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ABSTRACT: Due to transportation disruptions after the earthquake, on-site surveys could not quickly assess house
damage. Remote sensing can quickly acquire disaster-related information over large-scale affected areas and support
rapid localization and morphological identification of damaged buildings from top-view observations. Nevertheless,
on-site inspection by experienced engineers is still the most accurate method for judging real building structural
damage, since UAV orthophotos only record surface features and cannot capture internal building damage. Field
investigation data in our study served as ground-truth references for UAV image interpretation and labelling. Current
remote sensing-based post-earthquake building assessment mostly adopts a binary classification system of collapsed
and non-collapsed, which makes it difficult to distinguish between lightly damaged and intact buildings, and the
imbalance between positive and negative sample sizes leads to low identification accuracy. This article created the
orthophoto images from unmanned aerial vehicles in Shuanghe Town, Changning County, Sichuan Province and
established a classification standard for building seismic damage based on visual interpretation. The earthquake-
damaged buildings were ultimately classified into three damage levels: completely collapsed, partially damaged, and
basically intact. Semantic segmentation can identify different objects in an image. This article compares the performance
of different models, sample sizes, and loss functions. This study compares 50% overlapping cropping with non-
overlapping cropping, and compares a Focal + Dice hybrid loss with cross-entropy, on UAV orthophoto patches of
Shuanghe Town. Reported scores are mean metrics on the test block of this single mosaic. The results show that the
MobileNetV3 model with Focal Loss and Dice Loss reported the highest mean mIoU, mPA, and F1 scores of 92.36%,
97.32%, and 96.77%, respectively, on the evaluated test block with 512 × 512 pixels and 50% overlapping sampling.
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1 Introduction
An earthquake is a sudden and destructive natural disaster that can cause significant harm to people’s

lives and property [1]. After an earthquake occurs, it is necessary to promptly determine the distribution of
earthquake intensity based on the degree of damage [2]. Researchers need to conduct on-site investigations
of the damage to buildings to assess earthquake intensity [3].

Following the 1906 San Francisco earthquake, early attempts at aerial documentation included kite-
mounted camera systems used to capture post-earthquake imagery of the city, representing one of the earliest
known applications of aerial photography for post-earthquake damage assessment. With the continuous
advancement of remote sensing technology [4–6], remote sensing has been used for earthquake damage
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monitoring since the 1960s, and aerial photographs have been used to document damage patterns in affected
areas [7]. At first, interpretation relied mainly on manual observation to obtain information on house
collapses, with damage levels assigned from visual differences in collapse appearance. There are subjective
differences in traditional manual observation methods. It is difficult to guarantee accuracy with this method
and cannot meet the needs of rapid earthquake assessment.

Pixel classification relies on mathematical statistics [8]. This method determines the nature of the
ground object class represented by the pixel through the spectral information of the image bands. Traditional
pixel-based classification technology has the “salt-and-pepper noise” in image analysis [9]. Therefore, it is
impossible to distinguish problems such as “different spectra of the same object” and “same spectra of dif-
ferent objects”. Compared with traditional pixel classification, object-oriented classification contains richer
semantics and has great improvement in understanding depth, classification accuracy, and classification
level [10].

The object-oriented classification method begins by using image segmentation technology to generate
polygonal objects. The image target is used as a basic unit to extract information. Then, a classification
method is used to complete the automatic extraction of the target. Wen et al. established an object-
oriented multi-level classification system for the post-earthquake area of Shuanghe Town using the ESP2
algorithm [11]. Researchers have utilized machine learning methods to make identification results faster and
more accurate [12,13]. Günen constructed multi-dimensional stacked feature sets from very-high-resolution
imagery and terrain-derived products, compared multiple machine-learning classifiers for building rooftop
detection, and achieved competitive detection accuracy via feature-selection procedures [14]. Such multi-
feature fusion schemes provide valuable references for building-damage interpretation in disaster-affected
areas. It should be noted that UAV orthophotos are purely 2D planar representations and may miss some
three-dimensional and internal structural details of buildings. Gautam et al. developed machine-learning
and soft-voting ensemble classification frameworks for earthquake-induced bridge damage assessment,
and quantified the influence of data homogeneity and heterogeneity on model performance [15]. Such
feature-driven machine-learning pipelines provide alternative solutions for seismic damage evaluation when
annotated deep-learning training samples are insufficient.

In recent years, the development of deep learning technology has enabled the extraction of some
important information from images. Deep learning technology has been widely used in agricultural pest
detection [16], farmland crop classification [17], autonomous driving [18–20], and other fields. At present,
various deep-learning semantic segmentation models have been used to identify the collapse and damage of
houses [21]. Hong et al. [22] proposed a new convolutional neural network, namely the Earthquake Building
Damage Classification Network (EBDC-Net), which can classify damaged buildings into three and four
categories according to the degree of damage. Wang et al. [23] designed a novel loss function that integrates
geometric consistency constraints (GCC) with cross-entropy (CE) loss for post-earthquake building segmen-
tation to reduce misidentification. Xu et al. [24] proposed a computer vision and machine learning-based
framework for seismic damage assessment of reinforced concrete (RC) structures to reduce errors.

However, most existing studies simplify earthquake damage assessment of buildings as a binary
classification, i.e., whether or not the building has collapsed [25]. The traditional binary classification system
(collapsed/not collapsed) cannot distinguish between lightly damaged and intact buildings in earthquake
damage assessment. Therefore, there is a risk of misclassification, where buildings that are not collapsed are
mistakenly deemed safe. Some convolutional neural network-based models perform poorly in house collapse
detection due to class imbalance caused by the significant pixel disparity between houses and background
scenes. Under the imbalanced training samples, some deviations will be generated, which will affect the
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accuracy of the classification results [26,27]. This results in poor identification accuracy of under-represented
buildings. In response to the issues raised, this article has made the following contributions:

1. Systematically evaluate and compare four mainstream semantic segmentation models (UNet,
DeepLabv3+, MobileNetV3, and OCRNet) for post-earthquake building damage identification using
UAV orthophotos in mountain towns, reporting comparative mean metrics on a single orthophoto
mosaic under complex terrain and occlusion conditions.

2. Compare 50% overlapping cropping and a Focal + Dice hybrid loss with non-overlapping crops
and cross-entropy on this mountainous-town UAV dataset, and report the resulting mean segmenta-
tion metrics.

