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Abstract - Surveying building damage in post-disaster image segmentation is a difficult problem due to noise, low contrast, and 

ambiguous boundaries in real-life clinical images. The existing transformer models face problems such as feature redundancy, 

semantic inconsistencies, and poor boundary reconstructions. To overcome such drawbacks, this study introduces a new model 

named Reconstruction Spatial-Pixel Fusion Multi-Scale Transformer (RSPF-MST). Specifically, the proposed architecture has 

three main novelties: (i) Reconstruction Spatial-Pixel Convolution (RSPC) is designed to remove redundant features with the 

help of spatial and channel-wise reconstructions; (ii) Channel Interaction Fusion (CIF) is designed to strengthen multi-scale 

semantic consistency with cross-channel attention; and (iii) Pixel-Aware Up-sampling Guidance (PAUG) aims at improving 

boundary accuracy by introducing pixel-level dynamic weights. Moreover, a Dynamic Receptive Multi-Scale Context (DRMSC) 

module is added in the decoder for capturing context information at various levels. A pruning strategy is adopted for efficiency. 

Experimental analysis demonstrates that the proposed model significantly improves segmentation accuracy, achieving 98.43% 

and 98.53%, and IoU scores of 96.13% and 96.12% on the Ida-BD and RescueNet datasets, respectively, while maintaining 

robustness, particularly for low-quality post-disaster images.  

Keywords - Post-disaster image, Building damage, Transformer, RSPF-MST, PAUG, and Segmentation. 

1. Introduction  
Remote Sensing (RS) [1] is a high-growth area with many 

new technologies being developed or improved upon for 

applications like land management, city planning, assessing 

natural disasters, and understanding what is happening in the 

field environment, leading to a significant new direction in 

research and development in earth observation: Change 

Detection (CD) using RS images [2]. CD aims to compare two 

or more different times of RS data for a common region to 

identify spatial and attribute changes of ground objects that 

will help to monitor and study continuous changes of surface 

targets [3]. CD is particularly helpful in situations like 

responding to natural disasters, managing an emergency, and 

assessing damage, where it provides governments or military 

organizations with real-time data that allows for quick 

response and accurate deployment [4, 5]. Building damage 

detection is one of several fine-grained CD tasks that has 

attracted increasing attention over recent years [6]. Because 

buildings are the main carriers of urban spatial structures, they 

can directly indicate how much space is destroyed after a 

disaster or terrorist attack in an area [7]. It is vital to have the 

most current and accurate information regarding building 

damage as soon as possible after a conflict or natural disaster 

in order to properly carry out rescue operations, reconstruct 

the area, and assess the war damage [8]. The demand for rapid 

and large-scale assessments of damage is increasing, so there 

is a growing need to develop automated approaches using RS 

data [9]. Nowadays, construction damage assessments can be 

divided into three categories: (i) Manual inspection, (ii) 

Machine Learning (ML) approaches, and (iii) Deep Learning 

(DL) approaches [10]. Manual inspections are very accurate 

but time-intensive (the evaluator needs to be an expert). ML 

algorithms such as Support Vector Machines (SVM) [11] and 

Random Forests (RF) [12] are used to automate the 

assessment process; however, as they rely on handcrafted 

features, there is limited ability to adapt to various disasters 

and rely solely on feature engineering to develop a model. 

This means traditional ML approaches are expensive and do 

not have the flexibility needed to be effectively utilized across 

different types of disasters [13-15]. Damage assessments 

http://www.internationaljournalssrg.org/
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using deep learning [16-18] have made significant 

advancements compared to previous methodologies by 

enabling the extraction of better features and providing more 

accurate classifications compared to CNN-based algorithms in 

identifying localized structural damage (e.g., building 

collapse). Conversely, CNNs are not ideal for identifying 

minor structural damage, such as small cracks, because CNNs 

utilize a limited receptive field. CNNs also do not generalize 

well across numerous damage scenarios. To address these 

issues, new models based on attention were suggested to 

enhance global dependencies and adaptive weighting 

attributes.  

The introduction of transformers has allowed for the 

creation of a self-attention mechanism and has resulted in 

building damage assessments that are globally contextual in 

nature [19, 20]. Redundancies exist in spatial and channel 

activations in densely packed post-disaster images using 

existing CNN-based frameworks. Although the use of 

transformers improves long dependency modeling, it brings 

about additional computations that do not preserve boundaries 

in detail. Current skip connections cannot capture semantic 

relations, and conventional upsampling techniques cause 

boundary blurring. Most multi-scale strategies lack efficient 

integration of receptive fields and suffer from redundancies 

and complexities. This indicates an existing research gap 

towards a unified segmentation framework that is able to 

reduce redundant features, capture semantic interactions, 

reconstruct boundaries, and be computationally efficient. The 

proposed framework incorporates redundancy-aware feature 

reconstruction, cross-channel semantic fusion, pixel-level 

boundary-aware up-sampling, multi-scale contextual 

modeling, and adaptive pruning in a U-shaped transformer 

architecture. This strategy improves on the weaknesses of 

existing frameworks by suppressing redundancies, improving 

semantic consistency, refining boundary details, and reducing 

computational redundancies, highlighting a more precise 

representation of complex post-disaster buildings while 

ensuring efficiency.  

1.1. Motivation  

At the moment, there are three classifications of damage 

assessment techniques: 1. Manual Inspection. It can be done 

with great precision, but tends to take a long period of time to 

complete, and will usually require the use of a qualified expert 

assessor. 2. ML Methods. Traditional ML methods require 

significant feature engineering costs and, therefore, are not 

very flexible for assessing damage from heterogeneous 

disasters, even though they have a very high precision for 

building damage assessments. 3. DL Methods. Many 

advances have been made in this area due to deeper 

capabilities in extracting and classifying features. Current 

Convolutional Neural Network (CNN)-based methods have 

shown that they can effectively extract local structural features 

of buildings (ex., complete collapses) but generally lack the 

ability to capture finer details of damage, such as minor 

cracking, due to the small receptive field sizes of the CNN 

architecture. To address some of the issues associated with 

extracting features from CNN architectures, some researchers 

have developed attention-based DL methods that improved 

the ability to model global dependencies and provide for 

adaptive feature weighting. Self-attention-based models 

(Transformers) have completely changed the way that 

building damage assessment is accomplished by providing a 

model that can capture and consider the complete context of 

the building damage via global context modeling. While the 

field of building damage assessment has advanced 

significantly in the past few years, the approaches and 

methodologies that currently exist still have 2 major issues 

associated with the development of the methods for building 

damage assessment. One of the issues is that the available 

damage assessment methodologies do not properly utilize 

multi-scalar features and, therefore, are unable to identify 

severe or minor damage; and the other issue is that many 

models do not include sufficient temporal and spatial 

contextual data in the assessment methodologies; yet, these 

two types of data are required for a correct analysis of building 

damage following a disaster or emergency. Third, the current 
methods often have trouble generalizing to different kinds of 

disasters and environments, thus limiting their practical use. 

