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ABSTRACT
When a natural disaster strikes, it often causes widespread destruction, making timely and accurate information essen-
tial for effective response and recovery. Traditional assessment methods, which rely on manual interpretation of aerial
and satellite imagery, are limited by delays, high operational costs, and a high risk of human error. This project aims
to enhance disaster assessment by leveraging deep learning and edge computing to enable fast, reliable analysis during
emergencies. The primary objective is to develop a system capable of accurately identifying objects and classifying
them based on the amount of reported damage. This system will then be adapted for real-time, automated semantic
analysis on edge devices such as drones and IoT sensors. The goal is to minimize reliance on remote data centers,
improve on-site decision-making, and support efficient disaster response in resource-constrained environments by bal-
ancing accuracy with computational efficiency.

NOTATION

*

Acronyms

DL Deep Learning

CV Computer Vision

CNN Convolutional Neural Network

FCN Fully Convolutional Network

WCCE Weighted Categorical Cross-Entropy

SGD Stochastic Gradient Descent

IoU Intersection over Union

INTRODUCTION

Natural disasters such as earthquakes, floods, and wildfires
are catastrophic events that cause significant loss of life and
widespread devastation to infrastructure, necessitating rapid
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and accurate damage assessment for effective emergency re-
sponse. The introduction of deep learning (DL) models has
significantly enhanced the accuracy and efficiency of dam-
age estimation by automating feature extraction and enabling
faster segmentation of affected areas (Ref. 1). Among the var-
ious Computer Vision (CV) techniques, semantic segmenta-
tion is particularly valuable in this scenario, as it assigns a
label to each pixel in an image, boosting the classification of
different structures and, potentially, the assessment of dam-
age severity. However, despite the advancements brought by
modern DL models, these scenarios still pose several chal-
lenges, including class imbalance, dataset occlusions, and the
need for real-time computation to process data rapidly near
the source.

Semantic segmentation is a core technique in damage assess-
ment from aerial and satellite imagery. The first Convolu-
tional Neural Network (CNN) models, introduced for the first
time in 1998 with the LeNet model (Ref. 2), laid the founda-
tion for modern segmentation methods, leading to the devel-
opment of Fully Convolutional Networks (FCN), which pre-
serve spatial information throughout the network to produce
dense, high-resolution predictions.

A major breakthrough came with U-Net, an encoder-decoder
architecture with skip connections that enhanced the retention
of spatial details and greatly improved segmentation quality
(Ref. 3). This particular architecture, as the name suggests, is
composed by two main parts:

• An encoder, which modifies the original image to extract
relevant features from objects in it. These features will
then be used to discriminate different objects in the pic-
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ture and classify better similar objects in different im-
ages.

• A decoder, which uses the extracted features to recon-
struct the original image, with all pixels labeled to cor-
rectly identify the category they represent (example on
image 1.)

Building on this foundation, advanced architectures such as
DeepLabV3+, PSPNet, and transformer-based models like
Segmenter have pushed the state of the art by capturing multi-
scale features and global context, further improving perfor-
mance on complex segmentation tasks.

In disaster assessment applications, these models have been
widely used for tasks like flood delineation, building damage
classification, and debris detection. U-Net and DeepLab, in
particular, are frequently applied due to their ability to capture
fine-grained structural details and delineate boundaries effec-
tively. However, despite their success, these models are typ-
ically large and computationally expensive, making them un-
suitable for real-time processing, especially on edge devices
with limited resources.

These limitations forced recent research to shift toward
lightweight and efficient architectures. Models such as ES-
PNet and LETNet have been introduced to reduce computa-
tional load while preserving acceptable segmentation accu-
racy. ESPNet (Ref. 4) employs efficient spatial pyramid mod-
ules for multi-scale feature extraction, while LETNet (Ref. 5)
combines CNN-based processing with transformer compo-
nents to enhance global feature understanding. These mod-
els demonstrate promising results in terms of speed and effi-
ciency, but often still face trade-offs in segmentation accuracy
or require extensive training on large-scale datasets, which
may not be feasible in real-world disaster scenarios with lim-
ited data availability.