3. Treat seismic damage assessment of buildings as a three-class classification problem.

2 Study Area and Data

2.1 Study Area
On June 17, 2019, a 6.0-magnitude earthquake struck Changning County, Yibin City, Sichuan Province.

This earthquake was the strongest within a 50-km radius of the area since records began. As a shallow
earthquake, it caused severe damage to buildings. Changning County is located on the southern edge of
Sichuan Province, China, with a longitude ranging from 104○44′22′′ E to 105○03′30′′ E and a latitude ranging
from 28○15′18′′ N to 28○47′48′′ N. The epicentral area, Shuanghe Town, lies to the south of Changning
County, adjacent to Guanxing Town and Meidong Town in the east, Xingwen County in the south, Gongquan
Town of Gong County in the west, and Longtou Town in the north. The administrative area of Shuanghe
Town covers 135.35 km2. The dataset used in this study was derived from UAV orthophotos of Shuanghe
Town, Changning County, as shown in Fig. 1.

The study area is mainly Shuanghe Town, located in Changning County, Yibin City, Sichuan Province,
which is the epicentral area of this earthquake. UAV remote sensing images were acquired on June 18,
2019, with a spatial resolution of 0.6 m and three spectral bands (RGB). The image size is 39,200 × 38,282
pixels. After obtaining multiple aerial photographs, PhotoScan software was used to process the images. The
remote sensing images and POS data acquired at each monitoring point were imported into the system,
and ground control point files were loaded. Through operations such as aligning photos and building dense
point clouds, a Digital Elevation Model (DEM) and a Digital Orthophoto Map (DOM) were generated. The
UAV orthophoto covers Shuanghe Town only. Surrounding towns and other affected areas of the Changning
earthquake are outside the mosaic and are not evaluated.

Shuanghe Town is a typical mountain town in Southwest China. After the earthquake, it features
fragmented terrain, dense buildings, and severe occlusion by trees and mountains, which collectively
reflect the main challenges of earthquake damage in mountain towns. It encompasses both dense building
clusters and scattered rural houses, with a highly imbalanced distribution of partially collapsed, completely
collapsed, and largely intact buildings, along with complex image conditions such as mountain shadows, tree
occlusions, and variations in roof materials. These conditions are common in mountain towns of Southwest
China, but the present dataset covers only Shuanghe Town in one campaign. Transfer to other towns is
not demonstrated.
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Figure 1: UAV orthophoto of Shuanghe Town.

2.2 Data Source
The European Macroseismic Scale 1998 (EMS-98), developed by the European Seismological Commis-

sion (ESC), is a widely adopted macroseismic intensity scale for assessing and describing seismic intensity.
It places particular emphasis on detailed classification of building damage levels, providing a systematic
framework for evaluating earthquake impacts on structures [28]. In an ideal scenario, the progression of
damage grades from Grade 1 to Grade 5 should correspond to a linear increase in seismic intensity. However,
achieving this in practice is challenging due to the complex relationship between structural damage and
ground motion. This difficulty is heavily influenced by the description methodology of damage grades. In
practice, damage grade descriptions must prioritize clear differentiation between levels to ensure usability,
while acknowledging that seismic intensity scales do not explicitly list all possible combinations of vulnera-
bility categories and damage grades for each intensity value. Instead, they provide representative examples to
guide users in interpreting real-world scenarios, balancing comprehensiveness with practical applicability.

Practical obstacles in implementing EMS-98 multi-level seismic-damage classification have been iden-
tified since the 2010s. Gautam et al. analysed these real-world limitations for seismic vulnerability evaluation
and put forward targeted adjustment suggestions [29]. Consistent with these earlier findings, we also
found that EMS-98 grades bring high requirements for training-data quality and annotation consistency,
with ambiguous grade boundaries (e.g., crack-width thresholds between Grade 2 and Grade 3) producing
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classification uncertainties during field-based annotation. To mitigate such ambiguities, our study consoli-
dates intermediate states by regrouping: Grades 1–2 as “basically intact”, Grades 3–4 as “partially damaged”,
and Grade 5 as “completely collapsed”. This regrouping reduces the number of ambiguous grade boundaries
in the image labels and is used here for roof-view UAV interpretation. We established a classification system
for the degree of building damage, as shown in Table 1. Building damage is classified into three levels: basically
intact, partially damaged, and completely collapsed. In the post-disaster images, black, red, green, and yellow
represent background, Basically intact, Partially damaged, and Completely collapsed, respectively. Sample
images and their annotations are shown in Fig. 2.

Table 1: Building seismic damage classification standards.

Damage
Degree Basically Intact Partially Damaged Completely

Collapsed
The

classification of
building

damage levels
in EMS-98

Grade 1:
Negligible to
slight damage

Grade 2:
Moderate
Damage

Grade 3:
Substantial to

Heavy Damage

Grade 4: Very
Heavy Damage

Grade 5:
Destruction

Building
damage level

descriptions in
EMS-98

No structural
damage.

Fine cracks in
plaster, falling
of loose tiles

Slight
structural
damage.

Thin cracks
in walls

Substantial
structural
damage.

Large cracks in
walls, partial

failure of non-
load-bearing

elements

Heavy
structural
damage.

Major cracks,
failure of some
load-bearing

elements,
partial collapse

possible

Total or near-total
collapse of the

building.

On-site image
features

The building structure
remains largely intact with

clear contours; visible
damage is limited to minor
features such as fine plaster
cracks or small tile losses
that do not compromise

structural integrity.

The roof has collapsed or
severely deformed, and walls are

partially destroyed.

The structure is
fully collapsed,

with blurred
boundaries and
unrecognizable

contours.

Remote sensing
images

(Continued)
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Table 1 (continued)

Damage
Degree Basically Intact Partially Damaged Completely

Collapsed

On-site images

Figure 2: Sample images. (a) Original drawing; (b) Annotations.

In addition, the reliability of the building damage ground-truth labels in this study is validated by
systematic on-site field investigations. On July 9, 2019, our research group conducted field verification and
in-situ building structural damage assessments in Shuanghe Town. The team was divided into two subgroups
to carry out comprehensive building safety surveys, and 855 valid building seismic damage records were
collected in total. Image labels were assigned by visual interpretation of the UAV orthophoto and then
checked against the 855 field records. Roof-view imagery cannot show internal structural damage; field
engineering notes were used to reduce this mismatch, but residual label uncertainty remains for damage that
is not expressed on the roof. The fieldwork was conducted in collaboration with Chongqing University Major
Engineering Quality Inspection Co., Ltd. as part of the post-earthquake building damage assessment, with
our research team specifically responsible for the building seismic-damage survey in Shuanghe Town. Six
graduate students majoring in civil engineering participated in the field investigation; before labelling, all
annotators were trained on a unified seismic-damage annotation standard. All building survey records were
compiled strictly for physical damage evaluation and contain no personal or identifiable human data.

