
Abstract— Camera-based vessel identification is one of the 
essential maritime surveillance measures. The existing deep 
learning (DL)-based vessel classification methods have 
challenges in achieving the detailed vessel information (e.g., 
vessel identity) under poor visual conditions. In some 
applications, they cannot meet the safe scheduling and 
abnormal activity identification purposes in the camera 
surveillance system. This paper proposed a fusion 
framework, which takes the visual detection and the 
automatic identification system (AIS) as inputs to obtain 
accurate and robust vessel identification to address these 
challenges. Visual detection uses an innovative method to 
estimate the distance of the identified vessel target from the 
camera and the azimuth angle relative to the camera based 
on the images from the monocular camera. The distance and 
azimuth angle were further fused with AIS data to obtain the 
fused output. The test results based on 3976 images show that 
the mean absolute error of the visual-based distance 
estimation method is 0.72km. The success rate of visual 
detection and AIS data association is 75.7%. 
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I.  INTRODUCTION 
With the in-depth exploration of marine resource and 

the rapid development of shipping economic activities, 
maritime surveillance has become increasingly critical. 
Research camera-based vessel detection plays a vital role 
in navigation, illegal activity identification, and offshore 
economic zone protection. 

Some earlier research proposed background modelling 
and subtraction methods for vessel detection [1]. Reference 
[2] constructed the marine background by using the median 
value of previous N-frame images and then performed 
background subtraction to achieve the ship detection. 
Reference [3] proposed a discrete cosine transform-based 
approach including horizon detection, background 
modelling and background subtraction to improve the 
accuracy performance of image ship detection. Moreover, 
some vessel detection techniques are based on the edge and 
texture features [4, 5]. Reference [4] separated the water 
and land in an image to enhance the targets' shape and 

context information; then, applied shape analysis to detect 
the vessel. Reference [5] achieved ship detection using an 
invariant generalised Hough transform method to extract 
ship shape. However, since the complex background of 
marine images (e.g., waves, light reflections and weather 
conditions, etc.) and the diversity of vessel categories, most 
traditional ship detection methods have low detection 
accuracy and poor robustness. In recent years, DL 
techniques have been widely used in visual-based target 
detection, and the accuracy and robustness performance 
have been greatly improved compared with the traditional 
approaches [6-8]. Reference [9] proposed using the faster 
region-based convolutional neural networks (R-CNN) and 
the traditional constant false alarm rate (CFAR) approach 
to improve ship detection accuracy. Reference [10] 
proposed a CNN-based fusion framework that fused 
images and infrared, which can provide the abstraction 
information from these two imaging modalities in different 
levels (e.g., pixel-level, feature-level, and decision-level). 
This method can improve the accuracy performance in 
maritime changeable light scenarios.  Furthermore, a hybrid 
DL technique was presented in [11] to achieve robust small 
vessel detection. Although the DL-based vessel detection 
approaches mentioned above can significantly improve the 
detection performance in complex maritime environments, 
these methods still have significant limitations in practical 
applications due to the lack of ship classification and 
identification.  

Reference [12] proposed using Inception and ResNet -
based CNN approach to classify 26 classes vessel. A 
saliency-aware CNN approach based on the You Only 
Look Once (YOLO) algorithm was proposed in [13] to 
classify six-ship categories in varying light and low 
visibility weather (e.g., clouds and fog) scenarios. 
Moreover, YOLOv3/v2-based regressive deep CNN has 
been developed to achieve accurate detection and 
classification of seven classes of ship image [14]. 
Reference [15] proposed an improved YOLOv4 framework 
by adding a channel attention module and a spatial attention 
module to achieve robust ship detection and classification. 
However, the approaches mentioned above still pose 
challenges in maritime vessel classification under long 
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viewing distance and extreme weather conditions. 
Furthermore, some marine applications require identifying 
the vessel identity for safe scheduling and illegal activity 
detection. However, some vessels have the same 
appearance but different identities, which bring a challenge 
for the CNN-based classification methods in a surveillance 
system.  

