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Abstract

The rapid and accurate assessment of building damage after earthquakes is critically essential for search-and-rescue and
humanitarian-aid operations. This study proposes a comprehensive hybrid intelligent system to classify buildings into
three categories—intact, damaged, and destroyed—using the UAV-TEBDE dataset, which comprises high-resolution
Unmanned Aerial Vehicle (UAV) images collected after earthquakes in Tiirkiye. The proposed methodology is based on
the fusion of deep features extracted from five different pretrained Convolutional Neural Network (CNN) models,
including ResNet50, EfficientNetB4, VGG16, DenseNet121, and MobileNetV2, using a transfer learning approach. These
enriched, high-dimensional combined feature vectors were systematically used to compare the performance of 12 machine
learning classifiers, including ensemble learning methods, support vector machines, and discriminant analyses. The
experimental results, validated through a robust 10-fold Stratified Group Cross-Validation, demonstrated that the
proposed feature-level (early) fusion strategy achieved outstanding success. The Quadratic Discriminant Analysis (QDA)
model exhibited the highest performance, attaining a mean Weighted F1 Score of 99.53% (+0.09%), surpassing more
complex ensemble models and neural networks. The exceptionally low standard deviation observed across the validation
folds confirmed that the superior performance of the QDA model was statistically robust and consistent. This study
revealed that CNN-based feature fusion yields a highly distinctive feature space for post-disaster damage assessment,
thereby enabling rapid near-perfect automatic damage mapping.
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Oz

Depremlerden sonra hizli ve dogru bina hasar tespiti, arama-kurtarma ve insani yardim operasyonlart icin kritik 6neme
sahiptir. Bu ¢alisma, Tiirkiye'de meydana gelen depremlerden sonra toplanan yiiksek ¢oziiniirliiklii Insansiz Hava Aract
(IHA) goriintiilerinden olusan ozgiin UAVs-TEBDE veri setini kullanarak, binalar: saglam, hasarli ve yikilmig olarak ii¢
kategoride siniflandirmak icin yeni bir hibrit zeki sistem onermektedir. Onerilen metodoloji, transfer 6grenimi yaklasimi
kullanilarak ResNet50, EfficientNetB4 ve VGGI16 dahil olmak tizere bes farkli dnceden egitilmis Evrigimli Sinir Agi
(CNN) modelinden ¢ikarilan derin ozniteliklerin birlestirilmesine (fiizyonuna) dayanmaktadir. Bu zenginlestirilmis ve
yiiksek boyutlu birlesik oznitelik vektorleri; topluluk 6grenmesi, destek vektor makineleri ve diskriminant analizi dahil
olmak tizere 12 makine 6grenmesi siniflandiricisimin performansint sistematik olarak karsilagtirmak icin kullanilmistr.
Saglam bir 10-kath Katmanli Grup Capraz Dogrulama (Stratified Group Cross-Validation) ile dogrulanan deneysel
sonuglar, onerilen oznitelik fiizyonu stratejisinin iistiin bir basari elde ettigini gostermistir. Ikinci Dereceden Diskriminant
Analizi (QDA) modeli, daha karmasik topluluk modellerini ve sinir aglarint geride birakarak %699,53 (£0,09) ortalama
Agwrlikli F1 Skoru ile en yiiksek performansi sergilemistir. Dogrulama katmanlar: genelinde gozlemlenen son derece
diigiik standart sapma degerleri, QDA modelinin iistiin performanswmnin istatistiksel olarak kararlt ve tutarli oldugunu
dogrulamistir. Bu ¢alisma, CNN tabanli éznitelik fiizyonunun afet sonrasi hasar tespiti i¢in son derece ayirt edici bir
oznitelik uzayt olusturdugunu, boylece hizli ve neredeyse miikemmel dogrulukta otomatik hasar haritalarinin iiretilmesini
miimkiin kildigint ortaya koymaktadur.
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1. Introduction

Earthquakes are among the most devastating natural disasters, causing sudden and massive destruction in cities
and leaving deep socioeconomic scars on societies. Severe seismic events in densely populated urban areas
cause significant damage to buildings and infrastructure, resulting in substantial loss of life, economic collapse,
and mass displacement (Yu et al., 2024). The Kahramanmaras-centered earthquakes with magnitudes of 7.8
and 7.5 that struck southeastern Tiirkiye on February 6, 2023, and caused massive destruction in 11 provinces
are the most recent and striking example of this tragic reality. In this disaster, hundreds of thousands of
buildings were severely damaged or destroyed, resulting in tens of thousands of deaths and creating an urgent
need for shelter for millions of people (Xia et al., 2023). After such a large-scale catastrophe, it is vital to
quickly and accurately determine the locations, numbers, and damage levels of affected buildings to effectively
coordinate search and rescue operations, ensure the proper and prioritized allocation of emergency resources
(medical aid, heavy machinery, personnel), and plan humanitarian aid logistics (Dell'Acqua & Gamba, 2012).

Although the currently available damage assessment methods are widely accepted as the primary basis for
detailed structural damage analysis, they have significant limitations in disasters affecting large geographic
areas. Field studies are slow and costly, require intensive manpower, and are hazardous owing to safety risks
in debris zones (e.g., aftershocks and dangerous materials) (Korkmaz, 2009). Roads closed and infrastructure
damaged after a disaster prevent field teams from reaching the most urgently needed areas promptly, delaying
the creation of a comprehensive damage assessment that decision-makers require during the critical first 72-
hour "golden window." Therefore, Remote Sensing (RS) technologies have become indispensable tools in
disaster management for overcoming these challenges (Dong & Shan, 2013).