To address these limitations, a Reconstruction Spatial-Pixel 

Fusion multi-scale Fusion Transformer is proposed for post-

disaster building damage assessment.  

1.2. Objectives  

 A Reconstruction Spatial-Pixel Fusion multi-scale Fusion 

Transformer is proposed for post-disaster building 

damage assessment.  

 A Channel Interaction Fusion (CIF) module is designed 

based on a Vision Transformer architecture to effectively 

perform, thereby reducing the semantic discrepancy 

between low & high-level representations.  

 A Pixel Attention Up-sample Guidance (PAUG) module 

is designed to enhance the model’s ability to precisely 

localize target regions.  

 The Dynamic Residual Multi-Scale Convolution Module 

(DRMSC) uses different features while capturing high-

level contextual semantic data. 

 In this study, model pruning was employed to decrease 

computational complexity and model size while 

highlighting efficient performance results. 

The research contributes to the organization as follows: 

Section 2 presents a recent literature review analysis, Section 

3 presents the overview of the proposed study, Section 4 

illustrates the experimental setup-based results analysis, and 

Section 5 provides the conclusion & Future work.  

2. Related Works  
Xiao et al. [21] developed DamageCAT, an advanced 

damage classification system that processes post- and pre-

disaster satellite images equally. This study used post- and 
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pre-disaster satellite images, and a hierarchical U-Net-based 

transformer method was introduced. Results show that the 

overall system performs well compared to other methods. 

Nevertheless, the model faced poor multi-scale feature 

extraction, struggled with real-time inference, and had 

generalization challenges. 

To localize buildings and damage classification, Yu et al. 

[22] presented a GAMSF model to record complex spatial 

relationships and contextual attributes. GAMSF consists of 

three main novelties: (1) Adaptive Attention (AA), which 

prioritizes critical regions in the image, (2) the GMFFN 

approach to improve robustness by highlighting significant 

damage features, and (3) MWF, which applies wavelets to 

extract high-resolution details from images. Evaluation results 

indicate GAMSF’s excellent results compared to baseline 

models, with the suggested greater accuracy in minor damage 

detection. Multiple fusion and attention modules lead to great 

performance, but generalization, reliability issues, high 

computational cost, and struggles with multimodality 

limitations were faced in this study. 

To assess hyperlocal on-ground damages, Yang et al. [23] 

used bi-temporal street-view images and advanced pre-trained 

vision models. Swin Transformer and ConvNeXt were used 

for damage categorization. Results indicate the accuracy of 

damage evaluation increases by over 10% when comparing 

the Swin Transformer model at 66.14% accuracy vs the dual-

channel Feature-Fusion ConvNeXt model at 77.11% 

accuracy. Grad-CAM results indicate improved ability of the 

pre-trained vision model to recognize areas of significant 

change between pre- and post-disaster images by using the 

previous street view images, thereby improving the model’s 

performance. However, the study faced some limitations, such 

as scene complexity in disaster-affected areas, data scalability 

issues, and a high burden of manual labelling. Zhang et al. [24] 

introduced an end-to-end system called CMSNet that 

combines the structural priors from the SAM with the efficient 

temporal modeling and detailed representation abilities of 

CNN-Mamba. It also used visual information from SAM to 

help the network focus on identifying object boundaries and 

structural changes.  

To make the system more robust against local damage, 

non-rigid movements, and complicated background 

distractions, a PVPF-FM model was introduced. This module 

helps align and combine the visual priors with the change 

features. However, the attachment of the model increased 
complexity and dependence on additional priors (SAM), 

which causes concerns about the scalability and poor fusion 

strategy.  

Cha et al. [25] presented a DL-based system to identify 

and quantify road damage using pre- and post-disaster images. 

In particular, different techniques such as the overlay method, 

difference-based method, and Siamese-based method for 

change detection were validated under a strictly measured 

validation setting to detect the most effective approach.  

To solve problems such as the lack of good multi-scale 

characteristics, difficulties with real-time inference, 

generalization problems, scalability constraints of the data, 

and the high cost of labeling in disaster scenes with surface 

cracks and smaller debris, where it becomes difficult to detect, 

resulting in data loss, it is becoming highly important to devise 

hybrid solutions that incorporate spatial-channel based feature 

improvement, multi-scale fusion using attention, and efficient 

optimization methods.  

Consequently, in the proposed solution, these 

shortcomings have been addressed through the use of 

reconstruction-based convolutions, interactions between 

channels, upsampling of pixels, multi-scale context, and 

dynamic pruning to ensure reliable multimodal processing and 

reduce computational complexity. Table 1 presents the recent 

literature research performance and challenges.  

Table 1. Recent literature research performance and challenges 

Authors 

& ref 
Models Dataset Performance Cons 

Xiao et al. 

[21] 

DamageCAT- 

hierarchical U-Net 

BD-TypoSAT 

dataset 

MIoU-0.737 and F1-score 

0.846 

Poor multi-scale features, struggle with 

real-time inference, and generalization 

challenges. 

Yu et al. 

[22] 
GAMSF 

XFBD and 

Ida-BD 

dataset 

F1-score-80.4% and 

Kappa-77.9% 

Generalization, reliability issues, and 

struggle with multimodality. 

Yang et al. 

[23] 

Swin Transformer 

and ConvNeXt 

Collected 

dataset 

Precision-73.13%, Recall-

73.15%, and F1-score-

71.19% 

Complexity in disaster-affected areas, 

data scalability issues, and a high 

burden of manual labeling. 

Zhang et 

al. [24] 
CMSNet 

RWSBD 

dataset 

Precision-83.95, Recall-

81.28, and MIoU-73.13 

Poor fusion strategy, scalability, and 

complexity issues. 

Cha et al. 

[25] 
Triple UNet xBD dataset 

Precision-0.886, Recall-

0.864, and MIoU-0.769 

Surface cracks and small debris may 

become undetectable and result in high 

levels of data loss. 
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2.1. Problem Statement 

Disaster-induced structure detection is an important 

process that necessitates the accurate recognition of complex 

structures in difficult environments characterized by high 

noise levels, low contrast, and undefined boundaries. 