To address these challenges, this paper proposes a novel 
fusion method to achieve vessel identification in a 
surveillance system. Firstly, we trained a YOLOv5 based 
model [16] to achieve the vessel detection. Then, an 
approach to estimate the distance of the identified vessel 
from the camera and the azimuth angle relative to the 
camera based on the images from the monocular camera 
was developed. Finally, fusion of the vessel detection and 
the automatic identification system (AIS) data is 
implemented to recognise the vessel category and identity. 
The main contributions of this paper are highlighted as 
follows： 

a) Introduce the fusion framework to achieve vessel 
detection and identification by fusing visually 
detected vessels and AIS. 

b) Propose an innovative distance estimation method 
based on image detection by a monocular camera. 

c) Apply the dead reckoning (DR) algorithm to 
improve the identification accuracy further. 

The rest of the paper is organised as follows:  Section II 
provides a detailed methodology employed. Results and 
discussion are provided in Section III, followed by a 
conclusion in Section IV. 

II. METHODOLOGY 

A. Problem Description  
The maritime surveillance images are captured by the 

cameras installed on the stations marked in Fig. 1. The 
cameras' detection ranges are up to 15km. Fig. 2(a) presents 
an example of an image with visually detected vessels from 
the camera 𝑋𝑋_𝑀𝑀 , where 𝑋𝑋  and 𝑀𝑀  are the station id and 
camera id, respectively. The image resolution is 
1920×2560, and 𝑡𝑡𝑡𝑡 is the timestamp when the image was 
taken. From Fig. 2(a), the ships 𝐴𝐴, 𝐵𝐵, 𝐶𝐶 can be accurately 
detected by our vessel detection model based on YOLOv5. 
However, the vessel detection model cannot classify them 
due to the long viewing distance and light reflections. Fig. 
2(b) shows the camera 𝑋𝑋_𝑀𝑀  location (𝑙𝑙𝑙𝑙𝑡𝑡, 𝑙𝑙𝑙𝑙𝑙𝑙) , wide-
angle 𝛼𝛼 and viewing bearing 𝜃𝜃 relative to north. Fig. 2(c) 
shows the AIS data in time range [𝑡𝑡𝑡𝑡 − 60 𝑡𝑡𝑠𝑠𝑠𝑠𝑙𝑙𝑙𝑙𝑠𝑠𝑡𝑡, 𝑡𝑡𝑡𝑡 +
60 𝑡𝑡𝑠𝑠𝑠𝑠𝑙𝑙𝑙𝑙𝑠𝑠𝑡𝑡]. The AIS data has been widely used in vessel 
tracking systems because it can provide the real-time 
vessel information, such as vessel behaviour analysis [17, 
18], collision avoidance [19] and trajectory reconstruction 
[20, 21]. The vessel information includes location (i.e., 
latitude and longitude), course over ground (COG), speed 
over ground (SOG) and maritime mobile service identity 
(MMSI). Through MMSI, the length, beam, category, flag, 
etc., of the vessel can be queried from the public database. 
Therefore, associating the visual-based vessel detection 
with AIS data can determine the ship category and identity. 
However, since the number of vessels detected from the 

camera at the timestamp 𝑡𝑡𝑡𝑡  and the number of vessels 
presented in the AIS data within the camera view is usually 
inconsistent, the vessel detection and AIS data cannot be 
directly associated.  

To associate the camera-based vessel detection with 
the AIS data, we first estimate the distance and relative 
bearing between the detected vessel and the camera based 
on the camera projection and AIS data. Then, we fuse the 
estimated distance and relative bearing with AIS data to 
achieve the visual detection information. Moreover, we 
use the DR algorithm to predict the trajectory for a short 
time for the vessel to mitigate the issue of occasionally 
incorrect camera-based distance and bearing estimation. 

