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Abstract: This study proposes a framework for semi-automated assessment of building damage caused by earthquakes using
remote sensing imagerydatasets, combined with advanced machine learning techniques. The framework uses high-resolution
post-event INSAR images. A machine learning approach is employed to classify the damage states of buildings in earthquake-
affected areas. Multi-class damage classification are performed for earthquake events. The binary classification successfully
identified over fifty percent of damaged buildings in previous studies. The multi-class damage classification using INSAR data
represents a relatively novel application, and the case studies presented highlight one of the first such efforts to leverage INSAR
imagery for building-level damage assessment using CNN model.
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I. INTRODUCTION

Buildings are vital components of human settlements, yet they are highly vulnerable to natural disasters, especially earthquakes.
Past events such as the 2008 Sichuan, 2010 Chile, 2010 Haiti, and 2015 Nepal earthquakes caused widespread structural failures,
highlighting the urgent need for rapid and reliable post-disaster damage assessment. Accurate building damage information is
crucial for guiding emergency response, rescue operations, and recovery planning. However, traditional ground surveys are time-
consuming and often impractical in inaccessible or hazardous regions, which has motivated the use of satellite-based assessment
techniques.

Remote sensing technologies, including Synthetic Aperture Radar (SAR), LIDAR, and high-resolution optical imagery, provide
large-scale and cost-effective solutions for monitoring disaster-affected areas. SAR is particularly effective in detecting surface
changes, while optical and LiDAR data support the identification of damaged structures through spatial and height variations.
Previous studies have applied methods such as Object-Based Image Analysis (OBIA) and machine learning classifiers, including
Random Forest and Support Vector Machines (SVM), to enhance post-earthquake damage detection. Although effective, these
approaches often require manual intervention, making them less efficient for rapid assessments.

In recent years, deep learning models, particularly Convolutional Neural Networks (CNNs), have emerged as powerful tools for
automatic feature extraction and image classification. CNN architectures like VGG, GoogleNet, and AlexNet have demonstrated
superior performance in image recognition tasks and are increasingly being explored for seismic damage detection. Despite these
advances, the application of CNNs in post-earthquake building damage classification remains relatively limited, with only a few
case studies demonstrating their potential. This research addresses this gap by leveraging CNN-based models for automated
earthquake-induced building damage classification, aiming to improve accuracy, scalability, and speed in disaster response systems.

A. Objective

The primary objective of this research is to develop an automated and accurate framework for earthquake building damage

assessment using remote sensing data and machine learning techniques. The goal is to:

1) Utilize remote sensing technologies such as Synthetic Aperture Radar (SAR) for large-scale post-disaster assessment.

2) Detect surface-level changes using SAR backscatter coefficients and intensity correlations.

3) Apply deep learning methods, specifically Convolutional Neural Networks (CNNs), for automated feature extraction and
classification of building damage levels.
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4) Provide a scalable and efficient framework capable of supporting rapid emergency response and recovery operations.
This research aims to bridge the gap between traditional remote sensing methods and modern deep learning approaches, enabling
faster and more reliable earthquake damage detection.

Il. LITERATURE SURVEY

Lili Wang et al. [1] conducted a comprehensive review of 242 studies on building damage detection using deep learning models and
remote sensing datasets. Their work emphasized the role of remote sensing in post-disaster assessment and categorized existing
models into single-temporal and bitemporal approaches. While single-temporal methods, which use only post-event images with
convolutional neural networks (CNNs), have shown promising results, the study highlighted significant challenges such as the
scarcity of publicly available training datasets and limited accuracy in multi-class classification tasks. Although the review
establishes the effectiveness of CNNSs, the lack of large, diverse datasets restricts scalability and limits the precision of classification
into multiple damage categories.

Zhonghua Hong et al. [2] proposed a novel convolutional neural network called Earthquake Building Damage Classification Net
(EBDC-Net) for post-disaster building damage detection using aerial imagery. Unlike many earlier methods that classified buildings
only as “intact” or “damaged,” this framework addressed the need for multi-level classification of damage severity. EBDC-Net
integrates a feature extraction encoder for capturing semantic information and a classification module that combines global and
contextual features to improve accuracy. Evaluated on UAV-based post-earthquake datasets, the approach achieved good accuracy.
Despite its success, the model’s performance decreases as the number of damage categories increases, pointing to the difficulty of
accurately distinguishing subtle variations in building damage.

