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Abstract: Image-based ship detection is a critical function in maritime security. However, lacking
high-quality training datasets makes it challenging to train a robust supervision deep learning model.
Conventional methods use data augmentation to increase training samples. This approach is not
robust because the data augmentation may not present a complex background or occlusion well.
This paper proposes to use an information bottleneck and a reparameterization trick to address the
challenge. The information bottleneck learns features that focus only on the object and eliminate all
backgrounds. It helps to avoid background variance. In addition, the reparameterization introduces
uncertainty during the training phase. It helps to learn more robust detectors. Comprehensive
experiments show that the proposed method outperforms conventional methods on Seaship datasets,
especially when the number of training samples is small. In addition, this paper discusses how to
integrate the information bottleneck and the reparameterization into well-known object detection
frameworks efficiently.

Keywords: ship detection; maritime security; information bottleneck

1. Introduction

Detecting and tracking vessels are routine and pressing tasks due to considerations
related to security, safety, and environmental management. The regulation V/19-1 of
the 1974 SOLAS convention requires specific ships must be equipped with a Long-Range
Identification and Tracking (LRIT) system [1]. However, the information is only transmitted
automatically every six hours from the LRIT equipment installed on the ship via the
Inmarsat satellite. Another solution for tracking and identifying ships is the automatic
identification system (AIS) [2]. An automatic identification system (AIS) is an automated
tracking system that displays other vessels in the vicinity. The broadcast transponder
system operates in the VHF mobile maritime band; hence, the transceiver range is limited
and depends on weather conditions. Moreover, the system can be turned off manually and
can be easily tampered with. For the aforementioned reasons, each country has established
a radar-based monitoring system [3] for overseeing its maritime regions. This system is
robust in various environments and can detect multiple objects at far distances. However,
the system can provide only the distance and bearing of the object, not information about
each vessel category. Modern naval observation stations have recently been equipped with
high optical zoom cameras to supplement the traditional radar system. These systems can
support day and night vision with outstanding image quality. This allows using image
information for maritime border security.

Detecting and categorizing ships from images are applications of object detection [4]
in computer vision. Recently, deep learning is the most successful solution for these
applications by training a detector. The early deep-learning-based detectors RCNN [5]
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or FastRCNN [6] have a better accuracy compared with hand-crafted detectors [7], but
they are not efficient enough to work in real-time. Later, one-stage detectors SDD [8] or
YOLO [9] have been introduced to speed up the inference. These methods need anchor
boxes and post-processing to detect objects. Recently, feature pyramid networks [10] and
decoupled head [11] have been introduced to detect small objects with higher performance.
In addition, the success of transformer [12] on natural language processing (NLP) also
opens a new approach for object detection when transformer-based detectors [13,14] could
obtain a comparable result with CNN-based detectors [8,11]. Transformer-based detectors
do not require anchor boxes and post-processing for detection. Hence, it can work as an
end-to-end training process.

Deep-learning-based detectors have reported many promising results. However,
training a ship detector for maritime security is still an open question with several chal-
lenges. First, high-quality datasets may not be available for research. Satellite datasets
such as [15–17] can provide many images for ship detection; however, cameras at naval
observation stations are front-view cameras. The PASCAL VOC2012 database [18] provides
front-view ship images, but the number of training samples is very limited. In the dataset,
few ship objects are available, and all of them are categorized as a single “boat” class. Re-
cently, a large-scale dataset [19] has been introduced. This dataset includes 31,455 images
with six classes. However, only 7000 images are published for research purposes. The sec-
ond challenge in ship detection is the complexity of environmental factors. The large-scale
dataset [19] had reported several factors such as background selection, lighting environ-
ment, visible proportion, and occlusion have been reported. These above challenges raise a
research question: Could we learn generalization features that focus on a ship and eliminate
environmental factors based on small datasets?

Given a limited dataset, conventional methods use data argumentation to address
these challenges by enriching the training dataset. In classification tasks, well-known data
argumentation are listed as flipping, rotation, scaling, cropping, translation, and adding
Gaussian noise have been integrated into training frameworks. In object detection tasks,
Mosaic is a successful solution that has been introduced in YOLOv4 [20] and reused in
later YOLO versions. However, these data argumentations may not model environmental
factors such as background selection and visible proportion in an ocean scenario. Recently,
Light_SDNet [21] enriched a large-scale ship dataset [19] by adding haze and rain to the
original ship images.

In this paper, we address the challenge by co-designing two factors. First, we aim
to learn features that focus only on ships and skip all background information. This will
help to address the background selection challenges. Second, a reparameterization is used
to enrich the dataset in feature space. Unlike conventional methods where the training
data are increased in the image domain, we aim to add some uncertainty in the feature
domain. Hence, the classifier can work with noise from the environment. The variational
information bottleneck (VIB) [22] is used to select features that focus only on objects and
eliminate background information. Later, these features add some uncertainty before
feeding to a classification head. This approach could be integrated into any well-known
detectors; however, this paper uses YOLOX [11] as our baseline due to its outperforming
on testing datasets. As shown in Figure 1, the proposed method help to have a better
performance, especially on small datasets. Also, heatmaps in Figure 1 prove that learned
features focus on objects. It means the model may work better in a practical environment.

Conventionally, a detector includes a backbone, a neck, and a decoupled head that
addresses regression and classification tasks. Given an input image x, the backbone extracts
the feature Fi(x) at different scales ith. For each feature Fi(x), the neck module connects
the feature to the corresponding classification head and regression head as in YOLOX [11].
We found that box regression is a critical task to ensure the success of a detector in training;
hence, the regression head in [11] is reused to make the network converge smoothly. The
modification is on the classification head. On this head, an encoder extracts the mean
µi ∈ RdWi Hi

, and the corresponding variance σi ∈ RdWi Hi
of features Fi(x). As the
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classifier must work well with variant features, we sample latent features zi ∼ N (µi, σi)

from the mean and variance. Then, the classification result yi ∈ RKWi Hi
is predicted

from sampled feature zi by yi = cls(zi; θi). A good feature z must represent fine-grained
features of ship categories. Hence, the mutual information [23] I(y; z) should be maximized.
Additionally, the background information from input x should be eliminated on feature
space z. Hence, the mutual information I(x; z) should be minimized. Two constraints are
optimized together in a variational information bottleneck (VIB) loss [22]. Since this loss
could be integrated into any supervised learning framework, it could be accompanied by
regression and object losses to train a detector.

Figure 1. The contribution of the proposed method. (a) Performance on different scale datasets (b) A
heat map by the proposed method (c) A heat map by a baseline method.

In summary, the paper’s contributions are listed below:

1. Regularly, VIB and the parameterization trick are used in classification tasks. How-
ever, this paper discusses integrating these techniques into object-detection frame-
works. The method outperforms SoTA in detecting ship objects, especially in small-
scale datasets.

2. We carefully test the effect of VIB and parameterization at different positions in
decoupled heads. The result shows that VIB can only work on the classification head
and should not allow the VIB loss effect on the regression head.

3. A feature analysis proves that the proposed method could learn feature focus on
objects rather than the background.

2. Related Works
2.1. Object Detection

Deep learning-based object detection has been developed rapidly in recent years.
Early works [5,6,24–26] are considered as two-stage detectors because two processes are
needed in an inference. First, a region that may involve an object is selected. The region is
considered the location of an object on the image. Second, the region is cropped and fed to
a classifier to estimate its categories. To detect small objects, the feature pyramid [10] had
been used to extract features in multiple levels. The FPN has two pathways: a bottom-up
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pathway which is a ConvNet computing feature hierarchy at several scales, and a top-
down pathway that upsamples coarse feature maps from higher levels into high-resolution
features. FPN is a region proposal network (RPN) in Faster R-CNN [25].

Another approach to solving the detection is single-state detectors [8,9,27–31]. These
single-stage detectors directly predict the image pixels as objects and their bounding box
attributes. YOLO [9] is the first representation of a single-stage detector. It can work
very fast, but the accuracy is not high. Single Shot MultiBox Detector (SSD) [8] was the
first method of single-stage detectors that matched the accuracy of contemporary two-
stage detectors like Faster R-CNN [25]. RetinaNet [30] proposed a focal loss as the means
to remedy the imbalance between background and foreground objects. The focal loss
parameter reduces the loss contribution from easy examples. The authors demonstrate its
efficacy with the help of a simple, single-stage detector. Later, CenterNet [29] models objects
as points. As the predictions are points but not bounding boxes, non-maximum suppression
(NMS) [9] is not required for post-processing. EfficientDet [31] introduces efficient multi-
scale features (BiFPN) and model scaling. BiFPN is a bi-directional feature pyramid network
with learnable weights for cross-connection input features at different scales. In addition,
it jointly scales up all dimensions of the backbone network, BiFPN network, class/box
network, and resolution. Therefore, this method achieves better efficiency and accuracy
than previous detectors while being smaller and computationally cheaper.

The next generation of the YOLO family, such as YOLOv4 [20], and YOLOv5 [32],
incorporated many exciting ideas to design a fast object detector that could work in existing
production systems. Recently, YOLOX [11] has introduced the decouple head to separate
the classification and regression tasks. It allows the detector to convert easily. Also, data
arguments like Mosaic and Mixup have been introduced to increase accuracy.

Transformer [12] had been very successful in NLP [33]. Therefore, many works [13,14,34]
have tried to apply the transformer concept to object detection. Transformers present a
paradigm shift from CNN-based neural networks. While its application in vision is still
nascent, its potential to replace convolution from these tasks is very real. The state-of-the-art
transformer-based detectors have promising results on the COCO dataset [35], but utilize
comparatively higher parameters than convolutional models.

2.2. Ship Detection

Several modifications of well-known object detection methods have been introduced to
improve the performance of ship detectors. Liu_2022 [36] based on the SSD [8] framework
and VGG backbone to detect a ship on small scales. The author [36] used a local attention
network to fuse cross-features; also, a merge module combines features from different
scales to improve detection results. The YOLO family is also used by many works to
enhance the detection of ship datasets. Based on the YOLO framework, Biaohua_2022 [37]
introduced a “Cross-level Attention and Ratio Consistency Network” (CARC) for ship
detection. In this paper, the backbone was Resnet-34; the neck was a cross-level-attention
module that used channel attention and spatial attention to extract features at different
scales. The features were concatenated and fed to a head. Cui_2019 [38], Liu_2020 [39], and
Li_2021 [40] based on YOLOV3 to detect ships. Cui_2019 [38] introduced YOLOv3-ship
consisting of dimension clusters, network improvement, and Squeeze-and-Excitation(SE)
module embedding. Liu_2020 [39] introduced two new anchor-setting methods and cross-
feature fusion to enhance the performance of YOLOV3. Instead of using the FPN [10]
to connect the backbone to a head, the method used a Cross PANet, which can combine
the location information of the low-level feature maps with the semantic information of
the high-level feature maps. Li_2021 [40] is based on YOLOV3 Tiny [28] to develop a
two-training process. Here, CBAM attention [41] is used to detect large targets; later, a
fine-tuning is made to detect small targets.

Recently, advanced versions of the YOLO framework were introduced for ship detec-
tion. Zhang_2021 [42] used YOLOV4 with a Reverse Depthwise Separable Convolution
(RDSC) to detect ships. The proposed RDSC replaced the Depthwise Separable Convo-
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lution (DSC) [43] in the ResUnit of the YOLOV4 backbone. With the help of RDSC, the
complexity of the network model is reduced while ensuring accuracy. Han_2021 [44]
also uses the YOLOV4 backbone with an attention mechanism to improve performance.
Light_SDNet [21] modified the YOLO5 backbone by a Gost Unit [45] and DepthWise Con-
volution (DWConv) [46] to reduce the number of parameters; also, data augmentations
like haze generation and rain generation have been introduced to enrich the training set.
Recently, YOLOX has been considered a robust and powerful method for object detection;
Zhang_2022 [47] used the YOLOX framework to design a lightweight method. Instead of
using a PANnet [48] for feature fusion, the paper used a Lightweight Adaptive Channel
Feature Fusion (LACFF) to overcome the inconsistent scale of feature maps. The features of
all other layers are adjusted to the same shape. Afterward, the channels are fused according
to the learned weights. Similar to Zhang_2022 [47], our work is also based on YOLOX;
however, we do not focus on feature fusion but introduce a loss that selects suitable features
on the classification head.

Transformer-based methods [13] are also a possible solution for ship detection. Yani_2022 [49]
used distillation learning to train a DETR-based ship detector. A teacher model was trained
based on a large-scale CoCo Dataset, and the student model was fine-tuned based on the
Seaship dataset [19]. The method helps to reduce the FLOPs and number of parameters.
However, its mAP is not improved compared with the conventional DETR framework.

3. Proposed Method
3.1. Overview System

Table 1 summarizes mathematic notations in the paper, and Figure 2 introduces
the concept of the proposed method. Given a backbone, features at different scales are
extracted. Here, we use the Darknet53 backbone [28] to extract features at multiple scales.
The PAFPN [48] serves as a neck that connects these features to a decoupled head. Detail
of the backbone and the neck are introduced in Section 3.3. The decouple head includes a
classification head and a regression head. While the classification head aims to classify a
ship category, the regression head estimates a relative bounding box and the object ability
for each cell. On the classification branch, we use 1 ∗ 1 kernels to extract the µj ∈ Rd and
σj ∈ Rd at the jth position on a feature map. Using these kernels, tensors µ ∈ RdxHxW and
σ ∈ RdxHxW are obtained. These tensors are used to estimate the VIB loss [22]; additionally,
a reparameterization process samples a new latent zj ∈ Rd for the jth position. A classifier
takes the latent z ∈ RdHW and predicts the vessel category ŷcls ∈ RKHW . The detail of
the VIB module is described in Table 2. The kernel size is (1, 1) means that the Encoderµ

extracts cross exchange-feature but does not change the size of feature maps. It allows us to
reuse the original classification head.

Table 1. Mathematical Notation..

Notation Description

x, y, z The input, the output, and the latent feature of the network.
i The index of scale level.
j The index of position on a feature map.
d The dimension of latent vectors in VIB module
µi ∈ RdHiW i

, σi ∈ RdHiW i
The latent feature and its corresponding variance at the ith scale.

µj ∈ Rd, σj ∈ Rd The feature and its corresponding variance at the position jth in a map
ycls, ŷcls The classification ground truth and output.
yreg, ŷreg The box ground truth and output.
yobject, ŷobject The object ground truth and output.
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Figure 2. Network structure. (a) The overview of proposed VIB-based object detection. (b) The
proposed VIB-based classification head.

Table 2. Network detail. Here, Encoderµ means the encoder to extract µ, Encoderσ means the encoder
to extract σ, i is the index of the scale level, and Ci is the number of channels in the input of the
ith level.

