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INTRODUCTION 

1. Rationale for the Research Topic 

Ship detection, identification, and classification play a crucial role in maritime surveillance 

and sovereignty protection. Currently, coastal monitoring systems mainly rely on pulse radar 

and surveillance cameras. 

Pulse radar is widely used for long-range target detection and tracking under various weather 

and lighting conditions. It provides important information such as target position, velocity, 

and direction, enabling early detection of intrusions or abnormal activities. However, radar 

signals only reflect the electromagnetic characteristics of targets and cannot provide visual 

information, which limits the ability to accurately identify vessel types. 

In contrast, surveillance cameras provide visual images that allow detailed observation of 

vessel shape, size, flags, and behavior. Cameras are increasingly deployed at radar stations 

and coastal observation centers. Nevertheless, their detection range is limited and their 

performance is strongly affected by weather and lighting conditions. 

To overcome these limitations, modern coastal surveillance systems often integrate radar and 

cameras. Radar performs long-range detection while cameras provide detailed observation 

when targets approach coastal areas. However, ship identification and classification in these 

systems still depend largely on operator experience, leading to subjectivity and reduced 

efficiency in complex and high-density maritime environments. 

Therefore, research on applying artificial intelligence to automate ship detection, 

identification, and classification based on radar signals and camera imagery is necessary. 

2. Research Objectives 

The thesis aims to develop artificial intelligence–based methods for ship detection, 

identification, and classification using radar reflection signals and surveillance camera 

imagery, thereby improving accuracy, objectivity, and automation in coastal surveillance 

systems. 

3. Research Tasks 

To achieve these objectives, the thesis focuses on the following tasks: 

- Study and process surveillance camera image data for ship detection. 

- Analyze the characteristics of radar signals. 

- Develop and evaluate a deep learning model for ship detection based on radar signals. 

- Develop and evaluate a deep learning model for ship detection based on images. 



2 
 

4. Research Scope 

The research focuses on radar reflection signals and camera image data collected from public 

datasets and in-house datasets. The study mainly develops, trains, and evaluates artificial 

intelligence models in a prototype environment without large-scale hardware deployment. 

The work concentrates on technical aspects such as radar signal processing, image processing, 

and algorithm efficiency, without addressing legal, policy, or international cooperation issues 

in maritime surveillance. 

5. Research Approach and Methodology 

5.1 Research Approach 

The research integrates radar signals and surveillance camera data to exploit their 

complementary strengths in coastal monitoring systems. Artificial intelligence, machine 

learning, and deep learning techniques are applied to automatically extract features and 

classify ships, reducing dependence on human operators. 

5.2 Research Methodology 

For image data, deep learning models are used to detect ships and classify their categories 

based on available ship image datasets. 

For radar signals, signal preprocessing, noise filtering, and feature extraction techniques are 

applied. Clustering methods are used to group signal patterns, and the results are integrated 

into classification models for ship identification. 

System performance is evaluated based on recognition accuracy, classification capability, 

processing speed, and stability in complex maritime environments. 

 

CHAPTER 1: LITERATURE REVIEW 
Chapter 1 presents an overview of coastal surveillance and the importance of ship 

identification and classification in increasingly complex maritime environments. Early 

detection, tracking, and classification of maritime targets are essential for maritime safety, 

resource management, and sovereignty protection. 

Current coastal surveillance systems mainly use radar and camera sensors with 

complementary capabilities. Radar enables long-range detection and tracking under various 

environmental conditions but lacks visual information for accurate ship identification. In 

contrast, camera systems provide detailed visual information for target recognition, although 

their performance is limited by distance, lighting, and weather conditions. 

Previous international studies highlight the important role of radar systems such as X-band 

radar and Pulse-Doppler radar in maritime target detection, often exploiting radar signal 

characteristics like Doppler features and radar cross section. Meanwhile, deep learning 

methods using camera images have achieved promising results in ship detection and 

classification tasks. 

However, domestic research mainly focuses on HF radar for oceanographic monitoring, while 

studies combining pulse radar data with image data for ship recognition remain limited. 
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Therefore, integrating radar signals, camera imagery, and artificial intelligence is a promising 

approach to improving ship recognition and classification performance in coastal surveillance 

systems. 

 

CHAPTER 2: THEORETICAL FOUNDATIONS 

Chapter 2 presents the theoretical foundations for ship detection and classification in coastal 

surveillance systems using image data. It first introduces surveillance camera systems and the 

role of image sensors in collecting visual data for object analysis and recognition. Image data 

from these systems provide an important source for applying image processing and artificial 

intelligence techniques. 

The chapter reviews object detection approaches, including traditional methods based on 

manually designed features such as color, edges, and shape, and modern deep learning 

methods. Deep learning models, particularly Convolutional Neural Networks (CNNs), can 

automatically learn representative features from images with higher effectiveness. 