To face these challenges, this paper introduces U-YOLO, a
novel DL model for semantic segmentation in disaster assess-
ment, designed to balance high accuracy with low computa-
tional effort. The architecture builds upon YOLOv11, a state-
of-the-art object detection framework (Ref. 6), and adapts it

Figure 1. Example of a classic encoder-decoder structure
for semantic segmentation tasks.

for segmentation tasks. By incorporating an optimized seg-
mentation head inspired by U-Net, U-YOLO achieves signif-
icant improvements in efficiency while maintaining competi-
tive accuracy compared to established segmentation models.

METHODOLOGY
To fully evaluate the performance of the newly introduced
model and analyze its strengths and weaknesses, it has been
tested and compared against two state-of-the-art architectures:
Attention U-Net and Segmenter. These models were selected
as baseline comparisons for two main reasons. First, they
represent modern yet fundamentally different architectures.
This diversity allows to provide deep insights into how var-
ious components and design choices impact performance on
the given task, leading to a sequential informed selection of
features when designing the new model. Second, these ar-
chitectures are considered the top performing models on the
RescueNet dataset, as reported by its creators (Ref. 7). This
makes them ideal benchmarks for assessing the effectiveness
of the proposed approach.

Attention U-Net

This architecture is a modified version of the well-known U-
Net model, retaining its core structure while introducing en-
hancements to improve segmentation accuracy. While the
original U-Net employs symmetric encoder-decoder paths
with skip connections to retain spatial information, it treats
all features equally when transferring information from the
encoder to the decoder. In contrast, Attention U-Net enhances
this mechanism by introducing Attention Gates within the
skip connections, such as shown in 2. These gates learn to
focus selectively on the most relevant regions of the feature
maps, effectively filtering out irrelevant background infor-
mation and highlighting salient structures—particularly im-
portant in complex or cluttered images such as post-disaster
scenes (Ref. 8).
By dynamically weighting features based on their contextual
importance, Attention U-Net improves the precision of seg-
mentation boundaries, especially for small or ambiguous re-
gions that may be overlooked in the standard U-Net. Impor-
tantly, this enhancement is achieved without a significant in-
crease in computational cost, making it a practical upgrade for
applications requiring high segmentation accuracy. In disaster
assessment tasks, this ability to focus on critical damage areas
while suppressing noise from surrounding regions makes At-
tention U-Net particularly effective compared to the baseline
U-Net.
With a total of 49.9 million parameters, this model is highly
effective in capturing fine details in pictures but comes at the
cost of high computational complexity.

Segmenter

This model heavily relies on the Vision Transformer architec-
ture, representing a significant shift from traditional convo-
lutional neural networks. A Vision Transformer is a modified
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Figure 2. Attention U-Net full model. Picture taken from
Attention U-Net’s paper (Ref. 8).

version of the transformer framework originally developed for
natural language processing, adapting it for dense prediction
tasks like semantic segmentation. Segmenter processes in-
put images by dividing them into fixed-size, non-overlapping
patches, each of which is treated as an input ”token”. These
tokens are then passed through a standard transformer en-
coder, allowing the model to capture global contextual rela-
tionships across the entire image (Ref. 9).

One of Segmenter’s key advantages is its ability to model
long-range dependencies effectively, which is particularly
useful for segmenting objects that are spatially distant but se-
mantically related. Additionally, the architecture is highly
scalable and benefits from advances in large-scale pretrain-
ing on extensive image datasets, making it a powerful tool for
high-level vision tasks.

However, Segmenter also comes with notable limitations. Its
patch-based representation loses fine-grained spatial informa-
tion, particularly when small objects or subtle boundaries are
present. Unlike CNNs, which naturally preserve local de-
tail through consecutive feature extraction, Segmenter’s re-
liance on fixed patch sizes can lead to coarse outputs and re-
duced accuracy in segmenting fine details or small structures.
Moreover, the model’s computational complexity and mem-
ory demands are considerably higher than those of lightweight
CNN-based alternatives, making it less suitable for real-time
or edge-device deployment in time-critical scenarios like dis-
aster response.

The proposed model: U-YOLO

This new model is designed to directly tackle the key chal-
lenges of real-time disaster assessment in edge computing
environments. It follows an encoder-decoder architecture,
where the encoder utilizes YOLOv11’s backbone for fea-
ture extraction, while the decoder, inspired by U-Net, recon-
structs segmentation masks with precise pixel-wise classifica-
tion while maintaining low computational overhead.

