Rapid Disaster Damage Assessment Using Deep
Adversarial Sliced Wasserstein Domain Adaptation

Fatma AlNaimi', Abdulaziz Al-Homaid?, Ferda Ofli2,
Abdelkader Baggag?”*

nformation and Computing Technology Division, Hamad Bin Khalifa
University, Education City, Doha, 34110, Qatar.

2Qatar Computing Research Institute, Hamad Bin Khalifa University,
HBKU Research Complex, Doha, 34110, Qatar.

*Corresponding author(s). E-mail(s): abaggag@hbku.edu.qa;
Contributing authors: fat.nuaimi@gmail.com; abalhomaid@hbku.edu.qa;
fofli@hbku.edu.qa;

Abstract

Disasters vary greatly in their nature, severity and underlying distribution. A
streamlined model is crucial for assessing the impact of unexpected disasters.
Previous methods rely on training with historical disaster data to evaluate
the damage caused. However, in practice, this approach rarely achieves accept-
able performance due to domain shift. Therefore, existing models need to be
adapted to the emergent disaster quickly. A promising way to achieve this goal
is through unsupervised domain adaptation (UDA). To this end, many advance-
ments have been made toward better transferability of the model, including the
Domain Adversarial Neural Network (DANN), which utilizes adversarial training
to attain a domain-invariant feature extractor. The Adversarial sliced Wasser-
stein Domain Adaptation Network (AWDAN) further improves on DANN by
using sliced Wasserstein distance as a measure between the features extracted
from the source and target domains. Inspired by these advancements, we explore
the utility of UDA approaches in the disaster response domain. Specifically, we
perform extensive experiments on real-world images collected from Twitter dur-
ing four major disasters. We train a total of 216 models to benchmark six methods
across all possible source-target domain combinations. We improve the perfor-
mance of the previous state-of-the-art DANN-based method for rapid damage
assessment by enhancing it with a deeper backbone architecture to learn bet-
ter feature representations. Furthermore, we adopt AWDAN to more effectively
mitigate the distribution shift in data obtained from different disaster events.



Experimental results demonstrate that the proposed approach achieves statisti-
cally significant performance gains, with up to 11.4% improvement in F1-score
and 8.9% improvement in accuracy over the source-only model, consistently
outperforming several state-of-the-art domain adaptation frameworks, including
DANN, CORAL, MMD, and CDAN.

Keywords: Domain adaptation, Adversarial learning, Sliced Wasserstein,
Distribution shift, Disaster datasets, Damage assessment

1 Introduction

Rapid disaster damage assessment is a critical component of effective humanitarian
response. It enables organizations to prioritize resources, plan rescue operations, and
allocate aid where it is needed most. Traditional damage assessment methods, such as
ground surveys or manual analysis of aerial images, are often slow, resource-intensive,
and infeasible during large-scale disasters. However, when a disaster occurs, abundant
information becomes available on social media in the form of text messages and images.
If captured and analyzed efficiently, such information can be extremely valuable for
rapid disaster response. Manually studying this information can be time- and resource-
consuming whereas machine learning-based approaches can automate the process and
alleviate human effort. Some studies process social media text data to identify disaster
footprints and hot spots, whereas others analyze social media images to assess disaster
impact.

Most of these studies work well on the datasets that they were trained on in a
supervised manner. However, a model trained on past disaster data does not generalize
well on data coming from a new disaster. Even if the disaster type is the same, there
is usually a shift in data characteristics (i.e., distribution) that causes existing models
to underperform on unseen events. This shift can be due to many factors including
differences in scale of the impact, time of the year, or geographic location. In this situ-
ation, it is unrealistic to expect to collect and annotate additional data manually from
the emergent disaster event and train new models, especially when a rapid assessment
of the impact is vital in the early hours of the disaster. Therefore, a solution based on
unsupervised domain adaptation is more plausible since it can deal with the domain
shift problem by leveraging available datasets and models from past disasters.

Unsupervised Domain Adaptation (UDA) is a field in machine learning where the
target domain labels are not needed during training, reflecting a real-life situation
where classifying many unlabeled images from a new domain using available models.
Figure 1 illustrates a typical UDA scenario in the context of disaster response. On the
left hand side, we have images shared on social media during Hurricane Matthew, cat-
egorized into two groups: “damage” and “no damage.” This collection is referred to
as the Hurricane dataset. On the right, we have a similar set of images shared during
the Ecuador Earthquake. Unlike the Hurricane dataset, these images are unlabeled
and unorganized, forming what we call the Earthquake dataset. In this setting, the
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Fig. 1: An example of domain adaptation setting for rapid damage assessment

Hurricane dataset serves as the source domain, providing labeled data, while the Earth-
quake dataset represents the target domain, which lacks labels. UDA seeks to leverage
the labeled source data to train a model that can generalize effectively to the target
domain. By training the model on both the source and target datasets—using only
the source labels—it becomes capable of predicting labels for the target dataset. This
approach offers a practical and scalable solution for rapid disaster damage assessment
across different disaster scenarios.

Many algorithms have been proposed for UDA following different approaches. For
instance, divergence-based methods aim to align the distributions of source and target
domain features by measuring the statistical discrepancy between them [e.g. see 1, 2]
while reconstruction-based methods typically use an auxiliary reconstruction network
to learn an invariant representation between source and target domains [e.g. see 3, 4].
On the other hand, adversarial-based methods employ an auxiliary domain discrim-
inator network to measure domain discrepancy and learn domain-invariant feature
representations by forcing the domain discriminator to fail at distinguishing the source
and target domains [e.g. see 5, 6]. While the divergence-based approaches require deter-
mining the distance metric to consider the additional loss terms and tuning-related
hyper-parameters explicitly, the reconstruction-based methods necessitate training of
computationally expensive reconstruction sub-networks. And finally, adversarial-based
approaches combine domain adaptation and deep feature learning within one training
process which is susceptible to mode collapse.

These UDA algorithms have been successfully adopted in numerous fields such
as healthcare [e.g. see 7, 8], agriculture [e.g. see 9] and autonomous driving [e.g. see
10] among others. Specifically in the crisis informatics field, UDA methods have been
predominantly explored in NLP-based [e.g. see 11] and remote sensing-based stud-
ies [e.g. see 12]. However, their adoption for analysis of social media images in the
disaster context has been limited to only a few examples [13-15]. For instance, [14]
explored a divergence-based UDA method using first-order statistics (i.e., maximum
mean discrepancy (MMD) [16]) for classifying social media images as informative and
not-informative for humanitarian purposes, and later, they extended their work to



multi-source domain adaptation [15]. Whereas [13] applied an adversarial-based UDA
method called Domain Adversarial Neural Network (DANN) [6] to adapt model fea-
tures from source (past) disaster to target (emergent) disaster for damage severity
classi cation (i.e., damageand no-damage.

While these studies reduce the distribution shift across domains by learning
domain-invariant feature representations, they cannot guarantee that the category
distributions are also aligned (i.e., features belonging to the same class are mapped
nearby) across domains. To tackle this limitation, the Adversarial Sliced Wasser-
stein Domain Adaptation Network (AWDAN) [17] improves DANN [6] by adding a
new error measure based on the Wasserstein distance between the label classi cation
output of source and target features so that the learned features are more discrimi-
native with better inter-class separability and intra-class compactness characteristics.
Inspired by this trend, in this study we perform a comprehensive experimentation
with several state-of-the-art UDA methods including DANN and AWDAN to explore
the utility of UDA for rapid damage assessment during an emergent disaster. Put
speci cally, we extend the prior work [13] by (i) employing a ResNet [18] backbone
instead of a VGG [19] backbone in DANN, (ii) further adopting a more recent and
sophisticated approach, i.e., AWDAN, and (iii) providing baseline comparisons with
other popular UDA methods such as CORAL [20], MMD [21], and CDAN [22] for the
task at hand. Our results show that we can improve the overall accuracy on the dis-
aster damage assessment task against prior art [13] by 5.9% when we employ DANN
with a ResNet backbone, and by 7.6% when we employ AWDAN with a loss based
on optimal transport, computed e ciently using the sliced Wasserstein approach [23].
Additionally, the resulting model achieves roughly 1-3% improvement in F1-score and
accuracy over the benchmark UDA methods (i.e., CORAL, MMD, CDAN), thanks to
its ability to seek alignment both in the feature space and in the label space.

