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ABSTRACT This paper presents a systematic comparison of object detection models (Faster R-CNN, RetinaNet, YOLOv8) and
semantic segmentation models (U-Net, DeeplabV3+, SegFormer) for automated building damage assessment from
unmanned aerial vehicle (UAV) imagery. The comparison covers both two-stage (Faster R-CNN) and single-stage (RetinaNet,
YOLOV8) approaches to detection, as well as convolutional (U-Net, DeeplLabV3+) and transformer-based (SegFormer)
segmentation architectures. The RescueNet dataset, a high-resolution post-disaster semantic segmentation benchmark, was
adapted for detection by extracting bounding boxes from semantic masks via connected component analysis. Dataset
adaptation was performed through separate pipelines for each annotation format (YOLO txt, torchvision JSON), and for
segmentation, individual building crops were used, simulating the real-world cascaded pipeline scenario. At the segmentation
stage, the task is formulated as binary building-footprint delineation within detected crops; per-building damage-level
grading is performed by the subsequent classification stage of the cascade and is beyond the scope of this study. To ensure
fair comparison, all models within each task were trained with identical hyperparameters, loss functions, and equivalent
pretrained weights (COCO for detection, ImageNet for segmentation). Detection models were evaluated using standard COCO
metrics (MAP@0.5, mAP@0.5:0.95) computed via pycocotools, while segmentation models were assessed using globally
accumulated loU, Dice, Precision, and Recall. Inference latency was additionally measured for all models. The results provide
an evidence-based foundation for selecting architectures in a cascaded Detection-Segmentation-Classification pipeline for
emergency response scenarios. The practical significance of the study lies in the unified evaluation framework that minimizes
confounding factors such as different pretraining levels or optimizer configurations, enabling a substantially more direct
comparison of architectural properties. This work is part of a broader project on developing an automated UAV-based

building damage monitoring system.
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I. INTRODUCTION

Automated building damage assessment after
Anatural disasters is a critically important task for

emergency  services, as it enables rapid
determination of destruction scale and prioritization of
rescue operations. The traditional approach based on
ground inspection is slow, resource-intensive, and often
dangerous for inspectors. In contrast, the use of unmanned
aerial vehicles (UAVs) combined with deep learning
methods opens the possibility of automatic analysis of
high-resolution aerial photographs in near real-time [1, 2].

The damage assessment task is multi-stage: the first
step requires localizing buildings in the image (detection),
and the second step involves determining the degree of
damage to each building (classification or segmentation).
In previous work [3], a cascaded architecture "YOLOVS -
U-Net - EfficientNet" was proposed, which sequentially
performs detection, segmentation of damaged areas, and
classification of destruction degree. However, the selection
of specific models for each cascade stage requires
experimental justification on real data.

In this work, a systematic comparison of three detection
models (Faster R-CNN [4], RetinaNet [5], YOLOvS8 [6])
and three semantic segmentation models (U-Net [7],
DeepLabV3+ [8], SegFormer [9]) is performed on the

RescueNet dataset [1], adapted for detection by converting
semantic masks to bounding boxes. Within the evaluated
two stages of the cascade, segmentation is formulated as
binary building-footprint delineation on per-building
crops; assessment of distinct damage levels is performed
by the third (classification) stage and is not evaluated in
this work. The key requirement for comparison is ensuring
identical starting conditions for all models within each
task: an equivalent level of pretraining (COCO weights for
all detectors; ImageNet-only encoder pretraining with
randomly initialized decoders for all segmentation
models), identical loss functions, optimizers, and metrics.

Il. RELATED WORK

The task of automated building damage assessment is
actively studied in the context of remote sensing analysis
and computer vision. The xBD dataset [2], containing over
850,000 building annotations on satellite images before
and after natural disasters, has become a benchmark for
change detection tasks. However, satellite images have
limited resolution, which complicates detection of minor
damage. The RescueNet dataset [1], created from UAV
images after Hurricane Michael, provides significantly
higher resolution and pixel-wise annotation of 10 classes,
including 4 building classes with different damage levels.
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In object detection, the Faster R-CNN architecture [4]
remains the foundational two-stage model that uses a
Region Proposal Network (RPN) for hypothesis generation
and ROI pooling for refinement. The architecture consists
of two main components: RPN scans the feature map
obtained from the backbone (ResNet-50) using a set of
anchor boxes of different scales and proportions,
predicting object probability and refining box coordinates
for each anchor. In the second stage, proposed regions pass
through ROI Align, after which they are classified and
refined again. The key advantage of Faster R-CNN is high
detection accuracy, especially for medium and large
objects [4, 10]. Among the disadvantages is relatively low
inference speed compared to single-stage detectors, as the
two-stage process is computationally expensive [5]

Leen = 5 Slets o Pi) + A+ 5= 5pie  Lreg (1,11, (1)
where p; is the predicted probability of anchor i being an
object; p;, is the ground truth label; t; are the predicted
bounding box parameters; L, is binary cross-entropy loss;
Lyeg is smooth L1 regression loss; A is the balancing
weight.