YOLO (You Only Look Once) is a widely adopted deep learn-
ing framework for object detection, known for its ability to
perform detection in a single forward pass of the network.

Unlike traditional detectors, which separate region proposal
(which delimitate objects’ boundaries in the image) and the
actual category classification tasks, YOLO directly predicting
bounding boxes and class probabilities from the input image.
This unified architecture allows for extremely fast and accu-
rate detection, making it highly effective for real-time appli-
cations.

Over the years, the YOLO family has evolved through mul-
tiple iterations—from the early YOLOv1 to more recent ver-
sions like YOLOv4, YOLOv5, and YOLOv8—each improv-
ing upon speed, accuracy, and architectural efficiency. Later
versions introduced innovations such as better backbone net-
works and enhanced feature fusion techniques. However,
many of these improvements were tailored to object detection
tasks and not directly applicable to dense prediction problems
like semantic segmentation (Ref. 12).

YOLOv11 (Ref. 6), the latest version in the YOLO (You Only
Look Once) family of models, was selected as the founda-
tion for the proposed approach due to its excellent balance of
speed, accuracy, and efficiency. Originally designed for object
detection, YOLO models are known for processing images
extremely quickly by detecting all objects in a single pass.
YOLOv11 builds on this legacy with improved feature han-
dling and the ability to recognize patterns at multiple scales,
allowing it to capture both small details and broader structures
within an image.

Compared to earlier versions, YOLOv11 introduces enhance-
ments that make it more accurate and lightweight, especially
in challenging environments like disaster zones. One of its
key advantages is its attention mechanism, which helps the
model focus on the most important parts of an image while
ignoring irrelevant background areas—this improves preci-
sion without slowing down performance. These strengths
make YOLOv11 a powerful and adaptable choice for tasks
like damage assessment, where both speed and detail matter.

Since YOLOv11 is primarily designed for object detection,
U-YOLO replaces its detection head with a lightweight seg-
mentation decoder. The new classifier is based on the well-
known decoder of the U-Net architecture, utilizing a sequence
of upsampling layers to gradually reconstruct the original im-
age. It is further enhanced with skip connections, which
link the YOLO backbone’s feature maps to corresponding de-
coder layers, helping to restore spatial information lost during
downsampling and improving boundary precision.

Additionally, the decoder is designed to adapt to the model
size, preventing abrupt upsampling while keeping the num-
ber of parameters low. This hybrid approach combines
YOLOv11’s efficiency with U-Net’s segmentation strength,
enabling fast and accurate segmentation suitable for edge de-
vices such as UAVs and IoT-based monitoring systems.

Dataset

The dataset selected for this project is called RescueNet
(Ref. 7), a high-resolution natural disaster dataset. The dataset
was assembled by the Center for Robot-Assisted Search at
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Figure 3. Architecture of U-YOLO.

Mexico Beach, Florida, where Hurricane Michael reached the
coast as a category 5 hurricane on October 10, 2018. All pic-
tures were taken using small UAVs operating at an altitude of
over 400 feet above ground level. Each photo has a resolu-
tion of 3000×4000 pixels, with an approximate ground-level
resolution of 4.5–5 cm per pixel. This high resolution ensures
an exceptional accuracy, allowing for the detailed identifica-
tion of structural features, damage levels, and finer elements
within the scene, making the dataset particularly suited for
capturing small details in underrepresented classes.

RescueNet provides a pixel-level annotation for 10 different
classes, making it suitable for complex semantic segmentation
tasks. The classes represent six main categories:

• Tree: This category includes all standing trees or small
forests within the scene. These elements typically repre-
sent the natural green environment surrounding urban or
suburban regions. This category comprehends the 22.5%
of total pixels, making it the most represented class.

• Water: This class includes all visible water bodies such
as ponds, artificial canals or the sea. This category, like
the tree class, is also largely represented, with 8.1% of
total pixels, which is plausible since photos were taken
near the ocean.

