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Disasters, both natural and man-made, pose significant threats to societies worldwide, 
causing devastating losses to life, property, and the environment. The frequency and 
severity of these events have increased in recent years, partly due to climate change 
and urbanization. Among natural disasters, flood is one of the most common and 
destructive calamities. Many solutions have been proposed to mitigate the detrimental 
impacts of flood. However, traditional measures often struggle to keep pace with the 
rapid evolution of these crises. Meanwhile, artificial intelligence presents a promising 
avenue for revolutionizing disaster management. Therefore, this paper aims to provide 
a comparative study on flood detection using deep learning technologies. Specifically, 
nine pre-trained models based on Convolutional Neural Network (CNN), including 
DenseNet121, VGG16, ResNet50, MobileNet, InceptionV3, Xception, EfficientNetB2, 
ConvNeXtTiny, and NASNetMobile, were implemented for flood image classification. 
Results obtained from the experiments indicated that ConvNeXtTiny produced the best 
performance compared to other methods, achieving the highest detection accuracy of 
96.75%. Findings from this study can be beneficial to stakeholders in the early stages of 
disaster management. By leveraging deep learning technologies, this paper seeks to 
automate and optimize disaster preparedness, ultimately saving lives and reducing 
economic losses. 
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1. Introduction 
1.1 Research Background 
 

Floods are among the most common and detrimental natural disasters worldwide. Financial 
damage caused by flood between 1998-2017 were more than US$600 billion, with more than 2 billion 
people affected, and around 142,000 fatalities involved [1]. With the recent shift in urbanization and 
climate change, these losses tend to rise rapidly. This becomes a challenge faced by many countries 
which hinder their efforts to overcome poverty and obtain prosperity growth. 
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Nevertheless, traditional approaches (e.g., modeling, calculation, dimensionality [2][3]) have 
limitations in addressing natural disasters, including flood [4]. In addition, little attention has been 
paid to long-term planning and mitigation prior to disasters. In recent years, a sustainable protection 
of people and property from negative impacts of natural hazards has captured the attention of the 
research community, where a more balanced use of structural and non-structural measures is 
needed. This poses greater uncertainty and complexity than traditional disaster risk reduction 
methods, which is time-consuming, labor-intensive, and computationally expensive [5]. Yet, artificial 
intelligence (AI) technologies can address the uncertainty and complexity issues if applied reasonably 
by reducing computational constraints and labor costs [6]. 

AI presents a promising avenue for revolutionizing disaster management [7]. By utilizing the 
power of AI, it is possible to analyze vast amounts of data from diverse sources in real-time, such as 
satellite imagery, social media, and sensor networks. This capability enables the prediction of disaster 
events with greater accuracy, the optimization of resource allocation, and the implementation of 
more effective response strategies [8]. Motivated by the power of AI in disaster management, this 
study examined the performance of various state-of-the-art models in detecting flood disaster. By 
using transfer learning approach, several pre-trained models were fine-tuned for flood image 
classification. These models were trained on a public dataset and evaluated using numerous 
performance metrics, such as Precision, Recall, F1-Score, AUC, and Accuracy. 
 
1.2 Literature Review  
 

The detection, mitigation, and prevention of natural disasters are vital in guaranteeing the safety 
and welfare of the affected communities. Align with this goal, the utilization of AI has shown 
significantly positive impacts as a valuable tool to efficiently handle and manage these catastrophic 
events [9]. Recently, extensive research has been carried out using AI to assist disaster management 
in terms of real-time prediction and detection of natural calamities [10]. Among a wide range of AI-
based applications, deep learning (DL), a subset of machine learning (ML), has emerged as a 
promising solution to assist the relevant agencies in handling natural disasters [11]. DL has shown 
tremendous success in processing image data, which outperforms human-operated systems in 
numerous scenarios. Once of the most successful DL models is known as Convolutional Neural 
Network (CNN). In the field of disaster management, CNN can be used to extract patterns from 
satellite imaging to identify the affected areas and evaluate the magnitude of destruction [12]. 

In the flood detection domain, CNN can be utilized for flood image classification. The utilization 
of CNN in image-related tasks has resulted in an increasing number of research works on its 
application in the context of flood detection. The recent advancement in information technologies 
has led to a significant number of advanced models based on CNN for image classification. For 
example, Kapilaratne and Kaneta [13] examined and compared the performance of ResNet102 and 
MobileNetV2 in flood area extraction from satellite images. Results obtained from their study 
showed that both models had potential of flood area mapping from optical images, yet the accuracies 
achieved not more than 91%. Instead of relying only on images, Jony et al. [14] fused visual features 
with textual metadata for flood detection. Three CNN architectures, including VGG16, InceptionV3, 
and Xception, were used to extract visual features from images on an online social media platform. 
Although the fusion method improved the classification accuracy compared to the individual 
techniques, the authors did not benchmark the three CNN architectures with other models to 
highlight their capabilities.  

