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Abstract

Aiming to address the problems of insufficient ship detection accuracy and high miss rate for small targets in water
transport traffic situational awareness under low-light conditions, this paper proposes an EG-YOLO+ framework
that integrates ship image enhancement and ship detection. The method achieves adaptive enhancement of low-
light images through the unsupervised enhancement-low-light-image-network generative adversarial network
(EnlightenGAN) model, effectively solving the problem of detail loss in traditional methods under extreme lighting
conditions; subsequently, based on the latest You Only Look Once version 11 (YOLOvV11) architecture, it
innovatively introduces the squeeze-and-excitation channel attention mechanism, significantly improving the
detection accuracy of small-target ships through dynamic feature channel reweighting. The experimental results on
the self-constructed maritime dataset show that the proposed method can effectively identify image targets in low-
light environments, even small targets, with a 6-percentage point improvement in mAP over the baseline YOLOV11.
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1. INTRODUCTION

Water transport traffic is an important part of the national economy and social life, and promoting
intelligent and information-based development in the field of water transport has become a general trend.
To address the shortcomings of the current water transport traffic system under low-light conditions, this
paper combines ship image enhancement technology, ship detection, and situational awareness technology
into the water transport traffic situational awareness system. Enhancement-low-light-image-network
generative adversarial network (EnlightenGAN) and You Only Look Once version 11 (YOLOv11) are used
to enhance low-light images and classify ship positions for situational analysis. Empirical results
demonstrate the effectiveness of this approach in promoting intelligent water transport.

Ship image enhancement technology has made significant progress in recent years under the impetus of
deep learning, with a wide range of applications such as medical imaging, intelligent monitoring,
agricultural detection, automatic driving and other fields. Scholars at home and abroad have carried out in-
depth research around traditional enhancement methods, deep learning enhancement techniques, and
specific scenes, and scholars have focused on the optimization of algorithms based on signal processing. Sun
et al. proposed an ship image enhancement method based on multi-weight fusion for the special needs of
the intelligent monitoring scene of a mine, the method innovatively combines the Gamma algorithm with
hue, saturation, and value (HSV) spatial transformation, dynamically adjusts the light distribution through
the improved two-dimensional Gamma function, and ultimately adopts Gauss-Laplace pyramid to achieve
image fusion'!. Shorten and Khoshgoftaar systematically sorted out the technical system of image data
enhancement, and classified the existing methods into the traditional techniques, such as geometric
transformation and color space enhancement, and the emerging methods, such as adversarial training,
generative adversarial networks (GANs), and other emerging methods”. Xu et al. further proposed an
information-rich three-dimensional taxonomy, subdividing ship image enhancement algorithms into three
categories: model-free, model-based, and optimization strategy-based, which provided a theoretical
framework for technology selection”'. Nagaraju et al. provided a theoretical framework for the identification
of crop diseases in a crop disease identification task by designing systematic image acquisition algorithms
and enhancement processes. A model performance improvement of 5.14% was achieved, and the
enhancement was significantly better than six existing benchmark methods"”. Hyper-Laplacian Reflection
Priors proposed by Zhuang et al. significantly improve the detail recovery ability of underwater images by
modeling the sparsity of reflection components™.

The application of GANs in ship image enhancement has become a research hotspot in recent years. A
review study by Eldeen et al. points out that GANs show unique advantages in solving the problem of
scarcity of medical image data'®’. In special scenarios, GANs-based data enhancement can effectively expand
the training samples and improve the generalization ability of the model. The study by Gupta et al. in the
field of agriculture further confirms that GAN-generated real samples can improve the accuracy of crop
recognition by 15%-20%, opening up a new way to solve the problem of insufficient samples in agricultural
images'"”.