B. Vessel Detection  
YOLO is a state-of-the-art, real-time object detection 

approach, which is widely applied in different research 
areas. The original concept of maritime vessel detection has 
been successfully demonstrated with YOLOv3 by 
SiriusInsight.AI. Compared with YOLOv3, the detection 
accuracy and speed of YOLOv5 (the latest version of 
YOLO series) has been further improved [22]. Hence, in 
order to achieve better vessel detection performance, we 
take forward SiriusInsight.AI's previous work by taking the 
YOLOv5 as the pipeline and applying the transfer learning 

 
Figure 1.  Maritime camera-based vessel detection and AIS data 

 

 

 
Figure 2.  Camera station and surveillance area 

 

 

 



technique [23]  to build a specific visual-based vessel 
detection model for maritime surveillance. 

In the modified model, we changed the number of 
output classes in the last layer of the YOLOv5 network. The 
vessel detection model is designed for detecting if there are 
vessels in the image or not, and further information such as 
the category of the vessel can be obtained by matching with 
AIS data. Therefore, the number of output classes were 
changed from 80 to 1. As shown in Fig. 3,  the detected 
bounding box prediction coordinates are normalised to 
[0, 1]. �𝐶𝐶𝑥𝑥,𝐶𝐶𝑦𝑦� is the centre point of the detection. (𝑃𝑃𝑤𝑤 ,𝑃𝑃ℎ) 
is the width and height of the bounding box, respectively. 
For a certain detected vessel 𝑡𝑡, its detection information is 
expressed as follows: 

𝑡𝑡 =  �𝐶𝐶𝑥𝑥𝑠𝑠 ,𝐶𝐶𝑦𝑦𝑠𝑠 ,𝑃𝑃𝑤𝑤𝑠𝑠 ,𝑃𝑃ℎ𝑠𝑠� 

          𝐶𝐶𝑥𝑥𝑠𝑠,𝐶𝐶𝑦𝑦𝑠𝑠,𝑃𝑃𝑤𝑤𝑠𝑠,𝑃𝑃ℎ𝑠𝑠  ∈ [0, 1]  (1) 

C. Distance and Bearing Estimation  
For the topic of distance and the relative bearing 

estimation between the monocular camera and target, 
Reference [24] proposed using Kalman filter to estimate the 
distance between vehicle and camera based on the vehicle 
width. Reference [25] and [26] proposed an area-distance 
ranging geometry model to obtain inter-vehicle distance 
estimation. These approaches can reasonably estimate the 
target distance in their respective specific application 
scenarios. However, the target needs to move along the 
bearing of the camera [24]. Reference [25, 26] needs the 
target's actual visible area and the corresponding projection 
area in the image. In our application, the relative azimuth 
angle between most of detected vessels' COGs and their 
corresponding detected camera bearing are big. For these 
detections, we assume that the visible projection length of 
a vessel is determined by its length. Meanwhile, the vessel 
length can be obtained according to AIS data. Thus, we 
propose to estimate the distance between vessel and camera 
by using the vessel length.  

As shown in Fig. 4, (𝑥𝑥,𝑦𝑦)  is the image coordinate 
system and (𝑥𝑥𝑤𝑤 ,𝑦𝑦𝑤𝑤 , 𝑧𝑧𝑤𝑤)  is the world coordinate system. 
Since we only consider the vessel length, according to the 
principle of camera projection, the conversion relation 
between image coordinate system and world coordinate 
system is as follows: 

       𝑠𝑠𝑖𝑖 = 𝑓𝑓 𝑠𝑠𝑖𝑖𝑠𝑠𝛿𝛿
𝑠𝑠𝑖𝑖𝑠𝑠 𝛾𝛾

∙ 𝑥𝑥𝑤𝑤𝑖𝑖−𝑥𝑥𝑤𝑤𝑖𝑖−1
𝑥𝑥𝑖𝑖−𝑥𝑥𝑖𝑖−1

, 𝑖𝑖 ≥ 1  (2) 

where 𝑠𝑠𝑖𝑖 is the distance estimation of the real ship 
projection in point 𝑖𝑖 and 𝑓𝑓 = 2.4032 × 103  is the focal-

length in pixels. Therefore, the distance estimation 𝑠𝑠 of the 
ship projection can be achieve by  