Representative detection architectures such as YOLOX and Transformer-based models like 

DETR are also introduced. 

Common evaluation metrics for object detection are presented, including Precision, Recall, 

F1-score, Intersection over Union (IoU), Average Precision (AP), and mean Average 

Precision (mAP). These metrics are used to evaluate detection accuracy and model 

performance. In addition, clustering and classification methods used in data analysis and 

signal processing are reviewed to support dataset organization and model training. Finally, 

model optimization techniques and training strategies are discussed to improve deep learning 

performance, providing a theoretical basis for the methods proposed in subsequent chapters. 

 

CHAPTER 3: SHIP DETECTION FROM CAMERA SIGNALS 

3.1 Dataset and Experimental Setting 

To evaluate the proposed method, this research uses the SeaShips [15] dataset. Previous works 

shows that many studies use 80% of published data for training/validation and 20% for 

testing. We select DTrain
1, consisting of 5,600 images, for training and DTest

1, consisting of 1,400 

images, for testing. Recent works also use more challenging contexts with 50% training data 

and 50% test data. We prepare DTrain
2  and DTest

2 following this setting for comparison. To 

evaluate performance on very small datasets, we randomly select subsets S₁, S₂, S₃ comprising 

30%, 70%, and 100% of samples from DTrain
2 for subsequent experiments. 

3.2 Experimental Results with YOLoX Model 

3.2.1 Selection of Hyperparameter αKL 
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This section discusses how to select hyperparameter αKL for training. The results are described 

in Figure 3.1. The results show that the optimal value of αKL is 0.125. 

 

Figure 3.1: The mAP values corresponding to different αVIB  parameters. The x-axis 

represents the αKL parameter, and the y-axis represents the average accuracy. 

Without using the feature selection technique, mAP reaches only 0.923. When αKL is 0.05, the 

mAP increases to 0.928. When αKL is increased, the mAP increases progressively. However, 

when αKL is 0.15, the mAP begins to decrease, and when αKL = 0.2, the mAP is reduced to 

0.914. When αKL is 0.2, the mAP is lower the baseline without feature selection. This 

phenomenon occurs because the feature selection reduces the number of features selected for 

the primary task. When too many features are reduced, the classifier may lack information 

for classification. Therefore, αKL = 0.125 is optimal for the dataset. 

3.2.2 Comparison with State-of-the-Art Methods for Ship Detection 

This section compares our proposed method with state-of-the-art methods. Based on 70,000 

images published from the SeaShip [12], Zhang_2022[15] and Zhang_2021[16] used 90% 

data for training and validation; the remaining 10% is the test dataset. Liu_2020[17], 

Liu_2022[18], Han_2021[19], and Light_SDNet[20] used 80% data for training and 

validation, with 20% as the test dataset. To compare with these methods, we use DTrain
1 for 

training and DTest
1 for testing. The results in Table 3.1 show that our method achieves higher 

accuracy compared to these SoTA.  

Table 3.1: Comparison of performance of different methods. The best results are shown in 

bold. 
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Method Train+Val 

/ Test (in 

%) 

fishing 

boat 

container 

ship 

ore 

carrier 

bulk 

cargo 

carrier 

passenger 

ship 

general 

cargo 

ship 

mAP 

Zhang_2022 

[15] 

90/10 0.824 0.940 0.859 0.915 0.787 0.914 0.873 

Zhang_2021 

[16] 

90/10 - - - - - - 0.946 

Liu_2020 

[17] 

80/20 - - - - - - 0.908 

Liu_2022 

[18] 

80/20 - - - - - - 0.964 

Han_2021[19] 80/20 - - - - - - 0.906 

Light_SDNet 

[20] 

80/20 0.986 0.995 0.989 0.990 0.982 0.989 0.988 

Proposed 

method 

80/20 0.979 1 0.987 0.994 0.994 0.993 0.991 

Yani_2022 

(ESDT) [13] 

50/50 - - - - - - 0.593 

Yani_2022 

(DETR)[13] 

50/50 - - - - - - 0.965 

Biaohua_202 

[14] 

2 50/50 0.940 0.987 0.966 0.978 0.937 0.972 0.963 

Proposed 

method 

50/50 0.970 0.986 0.984 0.991 0.964 0.989 0.98 
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3.3 Experimental Results with DETR 

3.3.1 Hyperparameter Selection 

The number of queries can significantly affect the output quantity of a DETR-based detector. 

This section focuses on selecting appropriate parameters to control the model. We compare 

performance when nqueries takes values [300, 200, 100, 50]. The sets DTrain
2  and DTest

2 are 

selected as training and test sets to ensure a high-challenge problem setup, meaning 50% of 

data is used for testing. 