RetinaNet [5] is a single-stage detector introduced by
Lin et al. that addresses the fundamental problem of single-
stage architectures - extreme imbalance between positive
and negative samples. The main innovation of RetinaNet is
Focal Loss, a modified cross-entropy loss function that
dynamically reduces the contribution of easily classified
negative samples (background) and focuses training on
hard examples. The architecture uses Feature Pyramid
Network (FPN) [11] for building a multi-scale feature
pyramid. Advantages include significantly higher
inference speed compared to two-stage detectors while
maintaining competitive accuracy [5], and effective
performance under strong class imbalance typical for aerial
image detection [10]. Among the limitations is the use of
predefined anchor boxes requiring careful tuning for
specific domains

FL(p¢) = —a,(1 — p,)" log(p,), 2

where p;, is the estimated probability for the correct class;
y is the focusing parameter (y=2); a, is the class balancing
factor.

YOLOV8 [6] represents the latest generation of the You
Only Look Once family, one of the most popular approaches
to real-time object detection. Unlike previous YOLO
versions, YOLOv8 wuses an anchor-free approach,
eliminating the need for manual anchor box tuning. The
architecture consists of three main blocks: CSPDarknet
backbone for feature extraction, Path Aggregation Network
(PAN) neck for multi-scale feature aggregation, and
decoupled head for independent class and box coordinate
prediction. Key advantages include the highest inference
speed among compared models, making it suitable for
deployment on edge devices (UAVS, Jetson Nano) [6, 12].
Among the limitations is somewhat lower accuracy on small
objects compared to two-stage detectors [13].

L = Apox * Letou + s * Lce + Aagi - Lorr, — (3)

where L,y 1S Complete loU loss for box regression; Lgcg
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is binary cross-entropy for classification;
Distribution Focal Loss for localization.

In semantic segmentation, U-Net [7] is a classic
encoder-decoder architecture with skip connections
introduced by Ronneberger et al. The encoder sequentially
reduces spatial resolution through convolutional blocks
and max pooling, extracting hierarchical features. The
decoder restores spatial resolution through transposed
convolutions. Skip connections transfer feature maps from
corresponding encoder levels directly to the decoder via
concatenation, enabling use of both high-level semantic
features and low-level spatial details [7]. Advantages
include relative architectural simplicity and low
computational requirements. Among the disadvantages is a
limited receptive field [8]

x4ec = Conv (Concat(Up(xézg),xénc)), 4

where x,,, is the encoder feature map at level I; x .. is the
decoder feature map; [ is the network depth level.
DeepLabV3+ [8], introduced by Chen et al., features
the Atrous Spatial Pyramid Pooling (ASPP) module that
applies several parallel atrous (dilated) convolutions with
different dilation rates. Atrous convolution increases the
receptive field without reducing spatial resolution and
without increasing parameter count. Unlike DeepLabV3,
the 3+ version adds a specialized decoder that gradually
restores spatial resolution. Advantages include effective
multi-scale context capture through ASPP [14] and precise
object boundary localization. Among the limitations are
higher computational requirements compared to U-Net

Y = Convye () @ B, AConw,, (x) ® GAP(x), (5)

where r; are dilation rates {6, 12, 18}.

SegFormer [9], introduced by Xie et al. (2021),
represents a fundamentally different approach based on
transformers. The encoder is built on hierarchical Mix
Transformer (MiT), which generates multi-scale features
without positional encoding, using Efficient Self-Attention
with sequence reduction. The decoder is an extremely
simple All-MLP module. Advantages include a global
receptive field through self-attention [9] and architecture
scalability through BO-B5 variants. The B0 variant (3.7M
parameters) is the lightest, suitable for edge deployment.
Among the limitations is the need for large data volumes
for effective transformer training [13], and outputs have
stride 4, requiring interpolation

LDFL IS

. QKT
Attention(Q, K, V) = Softmax (m) v, (6)
where Q is the query matrix; K is the key matrix; V is the
value matrix; d..q is the attention head dimension.

Most  existing ~ comparative  studies  have
methodological limitations: models are compared using
different pretraining levels, optimizers, learning rate
schedules, and datasets, making it impossible to isolate
architectural differences from confounding factors. This
work addresses this limitation by implementing a unified
evaluation framework where all models within each task
use identical hyperparameters, loss functions, and
pretraining levels.
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I1l. PROBLEM STATEMENT

The goal of this research is a comparative analysis of
the effectiveness of detection and segmentation models for
automated building damage assessment from UAV
imagery. The specific research objectives are:

- Adapt the RescueNet dataset for the detection task by
converting semantic masks to bounding boxes using
connected component analysis;

- Ensure unified training conditions for all models
within each task (identical pretrained weights, loss
functions, hyperparameters, and optimization strategies);

- Conduct training and evaluation of three detection
models (Faster R-CNN, RetinaNet, YOLOVS8) using
standard COCO metrics (MAP@0.5, mAP@0.5:0.95);

- Conduct training and evaluation of three
segmentation models (U-Net, DeepLabV3+, SegFormer)
using unified metrics (loU, Dice coefficient, Precision,
Recall);

- Measure inference latency and justify the selection of
models for the cascaded architecture.