Block Layer Parameters

Encoderi
µ nn.conv Size=(1,1), In = Ci, Out = Ci

Encoderi
σ nn.conv Size=(1,1), In = Ci, Out = Ci

Re-parametrize z = µ + ε ∗ σ ε ∼ N (0, σ2)

A YOLO detector [11] addresses the bounding box regression, object classification, and
category classification at the same time. In our work, the IoU loss (Lbox(ŷbox, ybox)) helps
to train the bounding box regression, and the cross-entropy loss helps to train the object
classification and the category classification. In addition, the VIB loss also helps to select
features by introducing a feature selection loss LKL(µ, σ). αbox, αobj, αcls, αKL are hyper-
parameters that control the contribution of Lbox(ŷbox, ybox), Lobj(ŷobj, yobj)), Lcls(ŷcls, ycls),
and LKL(µ, σ), respectively, the loss function in Equation (1) is used to train the detector.

L(ŷ, y) = αboxLbox(ŷbox, ybox) + αobjLobj(ŷobj, yobj) + αclsLcls(ŷcls, ycls) + αKLLKL(µ, σ). (1)

Recently, the IoU loss (Lbox) has been recognized by many researchers as a good
solution to evaluate a predicted bounding box. The IoU loss helps the model to improve
the quality of its bounding box predictions by penalizing boxes that do not closely match
the ground truth in terms of overlap. It is crucial for achieving accurate object localization
in object detection tasks. Equation (2) explains the concept of LIoU.

LIoU(ŷbox, ybox) =
WH

∑
j=1

wbox
j (1− IoUj) (2)

where:

• W, H is the width and height of the output.
• IoUj is intersection over union between the predicted box ŷbox and the ground-truth

box ybox at the position jth.
• wbox

j is a mask that decides which locations will be used to compute the loss.

Object classification loss (Lobj(ŷobj, yobj)) is concerned with identifying whether there
is any object present within a bounding box. It is a binary classification as in Equation (3),
where the model predicts a probability score indicating whether an object is present or not
in each bounding box. Category classification loss (Lcls(ŷcls, ycls)) is focused on determining
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the specific class or category of the object if one is found. Category classification is a multi-
class classification problem, where the model predicts the probability distribution over
different object categories for each bounding box as in Equation (4).

Lobj(ŷobj, yobj) =
WH

∑
j=1

wobj
j
(
tj · log(pj) + (1− tj) · log(1− pj)

)
(3)

where:

• pj is the predicted objectness probability.
• tjis the ground-truth objectness label.

• wobj
j is a mask that decides which locations will be used to compute the loss.

Lcls(ŷcls, ycls) =
WH

∑
j=1

wcls
j

C

∑
k=1

tjk · log(pjk) (4)

where:

• C is the number of object classes.
• pjc is the predicted class probability (usually obtained through softmax activation).
• tjc is the ground-truth class label for the j-th location and the c-th class.
• wcls

j is a mask that decides which locations will be used to compute the loss.

Finally, the feature selection loss is shown in Equation (5). A detailed explanation of
the loss will be introduced in Section 3.2.

LKL(µ, σ) = KL
(

p(z | x)||q(z)
)
=

1
d

WH

∑
j=1

d

∑
k=1

(µ2
j,k + σ2

j,k − 2log(σj,k)− 1). (5)

where:

• d is the dimension of latent features.

3.2. Feature Section Loss

Feature selection involves the process of choosing pertinent features tailored to a
particular task. Drawing from the principles of information bottleneck theory [50], optimal
features are concise representations that contain precisely the necessary information to
address the task without redundancy. The necessity for this can be elucidated through the
following two constraints:

• The latent z must help to well predict the output y (vessel categories);
• Given the latent z, we cannot infer input x very well.

In the realms of probability theory and information theory, the interrelation between
two variables finds measurement through mutual information (I(.)) [23]. Consequently,
these dual constraints are formulated by maximizing the mutual information I(y; z) while
minimizing the mutual information I(x; z). The former constraint signifies that z aids in
predicting vessel categories y, while the latter constraint signifies that z does not possess
the capability to deduce the input image x.

Let β represent a Lagrange multiplier; the optimization problem is depicted in Equation (6).
A better solution makes LIB have a greater value.

LIB = I(y; z)− βI(x; z). (6)
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The mutual information I(.) [23] can gauge the information of one variable in relation
to another variable by using Equation (7).

I(X; Y) = I(Y; X)

= H(X, Y)− H(X|Y)− H(Y|X)

= H(X, Y)− H(X|Y)− H(Y|X)

= KL
(

p(x, y)||p(x)p(y)
)

x∈X,y∈Y

= E(x,y)∼p(x,y)

[
log

p(x, y)
p(x)p(y)

]

=
∫

p(x, y) log
p(x, y)

p(x)p(y)
dxdy.

(7)

Thus, I(y; z) and I(x; z) are expressed in Equation (8) and Equation (9), respectively.

I(y; z) =
∫

p(y, z) log
p(y, z)

p(y)p(z)
dydz =

∫
p(y, z) log

p(y | z)
p(y)

dydz

=
∫

p(y, z) log p(y | z)dydz−
∫

p(y) log p(y)dy.
(8)

I(x; z) =
∫

p(x, z) log
p(x, z)

p(x)p(z)
dxdz =

∫
p(x, z) log

p(z | x)
p(z)

dxdz. (9)

To maximize the mutual information I(y; z), we approximate this term by a lower
bound. When the lower bound obtains a greater value, the I(y; z) has a greater value.
q(y | z) is a variational approximation of p(y | z); the lower bound is founded by Kullback–
Leibler divergence as in Equation (10).

KL
(

p(y | z)||q(y | z)
)
≥ 0 =⇒

∫
p(y | z) log p(y | z)dy ≥

∫
p(y | z) log q(y | z)dy. (10)

By incorporating the lower bound from Equation (10), the expression for I(y; z) in
Equation (8) can be reformulated as Equation (11).

I(y; z) ≥
∫

p(y, z) log q(y | z)dydz−
∫

p(y) log p(y)dy (11)

In this context, the entropy of the labels H(y) = −
∫

p(y) log p(y)dy is considered
independent and can be disregarded. As a result, the maximum value of I(y; z) is approxi-
mated as shown in Equation (12).

I(y; z) ≈
∫

p(z | x)p(y | x)p(x) log q(y | z)dxdydz

≈
∫

p(z | x)p(y, x) log q(y | z)dxdydz.
(12)

To minimize the mutual information I(x; z), we approximate this term (Equation (9))
by an upper bound. When the upper bound obtains a smaller value, the I(x; z) has a
smaller value. We denote q(z) as a variational approximation to the marginal p(z). Using
the KL divergence, the upper bound of I(x; z) is introduced as Equation (13).

KL
(

p(z)||q(z)
)
≥ 0 =⇒

∫
p(z) log p(z)dz ≥

∫
p(z) log q(z)dz. (13)

Utilizing the upper bound in Equation (9), we can re-express I(x; z) as presented in
Equation (14).
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I(x; z) =
∫

p(x, z) log p(z | x)dxdz−
∫

p(z) log p(z)dz

≤
∫

p(x, z) log p(z | x)dxdz−
∫

p(z) log q(z)dz

=
∫

p(x)p(z | x) log
p(z | x)

q(z)
dxdz

=
∫

p(x, y)p(z | x) log
p(z | x)

q(z)
dxdzdy.

(14)

Through the utilization of the lower bound for I(y; z) and the upper bound for
I(x; z), the Lagrangian function in Equation (6) can be approximated as represented in
Equation (15).

LIB = I(y; z)− βI(x; z)

≈
∫

p(z | x)p(y, x) log q(y | z)dxdydz− β
∫

p(z | x)p(x, y)KL
(

p(z | x)||q(z)
)

dxdydz

= E(x,y)∼p(x,y),z∼p(z|x)

[
log q(y | z)− βKL

(
p(z | x)||q(z)

)]
.

(15)

In our application, the term q(y | z) is modeled by a classifier; and log q(y | z)
is a classification loss Lcls(ŷcls, ycls). In addition, the latent z could be sampled from a
reparameterization trick g(ε, x) where ε ∼ p(ε) = N (0, I). Hence, z is estimated by
Equation (16).

z = µ + ε ∗ σ. (16)

Using Equation (16), the term p(z | x) is estimated by Equation (17). q(z) = N (0, I),

and the term KL
(

p(z | x)||q(z)
)

is estimated by Equation (5). In addition, the term

KL
(

p(z | x)||q(z)
)

could serve as a feature selection loss LKL(µ, σ) in Equation (1). Hence,

the parameter β is replaced by the parameter αKL. Equation (5) represents LKL(µ, σ) and it
is applied at every scale level with classification loss, box loss, and object loss.

p(z | x) = N (µ, σ2), (17)

3.3. Backbone and Neck Module

The proposed method could be integrated with any backbone. However, a modifica-
tion is needed on the neck to match the selected backbone and the decoupled head. We
have tried several backbones in Section 4.5 and pointed out that the Darknet backbone and
PAFPN neck can perform better than others.

Detail of the Darknet and PAFPN are correspondingly in Figures 3 and 4. Here, the
Darknet backbone used CSPLayer to extract features. The features at 2nd, 3rd, and 4th
CSPlayer are used in the PAFPN neck. Finally, output features are used with decoupled
heads at different scales.
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Figure 3. Darknet structure.

Figure 4. PAFPN structure.

4. Experimental Results
4.1. Datasets and Experiment Setting

This paper evaluates our proposed method using the SeaShips dataset [19]. The Sea-
Ships dataset is built based on the images captured by an in-field video monitoring system
deployed around Hengqin Island, Zhuhai City, China. Each camera records the scene from
6:00 a.m. to 8:00 p.m. every day. The images are obtained from one-minute video clips,
resulting in 60 clips per hour. Each clip spans 60 s and contains approximately 1500 frames.
For every 50 frames (approximately every two seconds), one image is extracted for inclu-
sion in the dataset. This dataset encompasses six distinct ship types, namely bulk carriers,
ore carriers, ordinary cargo ships, container ships, passenger ships, and fishing boats. It
features a diverse background environment, characterized by varying light intensities to
ensure dataset diversity. Additionally, the dataset incorporates numerous special scenarios,
including instances of target occlusions. The SeaShips dataset is highly regarded within
the research community for its professionalism, public availability, large-scale nature, and
accuracy in ship labeling. It has earned a strong reputation for facilitating effective ship in-
spection procedures. While dataset [19] has 31,455 images, only 7000 images are published
for research at [21,38]. Hence, we use the published dataset for our experiments.
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Literature reviews show that many research works use 80% of the published data
for training/validating and 20% for testing. Hence, we select DTrain

1 , which includes
5600 images for training, and DTest

1 , which includes 1400 images for testing. In addition,
recent works [37,49] also use a more challenging setting where 50% of the data are the
training set, and the rest is the testing set. We also follow this setting to prepare DTrain

2 and
DTest

2 for comparison. To evaluate the performance on a very small dataset, we randomly
select several subsets S1, S2, S3 that include 30%, 70%, and 100% of samples from DTrain

2 for
training in later experiments.

Our experiment uses SGD optimizer, learning rate = 0.01, weight decay = 0.001,
n_epoch = 200, and batch_size = 8. We use the reduce-mean operator on batch_size, and
the reduce-sum operator on prediction output. The mAP is used to select the best model.
The loss function in Equation (1) use αbox = 10.0, αobj=1.0, αcls = 1.0 and the αKL = 0.125.

4.2. Select the Hyper-Parameter

This section aims to select suitable hyperparameters for our training process. The
major contribution of our work is introducing the feature selection loss LKL(µ, σ) to the
YoloX framework. Therefore, our first experiment is selecting a suitable hyper-parameter
αKL in Equation (1). A small αKL may not help to learn better features, whereas a large αKL
may focus too much on feature learning and forget the main task. In this experiment, the S2
dataset is used for training, and theDTest

2 dataset is used for testing. The mAP metric on six
classes is used for comparison. Figure 5 shows how the KL loss affects the result. Without
the feature selection, the mAP is only 0.923; when αKL is 0.05, the mAP increases to 0.928.
The higher the αKL, the higher our mAP. However, when αKL = 0.15, the mAP begins to be
reduced; and if αKL = 0.2 the mAP is 0.914. The mAP based on αKL = 0.2 is smaller than
when the mAP without feature loss. This phenomenon is because the feature loss reduces
the features selected for the main task. When the feature is reduced too much, the classifier
may not have enough information for the classification task. In the next experiments, we
select the αKL = 0.125 for our proposed method.

Figure 5. The mean average precision (mAP) on different αVIB. x-axis means the αKL parameter, and
y-axis is the mean average precision (mAP) over all classes.

The next experiment aims to evaluate the contribution of other hyperparameters
on the performance. In Equation (1), a hyper-parameter controls the contribution of its
corresponding loss to the training process. Therefore, a greater hyperparameter will force
the algorithm to learn this task first. By adjusting the hyper-parameter settings, we can
control the steps of the learning process. For instance, if we want to train the category
classification task before other tasks, the hyper-parameter setting should be αcls = 10
and αbox = αobj = 1. Table 3 shows all settings in detail. The αKL hyperparameter is not
included in this table because the feature selection task is an auxiliary task and must be
learned lastly after other tasks. By default, we set αKL = 0.125.
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Table 3. Hyperparameter settings that control the algorithm steps.

Scenario αbox αobj αcls

Lbox first 10 1 1

Lobj first 1 10 1

Lcls first 1 1 10

A comparison between the three scenarios is presented in Table 4. Here, the D1
Train

dataset is used for training, and the D1
Test dataset is used for testing. The results show that

changing steps of the learning process may not affect the performance too much. Because
all component losses are combined into a unique loss by Equation (1), the algorithm will
automatically focus on the task that may not work well and ensure all tasks can be learned
at the end of a training process. However, in object detection, category classification is
conditional on a predicted bounding box. Therefore, from literature reviews, a greater αbox
can provide better performance. As shown in Table 4, the mAP is 0.989 if we focus on Lbox
first. This value is slightly greater than the performance by learning Lobj or Lcls first.

Table 4. Performance comparisons of hyperparameter settings. The best results are marked in bold.

Scenario Fishing Boat Container
Ship Ore Carrier Bulk Cargo

Carrier
Passenger

Ship
General

Cargo Ship mAP

Lbox first 0.977 0.999 0.994 0.994 0.982 0.987 0.989
Lobj first 0.967 0.987 0.992 0.992 0.942 0.987 0.978
Lcls first 0.966 0.988 0.984 0.990 0.959 0.990 0.979

4.3. Compare with SoTA

This section compares our proposed method with SoTA on the mAP metric. There
are several experiment settings from different works. Given 70,000 published images
from SeaShip [19], Zhang_2022 [47], and Zhang_2021 [42] used 90% of data for training
and validating; the other 10% of data are the testing dataset. Liu_2020 [39], Liu_2022 [36],
Han_2021 [44], and Light_SDNet [21] use 80% of data for training and validating dataset,
the other 20% is the testing dataset. To compare with these works, we use DTrain

1 for
training and DTest

1 for testing. The result in Table 5 shows that our method is better than
other methods in terms of average precision. There are two reasons for this improvement.
First, our method is based on the YOLOX framework, which is the recent SoTA frame
for object detection. Light_SDNet is based on YOLO5, and its result is also promising.
Liu_2020 [39] and Liu_2022 [36] are based on older versions in the YOLO family; hence, the
performance is smaller than the SoTA framework as Light_SDNet and our method. Second,
the parameterization adds some uncertainty to the training process. It allows the model
to work with more data during the training phase. In comparison, Light_SDNet [21] also
adds more haze and rain to the original image and gets a very good result (mAP = 0.988%).
The major difference between our method and Light_SDNet [21] is how we add noise to
training data. While Light_SDNet [21] adds noise to the image domain, our method adds
noise to the feature domain. Last but not least, the VIB Loss learns features that focus on the
object and remove redundant features in the background. Feature analysis in Section 4.4
will visualize feature maps in detail.