Experimental results are presented in detail in Table 3.2. In the mmdetection library, the 

default value for nqueries is 300. Observation shows that using this default setting leads to a 

significant increase in detection quantity. For example, the detection quantity for the fishing 

boat class is 204,449. This trend results in reduced average precision (AP) to 0.798, while 

recall increases to 0.913. Additionally, the high detection quantity for fishing boats may be 

due to more labels of the category in the dataset. 

By reducing nqueries, bias in detections is significantly minimized. Specifically, when 

n_queries is reduced to 200, 100, and 50, the fishing boat detection quantities decrease 

correspondingly to 208,817, 119,774, and 96,577. Furthermore, reducing this parameter helps 

balance detection quantities across different vessel types. With nqueries = 300, the lowest 

detection quantity belongs to container ships (6,300). However, when nqueries = 50, the lowest 

detection quantity increases to approximately 18,949, and detection distribution among 

container ships, ore carriers, and passenger ships becomes relatively similar. 

Table 3.2: Comparison of Deformable DETR performance with different numbers of queries. 

The best results are shown in bold. 

 

 dets recall AP dets recall AP dets recall AP dets recall AP 

fishing boat 204449 0,913 0,798 208817 0,985 0,970 119774 0,986 0,969 96577 0,972 0,949 

container ship 6300 0,989 0,894 11460 0,995 0,995 31083 0,995 0,989 18949 0,998 0,997 

ore carrier 53520 0,987 0,923 49362 0,997 0,992 62122 0,996 0,989 18949 0,993 0,987 

bulk cargo carrier 45541 0,985 0,912 47754 0,996 0,992 46490 0,997 0,986 76230 0,996 0,989 

passenger ship 22498 0,968 0,610 16199 0,970 0,957 14866 0,968 0,936 20043 0,972 0,926 
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general cargo ship 17692 0,987 0,930 16408 0,995 0,992 75665 0,995 0,991 98537 0,996 0,990 

mAP   0.844   0.982   0.977   0.973 

 

3.3.2 Comparison with State-of-the-Art Methods (SoTA) 

This section compares our proposed method with state-of-the-art methods (SoTA) based on 

the mAP index. For each method, corresponding training and test datasets are used. 

Specifically, we use DTrain
1  and DTest

1 to train our model and compare with Zhang_2022, 

Zhang_2021[16], Liu_2020, Liu_2022, Han_2021, SDNet_2022, and DETR-based methods. 

Additionally, we use DTrain
2  and DTest

2 to train another model and compare it to 

Biaohua_2022, Yani_2022, and DETR-based methods. 

Because the mAP is maximum when nqueries = 200 for our method, we select this setting for 

this experiment. Given the results in Table 3.3, several conclusions can be drawn: 

 The base framework is a key factor for achieving better results: Cui_2019 and 

Liu_2020 were developed based on YoloV3. Therefore, their performance is not as 

good as Liu_2022, which is based on the SSD framework. Han_2021 is based on 

YoloV4, but performance shows no improvement over Liu_2020 (based on YoloV3). 

Leveraging YoloV5 advantages, SDNet_2022 achieved significant improvement over 

Liu_2020. The YoloV5 framework increases mAP index by up to 8% compared to 

YoloV3. The DETR-based method is based on YOLoX, while our method is based on 

the DETR backbone. Recently, these frameworks have become predominant methods 

for object detection tasks. Therefore, the achieved results are better than other 

methods. Notably, ship detection research typically leverages an object detection 

framework as a base, accompanied by task-specific modifications. Therefore, 

inheriting the capabilities of such a new and powerful framework inevitably leads to 

improved results. 

 When the number of training samples decreases, DETR-based methods tend to 

perform more effectively than CNN-based methods. Specifically, in the table, 

Biaohua_2022 is a CNN-based detection model, while Yani_2022 is a DETR-based 

model. The mAP indices of Yani_2022 and Biaohua_2022 are 0.965 and 0.9963, 

respectively. However, this performance can be improved by selecting appropriate 

hyperparameters. In our research, by setting nqueries = 200, the mAP index was 

improved to 0.981. 
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 The proposed method is equivalent to the current best CNN-based method for ship 

detection. If the training dataset has more samples than the test set, our method is 

equivalent to YOLO-based methods and DETR-based methods. Specifically, when 

using DTrain
1 and DTest

1 for training and testing, the mAP index of both our method and 

DETR-based methods are similar. However, when the number of samples in the 

training set equals the number in the test set, our method slightly outperforms the 

DETR-based method. 

Table 3.3: Comparison of performance of different methods. The best results are 

shown in bold. 

