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Abstract 
The 21st century is the era of big data and the era of ocean development. China is rich in 
marine resources. For this reason, China has put forward the goal of building a marine 
power. Marine target tracking is an important part of the development of the ocean. 
However, the current mainstream target tracking algorithms are mainly used in land 
target tracking research. In this paper, the relevant researches on marine target tracking 
are reviewed, and the focus is on and analysis of marine multimodal target tracking. 
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1. Introduction 

The ocean is rich in energy. As land resources are facing depletion, people begin to pay attention to 
the utilization and development of marine resources. Especially with the further development of my 
country's national economy, the transition from the inland to the ocean has become an overall strategy 
in the new era. The development of high and new technology provides a solid backing for the strategy 
of going to the ocean[1]. Ocean target tracking refers to the use of underwater acoustic or other 
propagation medium sensors to continuously estimate the motion parameters of the detected target, 
such as position, speed, etc. in time. At present, the mainstream target tracking algorithms are mainly 
divided into two types: generative models and discriminative models. Among them, the correlation 
filtering algorithm in the discriminant method has attracted much attention because of its speed 
advantage. The core idea of the correlation filtering tracking algorithm is to design a filter, and 
convolve the next frame of image with the designed filter, so as to obtain the pixel with the largest 
response as the center of the prediction target, which greatly improves the real-time performance of 
the tracking algorithm. sex. The deep learning target tracking algorithm extracts the deep features of 
the moving target, and has a more stable performance when dealing with complex scenes such as the 
deformation of the moving target[2]. In the following sections, the traditional tracking methods, deep 
learning methods, and multimodal learning methods for marine target tracking are reviewed and 
analyzed. 

2. Traditional Tracking Methods for Marine Targets 

Most of the methods for ocean target tracking are transplanted to land target tracking. Henriques et 
al.[3] proposed the KCF (Kernelized Correlation Filter) algorithm, which is based on the Hisogram 
of Oriented Gradient (HOG) feature, uses cyclic matrix sampling, and calculates the correlation in 
the frequency domain, thereby improving the tracking speed. Shi et al.[4] and Ding et al.[5] made 
improvements based on the Kalman filter algorithm, which improved the tracking accuracy and 
reliability of the target trajectory with the same amount of computation. Martin et al.[6] proposed the 
DSST (Discriminative Scale Space Tracker) algorithm, which trained scale-related filters for target 
scale changes, and used HOG features to train related filters, which improved the tracking accuracy 
while the scale was updated. Martin et al.[7] also proposed the SRDCF (Spatially Regularized 
Discriminative Correlation Filter) algorithm, which effectively suppresses the interference of 
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background information on the target by processing the filter in the time domain with a regular 
coefficient matrix, thereby expanding the target search area. However, traditional tracking algorithms 
such as Kalman Filtering (KCF) cannot meet the requirements of marine target tracking in complex 
backgrounds. Zhao et al.[8] proposed an infrared ship target segmentation method based on adaptive 
threshold region growth. By combining with morphological filtering, background interference can be 
removed from the segmented image and effective target information can be extracted. Yang et al.[9] 
proposed a ship vision detection method based on a non-stationary platform. It uses the feature vector 
of DCT as input, adopts Gaussian mixture model for modeling, and uses background subtraction and 
foreground segmentation methods to realize ship detection. Xiangyu K et al.[10] used infrared images 
to detect sea antennas and small targets. First, the sea antenna is detected to narrow the area of interest, 
and then the improved mutual wavelet energy combination is used to detect small targets. Although 
this method is improved compared with previous algorithms, it cannot handle complex motion 
patterns and common illumination changes at sea. Wang et al.[11] randomly combined multi-station 
multi-Bernoulli filter nodes, and proposed a track generation method based on statistical double 
thresholds, which reduces the complexity of target tracking and can output stable tracks in real time. 

Although the target tracking algorithm based on correlation filtering has made significant progress in 
accuracy and speed, the drawbacks such as the inability of manual features to adapt to the rapid 
deformation and occlusion of the target are becoming more and more obvious. In recent years, the 
use of deep learning for target tracking has also become a research hotspot. 