In addition, Biaohua_2022 [37] and Yani_2022 [49] used 50% of published images for
training and the rest 50% for testing. Hence, we use DTrain

2 and DTest
2 for training and testing

correspondingly. As shown in Table 5, the mAP on previous works is up to 0.965%. Our
proposed method can achieve significantly better performance than previous works. It
proves the benefit of our method when the number of training samples is reduced. The
primary driving force behind this improvement is the adoption of our method, which
builds upon the robust YoloX framework for object detection. It is worth noting that ship



Sensors 2023, 23, 8093 13 of 20

detection research typically leverages an object detection framework as its foundation,
often with some custom modifications. Therefore, inheriting the capabilities of such a novel
and powerful framework naturally leads to improved results.

Table 5. Performance comparisons of SoTA methods. The best results are marked in bold.

Method Train + Val/Test (in %) Fishing
Boat

Container
Ship

Ore
Carrier

Bulk
Cargo
Carrier

Passenger
Ship

General
Cargo
Ship

mAP

Zhang_2022 [47] 90/10 0.824 0.940 0.859 0.915 0.787 0.914 0.873
Zhang_2021 [42] 90/10 - - - - - - 0.946

Liu_2020 [39] 80/20 - - - - - - 0.908
Liu_2022 [36] 80/20 - - - - - - 0.964
Han_2021 [44] 80/20 - - - - - - 0.906

Light_SDNet [21] 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) [49] 50/50 - - - - - - 0.593
Yani_2022 (DETR) [49] 50/50 - - - - - - 0.965

Biaohua_2022 [37] 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

4.4. Contribution of the VIB Loss on Small Datasets

In this section, we discuss the contribution of VIB loss on different scale datasets. The
S1 (525 images), S2 (1225 images), and S3 (3500 images) datasets are used for training. The
testing dataset DTest

2 contains 3500 images. The results in Table 6 show that the VIB loss
helps improve performance significantly on small datasets. If the training dataset is S1, the
mAP improves 3%. When the number of training samples is increased, the improvement is
reduced. The enhancement on mAP is 1.2% if S2 is used for training, and if the training
dataset is S3, the mAPs from both settings are quite equivalent. This phenomenon is
reasonable because an unsupervised loss may help avoid overfitting on small datasets, and
a reparameterization allows a classifier to be robust.

To clearly explain the benefit of the proposed method on feature learning, we compare
the feature learned by our method (with VIB) and the baseline method (without VIB) using
the S3 dataset. Features before the last layer of necks and heads are extracted and visualized.
We select 20 feature maps with the highest response scores for each scale level. We denote
j as a pixel on a feature map F, which has size (W, H); the score of the feature map is

1
WH ∑WH

j=1 Fj. These feature maps are accumulated together to formulate a unique response
map. The result could represent important pixels on input images.

Figure 6 shows the heat map corresponding to an input image. The first row represents
feature maps with VIB; the second row represents those without VIB. Since features are
extracted at three scale levels, three responses are provided for head modules. The results
show that VIB loss can learn features that focus on the object. Without VIB, the response
likes a uniform distribution. With VIB, feature responses focus around the object but not all
pixels. The phenomenon is also repeated at the neck module. It means the VIB loss can be
backpropagated to the neck level and learn a better feature.

In addition, we also evaluate the sparse level and the discriminate level of feature
maps. A sparse feature map means many values in the feature map are close to zeros. If
a feature map is more sparse, it means the learned filters are not responding to patterns
that do not contribute to the prediction process. Also, a sparse feature map means we
only select a few features. A discriminate level is the difference between the maximum
value and the minimum value in a feature map. A greater discrimination level means
some positions have a high response, whereas others have a low response. Hence, the
learned filters can strongly respond to useful patterns rather than other patterns. Given
a feature map F ∈ RWH where j is a position on the map, the sparse level is estimated by
∑WH

j=0 |Fj < thre|, and the discriminate level is max(F)−min(F).
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Table 6. Performance on small datasets. S1 means 30% training samples, S2 means 70% training
samples, S3 means 100% training samples from DTrain

2 . The best results are marked in bold.

Method Metrics Fishing
Boat

Container
Ship

Ore
Carrier

Bulk
Cargo
Carrier

Passenger
Ship

General
Cargo Ship mAP

S1 with VIB
dets 2849 1272 5374 3581 774 3598

recall 0.878 0.941 0.924 0.913 0.657 0.946
AP 0.796 0.884 0.831 0.765 0.524 0.794 0.766

S1 without VIB
dets 3201 884 4654 2851 696 2944

recall 0.892 0.920 0.923 0.876 0.637 0.940
AP 0.805 0.890 0.822 0.710 0.466 0.743 0.739

S2 with VIB
dets 1863 584 2012 1653 354 1129

recall 0.940 0.984 0.962 0.971 0.891 0.964
AP 0.922 0.980 0.935 0.953 0.873 0.946 0.935

S2 without VIB
dets 2324 674 2848 1923 570 1585

recall 0.936 0.975 0.964 0.963 0.899 0.978
AP 0.903 0.970 0.932 0.928 0.862 0.945 0.923

S3 with VIB
dets 1544 466 1562 1341 297 948

recall 0.978 0.986 0.990 0.995 0.972 0.993
AP 0.970 0.986 0.984 0.991 0.964 0.989 0.98

S3 without VIB
dets 1574 470 1561 1360 294 883

recall 0.965 0.989 0.995 0.993 0.960 0.993
AP 0.957 0.988 0.990 0.987 0.953 0.989 0.977

Figure 6. Heatmaps on the classifier head and the neck.

Utilizing the input image depicted in Figure 6, we extract feature maps from the final
layer of the classification head. The statistics regarding the sparsity and discriminative
characteristics of these feature maps are presented in Table 7. The findings indicate that
VIB generates feature maps with increased sparsity. This outcome can be attributed to
the influence of the object function LKL(µ, σ), which enforces a zero mean on the features.
Furthermore, the higher discriminative level observed in the VIB-based results underscores
the robustness of the learned features.

Behind the reasoning experiments, the computational cost has been introduced.
Table 8 represents the frame per second (FPS), the Giga-Floating-Point Operations Per
Second (GFlops), and the number of parameters of the model. Among them, FPS measures
the speed of the model, GFlops evaluates the performance of hardware when running deep
learning workloads, and the number of parameters represents the size of the model. The
result in Table 8 shows that adding VIB to the network does not increase the computational
cost too much. The number of parameters is slightly increased because the VIB module has
been added to the network. However, the FPS and GFlops are quite similar in both cases.
This means the additional VIB module did not increase the computational cost.
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Table 7. Statistics of sparse level and discriminate level on feature maps.

With VIB Without VIB

Sparse ↑ Discriminate ↑ Sparse ↑ Discriminate ↑
mean 194.44 32.45 0.183 0.587

std 136 59.557 0.486 0.599

min 0 0.277 0 0.203

percentiles (25%) 0 0.6698 0 0.203

percentiles (50%) 270 0.6698 0 0.3648

percentiles (75%) 304 34.011 0 0.5318

max 335 281.06 3 4.2183

Table 8. A comparison between computation cost with and without using VIB.

With VIB Without VIB

FPS 12.39 12.45

GFlops 9.92 9.91

# parameters (M) 55.33 54.15

4.5. Effect of Backbone

This section discusses how the proposed method works with different backbones.
ResNet, MobileNetv2, and DarkNet are used as backbones for comparison. The input
channel of the necked is adapted to meet the output of these backbones. The average
precisions (AP) for six classes are shown in Table 9. In this experiment, S2 serves as a
training dataset. The result shows that DarkNet is the best backbone among these pre-
trained models. This is reasonable because DarkNet had been recognized as the best
backbone in the YOLO family. In addition, the increment given by VIB loss on ResNet [51]
is 5.9 %. It means VIB loss can help a lot with some particular backbone.

Table 9. A mAP comparison with and without VIB on different backbones.

Backbone With VIB Fishing
Boat

Container
Ship

Ore
Carrier

Bulk
Cargo
Carrier

Passenger
Ship

General
Cargo Ship mAP

ResNet-18 Yes 0.837 0.978 0.861 0.886 0.741 0.931 0.873
No 0.817 0.961 0.824 0.735 0.706 0.841 0.814

DarkNet Yes 0.922 0.980 0.935 0.953 0.873 0.946 0.935
No 0.903 0.970 0.932 0.928 0.862 0.945 0.923

MobileNetv2 Yes 0.895 0.975 0.895 0.880 0.794 0.908 0.891
No 0.872 0.965 0.918 0.902 0.772 0.914 0.890

4.6. Effect of Pre-Processing Methods

Our approach enhances the classifier head by introducing a degree of uncertainty to
the extracted features. However, it is worth noting that introducing uncertainty into the
image domain has been explored in previous works [52–54]. For instance, in the Seg-based
method [52], researchers trained their model using segmentation images. We have incorpo-
rated a similar approach into our ship dataset, generating segmentation images to create
a new dataset for training our ship detector. Additionally, the NoiBased approach [53,54]
method enriches datasets by introducing noise to input images and employing denoising
techniques to bolster system robustness. Drawing inspiration from this observation, we
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conducted training sessions for our ship dataset both with and without the introduction
of noise.

In this context, the S2 dataset serves as the training dataset, while DTest
2 is designated

as the testing dataset. The results presented in Table 10 reveal that applying a thresholding
method for preprocessing the ship dataset may not yield optimal outcomes. The mean
Average Precision (mAP) generated by this method falls short of the results achieved
by alternative approaches. This disparity can be attributed to the inherent complexity
of cluttered backgrounds within the dataset, making it challenging to identify a single
segmentation method suitable for all images. Furthermore, in some instances, portions of
ships may inadvertently be excluded, thus compromising the model’s overall performance.

The NoiBased method [53,54] offers a potential remedy by augmenting the dataset
through the introduction of noise into the input images. This augmentation leads to a
modest performance improvement. Specifically, the mAP registers at 0.923 without the
addition of noise, and it increases marginally to 0.925 when noise is incorporated. However,
the incremental improvement is relatively slight, possibly because the feature extractor has
already learned to filter out noise from the input images, resulting in similarities between
the extracted features in both scenarios.

Our approach stands out as the most effective due to the deliberate introduction of
uncertainty at the classifier head. In this configuration, the feature extractor is unable to
eliminate the introduced uncertainty, placing a greater onus on the classifier to exhibit
robustness in handling this uncertainty. This rationale has motivated the incorporation
of uncertainty into the feature domain, a practice widely adopted in numerous research
studies to enhance model performance.

Table 10. Performance comparisons among pre-processing methods. The best results are marked in bold.

Method Fishing
Boat

Container
Ship Ore Carrier Bulk Cargo

Carrier
Passenger

Ship
General

Cargo Ship mAP

Seg-based [52] 0.873 0.952 0.896 0.859 0.805 0.894 0.880
NoiBased [53,54] 0.912 0.973 0.923 0.935 0.871 0.935 0.925

No noise 0.903 0.970 0.932 0.928 0.862 0.945 0.923
Proposed method 0.922 0.980 0.935 0.953 0.873 0.946 0.935

4.7. The Position of VIB Network

In the proposed method, we have inserted the VIB module at the beginning of the
classification head. However, the VIB model could be inserted at any position of the
network structure. Hence, in this section, we have tried several setups to evaluate how to
use a VIB in an object detection task. In YOLOX, the classification head has two sequence
convolution blocks. The proposed method inserts the VIB block at the beginning of the
classification head, as in Figure 2. However, we can also set up the VIB module at the
middle of the classification head as in Figure 7 or at the beginning of the decouple head as
in Figure 8. Here, the S2 dataset is used for training as in Section 4.5. The result in Table 11
shows that the VIB module is only suitable to be inserted on the classification branch. If the
VIB module affects the regression branch, the network cannot converge.
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Figure 7. VIB on the mid of classification head.

Figure 8. VIB at the beginning of the decouple head.

Table 11. Performance when the VIB module is inserted at different positions on the YOLOX framework.

Method Metrics Fishing
Boat

Container
Ship

Ore
Carrier

Bulk
Cargo
Carrier

Passenger
Ship

General
Cargo
Ship

mAP

VIB at the middle
of classification
head

dets 1863 584 2012 1653 354 1129
recall 0.940 0.984 0.962 0.971 0.891 0.964

AP 0.922 0.980 0.935 0.953 0.873 0.946 0.935
VIB at the
beginning of
decouple head

dets - - - - - -
recall - - - - - -

AP - - - - - -

To explain the phenomenon, the Lbox, Lcls, and LKL over a training phase are shown in
Figure 9.

The model can converge smoothly if the VIB module is on the classification head (the
second row of Figure 9). The Lbox quickly degrades to range [4–5] with only 3000 iterations.
Box prediction’s success is a critical requirement to train the classification head. At the
beginning of the training process, Lcls increases when Lbox is large; then, it degrades
smoothly when the Lbox is smaller. The LKL should contribute later in the training process
because it is an auxiliary loss but not a major task.
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Figure 9. The loss over a training process. The bold line is smooth values over iterations. The light
line is the actual value in an iteration.

The model cannot converge if the VIB module is at the beginning of the decoupled head
(the first row of Figure 9). The Lbox degrades but is still higher than 7 after 40,000 iterations.
While the box prediction is unsuccessful, the classification head may be unable to learn. The
Lcls increases and reduces over a training process. The classification head cannot be learned
if Lbox is still large. This phenomenon shows that the KL loss and the reparameterization
make the regression more challenging. Consequently, the classification head cannot be
learned, and the model fails to converge.

5. Conclusions

In this paper, we proposed a novel method for ship detection. Based on the YOLOX
framework, we introduce a VIB module on the classification head of the network. Compre-
hensive experiments prove that our method is beneficial on small training datasets. The
learned features will focus on the object rather than distribute uniformly over images. Our
method also provides promising results in comparison with SoTA ship detection.
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Transformer Based Ship Detector: An Improvement
on Feature Map and Tiny Training Set
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1HCMC University of Technology and Education- Faculty of Electrical and Electronics Engineering- Ho Chi Minh 
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Abstract
The exponential increment of commodity exchange has raised the need for maritime border security in
recent years. One of the most critical tasks for naval border security is ship detection inside and outside the
territorial sea. Conventionally, the task requires a substantial human workload. Fortunately, with the rapid
growth of the digital camera and deep-learning technique, computer programs can handle object detection
tasks well enough to replace human labor. Therefore, this paper studies how to apply recent state-of-the-art
deep-learning networks to the ship detection task. We found that with a suitable number of object queries,
the Deformable-DETR method will improve the performance compared to the state-of-the-art ship detector.
Moreover, comprehensive experiments on different scale datasets prove that the technique can significantly
improve the results when the training sample is limited. Last but not least, feature maps given by the method
will focus well on key objects in the image.
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1. Introduction
The global commodity exchange has surged in recent
years, leading to an increase in waterway transport
services. While this growth benefits the economy,
it also presents significant challenges in protecting
national water borders. As a result, ship detection has
become a crucial aspect of national security. Accurately
detecting ships approaching the shore and thoroughly
verifying their legality are essential tasks. Typically,
data from coastal surveillance cameras is used to
monitor passing ships, and human inspectors review
the images. However, this manual process requires
considerable human effort and is prone to errors
due to various distractions. Therefore, developing an
automated ship detection system can reduce costs
and improve monitoring efficiency, particularly for
developing countries. Nevertheless, there are still
practical challenges that the ship detection model must
overcome to achieve optimal performance, such as

∗Corresponding author. Email: hungnm@hcmute.edu.vn

data imbalance, lighting conditions, occlusion, missing
object parts, and size diversity, as shown in Figure 1.