Sajitha et al. [3] advanced building damage classification by integrating machine learning models with high-resolution remote
sensing imagery. Their study introduced an Enhanced U-Net (EU-Net), designed to capture complex visual signals and improve
classification speed and precision. By employing Siamese U-Net architecture, the model simultaneously performed feature
extraction and similarity measurement between pre- and post-event images. This design reduced inference time while enhancing
predictive accuracy. Results showed that EU-Net outperformed traditional classification methods, making it more effective for real-
time disaster management scenarios. However, the model’s reliance on carefully curated training data suggests limitations in
adaptability when applied to broader or less-structured datasets.

11l. METHODOLOGY OF PROPOSED SYSTEM

A. Proposed System

The proposed methodology incorporates the VGG19(Visual Geometry Group 19) architecture, a sophisticated convolutional neural
network (CNN) model.VGG19 leverages pre-trained layers that offer a deep understanding of visual characteristics such as shape,
colour and structural patterns, thereby enhancing image interpretation. The architecture comprises two convolutional layers,
followed by 14 pooling layers, and culminates with three fully connected layers. By processing post-earthquake satellite imagery,
the system visually categorizes building damage:completely destroyed structures are highlighted in red, partially damaged buildings
appear in blue and undamaged or minimally affected structures are marked in green.

B. Dataset Description

The dataset used in this study consists of high-resolution remote sensing images of buildings impacted by earthquakes. The primary
goal of this dataset is to support the classification of structures into different levels of damage, thereby enabling accurate and rapid
post-disaster assessment. The images are organized into three major categories:

e Intact Buildings: Structures that show no visible signs of damage and remain stable.

e Moderately Damaged Buildings: Buildings that have sustained partial damage but still maintain structural integrity.

o Heavily Damaged Buildings: Structures that are severely impaired or have collapsed completely.

This dataset is vital for training machine learning models to recognize varying damage levels and develop reliable classification
systems for post-disaster assessments.
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C. System Architecture
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Figure-1: System Architecture of the Smart Classification of Damaged Buildings System

The system architecture for earthquake building damage classification is structured to ensure efficient processing, training, and
deployment of the model. It begins with the damaged building dataset, which contains labeled images representing different levels
of structural damage. This dataset undergoes data preprocessing, where images are cleaned, resized, and normalized to ensure
uniformity and improve model performance.

The preprocessed data is then used to train the model, leveraging a deep learning architecture (VGG19) to learn hierarchical features
from the input images. Once trained, the model becomes capable of distinguishing between intact, moderately damaged, and heavily
damaged buildings.

For deployment, a Flask web application serves as the user interface. Users can upload input images of earthquake-affected regions,
which are passed to the trained model. The model processes these inputs and predicts the building damage category. Finally, the
results are displayed in a clear and interpretable format, showing the predicted damage level for each building.

This modular architecture ensures scalability, usability, and real-time applicability, making it suitable for disaster management and
rapid response operations.

D. Methodology

The proposed system adopts a structured, multi-stage methodology to classify earthquake building damage using deep learning and
remote sensing imagery. Each phase ensures that the model is trained efficiently, produces reliable predictions, and can be deployed
for real-time disaster response. The methodology consists of the following steps:

1) Data Preprocessing:

The damaged building dataset, containing intact, moderately damaged, and heavily damaged images, is first preprocessed. Images
are resized to a fixed resolution, normalized for pixel intensity, and augmented through transformations such as rotation, flipping,
and scaling to improve dataset diversity and reduce overfitting. This step ensures consistency and improves the robustness of the
training process.

2) Model Training:

A pre-trained VGG19 architecture is employed for feature extraction and classification. Transfer learning is applied by fine-tuning
the network on the earthquake damage dataset. The model is trained to learn hierarchical features such as edges, textures, and
structural patterns, which are critical for differentiating damage levels.