IV. METHODOLOGY

A. Dataset and data preparation. The RescueNet
dataset [1] is one of the most comprehensive publicly
available post-disaster aerial image collections and a high-
resolution semantic segmentation benchmark specifically
designed for post-disaster scene understanding from UAV
imagery. The dataset was collected after Hurricane Harvey
(2017) in the Texas coastal region using small unmanned
aerial vehicles at low altitudes (approximately
50 — 120 m), providing ground sampling distances of
approximately 3 -6 cm per pixel. Each image has a
resolution of 4000 x 3000 pixels, capturing detailed
structural features of buildings, roads, and vegetation.

RescueNet provides dense pixel-level annotations
across 10 semantic classes: background (0), water (1),
building with no damage (2), building with minor
damage (3), building with major damage (4), building with
total destruction (5), vehicle (6), clear road (7), blocked
road (8), and tree (9). This multi-class annotation scheme
enables both object-level detection and pixel-level
segmentation tasks. The four building damage classes (2-
5) are of primary interest for the cascaded damage
assessment pipeline investigated in this work. Fig. 1
illustrates representative examples from the dataset
showing UAV imagery alongside damage class overlays
highlighting affected buildings. These visualizations reveal
the spatial heterogeneity of damage patterns within
individual scenes, where buildings at varying damage
levels frequently co-occur in close proximity, necessitating
models capable of fine-grained discrimination between
damage severity categories at the individual building level.

Several alternative datasets exist for building damage
assessment, including xBD [2] (satellite imagery, pre/post-
disaster pairs) and ISBDA (aerial imagery). RescueNet
was selected for this study due to three key advantages: (1)
UAV-level resolution provides significantly finer spatial
detail compared to satellite-based datasets, enabling
detection of subtle structural damage; (2) the multi-class
damage taxonomy (no damage, minor, major, total
destruction)  directly supports graduated damage
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FIG. 1. Representative samples from RescueNet dataset: UAV
RGB imagery (left) and corresponding building damage overlays
(right) highlighting three damage classes directly on the imagery.

assessment; (3) the semantic segmentation format allows
flexible adaptation to both detection and segmentation
tasks through the mask conversion methodology described
below.

Adapting a semantic segmentation dataset for object
detection requires converting pixel-wise masks into
instance-level bounding boxes. Two principal approaches
were investigated: (a) direct contour extraction using
morphological operations, and (b) connected component
analysis with per-class labeling. Preliminary experiments
revealed that approach (a) produced fragmented detections
for adjacent buildings sharing walls, while approach (b)
with per-class component extraction correctly separated
buildings of different damage levels even when spatially
adjacent. Consequently, per-class connected component
analysis was adopted as the primary conversion
methodology.

The conversion pipeline operates as follows: for each
semantic mask, binary masks are extracted for each
building damage class (2-5) independently. Connected
component analysis (8-connectivity) is applied to each
binary mask, identifying individual building instances.
For each connected component, the minimum enclosing
bounding rectangle is computed, yielding coordinates in
[x_min,y_min, x_max, y_max] format. Components with
area below 100 pixels are filtered as annotation noise or
partial building fragments. Fig. 2 demonstrates this
process: from the original UAV image, through the
semantic mask, to extracted bounding boxes with damage
class labels.
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FIG. 2. Bounding box extraction process: per-class connected
component analysis identifies individual buildings and generates
bounding rectangles with damage class labels.

Separate  annotation  format  converters  were
implemented to accommodate the different input
requirements of detection frameworks: torchvision-based
models (Faster R-CNN, RetinaNet) require JSON
annotations with absolute pixel coordinates, while
Ultralytics YOLOV8 expects normalized coordinates in
[class, x_center, y_center, width, height] format. Identical
filtering parameters (minimum component area, aspect
ratio thresholds) were applied across both pipelines to
ensure equivalent dataset composition regardless of
annotation format.

For segmentation model training, individual building
crops were extracted from original images using the
computed bounding boxes, with a 10-pixel contextual
margin. Corresponding binary segmentation masks were
generated by isolating building pixels within each crop
region. This approach emulates the operational cascade
where detection model outputs serve as inputs for per-
building segmentation. Fig. 3 presents examples of
extracted building crops with their corresponding binary
segmentation masks. The crop extraction procedure
preserves the original spatial resolution, ensuring that fine
structural details such as roof edges, wall boundaries, and
partial collapse indicators remain discernible for the
segmentation stage. Binary masks encode building
footprint pixels as foreground against a non-building
background, enabling pixel-wise damage boundary
delineation.