Ship detection and classification from images are
well-known applications in computer vision, tradition-
ally addressed by object detection techniques. While
earlier deep learning models like Region-based Convo-
lutional Neural Network (R-CNN) [1] and FastRCNN
[2] surpassed hand-crafted methods, their sluggish per-
formance hindered real-world applications. One-stage
detectors such as Single Shot Setector (SSD) [3] and
You Only Look Once [4], though faster, rely on cumber-
some anchor boxes and post-processing steps. Recent
advancements like feature pyramid networks (FPN) [5]
and decoupled heads [6] have partially mitigated these
issues, but not all. To improve the performance of
ship detectors, many researchers try to customize these
detectors, such as network architecture [7–11], feature
fusion [12, 13], or feature selection loss [14].

While many promising results have been reported,
training a good detector is still an open question. Sev-
eral hyper-parameters, such as anchor-box generation
or non-maximum suppression procedure, should be
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Figure 1. Challenges of ship detection.

carefully designed to ensure the success of training
processes. Motivated by the observation, DETR [15, 16]
provides end-to-end object detection with transform-
ers. This method forces unique predictions via bipartite
matching; hence a fixed small set of learned object
queries may directly output the final set of predictions
in parallel. Yani_2022 [17] had try to applied DETR to
ship detection via distillation learning. Here, a teacher
provides a prediction to train a student model. How-
ever, the performance is not comparable to CNN-based
methods [12, 13] in the student model.

In our work, we revisit how to use DETR to train
a ship-detector. As shown in Figure 2, each learnable
query will provide one object detection result on the
input image. Hence, too many queries will provide false
detection, especially when the number of objects is
sparse, like ships. Hence, a suitable number of object
queries may directly affect the detection result.

We prove this viewpoint by comprehensive experi-
ments on a well-known large-scale ship dataset [18].
First, we follow guidance from [12–14, 18] to prepare
training and testing datasets and train our model. The
experiment aims to compare our method with state-of-
the-art methods. Second, we re-used the testing set but

reduced the training set as in [14, 17, 19]. This experi-
ment helps to evaluate the performance of our method
when the training samples are limited. In addition, an
ablation study is applied to evaluate the effect of the
number of object queries. Last but not least, feature
visualization explains why our method can work more
robustly than CNN-based methods. In summary, our
contributions are as bellowed:

(i) Our detector demonstrates performance that is on
par with state-of-the-art (SoTA) methods on well-
known benchmarks. It has shown comparable
accuracy, precision, and robustness through rig-
orous testing and evaluation, effectively matching
the results of leading models in the field.

(ii) When the number of training samples is lim-
ited, our method demonstrates a significant per-
formance improvement. By leveraging advanced
techniques and efficient learning algorithms,
our approach maximizes the utility of available
data, ensuring robust and accurate results even
with constrained training sets. This capability
highlights the strength and adaptability of our
method, making it particularly valuable in sce-
narios where data acquisition is challenging or
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costly. Consequently, our method is reliable for
achieving high performance in data-scarce envi-
ronments.

(iii) Feature analysis provides insights into why
our method operates robustly compared to
traditional CNN-based approaches. By examining
the features extracted by our model, we can
see how it effectively captures and utilizes
relevant patterns in the data, leading to improved
performance.

2. Releated Work
2.1. Object Detection
Recently, deep learning has been considered an
advantageous solution for computer vision tasks. Deep
learning-based object detection can be categorized
into two branches: region proposal-based methods
and regression/classification-based methods. Region
proposal-based methods usually have two steps. The
first step is finding areas where an object is likely to
exist. The second step is to perform the classification
for that object. Therefore, this method is called the
two-stage object detection method. Some well-known
methods included R-CNN [1], Fast R-CNN [20], Faster
R-CNN [21], FPN [5], etc.

On the other hand, regression/classification-based
object detection will predict an object’s location through
regression and the object’s label through classification.
Instead of splitting the object detection into two steps,
this technique uses a convolutional neural network to
predict location information (regression results) and
label information (classification results). Since only one
CNN network is used, these are considered single-
stage methods. Well-known methods of this approach
are YOLO [4], SSD [3], etc. The single-stage methods
have a much faster processing speed than the two-stage
methods. For example, Fast R-CNN [20] can handle 0.5
frames per second, whereas the first version of YOLO
can handle 45 frames per second, or SSD can handle 58
frames per second. Therefore, single-stage methods are
often used in practice.

There is a trade-off between accuracy and inference
time in object detection. While Fast R-CNN [20]
achieved an accuracy of 0.7 mAP, it can process very
slowly. The first version of YOLO called YOLOv1 [4],
only achieved an accuracy of 0.63 mAP, but it is
much faster than FastRCNN. For this reason, many
researchers are trying to increase the accuracy of the
YOLO structure. Recently, later versions of the YOLO
have been discussed to overcome the disadvantages of
the original YOLO model. For example, in YOLOv1,
each cell can only predict one object at most. For cases
where many objects are in the same cell, YOLOv1 may
not have a good result. Moreover, YOLOv1 predicts

the position of objects as a bounding box directly, and
the objective functions of YOLOv1 [4] do not have
a separate evaluation between the error caused by
bounding box widths and heights.

Instead of predicting the absolute bounding box,
YOLOv2 [22] considers anchor boxes of the main
component to predict each relative bounding box. In
detail, instead of indicating the position of a box on an
image, the CNN network predicts the offset between the
bounding box and predefined anchor boxes. Predicting
the offset is much easier than predicting the box
coordinates. If more or more anchor contours surround
the object, it is possible to define the anchor contours
that overlap with the labeled object contour.

One of the key challenges in object detection is
handling the scale issue. Objects appear smaller when
they are far from the camera and larger when they
are close. The Feature Pyramid Network (FPN) [5]
addresses this scale challenge by introducing pyramid
features, where the model extracts features at different
scales, similar to the layers of a pyramid. This
approach allows the detection of objects at varying
distances. However, FPN’s drawbacks include high
memory consumption, reduced detection speed, and
increased model complexity. To extract multi-scale
features without these burdens, the YOLOF model [23]
was developed. Instead of employing the multi-input,
multi-output architecture of FPN, YOLOF utilizes a
single-input, single-output encoding architecture based
on Dilated CNN [24]. This design enables YOLOF
to consume less memory while maintaining accuracy
comparable to FPN.

One of the challenges in object detection is
determining the number and size of anchor boxes,
especially due to varying distances between the object
and the camera. Anchor boxes are usually determined
using the k-means clustering algorithm, but this
process still requires human intervention and is not
fully automated for end-to-end training. YOLOX, a
notable model, has made modifications to eliminate
the anchor box selection process. It does this by
replacing the coupled head with a decoupled head
and predicting only one feature box for each location
on the feature map. This effectively removes the need
for anchors. Additionally, by separating the regression
and classification tasks into two distinct branches, the
model can converge more effectively.

Inspired by the success of transformers in natural
language processing (NLP), researchers have begun
applying transformer concepts to object detection.
Transformers represent a significant departure from
convolutional neural networks (CNNs). Although their
use in vision tasks is still in its early stages, trans-
formers have shown promising potential to replace
convolutions. State-of-the-art transformer-based detec-
tors have achieved impressive results on various object
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detection datasets, though they typically require more
parameters than convolutional models. Recently, sev-
eral transformer-based methods have been developed
for object detection, including Vision-Transformer-
Detection (ViTDET) [25], DETR [15, 16, 26], and
Shift-Window-Transformer (Swin) [27]. Among these,
DETR [15] stands out as one of the early transformer-
based methods to provide competitive results compared
to CNN-based detectors. Additionally, DETR operates
more closely as an end-to-end training method than
other CNN-based approaches.

2.2. Ship Detection
In the field of ship detection, various customizations
have been made to popular detection frameworks like
SSD (Single Shot Multibox Detector) [3] and YOLO (You
Only Look Once) [4] to improve their performance. For
example, Liu et al. [7] enhanced the SSD framework
by adding a VGG backbone, which improved the
detection of small objects. They also introduced a local
attention network and a merge module to integrate
features from different scales, leading to a significant
improvement in accuracy. On the other hand, the
"Cross-level Attention and Ratio Consistency Network"
(CARC) [19] uses YOLO with a ResNet-34 backbone and
incorporates cross-level attention modules to extract
multi-scale features for enhanced detection capabilities.
However, traditional frameworks may struggle with
effectively handling scale variations, which can impact
the accuracy across different object sizes.

A better backbone can significantly enhance accu-
racy. Consequently, researchers such as Cui [9], Liu
[12], and Li [8] have based their ship detection models
on YOLOv3. Their modifications focus on model cus-
tomization, incorporating attention modules to detect
targets at different scales. Despite these advancements,
challenges persist in accurately localizing and classify-
ing small or occluded objects.

Recent advancements continue to refine ship detec-
tion capabilities, incorporating models such as YOLOv4
(Zhang_2021 [10], Han_2021 [28]) and YOLOv5
(SDNet_2022 [11]) with simplified networks and atten-
tion mechanisms. Subsequently, Zhang_2022 [13] and
VIB_2023 [14] have refined YOLOX [29], a lightweight
method for feature fusion to address inconsistencies in
feature map scales. While methods like those proposed
by Zhang_2021 [10], Han_2021 [28], SDNet_2022 [11],
and Zhang_2022 [13] focusing on feature fusion mod-
ules to enhance feature learning, VIB_2023 [14] intro-
duces a feature selection loss to enforce the model to
learn sparse and discriminative features, helping the
feature map focus more on the detected objects.

Not only CNN-based frameworks but also DETR can
be used to detect ships. Yani et al. [17] utilize DETR
[15] with distillation learning for ship detection. First, a

teacher model is trained using the DETR method. Then,
distillation loss and Hungarian loss are applied to train
a lightweight DETR student model. Unlike Han_2021
[28] or SDNet_2022 [11], which use a default setting on
a large-scale dataset [30] to train a detector, Yani [17]
defined a new setting where 50% of the data is used
for testing. In this scenario, DETR outperforms CNN-
based detectors. However, the distilled model does not
maintain the same high accuracy as the original DETR
model.

3. Methodology
3.1. DETR Architecture
Model Description. The DETR model comprises a
feature extractor, an encoder, and a decoder, as depicted
in Figure 2. The feature extractor is a CNN backbone
that extracts high-level information from an image; a
2D sinusoidal positional encoding also helps encode
position information for each pixel. Image features
and positional features are concatenated and fed into
the transformer-based encoder. The encoder consists
of multiple stacked multi-head self-attention layers.
Features from the encoder are then passed to the
transformer-based decoder. The decoder also takes
several learnable object queries as input. These queries
serve as a latent of suitable positions on the image.
Given one query, the decoder will use a feature from the
encoder to predict if there is any object at the positional
query.

In the feature extractor, given an input image with
a H0 ×W0 × 3 tensor, the CNN backbone generates a
feature map of size H ×W × C. According to [15], C =
2048, H = H0/32, and W = W0/32. A 1x1 convolution
layer reduces the feature channels from C to d (d < C),
creating a new feature map of size H ×W × d. Because
The transformer-based encoder requires a 2D input, the
feature map is resized to a d ×HW matrix. Rows of
the matrix are named tokens, each token being a d-
dimensional vector.

The encoder includes many stacked multi-head self-
attention layers. Each multi-head self-attention block
consists of several self-attention modules. In a multi-
head self-attention module, features extracted from
self-attention modules are concatenated and projected
to the output via a linear projection. Three individual
linear projections extract a tuple (key, value, query) in a
self-attention module. The similarities between key and
query serve as attention factors among value, fusing
value into self-attention features.

The decoder takes new features from the encoder
and learnable object queries. Features from the
encoder represent image information at every position,
while queries serve as learnable positional encodings,
questioning whether there is an object at a specific
location. The decoder uses the image information
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Figure 2. DETR Architecture

to determine if the encoded location contains any
class. These queries are learnable from the dataset.
The architecture of the encoder and decoder modules
is shown in Figure 2. The outputs of the decoder
module are fed into a feedforward neural network to
predict the object’s position and category. These outputs
correspond to each object query learned in the decoder
block. If an object query encodes no object at a position,
the classification head result is “No Object”.

Loss Function. The network returns a set of N detection
results corresponding to N object queries. Each result
is a tuple that includes (class, box) and represents one
and only one object without duplication. Therefore, a
matching process is needed to map one prediction to
one ground truth. Because the number of ground truth
objects in an image is smaller than the number of object
query N , a set ∅ of patches cropped randomly from the
background is used as extra ground truth. Therefore,
"background" objects with an arbitrary position and
the label “No Object” help to balance the numbers of
actual labeled locations and predictions. Denote σ is
a matching solution; the optimal matching σ̂ is the
solution of an optimization process as in Equation 1.
Where yi is a ground truth of a box that includes
class label and bounding box label (ci , bi); and ŷi is
a prediction result. This optimal assignment is solved
by the Hungarian algorithm [31]. Note that this cost
is not calculated on each object but as a collective
combination of N objects generated for each image.

σ̂ = argmin
σ∈ΞN

N∑

i

Lmatch

(
yi , ŷσ (i)

)
(1)

A good model can accurately predict objects and
bounding boxes with higher overlapping contours.
Therefore, the objective function Lm

(
yi , ŷσ (i)

)
should

include these criterions as Equation 2.

Lm
(
yi , ŷσ (i)

)
= −1{ci,∅} log p̂σ (i) (ci) + 1{ci,∅}Lbox

(
bi , b̂σ (i)

)

(2)
The first term of Equation 2 guides the model to

predict the object’s category accurately. The second
term helps to predict better bounding boxes. Here
ci , ∅ refers to detecting objects that are not dummy
objects. Because each ground truth object is detected
once, the equation 2 is applied to all ground truth
objects in the image.

The optimal matching σ̂ is estimated on a matching
that includes ground truth objects and dumpy objects
(defined by ∅). Because the boxes of dumpy objects
are meaningless, the box loss is only valid if the box is
not in the ∅ set. In contrast, the dumpy objects should
be predicted as "No Object" correctly. Therefore, the
classification loss should include the ∅ set. Motivated
by the observation, the Hungary loss (LH ) [31] in
Equation 3 is used to train the model.

