (DCFAM).
This hierarchical approach was well-suited for our
xDB dataset with some modest variation to pre-
cisely identify building footprints from a single
image. We can visualize the results from the seg-
mentation model in Fig.5.

Building Classification Model: The baseline
model proposed by Gupta et al. [8] uses a ResNet-
50 backbone pre-trained on ImageNet and addi-
tional features from a Shallow CNN for dam-
age classification. The correlation of the building’s
damage score to that of its nearest neighbor is
0.763, and they tend to be very close to each other.
Including the baseline, all the top-scoring solutions
of the xView2 challenge are indifferent to damaged
buildings in undamaged surroundings, as they focus
on a pixel-level (damaged region-based) detection.
Our proposed ImpactNet does this damage classi-
fication by finding buildings in a mask first, and
classifies the damage level of each building indi-
vidually on an object level, contrary to the popular
RescuNet architecture that predicts a class for every
single pixel in the entire image. The model utilizes
a Siamese network with a ViT-small backbone to
classify the damage level of individual buildings
by comparing the pre-and post-disaster images.
The siamese structure is fundamentally suited for
change detection, whereas the Vision Transformer
architecture allowed the model to capture global
relationships across the entire image patch, which
is critical for subtle, large-scale damage patterns.
The ViT-Small variant provides a strong balance
between performance and computational efficiency
of our model.

It processes pre- and post-disaster image patches



Fig. 5: Semantic Segmentation results on validation
Set

of each building through the Siamese ViT-Small
backbone with shared weights, extracting rich vi-
sual features independently for each temporal input.
Region-specific features are obtained via ROI Align
and concatenated to form a unified representation,
which is passed through an MLP classification head
to predict damage levels. The model is trained using
Cross-Entropy Loss, with gradients backpropagated
through the entire network and weights optimized
via AdamW, enabling the Siamese backbones and
classification head to learn features relevant for
accurate building damage assessment.

V. EXPERIMENT
A. Loss Function

Our segmentation module uses a joint loss func-
tion combining the overlap maximization of dice
loss and the hard example mining property of focal
loss, making it suitable for performing under high
class imbalance and complex segmentation.

Ejoint = a Lpice + 5 LFocal (D

where o and [ are weighting coefficients that

balance the contribution of each component.

o Dice Loss: In segmentation tasks, the extreme
scarcity of foreground examples often biases
the network toward predicting the background.
To address this issue, Dice Loss was proposed
[11] to balance the contribution of foreground
and background classes. It is defined as:
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where p; € [0,1] is the predicted probability
for pixel i, g; € {0,1} is the ground-truth
label, IV is the total number of pixels, and e is
a small constant to prevent division by zero.

e Focal Loss: Focal Loss, proposed by Lin et
al [12], addresses class imbalance by refining
cross-entropy loss with a modulating factor
that reduces the loss for well-classified exam-
ples and emphasizes harder ones:

£Dice =1- (2)
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where 7 is the predicted probability of the true
class and « is a focusing parameter. In this
work, Focal Loss is applied to mitigate the
imbalance in the xBD dataset.

 For our primary contribution, the damage clas-
sification module (ImpactNet), we employed
a Weighted Cross-Entropy Loss to address
the significant class imbalance inherent in the
xBD dataset. The standard Cross-Entropy Loss
is defined as:

C
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where C' is the number of classes, y. is a
binary indicator (0 or 1) of whether class c is
the correct class for a given sample, and . is
the predicted probability for class c. However,
this formulation can be biased towards the
majority class.

To mitigate this, our method introduces a coef-
ficient w, for each class, yielding the Weighted
Cross-Entropy Loss:

C
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The weights w, were calculated to be inversely
proportional to the class frequencies in the
training set. This strategy compels the model
to assign a higher penalty to errors made on the
under-represented damage classes (minor, ma-
jor, and destroyed), preventing it from simply
defaulting to the majority ‘“no-damage” class
and leading to a more robust and effective
model.

B. Evaluation Metrics

Mean Intersection-Over-Union (mloU) and a
Weighted F1 score (30% segmentation F1 score
+ 70% classification F-1 score to comply with
the xView2 challenge) were used to evaluate the
performance of the model. mloU was used as the
primary metric to evaluate segmentation quality. We
also used Overall Accuracy (OA) in this part. The
weighted F1 score balances precision and recall in
a harmonic mean, which is well-suited for imbal-
anced datasets. The formula to obtain the F1 score
is mathematically expressed as follows:

TP

P .. _
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(6)



Fig. 6: Visualization for Building Damage Classi-
fication
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where T'P is the number of true positives (rate
of positive instances correctly classified), F'P is the
number of false positives (rate of negative instances
misclassified), and F'N is the number of false
negatives (rate of positive instances misclassified).

