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1. Introduction 

 
1.1 Motivation 
 
River transportation is a significant component of the 

overall transportation system. However, bridges across 
rivers often cause collisions because of their low navigation 
clearance and the associated poor navigation conditions. 
Therefore, some design requirements for bridge collision 
avoidance are needed (Campbell et al. 2012, Chauvin et al. 
2013, Polvara et al. 2018, Zhao et al. 2023, Wang et al. 
2019, 2023). In recent years, vision-based object 
recognition methods have been developed rapidly and used 
widely. For example, in object tracking. Instance 
segmentation models can identify targets in each frame of a 
video and predict the trajectories of these targets by using 
the information of the previous and subsequent frames. 
Then, real-world object tracking is realized using coordinate 
conversion algorithms. In this report, we propose a 
framework based on a computer vision mechanism such as 
instance segmentation or triangulation. It can determine the 
real-world track of a specified ship by processing videos of 
it captured from a camera by the river bank, camera 
calibration coefficient. This framework can be used as 
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a bridge collision avoidance system. 

 
1.2 Related work 
 
1.2.1 Object detection 
Girshick et al. (2014) proposed a deep learning-based 

object detection model called region-based convolutional 
neural network (R-CNN) that predicts objects by using a 
bounding box. It comprises three modules: creation of 
region proposals by means of selective search, feature 
extraction by using AlexNet (Krizhevsky et al. 2012), and 
classification of region proposals by using support vector 
machine (SVM). R-CNN tightens the bounding box by 
means of linear regression to improve its intersection over 
union (IoU) value. On the VOC 2010 test, the average 
detection precision (%) of R-CNN was 53.7% (Everingham 
et al. 2010). Because of the success of R-CNN, various 
variants have been developed to improve its performance. 
Girshick modified a few defects of R-CNN and proposed a 
new model called Fast R-CNN (Girshick 2015). 

In Fast R-CNN, a new mechanism called region of 
interest pooling (RoIPooling) was introduced, and a CNN 
model, classifier, and linear regression were combined into 
a network to increase the speed of the model. Ren et al. 
(2015) proposed a more progressive R-CNN model called 
Faster R-CNN. In this model, they introduced a new 
mechanism called region proposal network (RPN) that 
greatly reduces the time required by the model to generate 
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Abstract.  River transportation is a significant component of the overall transportation system. Typically, there are surveillance 
cameras implemented on river bank to avoid collisions between ships and bridges across rivers. However, some of the routes 
may only contain limited or malfunctioned cameras, making the monitoring of ships occluded. In this study, we propose a deep 
learning-based framework that identifies the trajectory of a ship in the real world by using the surveillance videos. The proposed 
framework consists of three modules: object detection, object tracking, and coordinate projection. We implement the Mask R-
CNN model for object detection to determine the ship position in each video frame and compute the ship centroid as the image 
coordinates of the ship. We then employ DeepSort as the object tracker, which matches and tracks the detected object in each 
frame and combines all instances of object detection in the video to output the ship trajectory. For coordinate projection, we 
incorporate the P3P method and Zhang’s algorithm to determine the intrinsic matrix and extrinsic matrix, respectively. The 
image coordinates of the ships are therefore converted into world coordinates. In addition, we develop an approach to calibrate 
the ship trajectory out of the coverage using the results from multi-camera triangulation. Meanwhile, the continuity in ship 
trajectory is enhanced as well. Results demonstrate that the ship trajectory becomes smoother in the evaluation using 
acceleration variability and directional change. The proposed approach reduces the acceleration variability score from 2.75 to 
1.54 and improves the directional change score from 0.85 to 0.09. 
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region proposals. He et al. (2017) proposed an instance 
segmentation model called Mask R-CNN. This model 
predicts an object by using not only a bounding box but also 
a mask to improve the position information to the pixel 
level. A fully convolutional network (FCN) was added on 
top of the CNN feature of Faster R-CNN to generate a mask 
(segment output). The FCN works by adding a branch to the 
Faster R-CNN network to output a binary mask that states 
whether a given pixel is a part of an object. In addition, 
Girshick proposed the RoIAlign method to adjust the 
RoIPooling method and achieve more accurate alignment. 

 
1.2.2 Object tracking and projection 
Bewley et al. (2016) proposed an object tracker called 

SORT that can match each detection and track in a video. It 
uses the Kalman filter and Hungarian algorithm to obtain 
motion information and object relationship information by 
using the size and position of the bounding box. SORT has 
a fast calculation speed. However, because the model only 
matches the track of the previous frame with that of the 
current frame, the target is recognized as another track 
because of short-term occlusion. Wojke et al. (2017) 
proposed a more progressive SORT algorism called 
DeepSort that overcame the short-term occlusion issue. 
DeepSort uses not only information pertaining to the size 
and position of the bounding box but also a neural net to 
obtain appearance information. Although this method is 
marginally slower, it can address short-term occlusions 
more effectively. 

