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1. Introduction 

 
Due to its enormous capacity and eco-friendly 

characteristics, water transport has been a prominent form 
of transit for local and international commerce. With the 
explosive expansion of inland waterway transportation, the 
loading capacity and transportation velocity have 
continuously grown. The number of vessels, volume of 
waterborne trade, and amount of hazardous cargo are 
constantly on the rise. However, compared to navigation 
near the shore or at sea, river navigation is often constrained 
to relatively narrow streams with strong currents. As a 
result, accidents such as vessel-vessel collisions, vessel-
bridge collisions, and vessel groundings are happening with 
increasing frequency, posing serious threats to the safety of 
navigation and the ecological preservation of rivers. 

Active collision prevention methods can significantly 
reduce the probability of vessel collisions and groundings 
by providing warnings to vessels with high collision risks, 
and vessel object detection is one of the core tasks of these 
methods. Commonly used technologies for vessel detection 
include synthetic aperture radar (SAR) (Zhang et al. 2019, 
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Raj et al. 2022), cameras (Li et al. 2019, 2021), and 
automation identification systems (AIS) (Valsamis et al. 
2017, Liu et al. 2019) are commonly used for vessel 
detection. With the rapid development of computer vision 
algorithms in recent years, the camera-based method has 
gained attention for its potential in inland vessel detection, 
owing to its advantages of low equipment cost and high 
resolution and making it a promising option for active 
collision prevention. 

Due to long-distance photography, weather variations, 
and complex backgrounds, it is challenging to acquire 
stable detection results based on traditional image 
processing methods (Szpak and Tapamo 2011). In recent 
years, artificial intelligence (AI) technologies, particularly 
deep learning-based methods, have been increasingly 
employed in various fields, including object detection. 
Numerous approaches have been proposed to address the 
generic object detection task. R-CNN (Girshick et al. 2014) 
is a pioneering work in the field of object detection, serving 
as a prominent two-stage framework. Building upon 
RCNN, the Fast R-CNN (Girshick 2015) and Faster R-CNN 
(Ren et al. 2017) algorithms have made notable 
advancements in accelerating the detection speed of two-
stage networks. However, You Only Look Once (YOLO) 
(Redmon et al. 2016) and its variants (Redmon and Farhadi 
2017, 2018, Bochkovskiy et al. 2020, Ultralytics 2020, Ge 
et al. 2021), as a popular single-stage object detector 
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serious, have attracted wider attention recently due to their 
remarkably faster detection speed compared to the 
traditional two-stage algorithms. In the field of vessel 
detection, Kong and Hu (2019) enhanced images by the 
horizon line detection and image registration section before 
using the VGG-based Siamese Network to track the target 
vessel. Li et al. (2021) adopted a self-supervised approach 
to learn specific visual representations and subsequently 
fine-tuned their model using supervised learning for 
accurate vessel detection. Additionally, they collected and 
labelled a fine-grained vessel dataset called HarborVessels. 
Lee et al. (2021) applied the YOLOv3 model for ship 
detection using ship-mounted cameras, enhancing 
situational awareness in maritime settings. 

Vessel detection often entails the detection of small 
objects amidst complex backgrounds. Despite significant 
advancements in object detection algorithms propelled by 
deep learning, detecting small objects remains challenging 
(Mahaur and Mishra 2023). This is primarily due to the 
limited appearance information available for small objects, 
making it difficult to distinguish them from the background 
or similar objects. The attention mechanism is an important 
data processing method within the realm of machine 
learning (Tang et al. 2023). The principle of the attention 
mechanism in computer vision is to improve the model’s 
focus by highlighting essential feature information while 
disregarding less important details. It involves learning the 

 
 

weight distribution of feature layers through structural 
layers and applying it to the original feature graph for 
weighted summation. Notably, Yang et al. (2021) proposed 
an attention module named SimAM, which can derive 
three-dimensional attention weights for feature graphs 
without requiring additional structures or parameters. This 
approach draws inspiration from neuroscience principles, 
assigning higher attention (weight) to neurons with spatial 
inhibition effects and achieving superior performance in 
terms of speed and accuracy. 

Object detection in three-dimensional (3D) space is an 
important area of research, but it presents challenges when 
using monocular cameras due to the absence of depth 
information. Consequently, stereo vision cameras or 
binocular cameras are employed to address this issue 
(Omrani et al. 2020, Thombre et al. 2022). However, 
utilizing binocular cameras comes with increased 
computational resource requirements and setup 
complexities, particularly during field testing. In response 
to this challenge, Chabot et al. (2017) introduced a 
multitask network known as Deep MANTA for 3D vehicle 
localization and orientation estimation from monocular 
images. Clausse et al. (2019) utilized a mask and a 3D 
bounding box projection to compute the vehicle’s center 
and orientation. However, the difficulty arises from the 
necessity to label the training dataset with 3D bounding 
boxes. 