In summary, the main contributions of the paper are as follows:

1. We improve the performance of the previous state-of-the-art DANN-based
method [13] by replacing its backbone with a deeper network architecture to learn
better feature representations. This leads to an average improvement of 6.4% in
F1-score (i.e., 77.7 vs. 82.7) and 5.9% in accuracy (i.e., 76.1 vs. 80.6).

2. We adopt the Adversarial Sliced Wasserstein Domain Adaptation Network
(AWDAN) for rapid disaster damage assessment for the rst time to better mit-
igate the distribution shift in data obtained from di erent disaster events. This
leads to a further improvement of 1.8% in F1-score (i.e., 82.7 vs. 84.2) and 1.6% in
accuracy (i.e., 80.6 vs. 81.9).

3. The proposed method achieves the best performance with an average improvement
of 11.4% in F1-score (i.e., 75.6 vs. 84.2) and 8.9% in accuracy (i.e., 75.2 vs. 81.9)
over the source-only (lower bound) model. It outperforms the prior art [13] by 8.4%
in F1-score and 7.6% in accuracy as well as other strong baselines such as CORAL,
MMD, and CDAN by 1.2-2.9% in F1-score and 1.0-3.0% in accuracy.

This manuscript extends the work in [24], which initially investigated the use of
adversarial Sliced Wasserstein domain adaptation for disaster image analysis. Building



upon that foundation, the present study performs extensive experiments on real-
world images collected from Twitter (now X) during four major disasters. A total

of 216 models are trained to benchmark six domain adaptation methods across all
possible source-target domain combinations, o ering a broad empirical assessment
of cross-domain performance. In addition, the study broadens the scope of prior
work by employing a deeper backbone architecture to enhance feature representation
learning and conducting an extensive comparative analysis against six state-of-the-
art domain adaptation frameworks. These advancements collectively strengthen the
methodological rigor and empirical signi cance of the research.

The rest of the paper is organized as follows. Section 2 provides a brief overview of
the existing work. Section 3 introduces the methodology used in this study. Section 4
presents the experimental results and analyses. Section 5 provides a discussion on the
results and ndings. Finally, we conclude the paper in Section 6.

Reproducibility. To support independent replication and further research, we
publicly release the source code, datasets, trained model weights, and detailed
reproduction instructions. The code is available at https://github.com/abalhomaid/
disaster-assesment, and the datasets/model weights are available at https:/
huggingface.co/datasets/abalhomaid/disaster-damage-assessment.

2 Related Work

This study explores the use of unsupervised domain adaptation for crisis informatics.
Hence, we present a brief overview of the literature on these two topics separately.

2.1 Crisis Informatics

Crisis informatics is regarded as the combination of computation and social science to
address crisis-related problems [e.g. see 25]. After the widespread adoption of social
media platforms, a major focus of research has been on processing the social media
data streams during emergencies. Early studies in this domain relied predominantly
on analyzing the textual social media content to accomplish tasks such as event
detection, eyewitness identi cation, crisis communication, and gathering actionable
information [26{30]. Furthermore, many notable systems have been developed in this
space [31{33].

Later on, there has been a growing interest in the analysis of social medigisual
content during crisis. Many studies have shown that social media images can play a
signi cant role in reducing information overload, detecting disaster events, and damage
assessment [34{36]. Such models were also deployed in many real-time systems used
by emergency responders [e.g. see 37]. Most recently, multimodal learning frameworks
have been adopted to gain information about disasters by jointly analyzing social
media text messages and images [e.g. see 38, 39].

It is important to note that most of the aforementioned studies follow a supervised
learning paradigm. However, gathering annotations through crowd-sourcing for train-
ing supervised machine learning models remains to be challenging, especially during
emergencies, in contrast to the ease of collecting large volumes of social media images.
On the text analysis side, there are a few approaches in crisis informatics aiming to



automatically adapt the existing models to new datasets with limited labels or without
labels [11, 40{43]. However, on the image analysis side, research has been limited to
a handful of studies [13{15]. For instance, [14, 15] presented a divergence-based UDA
method based on maximum mean discrepancy (MMD) to identify informative social
media images whereas [13] used adversarial domain adaptation in the feature space
to classify damage severity in images collected from four natural disasters including
earthquakes and hurricanes. Unlike these methods, this study minimizes the discrep-
ancy between source and target domains by aligning distributions both in the feature
and label space using an e cient optimal transport metric such as sliced Wasserstein
distance [23].

Although the above studies motivate image-based disaster assessment, our focus
is on cross-event transfer We therefore connect this line of work to generic UDA
frameworks that can be adapted to noisy, rapidly evolving social-media imagery, and
evaluate them under a protocol tailored to disaster damage classi cation.

2.2 Unsupervised Domain Adaptation

Machine learning models trained in a supervised fashion on a (seen) source domain
tend to perform worse on a new (unseen) target domain due to domain shift [44].
To remedy this, unsupervised domain adaptation (UDA) aims to enable cross-domain
learning without target domain labels by transferring knowledge from a labeled source
domain. There are three main class of UDA approaches: divergence, reconstruction,
and adversarial.

Divergence-based methods align the distributions of source and target domains
by the distance between their data distributions using rst-order (mean) [1, 45, 46],
second-order (covariance) [20, 44, 47, 48], or higher-order statistics [2, 49, 50]. These
methods depend on selection of the appropriate distance metric. To this end, maxi-
mum mean discrepancy (MMD) [16] has been widely used to check if two sample points
belong to the same distribution [21, 51], but other distance metrics such as Wasser-
stein distance [23] has also been used to guide the domain alignment process [52, 53].
For instance, Correlation Alignment (CORAL) [20] minimizes domain shift by using
linear transformation of its original distributions to align the second-order statistics
of the source and target feature distributions whereas Maximum Mean Discrepancy
(MMD) [21] is used as a regularizer to align the distributions among di erent domains
to an arbitrary prior distribution.

Reconstruction-based methods use an auxiliary reconstruction network to learn
a shared (i.e., invariant) representation between source and target domains. These
models are simultaneously optimized for both classi cation of the source data and
reconstruction of the unlabeled target data [3, 4, 54, 55]. Alternatively, image-to-image
translation [56, 57] can be employed to align the source and target domain feature
representations [58{60].

Adversarial-based methods train a generator and a discriminator to di erentiate
between source and target datasets to learn invariant features for both domains, and
thus, improve the model accuracy [5, 6, 22, 61{65]. As one of the earlier meth-
ods, Domain Adversarial Neural Network (DANN) [6] performs adversarial training
of the feature extractor to confuse the discriminator, aiming to align the features



of source and target domains. Alternatively, Conditional Adversarial Domain Adap-
tation (CDAN) [22] employs conditional GANs to impose multilinear conditioning

on the discriminator and generator on discriminative information for a better match
across di erent domains. Adversarial Sliced Wasserstein Domain Adaptation Network
(AWDAN) [17] improves DANN by simultaneously minimizing the sliced Wasserstein
distance in the label space to enforce the generated features to be discriminative, so
that to guarantee the transfer performance.