2.3 Data Processing
The UAV orthophoto was partitioned into spatially contiguous training and test blocks at a ratio of

7:3 (Fig. 3). The split was applied to image regions rather than by shuffling individual pixels or building
objects. Adjacent blocks on the same orthophoto may still be spatially autocorrelated; this limitation is
stated in Section 4.4. Overlapping cropping was then applied only inside the training block; the test block
was cropped without overlap and without augmentation. The resulting numbers of training patches were
approximately 6394 (128× 128), 1906 (256× 256), and 874 (512× 512). The data set used in this study originates
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from the post-earthquake field investigation and UAV survey of Shuanghe Town reported in our earlier
publications [11–13], which document the data collection, orthophoto processing, building-level allocation,
and ground-truth annotation procedures in full; as the present work is a follow-up study based on that
surveyed data, these established procedures are not repeated here.

Figure 3: Dataset partitioning of the Shuanghe Town UAV orthophoto. (a) Orthophoto; (b) Label map; (c) Training
and test blocks.

Across the complete surveyed scene, 855 building-damage records were available before dataset par-
titioning, comprising 256 basically intact buildings (29.9%), 522 partially damaged buildings (61.1%), and
77 completely collapsed buildings (9.0%). These object-level counts characterize the source scene. In this
study, 50% overlapping cropping was used as a spatial-shift augmentation to increase patch coverage and to
reduce truncation of buildings at crop boundaries. Because class-wise pixel and patch counts after cropping
were not archived, whether this operation changed the effective class proportions cannot be quantified from
the available data. These object-level counts characterize the source scene rather than the post-cropping
training set. Building pixels account for only a small proportion of the total image pixels, resulting in a severe
foreground-background imbalance.

Oversampling methods typically employ image enhancement and random replication to augment
samples of the minority class to address imbalanced classification. In this study, overlapping sampling was
adopted. Overlapping sampling is implemented by adjusting the sliding step size of the cropping window
to extract patches from the labeled images. This method not only increases the number of samples but also
ensures sample diversity. A schematic diagram is shown in Fig. 4. A building remote sensing image cropped
by the overlapping sliding window is shown in Fig. 5.

The specific procedure of overlapping sampling is as follows. First, a fixed-size cropping window is
defined. The step size is set to a value smaller than the window size. The window is slid horizontally and
vertically across the entire orthophoto image and its corresponding label map, and a patch is extracted at
each position. Because the step size is smaller than the window size, adjacent patches share overlapping
regions. As illustrated in Fig. 4, a building that would generate only one sample under ordinary non-
overlapping sampling can be covered by up to nine overlapping patches. Each patch captures the same
building from a slightly different spatial context, including different surrounding environments and partial
views of the building itself. Adopting 50% overlap ensures that the same building appears intact in multiple
adjacent patches with different offsets, effectively mitigating the problems of edge truncation and texture
fragmentation caused by splitting buildings across different patches in non-overlapping sampling. If the
overlap ratio is further increased, the number of samples grows quadratically, which greatly increases training
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time and GPU memory pressure, while the marginal gain in performance diminishes. Therefore, 50% is a
commonly adopted compromise that balances the effect of data augmentation with training feasibility.

Figure 4: Different sampling methods. (a) Non overlapping sampling; (b) Horizontal overlapping sampling; (c) Vertical
overlapping sampling.

Figure 5: Overlapping sliding window cropped building remote sensing image.

Overlapping sampling offers several key advantages. It increases the total number of training patches.
Under a fixed number of epochs this also increases the number of gradient updates, so the comparison
with non-overlapping cropping is not matched on training budget. The observed mean-metric gains should
therefore be attributed to the combined effects of additional patches, additional optimization steps, reduced
boundary truncation, and richer spatial context, rather than to the overlap operator alone. By including
each building in several overlapping patches, the model is exposed more frequently to the structural details
of buildings, thereby enhancing its ability to distinguish between subtle damage levels such as “partially
damaged” and “basically intact”. Furthermore, overlapping sampling enriches local information about
building edges and damage fragments, which is critical for accurate semantic segmentation in complex
post-earthquake scenes.
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In this study, the training set and the test set were strictly separated from the very beginning of the
data partitioning stage, ensuring that they do not overlap with each other. During the subsequent data
augmentation process, the overlapping sampling operation was applied only to the training set, aiming to
increase the number of training samples and enrich their diversity by halving the sliding window stride;
the test set, on the other hand, always maintained the original non-overlapping sampling method and was
not subjected to any form of duplication or augmentation. As a result, although the model is exposed to
more samples from different perspectives of the same region during training, the test patches were not
duplicated by overlapping cropping. This reduces the risk of identical train–test patches, but it does not
remove spatial autocorrelation within the same orthophoto. Model, patch size, sampling strategy, and loss
function were selected using the same test set; no geographically independent validation set is available.
This design choice is driven by the limited size of the annotated dataset and the severe class imbalance. The
“completely collapsed” category accounts for only 9.0% of building records, so reserving a further validation
block would leave too few minority-class samples for stable training and reliable evaluation. A simplified
train/test partition without an independent validation set has been adopted in prior post-disaster building
damage assessment studies under comparable data constraints [30–32]. The reported scores should therefore
be read as estimates on this test block, not as an independent confirmation of generalization.

3 Method and Experiment Schemes
Semantic segmentation is a pixel-level image analysis technique [33,34]. It enables a deep understanding

and analysis of image content by classifying each pixel. Currently, various typical network models exist in the
field of semantic segmentation [35–37]. This study selects four mainstream networks for comparison. Fig. 6
shows the flowchart for identifying building damage degrees using semantic segmentation.