Besides satellite, drones can also be used for post-flood disaster management. Islam et al. [15] 
proposed an approach to identify flood-affected areas with image classification using DensNet and 
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InceptionV3. Even though their study utilized merge sorting algorithm to prioritize flood image 
output, the proposed model was trained on self-made dataset with the obtained accuracies less than 
83%. In the study by Patil et al. [16], VGG16, DenseNet, and GoogleNet were combined with remote 
sensing for flood detection. Yet, the accuracies of these models were less than 83%. To further 
improve the detection accuracy, Huang et al. [17] employed an attention mechanism to the existing 
ResNet model for urban waterlogging recognition. When benchmarked with the classic ResNet 
model, EfficientNet, and 3D CNN, the proposed solution provided comparable results. 

In addition to the aforementioned models, Jackson et al. [18] used different CNN architectures, 
such as ShuffleNet, RegNet, and Vision Transformer, for flood image classification. The authors also 
examined the impact of different uncertainty offset on the performance of the classification models. 
Nevertheless, a manual annotation approach was used for image categorization, which is labor-
intensive and time-consuming. Similarly, Mittal et al. [19] compared the performance of seven 
different CNN architectures in detecting inundation areas. However, all the obtained accuracies were 
less than 85%. Yasi et al. [20] took an extra mile by combining eight CNN-based models in an 
ensemble manner to provide a more effective approach for flood classification. Nonetheless, the 
ensemble model was trained on a relatively small dataset and achieved almost similar detection 
accuracies as one of the individual architectures. Overall, the strengths and limitations of the 
aforementioned studies are summarized in Table 1. 
 

Table 1 
Strengths and limitations of the related works 
Reference Strengths Limitations 
[13] - Computed the processing time during testing - Obtained accuracies not more than 91% 
[14] - Fused visual features and textual metadata - Did not benchmark with other models, such as 

DenseNet, ResNet, MobileNet, etc. 
[15] - Utilized merge sorting algorithm to prioritize 

flood image output 
- Trained on self-made flood dataset 
- Obtained accuracies not more than 83% 

[16] - Used GoogleNet in addition to VGG and 
DenseNet - Obtained accuracies less than 83% 

[17] - Employed attention mechanism to improve 
the recognition accuracy of waterlogging 
- Applied data augmentation to increase the 
training data 

- Did not use other models, such as DenseNet, VGG, 
MobileNet, Inception, Xception, ConvNeXt, NASNet 
- Did not benchmark with other models 

[18] - Used different models, such as ShuffleNet, 
RegNet, Vision Transformer 
- Examined the impact of different uncertainty 
offset 

- Did not employ other models, such as DenseNet, 
Inception, Xception, and NASNet 
- Used manual annotation approach 

[19] - Compared the performance of various 
models - Obtained accuracies less than 85% 

[20] - Combined various models in an ensemble 
approach - Trained on a relatively small dataset 

 
Unlike the previous works, this study provides a comparative analysis of nine different CNN 

architectures, including DenseNet121, VGG16, ResNet50, MobileNet, InceptionV3, Xception, 
EfficientNetB2, ConvNeXtTiny, and NASNetMobile as shown in Table 2. By extensively examining 
various state-of-the-art CNN-based models, a comprehensive view of the existing solutions for flood 
image classification can be obtained. The main objectives of this paper are as follows: 

i. To investigate nine state-of-the-art CNN-based models for flood image classification using 
transfer learning approach; 

ii. To examine the performance of these pre-trained models in detecting flood events 
through a comparative analysis; 
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iii. To evaluate the performance of numerous deep learning models through several 
experiments using various performance metrics. 

 
Table 2 
Comparison between the related works and this study 
Reference DenseNet VGG ResNet MobileNet Inception Xception EfficientNet ConvNeXt NASNet 
[13]          
[14]          
[15]          
[16]          
[17]          
[18]          
[19]          
[20]          
This study          

 
2. Methodology  
2.1 Flood Detection Model 

 
The deep learning model for flood image classification is demonstrated in Figure 1. The model 

first takes an image as an input and converts it into an array using pre-processing techniques. Next, 
nine CNN-based models are loaded with pre-trained weights and fine-tuned for binary classification 
task using a single dense layer. Finally, the output layer applies a Sigmoid function to classify the 
given image as flood or non-flood. A detailed description of specific processes inside the flood 
detection model is provided in Algorithm 1. 
 