LH (y, ŷ) =
N∑

i=1

[
− log p̂σ (i) (ci) + 1{ci,∅}Lbox

(
bi , b̂σ (i)

)]
.

(3)
According to the literature reviews, influence scaling

is critical in bounding box estimation. For example, a
bounding box of a large object would have a width
of 0.2, while a bounding box of a small object would
have a width of 0.02. If the conventional Euler distance
is used to measure the bounding box loss, the model
may be too biased towards large objects and ignore
small objects. Therefore, the Generalized Intersection
over Union (GIOU) [32] loss function is introduced to
calculate the bounding box loss together with the L1-
norm [33] loss function. Denote λiou , λL1 ∈ R are hyper-
parameters that control a learning process for GIOU
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loss and L1-norm loss; the formula of the boundary loss
is in Equation 4.

Lbox

(
bi , b̂σ (i)

)
= λiouLiou

(
bi , b̂σ (i)

)
+ λL1

∥∥∥bi − b̂σ (i)

∥∥∥
1
(4)

3.2. Deformable DETR
Deformable Attention block. In the DETR model, the
attention block transmits almost uniform attention
weights to all pixels in the feature map. Thus,
training requires a longer time. Using a deformable
mechanism, the custom attention block only samples
a small set of crucial points around a reference
point, regardless of the feature map size in the
spatial domain. This design allows for a reduction in
training time. Besides, the computational complexity
and needed memory are reduced. Figure 3 illustrates
how deformable convolution is integrated into a multi-
head self-attention layer, and the equation 5 is the
model representation of the layer.

DeformAttn
(
zq, pq, x

)
=

M∑

m=1

Wm




K∑

k=1

Amqk .W
′
mx

(
pq + ∆pmqk

)



(5)

where,

• x ∈ RC×H×W is an input feature map.

• M is the sum of interactions, where m ∈ [1,M].

• K is the total number of standard keys sampled (K
< HW), index k ∈ [1, K].

• W ′mx is a linear projection of the input feature
map. W ′m extract value of a self-attention layer.

• ∆pmqk represents the sampling deviation of the kth

sampling point in the mth attention head. Given a
query zq, a linear projection extracts a 2 × (M ∗ K)
to represent K offset vectors for M attention head.

• Amqk is the attention map of the kth sampling
point in the mth attention output. Given a query
zq, a linear projection extracts a M × K tensor as
an attention map Amqk . The softmax function is
applied on every head to ensure

∑K
k=1 Amqk = 1.

• The term
[∑K

k=1 Amqk .W
′
mx

(
pq + ∆pmqk

)]
repre-

sents the interaction among sampling values to
encode a new feature. The new feature is the
output of a self-attention layer. Concatenating
several self-attention features and then projecting
the feature to output, we have a multi-head self-
attention.

Multi-scale Deformable Attention Module. The multi-scale
technique is commonly used to detect objects of
different sizes. Feature maps at different scale levels
detect objects from different distances. Multi-scaling
techniques are integrated into a Deformable Attention
block as Equation 6.

MSDeformAttn
(
zq, p̂q,

{
xl
}L
l=1

)

=
M∑

m=1

Wm




L∑

l=1

K∑

k=1

Amlqk ·W ′mxl
(
∅l

(
p̂q
)

+ ∆pmlqk

)



(6)

where,

• L is the input feature level, index l ∈ [1, L]

• {xl}Ll=1 is the feature map at different scales; with
xl ∈ R(C×Hl×Wl )

• ∆pmlqk represents the sampling deviation of the
kth sampling point at the lth feature level and the
mth attention head.

• p̂q ∈ [0; 1]2 is the normalized coordinates. The
upper left point is (0;0); and the lower right point
is (1;1).

• The function ∅l(p̂q) will re-scale the normalized
coordinates p̂q to the input feature map of level l.

4. Experiment
4.1. Dataset Description
In order to demonstrate the effectiveness of the
Deformable DETR framework for ship detection, we
utilize a widely recognized large-scale dataset refer-
enced in the work of [18]. This dataset originates
from a comprehensive video monitoring system situ-
ated around Hengqin Island in Zhuhai City, China.
It comprises a diverse range of ship images captured
under different sea conditions, collected from 6:00 am
to 8:00 pm daily.

For a fair comparison, we follow the setup outlined
in [18] for preparing the training and testing sets. This
approach is widely used in various research works such
as Liu (2020) [12], Liu (2022) [7], Han (2021) [28],
SDNet (2022) [11], and VIB (2023) [14], and has become
a well-known benchmark. Under this setup, 80% of the
dataset is used for training, and the remaining 20% is
used for testing. The training and testing datasets are
denoted as DT rain

1 and DT est
1 respectively.

Some works (Biaohua_2022 [19] and Yani_2022 [17])
prepare a challenging scenario where 50% dataset is
used for training and 50% dataset is used for testing.
In this scenario, the training and testing datasets are
denoted as DT rain

2 and DT est
2 in our paper. Furthermore,
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Figure 3. Illustration of the Deformable Attention module [16]. (a) The concept of deformable convolution. (b) Deformable convolution
in multi-head attention.

Table 1. Performance comparisons of Deformable DETR with the number of queries. The best results are marked in bold.
Deformable DETR

Class
300 query 200 query 100 query 50 query

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
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

to evaluate the performance on limited datasets,
VIB_2023 [14] introduced S1, S2, and S3 subsets which
are randomly selected from DT rain

2 . These datasets
contain 30%, 70%, and 100% of DT rain

2 , respectively.
These subsets enable thorough investigation into the
scalability and adaptability of proposed methods across
varying dataset sizes and training conditions.

Our experiment uses AdamW optimizer, learning
rate = 0.0001, weight decay = 0.0001, n_epoch=200,
batch_size=8, λiou = 2.0, and λL1 = 5.0. We use the
reduce-mean operator on batch data and the reduce-
sum operator on prediction output. The mAP is
used to select the best model. These experiments are
implemented based on the mmdetection library [34].

4.2. Hyper-parameter selection
As discussed in Section 3, the number of queries
can affect the number of outputs of a DETR-based
detector. Therefore, this section tries to select the
most suitable parameter to control the model. We

compare the performance when nqueries receives a vault
in the [300, 200, 100, 50] list. The DT rain

2 and DT est
2 are

selected as the training and testing dataset to ensure a
challenging setting. It means 50% of the dataset is used
for testing.

The findings are presented in Table 1. In mmde-
tection, the default value for the number of queries
(nqueries) is 300. It is observed that using the default set-
ting leads to an increased number of detections (dets).
For example, the number of detections for fishing boats
is 204449. This tendency results in a decrease in average
precision (AP) to 0.798, while the recall increases to
0.913. Additionally, the higher number of detections
for fishing boats can be attributed to the higher fre-
quency of the corresponding label in the dataset. By
reducing nqueries, the bias in detections is mitigated.
Specifically, when nqueries are set to 200, 100, and 50, the
detections for fishing boats decrease to 208817, 119774,
and 96577 respectively. Furthermore, this reduction in
queries minimizes the bias in detections across different
ship categories. With nqueries = 300, the lowest number
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Table 2. Performance comparisons of Deformable DETR given by various learning rates. The best results are marked in bold.
Lr=10−3 Lr=10−4 Lr=10−5

Dets recall AP Dets recall AP Dets recall AP
fishing boat 75600 0.122 0.001 24874 0.971 0.912 15869 0.986 0.877
container ship 12600 0.223 0.007 9193 0.993 0.986 17028 0.988 0.968
ore carrier 12600 0.254 0.005 33544 0.994 0.965 24892 0.988 0.919
bulk cargo carrier 12600 0.401 0.016 35317 0.995 0.949 21334 0.997 0.906
passenger ship 14000 0.211 0.001 14543 0.952 0.861 42789 0.982 0.760
general cargo ship 12600 0.361 0.009 22529 0.960 0.969 18088 0.994 0.916
mAP 0.006 0.941 0.891

of detections is for container ships (6300). However,
when nqueries = 50, the lowest number of detections is
around 18949, and the detections for container ships,
ore carriers, and passenger ships are quite similar.

Besides the nqueries, the learning rate (Lr) is another
important factor that affects the system’s performance.
Default, Lr is set as 10e-4. In the revised version, we
have modified the Lr to 10e-5 and 10e-3. The small set (
S1 dataset) is used for training, and the DT est

2 dataset is
used for testing.

The results presented in Table 2 provide a quantita-
tive evaluation of different learning rates. When a high
learning rate (Lr=10e-3) is used, the model exhibits
poor generalization, reflected in low recall and AP
values. This is likely due to excessively large parameter
updates during training, leading to instability or failure
to properly converge. On the other hand, with a low
learning rate (Lr=10e-5), while the model maintains
high recall, the slight decrease in AP indicates that
the learning rate may be too low, resulting in slower
convergence and insufficient fine-tuning of parameters.
The optimal learning rate is found to be (Lr=10e-4),
where the model achieves the best balance between
parameter updates and stability. At this rate, the model
attains high precision and recall across all ship classes,
making it the most effective choice in this scenario.

4.3. Compare with SoTA
This section compares our proposed method with
SoTA on the mAP metric. For each method, we
use a corresponding training and testing dataset. For
instance, we use DT rain

1 and DT est
1 to train our model

and compare with Zhang_2022 [13], and Zhang_2021
[10], Liu_2020 [12], Liu_2022 [7], Han_2021 [28], and
SDNet_2022 [11], and VIB_2023 [14]. Also, we use
DT rain

2 and DT est
2 to train another model and compare to

Biaohua_2022 [19], Yani_2022 [17], and VIB_2023 [14].
Because the mAP is maximum when nqueries = 200 for

our method, as shown in Table 1, we select the setting
in this experiment. The comparison among SoTA is
reported in Table 3, and some conclusions can be drawn
as below:

• Baseline framework is the key factor to have
a better result. Cui_2019 [7] and Liu_2020
[12] base on YoloV3. Therefore, its performance
is not as good as Liu_2022 [7], which is
based on the SSD framework. Han_2021 [28]
is based on YoloV4, and its performance does
not show an improvement compared to Liu_2020
[12] base on YoloV3. Using the advantage
YoloV5, SDNet_2022 [11] significantly improved
compared with Liu_2020. The YoloV5 framework
helps mAP increases up to 8% compared
to the YoloV3 framework. VIB_2023 [14] is
based on YoLoX, and our method is based on
the DETR backbone. These frameworks have
recently been advantageous methods for object
detection. Hence, the results are better than
others. It is worth noting that ship detection
research typically leverages an object detection
framework as its foundation, often with some
custom modifications. Therefore, inheriting the
capabilities of such a novel and powerful
framework naturally leads to improved results.

• When the number of samples in the training
set is reduced, DETR-based methods tend to
work better than CNN-based methods. In the
table, Biaohua_2022 [19] is a CNN-based detector,
and Yani_2022 [17] is a DETR-based detector.
The mAP given by Yani_2022 and Biaohua_2022
are 0.965 and 0.9963, respectively. However, the
performance could be improved if we select a
suitable hyperparameter. In our work, by setting
nqueries = 200 the mAP could improve to 0.981.

• Our method is comparable to the best CNN-based
method for ship detection. If the training dataset
has more samples than the testing dataset, our
method is comparable to the Yolo-based method
like VIB_2023 [14]. In detail, when DT rain

1 and
DT est

1 are used for training and testing, both mAPs
for our method and VIB_2023 [14] are similar.
However, when the number of samples in the
training set is equal to that in the testing set,
our method is slightly better than the VIB_2023
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Table 3. Performance comparisons of various methods. The best results are marked in bold.
Method Train+Val /

Test (in %)
fishing

boat
container

ship
ore

carrier
bulk
cargo

carrier

passenger
ship

general
cargo
ship

mAP

Zhang_2022 [13] 90/10 0.824 0.940 0.859 0.915 0.787 0.914 0.873
Zhang_2021 [10] 90/10 - - - - - - 0.946
Cui_2019 [9] 80/20 0.900 0.940 0.90 0.910 0.910 0.900 0.910
Liu_2020 [12] 80/20 - - - - - - 0.908
Han_2021[28] 80/20 - - - - - - 0.906
Liu_2022 [7] 80/20 - - - - - - 0.964
SDNet_2022 [11] 80/20 0.986 0.995 0.989 0.990 0.982 0.989 0.988
VIB_2023 [14] 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

Yani_2022 (ESDT)
[17]

50/50 - - - - - - 0.593

Yani_2022 (DETR)
[17]

50/50 - - - - - - 0.965

Biaohua_2022 [19] 50/50 0.940 0.987 0.966 0.978 0.937 0.972 0.963
VIB_2023 [14] 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

[14]. In detail, when DT rain
2 and DT est

2 are used for
training and testing, our method is slightly better
than the SoTA in VIB_2023 [14].

In Table 3, the results indicate that the DETR method
generally outperforms the YoLoX-based method [14]
when the number of training samples is reduced.
Therefore, we designed an experiment using DT est

2 as
the testing set and a subset of DT rain

2 as the training set.
These subsets are categorized into Small, Medium, and
Large levels, corresponding to S1, S2, and S3 subsets.
The results in Figure 4 compare our method with the
state-of-the-art (SOTA) method proposed in VIB_2023
[14].

If the training dataset is S1, the mAP given by our
method improves 17.5% compared to VIB_2023 [14].
When the number of training samples is increased, the
improvement is reduced. The enhancement on mAP
is 3.3% if S2 subset is used for training and if the
training dataset is S3, the mAPs from both settings
are pretty equivalent. The observation clearly points
out that the DETR-based method could help if the
number of training samples is limited. Table 4 reports
the detailed detection result for each ship category.

While DETR-based detectors can achieve higher
accuracy on smaller datasets, it is important to also
assess their computational complexity compared to
CNN-based detectors. Table 5 presents a comparison
of the computational performance between two object
detection models: VIB_2023 [14] and Deformable
DETR. Three key metrics are compared: Frames
Per Second (FPS), GFlops, and the number of

Figure 4. Performances when the number of training samples is
limited. "Small" means 30% training samples, "Medium" means 70%
training samples, and "Large" means 100% training samples from
DT rain

2 .

parameters (in millions). Both models show similar
FPS, with DETR slightly outperforming VIB_2023
[14] at 12.6 FPS versus 12.39 FPS on a TiTanRTX
GPU. However, DETR exhibits higher computational
complexity, requiring 11.01 GFlops, compared to the
more efficient 9.92 GFlops of VIB_2023 [14]. Despite
its higher computational demands, DETR uses fewer
parameters, with 39.82 million compared to VIB_2023’s
55.33 million. This suggests that DETR maintains
competitive speed with fewer parameters but at the cost
of increased computational complexity.
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Table 4. Performance on small datasets. S1 means 30% training samples, S2 means 70% training samples, S3 means 100% training
samples from DT rain

2 .
Scenario Metrics fishing

boat
container

ship
ore

carrier
bulk
cargo

carrier

passenger
ship

general
cargo
ship

mAP

S1 by VIB
recall 0.878 0.941 0.924 0.913 0.657 0.946
AP 0.796 0.884 0.831 0.765 0.524 0.794 0.766

S1 by DETR
recall 0.971 0.993 0.994 0.995 0.952 0.96
AP 0.912 0.986 0.965 0.949 0.861 0.969 0.941

S2 by VIB
recall 0.940 0.984 0.962 0.971 0.891 0.964
AP 0.922 0.980 0.935 0.953 0.873 0.946 0.935

S2 by DETR
recall 0.977 1 0.992 0.995 0.968 0.997
AP 0.958 0.995 0.967 0.978 0.922 0.986 0.968

S3 by VIB
recall 0.978 0.986 0.990 0.995 0.972 0.993
AP 0.970 0.986 0.984 0.991 0.964 0.989 0.98

S3 by DETR
recall 0.985 0.995 0.999 0.998 0.980 0.997
AP 0.970 0.995 0.992 0.992 0.957 0.992 0.982

Table 5. Complexity comparison between VIB-detector and
DETR-detector.