Figure 6: Technical flowchart of building damage identification. Note: the loss-function comparison (CE loss, focal
loss, and focal loss + dice loss) was performed on MobileNetV3 only; see Section 4.3.
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For the task of classifying building damage levels in post-earthquake orthophotos of mountainous
towns using UAV, this study selects four typical semantic segmentation networks for comparison, UNet,
DeepLabv3+, MobileNetV3, and OCRNet. As a classic encoder-decoder architecture, UNet effectively
fuses shallow detail features with deep semantic information through skip connections, maintaining stable
segmentation boundaries under small-sample annotation conditions. This makes it particularly suitable
for fine localization of building edges and locally damaged areas. DeepLabv3+ employs atrous convolu-
tion and the ASPP module to expand the receptive field without reducing spatial resolution, enabling
the capture of multi-scale contextual information. This is crucial for identifying buildings with different
sizes and collapse morphologies, such as debris areas from partial collapse and large-scale completely
collapsed zones. MobileNetV3, based on depthwise separable convolution and the SE attention mechanism,
substantially reduces parameter count and computational cost while maintaining high accuracy, facilitating
rapid inference in disaster emergency response. OCRNet, through object region representation and pixel-
to-pixel relation modeling, enhances the learning of intra-class consistency and inter-class boundary
distinguishability. It is suitable for the fine classification task in complex post-earthquake scenes, where
the differences between “basically intact” and “partially damaged” are subtle and intra-class variations are
large. In summary, the four networks represent distinct design paradigms, symmetric encoder-decoder,
atrous spatial pyramid pooling, lightweight convolution, and context-aware object representation, allowing
a comparative evaluation of overlapping sampling and hybrid loss functions across four architectures under
the present experimental setting.

3.1 UNet
UNet is a popular Convolutional Neural Network (CNN) architecture [38]. This network is primarily

used for image segmentation tasks, especially for biological image segmentation in medical image analysis. In
the context of this study, the encoder is trained to extract building damage features from UAV orthophotos,
while the decoder fuses multi-scale feature maps through skip connections to enhance the network’s pixel-
wise classification accuracy for building damage levels. The encoder extracts building damage features from
images, while the decoder fuses multi-channel signals with the extracted features to enhance the network’s
pixel-wise classification accuracy. Fig. 7 depicts the schematic diagram of the UNet structure.

Figure 7: The schematic diagram of the UNet structure.
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3.2 DeepLabv3+
DeepLabv3+ is an improvement of the DeepLabv3 model [39]. Fig. 8 depicts the schematic diagram

of the DeepLabv3+ structure. DeepLabv3+ employs atrous convolution to expand the receptive field [40],
enhancing feature extraction without increasing computational complexity. The Atrous Spatial Pyramid
Pooling (ASPP) module incorporates global average pooling [41]. It can capture multi-scale information in
images at a lower computational cost. Fig. 9 shows schematic diagrams of different dilation rates.

Figure 8: The schematic diagram of the DeepLabv3+ structure.

Figure 9: Atrous convolution. (a) Dilation rate = 1; (b) Dilation rate = 2; (c) Dilation rate = 3.

3.3 MobileNet3
The core innovation of MobileNet is depthwise separable convolution, which decomposes standard

convolution into two steps: depthwise convolution and pointwise convolution. This substantially reduces
model parameters and computational cost while maintaining high accuracy, making it suitable for devices
with limited computational resources [42,43]. MobileNetV3 further introduces the Squeeze-and-Excitation
(SE) module, which enhances the feature responses of key channels and improves the ability to distinguish
between complex backgrounds and small targets in UAV-captured images. In this study, MobileNetV3-
Large is utilized as the backbone, combined with the Lite R-ASPP segmentation head to complete pixel-wise
semantic segmentation prediction.
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3.4 OCRNet
OCRNet (Object-Contextual Representation Network) is a semantic segmentation architecture that

enhances pixel representation by exploiting object-region contextual information [44,45]. It mainly com-
prises two components: a backbone feature extraction network and an object-contextual representation
module that models pixel-to-pixel relations within object regions. In this paper, HRNet-W18 is adopted as the
backbone for multi-resolution feature extraction, followed by an object-contextual representation module
and a 1 × 1 convolution prediction head for four-class semantic segmentation tasks. It demonstrates a certain
degree of robustness against factors such as image noise and lighting variations. The schematic diagram of
the OCRNet structure is shown in Fig. 10.

Figure 10: Schematic diagram of OCRNet structure.

3.5 Experimental Schemes
The experiments are conducted on a Linux system using PaddlePaddle 2.4 and PaddleSeg 2.6. The

CPU is an Intel Core quad-core, eight-thread processor with 32 GB of RAM. The GPU is an NVIDIA
Tesla V100 with 32 GB of memory. The number of training epochs is set to 100, and the batch size is
set to 12. The experimental environment and hyperparameter settings are shown in Table 2. To ensure
fair and reproducible comparisons among different deep learning models, all experiments are performed
under identical hardware, software, and parameter settings. In Table 2, 128-0, 256-0, and 512-0 denote non-
overlapping sampling, where the numbers 128, 256, and 512 indicate the input image size. 128-50, 256-50,
and 512-50 denote 50% overlapping sampling. For example, 256-0 means input images of 256 × 256 pixels
obtained via non-overlapping sampling, while 256-50 means input images of 256 × 256 pixels obtained via
50% overlapping sampling.

Table 2: Experimental environment and hyperparameter settings.

Parameter Parameter Settings
Operating system Linux system using PaddlePaddle 2.4 and PaddleSeg 2.6

CPU Intel Core quad-core
Graphics card NVIDIA Tesla V100 32 GB

Batch size 12
Epoch 100

Learning rate 1e−4
Segmentation model UNet, DeepLabv3+, MobileNetV3, OCRNet

Optimizer SGD
Loss function CE loss, Focal loss, Focal loss + Dice loss

Data set 128-0, 256-0, 512-0, 128-50, 256-50, 512-50
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The hybrid loss adopted in this study is a weighted combination of Focal Loss and Dice Loss. Focal
Loss is introduced to mitigate severe sample imbalance across different building-damage categories and
background, while Dice Loss optimizes region-level overlap between prediction and ground-truth for
segmentation tasks.

Focal Loss is defined as:

LFocal = −
C−1
∑
c=0

αc (1 − pC)
γ log(pC)_

where C is the total number of classes; αc denotes class weight for category c; γ represents the focusing factor
of Focal Loss. The hybrid loss is Lhybird = λ ⋅ LFocal + (1 − λ) LDice . Class weights αc and the focusing factor
γ followed the Focal Loss defaults in PaddleSeg 2.6 and were not grid-searched.

Dice Loss is expressed as:

LDice = 1 − 2∑N
i=1 pi gi

∑N
i=2 p2

i +∑
N
i=2 g2

i

where pi and gi are the predicted probability and ground-truth label of pixel i, respectively.
The final hybrid loss is formulated as:

Lhybird = λ ⋅ LFocal + (1 − λ) LDice

where λ is the balance coefficient. In this work, a fixed weight λ =0.5 is adopted for simple weighted combina-
tion of two loss components, without further hyper-parameter searching for optimal weighting coefficients.