• Building: This is one of the most critical classes, since it
represent all the buildings present in the scene stroke by
the storm. In order to correctly evaluate the amount of
damages reported by buildings, this class is further sub-
divided into four distinct subclasses based on the degree
of structural damage. This subdivision is done accord-
ing to FEMA guidelines (Ref. 10), a document drafted
by the U.S. Department of Homeland Security to evalu-

ate damage assessment and determine consequential in-
dividual or public assistance in different cases. The ob-
tained classes are:

– Building No Damage: Refers to buildings that
show no apparent structural damage and remain in-
tact and fully functional. Between buildings cate-
gories, this is the most present in the dataset, with
2.65% of total pixels.

– Building Medium Damage: These buildings ex-
hibiting partial damage, such as missing roof tiles,
broken windows, or cracks in walls. This category
has a similar distribution of the previous class, with
2.61% of total pixels.

– Building Major Damage: These structures are sig-
nificantly damaged and may require extensive re-
pairs before they can be safely reoccupied. These
buildings are less present in the dataset, with only
1.65% of pixels.

– Building Total Destruction: Refers to buildings
that have collapsed entirely or are no longer stand-
ing. Only the foundations or scattered debris are
typically visible. These is the least represented
building class, with 1.42% of total pixels.

• Road: This class represents road networks within the
scene and is divided into two subclasses based on their
condition after a disaster. Similarly to the buildings
classes, it is further divided in two subclasses.

– Road Clear: Roads that remain unobstructed and
passable for vehicles and pedestrians. This cate-
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gory is largely present in the dataset (6.98%), mean-
ing that overall roads are not largely affected by the
storm.

– Road Blocked: Roads that are obstructed due to
rubble, debris, or other obstacles, rendering them
non-navigable. The distribution of this class is con-
sistently lower that the other road class (1.57%).

• Vehicle: This class includes visible motor vehicles such
as cars, trucks, or vans. Vehicle presence can provide in-
sights into evacuation patterns or the status of urban mo-
bility. Due to the smaller size of vehicles respect to build-
ings or natural surroundings, this class is poorly repre-
sented in the dataset, with only 0.33% of total pixels.

• Pool: Refers to private swimming pools present in the
houses’ garden. Since swimming pools are not so usual,
this class is the least represented one in the whole dataset
(0.06% of pixels).

Overall, all these characteristics make the dataset perfect for
the task. It presents different categories depending on the
severity of structural damage, it shows an obvious class im-
balance and it has an extremely high resolution, which allows
the models to capture finer segmentation aspects. A graphical
example of three dataset’s samples is reported in figure 4.

A major concern with the dataset is the presence of annotation
inconsistencies. Some images exhibit incoherent debris label-
ing, since rubble is sometimes annotated as background and
other times as part of buildings or roads. Additionally, irregu-
lar building boundaries in certain images may lead to misclas-
sifications and poor generalization during model training. For
example, in picture 2 of figure 4, it can be seen that the road
is clearly obstructed by sand and debris, but it is annotated as
clear. Moreover, looking at the right building, it is annotated
as undamaged while it is clearly collapsed. These challenges
must be carefully addressed to ensure fair model evaluation
and a reliable generalization degree.

EXPERIMENTAL SETTINGS

To ensure a fair and consistent comparison between mod-
els, all experiments were conducted under the same settings.
These choices reflect commonly used practices in machine
learning to improve training stability, performance, and gen-
eralization.

The models were trained using a loss function known as
Weighted Categorical Cross-Entropy (WCCE). A loss
function measures how well the model is performing by com-
paring its predictions to the correct answers. WCCE is a mod-
ified version of the standard categorical cross-entropy loss, a
well-known loss function which assigns a penalization to pre-
diction performed over wrong classes (Ref. 13). The WCCE
function behave exactly like the standard CCE, but also as-
signs different importance values, called weights, to each
class. This is especially useful when some classes appear less

Figure 4. Three dataset examples, with the original image
above and the corresponding label below.

frequently or are more difficult to learn. By assigning higher
weights to these underrepresented or challenging classes, the
model is encouraged to learn them better and not ignore them.
The WCCE is defined as in 1:

LWCCE =−
C

∑
i=1

wiyi log(ŷi) (1)

where:

• C is the number of classes,

• yi is the true label for class,

• ŷi is the predicted probability for class,

• wi is the weight assigned to class.