In recent years, Unmanned Aerial Vehicles (UAVs) have demonstrated revolutionary potential in post-disaster
damage assessment owing to their flexibility, low cost, and ability to collect centimeter-level data on demand
(Kerle et al., 2019). Unlike satellites, which are constrained by fixed orbits and revisit intervals, UAVs can
collect data at desired times and angles without interference from atmospheric obstacles such as cloud cover.
Thus, UAVs enable the acquisition of oblique images that capture not only roofs but also building facades,
facilitating the analysis of details such as partial collapses or wall damage that are difficult to detect in satellite
imagery (Nex et al., 2019).

The increasing volume and complexity of UAV data have made automation essential for extracting meaningful
information from these data sets. Breakthroughs in Artificial Intelligence (Al), particularly Deep Learning
(DL) and Machine Learning (ML) algorithms, offer robust solutions for automatic damage detection from
UAYV images. DL models, such as Convolutional Neural Networks (CNNs), demonstrate superior performance
compared to traditional methods owing to their ability to learn hierarchical and distinctive features (deep
features) from images without human intervention (Zhu et al., 2017). Although various approaches, such as
CNN-based classification (Ji et al., 2018), object detection (Li et al., 2022), and image segmentation (Zhan et
al., 2022), have been successfully applied in the literature for earthquake damage detection, most existing
studies focus on the binary classification problem (damaged/undamaged) or evaluate the performance of a
single DL architecture. However, in disaster management, damage grading is more critical and functional for
determining intervention priorities. Therefore, a multi-class approach that categorizes damage into three or
more classes—intact, damaged, and collapsed—provides richer and more actionable information (Glirer &
Karshigil, 2024). In this context, this study aims to fill a significant gap in the literature by systematically
comparing the performance of deep features extracted from different DL architectures (ResNet, EfficientNet,
and VGG16) on a three-class damage detection problem across a diverse set of 12 ML classifiers.

The main hypothesis of this study is that combining features extracted from different CNN models (feature
fusion) and classifying the resulting enriched feature set, particularly with powerful ensemble learning models
such as XGBoost and LightGBM, will yield higher classification accuracy and generalization performance
than using a single model. To achieve this goal, a unique dataset, UAVs-TEBDE, comprising very high-
resolution UAV images acquired after earthquakes in Tiirkiye was employed. Within the scope of this study,
feature extraction was performed using five pretrained CNN models, and the extracted features were evaluated
using 12 ML classifiers. The findings are expected to make significant scientific contributions to the
development of more accurate, faster, and more reliable automated systems for post-disaster damage
assessment and strengthen operational decision-support mechanisms for emergency response teams.
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While recent advancements in Deep Learning have introduced transformer-based architectures (e.g., Vision
Transformers) and multimodal approaches that leverage the global context, Convolutional Neural Networks
(CNNs) remain exceptionally strong in capturing local textural details. Identifying structural damage often
relies on the detection of specific local patterns, such as rubble piles and cracks. Therefore, this study focuses
on maximizing the potential of established CNN architectures through a robust feature-level (early) fusion
strategy that balances high accuracy and computational feasibility.

2. Related works

Over the past two decades, post-earthquake building damage assessment has undergone a significant evolution
within the fields of remote sensing and computer vision. Rapid technological advancements have
fundamentally reshaped the entire pipeline, spanning data acquisition platforms, analytical algorithms, and
image interpretation paradigms. This section positions the current study within the broader literature by
examining established data sources, analytical frameworks, and the state-of-the-art in machine learning and
deep learning approaches for damage evaluation. Furthermore, Table 1 outlines the methodologies, study

objectives, and key findings of prominent studies in this domain.

Table 1. Related works

Author/Year

Study Objective

Methods

Key Results / Conclusions

Tong et al. (2012)

Building damage detection
through 3D geometric
changes using satellite

stereo images

HRSI, DEM difference,
RPC, SGM matching

1.1 m in planimetry, higher
accuracy at 1.5 m elevation;
90%+ overall accuracy;
100% object-based accuracy
(at certain thresholds)

Du et al. (2024)

Single building damage
detection based on multi-
feature fusion

UAV + satellite imagery,
nDSM, ROI, PCA, feature
fusion

93.4% OA, 0.87 Kappa
(UAV model); 89% OA in
the portability test

Azizi (2023)

Multi-label building damage
classification using machine

CLIP model, RescueNet,

YOLOV8 (Top-5) achieved
the highest accuracy (98%).
CLIP (92%) outperformed

Ghahrloo & Mokhtarzade
(2025)

learning methods for UAV image enhancement YOLOVS (Top-1),
imagery EfficientNet, and
MobileNetV2.
The object-based CNN

Damage detection based on
smart systems using optical
and radar data

CNN, SVM, fuzzy
inference, pixel/decision-
level fusion

achieved 91.7% overall
accuracy (OA) and 87.4%
kappa coefficient (KC),
whereas the pixel-based
approach yielded 87.4% OA
and 81.0% KC. Augmenting
a CNN with an SVM
yielded no additional
improvement. The object-
based CNN+FIS
configuration delivered the
highest performance,
attaining 92.7% OA and
88.7% KC.

