IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

21275

Discrete Edge Feature Guided Rotation Detection
Method for Remote Sensing Ship Wake

Junfei Chen”, Zhuhua Hu

, Senior Member, IEEE, Yaochi Zhao

, Wei Wu” | Lihang Chen, Yueming Hu"”,

and Ba Huang

Abstract—Ship wake rotation detection technology based on
remote sensing images has a wide range of application value in ship
supervision, trajectory prediction, and maritime rescue. However,
objects in natural scenes usually present continuous and smooth
features, while the contours and textures of ship wakes appear as
discrete lines. This makes the wake have strong edge (discontinuity
of image feature distribution) features but lack texture information,
so the general detection model is difficult to perceive the wake
completely, and low-dimensional edge features may also be ignored
in deep networks. In addition, the significant directionality of
wake also puts forward higher requirements for the accuracy of
angle prediction. To address these issues, an efficient wake rotation
detection algorithm is proposed in this study. First, we construct
a discrete edge focused feature extraction module. This module
features parallel edge branches that capture spatial features of the
image while sensing changes in pixel gradient intensity, thereby
obtaining a richer feature representation. Second, we construct
an edge guided context attention fusion module. It uses the edge
information in low-dimensional features as a guide to adaptively
fuse contextual features, effectively enhancing the model’s global
perception capability. Finally, we design a diagonal constrained
probabilistic intersection over union. It further enhances the de-
scription of rotation angle and shape by considering the relative
diagonal distance of minimum external horizontal rectangle, espe-
cially when dealing with square like objects. Experimental results
show that our algorithm achieves accurate and stable ship wake
detection, and has excellent robustness in weak objects and complex
backgrounds. The mean average precision of this method for optical
remote sensing wake detection reaches 95.1%, and the average er-
ror of angle prediction is reduced from 15.35° to 7.16°. In addition,
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the algorithm also achieves an excellent performance in general
remote sensing scenarios, which verifies its excellent adaptability
and generalization.

Index Terms—Context information, feature fusion, remote
sensing image, rotating object detection, ship wake.

1. INTRODUCTION

EMOTE sensing object detection technology plays an
Rimportant role in ship monitoring, which has wide ap-
plication value in ship management, auxiliary law enforcement,
and monitoring of fishery activities [1], [2]. Remote sensing
images can cover a wide area of the sea, so as to effectively sense
ship activities. The object detection technology can quickly and
accurately identify the object in the image, providing a powerful
tool for ship monitoring. In recent years, with the improvement
of satellite resolution and the progress of computer vision algo-
rithms, the parsing ability of remote sensing images has been
significantly improved [3]. However, due to the complexity of
the marine environment and the tiny size of ships in remote
sensing images, there are still challenges in directly detecting
ships [4], [5].

In remote sensing images, ships often occupy fewer pixels
and are difficult to identify accurately. In contrast, the wake
generated by the ship sailing occupies a larger area in the remote
sensing image and is easier to detect than the ship itself [6],
[7]. Ship wake is a disturbance of water surface caused by ship
navigation, and its traces can be observed in remote sensing
images [8]. Therefore, it has become an effective method to
monitor ships by detecting ship wakes in remote sensing images.

Tail flow detection does not rely on the image information
of the ship itself, and can provide effective supplements in
situations where the ship target itself is small, blurry, obstructed,
and difficult to directly identify the ship

Wake detection does not rely on the image information of the
ship itself, and can provide an effective supplement when the
ship itself is small, fuzzy, occluded, and other circumstances that
are difficult to directly identify the ship [9], [10]. On the basis of
detecting ship wake, rotation detection technology can further
improve the accuracy of detection and provide the possibility to
analyze the morphological characteristics of ship wake. After
the wake is detected by the rotation detection method, the
direction, length and angle of the wake can be preliminarily
judged according to the angle and shape of the prediction box.
They can further infer information such as the ship’s heading
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Fig. 1. Qualitative examples of wake detection scenarios. (a) and (b) Images
with ground truth and predicted bounding boxes, respectively. (c) Image after
edge operator processing, which can reveal subtle wakes. (d) and (e) Images with
ground truth and predicted bounding boxes, respectively, while (f) overlays them
to compare the overlap of 2-D Gaussian distributions. Notably, the object with
a quasi-square shape maintains an IoU of 1 regardless of the angular error.

and speed, and provide important data support for subsequent
ship tracking and trajectory prediction [11], [12].

However, there are still some difficulties in the rotation de-
tection of the remote sensing wake, and we describe them in
Fig. 1. As shown in Fig. 1(a) and (b), it is difficult for the
model to detect the entire wake completely due to the thin wake
and lack of texture. In addition, the additional angle parameter
produces problems such as boundary discontinuity and complex
loss calculation, which are well solved by the method based on
2-D Gaussian distribution [13]. But as shown in Fig. 1(f), if
there are two square boxes of the same size as the center point,
regardless of the angle difference between them, the intersection
over union (IoU) calculated by the 2-D Gaussian distribution is
always 1.

In summary, when there is a lot of sea clutter or insufficient
wake energy, the wake of a ship is not obvious, discontinuous,
and lacks texture. For low aspect ratio wake, 2-D Gaussian distri-
bution cannot accurately determine whether the angle predicted
by the model is accurate. In response to these issues, we design
a feature extraction module to address strong edges (where
pixel information undergoes abrupt changes), a fusion module
to recombine low-dimensional and high-dimensional features,
and an IoU calculation method with additional constraints.

The main contributions of this article are as follows.

1) We propose discrete edge focused feature extraction mod-
ule (DEF). This is a multibranch structure that perceives
gradient changes of discrete edges through the edge branch
while simultaneously capturing spatial features through
the convolutional branch. These branches’ extracted fea-
tures are then aggregated to obtain a richer image repre-
sentation, thereby helping the model better understand the
content of images with sparse textures and discontinuities.

2) We propose edge guided context attention fusion mod-
ule (EGCA). It constructs a weight guidance mecha-
nism through edge operators and attention, and uses this
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mechanism to guide the weighted reorganization of low-
dimensional and high-dimensional features. This forces
the model to focus on important edge and gradient features
in the image, and improves the model’s global perception
and robustness against interference.

3) We design diagonal constrained probabilistic IoU
(DPIoU). It uses the minimum enclosing horizontal rect-
angle of a rotated box to describe the rotation and employs
its relative diagonal distance to constrain the 2-D Gaussian
distribution’s IoU method. This improves the model’s
accuracy in angle prediction. In addition, we design a
shape-based dynamic weighting function to focus this
constraint on challenging low aspect ratio objects.