C. Training Details

The segmentation model was trained for 70
epochs with a batch size of 8 (training) and 4
(validation) using a Lookahead-AdamW optimizer.
The learning rate was set to 5x 10~ for the decoder
and 5 x 107> for the pre-trained backbone, with
a LinearLR warmup for 10 epochs followed by
CosineAnnealingLR. To improve model generaliza-
tion and prevent overfitting, we utilized a robust
data augmentation pipeline during training, which
included random horizontal flips, vertical flips, and
color jittering to alter the brightness, contrast, and
saturation of the input images.was strong regular-
ization (weight decay 0.01, Lookahead, joint loss)
were used to mitigate overfitting. Training was im-
plemented in PyTorch Lightning, with training im-
ages randomly cropped to 512x512. Performance
metrics for segmentation classes are summarized

in TABLE 1. The damage classification model was
trained for up to 400 epochs with a batch size of 12
using the AdamW optimizer with a weight decay
of 1 x 10™%. The initial learning rate was set to
1 x 10~* and scheduled using CosineAnnealingLR.
Input images were resized to 512x512 pixels, with
data augmentation including random horizontal and
vertical flips and ColorJitter (brightness, contrast,
saturation, hue). Overfitting was mitigated through
a dropout layer (p = 0.5) in the classification
head, weight decay, and strong data augmentation.
The Siamese architecture processed pre- and post-
disaster images in parallel, and the resulting fea-
tures were fused for final damage classification. The
classification report is summarized in TABLE II.

D. Test Results

With our two-stage model, we obtained a local-
ization F1 score of 0.8454 for building segmenta-
tion and 0.71 for damage classification. These met-
rics are combined to obtain an overall F1 score of
0.7507, which exceeds the xBD baseline by a large
margin. Our overall F1 score is also competitive
with other works leading the xView?2 leaderboard.
We got a 8.66% increase in the overall F1 score
compared to DeepDamageNet [14] and a 1.27%
increase compared with the ranked place 2 in Track
3 of the challenge [15].

TABLE I: Performance metrics for segmentation classes

Class Precision Recall F1-Score IToU

Background  0.9904 0.9898  0.9901 0.9804
Building 0.8457 0.8533 0.8494  0.7383
Average 0.9180 0.9215 09198 0.8593

TABLE II: Comparison of Baseline and Our Results

Damage Type Baseline Ours

F1 Prec. Rec. F1  Prec. Rec.
No Damage 0.6631 0.8770 0.5330 | 0.91 090 0.93
Minor Damage | 0.1435 0.1971 0.1128 | 0.51 0.59 0.45
Major Damage | 0.0094 0.7259 0.0047 | 0.65 0.62 0.67
Destroyed 0.4657 0.5050 0.4321 | 0.72 0.76 0.68
Macro F1 0.7066 0.70
Accuracy 0.8266 0.82

VI. CONCLUSION

In this work, we presented a two-stage disaster
damage detection framework that addresses key
limitations in existing approaches. Our framework
leverages a robust object-level strategy, first local-
izing buildings and then classifying damage for
each structure individually. This is powered by a
Siamese ViT-Small backbone, whose architecture
creates a rich feature representation that is informed



by the entire scene, from which building-specific
features are then extracted for a final, robust clas-
sification. By operating on individual buildings,
our method excels in complex environments where
damaged and intact structures coexist—a common
failure case for pixel-level models. Our experiments
demonstrate the success of this approach, achieving
a damage classification macro F1 score of 0.71,
which significantly surpasses the xBD baseline.
This object-level reasoning provides a more reliable
and interpretable tool for first responders, enabling
more efficient and targeted resource allocation in
the critical hours after a disaster. Future work can
be pursued along several promising avenues. To
directly boost classification metrics, further experi-
mentation with alternative backbone architectures
and advanced data augmentation techniques is a
clear next step. Additionally, a significant research
opportunity lies in combining uncertainty-aware
methods with our framework to provide confidence
scores for each damage classification, which would
further enhance its reliability and utility in real-
world scenarios.
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