The You Only Look Once (YOLO) series of algorithms in the ship recognition part has been the focus of
attention. Wang et al. proposed an improved YOLO version 5 (YOLOvs5) algorithm for the special
environment of coal mine underground, which improved the ship recognition accuracy by 9.1% and the
mean average precision (mAP) by 3.6% by introducing the efficient channel attention (ECA)_s channel
attention mechanism and the efficient intersection over union (EIOU) loss function. The YOLO network
for Sweeping Robots version 2 (YOLO_SRv2) algorithm developed by Lv et al. improves ship recognition
accuracy in the backbone network by 15%-20%. This algorithm integrates a maximum pooling structure and
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a convolutional block attention module (CBAM) into the backbone, achieving 86.1% mAP on the object
detection for sweeping robots in home scenarios (ODSR-HIS) dataset while maintaining a high frame rate
of 180 frames per second (FPS)®. Dai et al. proposed the YOLO-Former model, which fuses the Vision
Transformer with a convolutional attention mechanism, achieving an 11.3% improvement in mAP for
foreign ship detection and establishing a new paradigm for integrating Transformer and YOLO

architectures".

Zhao and Ding proposed an asynchronous deep reinforcement learning framework, which effectively
improves the ship detection rate under low-light conditions through multimodal image edge contour
detection and adaptive light intensity fusion™. Cao et al. developed the YOLO-SF algorithm, which
innovatively combines instance segmentation with the Mobile Vision Transformer version 2 (MobileViTv2)
backbone and the Varifocal Loss function to achieve a balance between accuracy and speed in fire detection
tasks”. Gomaa et al. developed a vehicle counting system based on YOLOv2 and the Kanade-Lucas—
Tomasi (KLT) tracker, improving the processing speed to 18.7 FPS, which is 93.4% higher than that of
traditional methods"?.

Both ship image enhancement and ship detection have seen significant progress; however, existing research
on ship detection in low-light environments remains insufficient, with clear gaps both domestically and
internationally. Ship detection research often directly deals with the original low-quality images or uses
simple off-the-shelf enhancement methods for preprocessing, lacking synergy between the two'*. For
example, the multimodal recognition study of Zhao and Ding involves low-light conditions, but its
enhancement module and recognition network are independent of each other'". The mine monitoring
study of Sun ef al. improves Gamma correction, but is not trained jointly with the ship detection model"’.
This study builds on this foundation.

Although existing studies have made progress in low-light image enhancement and ship detection, two
critical gaps remain: (1) Most methods process enhancement and detection independently, leading to
suboptimal synergy; (2) Small-target detection under extreme lighting suffers from feature flooding due to
redundant channel responses. To address these issues, EG-YOLO+ proposes a cascaded framework that
integrates EnlightenGAN’s unsupervised enhancement with YOLOv11’s dynamic channel reweighting via
squeeze-and-excitation (SE) modules. This design ensures joint optimization of illumination correction and
feature prioritization, particularly for small targets.

2. METHODS

The new model EG-YOLO+ proposed in this paper is divided into two parts: ship image enhancement and
ship detection. Ship image enhancement is based on EnlightenGAN model with unsupervised GAN using
generator-discriminator interaction to achieve the desired effect””. The YOLOv11 algorithm from the
YOLO series is chosen as the backbone for ship detection, and the SE module is added to improve the
performance of small ship detection by learning the weights of each channel through the global average
pooling and the fully-connected layer, and automatically reinforcing the channels that are critical for the
corresponding detection tasks".

2.1. EnlightenGAN

GAN is an unsupervised learning model, which mainly consists of a generator and a discriminator.
Adopting EnlightenGAN not only solves the problem of low light enhancement, but also proposes a novel
unsupervised framework that can be trained without paired data, using a U-shaped network (U-Net) as the
backbone network of the generator, and fusing low-level features with high-level features through pixel-
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level attention and multi-scale feature extraction operations in order to obtain more feature information.
Ship image enhancement is always desired to enhance the dark areas so that the global image brightness is
balanced and not overexposed or too dark!”.