The rest of this article is organized as follows. In Section II,
we present previous related research in this area. In Section III,
we elaborate on the proposed model algorithm. We provide and
discuss numerical results in Section IV to verify the effectiveness
of the proposed algorithm. Finally, Section V concludes this
article.

II. RELATED WORK

Related research work can be divided into three aspects: re-
mote sensing object detection algorithm based on deep learning,
ship wake detection algorithm, and rotating object detection
algorithm. The following is a summary of the relevant research.

A. Remote Sensing Object Detection Algorithm Based on
Deep Learning

With the proposal of convolutional neural network (CNN),
many scholars apply deep learning to the research of remote
sensing object detection [14], [15]. The current remote sensing
object detector is mainly improved from the general detector.
Classical two-stage detectors include R-CNN [16] and Fast R-
CNN [17]. Classic single-stage detectors include SSD [18] and
YOLO [19].

Remote sensing image has the characteristics of small object
and complex background, and many improved models have
been proposed according to these characteristics. In terms of
small object detection, Fan et al. [20] proposed a detection
model for remote sensing small objects, which is based on
deep large kernel convolution to effectively extract features of
small objects. Wu et al. [21] proposed UIU Net, which achieves
multilevel and multiscale feature learning through nested U-Net,
effectively improving the ability to extract contrast information
from small targets. Tan et al. [22] realized rotation detection
by designing a pseudodirected label generation algorithm to
obtain OBB pseudolabels. In terms of complex backgrounds,
Li et al. [23] effectively improved the detection performance of
ship targets by embedding pyramid squeeze attention to focus
on key features. Li et al. [24] proposed LRR Net by combining
low rank representation models with deep learning, achieving
efficient detection of anomalous pixels. These methods are based
on the general detection model, and then improved according to
the characteristics of remote sensing images.
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B. Ship Wake Detection Algorithm

Traditional ship wake detection algorithms mainly rely on
image processing technologies, such as histogram of oriented
gradients and morphological processing. But these methods
often do not perform well when dealing with images with
complex backgrounds and noise. With the rapid development
of deep learning, the wake detection algorithm based on CNN
has gradually become the mainstream.

In the traditional ship wake detection algorithm, Biondi
et al. [8] separated low-rank components from sparse com-
ponents to reduce sea surface clutter, and supplemented by
Radon transform to detect sparse objects, accurately estimate
wake inclination angle and Kelvin spectrum analysis. Similarly,
Ai et al. [1] enhanced data and realized ship wake detection
through SCR enhancement and normalized Hough transform.
Jiang et al. [2] used polarization enhancement to preprocess
simulated SAR image scenes to improve ship wake detection.
These traditional methods are strict in parameter setting and have
poor adaptability.

In the method of deep learning, Liu et al. [7] used remote
sensing images to locate and classify ships and wakes. They
quickly locate the candidate hulls through the phase spectrum
of the Fourier transform, and then classify the ships using a
fuzzy classifier that combines hull and wake information. Liu
etal. [9] proposed a new technique for detecting ship wake from
remote sensing images. They first obtained the candidate wake
by normalized Radon transformation of hull-centered images,
and then removed the false wake by pixel value verification,
turbulent wake identification, angle verification, and contrast
verification. These methods based on deep learning greatly
improve the detection accuracy of wake.

For the selection of image categories, there are not many SAR
wake samples available for researchers to use. Del et al. [25] first
used labeled SAR datasets to train deep learning detectors, pro-
ducing only a dataset of about 250 wake samples. In the practice
of SAR wake detection based on CNN, Kang et al. [10] only
had hundreds of wake samples. Compared with SAR satellites,
optical satellites have the advantages of more publicly available
data, higher coverage, and fewer revisit cycles. Xue et al. [26]
produced a wake dataset called SWIM based on optical remote
sensing images, which contains 11 600 images and 15 356 wake
instances. It provides powerful data support for the study of wake
based on optical image.

C. Rotating Object Detection Algorithm

Traditional detectors mainly detect objects surrounded by
horizontal bounding box (HBB). When faced with objects of
different sizes, proportions, and orientations, the predicted HBB
often contains many unnecessarily complex backgrounds that
affect detection performance. Therefore, the rotation detector is
more suitable for fine detection, and the most commonly used
rotation detection methods include rotation invariance and loss
function (as shown in Fig. 2).

The method based on rotation invariance is to detect the object
by extracting its rotation invariance feature. First, scholars have
studied the method of directional anchor. Liu et al. [27] defined
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Fig. 2.  Classification of rotating object detection methods. The methods can
be divided into the methods based on rotation invariance and the methods based
on loss function.
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a new rotatable bounding box. The network first determines
whether the object is a detection object and then generates
multiple anchor boxes of different angles and sizes. This method
presets many different rotation boxes, so detection is slow.
Ding et al. [28] converted horizontal Rol (HRol) into rotational
Rol (RRol), enabling the model to learn RRol from horizontal
feature mapping HRol. This method transforms the HBB into
a directional bounding box, and improves the accuracy of the
model effectively. Although there is a directional box around
the object in the abovementioned directional anchor method,
there is still a problem of feature misalignment in detection.
To solve this problem, Zhang et al. [29] proposed the RRol
pooling operation. It enhances the orientation angle information
and boundary information of the anchor point, and makes the
Rol feature extraction more precise. Han et al. [30] designed an
S2A-Net composed of feature alignment module and directional
detection module, which effectively alleviated the problem of
inconsistency between classification score and positioning ac-
curacy.

For another kind of rotation detection algorithm based on loss
function. Traditional boundary box regression loss functions
include Huber loss [31] and log-cosh loss [32]. In addition,
Yang et al. [33] proposed circular smooth label (CSL), which
transforms angle prediction from a regression task to a clas-
sification task and solves the periodicity problem. Although
these methods add an additional direction parameter, they can
only reduce the loss of angle regression, and cannot reflect the
connection between angle parameters and IoU [34]. Therefore,
IoU method based on 2-D Gaussian distribution has attracted the
attention of scholars. Yang et al. [35] designed a new IoU loss
based on 2-D Gaussian distribution and Gaussian Wasserstein
distance to solve the problem of inconsistent loss calculation
and measurement metric. Later, Kullback-Leibler divergence
(KLD) [36] and ProbloU [13] also used different mathematical
distance formulas to calculate the distance between 2-D Gaus-
sian distributions.