For optimization, the Stochastic Gradient Descent (SGD)
algorithm with momentum was used as the main optimizer.
In deep learning, an optimizer is responsible for updating the
internal parameters of the model (also known as weights) in
order to reduce the prediction error. A key component of this
process is the Learning Rate, which is a small positive value
that controls how big each update step should be. If the learn-
ing rate is too high, the model may overshoot the optimal so-
lution and fail to converge. If it’s too low, training becomes
very slow and may get stuck in suboptimal results.

SGD performs these updates using only a small, random sub-
set (or batch) of the training data at each step, instead of using
the entire dataset. This makes the training process faster and
requires less memory (Ref. 14). The addition of momentum
further enhances the optimizer by allowing it to accumulate
the direction of past gradients. This helps smooth out noisy
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updates, avoid local minima, and accelerate convergence by
maintaining a consistent direction in the parameter updates.

To improve the model’s ability to generalize to new, un-
seen data, data augmentation was applied during training.
Data augmentation is a common machine learning tech-
nique, which add some randomness and unpredictability to
the dataset by randomly zoom, rotate, or flip the images, each
with a 50% probability. These transformations simulate varia-
tions in real-world scenarios and help the model become more
robust by preventing it from overfitting to the training data.

Model performance was evaluated using three metrics:
Intersection-over-Union (IoU), precision, and recall.

IoU is commonly used in image segmentation and object de-
tection tasks (Ref. 15). It’s calculated as the area of the in-
tersection between the predicted and ground truth regions di-
vided by the area of their union. The equation 2, where A
is the set of pixels in the predicted region and B is the set of
pixels in the ground truth region. As the function suggests,
a value of 1.0 indicates a perfect match (complete overlap),
while a value of 0 means no overlap at all. This makes IoU
a reliable and interpretable metric for assessing how well a
model identifies and localizes different objects in an image.

IoU =
|A∩B|
|A∪B|

(2)

Precision and recall are standard evaluation metrics in classi-
fication and segmentation tasks. Precision measures the pro-
portion of correctly predicted positive samples (true positives)
out of all samples predicted as positive. Recall, on the other
hand, measures the proportion of correctly predicted positive
samples out of all actual positive samples in the ground truth.
The definitions are shown in Equations 3 and 4, where TP,
FP, and FN denote true positives, false positives, and false
negatives, respectively. A high precision indicates few false
positives, while a high recall indicates few false negatives.
Both are crucial for evaluating model performance, especially
in imbalanced datasets or safety-critical applications.

Precision =
T P

T P+FP
(3)

Recall =
T P

T P+FN
(4)

RESULTS

IoU comparison

The table 1 presents the IoU percentage for each class, com-
paring, from the top row, the U-YOLO, Attention U-Net, and
Segmenter models. The first two values represent the raw
mean IoU and the weighted mean IoU, which are computed by
multiplying each singular score by to the proportion of pixels
belonging to the respective class in the dataset.

Table 1. IoU Comparison Across Different Classes.
IoU U-YOLO Attention U-Net Segmenter
Mean 54.8 57.1 38.3
W. Mean 58.7 56.8 50.9
Water 73.1 71.3 71.5
B. No 61.5 63.4 47.9
B. Low 48.6 52.6 33.0
B. High 49.1 52.2 27.9
B. Total D. 58.9 61.2 28.8
Vehicle 41.9 56.2 20.3
Road Cl. 70.6 68.9 56.7
Road Bl. 37.7 29.3 20.0
Tree 53.9 50.6 50.5
Pool 52.7 64.9 26.5

Analyzing the results, while Attention U-Net model is able
to achieve the highest overall IoU, demonstrating strong per-
formance across all classes, the new U-YOLO achieves the
highest weighted IoU (58,7%), indicating that it correctly seg-
ments a larger amount of dataset’s pixels. This behavior sug-
gests that Attention U-Net is more precise in identifying small
and less sampled classes, while U-YOLO performs better on
dominant classes. The Segmenter model, instead, shows lim-
ited performances over this dataset, with a strong bias toward
over-sampled classes, as shown by the large difference be-
tween weighted IoU and mean IoU.