While DANN and AWDAN are general-purpose UDA frameworks, our interest lies
in their application to image-based disaster assessmenwvhere models must trans-
fer across events quickly and reliably under social-media noise and class imbalance.
We therefore adapt and assess these methods under a uni ed backbone and evalua-
tion protocol tailored to cross-event damage classi cation. Under the same ResNet50
backbone and evaluation protocol, we additionally include CORAL [20], MMD [21],
and CDAN [22] as representative baselines for moment-matching and conditional
adversarial alignment.

Within image-based disaster assessment on ground-level/social-media imagery, we
prioritize methods that are directly comparable to our setting: cross-event damage
classi cation with label-preserving shifts. In this context, we focus on DANN [6]
and AWDAN [17] because they o er well-established, computationally e cient align-
ment mechanisms (adversarial invariance and sliced-Wasserstein geometry) that are
practical for rapid deployment during emergencies.

3 Methodology

This section presents the approach of domain adaptation neural networks for data from
di erent-but-close distributions. We elaborate particularly on two techniques, namely,
Domain Adversarial Neural Networks (DANN) [6] and Adversarial sliced Wasserstein
Domain Adaptation Network (AWDAN) [17].

To enhance clarity and reproducibility, we provide below a detailed formulation of
each domain adaptation component along with explicit optimization objectives and
gradient update rules. The notation is standardized across all subsections, and each
loss term is de ned in full. Furthermore, the corresponding training procedure, summa-
rized in Algorithm 1, speci es projection sampling, loss computation, and parameter
updates for complete reproducibility. These additions ensure that both the theoretical
foundations and the implementational details are fully transparent.

3.1 Domain Adversarial Neural Networks

Given labeled samples from a source distributiorD ¢ and unlabeled samples from a tar-
get distribution D¢, the goal of unsupervised domain adaptation is to learn a function
that solves the task for both the source and target domains. In this paper, we consider
classicationtasks' : X 'Y , whereX is the input space andY = f0;1;::;;L  1gis
the set of L possible labels. In particular, the proposed model is trained on both source
and target data jointly over X Y , i.e., with the assumption that both domains share
the label space and have di erent distributions, which lead to domain shift. The model,



therefore, aims to directly learn an aligned representation of the domains, in the fea-
ture space, while retaining meaningful information with respect to the source labels.
The ultimate goal is to train a cross-domain modelp(y j X ; ) with parameters that
can predict the label of any data point in the target dataset D without having any
information about class labels inD¢, simply by using the knowledge from the source
distribution Ds. In this setting, the hypothesis class is instantiated by a deep neural
network composed of a feature extractorGs and a label classi er Gy, which together
implement the conditional distribution p(y j X; ) on both domains. The central di -
culty lies in learning representations for which the induced feature distributions ofDg
and D, are su ciently close, while still preserving discriminative information for the
supervised task on the source domain. This intuition is formalized by domain adap-
tation theory, which relates the target risk to the source risk and a discrepancy term
betweenDg and D¢, and motivates the adversarial alignment strategies developed in
the following subsections.

Several theoretical studies of the domain adaptation problem have proposed upper
bounds on the risk of the target domain, involving the risk on the source domain and
the distance between the source and target distributionsD 5 and D. We justify these
methods intuitively by assuming that we expect the source risk to be a good indicator
of the target risk if both distributions are similar, in some sense. To this end, one
of the popular methods has been proposed by Ganin et al. [6] where they tackle the
unsupervised domain adaptation problem by introducing a domain adversarial training
scheme. Here, we speci cally consider the seminal works of Ben-David et al. [66, 67]
where the H-divergence between two distributions is de ned.

De nition 1 (H-divergence [66, 67]) Given two domain distributions Ds and Dt over X,
and a hypothesis classH (assumed to be binary), the H-divergence betweenDs and D¢ is

dy(Ds;Dt) = 2 sup Prob (h(x)=1) Prob (h(x)=1) ; (1)
hzh X D P h i
= 2sup Ex p, 1[h(x)=1] Ex b, 1[h(x)=1] ; @
h2H

where 1[a] is the indicator function which is 1 if the predicate a is true, and 0 otherwise.

It is di cult to estimate the supremum over the hypothesis class H. Ganin et al. [6]
suggested that even if it is generally hard to computedy (Ds; D) exactly (e.g., when
H is the space of linear classi ers onX ), we can easily approximate it by running
a learning algorithm on the problem of discriminating between source and target
domains. Therefore, it is proposed to train a domain classi erh on samplesxs 2 S
with label 0 and x; 2 T with label 1, i.e., we construct a new (domain labeled) dataset

U=f(xs;0005 [ (Xe;Dgl;; 3)

and the empirical H-divergence can be computed by nding a domain classier
that separates the source domain from the target domain, i.e., by minimizing the



classi cation error,

_hy X 1 X i
") min =" 1=+ — " 1h)=0] : )
Sx2s txoT

Equation (4) shows that when the classi cation error is small, it means that the
(domain) classi er clearly separates the two domains, and hence theH-divergence
is large, and vice-versa. It can be shown that an approximation to the empirical
H-divergence between the source and target domains, called the Proxs-distance
(see [66, 67]), is given by

da(s;T) =20 2'(h)); (5)

i.e., in order to get an approximation to the H-divergence between the source and
target domains, all that is needed is to compute the classi cation error and the Proxy
A-distance, dx (S;T).

3.2 Domain Adaptation Adversarial Learning

The theory suggests to have a good representation for cross-domain transferability,
i.e., the algorithm must not learn how to identify the input's original domain. To this
end, we want the model to learn discriminative and domain-invariant features at the
same time. We can achieve this by optimizing the features and two classi ers that will
operate on these features: (i) a label classi er that will predict the classi cation labels
during training and testing, and (ii) a domain discriminator that will discriminate
between source and target data during training. We optimize the parameters of the
classi er and the discriminator to minimize the training error for both. At the same
time, we optimize the deep feature mapping parameters to minimize the loss of the
label classi er and to maximize the loss of the domain discriminator. The loss of the
domain discriminator thus works adversarially, encouraging domain-invariant features
to appear during the optimization. In practice, this is realized by coupling the feature
extractor Gy with a label classi er Gy and a domain discriminator G4 in a three-branch
architecture optimized under a joint-objective that combines the label-prediction loss
Ly and the domain lossL 4. During training, the gradient of Ly with respect to the
parameters of G; is multiplied by a negative constant via a gradient reversal layer,
so that G; is updated to increase the domain classi cation error while still decreasing
Ly, thereby driving the empirical discrepancy betweenS(Gs ) and T (Gs ) toward zero.
We next formalize this construction by introducing the feature-space representations
S(Gt) and T (G¢ ) and the corresponding adversarial loss. To this end, our approach
is to design a feature extractor neural networkGs . Let us denote the source and target
feature representations as

(
S(Gr)= G (x)jx 2 Sg; (6)
T(Gi)=1Gi(x)jx 2 Tg, (7)



for which the H-divergence of a symmetric hypothesis classl between samplesS(Gy )
and T (G;) is given by

X
dh (S(Gr);T(Gr))=2 1 min ni [h(Gt (x)) = 0]+ [h(Gi(x))=1] (8)
Sx2s

n
Yot

Hence, in domain adversarial feature adaptation, the neural network aims to build
an internal representation that contains no discriminative information about the ori-
gin of the input (source or target), while preserving a low risk on the source (labeled)
examples. Therefore, the goal of the domain adversarial neural network model is to
train a (composed) deep neural network' : X 'Y that can predict labels for D by
employing the information obtained from Dg. In general, the approximating function
' () can be decomposed into two functions, i.e., = G, G, that includes a feature
extractor G; : X ! F that will map samples from input space X to feature spaceF ,
and a small classi er on top that predicts the target labels, i.e.,Gy: F = G (X) 'Y
to predict from feature space into label space. So learning is performed via empiri-
cal risk minimization, and the architecture is trained with a standard classi cation
objective to minimize:

X
L= (G (G )iy ©

S (xy)2s

with respect to any proper loss function “y(; ). We expect the function Gy to
generalize well to the target data when the distributions of source and target fea-
tures generated byG; are well aligned, i.e., there is less mismatch between the two
distributions.

