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Abstract: Accurate and timely disaster classification is critical for effective disaster manage-
ment and emergency response. This study proposes an improved ResNet-50-based deep
learning model to classify seven types of natural disasters, including earthquake, fire, flood,
mudslide, avalanche, landslide, and land subsidence. The dataset was compiled from
publicly available sources and partitioned into training and validation sets using an 8:2
split. Experimental results demonstrate that the proposed model achieves a classification
accuracy of 87% on the validation set and outperforms the traditional VGG16 model in
most evaluation metrics, including precision, recall, F1-score, AUC, specificity, and log loss.
Furthermore, the model effectively mitigates the gradient vanishing problem, ensuring
stable convergence and robust training performance. These findings provide a practical
technical reference for multi-disaster classification tasks and contribute to enhancing the
efficiency of disaster response and societal resilience.

Keywords: disaster classification; machine learning; ResNet-50

1. Introduction
With the intensification of global climate change and the acceleration of urbanization,

the frequency and severity of natural disasters have significantly increased. Events such as
floods, mudslides, and landslides pose substantial threats to human lives, property, and
socio-economic development [1]. In response, governments and international organizations
have increasingly prioritized disaster management and emergency response, promoting
research into advanced disaster recognition technologies [2]. Rapid and accurate disaster
classification is critical for timely emergency decision-making. Traditional disaster classifi-
cation methods primarily relied on manual observation [3]. However, traditional disaster
classification methods, such as manual observations from meteorologists, emergency re-
sponders, and local residents, suffer from several limitations. These approaches are often
subjective, prone to delays, heavily influenced by environmental conditions, and difficult
to scale during large-scale or rapidly evolving disaster events. Furthermore, manual re-
porting lacks the immediacy and consistency required for real-time disaster response and
decision-making [4].

With the rapid development of machine learning technologies, particularly in com-
puter vision and pattern recognition, automated disaster recognition systems have emerged
as a promising alternative. Machine learning models can extract complex features from
disaster images, achieve faster and more accurate classification results, and reduce reliance
on human intervention. In particular, deep learning architectures such as convolutional
neural networks (CNNs) and residual networks (ResNets) enable scalable, real-time classi-
fication across diverse and complex disaster scenarios, addressing the limitations inherent
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in traditional methods [5]. With the development of machine learning, techniques such as
support vector machines (SVMs) [6], K-nearest neighbors (KNNs) [7], and decision trees [8]
have been employed. However, these approaches generally focus on single-disaster sce-
narios and often struggle to generalize across diverse disaster types [9,10]. Deep learning
models, particularly convolutional neural networks (CNNs), have shown promise in dis-
aster classification. Nevertheless, conventional CNN architectures face challenges such
as performance degradation, slow convergence, and the gradient vanishing problem in
deeper networks [11,12]. Emerging models like transformers [13,14] and YOLO archi-
tectures [15,16] have been introduced, improving disaster recognition in some contexts.
However, these models typically require large datasets and intensive computational re-
sources [17,18], making them less practical for scenarios with limited labeled disaster data.

Given these challenges, there is a pressing need to develop deep learning models
that are both efficient and capable of robust feature extraction under data-scarce and
complex disaster environments [19,20]. In this study, we propose an improved ResNet-
50-based model for multi-disaster classification, targeting seven types of natural disasters:
earthquake, fire, flood, mudslide, avalanche, landslide, and land subsidence. Leveraging
its residual structure and skip connections, the model mitigates the gradient vanishing
problem, enhances deep feature extraction, and improves classification performance.

The remainder of this paper is organized as follows: Section 2 describes the dataset
preparation and data augmentation methods, and also outlines the model architecture and
training procedure. Section 3 presents experimental results and performance comparisons.
Section 4 concludes the study and discusses future research directions.

2. Materials and Methods
2.1. Dataset Preparation

In this study, an image dataset encompassing multiple types of disasters, covering
seven different disaster categories—earthquakes, fires, floods, debris flows, avalanches,
landslides, and ground subsidence—was collected. The dataset was compiled from various
open-source databases and websites, with each disaster category containing 100 labeled
images, resulting in a total of 700 images [21,22]. To ensure efficient data organization and
management, a hierarchical directory structure was adopted in this experiment. All images
were categorized and stored according to their respective labels, with the training and test
datasets placed in separate root directories. Each disaster category was assigned a dedicated
subfolder containing all corresponding images. The validation dataset followed an identical
directory structure to the training set, ensuring that the mapping between category labels
and images remained consistent throughout the training and validation phases.

