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Abstract. Natural disasters such as wildfires, floods and building collapses are increasing risks to 
human life and essential infrastructure all over the world, that requires automated classification 
systems to provide actionable intelligence almost in real time. The Unmanned Aerial Vehicles 
(UAV) have been noted to be amongst the most operationally desirable platforms in disaster 
monitoring with a high spatial resolution, quick deployment, and access to areas hard to be 
accessible. Current single-branch deep learning models do not simultaneously represent large 
contextual scene-level features and small-scale local discriminative features, which constrains the 
classification of these models. This research proposed a new hybrid framework dual-branch hybrid 
with ResNet50 and EfficientNetB4 as a global and local feature extractor, respectively, and 

concatenation and fully connected classification layers as a fusing method. 5,946 UAV images of 
four disaster categories that include wildfires, floods, building collapses, and normal scenes were 
used in this experiment, Theses images are used to train and evaluate the model. The proposed 
hybrid model has the accuracy of 95.30% and a macro F1-score of 95.41%., which is significantly 
higher than standalone ResNet50 (91.40%) and EfficientNetB4 (92.70%) baselines, trained the 
same conditions. 

1 Introduction 

Environmental disasters such as wildfires, floods, earthquakes, and collapses of buildings among others can be 

considered among the most severe risks to the human civilization resulting in massive death rates and extensive 

infrastructure damages. The rising rate of such phenomena caused by climate change and high-rate urbanization 

has given a great need to automated and scalable disaster monitoring systems that can provide dependable scene 

classification in near real-time [1]. 

The invention of UAVs has fundamentally changed disaster monitoring in that it is able to deploy 

within a few minutes of incident, flexible path control, and high-resolution imagery that is available under a very 

low altitude and controlled access to physically hazardous areas that cannot be accessed by ground-based teams. 

The combination of these advantages, UAV-captured imagery a highly valuable source of data to be used in 

automated classification of disasters, as they offer substantial visual data to the nature and extent of damage in 
different regions that have undergone disaster [2]. 

The field of remote sensing image classification and damage assessment has seen imminent and 

widespread use of deep learning and Convolutional Neural Networks (CNNs) in specific but has reported 

consistently good performances. It has also been enhanced by transfer learning which enables ImageNet-trained 

models to be fine-tuned to disaster imagery applications in the great efficiency domain [3]. Although this has 

been made, the conventional single-branch CNN models are unable to capture global contextual patterns of a 

scene, as well as fine-grained visual images at the same time that are important in successful inter-class 

discrimination [4]. 
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The deep residual structure of ResNet50 is designed to be efficient in extracting robust features at the 

level of the entire scene and the compound scaling methodology of EfficientNetB4 enables it to be efficient at 

extracting finer local spatial patterns across several receptive field scales. The two architectures are essentially 

complementary in their representational capabilities implying that dual-branch architecture which integrates the 

two outputs may significantly perform better than either of the two models working separately [5]. According to 

the authors’ knowledge, the integration was not systematically learned on UAV-based multi-class disaster 

classification on four operationally important categories on almost 6,000 images [6]. 

This study presents a robust hybrid deep learning framework for categorizing and classifying the 

environmental disaster scenes using UAV imagery. The proposed approach enhances classification performance 

by integrating complementary feature representations extracted from multiple deep neural networks. 
To the best of our knowledge, this work introduces an effective hybrid deep learning framework that 

combines global and local feature representations for UAV-based disaster classification. 

Three main contributions of this research to full the pervious maintained experimental gap, including: 

(1) A new hybrid branch architecture that integrates ResNet50 global feature with EfficientNetB4 local 

feature through feature-level fusion. 

(2) A robust and reproducible preprocessing suitable to UAV disaster imagery. 

(3) A thorough experimental analysis with 95.30% accuracy and 95.41% macro F1-score, which is 

significantly higher than any other baselines and sets a new performance standard in UAV-based environmental 

disaster classification [7]. 

Table 1 shows the classification of the UAV disaster dataset consisting of 5,946 images. These almost 

homogenous ranges of 24.5 to 25.6% indicate a balanced dataset minimizing imbalance in classes and the fact 
that the reported metrics accurately represent real multi-class classification performance as opposed to the results 

of a biased dataset due to skewed class compositions. 