The cascade of the feature extractorGs and the label classier Gy acts as a nor-
mal fully-connected feed-forward neural network that is trained and used to classify
an input sample x into one of the possible labels of the label spac¥. A softmax acti-
vation is used as the last layer of the label classi erGy , which models the probability
P(yjx); 8y 2Y of agiven input x 2 X . Additionally, domain adversarial training
introduces a domain prediction branch, which is another (binary) classi er G4 on top
of the feature extractor G; and whose goal is to approximate the domain discrepancy
to distinguish whether the features come from the source or the target domain. The
domain adaptation is achieved by training the feature extractor G; in adversary with
respect to the domain discriminator G4, which tries to distinguish the two domains.
This leads to the following training objective to maximize:

X X
La( i )= ni *4(Ga(Gr (X));8) + n—lt “a(Ge(Gr ()it (10)
Sx2s x2T

The domain discriminator G4 works as a logistic regression model that predicts
the probability that an input sample x comes from the sourceg=0if x 2 S) or the
target distribution (t =1 if x 2 T), where s (and t) denotes a binary variable that

10



Fig. 2 : The proposed architecture for DANN consists of a feature extractor and a
label classi er. To enable domain adaptation, a domain discriminator is added and
connected to the feature extractor by a gradient reversal layer (GRL) that multiplies
the gradient by a negative constant during back-propagation.

indicates the domain of the sample. Therefore,

log(l Gg(Gt(x)) ifx 2 S;

GG D= GG X)) dfx 2T 1D
The nal objective can thus be written as:
%L(f;y; d)ij(f;y)"' ala(f: a); 12)
5 £ y=argmin L( ¢ y; a); (13)
' g=argmax L(¢; y; a): (14)

Domain adversarial adaptation aims to learn domain invariant representations for
unsupervised domain adaptation by adversarially training the feature extractor G¢
and domain classi er (discriminator) Gq4. The adversarial domain adaptation can be
achieved by optimizing the classi cation lossLy( ¢; y) and domain adversarial loss
Lq( t; 4). The model utilizes a Gradient Reversal Layer (GRL) to confuse the features
generated from the feature extractorG;s , forcing it to produce features that are generic
to both datasets, as illustrated in Figure 2. The gradient reversal layer is introduced
to evaluate both gradients in one standard back-propagation step. It is added between
the feature extractor G; and the domain discriminator G4, as depicted in Figure 2.
The idea is that the output of G; is normally propagated to Gy, however during
back-propagation, its gradient is multiplied by 1.

We use this operation to force G to learn generic features that do not allow
discriminating the domains.

Augmented with the gradient reversal layer, the nal model is trained by mini-
mizing Equation (12), i.e., the sum of losses.y + 4Lg4, which corresponds to the

11



optimization problem in Equations (13){(14). Therefore,

@a(Ga(Gs (x5 ); a);d) _ @d(Ga(R(Gr (X; 1)) q);d).

@ - @ (15)
@4( 15 d) @R(Gt(X; 1)) @G(X; 1), (16)
@R(Gt(x; 1)) @G(X; 1) @ ’
@4( t; a) @G(x; 1),
@6t ' ) @ an
@4( 1; ) @G(X; 1),
@6 1) @ (18)

In other words, for the update of 4, the gradients of L 4 with respect to activations
are computed normally (minimization), but they are then propagated with a minus
sign in the feature extraction part of the network (maximization). This is implemented
by a function called detach() .

3.3 Wasserstein Domain Adaptation

Recent advances in adversarial training, e.g. [68], explain that by minimizing the error
under adversarial perturbations using a Wasserstein distance to the source can likely
bound the error on the target domain [69]. Wasserstein distance de nes a notion of
closeness between distributions. And in recent years optimal transport has become
popular in machine learning and image processing problems. For instance, it is used
to transform an image into another by nding the optimal way to change a histogram
distribution to another [70]. Wasserstein distance is a measure to nd the optimal
transport of one point to match the target point in a di erent distribution, and has
been used for an extensive variety of applications, including Bayesian inversion, image
retrieval, and clustering. One way of aligning domain distributions in feature space
is to add a loss function that measures the mismatch between source and target dis-
tributions into a deep learning process. In the context of this work, the Wasserstein
distance provides a principled way to quantify the cost of transporting feature repre-
sentations of samples from the source domain to those of the target domain under the
mapping induced by G; . Minimizing such a transport cost as an auxiliary regulariza-
tion term encourages the learned feature distributions to become closer in a geometric
sense, complementing the adversarial objective in promoting domain invariance. How-
ever, directly computing the Wasserstein distance in high-dimensional feature space
is computationally demanding and statistically fragile, which motivates the sliced
Wasserstein formulation introduced in the following subsection.

3.4 Sliced Wasserstein
Take Prob(R") to be the space of probability measures over Euclidean spade" . Then,
the 2-Wasserstein distance between distributions ; 2 Prob(R") is de ned as

h i
W2(; ):= inf E k 'S 1
2 ) ZIQ ;) (xyy) Y (19)

12



where ( ; ) denotes the space ofneasure couplings

The Wasserstein distance is hard to compute in a high dimensional space, and does
not generalize well, in the sense that the population distance, i.e., the expectation,
cannot be approximated by an empirical distance when there are only a small set of
samples. Therefore, projecting onto a low-dimensional subspace, mitigates the arti cial
e ect in high dimensions, and the distance of the projected samples re ects the true
distance.

Let S- ! denote the unit sphere in R-. Then, the sliced Wasserstein distance
between ; equals

SWA(; )= E Wi (proj, ; proj, )J; (20)

where proj, denotes the projection of the distribution onto the line through the
origin, in the Radon sense. In words, SW(; ) is the expected transport distance
between the projections of and onto arbitrary directions through the origin on
the unit sphere S- 1. Koulouri et al. have shown that the sliced Wasserstein distance
satis es the properties of non-negativity, symmetry, and sub-additivity, and hence it
is a true metric [71].

In our setting, the measures and correspond to the empirical label-prediction
distributions induced by the source and target batches, i.e., the pushforwards oK ¢
and X through the composition Gy Gf. By minimizing the sliced Wasserstein
distance between these distributions, the model is encouraged to align not only fea-
ture representations but also class-discriminative structure in the label space, thereby
promoting class-consistent transfer under cross-event shifts. In practice, we approx-
imate the expectation over directionsv S+ ! with a nite number m of random
projections, yielding the Monte Carlo estimator in Equation (21), which de nes a
di erentiable loss that can be optimized jointly with Ly and L4 in Equation (24).