Looking at specific classes, U-YOLO demonstrates the best
segmentation results over more sampled classes, achieving an
IoU value of 73.1% for water and 53.9% for trees, reinforcing
its strength in capturing large, continuous regions. In particu-
lar, the water class is the best segmented class of all models,
probably due to its well defined and distinct features.

In building segmentation, probably the most important classes
for disaster assessment, Attention U-Net achieves the high-
est performance. The model is able to reach over 60% of
IoU over untouched and completely destroyed buildings, and
reaching a more moderate value in buildings with medium and
major damage values, indicating that these types of edifices
are highly confused between themselves, plausible due to the
presence of common features. The U-YOLO model, while not
being able to surpass the state-of-the-art performance, is still
able to get close to them, with a difference of at most 4%. This
suggests that Attention U-Net is best suited for distinguishing
between different structural damage levels, while U-YOLO,
although being highly competitive, does not reach the same
level of segmentation accuracy in these categories, probably
due to the lower magnitude of weight.

A different trend is shown for roads classification, where U-
YOLO excels in segmenting both blocked roads and clear
roads, with a peak of 70.6% IoU for the second one. A pe-
culiar behavior can be observed for the classification of ob-
structed roads, where all the models are not able to reach suf-
ficiently high performances. This behavior happens for two
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main reasons: first, these roads are particularly covered with
debris, bricks and tiles which, in most cases, can also be found
along the road perimeter. This characteristic leads to various
mispredictions when segmenting boundaries, leading to over-
classification in areas with a large presence of rubble. Second,
there are several cases in dataset where some streets are anno-
tated as clear while reporting some sands or other types of
detritus over them, leading to misclassification and a lack of
correct generalization.

Lastly, vehicles and pools represent the classes with the fewest
samples, respectively covering 0.3% and 0.1% of the total pix-
els. The obtained results show that Attention U-Net clearly
outperforms the other models in these categories, effectively
recognizing them thanks to its ability to capture fine details,
even in underrepresented classes. While U-YOLO does not
reach the same level of quality, it is still able to identify and
segment these classes, achieving particularly good segmenta-
tion accuracy for pools, reaching 52.7%.

Considering now the Segmenter model, it clearly struggles to
deliver effective performance across all classes. While it per-
forms relatively well in dominant classes such as water, trees,
and clear roads, its accuracy in other areas is insufficient, with
some relevant classes achieving less than 30% IoU. This be-
havior is due to how the model performs feature extraction,
where its high reliance on ViT patch processing and abrupt
upsampling prevent it from correctly identifying key class fea-
tures, leading to sparse and inaccurate segmentation.

Precision and Recall

In this section, since the previous results highlights the lim-
itations of Segmenter for this particular task, the following
results’ analysis will be done considering only Attention U-
Net and U-YOLO models. The table 2 reports the precision
and recall for all the classes highlighted before.

Looking at the precision’s values, largely sampled classes
such as water, trees achieve the highest precision, with both
models performing well. In particular, U-YOLOn and Atten-
tion U-Net reach almost a precision of 80% for these classes.
These high performances highlights that models can identify
clearly most relevant features for these classes, producing a
low amount of false positive annotations, probably due to the
distinctive features of these classes.

Buildings instead present more variability. U-YOLOn per-
forms slightly better for undamaged buildings, while Atten-
tion U-Net has is superior in damage categories. However,
the precision difference between these two models is between
65% and 75% for both models, suggesting a similar level of
uncertainty in building classification. For roads, U-YOLOn
demonstrates stronger performance in detecting clear roads
without huge confusions, whereas Attention U-Net is better
in detecting blocked roads, with a very low number of false
positives for this class.

For less sampled classes such as vehicles and pools, U-YOLO
struggles to clearly identify them without confusion, reaching
a precision below 60% for these classes, highlighting that this

Table 2. Precision and Recall Comparison Across Cate-
gories.

Precision Recall
YOLO At. U-Net YOLO At. U-Net
76.0 83.0 89.1 83.5
74.4 71.4 79.2 85.1
67.7 70.2 66.3 67.8
64.8 66.1 69.9 71.2
69.4 72.5 78.4 79.6
46.2 61.0 77.6 85.0
83.7 80.3 80.9 83.0
42.5 56.4 70.3 37.8
84.2 87.0 90.2 83.9
59.6 76.5 86.9 82.2

model struggles in identifying clearly small classes. On the
other hand, Attention U-Net reaches a better level of preci-
sion especially in identifying pools in the dataset. This results
further validate that Attention U-Net excelling in finer details
due to its bigger amount of parameters compared to the YOLO
model.