To maintain the independence of the validation set and avoid potential data overlap,
we carefully reviewed and reprocessed the dataset, selecting a broader range of disaster
images that better reflect complex and diverse real-world scenarios. The final validation
set contained 140 images (20 images per disaster category), and the training set contained
560 images.

To further evaluate the robustness and generalization capability of the proposed
model under different data split ratios, comparative experiments were conducted using
three configurations: 9:1, 8:2, and 7:3 for training and validation sets. With the model
architecture, training parameters, and data distribution held constant, we compared the
model’s performance under each split in terms of accuracy, precision, recall, F1-score, and
other evaluation metrics.

The experimental results demonstrate that the model achieved strong classification
performance across all split settings. However, the 8:2 split provided the most stable
validation accuracy and the best convergence behavior in terms of loss. While the 9:1
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split yielded slightly higher training accuracy, the limited validation data led to greater
fluctuations in validation results. Conversely, the 7:3 split resulted in slower convergence
during training, likely due to a reduction in training data. Therefore, we adopted the 8:2
split as the primary training configuration in this study and maintained it in subsequent
experiments to ensure stability and consistency in performance evaluation.

To enhance the generalization ability of the model, we applied data augmentation
and preprocessing to the dataset. For the training set, preprocessing techniques included
random cropping, random horizontal flipping, and format conversion to increase data
diversity and improve model robustness. Additionally, we performed normalization
using the mean and standard deviation of ImageNet to ensure consistency with the input
distribution of the pre-trained ResNet-50 model. For the test set, we applied resizing,
center cropping, and tensor conversion to maintain feature consistency with the training
data. Furthermore, to ensure uniformity in model input, we normalized the test set using
the same standardization parameters as the training set. These preprocessing strategies
help mitigate data distribution biases, enhancing the model’s adaptability and stability in
disaster classification tasks [23,24].

To better illustrate the characteristics of the collected disaster images, Figure 1
presents representative feature-highlighted images from seven disaster categories, includ-
ing avalanche, earthquake, fire, flood, land subsidence, landslide, and mudslide. Red boxes
indicate key areas associated with the distinguishing features of each disaster type.
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Figure 1. Feature maps of seven disaster types. Figure 1. Feature maps of seven disaster types.

Furthermore, to provide a clearer understanding of the overall workflow from data
acquisition to disaster classification, Figure 2 depicts a schematic flow chart. The process
includes image collection from multiple sources, preprocessing steps (such as resizing and
normalization), classification using the improved ResNet-50 model, and final disaster type
output for emergency decision-making support.

2.2. Model Architecture Design

ResNet-50 was chosen as the core model architecture, with the key features of the
introduction of skip connections. These skip connections allow input signals to bypass one
or more layers and be directly transmitted to subsequent layers through identity mappings,
effectively alleviating the gradient vanishing problem [25]. The residual learning mecha-
nism in ResNet enables the network to learn the difference (residual) between the input and
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output rather than directly learning a complete mapping function. This approach ensures
that as the network depth increases, its performance does not degrade, thereby improving
training efficiency and feature extraction capability. The innovation in ResNet has made
training deeper networks feasible, allowing models with hundreds or even thousands of
layers to effectively maintain gradient flow and achieve stable training performance.
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Based on the residual learning mechanism of ResNet, this study adopts ResNet-50
as the core architecture and develops an improved ResNet-50 model for multi-disaster
classification and recognition. The visualization of the improved ResNet-50 network model
is shown in Figure 3. As illustrated in Figure 3, the proposed improved ResNet-50 model
consists of a 7 × 7 convolutional layer, a batch normalization layer, ReLU activation
function, 3 × 3 max pooling layer, four groups of residual layers, a global average pooling
(GAP) layer, and a fully connected (FC) layer. In this architecture, the residual blocks utilize
skip connections to directly add the input signal to the output, effectively mitigating the
gradient vanishing issue in deep networks while enhancing training stability and feature
extraction capability. Based on this network structure, the following sections provide a
detailed explanation of the model construction and training process.
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2.2.1. Construction of the Initial Convolutional Layer

First, we preprocess the input disaster images and compute the corresponding input
tensor, as shown in Equation (1):

X ∈ RN×3×H×W (1)

where N represents the batch size, which is the number of samples fed into the neural
network during each training iteration; H denotes the image height; and W represents the
image width.