The adapted detection dataset comprises 764 training
images containing approximately 8,500 building instances
and 191 validation images with approximately 1,200
instances. Class distribution analysis revealed: buildings
with no damage approximately 35%, minor damage
approximately 25%, major damage approximately 25%,
and total destruction approximately 15%. This moderate
class imbalance motivated the inclusion of RetinaNet with
Focal Loss in the model comparison, as it was specifically
designed for addressing class imbalance in dense detection
tasks. The segmentation dataset contains 4,766 training and
688 validation building crop-mask pairs derived from the
same image set. Fig.4 presents the overall proposed
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FIG. 3. Individual building crops (left) extracted from UAV
imagery with corresponding binary segmentation masks (right)
used for segmentation model training.

RescueNet Dataset
(UAV post-Hurricane Harvey, 4000x3000 px,
10 semantic classes)

Semantic Mask Analysis
(bullding class filtering: classes 2-5)

Connected Component Analysis
(per-class labeling, min_area = 100 px)

Bounding Box
Generation
(xyxy format)

Individual Bullding
Crop Extraction
(RGB + binary mask)

Detection Dataset
(train: 764 / val: 191 images)

Segmentation Dataset
(~4500 crop+mask pairs)

Detaction Model Training
Faster R-CNN | RetinaNet | YOLOvE
(COCO pretrained, 10 epochs, 5GD)

Segmentation Model Training
U-Net | DeepLabV3+ | SegFormer
(ImageNet pretrained, 10 epochs)

Detection Evaluation
MAP@0.5 | mAP@0.5:0.95
mAR®100 | Latancy

Cascade Pipeline Selection
(Best Detection + Best Segmentation)

FIG. 4. Proposed end-to-end methodology pipeline for building
damage assessment from RescueNet dataset through
preprocessing to model evaluation and cascade selection.
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methodology pipeline, which follows a systematic three-
stage workflow: data preparation, model training with
evaluation, and cascaded inference. The pipeline is
designed to be architecture-agnostic, allowing
straightforward substitution of detection and segmentation
backbones for comparative analysis under identical
preprocessing and evaluation conditions.

B. Detection models training. For training Faster R-CNN
and RetinaNet, the torchvision library implementation was
used with pretrained ResNet-50 backbone initialized with
COCO weights. Faster R-CNN utilized a two-stage
architecture with RPN and region-wise classification head.
RetinaNet used the single-stage FPN-based architecture
with Focal Loss (alpha=0.25, gamma=2.0). For both
detectors, identical SGD optimizer (learning rate=5e-3,
momentum=0.9, weight_decay=5e-4), StepLR scheduler
(step_size=7, gamma=0.1), 20 epochs, batch_size=2,
seed=42 were used.

YOLOV8n (nano variant with ~3.2M parameters) from
Ultralytics was initialized with COCO pretrained weights.
The architecture uses anchor-free approach with decoupled
detection  head.  Training  employed identical
hyperparameters: SGD optimizer (learning rate=5e-3,
momentum=0.9, weight_decay=5e-4), StepLR scheduler
(step_size=7, gamma=0.1), 20 epochs, batch_size=2,
seed=42. All training scripts utilize the shared
common_utils.py module that fixes the seed for PyTorch,
NumPy, and CUDA to ensure reproducibility.

C. Segmentation models training. U-Net and DeepLabV3+
were implemented through the
segmentation_models_pytorch (smp) library [15] with
pretrained ResNet-50 encoder (ImageNet). SegFormer-B0
was initialized from the nvidia/mit-b0 checkpoint, whose
hierarchical Mix Transformer encoder is pretrained
exclusively on ImageNet-1k image classification, with a
randomly initialized decoder head producing 1 output
channel. This ensures an equivalent level of pretraining
across all three models: every encoder carries only
ImageNet classification knowledge, and every decoder is
initialized randomly, so no model benefits from prior
exposure to a semantic segmentation task. SegFormer
outputs have stride 4, so logits are interpolated to input size
via bilinear interpolation before loss computation.

For all three segmentation models, identical BCE+Dice
loss function (bce_weight=0.5, dice_weight=0.5), AdamW
optimizer (learning rate=le-4, weight_decay=1e-4),
batch_size=4, seed=42, image_size=256, and ImageNet
normalization were used. Training was run for a maximum
of 100 epochs under a unified stopping protocol: a
ReduceLROnNPlateau scheduler (factor 0.5, patience 5,
monitoring validation Dice) combined with early stopping
after 15 epochs without improvement of validation Dice.
Identical augmentations (horizontal and vertical flips with
p=0.5, random rotation within +10°, and random
brightness/contrast adjustments) were applied during
training. All segmentation models were trained and
benchmarked in the Google Colab environment on an
NVIDIA Tesla T4 GPU (16 GB VRAM), Intel Xeon CPU
@ 2.00 GHz, 12 GB RAM, PyTorch 2.11 with CUDA
12.8. Metrics are computed globally through the
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SegmentationMetrics class that accumulates TP, FP, and
FN across the entire validation set, rather than averaging
per batch.