 
 

Fig. 1 The framework of the proposed approach
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Homography is a mapping between two planes 
commonly used for perspective transformation and 
unification between images. Due to the flatness of 
water/road surfaces, homography transformation was also 
employed for mapping the trajectories of ships (Zhang et al. 
2022a) and vehicles (Zhang and Zhang 2021) from the 
image plane to the road/water plane. The homography 
matrix can be calculated based on the pairing points 
coordinates in the image scale and physical scale on the 
water/road surface plane. However, the water surface 
elevation varies with the seasons, so the world coordinates 
of the points on the water surface may shift, and sometimes 
the world coordinates measurement of the desired points is 
limited by the inaccessibility of the water surface. Instead of 
mapping the relationship between two-dimensional (2D) 
planes, Yoon et al. (2018) utilized the projection 
relationship between 3D and 2D coordinates to restore the 
6-DOF pose of the UAV at each frame using background 
features, and then calculated the displacement of the target 
structure based on the this pose from the 2D image. This 
paper presents the inverse projection equation in a more 
concise form, clearly linking the result to the object’s 
position in the image plane and the water surface elevation. 
The camera’s intrinsic and pose parameters can be 
calibrated using the checkerboard and point pair 
information from surrounding facilities or structures within 
the camera’s field of vision. In this way, long-term field 
measurements can adapt to changes in water level, which 
can be obtained from hydrological monitoring agencies. 

The primary contributions of this paper are summarized 
as follows: 1) A framework is proposed for vessel trajectory 
monitoring using multiple monocular cameras, enabling 
accurate tracking of multiple vessels across different 
camera views, with successful field testing. 2) The detection 
performance for small objects is enhanced by incorporating 
a multi-scale fusion attention mechanism and a loss 
function based on generalized intersection over union 
(GIoU). 3) The inverse projection relationship is presented 
in a more concise form, clearly linking the vessels’ 
positions in the world coordinate system to their positions 
in the image plane and the water level, making the 
reconstruction of vessel trajectories more adaptable to 

 
 

seasonal water level changes. Fig. 1 shows the framework 
of the proposed approach. 

 
 

2. Improved small object detection 
 
2.1 Architecture of the network 
 
The scale of the vessels in videos is not constant, and 

the multiple detection heads in the YOLOv5 structure will 
help the model to detect vehicles of different scales. There 
are five models of YOLOv5 with different depths and 
widths from nano, small, middle, and large to extra, namely 
YOLOv5n, YOLOv5s, YOLOv5m, YOLOv5l, and 
YOLOv5x. Among these models, YOLOv5n stands out 
with its minimal parameter count, making it the fastest in 
terms of detection speed. However, when considering 
performance aspects, it exhibits the lowest detection 
accuracy. On the contrary, YOLOv5x boasts the highest 
detection accuracy but at the cost of employing the most 
parameters and the slowest processing speed. YOLOv5l6 
was selected in this study for its good performance without 
unnecessarily increasing network size and parameters. The 
“6” in “YOLOv5l6” signifies that the model downsamples 
the input size by a factor of at most 1/26. 

The structure of the model, as illustrated in Fig. 2, is 
composed of a backbone, neck, and head. It takes RGB 
images of size 1280×1280 as input and utilizes multiple-
scale feature maps for predictions. The backbone plays a 
crucial role in receiving the input images and extracting 
both low-level and high-level features from the data. The 
CBS module and C3 module are employed successively to 
extract features from the images. The CBS module 
encapsulates three functions: Convolution (Conv), Batch 
Normalization (BN), and activation functions SiLU instead 
of Leaky ReLU in the older version. Each CBS module 
performs downsampling on the feature layer, reducing its 
height and width by half while doubling the number of 
channels. The SPPF module employs a cascade of multiple 
small-sized pooling kernels instead of a single large-sized 
pooling kernel used in the SPP module, raising the speed 
while preserving the original functionality of fusing feature 

 
 

Fig. 2 The architecture of MSA-YOLOv5
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maps from different receptive fields. The neck component 
of the model comprises the Feature Pyramid Network 
(FPN) (He et al. 2014) and Path Aggregation Network 
(PAN) (Liu et al. 2018) structures, constructed using the 
C3’ module and CBS module. Its purpose is to fuse features 
from multiple levels and scales, allowing the model to 
capture both fine-grained details and global contextual 
information. The head of the model is responsible for 
generating the final output, which entails producing vessel 
predictions in the image based on four scale feature maps: 
P3, P4, P5, and P6, containing features ranging from low-
level to high-level representations. 