These methods have effectively improved detection accuracy,
but the 2-D Gaussian distribution also makes it difficult for them
to accurately predict the angles of low aspect ratio objects.

III. PROPOSED METHODS

This section describes our proposed approach in detail. The
proposed method is applied to YOLOVS network for validation,
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Overall network framework diagram. We introduce DEF at the forefront of the network to perform the first feature extraction on the image. Then EGCA

is introduced to the end of the feature pyramid, allowing the model to complete a contextual feature fusion before final detection. Finally, we introduce DPIoU into

the loss function, which will participate in the calculation of Bbox and angle losses.

which is one of the general networks with an excellent perfor-
mance in remote sensing object detection. It is worth noting that
the modules we designed are universal and can also be widely
applied in other networks. We will cover the DEF in detail in
Section III-B and the ECAF in Section III-C. In Section III-D,
we delve into the 2-D Gaussian distribution based IoU method
and propose DPIoU.

A. Overall Network Structure

We adopt YOLOVS8n as the basic model, and introduce the 2
modules and 1 loss function in this article into it. The overall
structure of the obtained network is shown in Fig. 3.

We introduce the DEF module at the forefront of the network,
which first performs the first feature extraction on the image.
It will extract spatial features and additional edge features of
the image, allowing the model to better perceive the gradient
changes of pixels. Second, we introduce the EGCA module to the
end of the feature pyramid network (FPN). It enables the model
to complete a fusion of high-dimensional and low dimensional
features before final detection, preventing deep networks from
ignoring low dimensional edge features. Finally, we introduce
DPIoU into the loss function for IoU calculation. It improves the
accuracy of the model’s angle prediction by considering more
comprehensive constraints.

B. Discrete Edge Focused Feature Extraction Module

In optical remote sensing images, ship wakes often have
blurred contours or incomplete textures due to insufficient en-
ergy or interference by sea clutter. Meanwhile, they do not have
a continuous texture like objects in natural scenes, which makes
it more difficult for neural networks to learn their features [26].
Therefore, this section aims to study how to extract the features
of the wake more effectively and how to make the model perceive
the wake more keenly.

We show in Fig. 4 the wakes in optical remote sensing images,
whose contours and textures are almost all composed of multiple
discrete lines. This is completely different from objects in natural
scenes, where objects are continuous, gradual, and point-blocky.

Fig.4. Wakeinoptical remote sensing image. We traced the outline and texture
of the wake with red lines, and it can be observed that most of them are composed
of discrete lines.

However, the wake is discrete, abrupt, and linear, therefore it has
strong gradient changes.

In the perception of image gradient change, edge detection
operator can achieve a good effect. Image edges refer to the dis-
continuities in local image characteristics, where abrupt changes
in pixel or structural information typically occur. Scharr operator
is a classical discrete differential operator for edge detection,
which combines Gaussian smoothing and differential differenti-
ation. The operator consists of two sets of 3 x 3 matrices, which
can be convolved with the image, respectively, to obtain the
approximate brightness difference values of the horizontal and
vertical. Their formulas can be expressed as

-3 0 +3 3 +10 +3
G,=|-10 0 +10| A, Gy,=1|0 0 0] «xA
-3 0 +3 —3 —10 -3

(1)
where A represents the original image, G, and G, represent the
results of horizontal and vertical edge detection, respectively.
Then, we add G and G, to get the final edge feature graph G

G=G.+G, )

We test Scharr operator in several scenarios to verify the possibil-
ity of using it to extract edge features. The wake in Fig. 5(a) and
(b) has almost no texture information, only vague and incomplete
“V-shaped” lines. After they are processed by Scharr operator,
more obvious contours can be obtained, which will reduce the
difficulty of wake detection by the model. The wake in Fig. 5(c)
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Fig.5. Comparison between the original image of optical remote sensing and
the image processed by Scharr operator. The first line is the original image, and
the second line is the processed image, in which the discrete lines that make
up the wake can be more clearly observed. (a) and (b) has almost no texture
information, only vague and incomplete "V-shaped" lines. (c) and (d) has a
more pronounced "V-shaped" line, but its texture is difficult to observe.
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Fig. 6. Structure diagram of the DEF module. It mainly extracts features by
edge branches and convolution branches in parallel, so as to obtain rich feature
representations that fuse edge information and spatial information.

and (d) has a more pronounced “V-shaped” line, but its texture
is difficult to observe. After they are processed by Scharr, the
texture information composed of multiple discrete lines can be
clearly seen. This is because discrete line textures have strong
gradient variations similar to edge features.

Therefore, we design DEF with the edge operator as one of
the components, aiming to improve the sensitivity of the model
to the discrete edge texture specific to the wake. As shown in
Fig. 6, we use the edge operator as one of the feature extraction
branches to combine with the convolution branch. They will
be used as the front-end components of the model to sense the
gradient changes of pixel and the spatial structure of image in
parallel, so as to learn more abundant image features.

As the front-end component of the model, DEF module ex-
tracts the features initially through convolution with step size 2,
and then further refines the captured information through edge
branches and convolution branches. The convolution branch
can effectively extract the spatial features of the image, but it
is not sensitive to the contour shape of the image [37]. The
edge branches in the module can effectively make up for this
deficiency. It can sense gradient changes in pixels to effectively
capture contour and texture features made up of discrete lines in
an image. Finally, the module will aggregate the refined spatial
information and edge information to get a richer representation
of image features, so as to help the model understand the image
content more comprehensively.
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Fig. 7. Structure diagram of the EGCA module. The module gets the initial

weight from the attention, and then lets the edge features guide it to grow into
the final weight. Finally, the weights are used to recombine the low and high
dimensional features.

The abovementioned design makes DEF module more sen-
sitive to abrupt changes in image information, can effectively
extract edge features and reduce the model’s dependence on
texture information, thus improving the model’s performance in
remote sensing scenarios such as ship wake detection.

C. Edge Guided Context Attention Fusion Module

For object detection models, images gradually change from
low-dimensional features to high-dimensional features after
multiple feature extraction in backbone [38]. After these fea-
tures are fused through the feature pyramid, they will be-
come more abstract semantic information [39]. At this time,
the high-dimensional features and low-dimensional features
have great differences in morphology and characteristics. Low-
dimensional features provide rich edge, texture, and other de-
tails, while high-dimensional features provide abstract feature
representation.