3.6 Evaluation Metrics
The models output four labels (background and three damage classes). Overall accuracy is computed

over all pixels, including background. Per-class IoU, PA, and F1-score are reported for the three building-
damage classes only. Let Ni j be the number of pixels whose ground-truth label is i and whose predicted
label is j, with i , j ∈ {0, 1, 2, 3} where indices 0, 1, 2, and 3 correspond to background, basically intact,
partially damaged, and completely collapsed, respectively. Per-class metrics are computed for the three
building-damage classes (i = 1, 2, 3).

Accurac y = ∑3
i=0 Ni j

∑3
i=0∑

3
j=0 Ni j

(1)

IoUi =
Ni j

∑3
k=1 Ni k +∑

3
k=1 Nki − Ni i

(2)

mIoU = 1
3

3
∑
i=1

IoUi (3)

PAi = Recal li =
Ni j

∑3
k=1 Ni k

(4)

mPA = 1
3

3
∑
i=1

PAi (5)
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F1−scorei=
2 × Precisioni × Recal li

(Precisioni + Recal li)
Precisioni =

Ni j

∑3
k=1 Nki

(6)

where Ni j denotes the number of pixels whose ground-truth label is class i and whose predicted label is class
j; indices i , j ∈ {1, 2, 3} correspond to the three building-damage classes.

4 Results and Discussion
This study evaluates semantic segmentation models on three datasets with sizes of 128 × 128, 256 × 256,

and 512 × 512, which are hereafter referred to as the 128, 256, and 512 datasets, respectively. We selected
the most suitable size and subsequently compared loss functions on the selected setting. All experiments
were repeated ten times, and the tables report the arithmetic means of the evaluation metrics. The run-level
numerical outputs were not retained. Standard deviations, confidence intervals, and formal significance tests
therefore cannot be reconstructed. All between-method comparisons below are descriptive comparisons of
mean values and should not be interpreted as evidence of statistically significant performance differences.

4.1 Not Overlapping
Table 3 shows the results of four models on different datasets. On the 128 dataset, the UNet model

performs poorly in identifying partially damaged and completely collapsed buildings. DeepLabv3+ achieves
the highest mean mIoU, mPA, and F1-score among all models. The accuracy of all four models for identifying
non-collapsed buildings is greater than 70%. The minimum IoU values for identifying partially damaged
and completely collapsed buildings in the model are 29.71% and 34.78%, respectively. This suggests that
damaged buildings are more prone to misclassification. On the 256 dataset, MobileNetV3 achieves the
highest mIoU and mPA among all models. On the 512 dataset, MobileNetV3 achieves the highest mIoU,
mPA, and F1-score. In contrast, on the 128 dataset, DeepLabv3+ achieves the highest values among the four
models across all three metrics. Compared to other models, UNet remains the worst-performing model,
which can be attributed to its relatively shallow encoder and simple skip connection architecture that cannot
effectively capture the complex fracture textures in post-earthquake scenes. In contrast, MobileNetV3’s
depthwise separable convolution combined with the squeeze-and-excitation attention mechanism enables
efficient multi-scale feature extraction, contributing to its higher mean mIoU, mPA, and F1-score on the
256 and 512 datasets. On the 512 dataset, MobileNetV3 achieves the highest mIoU, mPA, and F1-score. All
models achieve mIoU values above 45%, with MobileNetV3 leading at 56.06%. However, per-class IoU
for the “partially damaged” and “completely collapsed” categories remains relatively low, with DeepLabv3+
reporting a partially damaged IoU of 38.05%.

Based on the comparison results in Table 3, a detailed analysis of the performance of the four semantic
segmentation models under non-overlapping sampling is provided.

From an overall trend, as the input image size increases from 128 × 128 to 512 × 512, most models (UNet,
MobileNetV3, and OCRNet) show improved mIoU, mPA, and F1-score. However, DeepLabv3+ exhibits a
non-monotonic response, achieving its best performance at 128-0 and declining at larger sizes. This indicates
that the optimal input size is model-dependent, and larger inputs do not universally benefit all architectures.
However, the responses to size variation differ notably among the models.

UNet performs the worst on all datasets. Its mIoU at 512-0 is 47.01%, only slightly higher than the
46.27% at 256-0. Notably, the IoU for the “completely collapsed” category at the 512 size is 32.00%, which
is lower than the 34.94% at the 256 size, showing a non-monotonic change. This reflects that the shallow
encoder and simple skip connections of UNet cannot effectively integrate the fracture textures in complex
post-earthquake scenes; when the input size becomes too large, redundant noise may be introduced or local
details may be lost.
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Table 3: Comparison of different models without overlapping.

Models Dataset Evaluation Metrics

IoU mIoU mPA F1-score
Basically Intact Partially Damaged Completely Collapsed

UNet
128-0 70.54% 29.71% 34.78% 45.01% 71.32% 61.86%
256-0 70.88% 33.00% 34.94% 46.27% 71.68% 62.64%
512-0 72.25% 36.77% 32.00% 47.01% 71.58% 63.50%

DeepLabv3+
128-0 78.55% 44.43% 41.02% 54.67% 73.26% 70.52%
256-0 73.19% 40.28% 39.78% 51.08% 72.48% 68.49%
512-0 78.14% 38.05% 41.53% 52.57% 73.24% 68.79%

MobileNetV3
128-0 73.53% 31.03% 39.94% 48.17% 72.17% 65.48%
256-0 75.72% 41.03% 36.67% 51.14% 72.99% 67.21%
512-0 79.42% 46.16% 42.60% 56.06% 73.51% 70.96%

OCRNet
128-0 72.26% 32.71% 38.84% 47.94% 71.79% 64.49%
256-0 74.58% 40.70% 36.16% 50.48% 72.62% 66.78%
512-0 78.19% 43.96% 43.77% 55.31% 73.34% 69.75%

DeepLabv3+ achieves its best mIoU of 54.67% on the 128-0 dataset, but its performance fluctuates
on the 256-0 and 512-0 datasets, with mIoU values of 51.08% and 52.57%, respectively. The IoU for the
“completely collapsed” category remains relatively stable, ranging from 39.78% to 41.53%, but the IoU for the
“partially damaged” category gradually decreases from 44.43% at 128-0 to 38.05% at 512-0. This suggests that
although the atrous convolution and ASPP module of DeepLabv3+ expand the receptive field, the model
adapts better to small-sized inputs, whereas excessively large inputs may dilute feature responses in partially
damaged areas.