Convolutional neural networks, especially U-Net-based 

networks, have been found to work well with respect to local 

feature extraction, but they tend to be plagued by feature 

redundancy, poor global context learning capacity, and poor 

boundary recovery. Though transformer architectures have 

helped boost global semantic feature extraction, they face 

computational complexities and issues regarding multi-scale 

feature inconsistency.  

To overcome these problems, it is increasingly necessary 

to create hybrid systems capable of integrating spatial-channel 

feature refinement, attention-based multi-scale fusion, and 

effective optimization techniques.  

Subsequently, the proposed system employs 

reconstruction-based convolutions, cross-channel feature 

interaction, pixel-wise upsampling, multi-scale 

contextualization, and dynamic pruning.  

3. Proposed Methodology  
Post-disaster building damage assessments present 

substantial challenges, especially due to the trade-off between 

assessment speed and accuracy. Poor image quality in debris-

filled situations, difficulty distinguishing structural from non-

structural damage, and automated models’ inability to 

generalize across multiple building forms and hazard types are 

significant challenges. To address these challenges, a multi-

scale spatial-channel reconstruction transformer is proposed 

for automatically assessing building damage in post-disaster 

scenarios. Figure 1 denotes the architecture of the proposed 

multi-scale spatial-channel reconstruction transformer.  
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Fig. 1 Architecture of the proposed multi-scale spatial-channel reconstruction transformer 

The Reconstruction Spatial-Pixel Fusion multi-scale 

Fusion transformer improves the standard transformer 

framework by fixing some of its problems, like too much 

repeated information, mismatched meanings, and poor details 

at the edges. In the encoder, regular convolutional (Conv) 

blocks are replaced with an RSPC module. This module uses 

both spatial and channel-based reconstruction to reduce 

unnecessary details. Afterward, in the skip connection path, 

instead of just putting features together like in UNet, they use 

a CIF module. This module helps combine features from 

different scales using attention across channels, making the 

meaning between the encoder and decoder parts match better. 

Subsequently, in the decoder, a PAUG module replaces 

traditional upsampling layers. This module uses dynamic 

weighting at the pixel level to improve edge details and make 

segmentation more accurate. The model keeps the same U-

shaped structure and allows end-to-end training. It focuses 

more on rebuilding features and understanding meaning, 

which makes it better at handling images that are noisy, low 

contrast, or have unclear edges. In the decoder phase, DRMSC 

integrates different features by combining receptive fields of 

different sizes, capturing richer contextual semantic 

information. A pruning mechanism was employed to reduce 

computational complexity and model size while maintaining 

efficient performance results.  
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3.1. System Model 

The developed model highlights a U-Shaped encoder-

decoder framework, improved with transformer-based 

learning and specialized modules for enhanced segmentation. 

In the encoder, the ROSC module reduces redundancy by 

refining spatial and channel features. Skip connections are 

made robust using the CIF module, which enables cross-

channel attention to align multi-scale semantics. In the 

decoder, the PAUG module enhances boundary precision 

through dynamic pixel-level weighting, while the DRMSC 

modules capture rich contextual information across different 

scales. Furthermore, a pruning mechanism reduces model 

complexity, ensuring efficient performance without 

compromising accuracy.  

3.1.1. Reconstruction Spatial-Pixel Convolutional Module 

(Encoder)  

Initially, encoder-standard Conv blocks are substituted 

with an RPSC module, as shown in Figure 2, developed to 

explicitly suppress feature redundancy through joint spatial 

and channel reconstruction. Given a feature map𝑀 ∈
ℜ𝑁×𝐶×𝐻×𝑊, the module initially enables a pre-convolution 

and splits the feature into two branches, where one branch 

preserves residual information while the other undergoes 

structured refinement. The spatial redundancy is reduced 

using the Spatial Reconstruction Unit (SRU), as depicted in 

Figure 3, where feature normalization is expressed as:  

𝛾 = 𝐺𝑁(𝑀) =
𝑀−𝜇

√𝜎2+𝜀
⋅ 𝛾 + 𝛽 (1) 

Where 𝜇 indicates the mean of feature values computed 

across spatial dimensions, 𝜎is the standard deviation of the 

feature distribution, 𝜀 denotes the small constant, 

𝛾, 𝛽represents the learnable scaling and shifting parameter in 

GN, and 𝑀̂is the feature map after GN. Adaptive spatial 

weights are attained through a gating mechanism. 

𝑊 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝐷𝑁(𝑀)), 𝑀𝜔 = 𝑊⊗𝑀  (2) 

Subsequently, by cross-reconstruction operation to 

reallocate informative regions: 

𝑀𝑤1 = 𝑊1 ⊗𝑀 𝑀𝑤2 = 𝑊2 ⊗𝑀, 𝑀𝑤 = 𝑀𝑤1 ∪𝑀𝑤2

 (3) 

Here 𝑊is the spatial weight map generated using the 

sigmoid function, 𝑊1where 𝑊2denotes gating masks that 

separate informative and redundant features, ⊗is the element-

wise multiplication, 𝑈indicates the channel-wise 

concatenation, 𝑀𝑤and is the spatially refined feature map. 

Following, Figure 4 presents the CRU, which mitigates 

channel redundancy by splitting features using a ratio 𝛼, 

transforming them through grouped and point-wise 

convolutions, and fusing them using channel attention: 

𝑌1 = 𝑋𝐺𝑀𝑢𝑝 + 𝑋𝑃1𝑀𝑢𝑝, 𝑌2 = 𝑋𝑝2𝑀𝑙𝑜𝑤 ∪𝑀𝑙𝑜𝑤 (4) 

Where 𝑋𝐺denotes the weight matrix of grouped 

convolution (GWC), 𝑋𝑃1, 𝑋𝑃2is the weight matrices of point-

wise convolutions, and 𝑌1, 𝑌2indicate transformed feature 

outcomes from the upper and lower channel branches. 