The discriminator integrates the sub-feature retention loss of the local and global discriminators and the
adversarial loss of the global and local generators, randomly crops 5 paths from the two images before and
after enhancement, and uses the original least squares GAN as the adversarial loss. The structure of the
discriminator is shown in Figure 1.

2.2. Ship detection

In this paper, YOLO is used as the backbone network for ship detection, which can treat ship detection as a
single regression problem, and is able to predict the coordinates of target species and bounding boxes in real
time"®. Compared with the previous generations of YOLO series, the new version of YOLOv11 has higher
computational efficiency while maintaining higher accuracy. The YOLOv11 model consists of four parts:
Input, Backbone, Neck, and Head". Input performs standardized preprocessing and data enhancement on
the image to provide the network with inputs in a uniform format. The Backbone provides the network with
inputs in a uniform format through the Backbone extracts multi-level features through the improved Cross
Stage Partial Darknets3 (CSPDarknets3) structure, forming feature pyramids at different scales”; Neck
fuses and optimizes the multi-scale features to enhance the detail information of small targets and the
semantic information transfer of large targets; Head directly predicts the targets and outputs the detection
results™.

To address the problem that detection accuracy for medium and large targets is high but remains low for
small targets”, YOLOv11 optimizes small ship detection performance by introducing a high-resolution
detection layer. This enhancement significantly improves the recognition of small target objects, making
YOLOV11 a suitable choice for the backbone model.

The convolution operation of traditional YOLOv11 treats all feature channels equally; although it has been
more accurate for small ship detection, the channel feature redundancy in complex scenes significantly
reduces the performance of small ship detection. The introduction of the SE module in YOLOv11 can
effectively improve the small ship detection accuracy, while maintaining the detection performance for
medium and large targets. The SE module solves the problem of small target feature flooding under low
illumination through dynamic channel reweighting. Squeeze stage global average pooling generates channel
statistics, compresses spatial dimensions. Excitation stage two-layer full connection layer learns nonlinear
relationship between channels, suppresses redundant background channels such as water surface reflection,
and improves response intensity of high-frequency detail channels of small targets. The network structure
of the SE module is shown in Figure 2. The channel reweighting mechanism enables the network to
automatically differentiate the feature requirements of targets of different sizes, enhancing high-frequency
detail channels for small targets while retaining semantic-dominant channels for large targets, thus
significantly improving small ship detection performance without compromising the accuracy for medium
and large targets.

The SE module is added at the cross-scale connection of the feature pyramid network (FPN) layer to
optimize the channel weight allocation of feature maps with different resolutions, and to enhance the
visibility of small targets in the deep features without destroying the integrity of the backbone features. The
workflow is divided into Squeeze, Excitation, and Reweighting, based on a given input feature map, as given
in
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Figure 1. Structure of GAN network discriminator. GAN: Generative adversarial network.
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Figure 2. SE module structure. SE: Squeeze-and-excitation.
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The SE module first generates channel statistics, as given in

zeRN @

through global average pooling, and then learns activation weights through two FC layers, and finally
outputs a reweighted feature, as determined by

X=s5-X 3)
This mechanism allows the network to automatically enhance high-frequency detail weights when detecting

a small target. targets by automatically enhancing the response strength of high-frequency detail channels,
such as edges, corner points, and other places.
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2.3. Overall framework of EG-YOLO+

This study employs a cascaded design with staged processing to reduce system coupling, consisting of three
key components: the front-end, back-end, and joint optimization module. The front-end utilizes
EnlightenGAN to perform illumination correction on input images and outputs enhanced results, while the
back-end incorporates an improved YOLO network for object detection. The detection network
implements multi-scale feature extraction and dynamically adjusts channel-wise feature weights in the FPN
layers through SE modules. The training process follows a two-stage strategy: the enhancement module is
first trained independently, followed by end-to-end fine-tuning of the entire detection network. The
workflow is illustrated in Figure 3. The design innovatively proposes a two-stage framework called EG-
YOLO+, which revolves around an “enhancement-detection” collaborative framework. It is the first to
deeply integrate unsupervised image enhancement with an improved YOLOv11 object detection model to
solve the problem of enhancement and detection tasks in low-light scenarios.