D. Evaluation metrics. For detection, standard COCO
metrics computed via pycocotools were used: mAP@0.5,
MAP@0.5:0.95, and mAR@100. For segmentation: loU,
Dice coefficient, Precision, Recall, and F1-score.
Additionally, inference latency (ms/image) and throughput
(FPS) were measured for all models

Dice = ——— JoU = ——, )
2:-TP+FP+FN TP+FP+FN
where TP is true positives; FP is false positives; FN is false

negatives.

V. EXPERIMENTAL WORKFLOW

A. Dataset adaptation for detection. The RescueNet
semantic segmentation masks were processed to extract
building instances. The connected components algorithm
identified individual buildings in each mask, computing
bounding rectangles for each component. Filtering
removed components smaller than 100 pixels (noise) and
boxes with extreme aspect ratios. For YOLO format,
coordinates were normalized; for torchvision format,
absolute pixel coordinates were preserved. The same
filtering criteria were applied to both formats to ensure
consistent dataset composition.

Statistics from the adapted dataset: training set contained
approximately 8,500 building instances, validation set
contained approximately 1,200 instances. Distribution
across building damage classes: no damage (class 2) ~35%,
minor damage (class 3) ~25%, major damage (class 4)
~25%, total destruction (class 5) ~15%. This class imbalance
motivated the use of RetinaNet with Focal Loss, which is
specifically designed for imbalanced datasets.

B. Dataset  preparation for  segmentation. For
segmentation model training, the detected building
bounding boxes were used to extract individual crops from
the original images. Each crop included the building area
plus 10-pixel margin for context. Crops were resized to
256x256 pixels using bilinear interpolation. Corresponding
segmentation masks were also cropped and resized. This
approach simulates the real cascaded pipeline where a pre-
trained detection model provides bounding boxes that are
then passed to segmentation models.

The resulting training dataset for segmentation consisted
of 4,766 image crops with corresponding binary masks; the
validation set contained 688 crops. Binary masks were
created by combining all building classes (2, 3, 4, 5) into a
single positive class. The segmentation task is therefore
formulated as binary building-footprint delineation within
each detected crop; grading of individual damage levels is
not performed at this stage and is delegated to the subsequent
classification stage of the cascaded pipeline.

C. Detection model training. All three detection models
(Faster R-CNN, RetinaNet, YOLOv8n) were trained on the
adapted RescueNet detection dataset using identical
hyperparameters to ensure fair comparison. Training was
conducted in the Google Colab environment on an
NVIDIA Tesla T4 GPU (16 GB VRAM) with
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batch_size=2 due to memory constraints; all detection
latency measurements reported below were obtained on the
same hardware. Learning rate schedule (StepLR with
step_size=7, gamma=0.1) was designed to reduce learning
rate after 7 epochs, allowing models to converge and refine
learned features. Training was conducted for a fixed budget
of 20 epochs, identical for all three detectors.

Validation was performed every epoch on the
validation set using COCO evaluation protocol. Detection
results were filtered by confidence threshold (0.5) before
metric computation. This approach simulates practical
deployment conditions where only high-confidence
detections are processed by downstream stages.

D. Segmentation Model Training. Segmentation models
were trained on the extracted building crops using identical
hyperparameters: BCE+Dice loss, AdamW optimizer,
batch_size=4, learning_rate=1e-4, with a maximum budget
of 100 epochs governed by the unified early stopping
protocol described in Section IV. Training images were
augmented using standard techniques: horizontal and
vertical flips (p=0.5 each), random rotation (£10 degrees),
and random brightness/contrast adjustments. Validation
was performed every epoch with metrics accumulated
globally across the validation set.

The unified stopping protocol ensured that every model
was trained to convergence: U-Net reached its best
validation Dice at epoch 41 (training stopped at epoch 56),
DeepLabV3+ at epoch 53 (stopped at 68), and SegFormer-
BO at epoch 79 (stopped at 94). The corresponding training
and validation curves are presented in Fig. 11, confirming
that no model was terminated prematurely. The global
metrics accumulation approach (TP/FP/FN pooled across
validation set) better represents real-world performance than
per-batch metric averaging, as building-level metrics require
aggregation of predictions across the entire validation set.

VI. EXPERIMENTAL RESULTS
Table 1 presents detection model comparison results on
the RescueNet validation set.

TABLE 1. Comparison of detection models on RescueNet val.