 
2.2 Multi-scale fusion attention mechanism 
 
The definition of small objects in object detection can be 

categorized into absolute and relative scales. The absolute 
scale approach treats small objects as those that are smaller 
than a specified pixel size, while the relative scale approach 
treats them as those that occupy less than a certain 
percentage of the original image. It is common practice to 
consider objects smaller than 32 pixels ×32 pixels as small 
objects, which is also adopted in this paper. In this paper, 
the detection performance of YOLOv5 for small objects on 
the sea surface is improved by adding a simple, parameter-
free attention module (SimAM) to make the object 
detection network pay more attention to small object 
features. 

Unlike existing channel-wise and spatial-wise attention 
mechanisms, SimAM presents a full 3D weight and 
parameter-free attention mechanism inspired by well-
established neuroscience theories. The spatial suppression 
theory behind SimAM believes that neurons with the most 
information exhibit distinctive firing patterns and can 
inhibit the activity of surrounding neurons. Identifying 
neurons with significant spatial suppression effects becomes 
crucial for visual processing, and this can be achieved by 
calculating the linear separability between a target neuron 
and others. Therefore, the following energy function is 
defined 

 𝑒௧ሺ𝑤௧, 𝑏௧, 𝑦, 𝑥௜ሻ = 1𝑀 − 1 ෍൫−1 − ሺ𝑤௧𝑥௜ + 𝑏௧ሻ൯ଶெିଵ
௜ୀଵ+ ൫1 − ሺ𝑤௧𝑡 + 𝑏௧ሻ൯ଶ + 𝜆𝑤௧ଶ 

(1)

 
where 𝑡  and 𝑥௜  denote the target neuron and other 
neurons in a single channel of the input feature 𝐗 ∈ℝ஼×ு×ௐ . 𝑖  is index over spatial dimension and 𝑀 =𝐻 × 𝑊 is the number of neurons on that channel. Eq. (1) 
has a fast closed-form solution for transform weight 𝑤௧ 
and bias 𝑏௧, which can be obtained as follows 

 𝑤௧ = − 2ሺ𝑡 − 𝜇௧ሻሺ𝑡 − 𝜇௧ሻଶ + 2𝜎௧ଶ + 2𝜆 (2)

 𝑏௧ = − 12 ሺ𝑡 + 𝜇௧ሻ𝑤௧ (3)
 𝜇௧ = ଵெିଵ ∑ 𝑥௜ெିଵ௜ୀଵ  and 𝜎௧ଶ = ଵெିଵ ∑ ሺ𝑥௜ − 𝜇௧ሻଶெିଵ௜ୀଵ  are 

mean and variance of all neurons except 𝑡 in that channel. 

The minimal energy can be computed with the following 
 

 
(4)

 

where 𝜇̂ = ଵெ ∑ 𝑥௜ெିଵ௜ୀଵ  and 𝜎ොଶ = ଵெ ∑ ሺ𝑥௜ − 𝜇̂ሻଶெ௜ୀଵ . The 
importance of each neuron can be represented by 1/𝑒௧∗, so 
the SimAM module is finally optimized as 

 𝐗෩ = sigmoid ൬1𝐄൰ ⨀ 𝐗 (5)

 
Based on the performance evaluation of SimAM across 

various vision tasks, it effectively enhances the feature 
extraction capability of convolutional neural networks 
(ConvNets) without introducing additional parameters. 
When analysing the YOLOv5l6 model, head P3 possesses 
the smallest receptive field, making it well-suited for 
capturing intricate features in predicting tiny objects. 
Conversely, head P6 has the largest receptive field, enabling 
it to capture a broader context but containing coarser feature 
information primarily suitable for predicting large objects. 
To further enhance the model’s ability to detect small 
objects, SimAM was incorporated ahead of heads P5 and P6 
to compensate for their inherently coarser feature 
information. Similarly, the SimAM is also applied behind 
the SPPF module since it has the most fusing features from 
different receptive fields. The final model, as shown in Fig. 
2, named MSA-YOLOv5, enhances attention on multi-level 
features, especially for small objects, with the help of a 
multi-scale fusion attention mechanism. 

 
2.3 Loss function 
 
The efficiency of object detection is highly dependent 

on the definition of the loss function, which typically 
consists of classification loss ሺ𝐿௖௟௦ሻ  and bounding box 
regression loss ൫𝐿௢௕௝  and  𝐿௟௢௖൯ . In single-class 
classification scenarios, such as in our study, the bounding 
box regression loss is particularly crucial. Intersection over 
union (IoU) is a commonly used metric in object detection, 
which calculates the ratio of the intersection and union of 
the prediction box (B) and the ground truth box (A). IoU 
loss treats four coordinate points as a whole for calculation, 
making the loss insensitive to scale. IoU loss (𝐿ூ௢௎) is 
defined as the negative log of IoU. Therefore, when two 
boxes perfectly coincide, the IoU is 1, and the loss is 0. 