Method Train+Val 

/ 

fishing container ore bulk passenger general mAP 

 Test (in 

%) 

boat ship carrier cargo ship cargo  

     carrier  ship  

Zhang_2022 

[20] 

90/10 0.824 0.940 0.859 0.915 0.787 0.914 0.873 

Zhang_2021 

[12] 

90/10 - - - - - - 0.946 

Cui_2019 [21] 80/20 0.900 0.940 0.90 0.910 0.910 0.900 0.910 

Liu_2020 [22] 80/20 - - - - - - 0.908 

Han_2021 [19] 80/20 - - - - - - 0.906 

Liu_2022 [16] 80/20 - - - - - - 0.964 

SDNet_2022 

[20] 

80/20 0.986 0.995 0.989 0.990 0.982 0.989 0.988 

Method based 

on DETR [23] 

80/20 0.979 1 0.987 0.994 0.994 0.993 0.991 

Ours (nquery 

=200) 

80/20 0.982 1 0.989 0.991 0.995 0.990 0.991 



9 
 

Yani_2022 

(ESDT) [13] 

50/50 - - - - - - 0.593 

Yani_2022 

(DETR) [13] 

50/50 - - - - - - 0.965 

Biaohua_2022 

[14] 

50/50 0.940 0.987 0.966 0.978 0.937 0.972 0.963 

Method base on 

DETR [23] 

50/50 0.970 0.986 0.984 0.991 0.964 0.989 0.98 

Ours (nquery 

=200) 

50/50 0.970 0.995 0.992 0.992 0.957 0.992 0.982 

3.3.3 Ablation Study 

This section discusses an ablation study on loss functions during training. Deformable DETR 

uses multiple loss functions for training, including focal loss, GIoU loss, and L1 loss, each 

serving a specific purpose: focal loss for classification, GIoU for bounding box regression, 

and L1 for object detection. The combination of these loss functions ensures training success. 

Although all loss functions play crucial roles, their contribution levels can be adjusted. By 

default, weights are set to 2.0 for focal loss, 2.0 for GIoU loss, and 5.0 for L1 loss. To evaluate 

the impact of each component, we reduced the weights of these loss functions by 10 times 

(performed sequentially for each) and compared results with default settings. Results in Table 

3.4 demonstrate that Lcls (classification loss function) is the most critical factor; reducing its 

weight leads to significant performance degradation. Conversely, reducing the object loss 

function has less impact, as performance remains at levels nearly equivalent to the initial 

setting. Localization capability is slightly affected by the GIoU loss function, as shown by 

mAP decreasing to 0.931 from 0.941 in the initial setting. 

Table 3.4: Comparison of mAP of Deformable DETR when reducing training loss functions. 

 LGIoU L1 Lcls 

fishing boat 0.899 0.899 0.227 

container ship 0.976 0.985 0.246 

ore carrier 0.953 0.947 0.212 
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bulk cargo carrier 0.951 0.966 0.151 

passenger ship 0.845 0.849 0.0173 

general cargo ship 0.964 0.969 0.160 

mAP 0.931 0.936 0.178 

3.3.4 Feature Analysis 

Experimental results in Section 3.3.2 indicate that DETR methods perform better than CNN 

methods when the training sample is limited. However, it is worth explaining why DETR 

based method is better than the Yolo base method 

To address the question, we visualize features generated by both methods after the backbone, 

neck, and head sections of the model. For each input image, feature maps are extracted after 

each module. The total value of a feature map represents its importance level. Thus, we 

selected the 20 most important feature maps for each backbone, neck, and head section to 

generate a heatmap. This map is computed as the average of all important feature maps and 

represents focal regions in the image. Figure 3.2 illustrates examples of heatmaps generated 

from an input image. The first row shows feature maps from DETR, the second row shows 

heatmaps from the DETR-based method (using a feature selection loss function), and the third 

row presents heatmaps from YOLOX based entirely on CNN networks. Results show that 

DETR, with its attention mechanism, can better focus on non-background objects. For 

example, after the head section, feature maps highlight text displaying scores in the survival 

system, and the ship is also highlighted, though less clearly than the text. As features are 

processed through the neck section, higher-level semantic features are learned, making the 

ship more prominent while the text focus decreases. Main focal points concentrate on the ship 

in the head section, with text attention diminishing. 

Conversely, the DETR-based method generates sparse heatmaps where many pixels at image 

edges show no response. However, these maps do not concentrate precisely on the object. 

This occurs because the DETR-based method uses a feature selection loss function to 

determine important features, resulting in sparse, highly discriminative feature maps that do 

not precisely center on the object. The overall heatmap distribution is relatively similar, with 

minor improvements from backbone to head. Without the feature selection loss function, the 

heatmap distribution would likely be more uniform, as shown in the third row. 
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Figure 3.2: Feature map at the head, neck, and backbone. (Text in the original image has been 

removed.) 