Model mMAP@0.5 mAP@.5:.95 mMAR@100 ms/img
Faster 86.4 62.3 714 305.4
R-CNN
RetinaNet  83.8 62.8 75.5 2145
YOLOv8n 90.9 73.8 85.9 ~7

The detection results reveal clear performance

differences among the three models. YOLOv8n achieves the
highest mAP@0.5 of 90.9%, followed by Faster R-CNN at
86.4% and RetinaNet at 83.8%. For the stricter
mAP@0.5:0.95 metric, YOLOvV8n leads with 73.8%, Faster
R-CNN achieves 62.3%, and RetinaNet 62.8%. Faster R-
CNN and RetinaNet show comparable mMAR@100 (71.4%
and 75.5%, respectively), while YOLOv8n leads with
85.9%. The most striking difference lies in inference
latency: YOLOv8n processes images in approximately 7 ms,
whereas Faster R-CNN requires 305.4 ms and RetinaNet
214.5 ms. This makes YOLOv8n approximately 43x faster
than Faster R-CNN and 30x faster than RetinaNet. Despite
Faster R-CNN achieving competitive accuracy metrics, its
two-stage architecture introduces significant computational
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overhead unsuitable for real-time deployment. These results
strongly support selecting YOLOv8n as the detection
component in the cascaded pipeline, especially for
deployment on edge devices where real-time processing is
critical. Fig. 5 presents a visual comparison of detection
model metrics. Fig. 6 further illustrates qualitative detection
outputs from YOLOv8n on validation images,
demonstrating tight bounding box alignment with ground-
truth annotations across buildings of varying sizes and
damage categories. The predicted confidence scores
consistently exceed 0.7 for correctly localized instances,
corroborating the high mAP@0.5 of 90.9%.

D+ ion Model C

100 = mapr@0.5

B mAP@O.5:0.95

N mAR@100
a6.4

parison on R ion Set

Scare (%)

Faster R-CNN RetinaNet YOLOvEn

FIG. 5. Comparison of detection model metrics on RescueNet
validation set.
PS5 S

FIG. 6. YOLOV8n detection predictions on RescueNet validation
set with confidence scores.

TABLE 2. Comparison of segmentation models on RescueNet val.

Model loU Dice Prec. Recall F1 ms/limg
U-Net 925 961 955 96.7 961 85
DeepLabV3+ 930 964 956 971 964 109
SegFormer-BO 932 965 96.1 970 965 8.8

The segmentation results show that under the unified
training protocol all three models converge to closely
comparable quality. SegFormer-B0 achieves the best overall
performance with loU of 93.2%, Dice of 96.5%, and
balanced Precision/Recall (96.1%/97.0%), while requiring
approximately 8.7x fewer parameters (3.7M) than U-Net
(325M) and 7.2x fewer than DeeplLabV3+ (26.7M).
DeepLabV3+ follows closely with loU of 93.0% and Dice
of 96.4% (Precision 95.6%, Recall 97.1%), and U-Net
achieves loU of 92.5% and Dice of 96.1% (Precision 95.5%,
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Recall 96.7%). The learning curves in Fig. 11 confirm that
all three models were trained to convergence, with
SegFormer-B0 requiring the longest schedule (best epoch
79) and U-Net the shortest (best epoch 41). Inference
latencies, measured on the same Tesla T4 GPU as the
detection experiments, are comparable across models: U-
Net 8.5 ms, SegFormer-B0 8.8 ms, and DeepLabV3+ 10.9
ms per crop, all compatible with real-time operation. Given
the essentially equal accuracy of the three architectures, the
substantially smaller parameter count and memory footprint
of SegFormer-BO make it the preferred choice for edge
deployment. Fig. 7 and Fig. 8 present visual comparisons of
segmentation model metrics. Fig. 10 provides qualitative
segmentation results from SegFormer-B0, contrasting
worst-case and best-case predictions. Even in the worst
cases, SegFormer-BO0 captures the overall building footprint
with only minor boundary inaccuracies, while best-case
predictions exhibit near-perfect overlap with ground-truth
masks, confirming the quantitative loU of 93.2%.

Segmentation Models Comparison on RescueNet

Score (%)

Iou Dice recision Recall Fl

FIG. 7. Comparison of segmentation model metrics on RescueNet
validation set

Segmentation Models: Multi-Metric Comparison
Dice

Precision

loU

Recall

— U-Net
= DeeplLabV3+
F1 —— SegFormer-B0

FIG. 8. Multi-metric radar comparison of segmentation models.
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SsegormerBo
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TABLE 3. Summary comparison for cascade component selection.

Stage Model Metric Latency
Detection YOLOv8n mAP@0.5 =90.9% ~7 ms
Segmentation SegFormer-BO Dice = 96.5% 8.8 ms

Edge Device Suitability. For deployment on edge devices
such as NVIDIA Jetson Nano or Google Coral, inference
latency is the primary constraint (Fig.9 presents the
latency comparison across all evaluated models). All three
segmentation models offer comparable latency on the
Tesla T4 (8.5—10.9 ms/image), so latency alone is no
longer the deciding factor. SegFormer-B0O combines the
highest accuracy (Dice = 96.5%) with a parameter count
roughly an order of magnitude smaller (3.7M vs. 26.7 —
32.5M), which directly translates into a smaller memory
footprint — a decisive property for memory-constrained
edge accelerators. Combined with YOLOv8n for detection
(~7 ms), the total pipeline latency remains around 16 ms
per building, enabling real-time processing at over 60
instances/second. The YOLOv8n + SegFormer-B0O
combination is therefore recommended for edge
deployment in emergency response scenarios.