 𝐼𝑜𝑈 = |𝐴 ∩ 𝐵||𝐴 ∪ 𝐵| (6)

 𝐿ூ௢௎ = 1 − 𝐼𝑜𝑈 (7)
 
However, in cases where the prediction box (B) and the 

ground truth box (A) do not intersect, the IoU metric cannot 
reflect the distance between them, and the loss function is 
not differentiable. This poses a challenge for optimizing the 
loss function in cases where the boxes do not intersect. To 
address this issue, some IoUs are compared, and 
Generalized IoU (GIoU) (Rezatofighi et al. 2019) is finally 
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Fig. 3 Illustration of GIoU 

 
 

selected for the following training according to its 
performance which will be shown in Section 2.4.4. GIoU 
introduces the concept of the minimum bounding rectangle 
(C) that encloses both boxes, allowing for a more accurate 
measure of their spatial relation. The GIoU and GIoU Loss 
(𝐿ீூ௢௎) are defined as follows 

 𝐺𝐼𝑜𝑈 = 𝐼𝑜𝑈 − |𝐶 − ሺ𝐴 ∪ 𝐵ሻ||𝐶|  (8)

 𝐿ீூ௢௎ = 1 − 𝐺𝐼𝑜𝑈 (9)
 
In addition, for the four prediction feature layers P3, P4, 

P5, and P6, different Lobj weights were assigned as 4, 1, 
0.25, and 0.06, respectively. 

 𝐿௢௕௝ = 4.0𝐿௢௕௝௉ଷ + 1.0𝐿௢௕௝௉ସ + 0.25𝐿௢௕௝௉ହ + 0.06𝐿௢௕௝௉଺  (10)
 
2.4 Experiments 
 
2.4.1 Data set 
The dataset used for object detection in the study was 

provided by the 3rd International Competition for Structural 
Health Monitoring (ICSHM) (2022) and came from the 
vessel traffic recorded by the surveillance video for real 
bridges. A total of 1102 frame images utilized for training 
were sourced from cameras distinct from those used for 
testing. These training-set images included various weather 
conditions, such as sunny, rainy, and night, and images with 
one or more vessels. The dataset was manually labeled, and 
the annotation file contained information about each 
vessel’s category label (uniformed as 0) and their 
normalized bounding box coordinates in individual images. 
Data augmentation techniques, such as random image 
flipping and color enhancement, were applied to the dataset. 
The training set was split into 80% for training the models 
and 20% for validation. Video sets recorded by four 
successional surveillance cameras were used as the test set. 

 
 

Table 1 Description of the test video sets 

Video Set No. Description 
1 Good weather, a single big ship 
2 Good weather, a single small ship 
3 Good weather, two ships 
4 Evening, a single small ship 
5 Rain, a single big ship 
6 Rain, a single small ship 
7 Rain, two ships 

 

The description of these video sets can be seen in Table 1. 
Each set includes four videos that record the same vessel(s) 
from different views. The approximate installation location 
of these cameras is indicated in Fig. 1. 

 
2.4.2 Evaluation metrics 
The evaluation metrics used in this paper are average 

precision (AP) and average recall (AR) with different IoU 
thresholds. The IoU threshold indicates that only detections 
with an IoU greater than or equal to the threshold are 
considered correct detections. The calculation formulas of 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 and 𝑅𝑒𝑐𝑎𝑙𝑙 are as follows 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃𝑇𝑃 + 𝐹𝑃 (11)
 𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃𝑇𝑃 + 𝐹𝑁 (12)
 

where TP, FP and FN indicate the number of detections 
with IoU higher than threshold, detections with IoU lower 
than threshold, and undetected ground truth instances, 
respectively. 

 
2.4.3 Implementation details 
The training was conducted on an Ubuntu system with 

20 CPU cores and an NVIDIA Tesla V100-32GB GPU. The 
code was implemented in Python 3.8 using the PyTorch 
framework. The stochastic gradient descent (SGD) 
optimizer was used, and a cosine learning rate (LR) 
scheduler was employed to adjust the LR of the optimizer 
during training. The initial LR was set to 0.01, and the batch 
size was set to 16. 

 
2.4.4 Detection results 
Fig. 4 compares the average precision (AP) and average 

recall (AR) results for several well-established IoU metrics. 
The definitions of SIoU (Gevorgyan 2022), WIoU (Tong et 
al. 2023), EIoU (Zhang et al. 2022b), CIoU, and DIoU 
(Zheng et al. 2020) can be found in the respective 
references. GIoU demonstrates better performance in 
detecting small objects while maintaining comparable 
performance for medium and large objects. Compared to 
CIoU, which was used in the original YOLOv5 model, the 
AP and AR for small object detection improved by 14.64% 
and 20.69%, respectively, when GIoU was used. 