MobileNetV3 exhibits the best scaling ability with respect to image size. From 128-0 to 512-0, its mIoU
increases from 48.17% to 56.06%, the largest improvement among all models. In particular, the IoU for the
“partially damaged” category jumps from 31.03% to 46.16%, reaching the highest value among all models at
all sizes. The IoU for the “completely collapsed” category increases from 39.94% to 42.60%. The mPA (73.51%)
and F1-score (70.96%) of this model on the 512-0 dataset also lead the other networks. The lightweight
depthwise separable convolution combined with the squeeze-and-excitation attention mechanism enables
efficient multi-scale feature extraction with limited parameters, providing stronger discriminative ability for
the fragmented textures of collapsed buildings.

OCRNet performs between MobileNetV3 and DeepLabv3+. Its mIoU at 512-0 is 55.31%, second only to
that of MobileNetV3. The IoU values for partially damaged and completely collapsed categories are 43.96%
and 43.77%, respectively, which are relatively balanced. Through object region representation and pixel-
to-pixel relation modelling, OCRNet maintains overall segmentation accuracy while achieving consistent
recognition ability for the two damage categories, without a notably lower performance in any single category.

In summary, under non-overlapping sampling, the IoU values for the two key damage categories,
“partially damaged” and “completely collapsed”, are notably lower than those for the “basically intact”
category, with the highest values reaching only 46.16% and 43.77%, respectively. This pattern is consistent
with the inherent limitation of fixed-grid discrete cropping: the sampling window boundaries cut off building
edges and fracture textures, disrupting the spatial continuity of damaged structures and consequently leading
to misclassification. Fig. 11 compares the performance of the four models across the three input image sizes,
and Fig. 12 shows representative prediction results under non-overlapping sampling.
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Figure 11: Comparison of input image sizes without overlapping sampling. (a) UNet; (b) DeepLabv3+;
(c) MobileNetV3; (d) OCRNet.

Figure 12: (Continued)
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Figure 12: Prediction results for buildings without overlapping.

4.2 Overlapping Sampling
Higher evaluation scores were observed under the overlapping-sampling configuration. The model’s

performance across different datasets is presented in Table 4. On the 128-50 dataset, DeepLabv3+ reported
the highest mean mIoU, mPA, and F1-score among the four models, whereas OCRNet reported the lowest
mean metrics. On the 256-50 dataset, both MobileNetV3 and OCRNet showed higher mean mIoU, mPA,
and F1-score than on the corresponding non-overlapping settings. On the 512-50 dataset, MobileNetV3
achieved the highest mean mIoU, mPA, and F1-score, followed by OCRNet, while UNet exhibited the lowest
performance. On the 512-50 dataset, the IoU values for the two non-collapsed building classes ranged from
87.22% to 94.16%, and most approached or exceeded 90%, indicating high mean IoU for the basically intact
class on this test block.

Based on the results with 50% overlapping sampling shown in Table 4, a detailed analysis of the
performance of the four semantic segmentation models is provided. Compared with Table 3, the 50%
overlapping setting yields higher mean IoU, mPA, and F1-score for all models. Because the number of
patches and gradient updates also increases at a fixed epoch count, these differences are not an isolated
effect of the overlap ratio, with larger mean-metric increases for the two challenging categories, “partially
damaged” and “completely collapsed”. Fig. 13 compares the four models across the three input image sizes
under overlapping sampling.

From an overall trend, as the input image size increases from 128 × 128 to 512 × 512, the performance
metrics of all models generally increase, although some models exhibit fluctuations at the size of 256. Notably,
all models achieve their best or near-best mIoU, mPA, and F1-score at the size of 512, indicating that larger
input images combined with overlapping sampling can more completely preserve fracture textures and
edge information.
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Table 4: Comparison of different models with 50% overlapping sampling.

Models Dataset Evaluation Metrics

IoU

Basically
Intact

Partially
Damaged

Completely
Collapsed

mIoU mPA F1-score

UNet
128-50 84.47% 69.41% 63.63% 72.50% 95.59% 84.61%
256-50 84.77% 67.13% 61.77% 71.22% 95.54% 83.74%
512-50 92.04% 87.22% 81.80% 87.02% 96.86% 93.70%

DeepLabv3+
128-50 93.41% 89.06% 84.06% 88.84% 97.15% 94.72%
256-50 87.20% 70.14% 54.59% 70.64% 95.74% 82.97%
512-50 93.91% 89.95% 85.55% 89.80% 97.21% 95.26%

MobileNetV3
128-50 87.52% 80.49% 74.84% 80.95% 96.20% 90.12%
256-50 93.87% 89.87% 84.93% 89.56% 97.19% 95.13%
512-50 94.16% 93.70% 87.38% 91.75% 97.26% 96.33%

OCRNet
128-50 77.45% 53.08% 50.40% 60.31% 94.26% 75.52%
256-50 90.38% 81.83% 75.35% 82.52% 96.55% 91.03%
512-50 94.14% 91.43% 86.75% 90.77% 97.24% 95.80%

Note: all results were obtained with the CE loss; the loss-function comparison on MobileNetV3 is reported in Table 5.
Overlapping cropping was applied only to the training set, and the test block remained non-overlapping. Values are
arithmetic means of ten runs.

Table 5: Comparison of different loss functions on MobileNetV3.

Data Loss Functions Evaluation Metrics

IoU mIoU mPA F1-score
Basically

Intact
Partially

Damaged
Completely
Collapsed

512-0
CE loss 79.42% 46.16% 42.60% 56.06% 73.51% 70.96%

Focal loss 81.22% 45.23% 48.61% 58.35% 74.00% 71.12%
Focal loss + Dice loss 83.56% 46.44% 51.32% 60.44% 78.50% 72.38%

512-50
CE loss 94.16% 93.70% 87.38% 91.75% 97.26% 96.33%

Focal loss 94.20% 92.10% 87.41% 91.24% 97.31% 96.50%
Focal loss + Dice loss 94.22% 93.70% 89.15% 92.36% 97.32% 96.77%

Note: all values are arithmetic means of ten runs; run-level variability was unavailable.

UNet achieves an mIoU of 87.02% on the 512-50 dataset, an increase of 40 percentage points from
47.01% under non-overlapping sampling. Its IoU for “partially damaged” and “completely collapsed” jumps
from 36.77% and 32.00% to 87.22% and 81.80%, respectively, representing the largest improvement among
all models. The observed improvement is consistent with the hypothesis that the additional patches,
optimization steps, and reduced boundary truncation associated with overlapping sampling may provide
richer contextual information for UNet.
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Figure 13: Comparison of input image sizes with overlapping sampling. (a) UNet; (b) DeepLabv3+; (c) MobileNetV3;
(d) OCRNet.