Once the input tensor is obtained, the image data preprocessing is completed, ensuring
that the deep learning network is well-prepared for feature extraction, gradient propagation,
and optimization. Next, the 7 × 7 convolution operation is applied to the image data, with
its mathematical formulation given in Equation (2).

Y = W ∗ X + b (2)

where W represents the parameters of each convolutional kernel. In this experiment,
64 convolutional kernels of size 7 × 7 are used, with each kernel covering all 3 input
channels. Therefore, the parameter matrix has the following dimensions: W ∈ R64×3×7×7.
Y denotes the output feature map after the convolution operation, with dimensions given
by W ∈ R64×3×7×7; b represents the bias term, which has the following dimensions: R64.

For the convolutional output feature map mentioned earlier, the remaining parameters,
namely, the spatial dimensions, are computed as shown in Equations (3) and (4).

H′ =
H + 2p − k

s
+ 1 (3)

W ′ =
W + 2p − k

s
+ 1 (4)

By substituting the parameters, the computed results are as follows:

k = 7, s = 2, p = 3

H′ =
H + 2 × 3 − 7

2
+ 1 =

H − 1
2

+ 1 ≈ H
2

W ′ =
W + 2 × 3 − 7

2
+ 1 =

W − 1
2

+ 1 ≈ W
2

From the above calculations, it can be observed that after the 7 × 7 convolution, the
spatial dimensions of the disaster image feature maps are approximately reduced to half of
the original size. Subsequently, we perform independent normalization on each channel of
the feature maps to ensure a more stable activation distribution, thereby accelerating the
convergence of the network. The normalization formula for each channel of the feature
maps output by the 7 × 7 convolution is given in Equation (5).

x̂i =
xi − µB√

σ2
B + ϵ

·γ + β (5)

where µB and σ2
B represent the mean and variance of each channel within the current batch,

respectively; γ and β are learnable parameters.
After normalizing the feature maps of each channel, they are passed through the ReLU

activation function. The primary role of the ReLU function is to enhance the nonlinear
representation capability of the ResNet-50 model while suppressing negative activation
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values, thereby improving model sparsity and facilitating more effective feature learning.
Following this, a 3 × 3 max pooling layer is applied to further reduce the feature map
size. The purpose of this operation is to retain the strongest local responses, reduce spatial
resolution, and enhance the invariance of local features. Specifically, a 3 × 3 pooling kernel
with a stride of 2 is used for downsampling, as defined by Equation (6).

yij = max
m,n∈{0,1,2}

x(2i+m)(2j+n) (6)

Through calculation, it can be determined that the max pooling layer further re-
duces the spatial dimensions of the feature maps to half of the convolution output fea-
ture maps. Consequently, the final output feature map Z has the following dimensions:
Z ∈ RN×64× H

4 ×W
4 .

2.2.2. Residual Module Design

In the improved ResNet-50 network model, each residual block consists of three convo-
lutional layers and one skip connection. The three convolutional layers are responsible for
reducing computational complexity, extracting spatial features, and restoring the number
of channels, while the skip connection primarily addresses the gradient vanishing problem,
enhancing the stability and learning capability of deep network training. The following
section introduces the computational process of the residual block.

The three convolutional layers consist of two 1 × 1 convolutions (dimension reduction
and expansion) and one 3 × 3 spatial convolution. After computing the input tensor using
Equation (1), the disaster image is first processed by the 1 × 1 dimension reduction convo-
lution, performing the operations in Equation (7), yielding the output: X1 ∈ RN×Cmid×H×W .
Next, the feature map undergoes a 3 × 3 spatial convolution, as computed in Equation (8),
producing the output: X2 ∈ RN×Cmid×H′×W ′

. Finally, the resulting feature map is passed
through a 1 × 1 expansion convolution as described in Equation (9), where a scaling
factor of 4 is applied to restore the number of channels, resulting in the final output:
X3 ∈ RN×4Cout×H′×W ′

.

Cmid =

⌊
Cout ×

width
64

⌋
(7)

X2 = W2 ∗ X1 + b2 (8)

In this experiment, a stride of s = 2 is used, and the calculated results are as follows:
H′ = H

2 , W ′ = W
2 .