𝛽1 =
𝑒𝑠1

𝑒𝑠1+𝑒𝑠2
 𝛽2 =

𝑒𝑠1

𝑒𝑠1+𝑒𝑠2
, 𝑌 = 𝛽1𝑌1 + 𝛽2𝑌2 (5) 

Here, global terms 1s 𝑠2 are derived using global average 

pooling and 𝛽 indicate the normalized attention weights. This 

fused spatial-channel reconstruction process applies the 

encoder to emphasize informative structures while 

suppressing irrelevant activations, leading to more robust 

feature extraction, particularly in challenging scenarios such 

as post-disaster damage assessment, where noise, occlusions, 

and ambiguous boundaries are prevalent.  
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Fig. 2 Spatial-Pixel convolutional module 
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Fig. 4 CRU framework 

3.1.2. Channel Interaction Fusion Module (CIF)  

After completing the initial stage, in the skip connection 

pathway, a CIF-based vision transformer architecture is 

suggested instead of the conventional direct concatenation 

used in U-Net, enabling deeper semantic interaction between 

encoder and decoder features. Given multi-scale encoder 

features𝐸𝑖, query, key, and value representations are first 

expressed as: 
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𝑄𝑖 = 𝐸𝑖𝑊𝑄 𝐾 = 𝐸∑𝑊𝐾,  𝑉 = 𝐸∑𝑊𝑉 (6) 

Where 𝐸𝑖is the encoder feature at scale 𝑖, 𝐸∑indicates 

aggregated multi-scale feature representation, 𝑊𝑄, 𝑊𝐾, 𝑊𝑉 are 

learnable projections metrics for query, key, and value. Then, 

cross-channel attention is used to compute feature similarity 

and aggregation: 

𝐶𝐴𝑖 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝑖𝐾

𝑇

√𝐶
)V (7) 

Where 𝐶𝐴𝑖denotes the cross-attention output for scale 𝑖, 
𝑄𝑖is the query representation for feature 𝐸𝑖, 𝐾is the key 

representation, and 𝐶represents the channel dimension used 

for scaling attention. To enhance stability and representation 

capacity, multi-head channel attention is employed: 

𝑀𝐶𝑖 =
1

𝑁
∑ 𝐶𝐴𝑖

(𝑛)𝑁
𝑛=1  (8) 

Let 𝑁is the amount of attention heads, and 𝑀𝐶𝑖represents 

the multi-channel attention outcome. Afterward, the final 

combined representation is attained using residual learning 

and a non-linear transformation: 

𝑂𝑖 = 𝑀𝐶𝑖 +𝑀𝐿𝑃(𝑄𝑖 +𝑀𝐶𝑖) (9) 

Where 𝑂𝑖denotes the final fused feature map after 

attention and MLP, 𝑀𝐿𝑃(⋅)is the multi-layer perceptron for 

non-linear transformation, and 𝑄𝑖 +𝑀𝐶𝑖indicates the residual 

connection ensures stable learning. This attention-driven 

fusion module effectively aligns semantic information across 

different scales, reduces the semantic gap between encoding 

and decoding attributes, and significantly improves contextual 

understanding. As a result, the CIF module is highly effective 

in complex environments such as post-disaster building 

assessment, where structural variations and ambiguous 

regions require robust multi-scale semantic integration.  

3.1.3. Pixel Attention Upsample Guidance (PAUG) Module 

(Decoder)  

Subsequently, in the decoding part, a new framework, the 

PAUG module, is presented to substitute the traditional 

upsampling approaches like transposed convolution and 

bilinear interpolation that can only upscale the spatial 

resolution but lack improvement on semantic quality. 

Different from the aforementioned methods, the PAUG 

module advances the deep features 𝐷𝑖and semantically 

enhanced features𝑆𝑖, generated by the fusion mechanism 

based on transformers for smart upsampling. Specifically, 

deep features 𝐷𝑖are interpolated using bilinear interpolation 

and aligned with the corresponding 𝑆𝑖. Then, both feature 

paths pass through the same process of 1 × 1convolution and 

normalization; the module learns pixel-wise semantic 

correlation by two feature mapping functions 𝑓𝑆(⋅), and 𝑓𝐷(⋅) 
generates a dynamic weighting factor: 

𝜎 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑓𝐷(𝑣⃗𝐷) ⋅ 𝑓𝑆(𝑣⃗𝑆)) (10) 

Here 𝜎denotes the probability that a feature from both 

branches belongs to the same object. The adaptive confidence 

of the last upsampled feature is given as: 

𝑂𝑢𝑡𝑝𝑢𝑡𝑃𝐴𝑈𝐺 = 𝜎𝑣⃗ + (1 − 𝜎)𝑣⃑𝑆 (11) 

The dynamic weighting strategy at the pixel level makes 

it possible for the decoder to concentrate on reconstructing 

features that contain more accurate information. Afterward, 

the model maintains the U-shaped architecture symmetrically 

while ensuring end-to-end training; this model is primarily 

concerned with reconstructing features and conducting 

semantic modeling. It has high tolerance for cases such as 

building damage evaluation after disaster imaging 

segmentation with noisy, poor-quality images.  

3.1.4. Dynamic Residual Multi-Scale Convolution Module 

(DRMSC)  

The DRMSC module is suggested to integrate features 

from different receptive field sizes, enabling richer contextual 

semantic understanding. Otherwise, conventional single-scale 

convolutions are limited; DRMSC integrates dilated 

convolutions with varying dilation rates to find both well-

grained contextual details and wider global search without 

reducing spatial resolution.  

Given an input feature map 𝐹, a multi-scale feature is 

extracted by a set of parallel branches using 3 ×
3convolutions with various dilated rates 𝑑 ∈ {1,2,5,8}: 

𝐹𝑑 = 𝐶𝑜𝑛𝑣3×3
(𝑑)

(𝐹) (12) 

In order to avoid the grid effect that is common in dilated 

convolutions, the initial branch consists of stacked 

convolutions with varying dilation rates, whereas further 

branches gradually reduce the number of dilations for the 

purpose of achieving variation in their receptive fields. The 

output from all these branches is concatenated: 

𝐹𝑚𝑠 = 𝐶𝑜𝑛𝑐𝑎𝑡𝑒𝑛(𝐹1, 𝐹2, 𝐹5, 𝐹8) (13) 

where 𝐹𝑚𝑠is the mitigates the feature sequentially, 

𝐶𝑜𝑛𝑐𝑎𝑡𝑒𝑛denotes the concatenation, subsequently, through a 

1 × 1 convolution for channel compression and feature 

alignment: 

𝐹𝑜𝑢𝑡𝑝𝑢𝑡 = 𝐶𝑜𝑛𝑣1×1(𝐹𝑚𝑠) (14) 

To enhance feature propagation and stabilize training, 

residual connections are integrated within each branch: 

𝐹𝑑
𝑟𝑒𝑠 = 𝐹𝑑 + 𝐹 (15) 
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In addition, Dropout is used during training to improve 

the network’s capacity to generalize. The suggested DRMSC 

block improves segmentation outcomes by combining multi-

scale receptive fields with residual learning, which enables the 

block to collect both local and global structural dependence 

information. Evaluation of building damage following 

disasters using low-quality pictures is one example of a 

challenging application where a model can be very helpful. 