VII. CONCLUSION

In this work, a systematic comparison of six deep
learning models for the task of building damage assessment
from UAV imagery was performed: three detectors (Faster
R-CNN, RetinaNet, YOLOvV8) and three segmentation
models (U-Net, DeepLabV3+, SegFormer). The key
methodological distinction of this study is ensuring unified
training conditions: within each task, all models start from
an equivalent level of pretraining (COCO for detection;
ImageNet-only encoders with randomly initialized
decoders for segmentation) and use identical loss
functions, optimizers, stopping criteria, and metrics,
enabling correct comparison of architectural differences.

For adapting the RescueNet dataset to the detection
task, automatic conversion of semantic masks to bounding
boxes via the connected components algorithm was
implemented. Separate conversion pipelines were
developed for YOLO and torchvision annotation formats
with identical filtering parameters, guaranteeing fair
comparison. For segmentation, individual building crops
were extracted based on bounding boxes, modeling the real
cascaded architecture workflow.

The unified evaluation framework implemented in this
work minimizes confounding factors and enables a
substantially more direct comparison of model
architectures. By standardizing hyperparameters, loss
functions, pretrained weights, and evaluation metrics, we
reduce the extent to which observed performance
differences can be attributed to implementation or training
artifacts rather than architectural properties, although
training-related factors cannot be ruled out entirely.

Based on the experimental results, YOLOv8n
demonstrated the best detection performance with
mAP@0.5 of 90.9% and inference latency of
approximately 7 ms, outperforming both Faster R-CNN
(mAP@0.5 = 86.4%, latency 305.4 ms) and RetinaNet
(mAP@0.5 = 83.8%, latency 214.5 ms) by a significant
margin. For segmentation, all three models trained to
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convergence under the unified protocol reached closely
comparable quality: SegFormer-BO achieved the best
results (loU = 93.2%, Dice = 96.5%), marginally ahead of
DeepLabV3+ (loU = 93.0%, Dice = 96.4%) and U-Net
(loU = 92.5%, Dice = 96.1%), while using approximately
8x fewer parameters (3.7M) than either convolutional
competitor. This near-parity of properly converged
architectures underscores the importance of a unified
training protocol: the dramatic differences that appear
when training budgets are insufficient largely vanish when
every model is allowed to converge. The recommended
combination for the cascaded architecture is YOLOv8n for
detection and SegFormer-BO0 for segmentation, preferred
for its parameter efficiency and highest accuracy at
competitive latency (8.8 ms on Tesla T4), with a total
inference time of approximately 16 ms per building
instance. This combination is particularly well-suited for
edge device deployment (e.g., NVIDIA Jetson, Raspberry
Pi with accelerator) where both accuracy and real-time
processing are required for emergency response scenarios.

Several limitations of the presented comparison should
be acknowledged. First, all reported metrics correspond to
a single experimental run with a fixed random seed (42),
chosen to ensure exact reproducibility; confidence
intervals or variance estimates across repeated runs with
different initializations are not provided, and moderate run-
to-run variability typical of deep learning models cannot be
excluded. Second, detection models were trained with a
batch size of 2 due to GPU memory constraints; although
such settings are common in object detection, small batch
sizes may influence optimization stability and convergence
speed differently across architectures, which constitutes an
additional training-related factor alongside purely
architectural differences. Accordingly, the comparison
presented here minimizes, but does not completely
eliminate,  implementation- and training-related
confounding factors.

Future research directions include: (1) extending the
comparison to the full cascaded architecture Detection-
Segmentation-Classification with end-to-end evaluation on
multi-class damage levels; (2) expanding the training
dataset by incorporating additional post-disaster imagery
from different geographic regions and disaster types
(earthquakes, floods, wildfires); (3) reporting variance
estimates across repeated runs with different random seeds
to quantify the statistical reliability of the comparison; (4)
experimenting with larger batch sizes and alternative
learning-rate regimes, including re-benchmarking of the
detection models under the same extended protocol; (5)
evaluating additional architectures such as Mask R-CNN
for instance segmentation, Swin Transformer for detection,
and SAM (Segment Anything Model) for zero-shot
segmentation; (6) performing comprehensive
benchmarking on edge devices (NVIDIA Jetson
Nano/Xavier, Raspberry Pi 5 with Hailo-8) with model
quantization (INT8/FP16) and TensorRT optimization; (7)
investigating the impact of image resolution on model
performance by testing at multiple scales (256, 512, 1024
pixels); (8) developing an end-to-end real-time monitoring
system with drone integration for automated post-disaster
building assessment.
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MopiBHANBHUMU aHaNiI3 moaenen geTeKuii Ta cermeHTauii
ANA OUiHKM NOWKOAXeHb byaisenb Ha 306paXKeHHAX
BMNNA

lnna Kpaseupb”', Amutpo YrpuH, tOpiii YiweHko

YepHiBeLbKuMit HaLiOHaNbHWUI yHiBepcuTeT imeHi FOpisa ®eppkosuya, YepHisui, YkpaiHa
*ABTOp-KopecnoHaeHT (EnekTpoHHa agpeca: kravets.illia@chnu.edu.ua)