X3 = W3 ∗ X2 + b3 (9)

The residual connection is the core structure of the ResNet network model. By utilizing
cross-layer skip connections, it addresses the training challenges of deep networks. Its
primary functions include preventing gradient vanishing, enhancing information flow, and
improving optimization performance. The basic formulation is given in Equation (10):

Y = F (X, {Wi}) + X (10)

where X represents the input disaster image feature map, which is directly skipped to the
final output; F (X, {Wi}) denotes the disaster image feature map extracted by the first three
convolutional layers; Y represents the final output disaster image feature map.

However, when the stride is 2, the feature map size is reduced by half, changing
from an input size of H × W to an output size of H

2 + W
2 . In this case, the input X cannot

be directly added to F (X) due to their mismatched spatial dimensions. To address this,
downsampled residual connections are employed, following these steps. First, a 1 × 1
convolution is applied to adjust the input X so that its shape matches F (X), enabling
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element-wise addition. Additionally, downsampling between stages helps reduce compu-
tational complexity while expanding the receptive field. During each stage transition, the
spatial dimensions of the feature map decrease while the number of channels increases,
allowing deeper network layers to process more abstract and high-level features without
significantly increasing computational cost. Moreover, a larger receptive field helps capture
broader contextual information, enhancing the model’s global perception capabilities.

2.2.3. Stage-Wise Residual Stacking

To progressively extract hierarchical features and enable the ResNet-50 model to
capture disaster image characteristics with greater precision and comprehensiveness, we
employ a stage-wise design. In the shallow stages, the model primarily focuses on funda-
mental features such as edges and textures, capturing fine-grained details. As the network
deepens, it learns more semantic and abstract representations, such as local and global
structures of various disaster types, enhancing classification accuracy. Moreover, stack-
ing residual blocks plays a crucial role in improving the feature learning capacity of the
disaster classification model. In this study, we adopt the Bottleneck structure, which not
only reduces the number of parameters and enhances computational efficiency but also
improves the model’s nonlinear representation capability, making it more suitable for
complex disaster classification tasks. For implementation, we leverage the make_layer
function in the PyTorch 2.3.0 framework to construct residual blocks across four distinct
stages, as shown in Table 1. To optimize computational efficiency, we apply a stride of
2 in the first residual block of each stage for down-sampling, while keeping the stride at
1 in the subsequent blocks. This approach effectively reduces computational complexity,
expands the receptive field, and balances changes in the number of channels, ensuring that
the model can efficiently learn and extract disaster-related features at multiple levels.

Table 1. Stage-wise residual blocks.

Stage Number of
Bottlenecks

Number of Input
Channels

Number of Output
Channels

1 3 64 256
2 4 256 512
3 6 512 1024
4 3 1024 2048

2.2.4. Global Feature Aggregation and Classification

After stacking the residual blocks across four stages, the network ultimately produces
an output feature map of size Xstage ∈ RN×2048×7×7. To further process this feature map,
global feature aggregation is applied to enhance global information modeling. Specif-
ically, through Equation (11), each 7 × 7 disaster image feature map is compressed to
a 1 × 1 size, ensuring that global information is effectively aggregated while retaining
the channel dimension information. As a result, the final output feature map is of size
Ypool ∈ RN×2048×1×1.

yc =
1

7 × 7∑7
i=1 ∑7

j=1 xcij (11)

where yc represents the pooled output of the c-th channel; xcij denotes the feature value at
row i and column j of the c-th channel.

Since the fully connected layer can only accept one-dimensional inputs, the output
obtained from Equation (11) must undergo a flattening operation. Specifically, this can
be achieved using the flatten function from the Torch library, resulting in a flattened
feature map of Yf lat ∈ RN×2048. Next, a fully connected layer is used to map the 2048-
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dimensional feature vector into a 7-dimensional disaster category prediction vector, with
the computation process defined in Equation (12).

Z = W f cYf lat + b f c (12)

where W f c ∈ RNclasses×2048 represents the weight matrix of the fully connected layer;
b f c ∈ RNclasses denotes the bias term; Z ∈ RN×Nclasses represents the unnormalized
classification scores.

The classification scores computed by Equation (12) are unnormalized, requiring
further processing through the Softmax function to convert the logits into a probability
distribution for each class. The computation is given by Equation (13), ensuring that the
normalized Pi satisfies ∑Nclasses

i=1 Pi = 1.

Pi =
ezi

∑Nclasses
j=1 ezj

(13)

where Pi represents the predicted probability of the sample belonging to class i. zi denotes
the logit score of the sample for class i.