Figure 5 shows the framework of the DRMSC module. 
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Fig. 5 Framework of DRMSC module 

3.1.5. Dynamic Structured Pruning Mechanism 

Lastly, a dynamic structured pruning mechanism is 

utilized to reduce computational complexity and model size 

while highlighting efficient performance.  

Rather than using a fixed threshold, the developed method 

adaptively learns a pruning threshold that evolves during 

training, allowing gradual sparsification of the framework. 

Given a DNN 𝜃(𝐿)with 𝐿layers, the dynamic pruning threshold 

at iteration 𝑡is computed as: 

𝜓𝑡 = ∑ 𝛺𝑖
(𝑙)
⋅ 𝑝𝑡

𝑙
𝑖  (16) 

Here 𝛺𝑖
(𝑙)

denotes the significance score of 𝑖𝑡ℎneuron in 

level, and 𝑝𝑡indicates the sparsity factor at the iteration 𝑡, 
denoted as: 

𝑝𝑡 = 𝑝𝑓 + (𝑝𝑖 − 𝑝𝑓) (1 −
𝑡−𝑡𝜃

𝑁𝛥𝑡
)
3

 (17) 

Where 𝑝𝑖and 𝑝𝑓denote the initial and target sparsity 

levels, 𝑡0is the starting epoch of pruning, and 𝑁is the total 

number of pruning steps. Based on this threshold, neurons are 

selectively retained or removed using binary masks: 

𝑚𝑖
(𝑙)
= {

1, 𝑖𝑓|𝑚𝑖
(𝑙)
𝜃𝑖
(𝑙)
| ≥ 𝜓𝑡

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (18) 

Through the dynamic nature of this technique, the pruning 

process is made such that unimportant neurons are trimmed in 

a gradual manner without compromising important feature 

representations.  

In addition, this method is efficient in achieving the best 

combination of accuracy and efficiency by gradually varying 

the level of sparsity during training, as opposed to static 

methods, which tend to suffer from sudden drops in accuracy. 

This technique is therefore ideal for application in disaster 

recovery imaging applications.  
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3.2. Loss Function 

In this research, Categorical cross-entropy is used for the 

purpose of defining the loss function that would train the 

segmentation method. Categorical cross-entropy is 

traditionally used in multi-class classification and 

segmentation problems, where pixels are mapped to one of a 

few predefined classes using a ground-truth label distribution 

against a predicted probability distribution. Specifically, for a 

given pixel, the categorical-entropy loss is given as: 

𝐿𝐶𝐸 = −∑ 𝑦𝑐 𝑙𝑜𝑔( 𝑦⃗𝑐)
𝐶
𝑐=1  (19) 

Here 𝐶denotes the total number of classes, 𝑦𝑐indicates the 

ground truth label, and 𝑦̂𝑐represents the predicted probability 

for the class obtained after the softmax activation. The loss 

emphasizes incorrect detections by assigning higher values 

when the predicted probability deviates from the true class 

label.  

In this research, categorical cross-entropy serves as an 

effective tool in enforcing accuracy when it comes to pixel-

level classifications. Categorical cross-entropy plays an 

important role in the learning process because it helps the 

model learn discriminative features from varying semantic 

classes. It complements the modules that have been proposed, 

such as RSPC, CIF, PAUG, and DRMSC. This technique is 

especially helpful for difficult applications, such as building 

assessments after disasters.  

4. Experimental Setup Analysis 
Results and discussion describe the evaluation of model 

performance with other models to prove the RSPF-MST 

model for automatically assessing building damage in post-

disaster scenarios. The proposed model is implemented and 

validated using a Python tool. Table 2 presents the system 

settings, and Table 3 indicates the proposed model-based 

hyperparameter details.  

Table 2. System settings 

Parameter Settings 

Tool PYTHON 3.10.14, Anaconda, IDE Spyder 

Processor Intel(R) Core(TM) i7-4770 CPU @ 3.40GHz 3.40 GHz 

Installed RAM 16.0GB 

System type 64-bit processor system, x64-based processor 

Table 3. Proposed model-based hyperparameter details 

Parameter Value Description 

Optimized Adam Adaptive gradient optimization 

Learning rate 1x10-10 Initial learning rate 

Batch size 32 Depends on GPU memory 

Epochs 300 Total training iterations 

Loss function Categorical cross-entropy Pixel-wise classification loss 

Weight decay 1e-5 Regularization parameter 

Dropout rate 0.3 Prevents overfitting 

Activation function Softmax Non-linear transformation 

4.1. Dataset Used  

Dataset-1: The data used in the experiment is from the 

DesignSafe data repository database, which involves very 

high-resolution pre- and post-disaster satellite pictures. Figure 

6 depicts Dataset-2 based on the actual, ground truth & 

predicted mask outputs.  

There is a total of 5,598 samples, split into a training set 

and test set on an 80:20 split, with 4,478 images in the training 

set and 1,120 in the testing set. For more dataset details:    

https://www.designsafe-

ci.org/data/browser/public/designsafe.storage.published/PRJ 

3563/%2Fpublished-data%2FPRJ-3563%2FProject--ida-bd-

pre-and-post-disaster-high resolution-satellite-imagery-for-

building-damage-assessment-from-hurricane 

ida%2Fdata%2Fmasks 

Dataset-2: Additionally, the paper uses RescueNet as 

another data benchmark. Figure 7 provides Dataset-2 based on 

the actual, ground truth & predicted mask outputs. This dataset 

is a large-scale benchmark used for post-disaster scene 

analysis with high-resolution UAV imagery.  

The main advantage of the benchmark is that it captures 

urban scenes impacted by natural disasters, which include 

damaged buildings, debris, road infrastructure, and 

vegetation, among others.  