One-dimensional transport distances between empirical distributions can be com-
puted in closed-form by sorting, see [72, Theorem 2.18]. We, therefore, approximate
the sliced Wasserstein distance by summing over the projections along random
directions suggesting an extremely straightforward and unbiased estimator for S\&

1 X . .
SWA(; ) WE(projy, 4 projy, "); (21)
k=1
where vi;:::;Vm S- 1 are drawn i.i.d., i.e., random unit vectors of sizeL, m is

the number of (random) projections, and 4 ~ are the corresponding empirical distri-
butions. Let + and + be permutations that sort the projected sample sets proj, »
and proj,, " respectively, i.e., (proj, ") @ (projy, M) @ (projy, ™) G0 -
Therefore,

X

. . 1 . . 2
WE(projy, & projy, =5 (o) o (ol o (22)
i=1

13



In the case of the proposed architecture, we have

1 XX

mnsg

2
Lsw(; y)= proj,, Gy(Gr (xs)) o proj, Gy(Gr (xt)) o (23)

k=1i=1

where Gy (Gs (Xs; ); y) and Gy(Gs (Xt; 1); y) are the label predictor's softmax

output of source and target domains; and proj, Gy (G (Xs)) is the one-dimensional

projection of Gy (Gt (xs)) onto the random unit direction vy S- 1, see Algorithm 1.
The nal objective can thus be written as:

LCrs oy a)=Ly(ss y)+ abaCs a)*+ sksw( s y): (24)

Hence, by applying standard (or stochastic) gradient descent, the domain adver-
sarial neural networks objective leads to the following gradient update rules (25){(27)

8
@ @i, G .
% f f @ ¢ @; T @ (25)
Qy @sw .
% y y @y t s @y ’ (26)
d d + éi?_di (27)

For neural networks, the gradients of the loss with respect to the parameters are
obtained with the back-propagation algorithm. The current system of equations is
very similar to the standard back-propagation scheme, except for the opposite sign in
the derivative of L4 with respectto 4 and ;. Therefore, running stochastic gradient
descent in the resulting model implements the updates of Equations (25){(27) and
converges to a saddle point of Equation (24).

Implementation details. In Algorithm 1, X g and X ; represent mini-batches of
source and target samples, each of size; and n;. The algorithm assumesng = n;
when the batch sizes di er, the larger batch is randomly subsampled to ensure one-to-
one correspondence of samples during projection. Each random directiony is drawn
uniformly from the unit sphere S- 1 RbY, and the projected valuesay = Av
and by = Bv (of size ng and n;) are sorted to approximate the one-dimensional
optimal transport distance. For clarity, the number of projections m is treated as
a xed hyperparameter (typically 64) rather than a stochastic variable. The sliced
Wasserstein loss is normalized rst by the number of samples and then by the number
of projections, in agreement with Equation (23). These explicit speci cations remove
ambiguity about dimensions, sampling, and normalization, ensuring that Algorithm 1
can be implemented reproducibly.

In summary, the proposed methodology integrates adversarial and optimal-
transport-based domain adaptation within a uni ed optimization framework. All loss
components, parameter update rules, and projection procedures are now presented
explicitly to ensure reproducibility. The accompanying Algorithm 1 provides a step-
by-step computational overview, while the following section (Section 4.2) complements
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Algorithm 1 Computation of the sliced Wasserstein losd. sy . The algorithm esti-
mates the discrepancy between source and target feature distributions by projecting
both into multiple random one-dimensional subspaces, sorting the projected samples,
and averaging their pairwise distances. All dimensions, sampling steps, and normaliza-
tion factors are speci ed explicitly to ensure reproducibility and correspondence with
Equation (23).

v ai = Gy(Gr (x&; 1) y) 2 RY and b= Gy(Gr (x{”; 1); y) 2 R

2 A = Gy(Gf (X)) 2 R™ L. al = A(ith-row), X s: batch of ns source samples

3 B = Gy(Gf(Xy) 2 R™ L, biT = B (ith-row), X {: batch of n; target samples

4: procedure Sliced-Wasserstein-Loss (A ;B ;p) .Ns=ny
5 m GeometricRandom (p) . m is the number of projections;p 2 [0; 1]
6 Initial Loss: Lsw( f; y) 0
7 for k 2 f1,:::;mgdo
8 Vi UniformRandom (S- ') . S ! denotes the unit sphere inR-
9 ay AV g . projection of A onto v
10: B Bv k . projection of B onto v
11: &y sorteday and by, sorted by
2
12: Lsw L sw + Fk&k bkk
13: end for °
SW
: return L —
14 SW m

15: end procedure

this by specifying all implementation details, hyperparameters, and hardware settings.
Together, these additions make the framework fully transparent and readily replicable
for future research.

4 Experiments

This section introduces the dataset and presents our experimental setup and results.
In addition, it provides insights based on further investigation of the feature spaces
and domain distribution discrepancy.

4.1 Dataset

The experiments were performed on a specialized dataset called Damage Assessment
Dataset (DAD) [36], which contains images collected from social media during four

di erent disaster events (i.e., domains): N epal Earthquake, Ecuador Earthquake, Hur-
ricane M atthew, and Typhoon Ruby. The dataset was originally labeled with three
damage severity classes: no damage, mild damage, and severe damage. Later, Li et
al. [13] leveraged this dataset to perform domain adaptation experiments in the dis-
aster domain. To simplify the task, they suggested merging severe and mild damage
categories and focused only on di erentiating between damage and no damage images
during domain adaptation. This approach addresses the challenge of information over-
load by Itering the most relevant content, enabling emergency response experts to
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Table 1 : Data distribution

Class Ecuador Matthew Nepal Ruby
No Damage 844 127 7919 400
Damage 933 206 11,183 433
Total 1,724 333 19,102 833
Ecuador Matthew Nepal Ruby
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Fig. 3 : Sample images from the Damage Assessment Dataset [36]

prioritize high-impact disaster images for detailed human analysis. Furthermore, by
focusing on binary classi cation, we ensure high accuracy and robustness in this study,
which are prerequisites for scaling the approach to include ner-grained severity lev-
els in the future. Table 1 shows the data distribution after the simpli cation. The
resulting dataset remains to be challenging as it is still signi cantly imbalanced across
disaster events (domains) and class distributions. For example, Nepal Earthquake has
19,102 images whereas Matthew Earthquake has only 333 images. Another factor is
the high variance in class distributions across events. For instance, damage class in
Nepal Earthquake is proportionally larger than it is in the other events. In order to
capture the full story, we perform experiments for all possible source-target domain
transfer tasks.

Figure 3 shows sample images from each disaster event for both classes. Since
the images were collected in real-time from social media, no damage images typically
include scenes with a ected individuals, public prayers, aid and relief e orts whereas
damage images usually show impacted objects and structures such as collapsed build-
ings, damaged roads, and submerged cars. This diverse nature of the classes makes
the classi cation task challenging, too.
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Table 2 : Learning rate and weight decay settings.

Model Learning Rate (LR) LR Decay LR Gamma Weight Decay (WD)
Source-only 0.001 0.75 0.001 0.001
CDAN 0.001 0.75 0.001 0.001
DANN 0.001 0.75 0.001 0.001
AWDANN 0.001 0.75 0.001 0.001
CORAL 0.0005 | | 0.0005
MMD 0.0005 | | 0.0005

4.2 Experimental Setup

Experiments were conducted using six di erent models. The rst model served as the
baseline and was trained solely on the source domain data, referred to as the source-
only model. A ResNet50 architecture [18] pre-trained on ImageNet was employed and
ne-tuned on the source domain data. The ResNet50 network was selected instead of
the VGG19 architecture used in prior work [13] due to its residual learning framework,
which enables deeper architectures and alleviates the vanishing gradient problem. This
design ensures better gradient ow during training, leading to higher accuracy on
a variety of benchmarks. Moreover, ResNet50 is more parameter-e cient, requiring
less memory and computational power while facilitating the learning of more complex
features through residual connections.