Fig. 5 shows the loss, precision, recall, and average 
precision at IoU threshold 0.5 (AP-0.5) for both YOLOv5 
and MSA-YOLOv5 models when utilizing GIoU. The loss 
curves indicate that the loss for both models gradually 
decreases and converges. The MSA-YOLOv5 model 
exhibits better performance in the evaluation metrics, 
particularly with an improvement in recall. This higher 
recall can help reduce missed detections, enhancing 
tracking continuity and minimizing track ID changes. 

Table 2 shows the detection results for two models 
evaluated using COCO metrics AP@0.50:0.95 and 
AR@0.50:0.95. Despite the scores for small objects 
remaining lower than those for larger objects due to 
challenges such as resolution limitations and background 
interference, both AP and AR for small objects have 
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Table 2 Detection results for different size objects 

Method YOLOv5 MSA-
YOLOv5 Improvement

AP @IoU = 
0.50:0.95 

all 0.791 0.769 -2.8% 
S* 0.361 0.460 27.5% 
M* 0.71 0.680 -4.3% 
L* 0.885 0.876 -1.0% 

AR @IoU = 
0.50:0.95 

all 0.824 0.590 -0.6% 
S* 0.438 0.475 8.6% 
M* 0.755 0.743 -1.6% 
L* 0.912 0.910 0.3% 

 

*S: small object (0~32 pixels), M: medium object (32~96 pixels),
L: large object (96~105 pixels) 

 
 

significantly improved compared to the original YOLOv5 
model. 

Lower detection performance for small objects may 
result in missed or false detections, affecting trajectory 

 
 

 
 

 
 

continuity or causing difficulties in matching trajectories 
across multiple cameras. The improved model helps 
mitigate this issue to some extent, ensuring that fewer small 
objects are overlooked. Setting a lower IoU threshold may 
capture more objects while increasing the risk of false 
positives. Therefore, selecting an appropriate IoU threshold 
requires consideration of the balance between precision and 
recall to achieve optimal detection outcomes. 

The results indicate a slight decrease in the performance 
of MSA-YOLOv5 for medium and large objects. This may 
be attributed to the emphasis of the multi-scale attention 
mechanism on small object detection, which enhances 
sensitivity to finer features but leads to a performance trade-
off for larger objects. While this focus may slightly 
diminish the model’s generalization to larger objects, the 
impact on their detection performance is minimal. 

Fig. 6 presents the detection outcomes using the two 
models in select frames. Both models exhibit the capability 
to detect objects of medium and large sizes. However, the 
MSA-YOLOv5 model outperforms the original YOLOv5 
model in detecting objects of small sizes and frames 
characterized by vessel occlusion and night conditions. 

 
 

 
Fig. 4 Comparison of different IoU loss

Note: S = small object (0~32 pixels), M = medium object (32~96 pixels), L = large object (96~105 pixels) 

 
(a) Lloc (train) (b) Lobj (train) (c) Lloc (validation)

 

 

(d) Precision (e) Recall (f) AP-0.5 

Fig. 5 Results of YOLOv5 and MSA-YOLOv5
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3. Multi-vessel tracking 
 
3.1 Bytetrack 
 
The Bytetrack algorithm utilizes a Kalman filter and 

Hungarian algorithm, which differs from current 
mainstream trackers as it does not use deep learning or re-
identification technology. When a video sequence is input, 
the detection boxes are divided into high-scoring and low- 

 
 

 
 

scoring detection boxes based on a threshold, and 
trajectories are created. The Kalman filter predicts the 
position and size of the detection boxes in the next frame, 
and the IOU between the predicted detection boxes and the 
current high-scoring detection frame is calculated. The 
trajectories are then matched with the high-scoring 
detection boxes of the current frame using the Hungarian 
algorithm based on the IOU. The successfully matched 
trajectories are updated, and the unmatched trajectories are 

 

YOLOv5 

 

 

 

 

MSA-YOLOv5 

 

 
Fig. 6 Sample results of vessel detection

 

 

 
Fig. 7 Sample results of vessels tracking
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matched with the low-scoring detection boxes. New tracks 
are created for high-scoring boxes not successfully matched 
in the second match, and low-scoring boxes are deleted. 

 
3.2 Tracking results 
 
Fig. 7 presents sample results of vessel tracking, where 

each vessel is assigned a tracking number. These numbers 
reliably follow the vessels throughout their presence within 
the camera’s field of view, regardless of the number of 
vessels or weather conditions. The tracking mechanism 
demonstrates consistent performance from when a vessel 
enters the camera’s field of view until it exits. 