Matsuoka & Yamazaki
(2004)

Detection of building
damage after an earthquake
using SAR intensity images

ERS SAR, speckle reduction
(Lee, Frost), discriminant
analysis

78.5% discrimination
random rate; optimum
window size 21x21 pixels

Park & Jung (2020)

Damage assessment with
Polarimetric SAR
(POLSAR)

PALSAR-2, polarimetric
scattering variations, fuzzy-
based fusion

90.9% detection rate, 1.3%
false alarm, 0.813 Kappa,
69.7% FOM

Saito et al. (2005)

Visual damage assessment
of the earthquake using
QuickBird images

100%100 m grid visual
interpretation and
comparison

53.5% consistency between
comments; objective
accuracy measurement could
not be performed

This Study (2026)

Three-class building damage
classification (Intact,
Damaged, Destroyed)

Fusion of 5 CNN Features +
Regularized QDA (10-Fold
Group CV)

99.53% Mean Weighted F1-
Score; Statistically robust
validation.
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As shown in the final row of Table 1, the proposed method outperforms existing approaches by employing a
comprehensive feature-level (early) fusion strategy and rigorous 10-fold group cross-validation, achieving a
mean F1-score of 99.53%.

2.1. Remote sensing data sources for damage assessment

The UAV data used in damage assessment are generally obtained from satellites, airplanes, and UAVs. Initial
studies were based on medium-resolution satellite imagery, such as Landsat imagery. Using these data, it was
only possible to detect general damage conditions at the regional scale and at the level of city blocks (Yusuf
etal., 2001). Since the early 2000s, the commercial availability of very high-resolution (VHR) optical satellites
such as QuickBird, IKONOS, WorldView, and Pleiades has enabled analyses at the scale of individual
buildings (Dong & Shan, 2013). Although VHR optical images provide comprehensive visual content for
detecting damage indicators such as roof integrity loss, debris piles, and significant structural deformations,
they are adversely affected by atmospheric conditions such as cloud cover, fog, and insufficient illumination,
which are frequently encountered in the aftermath of disasters (Yamazaki et al., 2005). To overcome this
limitation, Synthetic Aperture Radar (SAR) systems offer a strong alternative, as they can collect data day and
night and under all weather conditions, owing to active microwave sensors (Ge et al., 2020). SAR-based
damage assessment is typically based on coherence analysis, which measures the degradation of phase
information between pre- and post-earthquake image pairs or by examining changes in the intensity of the
backscatter signal (Yun et al., 2015; Rao et al., 2023). VHR SAR satellites, such as TerraSAR-X, COSMO-
SkyMed, and ALOS-2, have enhanced the potential of this field by enabling more detailed analyses of
structural changes at the building scale (Brunner et al. 2010; Kim et al. 2023).

In the past decade, UAVs made available for civilian and commercial use have been able to collect data not
only from vertical perspectives but also from oblique angles that reveal damage to building facades (Vetrivel
et al., 2018). This multi-angle imaging capability allows for the identification of critical types of damage, such
as soft-story collapse or deep cracks on facades, which are nearly impossible to detect from satellite imagery.
Additionally, Dense Point Clouds obtained through UAV photogrammetry and the derived Digital Surface
Models (DSM) were used to analyze changes in the three-dimensional structures of buildings. In particular,
the analysis of normalized DSMs (nDSM), obtained from the differences between pre- and post-earthquake
DSMs, is a widely used and effective method for quantitatively measuring the number of building collapses
and accurately detecting specific types of damage, such as "pancake collapse" (Menderes et al., 2015; Erdogan
& Yilmaz, 2019). In this study, UAVs were chosen as the data source to enable more precise classification by
leveraging the detailed observations offered by this platform.

2.2. Machine learning and deep learning approaches in damage assessment

Automatic damage detection from UAV data has evolved from traditional image processing techniques to
shallow learning (SL) and deep learning (DL) approaches. In conventional SL methods, distinctive features
are usually extracted from images manually or semi-automatically. These features include Gray-Level Co-
occurrence Matrix (GLCM)-based texture features (Haralick et al., 1973), shape indices (e.g., roundness and
elongation), and spectral indices (e.g., NDVI). The extracted feature vectors are then used to train classifiers,
such as Support Vector Machines (SVMs), random forests (RFs), or Artificial Neural Networks (ANNs)
(Takhtkeshha et al., 2023; Kaya, 2024). Although these methods can be effective, their success largely depends
on the quality of feature engineering, and finding the most suitable set of features for each geography or sensor
is a laborious process.

DL, especially CNNs, has significantly transformed the field by overcoming the limitations of feature
engineering. CNNs learn hierarchical feature representations, ranging from raw image pixels to simple
features, such as edges and corners, and complex object parts, such as building roofs or piles of debris (LeCun
et al., 2015). This ability to learn features automatically and in a data-driven manner renders CNNs highly
effective for damage assessment applications. In the literature, CNN-based models have been applied within
the framework of three main tasks:

Image classification: In this approach, small image patches centered on each building are assigned to classes
such as “damaged,” “slightly damaged,” or “intact.” This method is particularly advantageous for labeling
large datasets and fast model training. Xu et al. (2019) demonstrated the potential of this approach by
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comparing different CNN architectures for classifying damaged buildings in satellite images after the Haiti
carthquake.

Object detection: This method involves enclosing damaged buildings in an image within a bounding box to
determine their locations and classify them accordingly. One-stage detectors, such as You Only Look Once
(YOLO) and Single Shot MultiBox Detector (SSD), are preferred for rapid post-disaster analyses because of
their speed and efficiency (Li et al., 2022).