Looking at the recall, the table 2 reinforces the trends ob-
served in previous evaluations, with water, pools, and trees
categories achieving the highest recall values. In particular,
water and trees, being the most represented classes, maintain
a recall above 80% across all models, indicating a low occur-
rence of false negatives for these categories.

In buildings classes, U-YOLOn and Attention U-Net are
able to handle undamaged and destroyed buildings effec-
tively, with Attention U-Net maintaining an advantage in
more severely damaged categories. However, both models
exhibit some inconsistencies, reflecting the trend to confuse
buildings classes between themselves. For roads, clear roads
are well segmented by all models, while Attention U-Net
shows a significant drop in performance for blocked roads,
barely reaching 40% recall, compared to U-YOLOn’s 70%,
highlighting a notable amount of false negative samples in this
category.

Smaller and more detailed classes, such as vehicles, show the
most pronounced differences. Attention U-Net achieves the
highest recall for vehicles, confirming its effectiveness in de-
tecting small objects, while Segmenter struggles significantly.
A similar trend appears in pools, but in this case U-YOLOn
outperform the other models.

Overall, Attention U-Net demonstrates strong performance
across all classes, showing a remarkable ability to identify
small classes and highly similar categories, such as buildings
with various types of damages. In contrast, the U-YOLO
model achieves better segmentation for dominant classes
while using significantly fewer parameters.

Models efficiency

Table 3 compares the models in terms of size and computa-
tional efficiency, reporting the number of Giga Floating Point
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Table 3. Hardware requirements comparison.
GFLOPs FPS Params

U-YOLO 42.85 16.59 3.3M
Att. U-Net 2311.97 9.88 49.9M
Segmenter 387.05 13.53 22.4M

Operations (GFLOPs), frames per second (FPS), and total pa-
rameters.

U-YOLO clearly emerges as the most lightweight model, re-
quiring only 43 GFLOPs while achieving significantly higher
speed than the other models. This makes it particularly ef-
fective for real-time disaster response scenarios. A potential
middle ground between the two extremes in parameter size
is represented by the Segmenter model; however, its poor
performance suggests that it is the least effective option in
this evaluation. Thus, while Attention U-Net likely remains
the state-of-the-art for damage assessment, the new model
achieves highly competitive performance with a substantially
lower number of parameters, offering a more efficient and
practical trade-off for edge computing scenarios.

ABLATION STUDY

To validate the model architecture and justify key design
choices, this work presents a series of ablation studies, specif-
ically designed to assess the impact of individual components
and testing alternative configurations. Specifically, three key
aspects were analyzed: the integration of an additional mod-
ule in the decoder network, the replacement of the WCCE loss
function with alternative formulations better suited for han-
dling class imbalance, and the adoption of a different learning
rate optimizer. These experiments provide valuable insights
into the trade-offs between segmentation accuracy, model ef-
ficiency, and generalization ability, helping to refine the pro-
posed approach and optimize its performance for real-world
disaster assessment applications. In order to simplify the com-
parison, table 4 reports the mean and weighted mean IoU of
the presented model compared with the baseline U-YOLO.

Adding Attention Gate module

The first study conducted explores the integration of the AG
module into the architecture, specifically to filter out irrele-
vant spatial information in the skip connections. This modi-
fication stems from the previously seen architecture of Atten-
tion U-Net, where AGs play a crucial role in enhancing fea-
ture relevance during decoding. However, in the initial design
of U-YOLO, these components were deliberately omitted to
maintain a lightweight and simplified decoder. The rationale
behind revisiting their inclusion was to investigate whether
this selective attention mechanism could improve segmenta-
tion accuracy, particularly for less prominent features.