VIB_2023 [14] DETR
FPS 12.39 12.6

GFlops 9.92 11.01
#parameters (M) 55.33 39.82

4.4. Ablation study of loss functions.
This section discuss an ablation study on training losses.
Deformable DETR employs multiple loss functions
for training, including focal loss, GIoU loss, and L1
loss, each serving a distinct purpose: focal loss for
classification, GIoU for bounding box regression, and
L1 for object detection. The combination of these losses
ensures the success of the training process. While all
loss functions are crucial, their contributions can be
adjusted. By default, the weights are set at 2.0 for focal
loss, 2.0 for GIoU loss, and 5.0 for L1 loss. To evaluate
the impact of each, we reduced the weight of these
losses by a factor of ten, one at a time, and compared

Table 6. mAP comparisons of Deformable DETR when reducing
training losses.

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
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

the results to the default setting. The results in Table
6 demonstrate that Lcls (classification loss) is the most
significant; reducing its weight leads to a significant
performance drop. Conversely, reducing the object loss
has less impact, with performance remaining close to
the original setting. Localization is slightly affected by
GIoU loss, as mAP decreases to 0.931 compared to 0.941
in the original setting.

4.5. Feature analysis
Experimental results in Section 4.3 point out that the
DETR method is better than the CNN methods if
the number of samples in the training set is limited.
However, it is worth explaining why the DETR method
can have a better result in the special scenario. The
major difference between the two methods is the
attention module in the DETR encoder. This module
allows non-local interaction to learn a better feature.
Therefore, we visualize the features given by both
methods after a model’s backbone, neck, and head.
Given one input image, feature maps are extracted
after one module. The sum of one feature map
represents whether this feature map is important or not.
Therefore, we selected 20 important feature maps for
each backbone, neck, and head to create a heat map.
The map is averaged from all important feature maps
and represents key points on an image.

Figure 5 illustrates examples of heat maps generated
from an input image. The first row displays feature
maps from DETR, the second row shows heat maps
from the VIB_2023 [14] method, which employs a
feature selection loss for learning features, and the
third row presents heat maps from YOLOX [29], which
relies purely on CNN networks. The results indicate
that DETR, with its attention mechanism, can better
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Figure 5. Feature maps on the classifier head, the neck and the backbone. (Text on original image had been removed.)

focus on non-background objects. For instance, after
the head, the feature map highlights the text with
a score on the survival system, and the ship is also
highlighted, though not as prominently as the text. As
the features are processed through the neck, higher
semantic features are learned, causing the ship to
become more prominent while the focus on the text
diminishes. Key points are concentrated on the ship at
the head, with reduced attention on the text.

In contrast, VIB_2023 [14] produces sparse heat maps
where many pixels at the image’s edge do not respond.
However, these maps do not precisely focus on the
object. This occurs because VIB_2023 [14] uses a feature
selection loss to identify important features, leading to
sparse and highly discriminated feature maps that do
not exactly center on the object. The map distributions
are quite similar overall, with slight improvements
from the backbone to the head. Without the feature
selection loss, the distribution of heat maps would
likely be more uniform as shown in the third row.

5. Conclusion
This paper discusses a simple but efficient method
for ship detection. By adjusting the number of object
queries in the DETR model, we can have a comparable
detector for ship detection on a large-scale dataset. In
addition, the method shows a significant improvement
if we do not have enough data in a training set.

Heat map visualization explains why our method could
be better than CNN-based methods. The features are
learned to focus on non-background information, and
the discriminated level of the feature map is better.
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Abstract—Checking the container code at an international
terminal is necessary to ensure safety, security, and compliance
in the global trade ecosystem. By implementing such a system,
ports can mitigate risks, prevent illegal activities, and facilitate
the smooth flow of legitimate cargo while protecting the interests
of all stakeholders involved. This paper introduces a vision-
based container-code-checking system built on a versatile and
reasonably priced hardware platform with promising perfor-
mance. More concretely, the proposed system includes two
different stages executed continuously. To begin with, the CRAFT
is packaged in EasyOCR to detect the container-code area.
Subsequently, a Convolutional Neural Network combines with
Spatial Transformer Network to classify each character of the
detected container-code area. From that, our system facilitates
data collecting and analysis related to container movements,
inspections, and compliance. The demo video can be watched
here: https://www.youtube.com/watch?v=JsRZE0k lfM

Index Terms—classification, container-code-checking system,
deep learning, detection, and international terminal.

I. INTRODUCTION

Container-checking code systems in security gates are be-
coming increasingly important as global trade and commerce
have become more complex. These systems are designed to
help monitor the movement of goods in and out of ports,
airports, and other transport hubs to ensure that they comply
with regulations and do not threaten security.

One of the primary benefits of container-checking code
systems is that they help to prevent the smuggling of ille-
gal and dangerous goods. These systems can detect hidden
compartments and false bottoms in containers and identify
containers containing certain types of goods prohibited or
restricted by international trade regulations. Another critical
benefit of container-checking code systems in security gates
is that they help to ensure that goods are correctly declared and
accounted for, which can help to prevent fraudulent activity,

*Corresponding author

Fig. 1: A setup to collect data in the terminal gate.

such as mislabeling or undervaluing goods to avoid paying
fees or tariffs.

Overall, container-checking code systems play an important
role in maintaining the security and integrity of international
trade, which is essential for ensuring the safety of people
and communities worldwide. These systems help to prevent
the movement of illicit goods while also helping to promote
transparency and accountability in the global supply chain.

The container code is considered in this study, including
seven digits and four letters. The two most popular solu-
tions are radio frequency identification (RFID) and optical
character recognition (OCR) [1]. Recognition of container
code using radio frequency identification (RFID) technology
in the protocol [2] to improve container terminal efficiency.
The RFID-based solution has near-perfect accuracy but re-
quires high installation and maintenance costs [1]. For this
reason, OCR-based container code recognition was used in
our article. OCR technology in natural scene images has been
extensively studied for license plates, road signs, traffic signs,

https://www.youtube.com/watch?v=JsRZE0k_lfM


and especially container code recognition. In the article [3],
the authors used OCR and a new deep learning-based approach
for automatic number plate recognition. In the paper [4],
the author proposes a three-stage recognition of the license
plates based on the OpenCV Engine and Tesseract OCR,
consisting of license plate recognition, character segmentation,
and character recognition.

Many studies have used edge statistics because characters
have more edges than other parts of the image [1]. Based on
the container’s code area and surface color, a container code
localization algorithm using the analysis of the Maximally
Stable Extremal Region (MSER) and its associated domain
has been proposed in the paper [5]. The article [6] presents an
adaptive deep-learning platform for container code localization
and recognition, noisy text fields are removed by the Adaptive
Result Aggregation (ASA) algorithm. A real-time boundary-
based container code text segmentation network has been
proposed in the paper [7] that can accurately localize text in
real-time. Although these approaches accomplish outstanding
results, they are prone to be disturbed by various noises and
cannot identify the best regions for code detection.

Given mentioned above, this paper introduces a vision-
based container-code-checking system built on a versatile and
reasonably priced hardware platform with promising perfor-
mance. More concretely, the proposed system includes two
different stages executed continuously. To begin with, the
CRAFT is packaged in EasyOCR to detect the container-code
area. Subsequently, a Convolutional Neural Network combines
with Spatial Transformer Network to classify each character
of the detected container-code area. From that, our system
facilitates data collecting and analysis related to container
movements, inspections, and compliance. To sum up, our main
contributions are recapped as follows:

• Our system was built on a modular and cost-effective
hardware platform.

• The proposed system can operate well with actual data
collected from Tan Cang Company. Also, this system is
currently being considered to scale up and deploy Tan
Cang Technical Services JSC.

II. SYSTEM OVERVIEW

A. Hardware Platform

We have devised a two-part system to facilitate remote
monitoring as illustrated in Fig. 2. The first part is a slave
component installed on the harbor gate. At the same time, a
second is a master unit that processes deep learning algorithms
and sends control signals to operate the actuators. The master
unit serves as a Processing Unit (PU), which utilizes a commu-
nication technique called LoRa (Long Range) to analyze all the
signals. The remaining branch utilizes the Arduino Uno as the
primary microcontroller. Its responsibilities include receiving
maneuvering information, managing barriers via relays, and
indicating warnings through LEDs.

Fig. 2: Hardware overview.

Fig. 3: Graphic user interface designed for monitoring.

B. User Interface

An interface is created to enhance the user experience and
provide a means to monitor container code, as shown in Fig.
3. It assists users in verifying the correctness of the code
should the main algorithm fail. This UI includes three main
components: show types of containers, image-captured frame,
and barrier manual control.

C. Container-Code Configuration

According to Fig. 4, the five components of the container
identification system consist of the Owner code, Product
Group Code, Serial Number, Checking digit, Type, and Size
of the container with the ISO standard.

III. METHODOLOGY

The proposed system includes two different stages executed
continuously. To begin with, the CRAFT is packaged in Easy-

Fig. 4: Code Configuration.



Fig. 5: The pipeline of character parsing process.

OCR to detect the container-code area. Subsequently, a Con-
volutional Neural Network combines with Spatial Transformer
Network to classify each character of the detected container-
code area. From that, our system facilitates data collecting
and analysis related to container movements, inspections, and
compliance. The overall architecture is depicted in Fig. 5.

A. EasyOCR Framework

EasyOCR [8] is a plug-in framework allowing computer
vision engineers to conduct Optical Character Recognition
efficiently. It integrates several OCR engines and deep learning
models that can accurately recognize text in various languages
and formats, including printed and handwritten text, machine-
printed text, and digits. According to the explanation [9], it
consists of localization and recognition stages. As for text lo-
calization, the framework utilizes CRAFT [9], which emerged
as a promising model for text detection recently. Recently,
the latest version is None-VGG-BiLSTM-CTC integrated into
the API. It supports over 70 languages, including Arabic,
Chinese, English, French, Hebrew, Hindi, Japanese, Korean,
Russian, and Spanish. Despite its data variation, the classifier
is sometimes unsatisfied in real-time environments. In our
cases, the model constantly misclassifies some characters, such
as 6 and G.

B. Classifier

In this part, we suggest a lightweight recognizer to reinforce
the reliability of the whole system. In many cases, due to the
differences between experimental domains, the final predic-
tions may not be optimized if we used one-stage detection
within data from just a single dataset. Thus, we diversified the
learning domains using another dataset called Char74k [10].
In detail, having been extracted by the detection model of the
EasyOCR framework, the bounding boxes are then resized and
fed as input for ST-CNN.

1) Spatial Transformer Network: There is the fact that the
cropped bounding boxes do not appear ideally in an image

frame. Some problems that can be considered here are spatial
effects on the foreground, such as scale, rotation, etc. In order
to solve this problem, the paper [11] proposed an idea to
perform the transformation to feature maps, including crop-
ping, scaling, and rotating automatically. This work facilitates
the classifiers to reduce the burden and boost their accuracy.
Hence, we applied the STN to learn transformation parame-
ters, and STN is divided into three components: Localisation
network, Grid generator, and Sampler.

Localisation network (LN) is a simple local CNN or MLP
(Multiple Layers Perceptron) with the inputs being feature
maps. In our case, we placed this module at the beginning
of the whole model so that the input image would be directly
fed as input for LN. The output of LN is a matrix containing
six parameters θ for 2D affine transformation calculation τθ.

The spatial transformation has a form Aθ =

[
θ11 θ12 θ13
θ21 θ22 θ23

]
,

which means the output layer of LN must contain six nodes.
Grid Generator would generate a sampling grid depending

upon generated parameters θ. In this step, the Grid Generator
takes the responsibility of irritating over the regular grid G
of the target image. Then it makes an inverse transformation
Tθ to find out the corresponding positions in the input image.
Specifically, individual points in the input image are trans-
formed using a pointwise transformation illustrated in the (1)
to their corresponding positions in the output image using the
previously learned transformation parameters.

τ(

[
xinput

yinput

]
) = Aθ ×

xoutput

youtput
1


=

[
θ11 θ12 θ13
θ21 θ22 θ23

]
×

xoutput

youtput
1

 , (1)

where the element 1 is added to the homogenous vector[
xoutput

youtput

]
to represent a point in a homogenous coordinate



system and become multipliable with the transformation ma-
trix.

Sampler plays a crucial role in warping the input picture
following the learned transformation parameters. In the origi-
nal paper, the authors used the bilinear interpolation technique
to produce smoother outputs that outperformed other tech-
niques in practical experiments. Mathematically, the bilinear
interpolation can be represented by the following equation:

f(x, y) = (1− α)(1− β)f(x1, y1) + α(1− β)f(x2, y1)+

(1− α)βf(x1, y2) + αβf(x2, y2), (2)

where:
• The values of f(x1, y1), f(x1, y2), f(x2, y1), f(x2, y2)

indicate the four nearest neighbors pixels.
• The α value reflects the relative distance between the x-

coordinates of the output pixel and its left neighbor pixel.
• The β value corresponds to the variance in y-coordinate

between the output pixel and its top neighbor pixel.
2) The Integrated Classifier: A legendary architecture was

employed as a VGG16 classifier consisting of 16 layers
of convolutional and fully connected neural network layers.
Additionally, the VGG16 design was incredibly distinctive
in allowing deeper neural networks to perform tasks like
recognizing objects more effectively. By integrating the Spatial
Transform (ST) module, the feature maps would be better
enhanced when fed to the VGG16 model. The architecture
of the whole classifier is depicted in Fig. 6.

3) The Pipeline of System: The Algorithm 1 processes an
input image with container code by iterating through a list
of bounding boxes (Bf ). It crops the image (I) based on
each bounding box (bi), then converts the cropped image to
grayscale(IG), applies thresholding to create a binary image
(IT ), find contours in the thresholded image (IT ) using the
FindContour function and store in the variable C. Next, sorting
the contours in the variable C from top-left to bottom-right is
based on the SortContours function. Subsequently, the Filter-
Contour function was leveraged to select contours according
to their area, ensuring only relevant contours are considered.
In the next stage, the image is further cropped based on the
refined contour coordinates (x, y, w, h), and the cropped image
is assigned in the variable Ic

′. After obtaining the character-
cropped images, the ST-VGG16 model processes these images
to extract information. This process is repeated for each
bounding box, and the processed results are outputted and
stored in the variable r. Afterward, the individual predicted
character (r) was append to the list R. Overall, the code
utilizes various techniques and models to extract information
from the container code in the input image.