Triangulation (Hartley and Sturm 1997) serves as a 
fundamental geometric principle with diverse applications 
across fields ranging from surveying and navigation to 
computer vision and robotics. At its core, triangulation 
involves the determination of an unknown point location by 
measuring angles from known points or observing its 
projections from multiple viewpoints. This technique plays 
a crucial role in computer vision tasks such as 3D 
reconstruction, object localization, and camera pose 
estimation. By analyzing the projections of points from 
multiple camera viewpoints, triangulation algorithms can 
reconstruct the underlying 3D structure of a scene. Some 
application including ship trajectory identification 
implement coordinate projection using this method (Avidan 
and Shashua 2000). 

 
1.2.3 Deep learning-based ship identification 
In recent years, with the rise of deep learning, there have 

been revolutionary advances in ship identification based on 
images (Zwemer et al. 2018, Štepec et al. 2019, Kartal and 
Duman 2019, Stofa et al. 2020, Gupta et al. 2021, Yildirim 
and Kavzoglu 2021, Teixeira et al. 2022). Li et al. (2019) 
proposes a computer vision method to prevent ship-bridge 
collisions by using a single shot multibox detector (SSD) 
Liu et al. (2016) and transfer learning to detect ships and 
calculate their geometric parameters in real-time with 
monocular vision. Zhang et al. (2021) proposed CHPDet, a 
novel approach for arbitrary-oriented ship detection in 
remote sensing images. CHPDet formulates ships as rotated 
boxes with head points, improving angle prediction 
accuracy and reducing computational cost. Chen et al. 
(2020) designed an augmented ship tracking framework 

using the kernelized correlation filter (KCF) and curve 
fitting algorithm to address challenges posed by obstacles in 
maritime videos. This approach enhanced ship tracking in 
maritime surveillance, aiding in traffic flow analysis and 
safety enhancement. Dong et al. (2019) proposed a multi-
level ship detection algorithm to address challenges in 
detecting ships from UAV and satellite imagery. The 
algorithm generated accurate candidate regions using graph-
based segmentation and a rotation-invariant descriptor, 
achieving effectiveness and robustness in detecting ships in 
optical remote sensing images. Jie et al. (2021) proposed an 
approach for ship detection and tracking in inland 
waterways to enhance collision avoidance. It improved the 
YOLOv3 (Farhadi and Redmon 2018) detection algorithm 
and integrated it with the Deep SORT tracking algorithm. 
The enhancements to YOLOv3 included optimizing anchor 
frame initialization, modifying the output classifier, and 
introducing Soft Non-Maximum Suppression (Bodla et al. 
2017). Luo et al. (2024) designed a novel vessel trajectory 
identification framework to prevent vessel-bridge collisions. 
The Co-tracker (Karaev et al. 2023) method accurately 
tracks vessel trajectories by statistically calculating feature 
point clusters, mitigating the impact of inaccurate target 
detection. Long Short-Term Memory (LSTM) 
(Schmidhuber and Hochreiter 1997) and Graph Attention 
Neural Network (GAT) (Veličković et al. 2017) facilitate 
ship trajectory predictions for anomaly vessel trajectory 
warnings. However, existing ship trajectory identification 
methods often require a significant quantity of observations. 
For example, the approach of Luo et al. employed 14 
cameras along their 1km testing route to construct a full 
panoramic view of the target area. In contrast, our 1.5 km 
testing route is equipped with only 4 cameras, resulting in 
limited coverage and making the projection process 
challenging. 

In this study, the proposed approach involves Mask R-
CNN model and DeepSort algorism to recognize and track 
the ship trajectory in surveillance video. Utilize the P3P 
method and Zhang’s algorithm to determine the intrinsic 
matrix and extrinsic matrix for coordinate projection 
purpose. In addition, we propose an innovative projection 
process to address the low camera density issue that we 
calibrate those ship positions out of coverage incorporating 
the triangulation results within coverage to improve the ship 
trajectory continuity. This technique will be applied in 
regions with low camera density or in cases of insufficient 
observations due to the occurrence of unexpected broken 
cameras. 

 
1.3 Contribution and scope 
 
In this work, our main contributions are summarized as 

follows. 
 

• We propose the identification of ship trajectory 
incorporating Mask R-CNN, DeepSort, and our 
designed coordinate projection process. 