Image segmentation: This approach provides the most detailed spatial information regarding the images. In
semantic segmentation, each pixel in an image is assigned to a class (e.g., building, debris, or road). In contrast,
in instance segmentation, different objects of the same class (e.g., each damaged building) are distinguished
from one another. Mask R-CNN is one of the most well-known and successful architectures in the field of
instance segmentation (He et al., 2017). Zhan et al. (2022) demonstrated the effectiveness of this method using
a modified Mask R-CNN model to detect damaged buildings in aerial photographs after the Kumamoto
Earthquake. Similarly, studies conducted after earthquakes in Tiirkiye have successfully utilized the Mask R-
CNN and other segmentation architectures (Giirer & Karsligil, 2024; Kaya, 2025).

2.3. Two-Stage approach: deep feature extraction and machine learning classification

While end-to-end deep learning models demonstrate remarkable success, a two-stage hybrid approach presents
a highly effective alternative, particularly in scenarios where labeled data is limited. In the primary stage of
this methodology, a Convolutional Neural Network (CNN) pre-trained on a massive dataset, such as ImageNet,
functions as a robust feature extractor. Through transfer learning, the terminal classification layer of the model
is discarded, enabling the extraction of a high-level, dense feature vector from the penultimate layers for each
image patch. This mechanism allows deep learning models to transfer generalized visual representations to a
domain-specific application—in this context, post-earthquake damage detection (Kaur et al., 2022).

In the subsequent stage, these extracted deep feature vectors serve as inputs for conventional machine learning
classifiers. This hybrid methodology synergistically couples the profound representation learning capabilities
of deep neural networks with the robust generalization attributes of traditional classifiers on smaller datasets.
Consequently, it establishes a highly flexible framework for systematically comparing the performance of
diverse machine learning algorithms.

2.4. Research gap and contribution of this study

A critical review of the existing literature reveals several notable research gaps in post-disaster building
damage assessment. Primarily, the majority of studies rely on a single deep learning architecture, lacking a
systematic comparison of feature extraction capabilities across diverse models. Furthermore, research utilizing
machine learning classifiers trained on deep features frequently limits its scope to a few conventional
algorithms, such as Support Vector Machines (SVM) or Random Forests (RF). To date, a comprehensive
evaluation encompassing a broad spectrum of tree-based, kernel-based, linear, probabilistic, and ensemble
classifiers remains absent. Consequently, performing an exhaustive comparative analysis on a challenging
multi-class problem (intact, damaged, and destroyed) using a unique dataset of ultra-high-resolution UAV
imagery represents a substantial contribution to the domain.

This study directly addresses these limitations. By fusing features extracted from five CNN models and
evaluating this high-dimensional representation across 12 distinct classifiers, we seek to establish the most
robust and accurate methodological pipeline for earthquake damage detection. Ultimately, this systematic
framework offers a highly reliable foundation for both future academic research and real-world operational
deployments.

3. Materials and methods

This study proposes a two-stage hybrid methodology that systematically compares deep feature fusion and ML
classifiers for detecting building damage in three classes (intact, damaged, and destroyed) from post-
earthquake UAV images. The workflow includes data preparation, deep feature extraction, ML classification,
and performance evaluation. All analyses were designed with reproducibility and efficiency in mind.
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3.1. Study area and dataset

The dataset utilized in this study, designated as UAVs-TEBDE, comprises ultra-high-resolution imagery
acquired via UAVs following severe seismic events in Tiirkiye. This unique dataset captures a wide array of
structural perspectives within the affected urban landscapes. To facilitate a robust classification framework,
the data was categorized into three primary damage levels: intact, damaged, and collapsed. To ensure class
balance and bolster the generalization capabilities of the models, diverse data augmentation techniques—
including spatial rotation, flipping, and brightness adjustments—were systematically applied to the original
images. The final dataset utilized for the analysis comprised 18,136 images, with the detailed class distribution
outlined in Table 2. Each image was meticulously cropped to isolate individual buildings or prominent
structural segments, establishing these localized patches as the fundamental input for the proposed
methodology.

The UAVs-TEBDE dataset encompasses images captured under highly variable and uncontrolled illumination
(e.g., sunny, overcast, and shadowed) and across varying flight altitudes, accurately reflecting the chaotic
environmental conditions typical of rapid disaster response. This inherent heterogeneity is crucial for
mitigating model overfitting to specific lighting or scale conditions. Furthermore, the dataset spans a broad
spectrum of urban densities—ranging from detached masonry structures to high-density reinforced concrete
complexes—ensuring that the algorithms learn the fundamental visual semantics of structural failure rather
than merely memorizing specific architectural typologies.

Table 2. Class distribution of the UAVs-TEBDE dataset

Damage Class Number of Images Class Percentage (%)
Intact 5,998 33.07
Damaged 6,164 33.99
Collapsed 5,974 32.94
Total 18,136 100.00

3.2. Experimental setup

All experiments were conducted on the Google Colab Pro platform using a high-performance NVIDIA L4
Tensor Core Graphics Processing Unit (GPU). The hardware infrastructure of the system was supported by
52.96 GB of system memory (RAM) and an x86 64 processor. For the software environment, Python 3.11
was used, along with TensorFlow (v2.19.0) and Keras for deep learning models, and commonly used libraries
such as Scikit-learn (v1.5.1), XGBoost, LightGBM, and CatBoost for machine learning classification and
metric computation. This configuration ensured the efficient execution of computationally intensive tasks and
intense feature extraction.