To balance the test and training process of the model, an 

80:20 training and testing distribution is implemented. As a 

result, the training data set includes 3,595 images, and the 

testing data set includes 899 images. 

https://github.com/BinaLab/RescueNet-A-High-Resolution-

Post-Disaster-UAV-Dataset-for-Semantic-Segmentation 

https://www.designsafe-ci.org/data/browser/public/designsafe.storage.published/PRJ%203563/%2Fpublished-data%2FPRJ-3563%2FProject--ida-bd-pre-and-post-disaster-high%20resolution-satellite-imagery-for-building-damage-assessment-from-hurricane%20ida%2Fdata%2Fmasks
https://www.designsafe-ci.org/data/browser/public/designsafe.storage.published/PRJ%203563/%2Fpublished-data%2FPRJ-3563%2FProject--ida-bd-pre-and-post-disaster-high%20resolution-satellite-imagery-for-building-damage-assessment-from-hurricane%20ida%2Fdata%2Fmasks
https://www.designsafe-ci.org/data/browser/public/designsafe.storage.published/PRJ%203563/%2Fpublished-data%2FPRJ-3563%2FProject--ida-bd-pre-and-post-disaster-high%20resolution-satellite-imagery-for-building-damage-assessment-from-hurricane%20ida%2Fdata%2Fmasks
https://www.designsafe-ci.org/data/browser/public/designsafe.storage.published/PRJ%203563/%2Fpublished-data%2FPRJ-3563%2FProject--ida-bd-pre-and-post-disaster-high%20resolution-satellite-imagery-for-building-damage-assessment-from-hurricane%20ida%2Fdata%2Fmasks
https://www.designsafe-ci.org/data/browser/public/designsafe.storage.published/PRJ%203563/%2Fpublished-data%2FPRJ-3563%2FProject--ida-bd-pre-and-post-disaster-high%20resolution-satellite-imagery-for-building-damage-assessment-from-hurricane%20ida%2Fdata%2Fmasks
https://www.designsafe-ci.org/data/browser/public/designsafe.storage.published/PRJ%203563/%2Fpublished-data%2FPRJ-3563%2FProject--ida-bd-pre-and-post-disaster-high%20resolution-satellite-imagery-for-building-damage-assessment-from-hurricane%20ida%2Fdata%2Fmasks
https://github.com/BinaLab/RescueNet-A-High-Resolution-Post-Disaster-UAV-Dataset-for-Semantic-Segmentation
https://github.com/BinaLab/RescueNet-A-High-Resolution-Post-Disaster-UAV-Dataset-for-Semantic-Segmentation
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Fig. 6 Dataset-1 based on the actual, ground truth & predicted mask outputs 
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Fig. 7 Dataset- 2 based on the actual, ground truth & predicted mask outputs 
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It means that training data allow the model to learn 

diverse spatial relations, structure differences, and features 

under such complicated conditions as occlusion, lighting 

changes, and cluttered backgrounds. However, the testing data 

set allows evaluating the generalization performance of the 

proposed framework in the case of post-disaster object 

detection and classification tasks. 

4.2. Validation Outcome Metrics 

The experimental efficiency of the RSPF-MST method 

was evaluated using some performance metrics, namely 

Intersection over Union (IoU), mean Intersection over Union 

(mIoU), F1-Score, Overall Accuracy (OA), Precision, Recall, 

and so on. Also, the comparison with state-of-the-art methods 

is provided.  

The precise results refer to the percentage of attributes 

that are actually progressive among those the model predicts 

as positive. The following equation can be used to express 

accuracy in image segmentation: 

𝑃𝑟 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (20) 

𝑅𝑒 𝑐 𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
  (21) 

𝑀𝐼𝑜𝑈 =
1

𝑘+1
∑

𝑇𝑃

𝐹𝑁+𝐹𝑃+𝑇𝑃

𝑘
𝑖=0  (22) 

𝐷𝑖𝑐𝑒 =
2𝑇𝑃

2𝑇𝑃+𝐹𝑁+𝐹𝑃
 (23) 

𝑃𝑖𝑥𝑒𝑙𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (24) 

Here, True Positives (TP), True Negatives (TN), False 

Positives (FP), and False Negatives (FN).   

4.3. Results Validation Analysis 

Figures 8 (a) and (b) presents the training and validation 

loss curves over 300 epochs; the RSPF-MST model shows its 

superiority in terms of convergence and generalization 

properties. While at the beginning of the training process 

(epochs 0 to 50) all three models present an exponentially fast 

decay in training and testing losses, which reflects their quick 

feature learning capability, the real differences become 

obvious during the stabilization period of the training.  

  
(a) Training loss (b) Testing loss 

Fig. 8 (a)-(b) Training & testing losses vs. epochs 

For the experimental performance in automatic building 

evaluation after a disaster, it can be seen clearly that the RSPF-

MST model performs much better than any baseline 

architecture concerning both metrics.  

Figure 9 (a), the RSPF-MST model attains the top 

precision rate of 97.04% by achieving the biggest gap with the 

second top one, VRT-YOLOv11 (94.04%), and greatly 

surpassing others such as EoMT (91.89%), ViT (90.61%), and 

GestNet (89.11%). It suggests a high level of reliability in 

accurately identifying the post-disaster building structures 

without producing false positives.  

The same trend also appears in recall in Figure 9 (b), 

where the proposed model achieves 96.69%, ensuring nearly 

all damaged or related buildings are detected. Compared with 

the second-best model, VRT-YOLOv11 (94.56%), and other 

models such as EoMT (92.12%), ViT (91.38%), and GestNet 

(89.6%), they perform relatively worse in detecting buildings 

with damage.  

As a result, both the high scores in precision and recall 

indicate that the multi-scale fusion model successfully avoids 

false positives and misses at the same time.   
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(a) Precision (b) Recall 

Fig. 9 (a)-(b) Precision & recall performance analysis 

Quantitative Analysis of Post-Disaster Automatic 

Building Assessment shows that the RSPF-MST model 

performs better than state-of-the-art models in segmentation 

and localization. Pixel Accuracy Figure 10 (a), the proposed 

model delivers a high score of 98.43%, which is a small but 

highly relevant improvement compared to the performance 

levels achieved by VRT-YOLOv11 (97.33%), EoMT 

(95.15%), ViT (93.33%), and GestNet (90.55%). The pixel-

based analysis of the proposed model’s performance is 

additionally backed up by the high results delivered by the 

Jaccard Index, Figure 10 (b), also known as Intersection over 

Union (IoU), in which the RSPF-MST model scores an 

amazing 96.13%. The score outperforms the results produced 

by VRT-YOLOv11 (94.1%) by more than 2% while vastly 

outscoring those provided by EoMT (93.13%), ViT (91.16%), 

and GestNet (88.3%).