IV. EXPERIMENTAL RESULTS

A. Hardware Setup

To build up a hardware platform for this study, we used
reasonably priced components illustrated in Fig. 7. In detail,
we employed two microcontrollers Arduino Uno to handle
input and output signals. The first microcontroller receives

Algorithm 1
Input: RGB image I
Outputs: The predicted characters
Begin

Bf ←− [b1, b2, ..., bn] /* Bf is the list bounding box.
R←− [] /* R is the list of predicted character
For bi in Bf

Ic = CropImages (bi) /*Crop the input image based on the
bounding box coordinates

IG = ConvertColortoGray(Ic) /* Convert the cropped image
to grayscale

IT = Threshold(IG) /* Apply image thresholding
C = FindContour(IT ) /* Find contours in the thresholded

image
C = SortContours (C) /* Sorting contours top-left to bottom-

right.
For Ci in C
x, y, w, h←− Ci

FilterContour(x, y, w, h)/* Choose the contours relied on
area of them

Ic′ = CropImages(x, y, w, h)
r = STN-VGG16(Ic′ )
R.append(r)
Return R

End

TABLE I: Trainning Parameters.

Parameters Value
Batch Size 256
Learning rate 4e−4

Momentum 0.9
Epoch 150

signals from a computer and utilizes a LoRa SX1278 433Mhz
transceiver module to transmit signals to the second micro-
controller. On the other hand, the second microcontroller
is responsible for processing the received signals from the
first microcontroller and controlling various devices in the
container terminal, such as signal LED lights through a Relay
module and a DC motor for managing the opening and closing
of the barrier. These components are affordable, priced totally
at around 30 dollars, making them highly suitable for product
research and development purposes. And in this system, we
tried to design modules with functions and programming meth-
ods similar to facilities in the harbor. This work would make
the scaling period in the future more convenient. Furthermore,
the image-parsing process was executed on Laptop with a
graphic card NVIDIA GTX 1650, and module 5 was plugged
into the Laptop to receive a signal through UART protocol.

Regarding training configuration, the classifier was built on
the Pytorch framework with Ubuntu 18.04 and CUDA 10.2. As
for the training process, the parameters were set up as Table. I.
The Adam optimizer was used to improve the training phase’s
performance. The whole model was also trained on a server
with the graphic card being NVIDIA Tesla T4. This server is
used for estimating the execution time of the model and the
accuracy of the models.



Fig. 6: The Spatial Transform VGG-16 classifier.

Fig. 7: Hardware platform. 1) signal LED, 2) DC Motor
represents a barrier in practice, 3) Drivers including relays
and bridge circuit, 4) micro-controller receives signals from
LoRA and maneuvers actuators, 5) micro-controller is used
for transmitting a signal from computer to receiver, 6) power
unit.

B. Data Description

This section describes the dataset (Chars74K) used to rec-
ognize the individual cropped character. The standard data
was built from Google Street View images [10]. Because the
letter on the container door is capitalized, we just leveraged
characters, including digits and capital letters. Furthermore,
we merged two data sets GoodImg [10] and BadImg [10] for
the training process and split the data with a 9:1 ratio. Notably,
a total dataset comprises 9116 images from different classes.
Due to the imbalance among classes in the dataset depicted in
Fig. 8, we applied multiclass Focal Loss [12] to mitigate the
imbalance constraints. The Focal Loss is illustrated as follows:

Fig. 8: Data visualization of the number of samples per class.

FL(pt) = −αt(1− pt)
γ log(pt), (3)

in that:
• αt = 1− Nt

N and Nt are the number of samples of class
t and N is the total number of samples in the dataset.

• pt is the predicted probability of true class.
• γ is the focusing hyperparameter, we select γ = 2.

C. Results and Evaluation

1) Detection Performance: There is a fact that the results
of this phase have a profound impact on the subsequent steps
within the processing pipeline. Hence, in this work, we tried
to set up a camera angle to directly capture the Region of
Interest (RoI). Detection results were depicted in Fig. 9.

2) Classification Performance: The image-processing al-
gorithm separated single characters after detecting individual
boxes from container door surfaces. This step would stably op-
erate as long as the illuminating condition in RoI is guaranteed
and the cropped bounding boxes are precise. Ultimately, to
perform and prove the effectiveness of the enhanced classifier,
the quantitative results are illustrated in Table. II were drew



Fig. 9: Detection results with various environments.

(a)

(b)

Fig. 10: Cropping samples with its binary images. (a)
is the result of one container with the code being
′CCLU778420445G1′, (b) is the result of another container
with the code being ′WHSU514790045G1′.

after comprehensive experiments, while the qualitative cropped
images used to feed the STN-VGG16 model were depicted in
Fig. 10. These numbers show the classifier’s performance is
quite good in our experiments. The whole system achieved
promising results with the processing time being around 2.25s
on average.

V. CONCLUSION

To sum up, this paper presents a container-code checking
system utilizing computer-based methods. Concretely, the sys-
tem first detects and crops bounding boxes from the original

TABLE II: The comparison of different kinds of models in
text classification. (C) is using Cross-Entropy Loss, and (F) is
using Focal loss. PR is the number of parameters.

Models

Metrics
Accuracy Train Accuracy Test FPS FLOPs (×109) PR (M)

VGG16(C) 72.84 70.72 300 5.911 52.49

STN-VGG16(C) 90.79 89.74 260 5.915 52.51

STN-VGG16(F) 98.88 94.09 260 5.915 52.51

HOG [13] - 76.8 - - -

images. Next, several image-processing techniques, including
grayscale thresholding or finding contours, and so on, were
applied to separate each individual character. Lastly, these
provided characters act as input for a classifier called STN-
VGG16. The comprehensive results with reliable accuracy
reveal that our proposed system could be scaled up and
developed in the future. Furthermore, this system is currently
considered to be applied and tested in an international harbor.
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Abstract— In this paper, we propose a ship classification 

method based on surveillance radar signals. To get a robust 

system, our method needs to handle challenges from the high 

variance given by the poses of a ship. The reflecting radar 

signals are highly relevant to the poses rather than the ship 

categories. Therefore, in this paper, we apply a clustering 

technique to separate the data into suitable domains. Later, the 

data is classified by corresponding classifiers. Several neural 

network configurations have been tested to understand the 

contribution of the proposed preprocessing method. 

Comprehensive experiments point out that our method helps to 

improve the relatively good accuracy of a three-category 

classification. 

Keywords— Clustering; Signal Recognition; Neural Network; 

Radar System 

I. INTRODUCTION 

Surveillance on the sea [1,2,3] is a critical task to ensure 

national security, maritime safety, over-sea protection of 

sovereignty, combating piracy, terrorism, and other external 

threats. Typically, a pulse-radar system could be used to 

monitor an ocean region. As shown in Fig.1, a surveillance 

pulse radar system includes a transmitter, a receiver, a 

transceiver switch, a synchronization device, a display 

device, and an emitting/receiving antenna. The 

synchronization signal from the sync block is sent to the 

generator to trigger the modulation block in the transmitter. 

The active modulating block produces a square pulse. This 

pulse modulates the ultra-high-frequency oscillation, which 

helps the generator to generate an ultra-high-frequency pulse. 

The transmitter generates an ultra-high frequency pulse to the 

transceiver switch. Later, the signal is passed out into space 

by the antenna. Then, its reflected signal is received by the 

antenna through the transceiver switch to the receiver. At the 

receiver, the received signal is demodulated to get the 

visualized signal.  Finally, the reflecting signal is visualized 

on a display device. Base on the waveform of the reflecting 

signal, we may know what type of target.   

Based on the direction of the emitting ray and the time of 

arrival (ToA) of the reflecting signal, the position of a target 

could be estimated robustly. However, determining the type 

of ship still is a challenging task. Traditionally, people base 

on the waveform of reflected signals to determine the 

category of a target ship. As shown in Fig.2 the signal is 

affected seriously by the pose of a ship. In Fig.2(a,b,c) the 

reflecting signals of a fishing ship are quite different when 

the ship is moving to follow different directions. In contrast, 

as shown in Fig. 2(a,d,g), three different ship- categories but 

share the same pose will have similar observations. In a 

general case, there are several factors that can affect the 

waveform of a reflecting signal. Weather conditions, the 

ship’s materials, and the load capacity of each ship are typical 

reasons that change the waveform. For instance, given the 

same ship, but when the ship has a lot of cargo, the reflecting 

signal will be different from the train carrying less cargo. 

Hence, less experienced staff may make a  wrong prediction 

for the ship classification task. Motivated by these reasons, in 

this paper, we propose to use machine learning-based 

methods to solve the ship classification. 

ANTEN

TRANSMITTER
TRANSCEIVER 

SWITCH
RECEIVER

SYNCHRONIZER DISPLAY

 

Fig. 1. Block diagram of a surveillance radar system 

Unlike traditional methods that directly use a classifier to 
identify ship categories, we propose to use a clustering 
algorithm to assign a ship into a suitable cluster before 
classification. Each cluster represents a specific domain such 
as poses, weather conditions, or the material of a ship. Given 
a cluster, we train a classifier to identify ship categories. As 
shown in Fig. 2, we expect the clustering will separate the 
training data into domains where samples share a specific 
latent factor. Hence the classifier will be learned easier. In 
detail, given the radar-based surveillance system, we 
separately apply clustering and classification on frequency 
features [4] or time-domain features to find out better features 
for machine learning tasks. Base on the experiment, we 
consider that K-mean clustering and time domain are suitable 
for our application. Hence, we apply a chain that includes K-
mean clustering and Neuron Network classification to 
recognize three ship-categories. 

In summarization, our main contributions are listed as 
follows: 

 We collect a dataset that includes reflecting radar 
signals from ships at sea. To our best knowledge, this 
is the first radar dataset collected in Vietnam for 
surface marine monitoring. 
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 In a scenario of radar-based marine surveillance, we 
compare the effects of Fourier features and time-
domain features on machine learning algorithms. The 
experiments help to select a suitable clustering 
method for our classification module. 

 We propose a clustering-based classification for ship 
recognization. By preprocessing the data based on 
clustering, we reduce the complexity of the 
classification task. Consequently, the proposed 
method gets better results when it was tested with 
various complexity settings and various training sets. 

   

(a) (b) (c) 

   

(d) (e ) (f) 

  
 

(g) (h) (i) 

Fig. 2. Reflecting signal given by fishing ship, civil-transport ship and 

military-transport ship given by various poses. 
(a) Signal given by a passing fishing ship  

(b) Signal given by a moving-in fishing ship 

(c) Signal given by a moving-out fishing ship 
(d) Signal given by a passing civil-transport ship 

(e) Signal given by a moving-in civil-transport ship 

(f) Signal given by a moving-out civil-transport ship 
(g) Signal given by a passing military- transport ship  

(h) Signal given by a moving-in military- transport ship 

(i) Signal given by a moving-out military- transport ship 
 

II.  RELATED WORKS 

A. Feature extraction 

Conventionally, to classify a 1D signal such as our 
waveform, a segmentation task must be implemented first. 
Base on the segmented signal, we apply a classifier to 
recognize its category. Hence the success of the classification 
task is highly dependent on the result from the segmentation 
task. However, due to the difference in sampling rate and the 
shifting effect, a segment may not robust in the time domain. 
Therefore, frequency features [4] have been widely used in 1D 
signal-based classification. 

 Unlike usual cases, our emitting radar signal is modulated 
by a square pulse. Hence, the receiving signal has the same 
size as the square pulse.  As shown in Fig. 2, the receiving 
signal is a 500-element array in the time domain. In this case, 
we do not need to handle the segmentation task. Also, the 
shifting effect may not an issue in our application. Therefore, 

using the time domain may be a reasonable solution in this 
case. 

B. Classification 

For the classification task, the Support Vector Machine 
(SVM)  [5,6] and Neuron Network (NN) [7,8] are two well-
known methods that can address the nonlinear challenge from 
a dataset. While the Neuron network relies on nonlinear active 
functions and hidden layers to represent a nonlinear mapping, 
the nonlinear SVM classifier is based on pre-defined kernels 
to provide nonlinear modelings. Typically, the quality of a 
classifier is dependent on the relevance between model 
complexity and training dataset. If the model is extremely 
complex but the dataset is simple, we may have an overfitting 
phenomenon. In contrast, if the model is simple but the dataset 
is a challenge, we may have an underfitting phenomenon.  We 
expect the model complexity is suitable with the dataset 
complexity. In this case, the training accuracy may slightly 
higher than the testing accuracy; and the model is considered 
that it is generalized enough. While NN relies on the number 
of classes and the number of nodes in each hidden layer to 
determine the complexity of a model; SVM relies on kernel 
bandwidth to control its complexity. Choosing the right 
control parameters is a critical task to train a classifier 
successfully. 

III. PROPOSED METHOD 

 

Fig. 3. System overview. 

In this chapter, we introduce the proposed method in 
detail. For a given dataset, we use the K-means algorithm to 
separate this dataset into three clusters. For each group, a NN 
is used to classify ship categories. The categories include 
fishing ship, civil-transport ship, and military-transport ship. 
During the testing phase, a testing sample is assigned to a 
specific cluster.  Depend on the cluster that the test sample is 
assigned, a corresponding classifier will be selected for 
classification. In the next subsection, the K-means clustering 
and the Neuron network will be introduced in detail. 

A. KMeans Clustering 

Given a dataset X=[x1, x2, …, xN] ∈ Rd x N that include N  
samples which represented by d features, a KMeans algorithm 
separates this dataset into K clusters. In each cluster, its 
members should be as similar as possible. Each cluster is 
represented by a cluster centers as mk ∈ Rdx1 (k=1~K); and for 
each point in the dataset, a label should be assigned to identify 
which cluster that the sample is belong in. Typically, the label 
could be represented by a one-hot vector as yik ∈ 
{0,1}and  ∑ 𝑦𝑖𝑘 = 1

𝐾
𝑘=1 . If 𝑦𝑖𝑘 = 1, it means the 𝑖𝑡ℎ  sample 

is belong to the 𝑘𝑡ℎ  cluster. Here, we expect that a sample 
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should close to the cluster center that it’s label is belong to. 
Hence the loss function in Equ. (1) is used to learn the 
{𝑦𝑖 , 𝑚𝑘}. 

𝐽 =
1

𝑁
∑∑𝑦𝑖,𝑗

𝐾

𝑘=1

‖𝑥𝑖 −𝑚𝑘‖2
2

𝑁

𝑖=1

 (1) 

Denote Y= [y1 ; y2 ; …; yN ] and  M=[m1 , m2, …mK] are 

the matrix form of all labels and cluster centers, the solution 

Y and M could be found by Equ. (2). 