• The novel calibration framework is proposed to 
address the problem where certain positions along 
the river are out of coverage by the cameras or the 
cameras are malfunctioned. We leverage the 
identification results within the coverage area to 
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register the ship trajectory with limited or occluded 
views, thereby reducing the high demand on camera 
density and mitigating the occurrence of unexpected 
broken cameras. 

 

Section 2 provides a comprehensive overview of the 
dataset, including chessboard, point pairs between camera 
and real world, the ship image dataset, and the test video. 
Section 3 provides our ship trajectory identification 
framework, including our training process of the Mask R-
CNN model and how we design the calibration process. 
Section 4 presents the results, offering the ship trajectory 
we predict in XY-axis, and compare the difference before 
and after our proposed calibration process. 

 
 

Fig. 1 Relative position of the cameras, there are two pairs 
of cameras that monitor overlapping regions. 
However, there are areas that lack concurrent 
monitoring by two cameras, and in certain cases, 
have no camera coverage at all 

 
 

 
 

The concluding Section 5 summarizes our contributions, 
findings, and limitations of this study. 

 
 

2. Dataset 
 
In this study, we aim to determine ship trajectories by 

using four surveillance videos captured simultaneously by 
using four cameras installed at different positions. The 
relative positions of the cameras are depicted in Fig. 1. 
There are two pairs of cameras that monitor overlapping 
regions. This enables us to determine the ship position using 
triangulation based on the information from two cameras. 
However, challenges arise in areas not concurrently 
monitored by two cameras, and in some cases, even have no 
camera coverage at all. Particularly problematic is the 
region beneath the bridge, where obstacles such as bridge 
pillars can significantly impede monitoring. Addressing this 
issue poses a substantial challenge that requires careful 
consideration and innovative solutions. 

The dataset used herein was provided during the Third 
International Competition of Structural Health Monitoring 
(IC-SHM 2022). It consists of four parts: 

 

1. Chessboard images captured using four cameras are 
shown in Fig. 2. In total, there are four sets of 
images, and each set contains 20 images. The camera 
intrinsic matrix can be determined using these 
images. 

2. The ship images are presented in Fig. 3. The dataset 
contains 1102 images with the ship in the frame; 
these images were captured from the river bank. The 
size of these images is 1920 × 1080. However, many 
of these images are similar or are obscured because 
of trees along the river bank. We selected and 
labeled 443 of these images as the training set to 
train our object detector. 

3. Several pixel coordinates of each camera and their 
corresponding real-world coordinates comprise the 
third part, and they are used to find the extrinsic 
matrix of the cameras. 

 
 

 
 

 
Fig. 2 Chessboard images. The camera intrinsic matrix can be determined using these images. 

 
Fig. 3 Ship images
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4. Seven groups of test videos recorded simultaneously 
by using the four cameras are used to test the 
effectiveness of the ship track recognition program. 
The size of these videos is 2560 × 1440. 

 
 

3. Methodology 
 
As discussed in Section 2, during the ship trajectory, 

certain ship positions may only be captured by a single 
camera, posing a challenge for conventional triangulation 
methods in determining the ship coordinates at those 
instances. To address this issue, we designed an algorithm 
aimed at approximating the potential position of the target. 

Then, we proposed a novel calibration approach to 
refine the coordinates, ensuring consistency with results 
obtained through traditional triangulation methods, thus 
minimizing discrepancies in the calculated outcomes. The 
overall trajectory-generation process illustrated in Fig. 4 
initiates with the acquisition of the ship position. This is 
achieved through an object detector and object tracker 
trained on ship images. Subsequently, the intrinsic matrix is 
determined utilizing Zhang’s algorithm (Zhang 2000). To 
establish the extrinsic matrix of each camera, the 
perspective-three-point (P3P) method (Gao et al. 2003) is 
employed. Both these metrics utilize chessboard images and 
three-dimensional (3D)-two-dimensional (2D) point pairs. 
Finally, we leverage this information and calculate the 
target ship trajectory using our proposed coordinate 
projection method. The subsequent section will provide 
detailed introductions to each component designed in this 
project. 