The position of detected objects is represented by the 
coordinates of the top left corner 𝑥ଵ, 𝑦ଵ, and the width (w) 
and height (h) of the bounding box. When observing the 
detection results, the camera’s observation angle introduces 
a bias when using the center of the bounding box as the 
location of the detected vessels. As shown in Fig. 8, this 
study adopted ቀ𝑥ଵ + ଵଶ 𝑤, 𝑦ଵ + ଷସ ℎቁ as the representative 
point for vessel objects in pixel coordinates to balance this 
bias. 

Fig. 9 illustrates the vessel trajectories in pixel 
coordinates of video set No. 2 captured by individual 
cameras. This visualization provides an example of how the 

 
 

 
 

 

Fig. 8 Representative points for vessel objects
 
 

 
(a) Camera 1 (b) Camera 2

 

 

(c) Camera 3 (d) Camera 4

Fig. 9 Vessel trajectories in pixel coordinates in individual 
cameras (video set No. 2)

 

Fig. 10 Distribution of processing speed
 
 

vessels move within the frame of each camera throughout 
recorded videos. 

The test videos were recorded at a frame rate of 25 
frames per second (fps). Fig. 10 illustrates the distribution 
(in blue) and the average (in orange) of the processing 
speed for detection and tracking in each frame in every 
video set. Except for a small portion of frames, the 
detection and tracking processes can be executed at a rate 
exceeding 25 fps, indicating that they can effectively 
operate in real time. 

 
 

4. Inverse projection from 2D pixel coordinates 
 
4.1 Theoretical derivation 
 
Fig. 11 shows the relationship among world coordinates, 

camera coordinates, image coordinates, and pixel 
coordinates, with 𝑃௪ሺ𝑋௪, 𝑌௪, 𝑍௪ሻ, 𝑃௖ሺ𝑋௖, 𝑌௖, 𝑍௖ሻ, 𝑃௜ሺ𝑥, 𝑦ሻ, 
and 𝑃௣ሺ𝑢, 𝑣ሻ representing the respective point positions in 
these coordinate systems. This transformation relation has 
been introduced in numerous previous works; thus, it is not 
derived here. The final transformation relation is as follows 

 𝑍௖ ቈ𝑢𝑣1቉ = ൥𝑓௫ 0 𝑐௫0 𝑓௬ 𝑐௬0 0 1 ൩ ൥𝑟ଵଵ𝑟ଶଵ𝑟ଷଵ  𝑟ଵଶ𝑟ଶଶ𝑟ଷଶ  𝑟ଵଷ𝑟ଶଷ𝑟ଷଷ  𝑡ଵ𝑡ଶ𝑡ଷ൩ ൦𝑋௪𝑌௪𝑍௪1 ൪
= 𝑲ሾ𝑹 𝑻ሿ ൦𝑋௪𝑌௪𝑍௪1 ൪⊺

 

(13)

 

Here, 𝑲 = ൥𝑓௫ 0 𝑐௫0 𝑓௬ 𝑐௬0 0 1 ൩ is the intrinsic matrix of the 

camera, which can be obtained by checkerboard calibration, 𝑹 = ൥𝑟ଵଵ 𝑟ଵଶ 𝑟ଵଷ𝑟ଶଵ 𝑟ଶଶ 𝑟ଶଷ𝑟ଷଵ 𝑟ଷଶ 𝑟ଷଷ൩ is the rotation matrix, 𝑻 =ሾ𝑡ଵ 𝑡ଶ 𝑡ଷሿ⊺  is the translation matrix, and ሾ𝑹 𝑻ሿ 
constitutes the extrinsic matrix of the camera. 

Perspective-n-Point (PnP) is the problem of estimating 
the pose of a calibrated camera based on a set of 3D points 
in the world and their corresponding 2D projections in the 
image. The least square method is commonly used to find 
the optimal solution when multiple point pairings are 
available. However, some measurements may deviate from 
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Fig. 11 The relation between multiple coordinate systems
 
 

the actual values in real-world scenarios. To address this, 
the random sample consensus (RANSAC) algorithm is 
employed to remove outliers and improve the camera’s 
extrinsic matrix estimation. The extrinsic matrices can be 
solved by the PnP method with RANSAC. 