3) Prediction Process:

Once trained, the model is capable of categorizing input images into three classes: intact, moderately damaged, and heavily
damaged. During prediction, an input image is passed through the trained VGG19 network, which analyzes structural patterns and
outputs the predicted damage category.
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4) Web Application Deployment:

To make the system accessible, a Flask-based web application is developed. Users can upload post-earthquake satellite images
through the interface. The application forwards the image to the trained model, which processes it and generates the predicted
damage level. Results are displayed in a user-friendly manner for quick interpretation by emergency teams and disaster management
authorities.

5) Result:

Predicted outcomes are highlighted using a color-coded scheme for better interpretability—red for heavily damaged structures, blue
for moderately damaged, and green for intact buildings. This visual representation supports rapid situational awareness and aids
decision-making during disaster response.

This methodology ensures an end-to-end framework—from preprocessing and training to deployment and visualization—that is
scalable, reliable, and suitable for real-world earthquake damage assessment.

IV. EXPERIMENTAL ANALYSIS AND RESULTS

A. Key Features

1) Automated Damage Classification— Combines pre-processing, feature extraction, and classification in a streamlined workflow
for accurate detection of earthquake-induced building damage.

2) Deep Learning Integration — Employs Convolutional Neural Networks (CNNs) for extracting complex features from remote
sensing images, enhancing prediction accuracy.

3) Multi-Class Damage Assessment — intact, moderately damaged and heavily damaged assessment.

4) High-Resolution Satellite Imagery Utilization — Works with post-event remote sensing data.

5) Real-World Earthquake — Validated on earthquake datasets to ensure practical applicability.

B. Results
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Figure-8: Result Page

The proposed Smart Classification of Damaged Buildings system was successfully deployed as a web-based application, providing
a seamless interface for users to register, login and upload images. The home screen offered a simple and intuitive workflow,
guiding users to select the images and initiate the damage assessment process.

Once images were uploaded, the system processed them using the CNN model then classifying buildings into intact, moderately
damaged and heavily damaged. The final results were displayed on the interface, highlighting affected areas with clear markers.

V. LIMITATIONS AND FUTURE SCOPE

Despite the effectiveness of the proposed damage classification system, several limitations need to be considered. Firstly, the current
implementation relies primarily on overhead satellite imagery, which may not capture detailed structural damage in areas with dense
urban canopies or occlusions. This constraint can limit the accuracy of damage assessment in regions with complex building
layouts. Secondly, the system has been tested on a limited number of earthquake events; therefore, its generalizability to diverse
geographical locations and different disaster scenarios may be constrained.

Looking ahead, several opportunities exist to enhance and extend the system. Incorporating additional data sources such as LiDAR,
UAYV imagery, and oblique aerial photographs can overcome the limitations of traditional overhead satellite images. Utilizing multi-
temporal and multi-sensor datasets, including SAR imagery, would improve performance in cloud-covered or obscured regions.
Further advancements in Al, including vision transformers, hybrid architectures, and transfer learning, may significantly boost
classification accuracy. Moreover, developing real-time processing pipelines integrated with geospatial decision-support platforms
can enable faster, more actionable disaster response. These enhancements aim to improve both the technical performance and
practical utility of the system for emergency management and post-disaster recovery efforts.

VI. CONCLUSION

The proposed CNN-based framework for classifying damaged buildings from remote sensing imagery demonstrates significant
potential in enhancing the accuracy, speed, and reliability of post-disaster damage assessment. Unlike conventional approaches,
which often rely on labor-intensive manual inspections or rule-based techniques with limited adaptability, the CNN model can
automatically extract complex spatial and texture features from satellite images, enabling precise differentiation between varying
levels of building damage.

By minimizing reliance on human interpretation, the system not only reduces processing time but also ensures consistency and
objectivity in classification results. In the context of large-scale natural disasters, such as earthquakes, floods, or cyclones, this
capability is particularly valuable, allowing emergency response teams to rapidly identify severely affected areas. Consequently,
authorities can prioritize rescue operations, optimize resource allocation, and implement recovery strategies more effectively.
Overall, this approach provides a robust, scalable, and practical solution for disaster management, supporting faster decision-making
and improving resilience in post-disaster scenarios.
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