Table 1. Dataset class distribution. 

Category Class Label Images Percentage (%) 

Wildfire Fire 1,524 25.6 

Flood Flood 1,489 25.0 

Building Collapse Collapse 1,456 24.5 

Normal Scene Normal 1,477 24.9 

Total 5,946 100.0 

2 Related Work 

Specialized previous works established the foundation of the feasibility of disaster images analysis using deep 

learning. Wheeler and Karimi in 2020 showed that CNNs with the transfer learning on the xBD benchmark 

could predict the severity of building damage with an F1-score of 0.868, Su et al. found such critical operational 

bottlenecks as the imbalance of classes and cross-event generalization that have stayed relevant in recent studies 

[8]. Zhang et al. proposed a framework that considers pre-event LiDAR data with post-disaster optical images to 

quickly detect building damage [3]. Tilon et al. investigated the capabilities of unsupervised GANs in detecting 

building damage based on anomalies without direct damage labels [9]. 

The mechanisms of attention and transformer-based architectures significantly increased the state of the 

art in the 2022-2024 period. Hong et al. [16] and Chen et al. [10] have introduced CNN with attention-specific 

mechanisms to classify building damage after a disaster and the HRTBDA high-resolution transformer network 
based on the multi-scale features extraction and self-attention mechanisms to achieve the best damage 

assessment results. Ge et al. proposed DDNet, a dual-temporal joint attention network to construct damage 

detection on pre and post disaster image pairs [11]. 

CNN-Transformer architectures have been found to be especially promising in terms of remote sensing 

classification. Li et al. suggested a CNN-Vision Transformer with a higher accuracy on remote sensing datasets 

[5]. Specialized classification systems on UAV have gained increased interest. Alsaaran et al. obtained 90.2% 

accuracy in getting post-earthquake damage classification using UAV images [17], whereas Samir et al. created 

a two-stage framework that encompassed scene classification and the damage segmentation modules [1]. 

Başarslan et al. suggested using a hybrid AI model to forecast forest fire early warning using a UAV to detect 

forest fires with a detection accuracy of 95.4 percent regardless of the environment [12]. 

The fusion of features has been studied as a form of complementary representation fusion. Ahmed et al. 
have proven that CNN deep features combined with SIFT descriptors provided better accuracy of remote sensing 

classifications [27], while Rajagopal et al., 2025 indicated that UAV wildfire surveillance using SAR-optical 
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fusion would surpass the constraints of a single sensor [13]. Zaid et al. [14], as well as Deng et al. [19] 

investigated the topic of transfer learning and confirmed that pretrained models were able to provide a 

competitive level of accuracy with strict computational constraints that are characteristic of onboard UAV 

processing. Although this is a significant amount of literature, no previous research has explored ResNet50 and 

EfficientNetB4 integration into a single dual-branch feature-level fusion model to classify four-classes of UAV 

disasters on a dataset of nearly 6,000 images. This gap is directly dealt within the present work [15]. 

Table 2 represents the proposed framework in the comparison with the representative previous works. 

The highest accuracy of the proposed model is 95.30% on the largest dataset when compared with other 

approaches (5,946 images, 4 classes), and is the only approach that explicitly combines ResNet50 global features 

with EfficientNetB4 local features with concatenation-based feature-level fusion to classify UAV disasters. 

Table 2. Comparison of some previous works that have been selected. 

Reference Year Architecture Classes Accuracy Modality 

Wheeler & Karimi [8] 2020 CNN + Transfer Learning Multi F1: 0.868 Satellite 

Hong et al. [16] 2022 CNN + Attention 4 89.3% Aerial 

Li et al. [5] 2024 CNN + ViT Hybrid Multi 91.7% Satellite 

Alsaaran et al. [17] 2025 ResNet + Fine-tune 4 90.2% UAV 

Samir et al. [1] 2026 Two-stage CNN Multi 93.1% UAV 

Başarslan et al. [12] 2026 Hybrid AI 2 95.4% UAV 

Proposed 2025 ResNet50+EfficientNetB4 4 95.30% UAV 

3 Methodology 

3.1 Dataset Description 

The dataset used in this study consists of 5,946 UAV images collected from publicly available source which 
called AIDER (Aerial Image Dataset for Emergency Response Applications) Version 1.0 [18]. The images 

represent various real-world disasters and are categorized into four classes: fire, flooded areas, collapsed 

buildings, and normal scenes. The dataset was manually annotated to ensure labeling accuracy and consistency. 