In the introduction to Section III-A, we explain in detail
the advantages of focusing on more wake edge features in
the image. However, edge operators are difficult to apply to
high-dimensional feature maps, because high-dimensional fea-
tures are abstract and irregular, and their gradient mutations
do not represent the edge features in the image. Therefore, we
hope to fuse low-dimensional feature maps containing a lot of
edge information with high-dimensional feature maps, so that
the model can have better generalization ability when facing
different types and scales.

Therefore, we design a three-step context feature fusion mod-
ule based on the idea of paying attention to edge features,
which guides the whole fusion process through edge feature
information. Specifically, we first use the attention mechanism
to generate initial feature importance weights Wi, € R¢>*H>xW
(C'is the number of channels, H is the length, and W is the width)
for each channel separately, and then use edge features to guide
the initial weights to grow into final weights W € RE*HxW,
Finally, the weights are used to reorganize the low-dimensional
and high-dimensional feature maps. The structure of the entire
EGCA module is shown in Fig. 7.

The attention branch in the module is a flexible component
that can use any attention with the same input and output
dimensions depending on the image scene. In this study, we
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Fig. 8.  Structure diagram of CAFM module. It mainly uses local branches and
global branches to jointly calculate the attention weight.

used convolution and attention fusion module (CAFM) [40] as
a component. CAFM was proposed in the related research of
remote sensing images, which can make up for the shortcomings
of CNN in perceiving global features. It consists of local and
global branches, as shown in Fig. 8.

In the local branch of CAFM, the channel shuffle operation is
first used to mix various channels, and then 3-D convolution is
used to extract features, so as to obtain local features and achieve
denoising. In the global branch, three 3x 3 deep convolution
are first used to generate query (@), key (K), and value (V),
respectively. Then, calculate the mutual attention map of @) and
K, and finally multiply it with V' to get the output.

While the EGCA module generates the initial feature im-
portance weights Wi, € RE*H*W through attention, an edge
branch extracts the edge feature G in parallel. In the edge branch,
we use Sobel operator to extract features. Sobel is a very similar
edge detection operator to Scharr, it is more conservative in
the parameters of the convolution matrix than Scharr, so it has
lower sensitivity. This can effectively reduce the noise caused
by the high-dimensional feature graph, and we will prove this in
the ablation experiment. The vertical and horizontal detection
formulas of the Sobel operator can be expressed as

-1 0 +1 +1 42 41
Gy=|-2 0 #2| %A, Gy=| 0 0 04 (3
-1 0 +1 -1 -2 -1

where A represents the original image, G, and G, represent the
results of horizontal and vertical edge detection respectively.

In order to get the final feature importance weight W €
REH>W \ye take the feature G extracted from the edge branch
as the guide, and then adjust the initial weight Wi,; € RC*H*xW
of each corresponding channel. Specifically, we first concatenate
(Concat) Wi, with G, and then group them in pairs along the
channel by channel shuffle. This allows each group to have a
Wini and its corresponding channel G. After that, we use Group
Conv [41] to convolve each group separately, with GG as the guide
to adjust the Wjy;. Finally, after the adjusted result is calculated
by activation function Sigmoid, the final usable weight W is
obtained. This process can be expressed by

W = Sigmoid(GCp—c(CS[G, Wini])) )

where G is the feature map extracted by the edge branch and
Wini 1s the initial weight obtained by the attention mechanism.
CS indicates the channel shuffle operation. GC refers to Group
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Conv, and its group number n is the number of channels C' of
VVini c RC xH ><W.

In the third step of the module, we recombine the low-
dimensional feature map F, and the high-dimensional feature
map Iign adaptively by weight W. In this process, we also use
skip connections similar to the residual structure. The problem
of gradient disappearance and network degradation in the neural
network is alleviated by inputting the feature map to be fused
again. Finally, after a 1 x 1 convolution completes the aggrega-
tion and adjustment, the final fusion result F' is obtained. The
whole process can be expressed by

F = CBSkzl[F]OW . (W + 1) + Fhigh . (2 — W)] 5)

where F' is the final result of fusion, Floy is the input low-
dimensional feature map, and Fi;;gp, is the input high-dimensional
feature map. W is the feature importance weight obtained from
formula (4). CBS;—1 is a convolution of size 1x 1.

EGCA module reintegrates rich low-dimensional features and
forces the model to pay attention to important edge and gradient
information in the image, which improves the model’s global
awareness and anti-interference ability.

D. Diagonal Constrained Probabilistic loU

Rotating object detection is an important topic in computer
vision and has a wide range of applications, especially in remote
sensing scenes. Compared with the horizontal box, the rotating
box can more accurately describe the pose and position of the
object, so as to improve the detection accuracy [35]. Due to
the distinct directional features of ship wakes, this article uses
rotation detection methods to identify ships and obtain richer
ship heading information.

The rotating box has one more angle parameter than the
horizontal box, but this angle parameter has the problem of
boundary discontinuity. This is because angles are periodic,
and regression-based methods can easily lead to predictions
outside the defined range. CSL [33] sidesteps this problem by
converting angle regression into angle classification. But there
is a new problem where the loss (using class loss) and metric
(using IoU) are not aligned. With the development of rotating
object detection technology, the IoU calculation method based
on 2-D Gaussian distribution has been proposed. In this class
of methods, any rotated rectangle is approximated by a 2-D
Gaussian distribution (like an inner ellipse) and then compute the
mathematical distance between the distributions. They sidestep
the problems of boundary discontinuity and index inconsistency
well.

A rotating box can be expressed as (o, yo, w, h, §), which are
the center point coordinates xg and y, of the box, the length w
and height h, and the rotation angle 0, respectively. To determine
a 2-D Gaussian distribution, we need to compute the mean p
and the covariance matrix . Where 1 is (20, y0)”, X has three
free quantities a, b, and ¢, and their transformation with the
parameters of the rotating box can be calculated by

R M A E
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Fig. 9. Deficiency of 2-D Gaussian distribution on square-like anchor boxes.
(a) Ground truth box. (b) Prediction box. (c) Superimposed image of the true
and predicted boxes. When two anchor boxes have the same size and center
point, the IoU calculated by 2-D Gaussian distribution is always 1, no matter
what their angle difference is.