 

CHAPTER 4: RADAR DATA ANALYSIS USING DEEP LEARNING 

TECHNIQUES 

4.1 Expert Knowledge-Based Clustering Method for Ship Classification 

4.1.1 System Overview 

The system overview is presented in Figure 4.1. The radar signal dataset is annotated with 

attributes based on expert knowledge. The deep learning model learns features that both 

reconstruct radar reflection signal information and predict labeled attributes for each sample. 

Finally, these features are used for data clustering. 

 

Figure 4.1: Overview of the proposed methods 



12 
 

Section 4.1.2 presents how attributes describe vessel types and the rationale for selecting 

them. Section 4.1.3 describes attribute annotation for each sample in the dataset. Section 4.1.4 

presents the model architecture and objective function. 

4.1.2 Expert - based attributes 

To analyze attributes that support vessel clustering, fishing boat, military, and cargo vessel 

samples were separated and displayed in Figures 4.2, 4.3, and 4.4. Fishing boats have small 

sizes and hull characteristics, resulting in low-amplitude radar reflection. Additionally, 

fishing boats often travel together, potentially creating multiple wave peaks in a single 

reflection, as shown in Figure 4.2. In Figure 4.3. When a military vessel is far from the radar 

station, the reflected signal has a small peak amplitude, as in Figure 4.3a. Conversely, when 

near the radar station, the reflection has large peak and trough amplitudes as in Figure 4.3b. 

For cargo vessels: when a cargo vessel is distant with a tendency to run parallel to the coast, 

the reflection has low amplitude and higher peak as in Figure 4.4a. When a ship is near the 

coast but not heading into port, the reflection has a larger amplitude. Also amplitude is large; 

additionally, peak fluctuations remain large as in Figure 4.4b. When near the coast and 

heading into port, signal amplitude is large, but signal width is only moderate because only 

the vessel bow contacts the radar wave as in Figure 4.4c. 

 

Figure 4.2: Waveform of fishing vessels, the vessels in only group 1 

Based on these analyses, the following characteristics are used to assess vessel type based on 

radar reflection: 
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(a) From group 1                                               (b) From group 2 

Figure 4.3: Waveforms of military ships 

 

(a) From group 1            (b) From group 2                 (c) From group 3 

Figure 4.4: Waveforms of cargo ships. 

 Number of peaks in the reflected signal: typically, radar reflection waveforms have 

only one peak. For fishing boats, due to the small object size and occasional 

interference from nearby fishing boats, multiple peaks may appear.  

 Peak amplitude of the reflected signal: this is the maximum value of the peak section, 

significantly affecting clustering results if using raw sensor signals. 

 Peak width of the reflected signal: this characteristic is very small for fishing boat 

reflections. For military vessels, this value can be small or moderate depending on the 

distance. The cargo vessel’s peak is very large due to stacked containers. However, 

this characteristic only takes a moderate value when heading toward shore. 

 Peak fluctuation of the reflected signal: this characteristic describes fluctuation at the 

peak section. For fishing boats or military vessels, this value tends to be smaller. Cargo 

vessels typically have large values according to this characteristic. 

 Trough amplitude of the reflected signal: this characteristic describes the bottom 

section of a waveform. For fishing boats, this value is very small due to the small 

vessel size. Cargo vessels or military vessels have larger values due to hull 

characteristics. 
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 Through fluctuation of the reflected signal: with this characteristic, fishing boats 

typically have small values, while military and cargo vessels typically have large 

values. 

4.1.3 Attribute Extraction 

Let the radar reflection signal be x. The process for extracting attributes in Section 4.1.2 is 

described as follows: 

1. Apply a first-order Butterworth filter to extract low-pass component xH and high-pass 

component xL . 

2. Apply peak detection algorithm [24] to detect the number of peaks npeak  in waveform 

x. 

3. Using the low-frequency signal xL, separate peak and trough sections based on start 

time B and end time E of the highest peak. The description of times B and E is shown 

in Figure 4.5. Let min30(x)  be the set of 30% smallest values of x; Base value in Figure 

4.5 is determined by the formula Base = mean(min30(x)) 

 

 

Figure 4.5 Peaks and troughs of the radar reflection waveform 

4. Based on start time B and end time E of the highest peak, extract information on peak 

and trough sections from low-frequency component xL and high-frequency component 
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xH  Specifically, xBE
L is the peak section of the low-frequency signal; while x∼

L 
BE is 

the trough section of the low-frequency signal. 

5. Let N be the number of elements in a radar reflection signal sample. Characteristics 

on peak width, peak amplitude, peak fluctuation, trough amplitude, and trough 

fluctuation are calculated by Equations 4.1, 4.2, 4.3, 4.4, and 4.5 respectively. 