3. Deep Learning Tracking Method for Ocean Targets 

In recent years, with the theoretical breakthrough of deep learning methods, they have shown obvious 
advantages over traditional machine learning methods. In terms of practical applications, deep 
learning first achieved great success in speech and image fields with its excellent feature learning 
ability, and quickly attracted the attention of researchers in other fields. At present, the common deep 
neural network models mainly include convolutional neural networks[12] (Convolutional neural 
networks, CNN), recurrent neural networks[13] (Recurrent neural networks, RNN), deep belief 
networks[14] (Deep belief networks, DBN)Wait. The development of deep learning is based on 
statistical learning. The accumulation of a large amount of Internet data provides the basis for the 
development of deep learning. Since 2010, with the introduction of the Relu activation function and 
other operations, deep learning has achieved better results than traditional methods in single-modal 
learning tasks. Bertinetto et al.[15] proposed the SiamFC (Fully Convolutional Siamese Net-works) 
algorithm, which applies the Siamese network to the field of target tracking, trains a similarity 
matching model by sharing the feature extraction network, and uses the first frame tracking target as 
the template image. And it does not update in the subsequent tracking process, which reduces the 
interference of the model by occlusion and similar backgrounds to a certain extent. Li et al.[16] 
proposed that SiamRPN (Siamese Region Proposal Network) added a detection branch based on 
SiamFC to replace the multi-scale detection method of the original algorithm to predict the scale 
change of the target and further improve the tracking model. Accuracy. 
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Figure 1. Commonly used neural network structure 
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At present, deep learning methods are used to track and monitor targets, mainly for land targets. Most 
of the tracking and monitoring of marine targets still use traditional methods. Some scholars have 
keenly discovered the value of deep learning in marine target tracking, and they It has carried out 
related research. At present, it mainly focuses on tracking and processing of water ships and 
underwater targets. Li et al.[17] proposed a multi-channel underwater target recognition method 
based on deep learning. By extracting weighted features in different frequency ranges of the signal, 
after regularizing the extracted features, a deep neural network (DNN) was used. To achieve the 
tracking and recognition of the target, because the neural network can model higher-dimensional 
information, the recognition rate of multi-channel cascaded features is higher than that of single-
channel features. The recognition framework of FFT+DBN proposed by Northwestern Polytechnical 
University and National University of Defense Technology[18,19] introduces two deep learning 
methods, convolutional neural network (CNN) and deep belief network (DBN), into underwater 
target classification and recognition. The improvement and optimization of the network model and 
parameter settings have greatly improved the correct recognition rate of underwater targets. The 
results show that the recognition effect of the deep belief network is higher than that of the traditional 
SVM method and also higher than the FFT+CNN framework. Northwestern Polytechnical 
University[20] proposed an improved competitive deep belief network for underwater target 
recognition. Bousetouane et al.[21] proposed a detection model for small objects in video surveillance 
based on convolutional neural networks. It uses hand-designed features combined with features 
learned by deep networks to detect and classify ships. The deep CNN features of the candidate object 
bounding boxes are computed by fine-tuning the forward pass of the convolutional layers of the 
VGG16 network, and finally fine-grained classification is performed using the CNN features and a 
SVM classifier with linear kernels for object validation. Leclerc et al. deployed a pre-trained CNN 
based on the Inception and RseNet architectures for ship classification. Although the experiments 
demonstrate that the classification accuracy is significantly improved, the tracking performance is not 
evaluated. Wang et al.[22] introduced convolutional neural network and deep belief network into 
underwater target classification and recognition, and improved and optimized the relevant parameters 
of neural network, and compared with the support vector machine method. the superiority. Chen et 
al.[23] proposed a new method for target tracking of monocular vision underwater robots based on 
deep learning, which can enable autonomous underwater vehicles (AUVs) to achieve image 
enhancement processing and target recognition and tracking in complex underwater environments. 
Aiming at the characteristics of blurred imaging in water and multi-degree-of-freedom motion of 
objects, Xu et al.[24] proposed a target recognition model based on the YOLO-V3 algorithm. The 
network structure is optimized, the accuracy of target recognition is improved, the calculation speed 
of the algorithm is improved, and the tracking state is corrected through the evaluation results. In the 
complex underwater environment, due to the existence of interference and noise, as well as the 
limitation of the array aperture, there are inevitably many track interruptions, outliers, and azimuth 
intersections between the interference and the target in the azimuth detection results. Wang et al.[25] 
proposed a multi-target passive tracking algorithm based on underwater unmanned vehicle, using the 
particle sampling prediction method based on the vehicle motion information to predict and complete 
the trajectory interruption, and using the observation threshold based on the vehicle motion 
information. The setting method adaptively sets the tracking threshold, and uses the block correlation 
tracking method for trajectory break correlation and azimuth cross correlation. On the basis of the 
conventional underwater acoustic positioning and tracking technology, in-depth research on the 
limited number of targets in the current underwater multi-target positioning and tracking and the 
difficulty in distinguishing in the set state, Zhang et al.[26] proposed a method based on time-
frequency codec An error-correction-checked underwater acoustic multi-target positioning and 
tracking scheme. The principle prototype was developed and tested on the lake. The technical solution 
can meet the multi-target real-time positioning and tracking requirements in the lake-sea experiment 
of the deep-sea underwater unmanned system, and provide technical support and measurement means 
for its lake-sea experiment. Hu et al.[27] used Gated Recurrent Unit (GRU) to establish a ship 
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trajectory prediction model. As a variant of LSTM, GRU has the characteristics of simple structure, 
few parameters and short training time. The effect is better than LSTM. Xu et al.[28] proposed an 
interactive multi-model algorithm based on Fuzzy Logic Inference (FIMM) according to the 
requirements of real-time and reliability of underwater maneuvering target tracking and the 
clarification of underwater target motion characteristics. The maneuvering mode of the target is 
represented by a model set, including the constant velocity model (CA), the Singer model and the 
near constant velocity horizontal turn model (HT) in FIMM technology. The simulation results show 
that, compared with the traditional IMM, the FIMM algorithm can improve the reliability and real-
time performance of underwater target tracking. 