_ [wcos?0 + hsin®0  1(w — h)sin 26
“ |3(w—h)sin20  wsin®6 + hcos?0

where Ry is a 2-D rotation matrix. In other words, arotating box p
with argument (¢, yo, w, h, 6) can be expressed as p ~ N(u, 3)
with
(o _ [wcos?@ + hsin®6 5 (w — h)sin 26
H= (yo > T {%(w —h)sin20  wsin?6 + hcos%‘} '
(7
Next we take the ProbloU [13] as an example. It considers
the characteristics of 2-D Gaussian distribution, satisfies all dis-
tance metrics, can represent the true distance between different
distributions, and is differentiable everywhere. ProbloU first
computes the Hellinger Distance between two 2-D Gaussian
distributions (p and q)

HD(.q) = 5 [ (Voo - Va@) de @

where HD(p, q) € [0, 1]. And HD(p, ¢) = 0 if and only if the
two distributions are the same. Then, we can get the specific
calculation formula of ProbloU

ProbloU = 1 — HD(p, q). 9)

] (6)

However, this kind of IoU method based on 2-D Gaussian
distribution does not perform well when facing square-like. As
shown in Fig. 9, if there are two squares with the same size and
center, they will always have the same 2-D Gaussian distribution
regardless of the angle difference between them.

We mathematically perform the analysis of the 2-D Gaussian
distribution p ~ N(u, ¥). If we set ¢ = % — 1 (the difference
between the anchor’s aspect ratio and 1), the covariance matrix
> becomes

5 wcos®0 + hsin®0  1(w — h) sin 26
" |3(w—h)sin20  wsin®@ + hcos?¢

— ] 2
_ {1 tsin“0 (10)

% sin 26
% sin 20 ’

1 — tcos?d

From formula (10), it can be found that when ¢ approaches 0
(when the anchor box aspect ratio approaches 1), the covariance
matrix 3 is calculated almost without 6 participation. In this
case, the mathematical distance between 2-D Gaussian distribu-
tions can only be calculated from the mean p (the position of
the center point) and the height h of the anchor box.
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Fig. 10.  Change in the diagonal distance of the minimum bounding horizontal
rectangle when the rectangular frame rotates. Because the diagonal geometric
distance of the bounding rectangle undergoes continuous and bounded changes,
it can be used as a constraint condition for IoU calculation.

Therefore, we want to introduce an additional constraint to
make the IoU have better performance when facing the class
square. We observe that when a rectangle rotates, its minimum
bounding horizontal rectangle changes. At this point, the di-
agonal distance of the minimum external horizontal rectangle
also undergoes a transformation. And the change is continuous
and bounded, there will be no boundary discontinuity caused by
angle periodicity. The change of the external rectangle caused
by the rotation of the anchor box is shown in Fig. 10.

Based on the ProbloU method, we use the minimum external
horizontal rectangle of the anchor box to describe the rotation of
the anchor box. The diagonal distance of the external rectangle
is then used as a constraint to calculate the IoU. This diagonal
distance d can be obtained by the following formula:

d= \/(wcos9)2 + (wsin® + hcosh)?, (w>h). (11)

We refer to the d values of ground truth box and predicted box as
d; and d),, respectively, and then divide their difference by d; to
obtain the relative distance difference. Multiplying this relative
distance by a dynamic coefficient k& can serve as the diagonal
distance constraint. At this point, the formula for DPIoU can be
obtained

DPIoU = ProbloU — kut;—df".
t

Next, we need to discuss the dynamic coefficient k. We want
the main object of diagonal distance constraints to be square-like
objects, since other rectangles are perfectly capable of distin-
guishing rotation angles by 2-D Gaussian distributions. Based
on this, we design a shape-based dynamic weighting function
to adaptively determine the coefficient k. The function is as
follows:

12)

w_q

k:a.exp [L

)2
s ]  (w > h). (13)

This is a function based on Gaussian distribution, where o
is the standard deviation (which determines the width of the
crest) and « determines the peak of the function. It reaches
its maximum value when the aspect ratio is 1, and gradually
decreases on both sides of the peak. In the ablation experiments
in this article, the best properties can be obtained when « and
o are 0.08 and 0.25, respectively. This function forces diagonal
constraints to focus on anchor box with low aspect ratios.

We can express the ground truth box and predicted box as
t(z) and p(z), respectively, with 2-D Gaussian distribution, and
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: Ground Truth Box
: Predicted Box

ProbloU =1

Fig. 11.  ProbloU compared to DPIoU when faced with two anchor boxes with
the same size and center point. At this point, the result of ProbloU’s calculation
is 1, which means that it considers the two boxes are completely coincident.
DPIoU correctly detects that the two boxes are different.

Fig.12.  Relationship curve between angle error and IoU under different aspect
ratios. The red curve represents PIoU, the blue curve represents DPIoU, and the
yellow circle indicates a clear unreasonable situation where loU=1.

then combine the formula (11), (12), and (13) to get the final
DPIoU formula

DPIoU = 1 — %/ (V@) - V/p@) dz — ktutgid“.
s

For comparison, we apply ProbloU and DPIoU to a set of
anchor boxes with the same size and center point, and the
calculated IoU is shown in Fig. 11. ProbloU in the figure believes
that the two anchor boxes with different angles overlap com-
pletely (IoU=1), while DPIoU effectively avoids this incorrect
situation.

In order to more clearly demonstrate the difference between
PIoU and DPIoU, we designed an experiment. First, construct
a set of identical ground truth boxes and prediction boxes, then
rotate the predicted boxes along the center point and calculate
the ToU at different rotation angles. Then, change the aspect ratio
of the anchor frame and repeat the abovementioned experiment.
Finally, we obtained the relationship between angle error and
IoU at different aspect ratios, as shown in Fig. 12.

From Fig. 12, it can be observed that when the aspect ratio
of the anchor frame is relatively small, PIoU is insensitive to
angle errors. Especially when the aspect ratio is 1, regardless
of the angle error, PIoU always remains at 1. When DPIoU
faces anchor boxes with low aspect ratios, the constraint on
diagonal distance increases, thereby alleviating the problem of
insensitivity to angle errors caused by the same 2-D Gaussian
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TABLE I
MAIN EXPERIMENTAL HARDWARE AND SOFTWARE PARAMETERS, AS WELL AS
THE SETTINGS DURING MODEL TRAINING

Environment Configuration Hyp options Setting
Operating System Ubuntu 18.04.1 Input resolution  640x640
GPU Nvidia Tesla V100 1Ir0 0.01
GPU Driver CUDA 12.0 Irf 0.01
DL Framework Pytorch 1.18 Batch_size 16
DL Language python 3.11 Epochs 300

distribution. When DPIoU faces anchor boxes with high aspect
ratios, the dynamic weighting function reduces the constraint on
diagonal distance, thereby achieving an excellent performance
similar to PIoU.