The pseudocode for EG-YOLO+ is given in Algorithm 1. It summarizes EG-YOLO+’s two-stage workflow.
Stage 1 enhances illumination via EnlightenGAN without paired training data. Stage 2 applies SE-based
channel reweighting to suppress redundant features (e.g., water reflections) before detection.© denotes
element-wise multiplication.

3. EXPERIMENTS

In this section, the experimental details will be introduced. We will demonstrate the accuracy of the EG-
YOLO+ in analyzing the ship’s operational situation under low-light conditions through extensive
experiments. This study adopts the recommended configuration of the YOLO framework, utilizing the
AdamW optimizer with an initial learning rate (Ir0) of 0.01, along with learning rate scheduling and data
augmentation strategies. For the ship detection task, we adjusted the input resolution to 640 x 640 to
balance small target detection accuracy and computational efficiency, and set the batch size to 8 to
accommodate GPU memory constraints. The theoretical computational complexity of the model is
approximately 10.8 giga floating point operations (GFLOPs), with the YOLOv11-SE component
contributing about 7.7 GFLOPs and the image enhancement module accounting for approximately 3.1
GFLOPs. The total parameter count is 7.8 M.

3.1. Datasets

The current publicly available maritime ship detection dataset generally has some limitations; maritime
technology is developing rapidly but the old datasets are difficult to reflect the latest ship characteristics. In
order to break through the bottleneck of existing data, this study independently constructs a maritime target
detection dataset, which covers more than 1,800 images in daytime, night, foggy day and strong reflection
water surface. The image scene is changeable. This method enhances the diversity of the dataset. Some of
the pictures are shown in Figure 4; this method enhances the diversity of the dataset. Some of the images
have problems such as blurring and color deviation, which can effectively verify the accuracy of the
experiment and greatly enhance its persuasiveness.

3.2. Experimental condition
The hardware and software required for the experiment are shown in Table 1.

3.3. Ship image processing

Firstly, we preprocess the dataset by deleting excessively blurred images or those without visible ships,
leaving 1,698 images, which are distinguished into training set, validation set, and test set according to the
ratio of 6:2:2, and the images are experimented with. The ship images are labelled using LabelMe, and each
frame of the images in the training set corresponds to a manually labelled file in JSON format, which
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Table 1. Parameters of hardware and software equipment

Device Parameter

Memory 64GB

CPU Intel Xeon Gold 6230R @ 2.10GHz
Graphics card NVIDIA Quadro RTX5000,16GB
Operating system Linux (x64)

Programming language Python 3.8.20

Learning framework Pytorch 2.4.1+CUDA 12.1

cuDNN Version 9.1.0

Original Low-Light Image

EnlightenGAN Enhancement

Generator H Discriminator

Enhancement
Quality Evaluation

YOLOV11-SE Detection

SE Module

O~

Ship Trajectory and Situation
Position/Category Analysis

Figure 3. Flowchart.

contains information such as target ID, target category, and four-dimensional coordinates of the frame.

This study addresses ship images in low-light situations, so ship image enhancement of low-light images is
required, using an unsupervised GAN model, consisting of a generator and a discriminator. Dark light
enhancement can be achieved by training the GAN model without pairing images using the proposed
global-local discriminator.
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Algorithm 1 EG-YOLO+

Input: Low-light image I low

Output: Detection results B, Confidence scores C
Stage 1: Image Enhancement
1: I enhanced = EnlightenGAN(I low)

Stage 2: Ship Detection

2:  F=CSPDarknet53(I_enhanced)
3:  for each feature map f in FPN(F):
4:  z= GlobalAvgPool(f)

5:  s=o(W2-ReLU(W1-2))

6: f=s0of

7:  B,C=YOLOvll Head(f)
return B, C

Algorithm 1.