𝑌,𝑀 = 𝑎𝑔𝑟𝑚𝑖𝑛⏟    
𝑌,𝑀

∑∑𝑦𝑖𝑘‖𝑥𝑖 −𝑚𝑘‖2
2

𝐾

𝑘=1

𝑁

𝑖=1

 

subject to:  yik∈{0,1}  ∀i,k; ∑ 𝑦𝑖𝑗 = 1 ∀𝑖
𝐾
𝑗=1  

(2) 

Because Y and M are from two different categories, the 

Expectation–Maximization algorithm [9] are applied to solve 

the solution in Equ. (2). Here, we randomly initialize M and 

find Y to minimum J. The solution of Y could be estimated 

by Equ. (3): 

𝑦𝑖 = argmin
𝑦𝑖
∑𝑦𝑖𝑘‖𝑥𝑖 −𝑚𝑘‖2

2 

𝐾

𝑘=1

 

subject to: 𝑦𝑖𝑘 ∈ {0,1} ∀𝑗;  ∑𝑦𝑖𝑘

𝐾

𝑘=1

= 1 

(3) 

Later, we fix Y and estimate M by Equ. (4): 

𝑚𝑗 =
∑ 𝑦𝑖𝑘𝑥𝑖
𝑁
𝑖=1

∑ 𝑦𝑖𝑘
𝑁
𝑖=1

 (4) 

To find the optimal Y and M, Equ. (3) and (4) are repeated 

until the parameters are converted. 

B. Neural Network 

Neural Network (NN) is a powerful tool for classification 
tasks. As shown in Fig.4, the NN a combination of multi 
perceptron layers. Typically, there are three types of layers 
could be found in a NN.  The input layer is the leftmost layer 
of the network and it represents the inputs of the network. The 
number of nodes in the input layer is the number of features. 
The output layer is the bottom right layer of the network that 
represents the outputs of the network. The number of nodes in 
the output layer is the number of classes that we aim to 
classify. A hidden layer is a layer between the inlet and the 
exit layer representing the logical inference of the network. A 
NN can have many hidden layers; hence the model 
representation of a NN could be found in Equ. (5): 

 
Fig.4. Block diagram of Neural Network 

𝑦(𝒙,𝑊) = 𝑓𝐿(𝑓𝐿−1 (𝑓𝐿−2 (… (𝑓2(𝑓1(𝒙)))))) (5) 

Here, 𝑥𝑖 is the 𝑖𝑡ℎ sample in a dataset, 𝑊 is the weight of 

the network, and 𝑓𝑙(𝒙) is the feature extracted at the 𝑙𝑡ℎ layer. 
Denote 𝜎𝑙 is the activation function and 𝑊𝑙 is the weight of the 

𝑙𝑡ℎ  layer respectively; the corresponding layer 𝑓𝑙(. )  of a 
neuron network is represented by Equ. (6) 

𝑓𝑙(𝒙) = 𝜎𝑙(𝑊𝑙𝑓𝑙−1(𝑥)) (6) 

To train a NN, we expect that the prediction of the 𝑖𝑡ℎ 
sample 𝑦(𝒙𝒊,𝑊)  should be similar to the target 𝒕𝒊 . In a 
classification task, the similarity could be modeled by a cross-
entropy loss as in Equ. (7). A smaller loss means a higher 
similarity. 

𝐽𝑐𝑙𝑎𝑠𝑠 =
1

𝑁
∑∑−𝑡𝑖,𝑗

𝐶

𝑗=1

log (𝑃(𝑦(𝒙𝒊,𝑊) = 𝑗))

𝑁

𝑖=1

 (7) 

Here 𝑡𝑖  is a one-hot label vector of the 𝑖𝑡ℎ  sample and 

𝑃(𝑦(𝒙𝒊,𝑊) = 𝑗)  is the probability that the prediction  

𝑦(𝒙𝒊,𝑊) is belong to the 𝑗𝑡ℎ sample. Usually, the probability 

is the output of a NN. 

When the number of hidden nodes are increased, NN will 

be more dense and complex. In order to avoid overfitting in a 

dense network, a regularization loss have been introduced to 

ignore less important features. Denote 𝐿  is the number of 

layers and 𝑠𝑙  is the number of nodes in the 𝑙𝑡ℎ  layer, the 

regularization loss is presented in Equ. (8). The 𝐽𝑅𝑒𝑔𝑢 loss is 

minimum when all 𝑊𝑙
𝑖,𝑗

are zero. In this case, the network 

cannot learn anything. Hence, a 𝜆 parameter is used to control 

the contribution of the regularization term to the prediction 

process as Equ. (9). To evaluate the performance of NNs of a 

dataset, we may modify the network configuration from 

sparse to dense. During the process, 𝜆 should be very small 

to avoid overfitting in a dense network. 

𝐽𝑅𝑒𝑔𝑢 =
1

𝑁
∑∑∑𝑊𝑙

𝑖,𝑗

𝑠𝑙+1

𝑗=1

𝑠𝑙

𝑖=1

𝐿−1

𝑙=1

 (8) 

𝐽𝑡𝑟𝑎𝑖𝑛 = 𝐽𝑐𝑙𝑎𝑠𝑠 + 𝜆𝐽𝑅𝑒𝑔𝑢 (9) 

 

To minimize the above loss function 𝐽𝑡𝑟𝑎𝑖𝑛 , we use the 

Gradient Descent [10]. It is an iteration process to find the 

optimal solution. Denote τ is the iterations step and α is the 

learning rate, the parameter will be updated by Equ. (10).  

𝑊𝜏+1 = 𝑊𝜏 − α
𝜕𝐽𝑐𝑙𝑎𝑠𝑠
𝜕𝑊

 (10) 

IV. EXPERIMENTS 

In this section, we present experiments to demonstrate the 
effectiveness of the proposed method. The dataset is collected 
by a coastal landscape radar system. This system is owned by 
the VietNam government. Fig. 5a shows a reflecting 
waveform on the surveillance screen and Fig.5b is exported 
excel files given by a software that accompany with the 
system. Each excel file is a waveform represents a reflecting 
signal. Overall, we collect 611 samples of fishing ships; 688 
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samples of civil-transport ships, and 328 samples of military-
transport ships. 

A. Compare frequency features and time-domain features. 

 

(a) A reflecting signal on a display screen. 

 

(b) Exported excel files of reflecting signals from the radar system 

Fig.5. Data Acquisition System 

TABLE I. CLUSTERING RESULTS BY VARIOUS FEATURES 

Training phase 

  Fishing 

Ship 

Military -

Transport Ship 

Civil- 

Transport 

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 

Testing phase 

FFT C0 192 6 10 

C1 0 9 114 

C2 0 100 106 

FFT+Scaling C0 0 16 116 

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 

Typically, the 1D signal-based classification [11,12] 
requires a segmented signal for the classification task . 
Because the segmentation in time domain is effected seriously 
by the shifting effect, frequency features had been introduced 
as robust features for classification. However, as discussed in 
section II.A, our application may not be effected by the 
shifting. Motivated by the observation, in this section, we 
compare Fats Fourier features [13]  and  time domain feature 
on fundamental machine learning tasks. The clustering task 
and the classification task are selected for this comparison. For 
each task, we use 33% data for testing and 66% data for 
training. The algorithms implemented based on the sklearn 
library and random seed are fixed to ensure the same training 
and testing set are selected through our experiments. 

For the clustering task, we use the K-means algorithm to 
separate the data into 3 clusters. We compare FFT features 
[13] and time domain feature by using the the diversity in each 
cluster. If a cluster has only one ship-category, it means the 
clustering result is good. In contrast, if a cluster has three ship-
categories and the amount of each category are quite equal, it 
means the clusting may not work. Therefore, base on the 
clustering result we will know which kind of features are 
suitable for the clustering task. By using these experiments, 
we may identify the best clustering method to accompany with 
our classification. 

Experimental results in Table 1 show that clustering 
results given by the time-domain feature are much better than 
clustering results given by frequency features. In detail, in the 
training phase, the time domain provides the C0 cluster that 
contains only civil-transport ship; the C1 cluster has 92.3% 
population are fishing ships, the C2 cluster only contain 
transport ships but no fishing ships (69% population are 
military-transport ships). Moreover, in Tab.1, the clustering 
results is consistent between training phase and testing phase 
if the time domain feature are used. During the training phase, 
if a specific ship-category does not appear in a cluster; then in 
the testing phase, the ship-category will not appear in the 
corresponding group. This suggests that clustering will not 
cause any negative effect to the later classification. 

In constrast, if Fats Fourier features are used for clustering, 
we find that the clustering results is very divert. These clusters 
do not focus on any ship-category. The reason may caused by 
the non-linear property in the Fourier transform. The non-
linear property could be compensated by a normalization [14] 
or a logarithm operation. As shown in Table 1, when the 
nonlinear is compensated, the clustering results are improved 
and the diversity in each cluster is reduced significantly. 
However, the improved results still are not comparable to the 
robust result on the time domain. This proves that the signal 
in the frequency domain is not really useful for ship clustering. 

Beside the clustering task, we also compare these features 
on a classification task. Based on extracted features in the 
clustering experience. We use three NN-network 
configurations (S1, S3, S5) to classify three ship-categories. 
Among the configuration, the S1 is the highest complexity 
because it includes more hidden layers and the numbers of 
nodes per layer are also high. The S5 configure is the lowest 
complexity because there are only 2 hidden layers and the 
numbers of nodes per layer is low. Details of these 
configurations are described in Table 3. Experimental results 
in Table 2 show that the FFT features are not suitable for ship 
classification. The very low accuracy given by FFT features 
indicate that the model cannot converge well. If we apply the 
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scaling method [14] or the logarithm function to compensate 
nonlinear factors, the model is converted but the accuracy is 
not very high. The best accuracy could be achieved is 96% on 
frequency features. In contrast, the time-domain features can 
get an accuracy up to 98%. The classification results are 
consistent to the clustering results. Both of them shows that 
the signal in the time domain is good enough to process 
reflecting radar signal. 

TABLE II. CLASSIFICATION RESULTS BY VARIOUS FEATURES (TRAINING / 

TESTING RATIO 66% / 33%) 

  ACC F1-Score 

FFT s0 0.1195 0.2364 

s1 0.5680 0.6312 

s2 0.3910 0.4357 

FFT+Scaling s0 0.9606 0.9608 

s1 0.9606 0.9608 

s2 0.9492 0.9497 

FFT+Log s0 0.9414 0.9422 

s1 0.9243 0.9255 

s2 0.9245 0.9255 

Time domain s0 0.9813 0.9814 

s1 0.9795 0.9795 

s2 0.9795 0.9795 

B. Classification result with and with-out clustering 

In this section, we demonstrate the effectiveness of the 

proposed method when using clustering to pre-process the 

reflecting radar signal. Typically, accuracy and the F1- score 

are used to evaluate the system performance. However, to 

emphasize the contribution of the clustering process, we use 

the enhancement rate of the accuracy and the F1-score to 

evaluate the contribution of the preprocessing step. The 

enhancement is measured by Equ.10. 

 

                              𝐸 =
𝑃𝑐𝑙𝑢𝑠−𝑃

𝑃
 100                               (11) 

                               
Fig.6 Accuracy and F1-Score under 67% training and 33% testing  

 

Here, P is the system performance without the clustering 
preprocess; 𝑃𝑐𝑙𝑢𝑠  is the system performance with the 
clustering preprocess. The performance cold is the accuracy 
or F1-score. If this value is greater than 0, we can conclude 
that the preprocess by proposed clustering help to improves 
the system performance. In contrast, if this value is less than 
0, it means that clustering does not enhance performance. We 
conducted experiments with various NN configurations. As 
shown in Table 3, these configurations are from very dense 
(S1) to very sparse (S5). In addition, we test the system with 

two scenarios that have different training/testing ratios. It 
helps to understand how the number of training samples can 
affect our proposed method. 

 

Fig.7. Accuracy and F1-Score boost when training /testing ratio is 66% / 
33% 

In the first scenario, we select 67% data for training and 
33% data for testing. The experimental result is shown in Fig. 
5.  When the NN network is very dense (S1-S2 
configurations), clustering does not help much but even 
reduces performance. Typically, a dense classifier will be 
overfitting if the dataset does not have enough training data. 
When clustering is applied, the training data is separated into 
three groups. Hence, the training set for each individual 
classifier is reduced. This phenomenon degrades the system 
performance. On another hand, when clustering is not used, 
all training samples are used to train a unique classifier. 
Because of this reason, the performance without clustering is 
better than within clustering. We can consider that in a dense-
networks, clustering preprocessing does not increase 
performance. As in Fig.6, in S1 and S2 configurations, the 
accuracy is kept the same, and F1-Score is slightly reduced. In 
contrast, with sparse NNs such as S3 and S4 configurations, 
the clustering helps increase performance significantly in both 
ACC and F1-Score. When the network configuration becomes 
sparse, the network does not require a huge dataset to learn all 
parameters of the method. Therefore, small datasets given by 
the clustering can help to learn the model well. If the network 
is too small as the S5 configuration, it tends to underfit both 
within and without clustering. In all of these configurations, 
the maximum ACC value when not using clustering was 98% 
while the maximum ACC value when using clustering was 
99%. This demonstrates that clustering preprocessing can 
improve the overall performance. 

TABLE III. DETAIL SETTING OF NN CONFIGURATIONS 

 Solver Regularization 
Coefficient 

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 

In the second scenario, we reduced the number of training 
samples. Here, only 50% of data is used for training; and the 
rest is used for testing. The enhancement scores are shown in 
Fig.7.  The results point out that clustering helps to increases 
the system performance in both dense and sparse 
configurations. In detail, the accuracy increments for S1, S2, 
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The improvement by clustering 
(Testing ratio=50%)

ACC F1-Score
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S3, and S4 configurations are 0.25, 0.37, 0.249, and 0.125 
respectively. It is worth to discuss why clustering help to 
improve the system performance in this scenario. Because the 
amount of training data is reduced,  the dense network will not 
have enough data to train a robust classifier. Consequently, 
overfitting happens. By using clustering, the number of 
challenge samples is reduced in each cluster. As shown in 
Table 1, each cluster focus on some specifict class. Therefore, 
when fewer data were used for training, the reduced samples 
may be simple instances. For instance, according to Table 1, 
the most challenging cluster is the C1 because this cluster has 
three ship- categories. If 66% of data is used for training, we 
may have 419 samples are fishing ships, 7 samples are 
military-transport ships, and 28 samples are civil-transport 
ships. While 50% of data is selected for training,  some 
samples may be reduced. Most of the reduced samples are 
fishing ships; the number of transport ships is retained. 
Therefore, the training results are not affected seriously. On 
the other hand, reducing the number of training samples for 
the easier cluster (C0-C2) does not actually affect the quality 
of the system. The reason is that these samples are already 
easy and do not cause overfitting. For instance, no matter how 
much samples are reduced in cluster C0, we always consider 
that it is a civil-transport ship. Hence, the clustering help to 
train a robust system when the number of training samples is 
limited. 

V. CONCLUSION 

In this paper, we propose a clustering-based classification 
method that helps to recognize ship categories on the sea. 
Experiments on the clustering task prove the time-domain 
feature is better than Fast Fourier features. In the classification 
task, many NN configurations had been tested. The results 
showed that the clustering help to increase the accuracy to 1%. 
Moreover, the clustering help to learn a robust classifier when 
the number of training samples is reduced. 
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