3.3. Proposed methodological framework

A flowchart of the proposed two-stage framework is shown in Figure 1. The first stage involved extracting
deep features from five pretrained CNN models using transfer learning and fusing them. In the second stage,
these combined feature vectors were used to train and test 12 different machine learning classifiers.

3.3.1. Deep feature extraction and fusion

The purpose of this stage is to obtain high-level, semantically rich representations (feature vectors) from raw
image pixels that are effective in distinguishing the damage status of buildings.

Feature extraction with transfer learning: Pre-trained CNN models trained on large-scale datasets such as
ImageNet possess an exceptional ability to recognize general visual patterns. In this study, five state-of-the-art
CNN models with different architectures, depths, and complexities were used as feature extractors: ResNet50,
EfficientNetB4, VGG16, DenseNet121, and MobileNetV2. These architectures were selected to represent
diverse structural philosophies in deep learning: ResNet50 for residual learning, DenseNet121 for feature
reuse, VGG16 for its deep yet simple architecture, EfficientNetB4 for compound scaling efficiency, and
MobileNetV2 for lightweight, depthwise separable convolutions.

272



Sevik & Yilmaz, 2026 * Volume 16 * Issue 1 » Page 267-282

Dataset
The dataset comprises high-resolution post-
earthquake imagery from UAVs in Tiirkiye.

Deep Feature Extraction / Fusion

Deep Feature Extraction Using Five CNN
Architectures (e.g., ResNet, EfficientNet, VGG16),
e with features concatenated into a single vector.

Flowchart of the Data Splitting / Scaling
P d The data were split into 80% training and 20%
ropose < - N test sets and scaled using a StandardScaler.
Methodological
Framework

Training & Testing

Nineteen ML classifiers, including XGBoost,
LightGBM, and CatBoost, were trained and
evaluated with optimized hyperparameters.

Performance Analysis

Model performance was assessed using accuracy,
weighted Fl-score, Cohen’s Kappa, weighted
precision & recall, confusion matrix, and statistical
comparison of top models.

Figure 1. Flowchart of the proposed methodological framework

This diversity ensures that the fused feature vector captures a comprehensive range of visual patterns from
low-level textures to high-level semantic abstractions. The primary purpose of selecting these models was to
create a more robust feature set by combining complementary information from different architectures. For
each model, the final classification layer (fully connected layer) was removed and replaced with a
GlobalAveragePooling2D layer. Thus, each model produces a fixed-size 1D feature vector for the building
image. During this phase, the weights of all pretrained CNN models were kept completely frozen, and no fine-
tuning was applied. This approach ensured that the extracted features captured the general visual patterns
learned from ImageNet, thereby preventing the models from overfitting to specific building instances in the
dataset.

Feature fusion: For the image, features from the five models were combined into a single, long,
comprehensive feature vector. This "early fusion" strategy aims to provide the classifier with richer
information by combining features learned by different models, such as the deep features learned by ResNet
via residual connections, feature reuse in DenseNet, and scale efficiency of EfficientNet, into a single
representation. Consequently, a unified feature vector with 6,656 dimensions was obtained for each image.

Caching for efficiency: The deep feature extraction process was run once for the entire dataset, and the
extracted feature vectors, along with their labels and file paths, were saved in a pickle file. This caching
mechanism significantly accelerated the analysis process by allowing the skipping of steps that could take
hours in subsequent experiments.

3.3.2. Classification Strategy

At this stage, the effectiveness of the obtained combined feature set was tested using a wide range of ML
classifiers.

Data preparation and Validation Strategy: To rigorously evaluate the models and prevent data leakage, we
employed a 10-fold stratified group cross-validation strategy. Unlike standard random splitting, this method
ensures that all images derived from the same building (original and augmented versions) are maintained in
the same fold, either entirely in the training set or entirely in the test set. This prevents the model from
"memorizing" specific building structures seen during training. In each fold, the data were split, and a
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StandardScaler was fitted only to the training subset to scale the test subset, thereby preventing any statistical
leakage.

Comparative analysis of classifiers: A total of 12 ML classifiers were trained and evaluated using optimized
hyperparameters. These classifiers were selected from Ensemble Models, Kernel-Based Models, Neural
Network-Based Models, Linear Models, and other machine learning methods to represent different learning
methodologies. To ensure reproducibility, standard hyperparameters were employed with minor optimization.
For instance, the SGD Classifier was configured with 'hinge' loss to function as a linear SVM, providing a
computationally efficient alternative to the standard SVM-RBF, which was excluded because of its high
complexity (O(nz. d)) in the 6,656-dimensional feature space. The Random Forest and Extra Trees models
utilized 100 estimators, whereas the QDA model was regularized (reg_param=0.5) to ensure stability.

Model training and timeout control: Training for each model was automatically terminated if it exceeded
the specified TIMEOUT _SECONDS (900s). This prevented the analysis process from being prolonged by
models that can take a very long time to train, particularly on large, high-dimensional datasets, such as Gradient
Boosting. All trained models were saved in a pickle file for further analysis.