Since the environment where the target is located is greatly affected by external factors, changes in 
illumination, object deformation, and wind and waves will interfere with target tracking. At present, 
the academic community has begun to use different sensors to perform multi-modal fusion tracking 
of marine targets to improve the target. Tracking accuracy. 

4. Multimodal Learning and Tracking Method for Ocean Targets 

4.1 The Development of Multimodal Learning 

We generally refer to different sources of information as different modalities, that is, modalities refer 
to the ways in which people can receive information. Humans use different senses to understand 
everything in the world. Multimodal learning is usually the fusion of multiple types of information. 
With the development of deep learning, cross-modal multimedia data such as image-text has grown 
rapidly, which has led to research on multi-modal related issues. Multi-modal information generally 
includes two or more modalities. The mutual conversion of information is achieved by using some 
associations between different modalities, and even if the information of some modalities is missing, 
it can also be supplemented. At present, multimodal learning mainly includes modal fusion, modal 
registration, etc., and generates related neural network models. 

 

Table 1. Multimodal Learning vs Machine Learning 

 Multimodal learning Machine learning 

Fusion method  Diversification Simpler 

Feature learning  learning features from data hand-designed features 

Fusion Methods and Modal Number Expansion Easy to expand Difficult to expand 

Number of hyperparameters in the network Abundance Less 

Input data preprocessing requirements Not strict Strict 

4.2 The Development of Multimodal Learning 

Nowadays, with the rapid development of artificial intelligence technology, relevant scholars have 
keenly found that comprehensive and effective solutions can be obtained by researching related 
methods of multimodal data. Machine learning, deep learning and even adversarial learning are 
widely used across Modal matching and generation tasks and related progress. Multimodality has a 
wide range of applications in computer vision, such as cross-modality search, caption matching, etc. 
However, due to the lack of sample-to-sample correspondence between most multi-modal data, that 
is, the multi-modal data has weak matching, which brings huge challenges to multi-modal learning 
[29]. The figure below shows the number of published papers on multimodal learning, mainly related 
to computer science and other related fields. 
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Figure 2. Number of multimodal papers published 

 