  
(a) Pixel Accuracy (b) Jaccard Index 

Fig. 10 (a)-(b) Pixel accuracy & Jaccard index analysis 

Figures 11 (a) and (b) IoU further proves the capability of 

the RSPF-MST model in segmenting buildings based on 

structures. In the case of Dice Score in Figure 11 (a), the 

proposed model shows excellent overlapping ability with the 

value of 97.45% and exceeds all other baselines, including 

VRT-YOLOv11 (95.82%) and EoMT (95.79%), creating an 

even bigger difference between itself and ViT (92.69%) and 

GestNet (89.83%). Similarly, in the case of IoU in Figure 11 

(b), the proposed model obtained 96.13%, followed by VRT-

YOLOv11 (94.1%), EoMT (93.13%), ViT (91.16%), and 

GestNet (88.3%). The consistently high values of both Dice 

and IoU indicate better performance of the multi-scale spatial-

pixel fusion technique in boundary detection and region 

estimation. 
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(a) Dice score (b) IoU 

Fig. 11 (a)-(b) Dice score & IoU analysis 

Figures 12 (a) and (b) illustrates the Hausdorff Distance 

(HD (mm)) and FLOP analysis of the precision of the RSPF-

MST model, when compared to other segmentation models. 

As for the metric measuring boundary delineation accuracy 

through the HD, the smaller its value, the better the model’s 

performance, and the RSPF-MST obtains an outstandingly 

low value of only 2.08 mm. This considerably surpasses VRT-

YOLOv11 (5.46 mm), EoMT (6.31 mm), ViT (9.32 mm), and 

GestNet (10.61 mm), thereby implying that the multi-scale 

spatial-pixel fusion dramatically improves boundary accuracy 

and enables precise structural location. On the other hand, 

considering the metric representing the computational 

challenges in FLOPs, it turns out that the RSPF-M model 

value (17.94) is slightly greater compared to those for VRT-

YOLOv11 (17.72), EoMT (17.36), ViT (16.98), and GestNet 

(16.45). However, it may be argued that this slight increase in 

floating-point operations can be considered completely 

acceptable in view of the corresponding performance 

improvement.  

  
(a) Hausdorff Distance (b) FLOP 

Fig. 12 (a)-(b) HD & FLOP analysis 
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Table 4. Performance validation of the proposed model 

Model 
Dice 

(%) 

IoU 

(%) 

Jaccard 

(%) 

HD95 

↓ 

FLOPs (G) 

↓ 

Pixel Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

GestNet 89.83 88.3 88.3 10.61 16.45 90.55 89.11 89.6 

ViT 92.69 91.16 91.16 9.32 16.98 93.33 90.61 91.38 

EoMT 95.79 93.13 93.13 6.31 17.36 95.15 91.89 92.12 

VRT-

YOLOv11 
95.82 94.1 94.1 5.46 17.72 97.33 94.07 94.56 

Proposed 97.45 96.13 96.13 2.08 17.94 98.43 97.04 96.69 

Dataset-2 

Figures 13 (a) and (b) indicates the results in training and 

test loss; the RSPF-MST model performs better than other 

models in automatic post-disaster building damage 

assessment after 300 epochs. All models start with a large 

reduction in losses but converge to the smallest loss achieved 

by the RSPF-MST model. From 50 to 300 epochs, the RSPF-

MST model has the smallest and most stable training loss 

values at almost 0.0 and test loss at 0.05. The proposed model 

is much superior to VRT-YOLOv11, which shows high loss 

values compared to GestNet.  

  
(a) Training loss (b) Testing loss 

Fig. 13 (a)-(b) Training & testing loss analysis 

Figures 14 (a) and (b) represents the precision & Recall 

performance analysis, highlighting that the RSPF-MST model 

performs significantly better than other competing models for 

the task of automated assessment of buildings after disasters.  

Figure 14 (a) Precision, the proposed model shows the 

highest efficiency of 97.11% compared to competing 

methods, including VRT-YOLOv11 (94.28%), EoMT 

(91.92%), ViT (90.54%), and GestNet (89.07%). Thus, this 

model is able to accurately classify damaged buildings 

without causing any false positive detections.  

Furthermore, similar outstanding performance can be 

seen in Figure 14 (b) Recall, where the highest value of 

96.68% is recorded for the proposed model. In comparison, 

VRT-YOLOv11 (94.55%), EoMT (92.02%), ViT (91.29%), 

and GestNet (89.51%) show relatively lower values.  

Figures 15 (a) and (b) displays that the RSPF-MST model 

segmentation efficacy is superior in the automatic post-

disaster building assessments, based on the proposed metrics. 

First, Figure 15 (a) shows that the Pixel Accuracy based on the 

RSPF-MST model has the best performance with 98.53%.  

In addition, compared to other competing models like 

VRT-YOLOv11 (97.28%), EoMT (95.51%), ViT (93.31%), 

and GestNet (91.05%), the RSPF-MST model outperforms all 

the others.  

The accurate localization of the objects is also evident 

when analyzing the Jaccard Index in Figure 15 (b), where the 

RSPF-MST model takes the lead with 96.12% against VRT-

YOLOv11 (94.08%), EoMT (93.17%), ViT (91.11%), and 

GestNet (88.23%).  
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(a) Precision (b) Recall 

Fig. 14 (a)-(b) Precision & recall performance analysis 

  
(a) Pixel Accuracy (b) Jaccard Index 

Fig. 15 (a)-(b) Pixel Accuracy & Jaccard Index analysis 

Figures 16 (a) and (b) validates the greater overlapping 

and segmenting abilities of the RSPF-MST approach for 

automatic evaluation of buildings post-disaster. From the 

results of the Dice Score in Figure 16 (a), it can be seen that 

the RSPF-MST method scores its best performance of 

97.46%, surpassing the nearest state-of-the-art methods, VRT-

YOLOv11 (95.84%) and EoMT (95.82%), and setting a much 

larger margin ahead of ViT (92.74%) and GestNet (89.85%). 

The same trend holds for Figure 16 (b) IoU, in which the 

RSPF-MST method scores the maximum at 96.12%, beating 

VRT-YOLOv11 (94.08%), EoMT (93.17%), ViT (91.11%), 

and GestNet (88.23%). The parallel achievement of the 

maximum Dice and IoU metrics confirms the effectiveness of 

the multi-scale spatial-pixel fusion methodology to capture 

geometric information and alignment with boundaries, and 

hence minimize false segments.  