 
 
 
 

 
 

3.1 Coordinate projection 
 
The four monitors will be split into two groups. Two 

monitors in each group overlap to monitor the same area as 
Fig. 1 shown. Therefore, in most cases the ship will be 
captured by two monitors at the same time, and two 
observations will be obtained. Then we can leverage these 
observations to implement coordinate projection using 
triangulation. This process entails calculating the 
intersection of lines or rays originating from the camera 
centres to the corresponding image points. Through this, it 
can estimate the ship spatial location in a 3D coordinate 
system. The corresponding equations are represented by 
Eqs. (1) and (2) as follows 

 𝑋௖௜ᇱ = 𝑅ଵଵ௜ 𝑋௪ ൅ 𝑅ଵଶ௜ 𝑌௪ ൅ 𝑅ଵଷ௜ 𝑍௪ ൅ 𝑇௫௜𝑅ଷଵ௜ 𝑋௪ ൅ 𝑅ଷଶ௜ 𝑌௪ ൅ 𝑅ଷଷ௜ 𝑍௪ ൅ 𝑇௭௜ (1)

 𝑌௖௜ᇱ = 𝑅ଶଵ௜ 𝑋௪ ൅ 𝑅ଶଶ௜ 𝑌௪ ൅ 𝑅ଶଷ௜ 𝑍௪ ൅ 𝑇௫௜𝑅ଷଵ௜ 𝑋௪ ൅ 𝑅ଷଶ௜ 𝑌௪ ൅ 𝑅ଷଷ௜ 𝑍௪ ൅ 𝑇௭௜ (2)

 
where i = 1, 2, totally 4 equations determine 3 unknown 
values using singular value decomposition (SVD) to solve 
Ax = 0 to obtain the world coordinates (𝑋ௐ, 𝑌ௐ, 𝑍ௐ). 

However, challenges arise when only one monitor can 
capture the position of a ship at certain position in time due 
to factors such as poor weather, obstruction by bridge 
pillars, and the broken of monitors. In such scenarios, 
traditional triangulation methods, which require a minimum 
of two observations, become impractical. To address the 
issue, we design a novel projection process aimed at 
refining approximate predictions to closely align with the 

 
 
 

 
 

 
Fig. 4 The trajectory-generation process. We obtain the ship position by using an object detector and object tracker. Then, 

we determine the intrinsic matrix and extrinsic matrix of each camera by using the chessboard images and the three-
dimensional (3D)-two-dimensional (2D) point pairs. Thereafter, we can determine the real-world path of the ship

 
Fig. 5 The calibration process involves initializing the Z-coordinate with the latest reported value from the results of 

triangulation. Then, we project the XY-coordinate under the assumption Z-coordinate, and calibrate it, and use the 
updated X-coordinate to calibrate the Z-coordinate for calibrate the next ship position with only one observation. 
This sequential process ensures accurate calibration of both XY and Z coordinates
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ship positions determined by two observations, shown as 
Fig. 5. The calibration process involves several steps. 
Initially, we take one of test video as training data and 
operate under the assumption that all predicted position 
triangulated by two observations are accurate. If the current 
position is captured by a single monitor, the Z-coordinate is 
initialized using its value from the previous time step, as 
applied in Eqs. (1) and (2). 

Subsequently, a preliminary ship trajectory is derived 
based on the hypothetical Z-coordinate. Next, the X and Y 
coordinates are refined through XY-calibration, followed by 
Z-calibration to update the current Z-coordinate for 
determining the next position. Finally, a smoothing process 
is applied to refine the trajectory. The elements of the 
calibration process are detailed in the subsequent sections. 

XY-calibration is just like Fig. 6. The blue points 
represent the ship positions triangulated by two 
observations (using camera 1 and 2), the orange points 
represent the same ship trajectory evaluated using only one 
observation of camera 1. We utilize the corresponding Z-
coordinate of blue points as the hypothetical Z-coordinate, 
and the green points are similar to orange points but using 
camera 2 observation. The error between orange points and 
blue points (Error1

12), indicating the error of camera 1 
because we assume the triangulated positions with two 
observation is correct. And Error2

12 are the one for camera 
2. Then we define the X and Y errors of point 𝑝 taken by 
camera 𝑛 based on the error value of the nearest sample 
among all samples captured by camera 𝑛 to the left of 𝑝 
in the X-coordinate. This process can be similarly applied to 
cam2-cam4 points and cam3-cam4 points. 

Z-calibration, depicted in Fig. 7, aimed at using the ship 
positions triangulated two observations to calibrate the 
hypothetical Z-coordinates close to the ground-truth we 
defined. The blue points represent the ship positions 
triangulated by two observations (using camera 1 and 2), 
and the red line represents the curve fitting from those 
points. Significantly, the ship positions captured by cameras 
2 and 4 are situated at a considerable distance from the 
cameras and in proximity to the bridge pillars. This spatial 

 
 

Fig. 7 The relationship between X-coordinate and Z-
coordinate, where the blue points represent the ship 
positions with two observations (camera 1 and 
camera 2), while the red line represents the curve 
fitting from those points. Notably, points taken by 
cameras 2 and 4 are located far from the cameras 
and near the bridge pillars, introducing some error 
that causes a sudden drop in the Z-coordinate 
compared to the ship trajectory generated by the 
other two pairs of cameras. By using this curve, we 
can estimate the Z-coordinates of the ship position 
with one observation based on their X-coordinates

 
 

arrangement introduces an error leading to a sudden drop in 
the Z-coordinate compared to the ship trajectory generated 
by the other two pairs of cameras. We can estimate the error 

 
Fig. 6 Example of estimation errors in world X and Y between ship positions with one observation and two observations. 