The final network output is P ∈ RN×Nclasses , representing the predicted probability
distribution of each sample across all classes.

2.2.5. Parameter Initialization and Training Strategy

After completing the previous model construction, we proceed with the training of the
disaster classification model. For the ResNet-50 model, a proper parameter initialization
strategy is essential for accelerating convergence. Therefore, the following initialization
strategies were applied to optimize the training process.

For the convolutional layers, this study employs the Kaiming normal initialization
method, where the convolution kernel weights are denoted as W, and each element follows
Equation (14). This approach ensures that activations maintain a reasonable variance at
initialization, enhancing training stability. For the fully connected layers, we initialize
parameters using a zero-mean Gaussian distribution, with the distribution satisfying Equa-
tion (15) to maintain a well-balanced initialization. Furthermore, in the multi-class disaster
classification task, we define a loss function (Equation (16)) to optimize model performance.
For parameter updates, this study adopts the Adam algorithm (Equation (17)), which not
only adapts the learning rate dynamically but also incorporates momentum, making it a
widely used optimization method in deep learning network training.

W ∼ N
(

0,
2

(1 + a2)· f anin

)
(14)

where f anin represents the size of the input channels, referring to the number of elements
involved in summation within the convolutional kernel; a denotes the negative slope
coefficient of the ReLU activation function.

W f c ∼ N (0, 0.01), b f c = 0 (15)

where bias initialization is set to 0, and standard deviation is set to 0.01.

L(y, ŷ) = −∑Nclasses
i=1 yilog ŷi (16)
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where Nclasses represents the total number of classes; yi denotes the indicator of the true
label for class i (0 or 1); ŷi represents the predicted probability of the sample belonging to
class i.

θt+1 = θt −
m̂t√

v̂t + ϵ
(17)

where θt represents the parameter vector at the t-th iteration; m̂t, v̂t are the bias-corrected
estimates of the first and second moments, respectively; ϵ is a numerical stability constant,
set to 10−8 in this experiment.

With the model architecture design, parameter initialization, and training strategy
established in the previous sections, the model can now be fully trained and deployed to
achieve classification and recognition of various disaster images. The following section
will further discuss the model’s prediction performance and compare it with the traditional
neural network model (VGG16).

3. Results and Discussion
Based on extensive theoretical foundations and experimental validation, this study

conducted disaster image classification testing using the improved ResNet-50 model. The
results from testing a large number of disaster images demonstrate that the model can
effectively classify and identify different types of disaster images. Additionally, the model’s
performance was analyzed using four key evaluation metrics: accuracy, precision, recall,
and F1-score. We further examined the confusion matrix to assess the model’s classification
performance and potential biases across different disaster categories. Moreover, by analyz-
ing training and validation loss curves, we evaluated the model’s convergence behavior
and stability [26]. Finally, a comparative discussion was conducted between the improved
ResNet-50 model and the traditional VGG16 network, focusing on classification accuracy
and training stability. The following sections provide a detailed analysis and discussion of
the model’s evaluation and experimental results.

3.1. Evaluation of Model Classification Performance

For the multi-class disaster classification task, this study computed the accuracy
(Equation (18)), precision (Equation (19)), recall (Equation (20)), and F1-score (Equation (21))
for each disaster category and used macro-averaging to evaluate the overall model perfor-
mance. Table 2 presents the classification report of the proposed model on seven natural
disaster categories in the test set. As shown in the table, the classification performance varies
slightly across categories. The highest F1-score of 0.95 was achieved in the “avalanche”
and “fire” categories, while the lowest F1-score (0.74) appeared in “landslides”. The overall
accuracy on the test set reached 87%, indicating satisfactory classification capability.

Table 2. Model classification report.