                  𝑠𝑠 = 𝑓𝑓 𝑠𝑠𝑖𝑖𝑠𝑠𝛿𝛿
𝑠𝑠𝑖𝑖𝑠𝑠 𝛾𝛾

∙
∑ (𝑥𝑥𝑤𝑤𝑖𝑖−𝑥𝑥𝑤𝑤𝑖𝑖−1)𝑛𝑛
𝑖𝑖=1
∑ (𝑥𝑥𝑖𝑖−𝑥𝑥𝑖𝑖−1)𝑛𝑛
𝑖𝑖=1

   

           = 𝑓𝑓 𝑠𝑠𝑖𝑖𝑠𝑠𝛿𝛿
𝑠𝑠𝑖𝑖𝑠𝑠 𝛾𝛾

𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝐿𝐿𝑝𝑝𝑖𝑖𝑝𝑝𝑟𝑟𝑟𝑟

   (3) 

where 𝐿𝐿real  and 𝐿𝐿𝑝𝑝𝑖𝑖𝑥𝑥𝑝𝑝𝑝𝑝  are the length of the vessel and 
corresponding projection in the image, respectively. In this 
paper, 𝐿𝐿𝑝𝑝𝑖𝑖𝑥𝑥𝑝𝑝𝑝𝑝 = 𝑃𝑃𝑤𝑤 . Then, the distance 𝐷𝐷  between the 
target centre point 𝐶𝐶 and camera can be estimated by 

𝐷𝐷 = 𝑠𝑠 − 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑠𝑠𝑖𝑖𝑠𝑠 𝜀𝜀
2

  (4) 

where ε is the relative azimuth between the detected vessel 
COG and the vertical line of the camera bearing. 

For the azimuth angle estimation 𝛽𝛽𝑠𝑠𝑖𝑖 between a vessel 
𝑡𝑡𝑖𝑖  and the camera bearing 𝜃𝜃𝑋𝑋_𝑀𝑀  in an image captured by 
camera 𝑋𝑋_𝑀𝑀, it can be estimated by  

𝛽𝛽𝑠𝑠𝑖𝑖 = 𝛼𝛼 �𝐶𝐶𝑥𝑥𝑠𝑠𝑖𝑖 −  0.5�  (5) 

The distance between camera station 𝑋𝑋 and the objects 
𝑙𝑙𝑖𝑖 which shown in AIS can be calculated as follows: 

𝑠𝑠𝑎𝑎𝑖𝑖 = 2𝑅𝑅 ∙ 𝑙𝑙𝑎𝑎𝑠𝑠𝑠𝑠𝑙𝑙𝑡𝑡 (𝑠𝑠𝑙𝑙𝑡𝑡�𝑙𝑙𝑙𝑙𝑡𝑡𝑝𝑝𝑋𝑋� 𝑠𝑠𝑙𝑙𝑡𝑡�𝑙𝑙𝑙𝑙𝑡𝑡𝑎𝑎𝑖𝑖� 𝑠𝑠𝑙𝑙𝑡𝑡�𝑙𝑙𝑙𝑙𝑙𝑙𝑎𝑎𝑖𝑖 −
𝑙𝑙𝑙𝑙𝑙𝑙𝑝𝑝𝑋𝑋� + 𝑡𝑡𝑖𝑖𝑙𝑙 (𝑙𝑙𝑙𝑙𝑡𝑡𝑝𝑝𝑋𝑋)𝑡𝑡𝑖𝑖𝑙𝑙 (𝑙𝑙𝑙𝑙𝑡𝑡𝑎𝑎𝑖𝑖))  (6) 

where 𝑅𝑅 = 6378𝑘𝑘𝑘𝑘  is Earth's radius, (𝑙𝑙𝑙𝑙𝑡𝑡𝑝𝑝𝑋𝑋, 𝑙𝑙𝑙𝑙𝑙𝑙𝑝𝑝𝑋𝑋)  and 
(𝑙𝑙𝑙𝑙𝑡𝑡𝑎𝑎, 𝑙𝑙𝑙𝑙𝑙𝑙𝑎𝑎) are the latitude and longitude of station 𝑋𝑋 , 
and AIS objects 𝑙𝑙𝑖𝑖, respectively. 