Blue points represent the ship positions with two observations (camera 1 and camera 2), orange points represent the 
same ship trajectory with only one observation from camera 1, and green points represent the positions with one 
observation from camera 2. Error1

12 represent the error between orange point and blue point (camera 1 error). 
Error2

12 is the same for camera 2. Thus, we can obtain the X and Y errors in each camera using XY-coordinate in 
corresponding camera 
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Fig. 8 The ship trajectory with one observation. We design
a Gaussian filter for smoothing it 

 
 
of the hypothetical Z-coordinates using the updated X-
coordinates by the curve and calibrate it. Then we can 
refine the current Z-coordinate and obtain next point based 
on it. 

Ship trajectory smoothing designed to tackle the 
discontinuity issue resulted from the absence of observed 
depth information, as illustrated in Fig. 8. Thus, we employ 
Gaussian smoothing across the entire ship trajectory. The 
Gaussian filter, represented by Eq. (3), is designed as follow 

 𝑔(𝑥) = 1√2𝜋𝜎 𝑒ି௫మ/(ଶఙమ) (3)
 

with 𝜎 = 3 to smooth the ship trajectory. It can tune the 
ship position using the nearby points to smooth the 
trajectory. 

 
3.2 Instance segmentation 
 
The target position should be located at a certain point 

in the frame. To this end, we train a Mask R-CNN model as 
the detector to achieve instance segmentation and use the 
centroid of each instance as the image coordinates. Then, 
we split the dataset into 308 training sets and 35 validation 
sets to avoid model overfitting. To ensure that the proposed 
model adapts to the effects of rain or light, we use a few 
data augmentation techniques such as random brightness 
and random blur. Model training is completed on a Linux 
server equipped with four Intel Xeon E5-2620 CPUs, 256 
GB DDR4 RAM, and eight NVIDIA RTX Quadro 8000 
GPUs with 48 GB memory. In terms of software, 
MMDetection (Chen et al. 2019) is used as the 
implementation framework. Table 1 summarizes the 
training parameters. In this project, we fine tune the 
pretrained model provided by MMDetection. The mAP 
curve on the validation dataset is depicted in Fig. 9, where 
the blue line and orange line denote the bounding box mAP 
and segmentation mAP, respectively. The performance of 
both loss and map improves after fine-tuning. We determine 
the final checkpoint based on the epoch with the highest 
segmentation mAP scores on the validation dataset because 
we only corporate segmentation maps to evaluate ship 
centroid. 

 

Table 1 Training parameter of the Mask R-CNN model 
Training parameter Value 

Optimizer SGD 
Base Learning Rate 

(LRbase) 0.0025 

LR decay function 𝐿𝑅 = 𝐿𝑅௕௔௦௘ × ൬1 − Epochୡ୳୰୰ୣ୬୲Epoch୫ୟ୶ ൰଴.ଽ
Maxepoch (Epochmax) 36 

Batch size 2 
Backbone ResNet50-FPN 

Framework Caffe 
 
 

Fig. 9 The mAP curve of the model on validation dataset, 
where the blue line and orange line denote the 
bounding box mAP and segmentation mAP, 
respectively. We determine the final checkpoint 
based on the epoch with the highest segmentation 
mAP scores on the validation dataset 

 
 
3.3 Object tracker 
 
We use DeepSort as the object tracker to match all the 

objects detected by the object detector in each frame. 
DeepSort considers motion information by using Eq. (4) as 
follow 

 𝑑(ଵ)(𝑖, 𝑗) = (𝑑௝ − 𝑦௜)்𝑆௜ି ଵ(𝑑௝ − 𝑦௜) (4)
 

where 𝑑(ଵ)(𝑖, 𝑗) denotes the motion distance corresponding 
to the detection of the i-th track and j-th bounding box. (𝑦௝, 𝑆௜) denotes the projection of the i-th track distribution 
on the measurement space, and 𝑑௝ denotes the detection of 
the j-th bounding box. Moreover, DeepSort considers 
appearance information by using Eq. (5) as follow 

 𝑑(ଶ)(𝑖, 𝑗) = min {1 − 𝑟௝் 𝑟௞(௜)|𝑟௞(௜) ∈ 𝑅௜} (5)
 

where 𝑑(ଶ)(𝑖, 𝑗)  denotes the appearance distance 
corresponding to the detection of the i-th track and j-th 
bounding box. 𝑟௝ denotes the descriptor for the detection of 
each bounding box 𝑑௝; DeepSort obtains these descriptors 
by using a tiny CNN model, and we use mobilenet as the 
CNN model in this study. Additionally, we maintain a 
gallery 𝑅௞ =  {𝑟௞(௜)}௞ୀଵ௅ೖ  of the last 𝐿௞  = 100 associated 
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appearance descriptors for each track k. 
 