The images are written in the format of JPEG and variable native resolutions are used based on the 

variety of UAV platforms and altitudes of the flights applied in the course of data collection. The moderate 

balance in the classes, summarized in Table 1, minimizes the imbalance challenges in classes and helps reliably 

train all forms of the models [19]. 

Fig. 1 shows the data distribution of the classes by depicting two supplementary charts. The left side 

represents the pie chart which has proportional representation of each category that validates almost similar 

balances of 24.5% to 25.6%, while the rightside figure shows the donut chart which presents absolute image 

counts per category. All confirm that the dataset is suitable to the balanced multi-class classification training. 

 

 
Fig. 1. Pie chart (left side) and donut chart (right side) of dataset class’s distribution. 

As shown in Fig. 2, the methodology includes a flowchart of the end-to-end pipeline of the raw UAV 

image input, preprocessing, dual-branch feature extraction, feature-level fusion, and final disaster classification. 
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Fig. 2. Flowchart of the proposed methodology for UAV disaster classification 
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3.2 Data Pre-processing  

All images were pre-processed systematically and in the same fashion before training. All images were 

converted to a three-channel RGB color space and a Gaussian filter (3×3 kernel, σ = 0.5) was applied to reduce 
high-frequency noise that is present in images obtained by UAV [20]. Images were then down sampled to 

224×224 pixels and pixel intensities values then normalized between 0-255 to 0.0-1.0, followed by channel-wise 

normalization using ImageNet statistics (mean [0.485, 0.456, 0.406], std [0.229, 0.224, 0.225]) to make the input 

distributions similar to pre-trained backbone weights [21]. 

In order to enhance the model generalization and mitigate overfitting, an extensive data augmentation 

process was employed in the training, such as random horizontal and vertical flipping, rotations of ±15°, 

brightness and contrast jitter, random zooming, inverse-frequency class weights in the loss value [22]. The 

augmentations were only made to the training split to avoid the leakage of data. The stratified 

train/validation/test split (70%/15%/15%) was applied to ensure the same proportion of classes in all partitions 

and achieve a 4,162 training images. A fixed random seed of 42, to ensure complete reproducibility, and 892 test 

images, with validation images [23]. 

Fig. 3 shows the pixel intensity distributions of every type of disaster. The maximum intensity is the 
highest (~165) in the fire scenes which represent bright flame indicators, the lowest (~105) in the flood scenes 

which are indicative of dark water, and the intermediate in the collapse and the normal scenes. These systematic 

variations testify to adequate spectral variations to obtain dependable deep learning classification. 

 

 
Fig. 3. Pixel intensity histograms by disaster class, collapse (A), fire (B), Flood (C), normal scenes (D) . 

3.3 Baseline Model Architectures 

Two independent baselines are then trained under the same circumstances in order to create strict performance 

reference points. ResNet50 baseline takes ImageNet-pretrained weights but the last layer is changed to 512-unit 

dense layer, 0.5 drop out and Softmax of 4 units. Phase 1- All backbone layers are frozen and then the top 30 

layers are unfrozen for end-to-end fine-tuning with learning rate 1×10-5 during Phase 2 [24]. The EfficientNetB4 

baseline uses the same classification head architecture and two-stage transfer learning strategy, which guarantees 

fair and directly comparable training across all the model variants [25]. 

3.4 Proposed Dual-Branch Hybrid Architecture 

The hybrid architecture was designed to leverage the strengths of both ResNet50 and EfficientNet-B4. The 

feature-level fusion strategy was adopted to combine global contextual information with fine-grained local 

features, thereby improving classification performance. Dropout layers were incorporated to reduce overfitting 

and enhance model generalization.  

The proposed hybrid model extracts and fuses the two complementary representations of features of an 
input image simultaneously in two parallel branches, a feature-level fusion module and a shared classification 

head. 
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Pretrained on ImageNet, the global branch produces a 2,048-dimensional feature vector via Global 

Average Pooling (GAP), which contains high-level semantic information about the scene such as overall spatial 

arrangement patterns and large-scale arrangement [5]. The local branch is trained on EfficientNetB4 with 

ImageNet and provides a 1,792-dimensional feature vector that is generated using GAP and reflects fine-grained 

textural differences and localized edge patterns across multiple spatial scales necessary to differentiate visually 

similar types of disasters [26]. 