The azimuth angle 𝛽𝛽𝑎𝑎𝑖𝑖 between the AIS objects 𝑙𝑙𝑖𝑖 and 
the camera bearing 𝜃𝜃𝑋𝑋_𝑀𝑀 can be calculated by 

𝛽𝛽𝑎𝑎𝑖𝑖 = ��
180
𝜋𝜋

𝑙𝑙𝑡𝑡𝑙𝑙𝑙𝑙2(𝑦𝑦, 𝑥𝑥) + 360�  mod 360� − 𝜃𝜃  

           𝑦𝑦 = cos�𝑙𝑙𝑙𝑙𝑡𝑡𝑎𝑎𝑖𝑖� sin�𝑙𝑙𝑙𝑙𝑙𝑙𝑎𝑎𝑖𝑖 − 𝑙𝑙𝑙𝑙𝑙𝑙𝑝𝑝𝑋𝑋� 

           𝑥𝑥 = 𝑠𝑠𝑙𝑙𝑡𝑡�𝑙𝑙𝑙𝑙𝑡𝑡𝑝𝑝𝑋𝑋� 𝑡𝑡𝑖𝑖𝑙𝑙�𝑙𝑙𝑙𝑙𝑡𝑡𝑎𝑎𝑖𝑖� −
                    𝑡𝑡𝑖𝑖𝑙𝑙 (𝑙𝑙𝑙𝑙𝑡𝑡𝑝𝑝𝑋𝑋)𝑠𝑠𝑙𝑙𝑡𝑡 (𝑙𝑙𝑙𝑙𝑡𝑡𝑎𝑎𝑖𝑖)𝑠𝑠𝑙𝑙𝑡𝑡 (𝑙𝑙𝑙𝑙𝑙𝑙𝑎𝑎𝑖𝑖 − 𝑙𝑙𝑙𝑙𝑙𝑙𝑝𝑝𝑋𝑋)   (7) 

In some scenarios, large errors may occur in camera-
based distance and bearing estimation in an image at 
timestamp 𝑡𝑡𝑡𝑡, which result in the failure of association of a 
visually detected vessel and AIS data. To further improve 
the association accuracy performance, the DR algorithm 
[27, 28] is implemented to predict the detected vessels 

 
Figure 4.  Monocular camera-based distance estimation 

 
Figure 3.  The bounding box prediction of our vessel detection model 

 

 



trajectories in a short time based on the previous 
corresponding association vessels at timestamp 𝑡𝑡𝑡𝑡 − 1  . 
We assume that at timestamp 𝑡𝑡𝑡𝑡 , the location of the 
predicted vessel based on the DR algorithm is that of the 
visually detected vessel with large estimation error. Hence, 
the distance and azimuth of the visually detected vessel at 
timestamp 𝑡𝑡𝑡𝑡  are re-estimated using this predicted location 
and then associated with AIS data. 

D. Fusion Model 
The estimated distance and bearing mentioned above 

were used to associate the visually detected vessel with the 
AIS data.  For the visually detected vessel sets 𝑆𝑆𝑡𝑡𝑠𝑠 =
{𝑡𝑡1, 𝑡𝑡2, … , 𝑡𝑡𝑠𝑠}  at timestamp 𝑡𝑡𝑡𝑡 , the distance and bearing 
estimation sets are expressed as follows: 

𝐷𝐷𝑆𝑆_𝑆𝑆𝑡𝑡𝑠𝑠 = {�𝑠𝑠𝑠𝑠1 ,𝛽𝛽𝑠𝑠1�, �𝑠𝑠𝑠𝑠2 ,𝛽𝛽𝑠𝑠2�, … , (𝑠𝑠𝑠𝑠𝑛𝑛 ,𝛽𝛽𝑠𝑠𝑛𝑛)} 

𝑠𝑠𝑠𝑠 ∈ [0, 15𝑘𝑘𝑘𝑘],𝛽𝛽𝑠𝑠 ∈ [−45, 45]            (8) 