Therefore, DPIoU improves the rationality of calculating the
angle error by introducing additional constraints. Especially for
the target with low aspect ratio, the reliability of the model to
judge whether the angle prediction is correct is greatly improved.

IV. EXPERIMENTAL RESULTS
A. Experimental Environment

All experiments in this study were performed on a 64-b
Ubuntu operating system computer. Itis equipped with an Nvidia
Tesla V100 GPU, and the related environment and training
configuration are shown in Table I.

We chose the SWIM public dataset as the benchmark dataset
for training and testing in this study. The SWIM dataset is an op-
tical remote sensing dataset constructed for ship wake detection.
It contains images of coastal areas around Asia, Europe, Africa,
North America, and Oceania. The annotated objects include the
wake of ships, from small yachts to large container ships, with
backgrounds including open seas, ports, straits, and canals. The
spatial resolution of the image ranges from 2.5 to 0.5 m, with
a size of 768 x 768 pixels. SWIM contains 11 600 images and
15 356 wake instances. We divided it into training set: validation
set: test set in a ratio of 7:2:1.

B. Evaluation Metrics

Mean average precision (mAP) is a commonly used compre-
hensive performance evaluation metric in the field of computer
vision and object detection. It is calculated from the precision
and recall metrics. We denote true positive, false positive, and
false negative as TP, FP, and FN, respectively. Then, the formulas
for precision and recall are as follows:

TP

Precision :m (15)
TP
l=———. 1
Reca TP PN (16)

In this case, the calculation formula of average precision (AP)
can be expressed as
1
AP = / P(R)dR a7
0

where P refers to precision and R refers to recall. The mAP with
an IoU threshold of 0.5 is denoted as mAP5g. The mAP for IoU
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TABLE II
EXPERIMENTAL RESULTS OF DIFFERENT NETWORK METHODS ON SWIM
DATASET (ROTATING BOX)

Methods Backbone mAP59 mAP50.95 FPS
R-RetinaNet [42] ResNet50-FPN 73.6 53.2 26
R-Faster R-CNN [17]  ResNetl101-FPN 79.2 56.8 27
ROI Transformer [28]  Swin Tiny-FPN 86.5 64.1 21
S2ANet [30] ResNet152-FPN 88.2 63.5 23
YOLOv5n-CSL [43] CSPDarkNet-C3 85.7 62.8 98
YOLOV7-KLD [44] CSPDarkNet-ELAN  90.5 66.5 112
YOLOVS8n-obb [45] CSPDarkNet-C2f 92.8 68.3 142
Ours CSPDarkNet-C2f 95.1 70.4 135

mAP is measured in % and FPS is measured in frames/second.
The best score for each indicator has been highlighted in bold.

thresholds ranging from 0.5 to 0.95 (in steps of 0.05) is denoted
as mAP5g.95. mAP is defined as follows:

SN AP;
AP = &=—=—_
m N

where N refers to the number of categories and AP ; represents
the AP value of the 7 th class. In addition, we use the frames per
second (FPS) metric as a measure of the real-time performance
of the model. It represents the number of frames processed by the
model per second, with higher FPS indicating better real-time
performance of the model.

(18)

C. Results and Analysis

To verify the effectiveness of the algorithm proposed in this
study, we trained and tested our method, R-RetinaNet [42],
R-Faster R-CNN [17], ROI Transformer [28], S2ANet [30],
YOLOvV5n-CSL [43], YOLOv7-KLD [44], and YOLOVS-
obb [45] on the SWIM dataset, respectively. Among them, Li
et al. introduced CSL [33] into the horizontal box detector
YOLOv5n [46] to obtain YOLOvS5n-CSL with rotation detection
ability. Liu et al. introduced KLD [36] into the horizontal box
detector YOLOvV7 [47] to obtain YOLOvV7-KLD with rotation
detection ability. YOLOv8n-obb is a rotation detection version
obtained by the authors of YOLOVS through the introduction
of ProbloU [13]. The experimental results of these models are
shown in Table II.

As can be seen from the table, our model achieves the best
scores on both mAP5, and mAPs5(.95 metrics. Its mAP5q reaches
95.1% and mAPs5g.95 reaches 70.4%, which indicates that it
has the best comprehensive detection capability and can de-
tect the wake accurately and stably. In terms of the real-time
performance, it achieves 135FPS, which is only slightly lower
than YOLOvS8n-obb, but it is enough to meet the real-time
requirements of remote sensing image detection.

In order to verify the effect of the improved angle prediction
and edge features of this research method, we show and com-
pare the detection results of the model proposed in this study,
YOLOvVS8-obb, YOLOv7-KLD, and YOLOvV5n-CSL in different
scenarios.

Fig. 13 shows the results of different methods in simple
scenarios, which facilitates us to compare the angle prediction
accuracy of different methods. From Fig. 13(a) and (b), it can be
found that the angle can be accurately predicted by the method
of this study when the object anchor box is close to a square.
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Fig. 13.  Detection results of different network methods in simple scenarios.
They can easily compare the accuracy of angle prediction. (a), (b), and (c) are
the model detection results in different scenarios.

YOLOv8n-obb YOLOv7-KLD YOLOv5n-CSL
7 = 7

Fig. 14. Detection results of different network methods in complex
scenes. Yellow circles represent missed detections and green circles represent
false detections. (a)—(d) are the model detection results in different scenarios.

However, YOLOV8-obb and YOLOv7-KLD produced a large
angle prediction error, and YOLOvVS5-CSL also produced a small
angle prediction error. This is because both YOLOv8-obb and
YOLOvV7-KLD use IoU loss based on 2-D Gaussian distribu-
tion, which causes them to fail to accurately judge whether the
angle prediction is good or bad when facing square-like. The
method in this study avoids this problem by introducing diagonal
constraints. YOLOvS5-CSL classifies angles and replaces regres-
sion prediction with category prediction. So it has no obvious
defect when facing square-like. However, its comprehensive
performance is not as good as the method using 2-D Gaussian
distribution [35], which is the reason why only YOLOvS5-CSL
produces a large angle prediction error in Fig. 13(c). The object
in Fig. 13(c) has a high aspect ratio, where the method using
2-D Gaussian distribution can fully exert its performance and
achieve accurate angle prediction.