The source-only model was assumed to de ne the lower bound of performance,
as no target domain data were utilized during training. Once trained, it was directly
evaluated on the target domain data. The second model employed was the Domain
Adversarial Neural Network (DANN) [6], followed by additional state-of-the-art UDA
methods, namely CORAL[20], MMD [21], and CDAN [22]. The nal model evaluated
was the Adversarial Sliced Wasserstein Domain Adaptation Network (AWDAN) [17].
The ResNet50 architecture was consistently used as the backbone across all models to
ensure comparability. For AWDAN, optimal 4 and s values in Equation (24) were
chosen from the rangef 0:001; 0:01; 0:1; 1g for each transfer task separately.

All models were trained using the stochastic gradient descent (SGD) optimizer
with hyperparameters summarized in Table 2. The optimizer hyperparameters (i.e.,
learning rate, learning rate decay, learning rate update, and weight decay) for each
method follow the con gurations recommended in the Transfer Learning Library*
(tllib) and are kept xed across all source-target pairs to ensure a fair and method-
consistent comparison. A batch size of 32 images was used in all experiments, and
models were trained for 50 epochs with 1000 iterations per epoch.

Following standard UDA protocols [5, 6, 22, 46, 51], all labeled source examples
and unlabeled target examples were utilized during training. A half of each batch was
populated by the samples from the source domain (with known labels) while the other
half was composed of the samples from the target domain (with labels not revealed
to the models during training). This strategy helped address the data imbalance by
oversampling with replacement from the smaller domain (dataset). Each experiment

L https://github.com/thuml/Transfer- Learning-Library
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was repeated with three random seeds, and the mean and standard deviation (std) of
classi cation metrics (i.e., accuracy, precision, recall, and F1-score) were reported to
characterize performance variability and robustness across runs.

For data pre-processing, all images were resized to 224224 pixels and normalized
using mean = [0.485, 0.456, 0.406] and std = [0.229, 0.224, 0.225]. No additional data
augmentations (e.g., random cropping, horizontal ipping, or rotation) were applied.
Class imbalance was not explicitly addressed, consistent with prior UDA studies [5, 6,
22, 46, 51]. All experiments were executed on a SLURM-managed high-performance
computing (HPC) cluster equipped with NVIDIA P100 (16 GB) and V100 (16 GB)
GPUs. Each training job was allocated a single GPU, 2 CPU cores, and 8 GB of
RAM. To support reproducibility and independent replication, the code is publicly
available at https://github.com/abalhomaid/disaster-assesment, and the datasets and
trained model weights are available at https://huggingface.co/datasets/abalhomaid/
disaster-damage-assessment.

4.3 Results

Table 3 reports the mean and standard deviation of classi cation results, computed
over three runs, in terms of accuracy, precision, recall, and Fl-score for all tasks,
with the best results highlighted in bold. Across all metrics and transfer tasks,
AWDAN attains the highest scores in nearly half of the cases (21 out of 48), with
notable F1-score improvements exceeding 10 points on several tasks, including R
(+16.8), N! R (+14.7), M! N (+12.7), M! R (+16.8), and R! N (+11.9). As shown
in Table 4, domain adaptation methods yield larger relative performance gains over
source-only models when transferring between di erent disaster types (e.g., earthquake
I hurricane, hurricane ! earthquake), where domain shifts are more pronounced
and adaptation proves more bene cial. In contrast, the gains are smaller|though
still substantial|for transfers within the same disaster type (e.g., earthquake !
earthquake, hurricane! hurricane), re ecting greater similarity and feature overlap
between source and target domains. Interestingly, all models exhibit an overall drop
in precision with respect to source-only model and accomplish a bigger improvement
in recall when transferring between the same disaster type events (see Section 5.1 for
a discussion on this). Finally, Table 5 summarizes the overall averages across all tasks,
showing that AWDAN consistently outperforms other models on all metrics except pre-
cision. While three repetitions limit formal signi cance testing, the consistent ranking
across runs and tasks reinforces the robustness of our comparative ndings.

There are challenging transfer tasks where adaptation does not improve model
accuracy, i.e., there is no noted improvement over source-only results, e.g., see MR
in Table 3. This is potentially because Matthew and Ruby are very small datasets
providing relatively limited visual context (i.e., information) about the disaster event.
Therefore, even though the sampling-with-replacement training scheme matches the
source and target domain dataset sizes, it falls short of providing genuine data sam-
ples with enough diversity to represent various types of impacts that can be caused
by the disaster, which ultimately hampers model training and domain adaptation
performance.
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Table 3 : Classi cation results (in %) in terms of accuracy (A), precision (P), recall
(R) and F1-score (F1) for all tasks (meany). The best results are highlighted in
bold while the second best results are underlined.

E! M E! N E! R
A P R F1 A P R F1 A P R F1
Source-only 69.7 o 82655 6520 72620 81219 90.9 10 77311 83509 715319 78747 55144 64728
CDAN 769 30 881 16 72340 79430 859 g3 89.0p03 86.6 o3 878 o3 78915 809 17 77612 79215
CORAL 76.1 o9 83008 772 99 800pg 8l4p93 85310 82509 83901 78703 78912 80615 79702
MMD 76.6 o3 84302 76408 80104 84.0p0s 88.0p9 843ps 86.1p05 80.6 10 79408 84715 820 g9
DANN 769 o8 8760 73013 79608 85610 901pg 84712 87309 784097 7890 79709 79306
AWDAN 783 17 86.720 76709 814 14 85703 90505 844091 87403 79215 75926 88.0 22 8l5p3

Li et al. [13] 68.7 79.1 68.3 72.6 82.0 84.2 84.0 72.6 74.1 77.4 72.8 74.4

N! E N! M N ! R
A P R F1 A P R F1 A P R F1
Source-only 79.7 10 811109 84929 82917 77502 8441, 78017 8llgyg 68114 64022 75627 69304
CDAN 90.2 g9 88.80ps 93.7 11 912 gg 827092 8830g2 830097 85602 833 g 8llpg 88512 84.6 g4
CORAL 889 3 9030 8911, 89.7094 78704 87007 77215 81805 772093 80404 74407 77303
MMD 894 o 902017 90275 90.2¢97 819pp 88517 8l4y; 84705 797093 823 g4 77610 79804
DANN 89.8 02 905 14 90716 9060, 824095 89.0p3 8l6pg 85104 82404 81209 86229 83603

AWDAN 901 o4 88609 937 11 9llgs 842 11 894 14 845 gg 86.8 g 8232, 79215 89.4 29 84051

Lietal [13] 87.1 86.0 90.9 88.4 70.6 86.0 63.4 72.4 80.0 80.8 81.2 81.9

M! E M ! N M ! R
A P R F1 A P R F1 A P R F1
Source-only  88.4 g5 93.6 g3 86.009 89.6 g5 712271 913 14 59133 71726 7094 870 43 45629 59836
CDAN 79.7 04 78204 86712 82205 79817 80315 868 18 83414 70704 68319 81507 74302
CORAL 80.7 04 79713 86.208 829093 77.603 79522 83459 81307 74470 72036 83lpoe 77.11p
MMD 824 o3 80713 88713 84502 79409 80822 85244 82913 749 12 7195, 846 17 778 11
DANN 784 o7 77805 841pg 8080 79805 8llpe 85508 83306 71504 6930 8llor 74704

AWDAN 813 04 77906 914 11 84104 813 o5 82513 86418 844 g5 73305 7043 841l3p 76601