Figures 17 (a) and (b) depicts the performance 

measurement criteria of the RSPF-MST model, showing the 

balance between boundary precision and computation time 

required for automatic post-disaster building analysis. It 

should be mentioned that the RSPF-MST model performs 

better in terms of achieving a lower HD value (2.07 mm, 

which proves the higher quality of boundary precision in 

comparison with other base models: VRT-YOLOv11 (5.46 

mm), EoMT (6.19 mm), ViT (9.3 mm), and GestNet (10.57 

mm). In turn, the RSPF-MST model requires 17.45 FLOPs, 

which is a slight decrease in computations compared to VRT-

YOLOv11 (17.88), EoMT (17.92), ViT (18.17), and GestNet 

(18.61). Therefore, the increase in computations can be 

regarded as a fair compromise for significant improvements in 

geometry edge detection and localization. The performance 

validation of the proposed model is provided in Table 5. 
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(a) Dice score (b) IoU 

Fig. 16 (a)-(b) Dice score & IoU analysis 

  
(a) Haus Dorff Distance (b) FLOP 

Fig. 17 (a)-(b) HD & FLOP analysis 

Table 5. Performance validation of the proposed model 

Model 
Dice 

(%) ↑ 

IoU 

(%) ↑ 

Jaccard 

(%) ↑ 
HD95 ↓ 

Pixel Accuracy 

(%) ↑ 

Precision 

(%) ↑ 

Recall 

(%) ↑ 

FLOPs 

(G) ↓ 

GestNet 89.85 88.23 88.23 10.57 91.05 89.07 89.51 18.61 

ViT 92.74 91.11 91.11 9.3 93.31 90.54 91.29 18.17 

EoMT 95.82 93.17 93.17 6.19 95.51 91.92 92.02 17.92 

VRT-YOLOv11 95.84 94.08 94.08 5.46 97.28 94.28 94.55 17.88 

Proposed 97.46 96.12 96.12 2.07 98.53 97.11 96.68 17.45 

4.4. Discussion 

Given the combined shortcomings of DamageCAT with 

hierarchical U-Net, GAMSF, Swin Transformer-ConvNeXt, 

CMSNet, and Triple U-Net, the suggested framework 

outperforms these alternatives in terms of segmentation 

performance. Among DamageCAT’s strongest points is its 

hierarchical U-Net architecture, which allows for hierarchical 

feature extraction. However, this approach isn’t without its 

limitations, such as the possibility of redundant features and 

an inability to adequately capture long-range semantic 

relationships (caused by convolution-based feature 

representation). Even though GAMSF undergoes traditional 
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multi-scale fusion, which causes semantic inconsistency 

between encoder and decoder representations, it efficiently 

aggregates features across scales.  

On the other hand, Swin Transformer and ConvNeXt 

have high performance in terms of global and local feature 

learning. Still, they are more complicated in terms of 

architecture and might lead to more computation due to their 

complexity and lack of focus on fine boundary reconstruction. 

Moreover, GestNet, Vision Transformer (ViT), EoMT, and 

VRT-YOLOv11 are some existing models that show good 

performance in segmentation and detection. However, each of 

them faces certain limitations when used for solving complex 

problems related to building evaluation after disaster images 

of poor quality. Specifically, GestNet is dependent on 

convolution operations for feature extraction, thereby limiting 

the model’s capability to detect long dependency relationships 

between features and resulting in redundant features. 

While ViT addresses the problem of global context 

modeling, it fails in local feature representations and needs 

huge amounts of data for proper training. EoMT improves 

multi-scale feature learning, but it can lead to inconsistencies 

between the representations of semantic information among 

encoder and decoder levels due to the lack of a feature 

alignment mechanism. To address these limitations, the 

proposed framework incorporates an RSPC, CIF, PAUG, 

DRMSC, and dynamic structured pruning.  

Specifically, RSPC is aimed at decreasing the redundancy 

of spatial and channel levels in the process of encoder feature 

extraction in order to improve the retention of structural 

features. CIF substitutes traditional skip connections with 

cross-channel interactions, thus matching the spatial details 

from shallow levels with the semantic representation from 

deeper levels. PAUG implies applying the adaptive feature 

weighting at the pixel level in order to improve boundary 

preservation and recovery of damaged areas. Lastly, DRMSC 

extracts the information about local and global context via the 

use of several receptive fields. The pruning technique 

gradually eliminates less significant neurons, thereby 

minimizing the size of the model and the level of 

computational complexity, but still retaining all significant 

features. Hence, the method’s superior performance stems 

from the synergistic effects of these components, leading to 

more accurate segmentation results, especially in complex 

post-disaster scenarios. Table 6 indicates the RSPF-MST 

model compared with state-of-the-art models.  

Table 6. RSPF-MST model compared with state-of-the-art models 

Authors & ref Models Dataset Performance 

Liu et al. [26] TatchGANs MDS-EB dataset Accuracy-90% 

Bhardwaj et 

al. [27] 
ResNet-UNet 

High-resolution satellite image 

dataset 
Accuracy-96.91% 

Sundaresan 

et al. [28] 
DeepLabV3+ UAV imagery dataset Accuracy-0.8620, MIoU-0.6286 

Le et al. [29] CMSNet 3DAeroRelif dataset Precision-83.95, and MIoU-0.4584 

Kaya [30] 
MaskR-CNN-

DNN 

RS, RADARSAT, ENVISAT, 

COSMO-SkyMed and Sentinel-1 
Precision-93.43, F1-score-95.42 

Proposed 
RSPF-MST 

model 
Ida-BD and RescueNet datasets 

Dataset- 1 accuracy of 98.43%, IoU of 96.13%, 

and Dataset-2- accuracy-98.53% and IoU-

96.12% 

5. Conclusion & Future Scope 
The present work proposes a model known as 

Reconstruction Spatial-Pixel Fusion Multi-Scale Transformer 

to facilitate accurate segmentation in tough environments, 

including post-disaster building damage inspection. Using the 

RSPC component for redundancy elimination, CIF for 

efficient multi-scale semantic fusion, PAUG for accurate 

boundary-aware up-sampling, and DRMSC for extracting 

contextual information, the proposed model performs better in 

feature extraction and segmentation than other existing 

techniques. Moreover, employing dynamic pruning improves 

the efficiency of the model by decreasing its complexity 

without sacrificing its performance. Experimental evaluation 

shows that the model works effectively with noisy, low-

contrast, and structurally difficult images. In terms of future 

work, the proposed approach can be extended to 3D volume 

data for sophisticated real-time disaster monitoring systems. 

The proposed system can be further enhanced by introducing 

lightweight attention modules for edge computation and using 

self-supervised or semi-supervised learning to reduce reliance 

on labeled data. In addition, the use of other modalities, such 

as LiDAR and thermal data, can improve the performance of 

the model in challenging situations. 
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