The timestamp of AIS data is usually not synchronised 
with that of the camera image, and the difference is about 
30~60 seconds. Considering the difference in time stamps, 
we use the AIS data within the range of 𝑡𝑡𝑡𝑡 ± 60 seconds to 
associate camera images. Moreover, for the AIS data in this 
time range, some vessels are out of the range of the camera's 
wide-angle and viewing distance (i.e., 15km). To reduce 
the computational complexity, the AIS data outside the 
visible range of the camera will be excluded before fusion 
is implemented, as shown in Fig. 5.  

Hence, for vessels shown in the AIS: 𝐴𝐴𝑡𝑡𝑠𝑠±60𝑠𝑠 =
{𝑙𝑙1,𝑙𝑙2, … ,𝑙𝑙𝑠𝑠}, their distance and bearing estimation can be 
expressed as follows: 

𝐷𝐷𝑆𝑆_𝐴𝐴𝑡𝑡𝑠𝑠±60𝑠𝑠 = {�𝑠𝑠𝑎𝑎1 ,𝛽𝛽𝑎𝑎1�, �𝑠𝑠𝑎𝑎2 ,𝛽𝛽𝑎𝑎2�, … , (𝑠𝑠𝑎𝑎𝑛𝑛 ,𝛽𝛽𝑎𝑎𝑛𝑛)}  

𝑠𝑠𝑎𝑎 ∈ [0, 15𝑘𝑘𝑘𝑘],𝛽𝛽𝑎𝑎 ∈ [−45, 45]          (9) 

The implementation of association is mainly based on 
the image timestamp 𝑡𝑡𝑡𝑡 , distance estimation 𝑠𝑠  and the 
detection bearing 𝛽𝛽 . The association between visually 
detected vessels and vessels shown in the AIS are expressed 
as follows: 

�̂�𝑡 → 𝑙𝑙� = min |𝑡𝑡𝑡𝑡𝑎𝑎𝑖𝑖 − 𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖| 

                𝑙𝑙𝑖𝑖 ∈ {𝑙𝑙||𝛽𝛽𝑎𝑎 − 𝛽𝛽𝑠𝑠| < 𝛽𝛽𝑝𝑝𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 , |𝑠𝑠𝑎𝑎 − 𝑠𝑠𝑠𝑠| < 𝑠𝑠𝑝𝑝𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒}  

                  𝑡𝑡 ∈ 𝑆𝑆𝑡𝑡𝑠𝑠, (𝑠𝑠𝑠𝑠,𝛽𝛽𝑠𝑠) ∈ 𝐷𝐷𝐵𝐵_𝑆𝑆𝑡𝑡𝑠𝑠 

 𝑙𝑙 ∈ 𝐴𝐴𝑡𝑡𝑠𝑠±60𝑠𝑠, (𝑠𝑠𝑎𝑎,𝛽𝛽𝑎𝑎) ∈ 𝐷𝐷𝐵𝐵_𝐴𝐴𝑡𝑡𝑠𝑠±60𝑠𝑠 (10) 

where �̂�𝑡 → 𝑙𝑙� represents the visually detected vessel �̂�𝑡 that 
can be successfully associated to the vessel 𝑙𝑙� shown in the 
AIS. In the association process, we first find the vessels in 
the AIS that satisfy |𝛽𝛽𝑎𝑎 − 𝛽𝛽𝑠𝑠| < 𝛽𝛽𝑝𝑝𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒, where 𝛽𝛽𝑝𝑝𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 is the 
bearing error between the visually detected vessel and the 
AIS vessel, 𝛽𝛽𝑝𝑝𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 10° . Then, the AIS vessels that 
satisfy |𝑠𝑠𝑎𝑎 − 𝑠𝑠𝑠𝑠| < 𝑠𝑠𝑝𝑝𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 , where 𝑠𝑠𝑝𝑝𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  is the error 
between camera-based distance estimation and AIS data-
based distance, 𝑠𝑠𝑝𝑝𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 2𝑘𝑘𝑘𝑘.  Finally, we determine that 
the AIS vessel whose timestamp is closest to the image 
timestamp is the target vessel 𝑙𝑙�  to which the visually 
detected vessel �̂�𝑡 should be associated, and this successful 
association relation is represented as  �̂�𝑡 → 𝑙𝑙�.  