We show the detection results in more complex scenes in
Fig. 14, which is used to compare the comprehensive perfor-
mance of different methods. It can be seen from the figure that
the proposed method can accurately identify the ship wakes



21284

YOLOvVS8-obb

)
=

T
®

>
Q
=]
o
>

Fig. 15.
greater attention.

in each scenario, while YOLOv8n-obb is prone to miss detec-
tion when facing overlapping wakes. For YOLOv7-KLD and
YOLOvV5n-CSL, they both misjudge the water surface clutter
and island edges as wakes, and produce more missed detections
than YOLOvS8n-obb. In Fig. 14(d), where the wake overlap is
very severe, our method obtains the result closest to the labeled
box. Other methods, after detecting multiple small wakes, will
combine them again as one large wake. This may be caused by
the network not sufficiently learning the discrete line-like texture
features.

In addition, we validate the effectiveness of our method by
comparing heatmaps. As seen in Fig. 15, our model focuses
primarily on the wake, accurately identifying its contours. In
contrast, the baseline model pays more attention to the ship itself,
demonstrating weaker wake detection capabilities and being
more susceptible to interference from complex backgrounds.

Therefore, the experimental results show that our method can
achieve competitive performance in a variety of complex scenes,
and significantly improve the angle prediction accuracy when
facing square-like objects.

D. Ablation Experiment

We successively introduce the proposed method into
YOLOvS8n-obb to verify the effectiveness of each module. In
addition to using mAP as the evaluation metric of the com-
prehensive performance, we also evaluate the improvement of
angle prediction accuracy of the model through mean angle
prediction error (MAPE). MAPE is the average of the error
between the predicted angle and the actual angle for all correctly
predicted objects, and it reflects the overall accuracy of the angle
prediction. The results of the ablation experiments are shown in
Table III.

As can be seen from Table III, both the modules and
loss functions proposed in this study can effectively improve
the accuracy of the model, and they will achieve a better
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Heatmaps of our approach and the original network on the SWIM dataset. In the images, regions that are more red indicate areas where the model pays

TABLE III
ABLATION EXPERIMENTAL RESULTS OF INTRODUCING THE THREE METHODS
PROPOSED IN THIS STUDY INTO YOLOV8N-OBB, RESPECTIVELY

DEF EGCA DPIoU mAP50(%) mAPs50.05(%) MAPE()
92.8 68.3 15.35
v 93.8 68.8 14.58
v 94.1 69.1 13.32
v 94.3 69.2 9.55
v Vv 94.5 70.2 12.43
v v 94.5 69.4 8.23
Vv v 94.7 69.4 7.78
v v Vi 95.1 70.4 7.16

The best score for each indicator has been highlighted in bold.

TABLE IV
EXPERIMENTAL RESULTS OF USING SCHARR AND SOBEL OPERATORS IN DEF
AND EGCA MODULES RESPECTIVELY

mAP(%) DEF&Scharr DEF&Sobel
mAP50  mAP50.95 | mAP5o  mAPs50.95
EGCA&Scharr 93.2 69.0 93.1 68.8
EGCA&Sobel 94.5 70.2 94.2 69.9

The best score for each indicator has been highlighted in bold.

performance when combined. In addition, DPIoU can signifi-
cantly improve the accuracy of angle prediction. The method
in this study reduces the average angle prediction error from
15.35° to 7.16°, which can help us predict the ship’s heading
more accurately.

We use the Scharr operator when designing the DEF module,
and the Sobel operator when designing the EGCA module. The
main difference between the two operators is that Scharr has
a larger convolution kernel coefficient and is, therefore, more
sensitive. However, this high sensitivity tends to produce more
noise in high-dimensional features. We design experiments to
verify which operator should be used in these two modules. The
relevant experimental results are shown in Table IV.

It can be seen from the experimental results that the best
performance can be achieved when DEF uses Scharr and
EGCA uses Sobel. At the same time, for EGCA module, the
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TABLE V
RESULTS OF HYPERPARAMETER ABLATION EXPERIMENTS FOR DPIOU
mAP50(%) | 0=0.1 0=02 0=025 0=03 o0=04
a=0.07 94.0 94.1 94.2 94.1 93.7
a=0.08 94.0 94.2 94.3 94.1 93.8
a=0.09 93.9 94.0 94.1 94.0 93.7

We only introduce DPIoU into YOLOv8n-obb, and then experiment with
different values of the hyperparameters o and ¢ in DPIoU.
The best score for each indicator has been highlighted in bold.

TABLE VI
EXPERIMENTAL RESULTS OF DIFFERENT NETWORK METHODS ON
OPENSARWAKE DATASET (ROTATED BOX)

Methods mAP50(%) mAP50.95(%)

ROI transformer [28] 36.7 13.6
S2ANet [30] 34.1 12.3
R-CNNo [48] 42.8 15.9
YOLOvV5n-CSL [43] 52.8 20.4
YOLOV7-KLD [44] 56.4 21.8
YOLOv8n-obb [45] 62.8 26.6
Ours 66.2 29.4

The best score for each indicator has been highlighted in bold.

performance of Scharr operator is significantly lower than that
of Sobel operator.

In this study, a shape-based dynamic weighting function [for-
mula (13)] is introduced in the design of DPIoU. The function
uses o (which determines the peak) and o (which determines the
crest width) as hyperparameters to adjust the range of values. We
conducted ablation experiments to verify which values of o and
o can achieve the best results, and the relevant experimental
results are shown in Table V.

According to the experimental results in the table, the optimal
performance can be achieved in our method when the hyper-
parameters « and o are set to 0.08 and 0.25, respectively. In
addition, compared to the « that determines the peak, o that
determines the peak width has a greater impact on performance.
This is consistent with our design that ensures the constraint
is focused on the low aspect ratio object, further verifying the
rationality of the DPIoU designed in this study.

E. Generalization Experiments

In order to verify the generalization, we conducted experi-
ments on the OpenSARWake [6] public dataset. OpenSARWake
is a dataset for ship wake detection based on SAR images. This
dataset contains SAR images in L, C, and X bands with a
spatial resolution of 1.25-12.5 m. It has 3973 images and 4096
instances, and the size of the images is 1024 x 1024 pixels.