3.4. Performance evaluation and statistical analysis

The performance of the models was evaluated using a comprehensive set of metrics on the test dataset. For
this problem, which is not imbalanced but multi-class, the most suitable metrics were selected as the Overall
Accuracy (Sokolova & Lapalme, 2009), Weighted F1-Score (Chicco & Jurman, 2020), Cohen's Kappa
Coefficient (Cohen, 1960), Weighted Precision, and Weighted Recall. In addition, the confusion matrix
visually demonstrated which classes were misclassified, and through failure analysis, misclassifications in the
best-performing model were assessed to identify areas for improvement. The statistical stability of the models
was evaluated by analyzing the standard deviation of the performance metrics obtained from the 10-fold cross-
validation.

4. Results

In this section, the experimental results obtained using the proposed method are presented. The results include
a comparative performance analysis of the classifiers, a detailed examination of the best model, an
investigation of the cases in which the model failed, and a statistical stability analysis of the best model.

4.1. General performance comparison of classifiers

Fused deep feature vectors derived from five distinct pretrained CNN architectures were used to train 12
machine-learning classifiers. Table 3 presents the performance metrics of the successfully trained models,
excluding those that exceeded the computational time limit. To facilitate comparison, the classifiers were
ranked in descending order by the Weighted F1-Score, which served as the primary evaluation metric.

Table 3. Comparative performance metrics (Mean £ Std) and training times of the classifiers over 10-fold
cross-validation.

Accuracy Accuracy F1 Score F1 Score Kappa Kappa Time(s) Time(s)

Model (Mean) (Std) (Mean) (Std) (Mean) (Std) (Mean) (Std)
QDA 0.9953 0.0009 0.9953 0.0009 0.9929  0.0014 166.61 3.45
MLP 0.9942 0.0019 0.9942 0.0019 0.9912  0.0029 49.16 15.70
KNN 0.9917 0.0027 0.9917 0.0027 0.9876  0.0040 3.66 0.35
LDA 0.9913 0.0017 0.9913 0.0017 0.9869  0.0025 64.56 0.65
Ridge 0.9880 0.0020 0.9880 0.0020 0.9820  0.0031 4.46 0.34
XGBoost 0.9814 0.0040 0.9815 0.0040 0.9721 0.0061 47.55 1.15
CatBoost 0.9804 0.0036 0.9804 0.0036 0.9706  0.0054 105.65 0.43
LightGBM 0.9779 0.0045 0.9780 0.0045 0.9669  0.0068 129.42 1.39
Linear SVM 0.9747 0.0034 0.9746 0.0034 0.9620  0.0050 13.58 2.90
Extra Trees 0.9473 0.0066 0.9474 0.0066 0.9209  0.0099 6.71 0.69
Random Forest 0.9440 0.0069 0.9441 0.0068 0.9159  0.0104 36.38 0.78
Naive Bayes 0.8392 0.0099 0.8402 0.0099 0.7586  0.0149 0.89 0.06
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As shown in Table 3, the proposed deep feature fusion approach is highly effective, with most classifiers
achieving mean accuracies of over 94%. The QDA model exhibited the best performance, achieving nearly
perfect results with a mean Accuracy and Fl-score of 0.9953 and a very low standard deviation (£0.0009),
indicating high stability. It was closely followed by the MLP Classifier (0.9942 F1-Score) and K-Nearest
Neighbors (0.9917 F1-Score). Furthermore, the analysis of Cohen’s Kappa coefficient strongly corroborates
these findings. The QDA model achieved an exceptional mean Kappa value of 0.9929 (+0.0014), indicating
an almost perfect agreement between the predicted damage classes and the true ground-truth labels, well
beyond what would be expected by chance. This outstanding Kappa score is highly consistent with the
observed Overall Accuracy and Weighted F1-Scores, further validating the reliability and robustness of the
proposed feature fusion methodology across all three damage categories.

Powerful gradient boosting algorithms, namely XGBoost, CatBoost, and LightGBM, also demonstrated strong
performance in the 97-98% range but fell slightly behind the QDA and MLP models. Traditional ensemble
models, such as Extra Trees and Random Forest, maintained performance levels of approximately 94%. The
Naive Bayes model exhibited the lowest performance.

Training time is a critical factor regarding operational feasibility, as shown in Table 3. Although ensemble
models such as XGBoost achieved high accuracy, they required competitive training times (47.55s). The QDA
model required a longer training time (166.61s) owing to the computation of large covariance matrices in the
high-dimensional space. However, this incurs a one-time computational cost during training. In post-disaster
scenarios, where model inference speed is paramount, QDA is highly advantageous because its prediction
phase is fast and computationally efficient once the parameters have been estimated.

Figure 2 presents a comparative visual representation of the key performance metrics (Accuracy, F1 Score,
Kappa) for the 12 classifiers. The chart clearly demonstrates that QDA, MLP, and KNN stand out from the
other models and exhibit the highest performance.

4.2. In-Depth analysis of the best model: quadratic discriminant analysis (QDA)

The results of the best-performing QDA model were subjected to detailed analysis. The model performance
by class is shown in Table 4 (Classification Report) and Figure 3 (Confusion Matrix).

Table 4. Detailed classification report presenting class-wise Precision, Recall, F1-Score, and Support for the
QDA model (Cumulative 10-Fold CV)

Classes Precision Recall F1-score Support
Intact 1.00 0.99 1.00 5,998
Damaged 0.99 1.00 0.99 6,164
Collapsed 1.00 0.99 1.00 5,974
Accuracy 1.00 18,136
Macro Avg 1.00 1.00 1.00 18,136
Weighted Avg 1.00 1.00 1.00 18,136

The classification report indicated that the QDA model achieved outstanding performance across all three
classes. For the "Intact" class, both the precision and recall values were 1.00, indicating that no errors were
made in this class. For the "Damaged" and "Destroyed" classes, the metrics were also above 99%. This
demonstrates that the model can distinguish among the levels of damage with a very high accuracy.