III. RESULTS AND DISCUSSION 
The training dataset used to build the visual vessel 

detection model was collected from 4 cameras on station 4, 
which in Port of Dover, UK and 3 cameras on VARNE 
LV(UK). It includes 5,790 images, of which 4,632 images 
are the training dataset and 1,158 images are the validation 
dataset. The evaluation dataset for our proposed fusion 
method is 3,976 images and 664,423 AIS records collected 
by 3 cameras, AIS receiver on station 4, respectively. In this 
paper, the performance of the proposed method is evaluated 
using two metrics: a) accuracy of camera-based distance 
estimation and b) correct rate of the association between 
visually detected vessels and AIS.  

A. Accuracy of Camera-based Distance Estimation 
The proposed fusion algorithm relies on camera-based 

distance estimation as one of the input sources. Inaccurate 
distance estimation will lead to failure of the association of 
visually detected vessels.  

In certain scenarios, the camera-based distance 
estimation method may provide insufficient distance 
accuracy. These scenarios include: 

1) The detected targets based on our detection model 
include false positive (FR) targets: This method cannot be 
used as the targets are not the vessels. 

2) Inaccurate bounding box prediction of the detected 
vessel: this may happen in the conditions including vessels 
with long viewing distance, the night-time, the complex 
maritime background (e.g., rain, fog, and varying light), 
and part of a vessel is outside the visible range (e.g., 
occlusion). We assume that the width of the bounding box 
prediction is the length of the vessel projection. The 
accuracy of distance estimation using vessel length in 
these scenarios may be reduced. 

3) Small relative azimuth angle between the visually 
detected vessel's COG and the corresponding camera 
bearing: in these conditions, the vessel projection includes 
the width of the vessel, the errors of distance estimation 
based on the vessel length may increase.  

In order to assess the accuracy performance of the 
proposed camera-based distance estimation method, the 
distance between the associated AIS vessel and station 𝑋𝑋 is 

 
Figure 5.  Excluding AIS data outside the camera's visible range 

 



used as the ground truth. Equation 11 is the evaluation 
metric - the mean absolute error (MAE) between the 
estimated distance and the ground truth. Meanwhile, we 
also evaluate and discuss the accuracy performance in 
different distance ranges: 0 − 5km, 5 − 10km and 10 −
15km; the results are provided in TABLE I. 

𝑀𝑀𝐴𝐴𝑀𝑀:∆�(𝑘𝑘𝑘𝑘) = 1
𝑠𝑠
∑ |𝑠𝑠𝑎𝑎�𝑖𝑖 − 𝑠𝑠�̂�𝑠𝑖𝑖|
𝑠𝑠
𝑖𝑖=1           (11) 

TABLE I shows that the camera-based distance 
estimation method can achieve the overall performance 
with an MAE of 0.7236km. For the distance range of 0 −
5 km, the vessel detection model can provide accurate 
vessel bounding box prediction because of the small 
background interference in this distance range. 
Furthermore, the visually detected vessels are mainly the 
passenger ships preparing to enter or leave the port. In this 
distance range, the relative bearings between most of 
vessels' COGs and the camera azimuth are small, the 
calculation errors of the vessel length projection are low. 
Thus, this method can achieve the accuracy performance 
with an MAE of 0.6975km. Since some of the visually 
detected vessels are passenger ships far away from the port 
in the distance range of 5 − 10km, the relative azimuth 
between vessels' COGs and camera bearing is small, and 
the errors of the vessel length projection is high. Therefore, 
the accuracy of distance estimation is reduced to an MAE 
of  0.9767km.  For the distance range of 10 − 15km, most 