Figure 4. Some images of boat 1and boat 2 taken under different water conditions.

3.4. Ship detection

Ship detection has always been one of the important research directions in the field of computer vision, and
its importance in the domain of shipping is also self-evident. In this study, YOLOv11 is used as the base
model for the ship detection part; as the latest model of YOLO, it is famous for its excellent detection speed
and end-to-end training process, and further improves the detection accuracy and robustness by optimizing
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the network architecture and training algorithm®*.

Recognition speed is an important indicator in ship inspection tasks, which usually require ship detection in
a short period of time, and the efficiency of the YOLOv11 makes it particularly suitable for this task;
however, it was found during the experiments that its recognition accuracy is slightly worse under low light
conditions, especially when the hull of the ship is partially covered or the environment is very dark”. The
YOLOv11 may have difficulty in effectively detecting small target sizes, resulting in missed detections or
false alarms. To address this problem, the study focuses on low-light images to enhance the image quality
for more accurate recognition. Adding the SE module pays better attention to the features of small targets,
excels in small ship detection accuracy, improves detection capability, and is able to adaptively recalibrate
the channel feature response by learning the channel attention weights; comparison pictures are shown in
Figures 5 and 6.

In the low-light scene as in Figure 5, the ship detection model exhibits a missed detection, and boat 2 is not
detected. However, after optimization by ship image enhancement, boat 2 is successfully identified and the
detection confidence of both boats is significantly improved.

Ship detection will also have obvious misdetection situations, misidentifying the brighter lights on the shore
as ships, and the confidence value of misidentification reaches 0.52, which is a major recognition error.
After the image quality optimization process, this kind of misidentification problem is effectively solved,
while the recognition accuracy of the original ship target is also improved.

The experiments use the following indicators to evaluate the effectiveness of EG-YOLO+ ship detection,
respectively.

(1) Precision: Precision is used to reflect the model detection accuracy, as given in

TP
Precision = ——— 4
TP + FP @
where TP refers to the number of targets that the model strives to detect, and FP refers to the number that
the model misdetects; i.e., actually does not exist but is incorrectly detected as having a target.

(2) Recall: Recall reflects the model’s ability to avoid missed detections, as given in

TP
Recall = m (5)

where FN is the number of targets missed by the model, those that are real but not detected.
(3) mAP50 (mean average precision at IoU = 50%) and mAP50-95

mAP50 and mAP50-95 are two core evaluation metrics in the ship detection task, which are used to
measure the combined detection performance of the model at different levels of stringency. mAP50 is the
mean average precision computed at the intersection and concurrency ratio threshold of 0.5, which is then
averaged across all the categories of APs, and focuses on whether or not the target is detected, whereas the
mAP50-95 has a threshold of 0.5-0.95 and focuses on whether the detection location was accurate, as
calculated by
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where AP is the average accuracy and N is the number of target detection classes.

This study comprehensively evaluates the performance of a ship detection model trained using augmented
images under realistic low-light water conditions. In order to validate the effectiveness of the improved
model, mainstream ship detection algorithms are selected for evaluation and comparative validation. We
perform ship detection on both original and enhanced images, and the comparison results are shown in
Table 2.

This model achieves a precision of 0.852, which is significantly higher than YOLOv11 (0.821) and SSD
(0.755), with a lower false detection rate. The recall of 0.804 outperforms all the compared models, with a
lower miss detection rate for real targets. mAP50 outperforms YOLOv11’s 78.4% with 80.1%, and the
detection is more accurate especially at high Intersection over Union (IoU) thresholds. The variant
YOLOv11-self-calibrated attention (SCA) with the addition of the attention mechanism is lower than the
original YOLOv11 in terms of precision and mAP, while the model proposed in this study successfully
overcame this performance degradation, indicating that the optimization strategy is indeed effective.