Traditional visual ship tracking methods often use single and shallow features for ship tracking and 
tracking targets. When ships show different appearances and shapes in marine surveillance videos, 
target tracking may fail. To overcome this difficulty, Chen et al[30]. adopted a multi-view learning 
algorithm to extract highly coupled and robust ship descriptors from different ship feature sets for 
efficient ship tracking. Xu et al.[31] determined the weight value of visible light and visible light 
video, and used Kalman filter and particle filter to achieve dual-modal video target tracking, which 
reduced the tracking error of moving targets. Jiang et al.[32] and Sun et al.[33] respectively proposed 
a twin network tracking algorithm based on SiamFC that fuses spatiotemporal characteristics. By 
building a temporal attention module and a spatial attention module to balance the proportion of 
positive and negative samples, the algorithm can improve the ability of the algorithm to discriminate 
difficult samples. Wang et al.[34] proposed a method based on SiamFC to improve the tracker's anti-
interference ability to background features and improve the tracking performance by fusing the 
convolutional channel attention mechanism in the low convolutional layer. Although the tracking 
model based on the Siamese network can ensure the real-time performance of tracking, it also 
improves the tracking performance, but in complex scenes such as dark light, it is difficult for the 
tracking model to effectively distinguish the tracking target from the background information. Zhang 
et al.[35] used the twin neural network and regional recommendation network to track ships at sea, 
and the experimental results proved the effectiveness of the method. It applies deep learning to ship 
tracking, and proposes an offshore ship tracking method using Siamese network and region 
recommendation network. At the same time, in order to further improve the tracking performance, 
the Siamese network CNN module is modified accordingly with reference to AlexNet, and an 
adaptive search area extraction method based on historical trajectories is proposed to adapt to 
different tracking scenarios. 

The core of multimodal data is data fusion. It is carried out directly on the observation report and 
state estimation of the sensor, and generally includes fusion in time and space. Data fusion mainly 
includes early fusion, mid-term fusion and late fusion, and its main characteristics are shown in the 
following table: 

 

Table 2. Classification and main characteristics of data fusion 

Numble Early fusion Intermediate fusion Late fusion 

Structure simple most complicated more complicated 

Method various less less 

Feature dimension higher lower common 

Difficulty to achieve easy hardest difficult 

Experimental effect poor better common 
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Data association mainly solves the problem of the correctness of the association between multiple 
targets. The commonly used methods mainly include Joint Probability Data Association (JPDA), 
Multiple Hypothesis Tracking (MHT), probability Multiple Hypothesis Tracking (Probabilistic 
Multiple Hypothesis Tracking, PMHT), etc. Aiming at the problem that the probabilistic multiple 
hypothesis tracking (PMHT) algorithm is sensitive to the initial value of the multi-objective state, Li 
Xiaohua et al.[36] combined the deterministic annealing technique and proposed an improved PMHT 
algorithm. Improved accuracy of multi-objective posterior association probabilities. Jun Song et 
al.[37] proposed a water surface multi-target tracking algorithm based on information fusion data 
association. The target position is predicted by transmitting the target motion information detected by 
the neural network to the motion measurement model. It can effectively track multiple targets under 
fluctuations, illumination changes and occlusions with good reliability. 

Multi-view graph learning (GSL) can realize multi-view object classification and weight learning at 
the same time, but most of the current multi-view graph learning only focuses on the complementarity 
between multi-views, without paying attention to related information. Guo et al.[38] A multi-view 
canonical correlation analysis (GSL-MCCA) based GSL method was proposed. Zhu et al.[39] used a 
decision fusion strategy to select multi-level deep features by evaluating similarity through Spearman 
rank correlation for feature maps from different convolutional layers to improve the overall 
effectiveness and robustness of object recognition. At present, multi-sensor collaboration has been 
widely used. Multi-sensor information fusion can be solved by multi-view learning. However, if any 
sensor in the sensor network is interfered or fails, its performance will be degraded. Considering the 
complementary information between sensors when removing noise, Tian et al.[40] achieved sensor 
data fusion by establishing a robust multi-view prototype (RMVP) learning. In the process of learning, 
noise is automatically removed to avoid the interference of outliers by noise. 

5. Conclusion 

China's territorial waters are vast, and marine target tracking plays a pivotal role in the development 
of national defense and people's livelihood. In the current big data background, the description of the 
same object can be expressed from multiple dimensions and levels, that is, although the expression is 
multi-source and heterogeneous, the internal semantics are unified. 

The research on multimodal learning methods for marine targets can be further expanded in the 
following aspects: 1) More refined feature representation for samples from different modalities, 
thereby effectively improving the accuracy of cross-modal matching; 2) Strengthening weak 
supervision and unsupervised learning can effectively alleviate the current lack of marine multimodal 
datasets; This paper only makes a summary of multimodality in the field of target tracking, and puts 
forward some personal thoughts, hoping to provide some references for multimodality processing 
methods in the field of target tracking. 
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