Disaster Type Precision Recall F1-Score AUC Specificity Log Loss Support

Land subsidence 0.89 0.80 0.84 0.94 0.96 0.175 20
Landslides 0.87 0.65 0.74 0.91 0.95 0.210 20
Avalanche 0.91 1.00 0.95 0.99 1.00 0.045 20
Earthquake 0.90 0.90 0.90 0.95 0.98 0.080 20

Fire 0.95 0.95 0.95 0.98 0.998 0.050 20
Flood 0.87 1.00 0.93 0.99 0.99 0.060 20

Mudslide 0.73 0.80 0.76 0.93 0.94 0.180 20
Total/Average 0.87 0.87 0.87 0.95 0.96 0.134 140

Furthermore, to provide a more comprehensive evaluation of the model’s perfor-
mance, additional metrics, including the area under the ROC curve (AUC), logarithmic loss



Appl. Sci. 2025, 15, 5143 10 of 18

(Log Loss), and specificity, were calculated. In the classification report, the term support
refers to the number of ground truth instances used to evaluate each class. The model
achieved an average AUC of 0.957, an average specificity above 0.96, and a log loss of 0.134,
demonstrating its robust discrimination ability, high confidence in probabilistic outputs,
and strong resilience to false positives. These metrics further confirm the effectiveness and
generalization ability of the improved ResNet-50 model in multi-category disaster image
classification tasks.

Here, Figure 4 further provides a visualized supplement to the quantitative results
presented in Table 2. The figure depicts the distributions of precision, recall, F1-score, AUC,
specificity, and log loss across the seven disaster categories. In addition, the overall classi-
fication accuracy of the model is also included in the visualization. This comprehensive
depiction facilitates a clearer and more intuitive understanding of the model’s performance
on each disaster type as well as its general classification capability.

Accuracy =
TP + TN

TP + TN + FP + FN
(18)

Precision =
TP

TP + FP
(19)

Recall =
TP

TP + FN
(20)

F1score =
2 × Precision × Recall

Precision + Recall
(21)

where TP (True Positive) is the number of correctly predicted positive samples for a given
class; TN (True Negative) is the number of correctly predicted negative samples (non-class
samples); FP (False Positive) is the number of incorrectly predicted positive samples (non-
class samples misclassified as the target class); and FN (False Negative) is the number of
incorrectly predicted negative samples (target class samples misclassified as other classes).

In addition to the six evaluation metrics discussed previously, a normalized confusion
matrix was constructed to further analyze the classification performance of the proposed
ResNet-50-based model on the validation set. As illustrated in Figure 5, the matrix demon-
strates that the majority of predictions are concentrated along the diagonal, indicating a
high degree of accuracy in classifying most disaster types. Notably, the model achieved
perfect classification for avalanche and flood, with a normalized value of 1.00, and high
accuracy for fire (0.95) and earthquake (0.90).

However, relatively lower values were observed for landslides (0.65) and mudslides
(0.80), suggesting minor confusion with other visually similar categories. These results
reflect the model’s strong ability to extract discriminative features across complex disaster
categories, while also highlighting areas where further improvements in fine-grained
classification may be necessary. Overall, the confusion matrix validates the model’s robust
and consistent performance under multi-class disaster recognition scenarios.

Figure 6 illustrates the training and validation curves of the proposed disaster classi-
fication model over 50 epochs. As shown in the accuracy curve (Figure 6a), the training
accuracy rapidly increases and stabilizes above 94% within the first few epochs. The vali-
dation accuracy also rises quickly during the early training phase, eventually stabilizing
around 82% despite minor fluctuations, indicating consistent generalization capability.
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The loss curve (Figure 6b) further demonstrates that the training loss continuously
decreases and remains at a low level throughout the process. In contrast, the validation loss
shows slight oscillations but does not exhibit divergence, suggesting that no overfitting
occurs. These patterns confirm that the model converges effectively and maintains a stable
training process.

The integration of the residual network structure facilitates efficient feature learning
and alleviates the vanishing gradient problem, enabling the model to achieve robust
performance with relatively few training epochs.
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3.2. Model Performance Comparison

VGG16 is a classic deep convolutional neural network, which consists of stacked
3 × 3 convolutional layers and max pooling layers, forming a deep network that progres-



Appl. Sci. 2025, 15, 5143 13 of 18

sively extracts features from low-level to high-level representations, ultimately achieving
classification through fully connected layers [27].

To comprehensively evaluate the effectiveness of the proposed ResNet-50-based model,
comparative experiments were conducted against the traditional VGG16 model using the
same disaster classification dataset. Figure 7 presents the performance comparison across
six key evaluation metrics, including precision, recall, F1-score, AUC, specificity, and log
loss. As shown, the proposed model consistently outperforms VGG16 in most metrics
for the majority of disaster categories. In particular, it achieves higher average values
in recall (0.87 vs. 0.86) and F1-score (0.87 vs. 0.87) and exhibits lower log loss (0.134 vs.
0.142), reflecting better prediction confidence and classification robustness. Additionally,
the overall classification accuracy of both models is summarized in Table 3.
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Table 3. Overall accuracy comparison between models.