3.4 Intrinsic matrix 
 
We can obtain the intrinsic matrix by means of Zhang’s 

algorithm. This method uses the corners on the chessboard 
images and solves Eq. (6) as follow 

 𝑠 ቈ𝑢𝑣1቉ = 𝐾ሾ𝑅ଵ  𝑅ଶ  𝑅ଷ 𝑇ሿ ൦𝑋ௐ𝑌ௐ𝑍ௐ1 ൪ (6)

 
to find the intrinsic matrix 𝐾. In this equation, (𝑢, 𝑣) are 
the coordinates of the corners on the chessboard images. ሾ𝑅ଵ, 𝑅ଶ, 𝑅ଷ, 𝑇ሿ  is the extrinsic matrix. (𝑋ௐ, 𝑌ௐ, 𝑍ௐ) 
are the coordinates of the corners on the chessboard images. 
Thus, Eq. (6) can be simplified to Eq. (7) as follow because 𝑍ௐ is equal to zero. 

 𝑠 ቈ𝑢𝑣1቉ = 𝐾ሾ𝑅ଵ  𝑅ଶ 𝑇ሿ ൥𝑋ௐ𝑌ௐ1 ൩ (7)

 
3.5 Perspective-n-point 
 
The image coordinates of the control points and the 

corresponding world coordinate are given. Thus, we have 
on hand a perspective-n-point problem. We use the 
perspective-three-point (P3P) method to determine the 
extrinsic matrix. The method is illustrated in Fig. 10. The 
image coordinates can be converted to homogeneous 

 
 

 
Fig. 10 The P3P method, where the blue parallelogram 

represents the projection plane 
 
 

coordinates to obtain 𝑂𝑎ሬሬሬሬሬ⃑ , 𝑂𝑏ሬሬሬሬሬ⃑ , and 𝑂𝑐ሬሬሬሬ⃑  by using the 
calculated intrinsic parameters. Then, 𝑂𝐴ሬሬሬሬሬ⃑ , 𝑂𝐵ሬሬሬሬሬ⃑ , and 𝑂𝐶ሬሬሬሬሬ⃑  
can be obtained using the cosine law, and the camera 
coordinates of A, B, C can be computed. We can determine 
the extrinsic matrix by using Eq. (8) as follow 

 ൦𝑋ௐ𝑌ௐ𝑍ௐ1 ൪ = ሾ𝑅ଵ 𝑅ଶ  𝑅ଷ  𝑇ሿ ൦𝑋஼𝑌஼𝑍஼1 ൪ (8)

 
where (𝑋ௐ, 𝑌ௐ, 𝑍ௐ)  and (𝑋஼, 𝑌஼, 𝑍஼)  denote world 
coordinates and camera coordinates, respectively. 

 
3.6 Random sample consensus 
 
The P3P method can determine an extrinsic matrix by 

using only three control points. However, it is affected by 
outliers among the control points. We introduce the random 
sample consensus (RANSAC) (Fischler and Bolles 1981) 
mechanism to find the best set of control points. The 
process is illustrated in Fig. 11. We select a set of control 
points randomly and find an extrinsic matrix. Then, we 
reproject all 2D coordinates as 3D coordinates by using the 
extrinsic matrix and select the point for which the distance 
between the observed and computed point projections is 
shorter than the threshold distance required to consider a 
point an inlier. We repeat the process 100 times to find the 
extrinsic matrix with maximum inliers. In other words, this 
matrix is the most general for all control points, and its 
probability of being close to the optimal solution is the 
highest. 

 
 

4. Result 
 
4.1 Ship segmentation 
 
The results of our instance segmentation model can be 

seen in Fig. 12. The model is capable of accurately 
segmenting both big and small ships, and estimating the 
centroid of each instance. Additionally, we have addressed 
the issue of image blurring by implementing data 
augmentation techniques, which have helped to improve the 
accuracy of our model. 