Lietal [13] 76.1 74.7 87.0 80.2 75.5 78.4 80.5 79.3 68.1 66.9 77.4 713

R! E R! M R! N
A P R F1 A P R F1 A P R F1
Source-only 80.6 15 86.626 79.164 82523 74107 83515 72524 77610 69907 85207 62129 71911
CDAN 875 o3 90077 86618 88205 76.2pg 83319 77.029 8007171 80.1lpg 873093 77317 82009
CORAL 855 2 85705 8801, 86803 76117 824095 780 20 80.1 11 78403 82402 803p7 81304
MMD 88.2 g4 89710 884 9 89003 75515 83807 74414 78807 80506 86.705 78910 82605
DANN 87.0 o7 89.005 86.2p8 87506 74905 8l.70s 74508 7800s 80.1pg4 8650 78705 82404
AWDAN 89.1 g2 90.2 gg 88.2p9g8 89.2 g4 764 g9 841 15 754,17 7951, 80.8 19 874 g9 805 15 838 19

Lietal [13] 83.5 84.7 85.1 84.9 75.7 81.9 76.5 79.1 77.2 80.4 7.7 79.0

More importantly, we note that domain adaptation is not necessarily a symmetric
operation. For instance, a model adapted from domain M to domain E will be|in
generalldi erent from a model adapted from domain E to domain M due to the di er-
ences in training dataset sizes, class distributions, and more importantly, supervision
provided by the source domain labels that guide the training process. Therefore, it is
expected to observe discrepancies between each experiment (e.g.} NE) and its coun-
terpart (e.g., E!' M). These discrepancies seem to decrease as the training dataset sizes
increase (e.g., Nepal and Ecuador) because having larger and visually more diverse
training data helps to reduce the domain shift gap better.

In the same vein, transfer tasks that have either Nepal or Ecuador as the target
dataset yield the highest performance thanks to their sizes, since having many visually
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Table 4 : Comparison of overall improvements achieved by
each model against the baseline (source-only) model between
transfer tasks of the same disaster type versus di erent dis-
aster types.

Di erent Disaster Types Same Disaster Type
A P R F1 A P R F1

CDAN 553 199 1069 829 428 -328 1463 7.38
CORAL 375 019 826 7.06 373 -313 1310 6.75
MMD 538 189 10.73 854 448 -215 1330 7.28
DANN 484 170 994 8.04 398 -273 1268 6.70
AWDAN 6.33 144 1359 9.79 490 -223 1433 7.70

Average 516 144 1064 834 427 -270 1361 7.16

Table 5 : Average classi cation statistics across all
tasks. The best results are highlighted in bold while
the second best results are underlined. Values are
shown as meagy .

Accuracy  Precision Recall F1-score
Source-only 75.26.1 84.173 70.0125 75.63.6
CDAN 81053 83.66.2 83.161 83.26
CORAL 79.5 41 82.247 81.746 81.836
MMD 81.1 45 83.85_2 83.05_2 83.23_3
DANN 80.6 51 83.9%3 81.954 82.744
AWDAN 819438 83.%56 85.060 84.241
Li et al. [13] 76.1 79.8 78.4 77.7

diverse data points from target domain during training helps the feature extractor G¢
and domain discriminator G4 to learn better features to reduce the domain shift gap.
We also compare our results with [13] which implemented a DANN model with a pre-
trained VGG-19 as a feature extractor whereas for our DANN, we used a ResNet50
with layer freezing. We see that both our DANN and AWDAN results are better than
the results reported in [13] across all tasks. In particular, according to Table 5, our
DANN results are 9.4% better in F1-score (i.e., 75.6 vs. 82.7) and 7.2% in accuracy
(i.e., 75.2 vs. 80.6) against [13]. Furthermore, our AWDAN results show an additional
improvement of 1.8% in F1-score (i.e., 82.7 vs. 84.2) and 1.6% in accuracy (i.e., 80.6

vs. 81.9) over our DANN results.

5 Discussion

Our experimental results show that the proposed method yields the best performance
with an average improvement of 11.4% in F1l-score (i.e., 75.6 vs. 84.2) and 8.9% in
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Table 6 : Confusion matrices for BE M

Predicted label

Source-only DANN AWDAN
No damage Damage No damage Damage No damage Damage
True label No damage 119 8 108 19 107 20
Damage 105 101 52 154 46 160

accuracy (i.e., 75.2 vs. 81.9) over the source-only (lower bound) model. It also out-
performs the prior art [13] by 8.4% in F1-score and 7.6% in accuracy as well as other
strong baselines such as CORAL, MMD, and CDAN by 1.2-2.9% in F1-score and
1.0-3.0% in accuracy. In this section, we aim to shed light on the reasons behind the
superior performance of the proposed method by analyzing confusion matrices, latent
feature spaces, distribution discrepancies, and qualitative results. Since the main high-
light of our study is DANN and AWDAN, we present a more focused interpretation of
their comparative performances with respect to the source-only model as well as the
prior art [13].

5.1 Confusion Matrices

To further explain the general trends in performance, we analyze confusion matri-
ces of source-only, DANN, and AWDAN for one of the B M runs, as an example,
in Table 6. On the left, we can see that the source-only model classi es most of the
no-damage images correctly (i.e., 119 out of 127) but struggles with damage images
where it classi es a big portion of the damage images as no damage (i.e., 105 out
of 206). In the middle, DANN classi es damage images better than the source-only
model (154 out of 206) but also misses more of the no-damage images (i.e., 19 out
of 127). On the right, AWDAN's classi cation performance is more balanced, i.e., it
gets more damage images (i.e., 160 out of 206) and no-damage images (i.e., 107 out
of 127) correctly classi ed as compared to DANN. Consequently, source-only model
has the highest precision value (i.e., 92.7) thanks to its ability to make fewer incor-
rect damage predictions (i.e., FP=8). However, its recall is the lowest (i.e., 49.0) due
to mistaking too many damage images as no damage (i.e., FN=105). Therefore, the
source-only model achieved the lowest F1-score (i.e., 64.1). We note that this trend
is prominent in source-only model performances across all tasks. On the other hand,
DANN has a relatively lower precision (i.e., 89.0) due to a large increase in incorrect
damage predictions (i.e., FP=19) despite achieving a signi cant improvement in recall
(i.e., 74.8), which also leads to an overall improvement in F1-score (i.e., 81.3). Finally,
AWDAN achieves the highest recall (i.e., 77.7) while also attaining a reasonable pre-
cision (i.e., 88.9), which eventually leads to the highest F1l-score (82.9) thanks to its
ability to nd a better balance between precision and recall. We observe that this sce-
nario holds for many other transfer tasks, as well. Thus, by inductive reasoning, we
conclude that such model behavior explains the trends summarized in Table 5.
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Fig. 4 : Feature visualizations for (top) N! E and (bottom) M! N using t-SNE for all
the models: (left) source-only, (middle) DANN, and (right) AWDAN. Blue color rep-
resents the source domain whereas orange color represents the target domain. Circles
and crosses represent no-damage and damage classes, respectively.