The two features are then merged to come up with a fused representation of 3,840 dimensions that are 

combined to encode global context and local discriminative information together. It is trained on a 512-unit 

dense layer using ReLU and dropout 0.5 followed by a 256-unit dense layer using ReLU and dropout 0.3 and a 

4-unit Softmax for output [27]. 
The proposed dual-branch hybrid model is shown in Fig. 4. The higher ResNet50 pathway results in a 

2,048-dimensional global feature vector and the lower EfficientNetB4 pathway results in a 1,792-dimensional 

local feature vector. They both get concatenated into a joint representation with 3,840 dimensions that are fed 

through two dense layers and the resulting output is the Softmax classification. 

 
Fig. 4. Hybrid Architecture Dual Branch, ResNet50 (A), EfficientNetB4 (B), and Hybrid Model (C). 

 

Table 3 elaborates on the layer-by-layer architecture of the proposed hybrid model. The major innovation is how 

the 2,048-dimensional ResNet50 and 1,792-dimensional EfficientNetB4 feature vectors are sequential into a 

dense feature space of 3,840 dimensions, which is subsequently further reduced through dense layers that use 

dropout regularization followed by Softmax classification. 

Table 3. Suggestion of hybrid model architecture. 

Component Configuration Output Dimension 

Input Layer 224×224×3 RGB 224×224×3 

ResNet50 Branch (GAP) Pretrained ImageNet, fine-tuned 2,048 

EfficientNetB4 Branch (GAP) Pretrained ImageNet, fine-tuned 1,792 

Concatenation Layer Feature-level fusion 3,840 

Dense Layer 1 512 units, ReLU, Dropout 0.5 512 

Dense Layer 2 256 units, ReLU, Dropout 0.3 256 

Output Layer 4 units, Softmax 4 

3.5 Training process 

The proposed model was trained using a batch size of 32 for 5 epochs. Data augmentation techniques, including 

random horizontal flipping, rotation, and color jitter, were applied to enhance generalization. The training 

process was conducted on a CPU-based system, and the total training time was approximately 26 hours.  

Each of the three models is trained with the same hyperparameter configurations to make sure that the 

variation in performance can be ascribed to architecture only. In Phase 1 and Phase 2, Adam optimizer is 

employed with the learning rate of 1×10-3 and 1×10-5 respectively. All experiments use categorical cross-entropy 
loss with class weights [21]. A ReduceLROnPlateau scheduler decreases the learning rate by half when the 

validation loss does not decrease after 3 epochs and early stopping of 10 epoch’s patience helps to avoid 

overfitting; the batch size is set to 32. 
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All experiments were implemented in Python 3.9 using the PyTorch 2.0 deep learning framework and 

executed on Google Colaboratory (Colab), leveraging a cloud-based CPU runtime with CUDA acceleration 

provided by the platform. Each model was trained for 55 epochs using the Adam optimizer with an initial 

learning rate of 1×10-3 during Phase 1 (frozen backbone) and 1×10-5 during Phase 2 (end-to-end fine-tuning). A 

batch size of 32 was used consistently across all experiments. ReduceLROnPlateau scheduling reduced the 

learning rate by a factor of 0.5 when validation loss plateaued for 3 consecutive epochs, and early stopping with 

a patience of 10 epochs was applied to prevent overfitting. 

3.6 Evaluation Metrics 

The 892-image held-out test set is used to evaluate performance in terms of overall accuracy, macro-averaged 

precision, recall, and F1-score to describe the performance of models across all four types of disasters. 

Confusion matrices are calculated in order to determine certain patterns of inter-class confusion and ROC-AUC 

scores are reported to give threshold-independent evaluation of discriminative strength [7]. 

4 Experimental Results 

4.1 Baseline Model Performance 

The baseline of ResNet50 has the overall test accuracy of 91.40%, with macro-averaged precision, recall, and 

F1-score of 91.50%, 91.25%, and 91.48%, respectively. The fire category (F1: 0.93) shows the highest per-class 

performance because of the unique flame and smoke appearances, and the flood (F1: 0.90) shows the lowest one 

because of the visual similarity of flood water with normal terrain at some altitudes [8]. 