 
Fig. 1. Flood Detection Model 

 
DenseNet121: DenseNet consists of multiple fully-connected blocks where the preceding block 

is connected to every other succeeding block. DenseNet121 is one of the DenseNet-based 
implementations. DenseNet121 contains four dense blocks with transition layers in between these 
blocks to reduce spatial dimension and the number of channels [20]. 

VGG16: VGGNet is one of the CNN-based models with deep network architecture and high 
performance [21]. VGGNet has demonstrated outstanding results in several tasks, including remote 
sensing, image classification, and object detection [22]. VGG16 is one of the two popular versions of 
VGGNet, consisting of 13 convolutional layers and 3 fully-connected layers.  
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Algorithm 1: Flood Detection Model 
Input: I 
Output: Label 
1 I ← Load_and_Preprocess(Input_images); 
2 Itrain, Itest ← train_test_split (I); 
3 base_model ← Load_model (weights, Input_shape);  
4 Flat ← Flatten(base_model); 
5 FC ← Dense (Flat);  
6 M ← Sigmoid (FC); 
7 Mc ← Model_compile (Adam_optimizer, Learning_rate);  
8 for i in Epoch do 
9  Mf  ← Model_fit ([Itrain, Itest], Batch_size); 
10 end for 
11 Pr, Rc, F1, Acc ← Model_evaluate (Itest); 
12 yp ← Model_prediction (Itest); 
13 if yp >= 0.5 then 
14  Label ← Flood; 
15 else 
16  Label ← Non-Flood; 
17 end if 
18 return Label; 

 
ResNet50: ResNet was first proposed to address the vanishing and exploding gradient issue in 

deep neural network [23]. ResNet consists of multiple convolutional layers, allowing information to 
go through using skip connection and residual learning [24]. ResNet50, which contains 50 layers, is 
one of the ResNet-based architectures. 

MobileNet: MobileNet was designed for image processing on limited-resource devices. Due to its 
high computing efficiency, MobileNet is suitable for devices with limited computing power, such as 
IoT devices, mobile phones, tablets, and so on [25].  

InceptionV3: InceptionV3 is an improved version of GoogleNet (or InceptionV1). InceptionV3 was 
proposed to overcome the drawbacks of its older version, which are accuracy deficiency and high 
convergence time [15]. 

Xception: Xception is an enhanced version of InceptionV3, making use of depth-wise separable 
convolutions. The model comprises 14 modules of 36 convolutional layers with residual connections 
in 12 modules, excluding the first and the last ones [20]. 

EfficientNetB2: EfficientNet was developed to overcome the random and manual scaling of the 
conventional models. It uses the compound coefficient to effectively scale up the depth, width, and 
image resolution of a baseline model, leading to a balance between model accuracy and 
computational cost [20]. 

ConvNeXtTiny: ConvNeXt was originally proposed to reduce the gap between classical CNN and 
transformer-based architectures. While maintaining the efficiency of the conventional CNN models, 
ConvNeXt provides better performance than transformer-based architectures across a wide range of 
computer vision tasks [18]. ConvNeXtTiny is a light version of ConvNeXt with smaller size and fewer 
parameters. 

NASNetMobile: NASNet was developed based on the Neural Architecture Search (NAS) 
technique. Compared to NASNetLarge, NASNetMobile is a lighter version that is suitable for devices 
with limited computing power [20]. 
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2.2 Dataset Description 
 

Two public datasets are used in this study to form a balanced dataset for model training. The first 
dataset is obtained from Kaggle, consisting of 3202 flood images and 717 non-flood images. The 
second dataset is called FloodNet [26] with 2307 labelled images; out of which 320 and 1987 are 
flood and normal instances, respectively. Since both datasets are imbalanced, they are combined to 
form a balanced dataset with a total of 4000 images, including 2013 samples as flood and 1987 
samples as non-flood. The balanced dataset is then split into training and testing sets with a ratio of 
8:2 using hold-out validation method. 
 
2.3 Parameter Settings 

 
All images in the balanced dataset are downsized to 224x224x3 dimensions to make them 

compatible with the nine deep learning models, while pre-trained weights from ImageNet are used 
for these models. A single dense layer with 128 neurons is added to fine-tune them for a binary 
classification task. Finally, a single neuron is used in the output layer with the Sigmoid activation 
function to categorize the input image as flood or normal. The parameter settings for the 
experiments in this study are provided in Table 3. 
 