In practical applications, the variation of light will affect the performance of the ship detection model, and
the robustness of the model can be evaluated by calculating the change rate of mAP of the model under
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Table 2. Comparison of metrics of different algorithms

Model Precision Recall mAP50 (%) mAP50-95 (%)
SSD 0.755 0.709 729 45.8
YOLOv11 0.821 0.785 78.4 55.7
YOLOvV11-SCA 0.789 0.727 75.7 48.6
Ours 0.852 0.804 80.1 58.3

The bold formatting highlights superior performance metrics. YOLOv11: You Only Look Once version 11; SCA: self-calibrated attention.

Table 3. Comparison of the parameters of the algorithms under different conditions of illumination

Mould Normal-light mAP (%) Low-light mAP (%) Rate of change in mAP (%)
SSD 72.4 55.9 23.6
YOLOv11 78.2 62.3 20.5
YOLOvV11-SCA 75.9 58.7 22.7
Ours 82.6 68.3 171

The bold formatting highlights superior performance metrics. mAP: Mean average precision; YOLOv11: You Only Look Once version 11.

different light conditions. The results are shown in Table 3.

YOLOV11-SE has the smallest change in mAP under different light conditions, which is only 17.1%,
indicating that it is the most adaptable to light changes and has the best robustness, and the present model
has superior mAP values under both normal and low light conditions. Compared with the original
YOLOv11 model, the mAP of this model is improved by 4.4% under normal light and even more by 6%
under low light conditions, which indicates the superiority of this model.

Figure 7 demonstrates the comparison of the effectiveness of different methods in the low-light image ship
detection task. From the figure, it can be seen that compared with other ship detection methods without
ship image enhancement, the effect of this study is remarkable. After ship image enhancement, the target
can be more effectively extracted from the image. Even small targets can be recognized with high
confidence, with no omissions or false detections, resulting in superior recognition performance. The
confidence scores for the two ships (0.83 and 0.91) are higher than those of the original model (0.80 and
0.87), and the SCA module is not as good as the original model on the basis of YOLOv11, and the SSD effect
is in the middle [Figure 7A-D]. This indicates that the performance gain of EG-YOLO+ is robust across
different scene types and not only dependent on increased brightness.

3.5. Vessel posture analysis

Firstly, we preprocess the unlabeled night ship images, including low light enhancement, ship detection and
then we depict the ship trajectory by frames for situational analysis. In this section, single-vessel and two-
vessel scenarios are designed.

The change in X-coordinate over time for a single ship trajectory is shown in Figure 8.

The horizontal coordinate represents time in frames, which can be interpreted as the change of ship
trajectory over time, ranging from 80 to 560, and the vertical coordinate represents the position of the ship’s
X-coordinate at a certain moment in time, ranging from 0 to 850. The overall shape of the curve resembles
that of a sinusoidal wave, which indicates that there is a “round-trip” motion of the ship in the X-direction.
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Figure 7. Visualization comparison results. (A) SSD; (B) YOLOv11; (C) YOLOV11-SCA; (D) The proposed model in this work. YOLOV11:
You Only Look Once version 11.
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Figure 8. Relationship between the x-axis motion of the single vessel and time.

The overall shape of the curve is similar to a sine wave, indicating that the ship has a “round-trip” motion in
the X direction. The analysis of key time periods is shown in Table 4.

In Figure 9, the vertical coordinate indicates the position of the ship’s Y coordinate in each frame, with a
range of 530-670, and the horizontal coordinate is the same as that of the X chart, with a range of 80-560,
also with periodic motion, indicating that the ship is not only moving back and forth in the X direction, but
also doing a “back and forth” motion in the Y direction.