DeepLabv3+ achieves a very high mIoU of 88.84% on the 128-50 dataset, but its performance drops
abnormally on the 256-50 dataset, where the mIoU is only 70.64% and the IoU for “completely collapsed” is
as low as 54.59%. This may be because at the size of 256, some key features fall on the edges of the overlapping
regions, causing attention to be diluted. Nevertheless, on the 512-50 dataset, its performance recovers to
89.80%, ranking third after MobileNetV3 and OCRNet. This indicates that DeepLabv3+ is sensitive to input
size and requires a sufficiently large receptive field to take full advantage of its atrous convolution.

MobileNetV3 achieves the highest mean mIoU, mPA, and F1-score among the four tested models. On the
512-50 dataset, its mIoU reaches 91.75%, mPA 97.26%, and F1-score 96.33%, ranking first in all three metrics.
More notably, the IoU for the “partially damaged” category is as high as 93.70%, and that for the “completely
collapsed” category reaches 87.38%, both higher than the corresponding values of the other models. This may
reflect the ability of MobileNetV3, with its squeeze-and-excitation attention mechanism, to extract multi-
scale features and recognize fragmented textures. Moreover, its lightweight architecture does not suffer from
performance degradation when the amount of data increases due to overlapping sampling.

OCRNet also achieves strong performance under overlapping sampling. Its mIoU on the 512-50 dataset
is 90.77%, close to that of DeepLabv3+ (89.80%) and slightly lower than that of MobileNetV3. The IoU for
“completely collapsed” is 86.75% and that for “partially damaged” is 91.43%, showing a balanced performance.
This may also benefit from the richer contextual information provided by the overlapping-sampling setting.
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In summary, the overlapping-sampling setting is expected to reduce boundary truncation relative to
fixed-grid cropping. At 512 × 512, mean IoU for the two damaged classes is about 45–50 percentage points
higher than in Table 3. This comparison is not adjusted for the extra optimization steps. Among the four
models, MobileNetV3 attains the highest mean mIoU, mPA, and F1-score on the 512-50 setting under the
present protocol.

Post-earthquake inventories are typically left-tailed: collapsed buildings are far fewer than intact or
moderately damaged ones. In Tables 3 and 4, mean IoU is consistently lower for the completely collapsed class
than for the basically intact class. Identifying life-threatening collapse therefore remains the more difficult
and more operationally important task; the present mean IoU on that class should not be read as predictive
confidence, because no probability calibration was performed.

Mean IoU, mPA, and F1-score are higher under the overlapping-sampling configuration than under
the non-overlapping configuration (Fig. 14); the comparison is not matched on the number of optimization
steps. Fig. 15 compares the mean metrics of the four models under the two sampling configurations.

Figure 14: Prediction results for buildings under 50% overlapping sampling. Note: panels (c)–(f) show the predictions
of UNet, DeepLabv3+, MobileNetV3, and OCRNet, respectively; the corresponding model and loss configurations are
reported in Tables 4 and 5.
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Figure 15: Comparison of models with different sampling methods. Note: values are arithmetic means of ten runs;
run-level variability was unavailable.

The combination of overlapping sampling and the 512 × 512 image size produced higher mean
metrics under the present protocol. The underlying reasons can be explained from three perspectives: data
characteristics, sampling strategy, and model receptive field.

The dataset of this study originates from UAV orthophotos of mountainous towns after an earthquake.
The number of building pixels is severely imbalanced compared with background pixels, with buildings
themselves occupying only a small proportion. The damage caused by the earthquake is manifested as
fractured and fragmented textures, where the spatial patterns of the “partially damaged” and “completely
collapsed” categories are discontinuous and have complex edges. Under non-overlapping sampling, a fixed-
size window slides with a stride equal to the window size, resulting in no overlap between adjacent samples.
This approach causes many buildings, especially damaged ones, to be exactly cut by the boundaries of the
cropping window, leading to truncated edge features and fracture textures, thus preventing the formation
of complete semantic information. For a completely collapsed building, its debris area may be distributed
across multiple discontinuous patches, with each patch showing only a part of the debris, making it
difficult for the model to infer the overall collapse state from a single patch. This is the core reason why
the IoU values for the “partially damaged” and “completely collapsed” categories are generally low under
non-overlapping sampling.

Overlapping sampling sets the sliding stride to half the window size, creating a 50% overlap between
adjacent patches. This improvement brings several benefits. Each building is covered by multiple patches
from different offset positions, and each patch contains most or even the entire structure of the building,
avoiding the truncation of features at boundaries. A building that would generate only one sample under
non-overlapping sampling can generate up to nine samples under 50% overlapping sampling. In each of
these samples, the position of the building relative to the patch centre is different, allowing the model
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to learn the structural features of the same building from multiple perspectives. Overlapping sampling
substantially increases the total number of training samples, which is an inherent part of its mechanism as a
data augmentation strategy. Moreover, because the window shifts, the same building appears with different
surrounding background information across different samples. We note that the increased sample count also
leads to more optimization iterations under a fixed epoch setting, which may contribute to the performance
improvement alongside the structural benefits of overlapping.

Regarding the choice of image size, comparative experiments with three sizes—128 × 128, 256 × 256,
and 512 × 512—show that the 512 × 512 size achieves the best or near-best performance for all models.
The damage features of post-earthquake buildings often require sufficient spatial context to be correctly
identified. The 128 × 128 window is too small to accommodate an entire building, especially for larger
buildings in mountainous towns; the model can only see local walls and struggles to distinguish “partially
damaged” from “basically intact”. The 256 × 256 size brings some improvement, but its receptive field is still
insufficient for the completely collapsed scenes with scattered debris. The 512× 512 window can cover the full
extent of most individual buildings while retaining enough surrounding background information, enabling
the model to make more accurate judgments by exploiting the relative relationships between buildings and
adjacent rubble or debris. Furthermore, the 512 × 512 size synergises with 50% overlapping sampling. The
larger window ensures that each crop contains rich structural and contextual information, while overlapping
sampling guarantees that features at window boundaries are not lost. Together, they expose the model to
more complete roof-view patterns of building damage within the training patches.

4.3 Optimization of Loss Function
A combination of Focal Loss and Dice Loss was compared with CE and Focal Loss alone on

MobileNetV3. Loss function choice can influence training under class imbalance, but model architecture also
shapes the representational capacity available for segmentation. In the field of deep learning-driven semantic
segmentation, model architecture determines the upper bound of performance through three key aspects:
(1) the capacity to construct feature representation spaces, (2) the mechanism for integrating multi-scale
contextual information, and (3) the depth of spatial topological relationship modeling [46,47].