AHOTALLIA Mpaya npuceaYeHa NOPiIBHANLHOMY aHanily mogenen aetekuii 06’ekrtis (Faster R-CNN, RetinaNet, YOLOV8) Ta
cemaHTMyHoi cermeHTauii (U-Net, DeeplLabV3+, SegFormer) ans 3aga4i aBTOMaTM30BaHOI OLIHKM MOLWKOAXeEHb byAiBenb Ha
306parkeHHAX 6e3MiNoTHMX NiTanbHUX anapartiB. MopiBHAHHA oxonate AK ABoetanHi (Faster R-CNN), Tak i ogHoertanHi
(RetinaNet, YOLOV8) niaxoau Ao AeTekuii, a Takox 3roptkosi (U-Net, DeeplabV3+) Ta TpaHchopmepHi (SegFormer)
apXiTEKTYpU cermeHTaLii. Ik eKcnepumeHTanbHWUI Habip AaHWMX BUKOpUCTaHO RescueNet — BMCOKOPO3A4iNbHWUIA AaTacer
CEMAHTUYHOI CermeHTauii MOCTCTUXIMHWUX CLEH, 3 AKOrO METO40M KOMMOHEHTHOrO aHanizy Macok 6yno oTpumaHo
obmeKyBanbHi paMKku bygiBenb ANA HaBYaHHA Mogenen aeTekuii. AganTtauia gaTaceTy BMKOHYBaNaCb OKPEMUMU
KOHBEEPaMM ANA KoxkHoro popmaty aHoTauii (YOLO txt, torchvision JSON), a gna cermeHTaLii BUKOPUCTAHO KPOMU OKpemmux
6yaisenb, WO MOAENOE peasbHUIN cLeHapili poboTn Kackaay. [na 3abesneyeHHs KOPEKTHOTo MOpPiBHAHHA BCi Mogeni B
MeKax KOXKHOI 3aZa4i HaBYaIMCb 3 OAHAKOBUMM rineprnapameTpamm, GyHKLiAMM BTpAT Ta pretrained Baramu BignosigHoro
piBHA (COCO ana petekuii, ImageNet ana cermeHTauii). EeKTMBHICTb AETEKTOPIB OLiHIOBaNach 3a meTpnkamm MAP@0.5 Ta
MAP@0.5:0.95 uepes yHidikoBaHe 0buncneHHA Ha 6a3i pycocotools, a cermeHTaLiiHUX mogeneit — 3a rnobanbHumu loU,
Dice, Precision Ta Recall 3 akymynsuieto TP/FP/FN. [lofaTKOBO BUMIPAHO NaTEHTHICTb iHpepeHcy Aaa Beix moaenei. Ha etani
cermeHTaLjii 3aga4ya GOpMy/OETLCA AK BiHapHe BUAINEHHA KOHTYpy OyAiBni B Mexax BMABNEHOro Kpomny; Knacudikauisn
CTYNeHA MOLKOAMKEHHA OKpemux 6yaiBenb BUMKOHYETbCA HA TPETbOMY €Tami Kackagy Ta BUXOAMTb 33 MEXi LbOoro
[OCNiIAXKEHHA. Pe3ynbTaT fOCAiAKEeHHA [03BO/IAOTL 0O6IPYHTOBAHO 06BpaTV apxiTeKkTypy A1A NPAKTUYHOTO PO3ropTaHHA
KackagHoi cuctemm «etekuia - CermeHTauia - Knacudikauia» B ymoBax pearyBaHHA Ha Haf3BWUYaMHI cUTyaLii, 30Kpema
O/1f PO3ropTaHHA Ha MpUCTPosAX nepudepiiHux obuncneHb i3 obmexeHUMU pecypcamu. PoboTa € YaCTMHOM LIMPLIOTO
NPOEKTY 3 PO3PO6KM aBTOMATU30BAHOT CUCTEMM MOHITOPUHTY PYyiMHYBaHb Ha 6a3i BIN/1A.

K/IIOYOBI C/IOBA petekuina 06’eKTiB, cEeMaHTUYHa CErMeHTaLLisl, OLiHKa nowKoayKeHb, BMNJIA, rnbuHHe HaBYaHHSA.
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