As shown in Figure 3, the confusion matrix visually confirms these results. It is important to note that this
matrix represents the cumulative results of 10-fold stratified group cross-validation, aggregating the
predictions for every image in the dataset (total: 18,136) used as test data. The high values along the diagonal
(5,957, 6,149, and 5,944) indicate consistent and correct classification across the entire dataset. The very low
values outside the diagonal indicate that the model made minimal errors. For example, out of 6,164 'Damaged'
buildings, only 13 were misclassified as 'Collapsed' and two as 'Intact.” Overall, across the entire dataset of
18,136 samples, only 86 were misclassified, underscoring the robustness and reliability of the model.
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Figure 2. Comparative performance of 12 classifiers based on 10-Fold Stratified Group Cross-Validation. The
bar heights represent the mean Accuracy, Weighted F1-Score, and Kappa values, whereas the error bars
indicate the standard deviation across the folds.
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Figure 3. Cumulative confusion matrix of the QDA model obtained via 10-Fold Stratified Group Cross-
Validation across the entire dataset (18,136 samples)

4.3. Failure analysis

To systematically investigate the rare instances of misclassification, an in-depth visual assessment of the failure
cases was conducted (Figure 4). This analysis revealed that prediction errors predominantly occurred in
scenarios characterized by high visual ambiguity or subtle structural transitions between damage categories.
For instance, a structure exhibiting partial roof collapse while retaining intact load-bearing walls might be
erroneously predicted as "Destroyed" rather than "Damaged." Conversely, a severely compromised building
on the verge of total collapse might be mislabeled as "Damaged." These borderline cases underscore the
inherent continuum of structural degradation, which poses a significant challenge for discrete classification
algorithms. While 'easy' samples—such as completely flattened debris—are generally detected with near-
absolute certainty across the dataset, Figure 4 specifically highlights the 'hard' samples (borderline cases).
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Figure 4. Examples of 'hard' samples (borderline cases) misclassified by the QDA model. The figure
demonstrates the visual ambiguity in transitioning damage states (e.g., True: Damaged vs. Predicted:
Collapsed), where the model struggles to distinctly separate the classes.

As illustrated, algorithmic confusion typically occurs in highly ambiguous scenarios, such as pancake collapses
obscured by intact roofs or partially damaged structures exhibiting characteristics of multiple damage classes.

4.4. Statistical validation and stability analysis

Because 10-fold cross-validation yields a distribution of performance metrics, we assessed model stability
using the standard deviation of the F1 Scores. The QDA model not only achieved the highest mean score but
also exhibited the lowest standard deviation (0.0009) among the top-tier classifiers, compared with MLP
(0.0019) and XGBoost (0.0040). This extremely low variance confirms that the superior performance ofQDA
is statistically robust and consistent across different subsets of the data, rather than being coincidental to a
specific train-test split.

5. Discussion

The results obtained in this study demonstrate the effectiveness of the proposed two-stage hybrid approach for
detecting building damage in UAV images captured after earthquakes. The synergistic fusion of features

277



Sevik & Yilmaz, 2026 * Volume 16 * Issue 1 » Page 267-282

extracted from five CNN models, followed by rigorous evaluation across a diverse array of machine learning
classifiers, establishes a robust methodological framework that demonstrates exceptionally high performance
relative to the existing literature.

The most striking finding of this study is that the QDA model trained on combined deep features slightly
outperformed the MLP but significantly surpassed the ensemble models. A mean accuracy rate of 99.53% is
an outstanding achievement for complex classification problems. There may be several possible explanations
for this. First, the 6,656-dimensional feature space constructed by combining features from five different CNN
models may exhibit a highly discriminative structure between the classes. QDA assumes that the data for each
class are Gaussian-distributed and determines the decision boundaries between classes using quadratic
functions. QDA is expected to be successful if the classes form quadratically separable clusters in the combined
feature space. In other words, feature fusion may have made the problem so "easy" for classical classifiers that
even a model based on a simpler assumption, such as QDA, could achieve near-perfect results.

The exceptional performance of QDA in such a high-dimensional feature space (d=6656) warrants a theoretical
explanation, as classical QDA typically struggles when the number of features exceeds the number of samples
(d>n) owing to the singularity of the covariance matrix. In this study, we employed a Regularized QDA. By
introducing a regularization parameter to the covariance matrix estimation, we ensured the numerical stability.
This regularization enables the model to leverage the high separability of the fused deep features by modeling
class distributions as distinct Gaussians, thereby mitigating the 'curse of dimensionality' without overfitting.

Despite the high dimensionality of the fused feature vector (6,656 dimensions), we deliberately avoided
dimensionality-reduction techniques such as PCA in this phase. The results from the 10-Fold CV demonstrate
that discriminative models, particularly QDA, could effectively handle this high-dimensional space without
overfitting, as evidenced by the consistent performance across folds. This suggests that the feature space
induced by fusion is inherently well-separated, making dimensionality reduction unnecessary and potentially
detrimental to information preservation.