of the visually detected vessels are cargo ships, tankers, 
fishing boats, etc. These vessels are travelling in the 
English Channel; the relative azimuth angles between their 
COGs and the camera bearing are big. Hence, the 
calculation errors of the vessel length projection are lower 
than in the range of 5 − 10km. However, the accuracy of 
the bounding box prediction is reduced due to the long 
viewing distance of detected vessels. Therefore, the 
distance estimation error of this distance range reaches 
MAE of  0.8514km, which is higher than 0 − 5km but 
lower than  5 − 10km. 

B. Correct Rate of The Association Between Visually 
Detected Vessels And AIS 
To evaluate the association performance of the 

proposed fusion algorithm, we used the proposed method 
without DR algorithm as a comparison; the results are 
presented in TABLE II. As shown in TABLE II, the correct 
rate of the association between visually detected vessels 
and AIS data is increased to 75.7% compared with the 
proposed method without the DR algorithm. This is 
because the DR can predict the detected vessels trajectories 
of the next several timestamps based on the corresponding 
association vessels of the current timestamp. Then, the 
vessel detection of the following few frames of images can 
be associated with AIS data. 

Fig. 6 shows the association results of the proposed 
method. The images of vessel detection are from  

 
Figure 6.  The association performance of the proposed fusion method 

 
TABLE I.  MEAN ABSOLUTE ERROR OF CAMERA-BASED DISTANCE 

ESTIMATION METHOD IN DIFFERENT DISTANCE RANGE 

Overall 
performance 0-5km 5-10km 10-15km 

0.7236 0.6975 0.9767 0.8514 
 

TABLE  II.  LABELLING ACCURACY OF DIFFERENCE METHOD 

Method Accuracy 

Proposed method 75.7% 

Proposed method without DR 69.35% 
 



𝑠𝑠𝑙𝑙𝑘𝑘𝑠𝑠𝑎𝑎𝑙𝑙 4_1(first column), 𝑠𝑠𝑙𝑙𝑘𝑘𝑠𝑠𝑎𝑎𝑙𝑙 4_2 (second column), 
and 𝑠𝑠𝑙𝑙𝑘𝑘𝑠𝑠𝑎𝑎𝑙𝑙 4_3  (third column). The testing scenarios 
include the conditions of varying weather, multiple 
detected vessels, complex background and vessel detection 
in long viewing distance. The results show that our 
proposed method can achieve robust correlation 
performance in different complex maritime environments. 
Moreover, compared with the existing CNN-based 
classification approaches, the proposed method can provide 
more detailed vessel information in camera-based maritime 
surveillance system, such as ship type, MMSI number, 
SOG and COG. Furthermore, according to the MMSI 
number, more vessel information can also be queried 
further. 

IV. CONCLUSION  
This paper proposed a novel fusion framework for 

vessel identification in a maritime surveillance system. 
Firstly, we obtained vessel detection through the YOLOv5-
based detection model. Then, the vessel identification was 
achieved via fusing vessel detection and AIS data. In fusion 
progress, the sources are camera- and AIS data-based 
distance estimation, the relative azimuth angle of vessel 
detection, respectively. Moreover, the DR algorithm was 
applied to predict the short-time trajectory of the detected 
vessel to further improve the correct rate of the association 
between the vessel detection and AIS data. 

The testing results show that the proposed camera-
based distance estimation approach can achieve the 
accuracy of overall performance with an MAE of about 
0.72km. Compared with the proposed fusion framework 
without DR, the correct rate of our proposed approach has 
increased to 75.7%. Moreover, our fusion framework can 
also achieve robust association performance in different 
maritime environments. 

The data association may fail due to the large errors of 
camera-based distance estimation, and the future work will 
focus on reducing the errors to improve the correct rate. 
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