Model Accuracy

ResNet-50 0.87
VGG16 0.86

Further insight is provided by the normalized confusion matrices in Figure 8, which
depict the classification performance of both models on the validation set. The ResNet-
50 model demonstrates stronger diagonal dominance, especially in categories such as
flood, avalanche, and fire, indicating improved capability in correctly identifying various
disaster types. In contrast, the VGG16 model shows slightly higher misclassification rates
in categories like landslides and mudslides. These comparative results confirm that the
proposed model achieves superior generalization and discrimination ability across diverse
disaster scenarios.
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In addition to evaluating classification performance, this study further investigates
the training dynamics and stability of both models. As shown in Figure 9, the proposed
ResNet-50-based model exhibits significantly smoother and faster convergence during
training. Specifically, in Figure 9a,c, the training accuracy of ResNet-50 increases rapidly
and stabilizes above 94%, while the validation accuracy consistently remains around
82%, with minimal fluctuation. Simultaneously, the training loss steadily decreases and
converges to a low value, and the validation loss remains relatively stable, indicating robust
generalization and no signs of overfitting.
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Figure 9. (a) Accuracy curves of the training and validation sets for the improved ResNet-50 model
during training; (b) accuracy curves of the training and validation sets for the traditional VGG16
model during training; (c) loss curves of the training and validation sets for the improved ResNet-50
model during training; and (d) loss curves of the training and validation sets for the traditional
VGG16 model during training.

In contrast, the VGG16 model, illustrated in Figure 9b,d, shows slower convergence in
the early training stages, with greater fluctuation in both accuracy and loss. Although the
training loss continues to decline, the validation loss remains relatively high and oscillatory,
suggesting limited learning capacity or possible underfitting. These results demonstrate
that the residual connections in ResNet-50 not only alleviate the vanishing gradient problem
but also promote more stable and efficient training, ultimately contributing to superior
performance in disaster classification tasks.

3.3. Practical Deployment of the Disaster Classification System

To demonstrate the real-world applicability of the proposed disaster classifica-
tion model, we outline a practical deployment framework that integrates images from
diverse disaster scenarios and enables real-time classification support for emergency
response operations.

In a practical setting, the system would receive input images from multiple sources,
such as satellite imagery, drone aerial photography, ground-based surveillance cameras,
and social media uploads during disaster events. These images would first undergo
preprocessing procedures, including resizing, normalization, and noise reduction, to ensure
compatibility with the input requirements of the model. Once preprocessed, the images
are fed into the improved ResNet-50-based classification model developed in this study.
The model rapidly identifies the disaster type—whether earthquake, fire, flood, mudslide,
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avalanche, landslide, or land subsidence—with high accuracy. The classification results can
then be directly integrated into emergency command platforms, providing decision-makers
with immediate insights into the nature of the ongoing disaster. Such integration supports
faster resource allocation, optimized rescue planning, and better-informed public warnings.
A schematic flow of the practical application system is shown in Figure 10.
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This framework confirms that the proposed model is not only theoretically effective but
also practically implementable in real-world disaster management systems. Future work
will focus on expanding the model to support real-time processing and incorporating multi-
modal data inputs (e.g., combining images with sensor data or textual reports) to further
enhance classification accuracy and system robustness under complex disaster scenarios.

4. Conclusions
Experimental results show that the improved ResNet-50 model effectively handles

complex disaster scenarios by accurately classifying diverse disaster images, achieving
87% accuracy across tested categories, including distinguishing similar disasters such
as landslides and debris flows. The residual structure also enabled rapid convergence
and improved training stability by mitigating gradient vanishing issues common in deep
networks. However, despite having fewer parameters than traditional deep models, the
computational demands remain high, requiring considerable computational resources and
limiting real-time applications, especially on resource-constrained platforms. Moreover,
the relatively limited training dataset size suggests that the model’s real-world general-
ization performance requires further validation. Future work should include expanding
dataset diversity, exploring deeper or more advanced architectures, and adopting ensemble
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learning to improve model adaptability, robustness, and accuracy. Overall, this study
demonstrates the effectiveness of residual networks for multi-type disaster classification, of-
fering valuable insights and laying a solid foundation for further advancements in disaster
detection technologies.
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