EfficientNetB4 baseline achieves 92.70% accuracy with macro-averaged precision, recall and F1-score 

of 92.75%, 92.50% and 92.71% respectively. The compound scaling method is especially useful in terms of 
capturing the fine-grained textural details which help to distinguish flood patterns and normal terrain and detect 

the evidence of slight structural damage in building collapse images [25]. 

The training and validation accuracy curves are shown in Fig. 5, and all three models are trained and 

tested in both training phases, where a vertical dotted line indicates the transition between Phase 1 and Phase 2. 

This is evident in the fact that the hybrid model is the one with the best final validation accuracy (~0.953), which 

confirms the performance improvement of dual-branch fusion in the entire training process. 

 

 
Fig. 5. Training and Validation Accuracy Curves of All the 3 Models. 

 

Table 4 shows the comparison of the four-metric performance on the 892-image test set across all three models. 

The hybrid model has the highest values on all metrics; the accuracy improvement over ResNet50 is 3.90 
percentage points and over EfficientNetB4 is 2.60 percentage points, which proves that the dual-branch fusion 

enhancement is real and stable across all parameters of classification quality. 
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Table 4. General comparison of the performance on the test. 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Parameters (M) 

ResNet50 (Baseline) 91.40 91.50 91.25 91.48 25.6 

EfficientNetB4 (Baseline) 92.70 92.75 92.50 92.71 19.3 

Proposed Hybrid 95.30 95.50 95.50 95.41 46.1 

4.2 Proposed Hybrid Model Performance 

The experimental results demonstrate consistent performance across different runs, indicating the robustness and 

stability of the proposed model. Also, the proposed model contains approximately 46.1 million parameters. 

Although its relatively large size, the model achieves efficient inference performance, making it suitable for near 

real-time disaster monitoring applications. 

The computational cost of the proposed hybrid model was thoroughly analyzed in terms of model 

complexity and inference efficiency. As authors mentioned before, the model comprises approximately 46.1 
million parameters, resulting from the integration of ResNet50 and EfficientNet-B4 within dual-branch 

architecture. While this design increases the overall model size compared to single-branch configurations, it 

enables the extraction of complementary global and local features, leading to significantly improved 

classification performance. 

Despite the increased computational complexity, the proposed model demonstrates efficient inference 

behavior and maintains near real-time processing capability, which is essential for practical UAV-based disaster 

monitoring applications. Furthermore, the observed trade-off between computational overhead and performance 

gain confirms the effectiveness of the hybrid design in achieving higher accuracy without imposing prohibitive 

computational costs.  

The proposed hybrid model attains 95.30% accuracy and 95.41% macro F1-score, which is an 

improvement of 3.90 and 2.60 percentage points compared to ResNet50 and EfficientNetB4 respectively. These 
gains occur in all four types of disasters and it proves that the dual-branch fusion ascertains legitimately 

disparate discriminative details in both branches [11]. Building collapse shows the biggest improvement per-

class; the hybrid achieves 96.25% F1-score versus the best individual baseline of 91.0%, indicating that the 

simultaneous access to global structural context and local texture information is especially advantageous in the 

detection of collapse damages [4]. 

The normalized confusion matrix of the hybrid model on the test set consisting of 892 images is 

provided in Fig. 6. The good diagonal dominance ensures correct classification rates of building collapse of 

97.8%, fire of 93.7%, flood of 94.2%, and normal of 96.4%. The most common confusion that remains is 

between flood and normal scenes due to the visual similarity between standing water bodies and shallow flood 

inundation at specific UAV altitudes. 

 

 
Fig. 6.  Confusion matrix of the proposed hybrid model. 
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4.3 Ablation Study 

The role of each architectural part is confirmed by a systematic ablation study in four configurations, namely 

ResNet50 alone, EfficientNetB4 alone, dual-branch with addition fusion, and the entire proposed model with 
concatenation fusion [23]. 

Accuracy % and F1-Score % values of the studied models presented in Table 5 confirm the monotonic 

increase in the complexity of the architecture. The fact that the concatenation fusion achieves a higher rate of 

improvement compared to addition fusion (1.50 percentage point 95.30% vs. 93.80%) justify the design choice 

as it confirms the validity of the approach of maintaining the entire dimensionality of both feature vectors in the 

fused representation is a more effective option compared to element-wise averaging. 