Fig. 11 demonstrates that if the intrinsic and extrinsic 
matrices are determined, the 2D pixel projection from 3D 
world coordinates is certain, whereas the projection from 
2D to 3D is not. That is why binocular vision is usually 
used to locate the coordinate trajectories of objects in 3D 
space. In this study, vessels are observed on an inland water 
surface where the elevation remains relatively constant 
within a limited stretch of the waterway. Therefore, through 
the 2D pixel coordinates (u, v) and one of the 3D world 
coordinates (Xw, Yw, Zw), such as Zw chosen in this paper, the 
remaining 2D coordinate values can be solved. Eq. (13) can 
be reformulated as follows to obtain the calculation 
equation for this relationship 

 ሾ𝑟ଷଵ  𝑟ଷଶ  𝑟ଷଷ  𝑡ଷሿ ൦𝑋௪𝑌௪𝑍௪1 ൪ ቂ𝑢𝑣ቃ
= ൤𝑓௫ 0 𝑐௫0 𝑓௬ 𝑐௬൨ ൥𝑟ଵଵ𝑟ଶଵ𝑟ଷଵ  𝑟ଵଶ𝑟ଶଶ𝑟ଷଶ

𝑟ଵଷ𝑟ଶଷ𝑟ଷଷ  𝑡ଵ𝑡ଶ𝑡ଷ൩ ൦𝑋௪𝑌௪𝑍௪1 ൪ 

(14)

 

Defining 𝐶 = ൤𝑓௫ 0 𝑐௫0 𝑓௬ 𝑐௬൨ ൥𝑟ଵଵ𝑟ଶଵ𝑟ଷଵ  𝑟ଵଶ𝑟ଶଶ𝑟ଷଶ  𝑟ଵଷ𝑟ଶଷ𝑟ଷଷ  𝑡ଵ𝑡ଶ𝑡ଷ൩ =ቂ𝑐ଵଵ𝑐ଶଵ  𝑐ଵଶ𝑐ଶଶ  𝑐ଵଷ𝑐ଶଷ  𝑐ଵସ𝑐ଶସቃ for convenience of notation, Eq. (14) can 
be organized as follows 

 

൤𝑋௪𝑌௪ ൨ = ൤ሺ𝑐ଵଷ − 𝑟ଷଷ𝑢ሻ𝑍௪ + 𝑐ଵସ − 𝑡ଷ𝑢ሺ𝑐ଶଷ − 𝑟ଷଷ𝑣ሻ𝑍௪ + 𝑐ଶସ − 𝑡ଷ𝑣൨ቂ𝑟ଷଵ𝑢 − 𝑐ଵଵ 𝑟ଷଶ𝑢 − 𝑐ଵଶ𝑟ଷଵ𝑢 − 𝑐ଶଵ 𝑟ଷଶ𝑢 − 𝑐ଶଶቃ  (15)

 
where all parameters on the right-hand side were obtained 
beforehand except for u, v, and Zw. Fig. 12 depicts the entire 
reverse projection procedure from 2D pixel to 3D world 

Fig. 12 Flowchart of inverse projection procedure
 
 

coordinates. 
 
4.2 Results of projection and inverse projection 
 
Fig. 13 shows the projection results of four cameras in 

pixel coordinates and the inliers’ mean absolute error 
(MAE) compared to the original given data. Take the 
coordinates of each group of point pairs at the upper and 
lower boundaries of x and y coordinate axes as boundary 
boxes, and take their diagonal length to normalize the error 
as 

 𝑁𝑀𝐴𝐸 = 𝑀𝐴𝐸ට൫𝑃୫ୟ୶௜,௫ − 𝑃୫୧୬௜,௫ ൯ଶ − ൫𝑃୫ୟ୶௜,௬ − 𝑃୫୧୬௜,௬ ൯ଶ (16)

 
where p is the coordinates of the point pairs and i is the 
camera number. The points exhibit a strong alignment 
except for a few outliers discarded by the RANSAC 
method. 

To provide a more intuitive understanding of the results, 
a scaled river representation was first created based on 
Baidu Map as Fig. 14(a), enabling a better visualization of 
the positions of all the points along the river. Fig. 14(b) 
compares all point pairs on the same graph, in which the 
circles represent the positions of the original marked points 
in world coordinates, while the crosses represent the 
positions in world coordinates obtained by performing 
inverse projection calculations using the pixel coordinates 
of the point pairs. According to Eq. (16), the NMAEs of the 
inverse projection result from the four cameras are 5.44%, 
9.05%, 8.88%, and 10.61%, respectively. 

It can be observed that their distributions are generally 
consistent, but the accuracy is not as high as in the forward 
projection from 3D to 2D. This is because inverse 
projection requires higher accuracy in marking the point 
pairs than forward projection. At positions farther away 
from the camera, even a difference of one pixel can 
correspond to tens or even hundreds of meters in distance. 
The error can be reduced by increasing the accuracy of the 
measurement. 