Experimental results indicate that both the original and the
AG-enhanced models achieve the same mean-IoU, suggesting
comparable overall segmentation performance. Nevertheless,
the original model shows better results in terms of weighted

IoU, highlighting its strength in accurately segmenting the
most frequent classes. On the other hand, the AG-enhanced
version appears to be slightly more effective at capturing finer
details, which may benefit the segmentation of smaller or less
represented classes. Despite this, the marginal gains in de-
tail recognition do not compensate for the increased compu-
tational complexity introduced by the AG module. Therefore,
this modification is ultimately deemed not viable, as it does
not offer a significant improvement in performance relative to
its cost.

Modify the loss function

The second set of studies aims to compare and evaluate the
model using two different loss functions: (Ref. 16) and the
Unified Focal Loss (Ref. 17).

The Tversky loss is a function specifically designed to ad-
dress class imbalance in segmentation tasks. It modifies the
traditional Dice loss by introducing two parameters, α and
β , which control the relative weighting of false positives and
false negatives, respectively (Ref. 11). This flexibility makes
it particularly useful when dealing with datasets where certain
classes are underrepresented. However, experimental results
reveal that the Tversky loss struggles to achieve stable conver-
gence in this context. Despite its theoretical potential, the lack
of convergence makes it challenging to obtain consistent im-
provements, limiting its practical applicability in the current
setup.

The Unified Focal loss is a more recent and sophisticated
alternative that combines two advanced loss functions: the
Tversky Focal loss, which builds upon the Tversky loss by
incorporating a focusing parameter γ to emphasize hard-to-
classify examples, and the Categorical Focal loss, which ap-
plies a similar concept to the categorical cross-entropy (CCE)
function (Ref. 11). This unified approach is designed to
jointly address class imbalance and sample difficulty. The
results are encouraging, showing that the Unified Focal loss
not only converges reliably but also exhibits better perfor-
mance. These findings suggest that, with further parameter
tuning, this loss function holds the potential to surpass the
original model’s performance, particularly in scenarios requir-
ing greater sensitivity to minority classes.

Modify the LR optimizer

The final analysis investigates the impact of modifying the LR
optimizer by replacing SGD with AdamW, an adaptive opti-
mization algorithm widely adopted in modern deep learning
applications (Ref. 18). Notably, AdamW is also the optimizer
used in the original YOLO architecture, motivating its consid-
eration in this context to ensure architectural consistency.

While SGD is valued for its simplicity and strong generaliza-
tion capabilities, it lacks adaptive learning rate adjustments,
which can be limiting in complex optimization landscapes.
AdamW, on the other hand, introduces per-parameter learn-
ing rates and decoupled weight decay, enabling more flexible
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Table 4. Ablation studies results
Mean W. Mean

U-YOLO 54.8 58.7
U-YOLO-AG 54.8 57.7
Tversky Loss 42.6 47.4
Unified F. Loss 53.4 54.7
AdamW 48.7 52.9

and potentially faster convergence through historical gradient
tracking.

Despite these theoretical and practical advantages, experi-
mental results show that AdamW consistently underperforms
compared to the original SGD-based configuration in this spe-
cific segmentation task. This suggests that the stability and
regularization offered by SGD are more suitable in the cur-
rent setting. As a result, the use of AdamW—though standard
in YOLO—is not considered beneficial for the modified ar-
chitecture.

CONCLUSION

The introduction of the new model established a strong foun-
dation for balancing computational efficiency and segmenta-
tion accuracy. Its primary strength lies not only in signifi-
cantly reduce resource consumption, requiring approximately
15 times fewer parameters than Attention U-Net, but also
to deliver strong and competitive performance across various
and different classes, it is even capable of outperforming state-
of-the-art models in well-sampled and clearly defined classes.
However, due to its compact size, the model has some limi-
tations, such as reduced ability to refine boundaries and diffi-
culties in precisely distinguishing between building types.

The assessment and evaluation of different configurations, in-
cluding new modules and different training techniques, not
only validates the model’s structure, but also opened the way
for potential future improvements. One promising direction
is further refinement of the Unified Focal Loss function. Ad-
ditionally, integrating alternative decoder structures, such as
multi-scale feature extraction or more advanced skip connec-
tion mechanisms, could further enhance segmentation accu-
racy.

Overall, this study has achieved solid results, introducing an
innovative and efficient model for disaster assessment in edge
computing environments.
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