𝐿𝑝𝑒𝑎𝑘 =
𝐸−𝐵

𝑁
                                                             (4.1)  

𝐴𝑝𝑒𝑎𝑘 = 𝑚𝑒𝑎𝑛(𝑚𝑎𝑥30(𝑥𝐵𝐸
𝐿 ))                                      (4.2)  

𝑆𝑝𝑒𝑎𝑘 = 𝑚𝑒𝑎𝑛[𝑥𝐵𝐸
𝐻 2

]                                               (4.3) 

𝐴𝑏𝑎𝑠𝑒 = 𝑚𝑒𝑎𝑛(𝑥∼𝐵𝐸)                                              (4.4) 

𝑆𝑏𝑎𝑠𝑒 = 𝑚𝑒𝑎𝑛[𝑥∼𝐵𝐸
𝐻 2

]                                             (4.5) 

4.1.4 Feature Extraction Model and Objective Function 

The model architecture used in the paper is described as follows: 

Encoder model: :𝒇𝛉𝑬(. ) is used for feature extraction. This block is a sequence of blocks from 

the list [nn.linear,nn.relu,]. 

Decoder model: 𝒇𝛉𝑫(. ) is used to recover the original information. This block is a sequence 

of blocks from the list [nn.linear,nn.relu,]. 

Attribute prediction model: 𝒇𝛉𝑫(. ) is used to predict attributes from features extracted by the 

encoder block. Layers in the attribute prediction block are described as [nn.linear,nn.relu,]. 

Let x be a 500-element vector describing the sensor input signal, and x ̂ be the reconstructed 

waveform. The objective function for data reconstruction is described in Equation 4.6. 

𝐿𝑅(𝑥, 𝑥̂) = ||𝑥 − 𝑥̂||
2
     (4.6) 

Let a be the attribute labeled in Section 4.1.3 and â be the attribute predicted from the attribute 

prediction model. The attribute objective function is described in Equation 4.7. 

𝐿𝐴(𝑎, 𝑎̂) = ||𝑎 − 𝑎̂||
2
     (4.7) 

The parameter α controls the balance between two constraints 𝐿𝑅(𝑥, 𝑥̂) and 𝐿𝐴(𝑎, 𝑎̂) .The 

objective function for training the feature extraction model is described as follows: 

𝐿𝑜𝑠𝑠(𝑥, 𝑎) = 𝐿𝑅 (𝑥, 𝑓θ𝐷 (𝑓θ𝐸(𝑥))) + α𝐿𝐴 (𝑎, 𝑓θ𝐴 (𝑓θ𝐸(𝑥)))    (4.8) 

4.2 Clustering Results for Ship Signals 
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4.2.1 Experimental Results with Traditional Methods 

This section presents experimental results based on traditional clustering algorithms. The K-

means algorithm is used with different features such as FFT[25], DCT[26], and DWT[27]. 

Additionally, data normalization schemes are applied to features to compensate for 

nonlinearity when converting signals from the time domain to the frequency domain. 

Experimental results are described in Table 4.1. Results show that features in the time domain 

provide better results than FFT or DCT features. 

Table 4.1: Clustering results based on Kmeans and features. 

Đặc 

trưng 

Chuẩn 

hoá 

MI A_MI NorMI A_RS Complex Flow 

Raw TRUE 14.41 17.48 17.61 03.05 24.78 51.59 

Raw FALSE 76.26 71.27 71.30 72.11 70.32 81.93 

FFT TRUE 49.11 46.22 46.28 46.96 46.00 65.86 

FFT FALSE 60.71 57.35 57.40 54.57 57.22 70.83 

DCT TRUE 60.81 59.58 59.63 47.23 61.75 67.72 

DCT FALSE 57.81 55.71 55.76 47.55 56.75 67.23 

DWT TRUE 44.63 45.79 45.86 34.65 50.05 61.95 

DWT FALSE 76.26 71.27 71.30 72.11 70.32 81.93 

 

4.2.2 Comparison with Advanced Deep Learning Methods 

Table 4.2: Comparison with deep learning clustering methods. 

Methods MI A_MI NorMI A_RS Complex Flow 

AE [28] 77.28 72.19 72.22 73.03 71.19 82.51 

VAE [29] 79.18 74.16 74.19 76.56 73.33 84.84 

DEC [30] 77.59 72.47 72.50 73.44 71.46 82.27 



17 
 

DeepCluster 

[31] 

75.33 70.39 70.43 87.12 71.75 69.45 

Proposed 

method 

84.37 80.01 80.03 84.98 80.07 90.39 

Only 

attribute 

28.48 26.72 26.81 19.92 26.60 26.61 

This section compares the proposed method with deep learning clustering methods including 