 
 
 

 
Fig. 11 The RANSAC process. A subset of control points is randomly chosen, and an extrinsic matrix is determined using 

the P3P method. Subsequently, all 2D coordinates are reprojected as 3D coordinates using the extrinsic matrix. 
Points are selected based on the criterion that the distance between observed and computed point projections is 
shorter than a specified threshold, designating them as inliers. This process is iterated 100 times to identify the 
extrinsic matrix with the maximum number of inliers
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4.2 Coordinate projection 
 
4.2.1 Evaluation metrics 
Because of the absence of ground-truth, the metrics 

inspired from Luo et al. (2024) aimed to evaluate two 
qualities of the prediction ship trajectory: 

 
1. Acceleration variability (AV): The higher 

acceleration variability indicates the substantial 
acceleration changes, suggesting an erratic ship 
trajectory. Thus, we evaluate the acceleration 
variability using Eq. (9) as follow 

 𝑆𝑡𝑑 𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑀𝑒𝑎𝑛 𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = ටଵே ∑ (𝐴௜ − ଵே ∑ 𝐴௜)ே௜ୀଵ ଶே௜ୀଵ ଵே ∑ 𝐴௜ே௜ୀଵ  (9)

 𝐴௜ represent the acceleration at the 𝑖-th observation and 𝑁 be the total number of observations. Thus, the higher 
value indicates the higher variability. 

 
2. Directional change (DC): The higher directional 

change indicates the significant directional shifts, 
representing a nonsense ship trajectory. Thus, we 
evaluate the acceleration variability using Eq. (10) as 

 
 

 
 
follow 

 𝐷𝐶 = 1𝑁 − 1 ෍ |𝜃௜ −ேିଵ
௜ୀଵ 𝜃௜ିଵ| (10)

 
where 𝜃௜ is the direction angle at the 𝑖-th position. 

 
4.2.2 Testing set 
In our coordinate projection process, we require a 

training set of videos to construct the error map. We 
specifically select a set of videos capturing a single large 
ship in favorable weather conditions. This selection is made 
because such footage typically features fewer obstacles and 
clearer scenes, enabling the creation of a high-quality error 
map based on the points captured by two monitors. For 
testing purposes, we utilize four sets of videos featuring 
large ships from the seven sets provided by IC-SHM 2022. 

 
4.2.3 Calibration result 
The calibration results are presented in Table 2, where 

we conducted an ablation study to assess the impact of each 
element in our proposed method. The first row represents 
the baseline without any calibration. It is evident that the 
Gaussian filter significantly reduces the DC score from 0.85 
to 0.08 and the AV score from 2.75 to 1.95. Subsequently, 

   (a) (b) (c) 

Fig. 12 Result of ship segmentation. Our model is capable of accurately segmenting both 
(a) big and (b) small ships, even (c) the scene is so blurry

(a) (b) 

Fig. 13 The acceleration in time: (a) before Z-calibration; (b) after Z-calibration. The two peaks highlighted in the green 
rectangle disappeared after calibration 
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Table 2 Ablation study of calibration results for proposed 
method. It presents the calibration results for our 
proposed method, illustrating the effectiveness of 
each element. The AV score decreases from 2.75 to 
1.54 through our calibration method, while the DC 
score decreases from 0.85 to 0.09. These findings 
indicate that all elements in this framework 
contribute to effectively smoothing the ship 
trajectory 

Gaussian XY-calibration Z-calibration 
Metrics 

AV DC (rad)
- - - 2.75 0.85 
 - - 1.95 0.08 
  - 1.56 0.07 
   1.54 0.09 

 

 
 

our proposed calibration method in the XY-axis decreases 
the AV score to 1.56 and the DC score to 0.07. Finally, 
calibration in the Z-axis achieves the lowest AV score, but a 
slight increase in the DC score to 0.09. 

In order to explain that why the DC score slightly 
increase after employing calibration in Z-axis, we utilized 

 
 

 
 

AV plot and DC plot analysis, as depicted in Fig. 13. Figs. 
13(a) and (b) illustrate the acceleration over time before and 
after implementing calibration in the Z-axis. We observed 
that the two peaks highlighted in the green rectangle 
disappeared after calibration, indicating that Z-axis 
calibration extended the ship positions with one 
observation. This extension is more evident in Fig. 14. In 
order to facilitate discussion of the effects of Z-calibration, 
we differentiated the ship positions captured by one camera 
or two cameras with different colors. Notably, the ship 
positions with one observation in green circles at (b) 
became longer after calibration, resulting in a rise in the AV 
score. However, this extension also brought some side 
effects, as shown in Fig. 15. Figs. 15(a) and (b) depict the 
ship trajectory before and after employing calibration in the 
Z-axis. We observed that the extension is not always 
reasonable, as the ship trajectory exhibited a weird track on 
the X-axis between 600 and 800, near bridges with poor 
navigation clearance. Thus, the reason of the weird 
extension is resulted from the Z-coordinate map mentioned 
in Section 3.1. Calibration based on the wrong map can 
register a strange track due to spatial arrangement errors. 
This evidence is depicted in Fig. 16. We can find that except 
for the unstable ship trajectory in the last one hundred 
second, the extremely large directional changes all occur 
 