As can be seen in Table VI, our method achieves the best com-
prehensive performance on the OpenSARWake dataset com-
pared to other methods. Its mAPs5q achieves 66.2%, while
mAPs50.95 achieves 29.4% . In addition, we present the detection
results of the abovementioned methods in different scenarios, as
shown in Fig. 16.

In Fig. 16(a) and (b), there is a long wake that is not obvious,
and there are a few places where the texture is blurred in the
middle of this long wake. Among all the methods, the predicted
box of our method is closest to the Ground Truth Box. When
there is an unobvious texture in a long wake, YOLOv8n-obb
is easy to identify the long wake into two short wakes, or only
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Fig. 16.  Detection results of different network methods on OpenSARWake
dataset. Yellow circles represent missed detections and green circles represent
false detections. (a)—(e) are the model detection results in different scenarios.

part of them can be detected. Duplicate detection occurs for
YOLOV7-KLD and YOLOv5-CSL, which consider the long
wake to be composed of multiple wakes stacked together.

In Fig. 16(c)—(e), there are many nonship interference objects
(such as cage, reef, island, etc.). At this time, our method can still
accurately identify the ship wake without missing or false detec-
tion. All the other methods have missed or false detections. This
shows that the algorithm in this study has excellent robustness,
and it has learned the characteristics of the wake more clearly,
so that it is not disturbed by other objects.

The abovementioned experiments prove that for ship wake
detection, this method not only has advantages in optical remote
sensing images, but also has competitive performance in SAR
images. Finally, we will further test the model in a generic
scenario. We conducted experiments on the DIOR-R public
dataset [49] using our research method and other advanced
methods. DIOR-R is a large-scale optical remote sensing object
detection dataset annotated with rotation boxes. It covers 20
object classes, consisting of 23 463 remote sensing images and
190 288 target instances.

From Table VII, it can be seen that our method achieved
the best overall performance. This means that in addition to
accurately detecting ship wakes, it can also achieve excellent
performance in general remote sensing scenarios.

F. Discussions

We conduct experiments on both public optical remote sens-
ing wake datasets and SAR wake datasets. Experiments show
that the proposed method has an excellent comprehensive
detection performance and generalization. It has excellent per-
ception ability for weak objects, and can also achieve excellent
angle prediction accuracy for difficult square-like objects.
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TABLE VII
COMPARISONS WITH ADVANCED OOD METHODS ON THE DIOR-R DATASET

Method APL APO BF BC BR CH DAM ETS ESA GF GTF HA OP SH STA STO TC TS VE VM mAP
S2ANet [30] 654 42.0 752 839 36.0 72.6 28.0 65.1 75.1 75.6 80.5 359 52.1 823 659 66.1 84.6 54.1 48.0 69.7 62.9
Rol-Trans [28] 63.3 37.9 71.8 87.5 40.7 72.6 269 787 68.1 69 827 47.7 556 812 782 703 81.6 549 433 655 63.9
AOPG [49] 624 37.8 71.6 87.6 409 725 31.1 654 78 732 819 423 545 812 7277 713 81.5 60.0 524 70 644
DODet [50] 634 434 72.1 813 43.1 72.6 333 788 70.8 742 755 48 593 854 740 71.6 815 555 519 664 65.1
PlIDet-101 [51] 77.9 31.8 794 90.0 45.0 72.7 30.7 79.2 80.1 76.6 813 443 579 89.0 69.3 73.1 59.5 57 599 624 674
YOLOvVS [45] 89.3 737 943 909 65.9 90.5 56.2 923 82.1 849 91.7 73 72.1 94.6 943 825 945 735 699 89.8 828

OURS 93.0 75.8 974 94.6 64.7 94.0 54.7 94.3 84.7 87.3 90.1 71.6 74.5 97.8 97.0 86.7 97.7 78.9 73.5 93.7 85.1

The indicators used in the table are mAPso(%).
The best score for each indicator has been highlighted in bold.

But there are still some limitations to this approach. The sea
clutter also has discrete line characteristics similar to wake, so
the performance of the method will be affected when the clutter
is large. This may be improved by introducing something like a
filter, which can mitigate the noise caused by clutter. In addition,
when facing a square rotated box and its box after flipping
horizontally or vertically, the method based on 2-D Gaussian
distribution and the method in this study will also consider
them to be the same. This is because they have the same 2-D
Gaussian distribution and the same minimum external horizontal
rectangle. This may require more comprehensive constraints to
improve this.

V. CONCLUSION

In this study, we construct DEF based on the characteristics of
the wake, such as being indistinct, lacking texture, and having
discrete line shapes. As the front end module of the network,
it senses the gradient intensity changes of pixels in parallel
through additional edge branches, which effectively improves
the perception ability of the model to faint textures and contours.
In addition, we create EGCA. It forces the model to focus
on the edge features in the context information, preventing
low-dimensional line texture information from being ignored
by the deep network. Finally, we design DPIoU. It further
enhances the ability to describe the rotation angle and shape, and
solves the problem that the IoU method based on 2-D Gaussian
distribution cannot accurately predict the angle of square-like
objects. In the experiments, our method achieved a mAP;5y of
95.1% and a mAPj0.95 of 70.4% on the optical remote sensing
image dataset (SWIM). It also reached 135 FPS and reduced the
average angle prediction error from 15.35° to 7.16°. In addition,
our method demonstrated competitive performance on the SAR
remote sensing image dataset (OpenSARWake), with a mAPs5
of 66.2% and a mAP5q.95 of 29.4% . This demonstrates that our
method offers excellent accuracy and adaptability, effectively
detecting wakes in various scenarios.

In future research, we hope to further optimize the accuracy of
angle prediction. In practical scenarios, wake can be subdivided
into turbulent wake and Kelvin wake, and their shapes may also
be diverse, such as curved or S-shaped. These different wake
shapes will affect the accuracy of angle prediction, and we will
attempt to design more comprehensive IoU calculation methods
to alleviate this issue. In addition, we also want to focus on the
issue of uncertain wake boundaries. In addition to helping locate
ships, wakes also have rich information such as angle, length,

and direction, which can be used to estimate the ship’s heading
and speed. The prerequisite for doing so is to accurately and
completely identify the entire wake, but the contour of the wake
always gradually disappears in the image, making it difficult to
determine the accurate boundary of the wake. We will attempt
to introduce additional threshold methods or filtering modules
to alleviate this issue.
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