The fact that nonparametric models, such as MLP and KNN, also achieve performance very close to that of
QDA validates the quality of the feature space. However, the training time of some powerful ensemble models,
such as Gradient Boosting and AdaBoost, demonstrates how computationally expensive training these
algorithms can be in high-dimensional feature spaces (when n_features > n_samples). This highlights that in
model selection, not only accuracy but also training time and computational resources should be considered
essential criteria.

Failure analysis is critical for understanding the limitations of the model. The fact that the few misclassified
examples are usually located in the transition regions between the “damaged” and “destroyed” classes reflects
the inherent uncertainty in the damage grading. Even in visual interpretation, determining when a building
transitions from “severely damaged” to “destroyed” can be subjective and challenging. The model’s difficulty
in these borderline cases is inherent to the problem and is one of the main obstacles to achieving 100%
accuracy.

5.1. Comparison with literature

The 99.5% accuracy achieved in this study is significantly higher than that reported in many existing studies
in the earthquake-damage-assessment literature. Kaya (2025) reported an accuracy of 70% using Mask R-
CNN. Takhtkeshha et al. (2023) achieved 82% accuracy with SVM. The superior performance observed in
this study can be attributed to several key elements of the methodological approach.

1. Feature fusion: Instead of using a single DL model, features from five different CNN architectures
(ResNet, EfficientNet, VGG, DenseNetl121, and MobileNetV2) were combined to create a more diverse
and complementary information set. This increases the likelihood of capturing patterns that may be
overlooked by a single model.

2. Comprehensive classifier comparison: Systematically testing 12 classifiers maximized the likelihood of
identifying the most suitable ML tool for a specific feature set. While many studies are limited to a few
popular models, this study shows that a less commonly used model, such as the QDA, may be the best fit
for this problem.
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3. Data quality and quantity: With more than 18,000 images from both the original and augmented versions
of the UAVs-TEBDE dataset, there was a sufficient foundation for robust model training.

5.2. Practical applications and effects of the study

The methodology developed and validated in this study has significant practical applications in disaster
management. An automated system operating with nearly 99% accuracy can enable the rapid production of
damage maps in the first few hours after an earthquake. These maps can guide search and rescue teams by
making effective use of time, and by understanding the geographical distribution and intensity of the damage,
they can facilitate logistics and aid planning for the establishment of temporary field hospitals and other aid
distribution points. Additionally, it can accelerate the estimation of economic damage and enable the rapid
identification of collapsed and damaged buildings in disaster areas.

5.3. Limitations and future studies

Despite its high success rate, this study has some limitations. First, the methodology was developed using a
dataset that reflects the architectural characteristics of the buildings in Tiirkiye. It should be tested whether the
model performs equally well across different geographic regions (e.g., regions with standard wooden or steel
structures). Second, this study was based solely on 2D optical images obtained from UAVs. In future studies,
integrating 3D point clouds or nDSM data (Erdogan & Yilmaz, 2019) or SAR images (Russo et al., 2025)
obtained from UAVs into the feature set could further improve accuracy, especially in detecting types of
damage such as pancake collapse, which cannot be understood from a vertical perspective. Furthermore, while
the current research employed standard CNN models exclusively for feature extraction, exploring advanced
architectures like Vision Transformers (ViT) or Siamese Networks could potentially yield even greater
accuracy. Lastly, due to the substantial computational overhead of executing 10-fold cross-validation across
12 classifiers, a detailed ablation study isolating the individual performance of each CNN architecture with the
fused vector was omitted. Subsequent research will therefore focus on quantifying the specific contributions
of each feature stream.

6. Conclusion

This study presents a comprehensive and systematic methodology for classifying building damage into three
categories—undamaged, damaged, and destroyed—using ultra-high-resolution UAV imagery captured after
earthquakes. The methodological framework, key findings, and contributions of this study can be summarized
as follows:

e Hybrid Methodology: The foundation of the study is a two-stage hybrid approach that combines deep
features extracted from five different pretrained CNN models and tests this enriched feature set with 12
machine learning classifiers.

¢ Outstanding Performance: The findings show that the proposed methodology achieved outstanding
success. In particular, the QDA model trained on the combined deep features outperformed all other models
tested, achieving a mean F1 Score of 99.53%.

¢ Discriminative Feature Space: This result demonstrates that feature fusion based on deep learning creates
a highly discriminative feature space for machine learning classifiers, allowing even relatively more
straightforward models to outperform complex ensemble learning algorithms.

o Statistical Robustness: Instead of relying on a single train-test split, the stability of the models was
confirmed through 10-Fold Stratified Group Cross-Validation. The QDA model exhibited the lowest
standard deviation among the top classifiers, indicating that its superior performance was statistically robust
and consistent across different data subsets.

¢ Scientific Contribution: The main contribution of this study is the presentation of a robust and
reproducible scientific workflow that achieves higher accuracy rates than existing approaches in the
literature for post-earthquake damage assessment in buildings.

e Operational Impact: This methodology, based on feature fusion and a comprehensive classifier
comparison, has the potential to provide decision-makers with rapid, accurate, and reliable damage maps
during the initial response phase after a disaster. This constitutes an essential step towards enhancing the
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effectiveness of search-and-rescue operations, reducing the loss of life, and optimizing humanitarian aid
efforts.

e Future Directions: Future studies should focus on testing the generalizability of this methodology to
earthquakes in different geographies and structures, integrating additional data sources such as 3D data and
SAR, and experimenting with next-generation transformer architectures such as ViT as feature extractors.
Such improvements would be significant steps toward developing a fully autonomous and universal
earthquake-damage detection system.
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