The trend characteristics are shown in Table 5.
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Table 4. Motion analysis table for single vessel in x-axis direction

Time interval (frames) X coordinate change Motion description

80-220 Upward trend Ship accelerates to the right

220-330 Downward trend The ship is gradually slowing down and turning left

330-420 Approaching stability Ship's X-coordinate is generally stable, may be slowing down or in steering mode
420-560 Upward trend Ship moves to the right again (acceleration)

Table 5. Motion analysis for single vessel in y-axis direction

Time interval (frames) Y coordinate change Motion description
80-300 Downward trend Ship moving south (Y coordinate decreasing)
300-500 Upward trend Ship moving north (Y coordinate increasing)
500-560 Slightly down Vessel trimming to the south or slowing down to turn around
Y-time
—8— ship1
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100 200 300 400 500
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Figure 9. Relationship between the y-axis motion of the single vessel and time.

Figure 10 shows two ships travelling in opposite directions, with the X values approaching or even
overlapping near frame 180-200 indicating that the two had a head-on rendezvous or brush at this point in
time, with a great potential risk of collision. However, after that moment, they both turned back, and this
behavior is mostly “avoidance” to prevent collision.

Ship 1’s initial position is at about 1,200 on the right, and as time passes, the ship’s X value gradually
decreases, indicating that ship 1 is moving from right to left, and at about frame 180-200, the X value
reaches a minimum, and then begins to rise, implying that the ship is experiencing a turn-around or turn-
back behavior, driving backward for some distance.

Ship 2 is initially positioned at an X value of about 200 on the left, which gradually increases over time,
indicating movement from left to right toward Ship 1. Around frames 180-200, the X value reaches a

maximum of approximately 600, after which it begins to decrease, suggesting that a turn-back maneuver is
occurring.

The overall trend of the two ships on the Y-coordinate chart is highly similar, indicating that they are
mostly sailing on the same or parallel courses. The two ships remained relatively stable at first, then the y-
value increased, reaching a peak of about 440-450 at around frame 150, after which it began to decline,
reaching a low point of about 330 at around frame 300, and then increased again. As shown in Figure 11, the
overall lateral movement of the hulls indicates that the two ships are performing some form of “lateral
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Figure 11. The motion of the y-axis of the double vessel with respect to time.

adjustment” or “obstacle avoidance operation”. In particular, between the 150th and 300th frames, the two
ships decline almost synchronously, further suggesting that they may be avoiding each other to prevent a
collision. This is also consistent with the state of the X-coordinate.

The trajectories of the two ships in the two-dimensional plane are shown in Figure 12. At frame 180, the X
values of the two ships are the same and the Y values are almost coincident, implying that the positions of
the two ships in the two-dimensional plane are almost identical, which is consistent with a collision or
brushing situation. The two ships come from opposite directions and reach the midpoint at almost the same
time, which has the typical characteristics of a rendezvous and creates the risk of collision. After the
meeting, both vessels show signs of turning around, and the Y-direction trajectories are highly similar,
which indicates that the two vessels avoid collision by spontaneous avoidance behavior, and the two vessels
basically maintain a stable heading except for the intermediate part of the avoidance adjustment.

4. CONCLUSION

Aiming to address the current key technical difficulty of small target object recognition for water transport
traffic situational awareness under low-light conditions, the EG-YOLO+ framework proposed in this study
effectively solves this difficulty by deeply fusing EnlightenGAN ship image enhancement with the improved
YOLOv11 ship detection algorithm. In terms of ship detection, the shortcomings in the representation of
small target information are effectively addressed by fusing the SE module and YOLOv11. The method
achieves 80.1% mAP50 detection accuracy on the self-built dataset, which represents a 6-percentage point
improvement over the original YOLOv11 model (74.1% mAP50) under identical experimental conditions.
Especially in complex scenarios such as ship encounters, the system can accurately identify ship trajectories
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Figure 12. Two-dimensional planar motion trajectory of the double vessel.

and analyze collision avoidance behaviors, which verifies its utility value in intelligent shipping systems.
This study not only provides a new technical idea for ship detection in low-light environments but also
offers reliable technical support for the intelligent development of water transport. Future research will
further optimize the model efficiency and expand the multimodal sensing capability to improve the
generalization performance of the method in different application environments.
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