Since the competition prompt did not provide the height 
of the water surface in the world coordinate system, it is 
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(a) Scaled sketch map 

 
(b) Inversed projection in 

3D world coordinates

Fig. 14 Inversed projection comparison in 3D world 
coordinates (XY plane), Ori: Original, Inv: Inverse

 
 

inferred to be approximately 0 m (𝑍௪ = 0) based on other 
points and is used for subsequent result presentation. The 
pixel coordinates of the water surface boundaries are 
extracted from a video frame and projected back to the 
world coordinate system to explicit the range each camera 
can observe in the world coordinates. The region enclosed 
by the light-colored lines in Fig. 15 represents the 
observation range of each camera in the world coordinate 
system, and the dark-colored points show the original 
tracking result of the target vessel from test video set No. 2. 
The boundaries of the observed waters almost coincide with 
the map, and the adjacent observation regions and the 
trajectories in individual cameras are both connected. 
Cameras 3 and 4 have a high degree of overlap in the 
observation area. Within this overlapping region, these two 

 
 

 
Fig. 15 Vessel’s trajectory of individual cameras (video set 

No. 2), B: Boundary, T: Trajectory 
 
 

cameras captured the trajectory of the same vessel from 
different perspectives. The consistency between the yellow 
dots (Camera 3) and blue dots (Camera 2) in Fig. 15 
provides strong evidence for the validity of this method. 

Nevertheless, the boundary of the west bank designated 
in camera 2 deviates from the expected position due to the 
absence of control points (point pairs) in that region. This 
deviation can be rectified by supplementing point pairs on 
the west bank, preferably within the deviated zone. This 
situation highlights the significant influence of camera 
calibration errors on the results. It is recommended to select 
point pairs on both sides of the river banks or scattered 
around the surrounding environment as much as possible to 
balance the result of the external parameter calibration. 
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Fig. 13 Projection comparison in 2D pixel coordinates
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(a) Original trajectory points (b) Filtered trajectory

Fig. 16 Whole trajectories of the vessel (video set No. 2)
 
 
4.3 Results of the whole trajectory 
 
To establish continuity among the vessel tracks recorded 

by individual cameras and mitigate the impact of varying 
shooting angles, the positions of identical vessel track 
points identified by different cameras at a given time were 
averaged after timestamp alignment. The results of this 
averaging process are displayed in Fig. 16(a). The results 
illustrate that the vessel’s track covers the whole path, keeps 

 
 

within the river’s boundaries, and is generally consistent 
with the videos. Savitzky–Golay filter (Savitzky and Golay 
1964) is applied to the tracking results to smooth them 
without distorting their tendency. The final smoothed 
trajectory of test video set No. 2 and other video sets are 
shown in Figs. 16(b) and 17. 

However, due to the difficulty in locating the ship at 
night, the vessel’s trajectories are incomplete, as shown in 
Fig. 17(c). The vessel fails to be detected or continuously 
tracked, making it difficult to completely reconstruct its 
trajectory throughout the entire cruise. This can be 
attributed to the nighttime vessel features that blend in with 
the dark background and are difficult to detect. At the same 
time, the training set contains only a small number of low-
quality nighttime frame images. As a result, the tracking 
will terminate, and the monitored vessel will receive a new 
number after a set number of intermediate frames miss the 
detecting object. 

 
 

5. Conclusions 
 
This paper proposes a relay tracking method using 

multiple monocular cameras,  which enables the 
reconstruction of the vessel’s whole trajectories in real-
world coordinates. To address the challenge of detecting 
small objects for inland waterway vessels, various IoU loss 
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Fig. 17 Final vessel trajectories of other video sets
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functions were compared, and the GIoU loss was ultimately 
selected due to its higher AP and AR scores. Furthermore, 
the multi-scale fusion attention mechanism further improves 
the one-stage model YOLOv5l6 in small object detection, 
including in occlusion cases and the night environment. To 
track the detected objects and ensure consistent individual 
IDs, the Bytetrack algorithm was employed, thereby 
avoiding the confusion of vessel trajectories in multiple-
vessel cases. Field test results demonstrate the effectiveness 
of the proposed method, achieving favorable performance 
while maintaining frame rates above 25 fps during detection 
and tracking tasks on the test dataset. 

The mapping of vessel trajectory from image to actual 
world coordinates is estimated by deducing the inverse 
projection relationship between pixel coordinates and world 
coordinates. Thus, the mapping relationship can be obtained 
based on the point pair information on surrounding facilities 
or structures, overcoming the limitations of field 
measurement and being flexible to the changing water 
surface elevation. According to the videos’ context and the 
map, the results of vessel trajectory and water surface 
boundary in world coordinates are consistent with the actual 
observation. The consistency of the same vessel’s trajectory 
in different cameras demonstrates the method’s 
effectiveness. The complete vessel trajectory in the whole 
section of the river can be merged by aligning the time and 
well-fitted by the Savitzky–Golay filter. 

Although this study presented promising results, some 
limitations require further investigation. First, the detection 
results in the night environment were not ideal, and the 
vessels could not be identified from some video 
perspectives. Second, although uncommon, the occlusion of 
vessels from each other can also lead to vessels being 
renumbered or swapped numbers, leading to an incomplete 
final trajectory. 
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