Table 3 
Parameter settings for the experiments 
Layer Parameter Value 
Input Input shape 224x224x3 
Base model Weights imagenet 
Dense Number of neurons 128 
 Activation function Rectified Linear Unit (ReLU) 
Output Number of neurons 1 
 Activation function Sigmoid 
Other Optimizer Adam 
 Learning rate 0.0001 
 Batch size 32 
 Epoch 10 

 
2.4 Evaluation Metrics 

 
Several metrics are used to evaluate the performance of the flood detection models, including 

Precision, Recall, F1-Score, and Accuracy. The formulas for these metrics are given in Eq. (1)-(4). 
 
Precision = !"

!"#$"
                                 (1) 

 
Recall = !"

!"#$%
                                  (2) 

 
F1 − Score =2 "&'()*)+,..'(/00

"&'()*)+,#.'(/00
                                (3) 

 
Accuracy = !"#!%

!"#!%#$"#$%
                                (4) 
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where TP, TN, FP, and FN refer to True Positive, True Negative, False Positive, and False Negative, 
respectively. For the flood detection problem in this study, a flood image is considered a positive 
instance, whereas a normal image is regarded as a negative instance.  
     
3. Results  
 

Table 4 summarizes the results obtained from a series of experiments in this study. Notably, 
ConvNeXtTiny achieved the highest detection accuracy of 96.75%, whereas ResNet50 produced the 
lowest accuracy of 91.62%. Other models, such as VGG16, InceptionV3, Xception, and EfficientNetB2 
showed similar performance, with the detection accuracies around 94%. DenseNet121 and 
MobileNet produced comparable performance, achieving 95.38% and 95.88% in accuracy, 
respectively. Meanwhile, NASNetMobile performed slightly better than ResNet50 by 0.88%, but still 
poorer than other models as shown in Figure 2. Overall, ConvNeXtTiny outperformed other eight 
models in three out of four evaluation metrics, including Recall, F1-Score, and Accuracy.  

 
Table 4 
Performance metrics of various deep learning models 
Model Precision (%) Recall (%) F1-Score (%) Accuracy (%) 
DenseNet121 92.82 97.91 95.30 95.38 
VGG16 93.28 94.26 93.77 94.00 
ResNet50 94.38 87.73 90.93 91.62 
MobileNet 95.57 95.82 95.70 95.88 
InceptionV3 95.23 93.73 94.47 94.75 
Xception 93.15 95.82 94.47 94.63 
EfficientNetB2 93.16 96.08 94.60 94.75 
ConvNeXtTiny 95.19 98.17 96.66 96.75 
NASNetMobile 88.00 97.65 92.57 92.50 

 

 
Fig. 2. Accuracies of various CNN-based models 

 
The training and validation accuracies of nine CNN-based models are illustrated in Figure 3. Both 

training and validation accuracies started to converge after 10 epochs, achieving the maximum 
accuracies from 10 iterations onwards. Moreover, it is observed that training accuracies were higher 
than validation accuracies, indicating that overfitting occurred. This is partly because data 
augmentation was not included in the data pre-processing phase. 
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                                             (a)                                                         (b)                                                                (c) 

 
                                             (d)                                                         (e)                                                                (f) 

 
                                             (g)                                                         (h)                                                                (i) 

Fig. 3. Train and validation accuracy (a) DenseNet121 (b) VGG16 (c) ResNet50 (d) MobileNet 
(e) InceptionV3 (f) Xception (g) EfficientNetB2 (h) ConvNeXtTiny (i) NASNetMobile 

 
Figure 4 plots the Receiver Operating Characteristics (ROC) curves of nine deep learning models. 

Similar to Accuracy, the highest Area Under the Curve (AUC) value was achieved by the ConvNeXtTiny 
model (99.37%). The highest AUC value suggests that ConvNeXtTiny is better than other eight models 
in flood image classification. 

 

 
Fig. 4. ROC curves of various deep learning models 
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4. Conclusions 
 

In conclusion, this paper provides a comparative study of different CNN-based models’ 
performance for flood detection. These models were trained on a public dataset and evaluated using 
various performance metrics. The experimental results showed that ConvNeXtTiny outperformed all 
other eight CNN architectures in flood image classification. Findings obtained from this study can lead 
to more innovations of effective and accurate disaster preparedness, response, and recovery 
solutions, which could help in mitigating the negative impacts of natural disasters. 

However, there are several limitations in this study which need to be further improved. First, data 
augmentation was not involved in the data pre-processing phase, causing overfitting issue in the 
deep learning models. Second, the dataset used in the experiments was rather small, which could 
not explore the full potential of deep learning algorithms. As a result, in the future research, we plan 
to perform data augmentation for image processing to address the overfitting problem. Additionally, 
we will also use more significant datasets to examine the generalization ability of the deep learning 
models for flood detection. 
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