 

 
 

 

(a) (b) 

Fig. 14 The result of calibrating Z-coordinate: (a) before Z-calibration; (b) after Z-calibration. We can find that the ship 
trajectory with one observation in green circles at (b) became longer after calibration 

(a) (b) 

Fig. 15 The weird ship trajectory after calibrating Z-coordinate: (a) before calibration; (b) after calibration. The ship 
trajectory shown a weird track on the X-axis between 600 and 800, where is near bridges 
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near the bridges. In other words, if an additional monitor 
near the bridge captures clear video for generating a better 
Z-coordinate map, the issue can be mitigated. However, the 
calibration in the Z-axis can still improve the smoothness of 
the ship trajectory by reducing the AV score. 

The visualization results are presented in Fig. 17, with 
images from left to right corresponding to the settings from 
top to bottom in Table 2. It is evident that the large gaps in 
the ship trajectory decrease after implementing our 
calibration process. In the final result, there are almost no 
gaps, but some overlaps near the bridges can be observed. 

 
4.3 Limitation 
 
First, the Mask R-CNN model exhibits suboptimal 

performance in dark scenes owing to the absence of 

 
 

 
 

 
 

a dataset specifically tailored for low-illumination 
conditions. We have attempted to address this issue by 
implementing various computer vision methods, such as 
adding synthetic data and applying random brightness data 
augmentation. However, the model still exhibits inferior 
performance. The condition could be mitigated providing 
that the dataset includes some more dark scene images. 
Second, the calibration model also exhibits inferior 
performance when detecting small ships. The predicted 
trajectory of small ship video is depicted in Fig. 18(b). We 
can find that the ship turned around between X-axis 
coordinates of 900 and 1000, which did not occur in the 
actual video. Future studies are necessary to address the 
aforementioned issues. 

Furthermore, with poor navigation clearance near the 
bridges, the Z-coordinate map shows a significant drop in 

(a) (b) 

Fig. 16 The directional change in time: (a) before calibration (b) after calibration. Except for the unstable ship 
trajectory in the last one hundred second, the extremely large directional changes all occur near the bridges

 
(a) (b) (c) (d)

Fig. 17 The visualization results: (a) to (d) corresponding to the settings from top to bottom in Table 2. The large gaps 
decrease after implementing our calibration process

 
(a) (b) 

Fig. 18 The limitations of the proposed framework: (a) Low illumination case and (b) small ships case
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that area, indicating an error. Therefore, the Z-calibration 
makes the ship trajectory extend wrongly in this area, as it 
is based on the erroneous Z-coordinate map. However, this 
issue can be mitigated by adjusting the monitor arrangement 
to improve video quality and reconstruct a more accurate Z-
coordinate map. 

Consequently, due to the lack of ground-truth, the 
indicators employed focus on the continuity of the ship 
trajectory. Future endeavor aims to collect ground-truth to 
validate the predicted trajectories against actual ship 
movements, thereby improving the reliability of the model. 

 
 

5. Conclusions 
 
In this study, a deep learning-based object tracking 

framework is proposed to reconstruct the ship trajectory 
from videos. The framework is evaluated in several cases, 
and the major findings and limitations of our study are as 
follows: 

 

• We identify the ship trajectory based on deep 
learning-based segmentation models and computer 
vision techniques. 

• Since the low observation density due to the lack of 
camera or the unexpected malfunctioned cameras, 
the ship may not be captured by two cameras. We 
then propose a novel calibration framework capable 
of estimating the ship trajectory out of coverage 
using the ship trajectory in coverage area. 
Additionally, we design a calibration process to 
calibrate ship trajectory with one observation using 
those with two cameras. After implementation, we 
achieve a boost in testing performance, where the AV 
and DC scores are reduced from 2.75 to 1.54 and 
0.85 to 0.09. respectively. 

• We address the image blurring issue by employing 
data augmentation techniques. 

• Future studies will focus on enhancing the 
identification of small ships and ships in dark scenes. 
Additionally, a more accurate Z-coordinate mapping 
is required by adjusting the monitor arrangements to 
improve the video quality. Furthermore, ground-truth 
data will be collected to enable more comprehensive 
evaluations of model performance. 
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