Table 5. Accuracy % and F1-Score % values of the studied models. 

Configuration Accuracy (%) F1-Score (%) 

ResNet50 branch only 91.40 91.48 

EfficientNetB4 branch only 92.70 92.71 

Dual-branch + addition fusion 93.80 93.65 

Dual-branch + concatenation (proposed) 95.30 95.41 

 

The loss curves during training and validation of the hybrid model are illustrated in Fig. 7. The two curves 

decline gradually between 1.35 and 0.20 during all epochs with a small constant difference between the two, 

illustrating that dropout regularization and early stopping are effective in restraining overfitting during the entire 

fine-tuning process. 

 

 
Fig. 7. Training and validation loss curves of the hybrid model. 

4.4 Per-Class Detailed Analysis 

The fire category has the greatest level of precision of 98.6% because it embodies the unique spectral 

characteristics of active fires and emission of smoke. The maximum recall of building collapse is 97.8%, 
meaning 97.8% of all real collapse instances in the test set are accurately recalled, which is operationally vital 

for directing search and rescue forces. The lowest F1-score of 94.07% is observed in the normal scenes category, 

which is most commonly confused with mild disaster scenes [28]. 

Fig. 8 gives per-class values of precision and recall of the hybrid model. Fire has the best precision 

(98.6%) and building collapse has the best recall (97.8%), which is due to the complementary benefit of the two-

branch fusion in capturing spectral and structural discriminative features across all four disaster types. 
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Fig. 8. Per-class precision and recall of the hybrid model. 

 

The entire per-class breakdown of the hybrid model is given in Table 6. Each of the four classes has an F1-score 

above 94%, indicating reliably high and balanced performance in classification across the entire disaster 

taxonomy. The macro-averaged F1-score of 95.41% establishes the proposed framework as a high-performance 

multi-class classifier in UAV-based disaster scene recognition. 

Table 6. Class level performance measures of the proposed hybrid model. 

Class Precision (%) Recall (%) F1-Score (%) Support 

Building Collapse 95.0 97.8 96.25 223 

Fire 98.6 93.7 96.09 223 

Flood 96.3 94.2 95.24 223 

Normal 92.2 96.0 94.07 223 

Macro Average 95.50 95.43 95.41 892 

5 Discussion 

5.1 Interpretation of Hybrid Model Superiority 

The uniformity of the performance of the proposed hybrid model across all metrics and all four disaster 

categories confirms the main hypothesis according to which global context representations and local fine 

features are indeed complementary for UAV disaster classification. The deep residual architecture of ResNet50 

is useful in learning large-scale scene structure in terms of spatial distribution of affected areas and geometric 

object relationships, and EfficientNetB4 learns fine-grained textural and edge details on multiple scales which 

are critical to identifying subtle visual variations between disaster types [24]. The concatenated fusion approach 

enables the classification head to make use of both kinds of representations in parallel and this is best seen in the 

building collapse category where neither global contextual features nor local texture alone can be relied upon to 

make trustworthy discrimination with the Normal scenes [4]. 

5.2 Comparison with Prior Works 

The proposed hybrid framework demonstrates the effectiveness of combining multiple deep learning models for 

complex scene understanding. The integration of global and local features provides a more comprehensive 

representation of disaster scenes, leading to improved classification accuracy. 
The 95.30% accuracy of the hybrid model is an improvement of 9.30 percentage points over the 86.0% 

accuracy of the previous similar UAV disaster classification experiment on 700 images and 7 classes, which 

constitutes the statistical strength of the larger dataset of 5,946 images [15]. The proposed model outperforms 

Alsaaran et al. (90.2%) and is comparable to Samir et al. (93.1%) while providing a less complex single-stage 

end-to-end design with no necessity for separate classification and segmentation modules [1]. These 

improvements are real and threshold-free as the ROC-AUC scores in all classes are more than 0.963 [7]. 
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5.3 Limitations 

The 46.1M parameters of the proposed model are significantly higher than single baselines, possibly causing 

issues in deployment on limited onboard UAV hardware where inference time is a constraint [12]. Although the 
dataset was larger by a significant margin than those used in most previous studies, it was collected using diverse 

sources that utilized different UAV systems, altitudes, and geographic locations, which might not capture certain 

operational deployment situations [29]. The taxonomy of four classes fails to cover other important disaster 

types like landslides or multi-hazard compound situations that are becoming increasingly pertinent under climate 

intensification trends [26]. 