AE[28], VAE[19], DEC[30], and DeepCluster[31]. AE[28] and VAE[29] are classical 

methods where feature extraction blocks and data clustering blocks are separated. Unlike 

classical deep learning methods, the proposed method benefits from attribute information to 

improve feature extraction. In conditions with limited data, leveraging expert knowledge to 

train the feature extraction model is an appropriate approach. Accordingly, the feature 

extraction block not only helps reconstruct original information but sometimes assists in 

predicting sample attributes. We see the MI value significantly increases to 84.13% 

corresponding to α = 0.1. It should be noted that clustering based solely on attribute 

information results in MI, A_MI, N_MI, RS, A_RS, CS, and FM_S values of 0.2848, 0.2672, 

0.2680, 0.5083, 0.1992, 0.2660, and 0.4838, respectively. This shows that attribute annotation 

does not directly assist clustering; however, when combined with the signal reconstruction 

objective function, learned features will support finding better features for clustering. For this 

reason, when designing the clustering block, we need to use multiple neural network layers 

to reduce the impact of attribute prediction on clustering features. 

4.3 Ship Classification Through Clustering Techniques 

4.3.1 System Overview 

Due to the limited nature of collected datasets, this dissertation uses only traditional methods 

for ship classification. Clustering algorithm is a technique dividing a set of input samples into 

different clusters. A cluster is a group of data points similar based on their relationships with 

surrounding points. One of the simplest and most easily implemented clustering algorithms 

is the K-means technique. 
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Figure 4.6: System Overview 

The K-means algorithm works best on smaller datasets because it iterates over all data points. 

This means it takes longer to classify if there is a large amount of data. With dataset X = 

[x1,x2,...,xN] ∈ RdxN consisting of N samples represented by d features, the K-means algorithm 

divides this dataset into K clusters. Within each cluster, members must be as similar as 

possible. Each cluster is represented by a cluster center mk ∈ Rdx1(k = 1 ∼ K);  and for each 

point in the dataset, a label must be assigned to determine which cluster the sample belongs 

to. 

4.4 Experimental Results 

4.4.1 Comparison of Features in Frequency Domain and Time Domain. 

Traditionally, 1D[33], [34] signal classification problems must segment signals before 

classification. Because signals in the time domain are easily affected by segmentation, 

frequency features of 1D signals are extracted to eliminate this effect. However, in this 

application, radar emitted signals are modulated by square pulses, so the segmentation 

problem is well-solved. Therefore, signals in the time domain can also be reliable signals for 

machine learning algorithms. In this experiment, we investigate the impact of features in the 

frequency domain and the spatial domain on machine learning algorithms. Two basic machine 

learning tasks, clustering and classification, are applied with FFT features and features in the 

time domain. For each task, we use 33% of data for testing and 66% for training. Algorithms 

are implemented based on the sklearn library. 

For the clustering task, we use the K-means algorithm to divide data into 3 clusters. Clustering 

results are presented in Table 4.3. 

During evaluation, a test sample is input to the cluster generator created during training. The 

sample is assigned to one of the three clusters created during training. 
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Table 4.3: Classification results with different characteristics of ship types. 

 Training process 

  Fishing 

boat 

Military 

transport 

ship 

regular 

cargo 

ship 

FFT 

 C0 418 14 21 

C1 0 13 205 

C2 1 186 232 

FFT + 

Scaling 

 C0 0 18 299 

C1 399 33 28 

C2 20 162 201 

FFT + Log 

 C0 367 9 9 

C1 2 45 308 

C2 50 159 141 

Time domain 

 C0 0 0 341 

C1 419 7 28 

C2 0 206 89 

 The evaluation process 

FFT 

 C0 192 6 10 

C1 0 9 114 

C2 0 100 106 

 C0 0 16 116 
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FFT + 

Scaling 

C1 186 15 12 

C2 6 84 102 

FFT + Log 

 C0 175 2 6 

C1 1 32 160 

C2 16 81 84 

Time domain 

 C0 0 0 180 

C1 192 4 14 

C2 0 111 36 

 

Table 4.4: Summary of neural network configurations and training parameters 

Parameter Solver Coefficient 

Regulization 

Hidden Layer 

Size 

Random 

State 

S1 lbfgs 1e-5 (300,200,100,50) 100 

S2 lbfgs 1e-5 (300,100,50) 100 

S3 lbfgs 1e-5 (200,75) 100 

S4 lbfgs 1e-5 (100,75) 100 

S5 lbfgs 1e-5 (75,50) 100 

Not only did the students perform clustering using different features, but they also performed 

ship classification directly based on the features used in the clustering problem. The students 

used three neural network configurations (S1, S3, S5) to evaluate the role of the features. 