The role of the loss function is to guide the optimization process by defining the learning objective
and shaping the feature space during training. While model architecture fundamentally defines the repre-
sentational capacity of the model, the loss function plays a critical role in determining how effectively that
capacity is utilized, particularly under class-imbalanced conditions. Table 5 reports that, on the 512-0 setting,
replacing CE loss with Focal + Dice loss increased mean mIoU by 4.38 percentage points ( from 56.06% to
60.44%) and mean mPA by 4.99 percentage points ( from 73.51% to 78.50%). These are descriptive differences
in the reported means and should not be interpreted as evidence of statistically established superiority.

Among the tested models, MobileNetV3 achieved the best segmentation performance on the 512
dataset. Therefore, this study selected MobileNetV3 to compare the loss functions. For tasks with scarce
foreground categories or highly imbalanced classes, introducing Focal Loss and Dice Loss can further
strengthen the focus on hard-to-classify samples. Focal Loss introduces a modulating factor to the cross-
entropy loss, allocating more gradient contribution to pixels with lower confidence, thereby alleviating
the problem that minority classes are overwhelmed by dominant classes in multi-category scenarios. Dice
Loss directly optimizes the overlap between the predicted region and the ground truth region, showing
stronger robustness to differences in class sample sizes. The experimental results are shown in Table 5. Fig. 16
compares the three loss-function configurations on the 512-0 and 512-50 settings.

On the 512-0 setting, mean mIoU increases from 56.06% with CE to 58.35% with Focal Loss and 60.44%
with Focal + Dice (Table 5). On the 512-50 dataset, the Focal + Dice configuration produced mean mIoU,
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mPA, and F1-score values that were 0.61, 0.06, and 0.44 percentage points higher than those obtained with
CE loss, respectively. The mean IoU for the completely collapsed class was 1.77 percentage points higher. The
Focal-only configuration produced a lower mean mIoU than CE (91.24% vs. 91.75%). Because run-level vari-
ability statistics are unavailable, it cannot be determined whether these differences exceed variation between
repeated runs. These results indicate numerical differences in the reported means rather than statistically
established superiority. Dice Loss optimizes region-level overlap. Focal Loss reweights hard pixels. Their
combination is compared with CE and with Focal Loss alone in Table 5. The numerical differences are those
reported above; they are not used here as evidence that class imbalance has been resolved.

Figure 16: Comparison of different loss functions of MobileNetV3 model. Note: CE loss-512-0 and CE loss-512-50
denote the CE-loss experiments on the 512-0 (non-overlapping) and 512-50 (50% overlapping) settings, respectively;
values are arithmetic means of ten runs, and run-level variability was unavailable.

4.4 Limitations
This study reports mean segmentation metrics for overlapping sampling and a hybrid loss on the

Shuanghe Town UAV orthophoto. Nevertheless, several inherent limitations remain due to existing experi-
mental constraints, and supplementary re-running of experiments cannot be performed.

First, class-wise pixel and patch statistics after overlapping cropping are unavailable. Because a uniform
sliding window can replicate samples from all classes, overlapping cropping does not necessarily alter their
relative distribution. The present study therefore does not establish that overlapping sampling improves class
balance. The observed mean-performance differences may reflect the combined effects of increased sample
redundancy, additional optimization updates, reduced boundary truncation, and altered spatial context.
Moreover, under the same epoch setting, overlapping sampling increases both the number of training
samples and the number of optimization iterations; thus, the current experiments cannot fully isolate the
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effect of overlapping sampling itself from the effect of more training iterations. Future work should archive
class-wise pixel and patch counts after cropping to permit this evaluation.

Second, the Focal-Dice hybrid loss in this work adopts a fixed weighting coefficient of λ = 0.5 for
simple weighted combination. Hyper-parameter searching over alternative λ values was not conducted in
the current experiments, and better segmentation performance could potentially be achieved by tuning this
weighting hyper-parameter.

Third, this study lacks geographically-isolated or building-level independent validation data. Although
block-wise spatial splitting is applied to reduce associated risks, potential spatial autocorrelation between
training and test samples cannot be completely ruled out. In addition, architecture, input size, sampling
scheme, and loss function were compared on this test block rather than on a nested validation split. Run-
level outputs from the ten repeated experiments were not retained. Consequently, standard deviations,
confidence intervals, and formal significance tests cannot be reconstructed. The reported comparisons
should therefore be interpreted as descriptive differences between mean values rather than evidence of
statistically reliable superiority.

Fourth, the dataset originates exclusively from Shuanghe Town for a single earthquake event. Damage
identification is limited to the spatial extent of this mosaic and to roof-visible damage. Mean IoU on the
completely collapsed class remains lower than on the basically intact class in Tables 3 and 4; this is a class-wise
overlap score, not a calibrated probability of life-threatening damage. Transfer to other towns is not shown.

5 Conclusion
This study constructs a three-class building-damage dataset from the Shuanghe Town UAV orthophoto

and compares four semantic segmentation models under non-overlapping and 50% overlapping cropping.
Mean mIoU on 512 × 512 patches is about 35–40 percentage points higher under the overlapping setting;
that comparison is not matched on the number of optimization steps. On the 512-50 setting with CE loss,
MobileNetV3 produced the highest mean mIoU, mPA, and F1-score among the four architectures (91.75%,
97.26%, and 96.33%). Replacing CE with Focal + Dice changed these means to 92.36%, 97.32%, and 96.77%,
and changed the mean IoU of the completely collapsed class from 87.38% to 89.15%. The largest mean-
metric gains coincide with 50% overlapping cropping at 512 × 512. The present design confounds the overlap
operation with a larger number of training patches and gradient updates, so the isolated contribution of
overlap cannot be determined. On the 512-50 setting, replacing CE with Focal + Dice changes mean mIoU,
mPA, and F1-score by 0.61, 0.06, and 0.44 percentage points, respectively; these are numerical differences in
the reported means, not an attribution of the overall gain to the loss function. Key experimental and dataset-
driven limitations of this work are discussed in Section 4.4 Limitations. Future work will extend the proposed
approach to rapid building-damage assessment under other natural-disaster scenarios, carry out external
cross-region validation to verify its generalisability, reduce the model’s dependence on disaster-specific
annotated datasets, and further evaluate its cross-scene performance under external validation.
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