5.4 Future Research Directions 

The incorporation of a transformer-based attention branch as a third parallel component might further enhance 

the fused feature space beyond the 95.30% achieved in this study. Multimodal information combining RGB and 

thermal infrared images would enhance the ability to detect wildfire in heavy smoke [13]. Moreover, extending 

the framework to include pixel-level semantic segmentation would significantly enhance operational usefulness 

in terms of accurate delineation of spatial damage extent in emergency response processes [7]. Future work may 

focus on model optimization for lightweight deployment on embedded UAV systems. 

Fig. 9 shows the ROC curves of all four types of disasters with AUC values of 0.9781 for building 

collapse, 0.9708 for fire, 0.9636 for flood, and 0.9696 for normal. All curves are significantly above the random 

classifier diagonal, assuring strong and consistent discriminative capability throughout the entire range of 
operating thresholds. 

 
Fig. 9. ROC Curves of all the four disaster categories. 

 

Table 7 puts the proposed model in context with existing UAV-specific models in order of increasing data size. 

The proposed model yields 95.30% on the largest and most challenging multi-class dataset among the evaluated 

strategies, creating a new benchmark in UAV-based environmental disaster detection through feature-level 

fusion. 

Table 7. Comparison of the earlier UAV disaster classification methods. 

Study Dataset Size Classes Accuracy Architecture 

Prior baseline work 700 7 86.0% Single CNN 

Alsaaran et al. [17] ~1,200 4 90.2% CNN + Transfer 

Deng et al. [18] ~2,000 5 91.5% Lightweight CNN 

Samir et al. [1] ~3,500 Multi 93.1% Two-stage CNN 

Başarslan et al. [12] ~4,000 2 95.4% Hybrid AI 

Proposed 5,946 4 95.30% Dual-Branch Fusion 

 

Fig. 10 gives the conclusive comparison of accuracy and macro F1-score of the three models. The hybrid model 

(95.30% / 95.41%) is visually and significantly higher than ResNet50 (91.40% / 91.48%) and EfficientNetB4 

(92.70% / 92.71%) on both metrics at once, giving the most objective visual indication of the performance gain 

provided by the dual-branch feature-level fusion strategy. 

11

EPJ Web of Conferences 369, 02006 (2026)                                                                                        https://doi.org/10.1051/epjconf/202636902006
JIAMA’26



 
Fig. 10. The Comparison of Accuracy and F1-Score in total. 

6 Conclusion 

In this research, a new dual-branch hybrid deep learning model was introduced in order to perform the 

classification of environmental disaster scenes from UAV imagery, combining ResNet50 as a global feature 

extraction branch and EfficientNetB4 as a local feature extraction branch with feature-level fusion. On a 5,946-

image, 4-class UAV dataset, experiments showed that the proposed model achieves an accuracy percentage of 

95.30% and a macro F1-score percentage of 95.41%, which is 3.90 and 2.60 percentage points higher than 

baseline standalone ResNet50 (91.40%) and EfficientNetB4 (92.70%) respectively. Per-class F1-scores of 94% 

and above across all four categories indicate overall high and balanced classification performance, reflected in 

ROC-AUC scores of 0.963 or higher in all categories. This experiment proved that the dual-branch structure and 
the concatenation fusion operator are responsible to the gain in performance, and that the concatenation fusion is 

superior to the addition fusion by 1.50 percentage points. 

The suggested dual-branch fusion approach will be a generalizable architectural prototype that can be 

implemented for other remote sensing classification tasks where the complementary nature of multi-backbone 

feature representations is likely to deliver discriminative benefits. The entire preprocessing and stratified 

experimental protocol have provided a framework that can be replicated in future comparative studies in the 

field. Future efforts will expand the framework to add transformer-based attention branches, design knowledge 

distillation strategies for onboard UAV deployment, and augment the taxonomy to include additional disaster 

types and multi-hazards. 
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