Among these classifiers, configuration S1 had the highest complexity because it consisted of 

many layers, and the number of nodes in each layer was high. Model S5 had the lowest 

complexity because it only had 2 hidden layers, and the number of nodes for each layer was 

low. Details of these classifiers are described in Table 4.4. Experimental results in Table 4.5 

show that the FFT feature is not suitable for ship classification. The very low classification 

results demonstrate that the model cannot converge well to classify ships. If nonlinear factors 
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are compensated for by data normalization [35] and log functions, the model can learn but 

the accuracy is not high. The best possible value achieved on the test set was 96%, while the 

time-domain classification accuracy was 98%. This result is consistent with the results 

obtained when implementing the clustering algorithm, indicating that the time-domain signal 

is good enough for processing maritime radar signals. 

Table 4.5: Classification results using different characteristics with training/test ratios. 

Pha test 

  ACC F1-Score 

FFT 

S1 

S3 

0.1195 

0.5680 

0.2364 

0.6312 

 S5 0.3910 0.4357 

FFT + Scaling 

S1 

S3 

0.9606 

0.9606 

0.9608 

0.9608 

 S5 0.9492 0.9497 

FFT + Log 

S1 

S3 

0.9414  

0.9243 

0.9422  

0.9255 

 S5 0.0945 0.9255 

Time domain 

S1 

S3 

0.9813 

0.9795 

0.9814 

0.9795 

 S5 0.9795 0.9795 

4.4.2 Impact of Clustering Algorithm on Classification Task 

This section demonstrates the effectiveness of the proposed method using clustering 

algorithms for data preprocessing before classification. Like traditional classification 

problems, we use accuracy and F1-score to evaluate system effectiveness. However, to 
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emphasize the contribution of the clustering process, we use the enhancement ratio of ACC 

and F1-score as in Equation 4.13. 

𝐸 =
𝑃𝑐𝑙𝑢𝑠−𝑃

𝑃
100      (4.13) 

 

Figure 4.7: Enhancement of ACC and F1-Score when the training/testing ratio is 66%/33% 

Here, P is the system performance without preprocessing clustering; P_clus is system 

performance with clustering preprocessing. Performance here includes accuracy (ACC) or 

F1-score. If this value is greater than 0, we can conclude that preprocessing through clustering 

helps improve classification quality. Conversely, if this value is less than 0, clustering 

preprocessing does not help enhance performance. We conduct experiments with multiple 

different neural network configurations from very dense (S1) to very sparse (S5). Details of 

these configurations are listed in Table 4.4. Figure 4.7 and 4.8 show the enhancement level 

of accuracy and F1-Score when selecting training/testing ratios of 66%/33% and 66%/50%. 

 

Figure 4.8: Enhancement of ACC and F1-Score when the training/testing ratio is 66%/50% 

CHAPTER 5: CONCLUSIONS AND RECOMMENDATIONS 

Maritime surveillance and security assurance are of critical importance for marine economic 

development, the protection of national sovereignty, and the maintenance of maritime order. 

In the context of increasing maritime activities in both scale and complexity, single-sensor 

surveillance systems exhibit significant limitations, particularly in ship detection, 

identification, and classification tasks. Addressing these practical requirements, this 
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dissertation focuses on methods for coastal surveillance that combine pulsed radar signals 

and camera image data, supported by modern artificial intelligence techniques. 

Through a systematic review of domestic and international publications, the dissertation 

shows that most existing studies treat radar and image data separately. While radar systems 

excel at target detection and tracking under all weather conditions, cameras provide rich 

semantic information useful for identification and classification. However, integrating these 

two sensor types in realistic coastal environments characterized by noise and variability 

remains a significant research challenge. 

For image data, the dissertation proposes two deep learning–based models for ship detection. 

The first model is based on convolutional neural networks combined with feature selection 

blocks designed to remove redundant information and highlight highly discriminative 

features. Experimental results demonstrate that this model achieves higher accuracy 

compared with many advanced methods, particularly when training data are limited. The 

second model is based on a transformer architecture, which exploits attention mechanisms to 

focus on important regions in images. This model shows strong generalization ability with 

small datasets and provides meaningful attention maps that support result interpretation and 

explanation. 

For pulsed radar signals, the dissertation constructs a realistic dataset collected from coastal 

radar stations in Vietnam, addressing the limitations of previous studies that primarily rely 

on simulated data. Based on this dataset, expert knowledge is combined with machine 

learning techniques to extract features reflecting the physical and kinematic characteristics of 

targets. The proposed ship clustering and classification method based on radar signals 

demonstrates the capability to distinguish major vessel groups while also revealing 

limitations of traditional approaches that are strongly affected by observation distance. 

In summary, this dissertation contributes both theoretically and practically to the field of 

coastal surveillance. From an academic perspective, it clarifies the role of deep learning and 

selective feature representation in ship recognition under limited data conditions. From a 

practical perspective, the developed models and datasets provide a foundation for the 

development of intelligent coastal surveillance systems aimed at greater automation, 

improved reliability, and reduced operational dependence on human factors. 
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