5.2 Feature Visualization

We use the feature extractorG; to visualize the learned feature spaces and analyze
the similarities between the source and target domains for each model using t-SNE [73]
in Figure 4. In these plots, we use blue and orange colors to distinguish the source
and target domain data, respectively. We also discriminate between the classes using
crosses () and circles () to indicate the damage and no-damage images, respectively.
We compare the domain adaptation results between disasters of the same type (e.g.,
Nepal and Ecuador earthquakes) for N E in Figures 4a-4c and di erent types (e.g.,
Hurricane Matthew and Nepal Earthquake) for M! N in Figures 4d-4f. When we com-
pare the source-only plots, we notice a larger overlap between the source-only features
for the same disaster type (Figure 4a) whereas we observe a limited overlap (i.e., larger
domain shift) between the source-only features for di erent disaster types (Figure 4d).
Furthermore, we see a better separation of damage and no-damage classes for the same
disaster type (Figure 4a) whereas we witness more confusion of classes for the dif-
ferent disaster types (Figure 4d). As we go from source-only to DANN and AWDAN
for the same disaster type (Figures 4b-4c), we see the source and target features are
aligned more closely and the classes are clustered more tightly with clearer separa-
tion boundaries. Similarly, for di erent disaster types in Figures 4e-4f, we observe that
both DANN and AWDAN are able to reduce the domain shift reasonably well with
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Table 7 : A-distance results on all tasks

E! ME!/ NE! RM! EM! NM! RN! EN!/ MN! RR!' ER! M R! N AVG

Source-only 1.097 0.919 1.278 1.032 1.006 0.869 0.844 1.078 1.344 1.375 0.898 1.352 1.091
DANN 0.070 0.083 0.368 0.041 0.056 0.431 0.354 0.111 0.542 0.208 0.118 0.333 0.226
AWDAN 0.126 0.153 0.625 0.007 0.076 0.056 0.216 0.236 0.243 0.306 0.354 0.083 0.207

Table 8 : Average A-distances of tasks
with the same target domain

I E M I'N I' R
Source-only 1.084 1.024 1.092 1.164
DANN 0.201 0.100 0.157 0.447

AWDAN 0.176 0.239 0.104 0.308

respect to the source-only scenario (Figure 4d). However, they struggle with proper
clustering of the classes, DANN more so than AWDAN, resulting in higher inter-class
confusions than their same-disaster-type counterparts (Figures 4b-4c). Overall, we can
conclude that AWDAN achieves better clustering of the classes thanks to its sliced
Wasserstein loss that accounts for the alignment of the label spaces. This conclusion
is in line with previous research [17].

5.3 Distribution Discrepancy

To quantitatively evaluate each model's ability to deal with distribution discrep-
ancy (i.e., domain shift gap), we used the proxyA-distance [66] as introduced by
Equations (4) and (5) in Section 3.1. Following [6, 74, 75], we trained an SVM model
to classify source and target domain features learned by each domain adaptation
model. We then used the resulting SVM model's classi cation error () to compute
the A-distance. The results are summarized in Table 7. Before discussing the results,
it is important to reiterate that A-distances for transfers between two domains (e.g.,
E! N and N!' E) may not be the same because domain adaptation is not necessarily
symmetric and each transfer task may result in a di erent model, and hence, di er-
ent feature representations. With this in mind, we observe that DANN and AWDAN
show great improvement as compared to the source-only model by achieving more
than 80% reduction in averageA-distance. Both DANN and AWDAN achieved the
lowest A-distances for M E at 0.041 and 0.007, respectively. DANN and AWDAN
performed similarly (i.e., less than 0.1A-distance di erence) in many of the tasks, such
as B M, E! N, M! N, and R! E. On average, AWDAN (0.207) performed slightly
better than DANN (0.226) although the di erence is negligible. This can be attributed

to the fact that AWDAN seeks a compromise between feature alignment and label
alignment across the source and target domains. Furthermore, when we break down
the A-distance results and compute average scores for the tasks with the same target
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domain (e.g., M! E, N! E, and R! E) separately as shown in Table 8, we observe that
AWDAN achieves lower scores (hence, better performances) when Ecuador and Nepal
are the target domains. This observation supports our previous nding in Section 4.3
that domains with larger and more diverse training datasets yield better reduction in
domain shift gap.

5.4 Qualitative Analysis

Here, we qualitatively analyze representative success and failure cases using class acti-
vation maps based on Smooth-GradCam++ [76], which highlight the discriminative
image regions the models rely on to predict whether an image depicts damage or no
damage. Figure 5 presents results for E M: the top two rows show examples correctly
classi ed by both DANN and AWDAN, while the bottom two rows display examples
misclassi ed by both models across both classes. For true positives (correctly classi-
ed damage images), the activation maps reveal that both models primarily attend
to ooded streets and, to a lesser extent, cloudy skies|key indicators of disaster
impact. For true negatives (correctly classi ed no-damage images), both models focus
on intact areas with no visible signs of destruction, successfully ignoring misleading
cues such as cloudy skies or natural surface irregularities (e.g., rough beach textures).
In contrast, for false positives (no-damage scenes misclassi ed as damage), the exam-
ples include an old building|where both models focus on worn-out structuresjand a
desert scene|where attention concentrates on rocky terrain. In both cases, the mod-
els appear to confuse naturally degraded or rugged regions with disaster ruins. For
false negatives (damage scenes misclassi ed as no damage), the images depict oods
without clear evidence of structural damage. Here, both models either fail to attend
to discriminative regions (e.g., focusing on the sky or people instead of waterlogged
areas) or correctly localize the a ected regions (e.g., oating objects on a lake-like
surface) but misinterpret their signi cance, leading to incorrect predictions.

Figure 6 further highlights the disagreement cases between DANN and AWDAN.
The top two rows show images misclassi ed by DANN but correctly classied by
AWDAN, while the bottom two rows show the opposite. For the top two no-damage
images, AWDAN tends to focus on a single salient region, whereas DANN attends to
two distinct areas in each image, which may introduce confusion and lead to incor-
rect predictions. In the bottom two no-damage images, DANN focuses e ectively on
the vehicles|key cues for identifying no-damage scenes|while disregarding cluttered
regions, such as cloudy skies and humans, that AWDAN attends to more broadly,
potentially reducing its con dence. Regarding the misclassi ed damage images (right-
hand side), the top two examples show ood scenes visually similar to those in
Figure 5. DANN's attention is scattered over irrelevant background objects, lead-
ing to misclassi cation, whereas AWDAN focuses more precisely on ooded regions
and relevant foreground structures, resulting in correct predictions. Conversely, in the
bottom two damage images, DANN attends to meaningful cues such as dark skies
and vegetation, supporting accurate predictions, while AWDAN's attention is more
di use and less targeted|despite partially focusing on the overturned car and wind-
blown tree|ultimately producing erroneous predictions. These cases require further
investigation.
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No Damage Damage
Image DANN AWDAN Image DANN AWDAN

Both Correct

Both Incorrect

Fig. 5 : Example cases for E M using DANN and AWDAN. The top two rows show
examples correctly classi ed by both models, while the bottom two rows present exam-
ples misclassi ed by both models. Each example is shown alongside the corresponding
class activation maps from DANN and AWDAN.

5.5 Computational Cost Analysis

To assess the practical feasibility of di erent UDA methods, we conducted a compar-
ative analysis of their computational e ciency and resource requirements. All models
share the same ResNet-50 backbone, ensuring that any observed computational dif-
ferences stem solely from their domain adaptation components. We report relative
training time and memory overheads with respect to the source-only baseline model.

CORAL is the most lightweight method, introducing only a covariance alignment
loss with negligible computational overhead ( 1.050 training time, +5% memory).
MMD incurs moderate additional cost ( 1.20, +10{20%) due to kernel-based compu-
tations but achieves stronger feature alignment. DANN adds a small domain classi er
trained adversarially, modestly increasing cost ( 1.30, +20%) while providing stable
and robust adaptation performance.

AWDAN, which employs adversarial sliced-Wasserstein alignment, is more com-
putationally demanding ( 1.60, +30%) because of multiple random projections
and sorting operations. However, it yields smoother and more stable alignment,
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