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Abstract: In remote sensing images, small target size and diverse background cause difficulty in
locating targets accurately and quickly. To address the lack of accuracy and inefficient real-time
performance of existing tracking algorithms, a multi-object tracking (MOT) algorithm for ships
using deep learning was proposed in this study. The feature extraction capability of target detectors
determines the performance of MOT algorithms. Therefore, you only look once (YOLO)-v3 model,
which has better accuracy and speed than other algorithms, was selected as the target detection
framework. The high similarity of ship targets will cause poor tracking results; therefore, we used
the multiple granularity network (MGN) to extract richer target appearance information to improve
the generalization ability of similar images. We compared the proposed algorithm with other state-
of-the-art multi-object tracking algorithms. Results show that the tracking accuracy is improved
by 2.23%, while the average running speed is close to 21 frames per second, meeting the needs of
real-time tracking.

Keywords: multi-object tracking; remote sensing image; multiple granularity network (MGN);
deep learning

1. Introduction

With rapid developments in space science, remote sensing technology has greatly
improved the small coverage of traditional ground detection and the lack of related data
through the high-speed acquisition of omnidirectional and multi-view ground information.
Ships are indispensable strategic resources and means of transportation in military and
civilian fields. Therefore, ship target tracking is the focus of this study. Remote sensing
images of ships are small in size and have complex backgrounds, which makes ship target
tracking more challenging than multi-object tracking of pedestrians on the road.

Multi-object tracking technology combines the context information in the video se-
quence to perform location recognition, track maintenance, and ID recording for multiple
targets of interest at the same time. The traditional MOT algorithm expresses the task as a
data association problem. According to the use of historical frame information, it is divided
into online association (e.g., probabilistic data association [1], Poisson multi-Bernoulli mix-
ture [2], and joint probabilistic data association [3]) and offline association (e.g., multiple
hypothesis tracking [4]). Early research mainly focused on proposing and solving better
data association algorithms, but it is difficult to meet all possible actual situations due to
the limitation of rules. Deep learning has greatly improved the performance of computer
vision tasks due to its powerful feature extraction capabilities, but research related to
multi-object tracking is minimal. Seyed et al. [5] first proposed an online multi-object
tracking method based on a fully developed, end-to-end learning algorithm in 2016, which
solved the problem of modeling target number changes and discrete data association. Since
then, deep learning has been widely used in the field of multi-object tracking.
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In existing multi-object tracking systems, the mainstream algorithm is the detection-
based tracking (DBT) algorithm, including three stages, which are object detection, feature
matching, and data association [6]. DBT algorithm is represented by single online and
real-time tracking (SORT) [7] and DeepSORT algorithms [8]. Among them, the DeepSORT
algorithm is proposed based on the SORT algorithm, and multi-object tracking is improved
significantly by extracting deep feature information. Otherwise, Chu et al. [9] proposed a
CNN-based framework for online MOT and used ROI pooling to track potential features
for each target. Zhou et al. [10] replaced the object detection framework with CenterNet
and applied the tracker to the previous frame. Wang et al. [11] presented a new instance
of joint MOT based on graph neural networks (GNNs). Guo et al. [12] introduced a
dynamic Siamese network through a fast transformation learning model, which enabled
effective online learning of target. However, object tracking algorithms rely on the feature-
extraction capability of target detectors, and the tracking speed largely depends on the
target detection speed. Traditional target detection algorithms, such as edge detection
algorithm [13], threshold segmentation method [14], and visual saliency detection [15],
cannot meet real-time requirements.

Recently, with rapid developments in deep learning, the convolutional neural network
(CNN) algorithm has become the preferred framework for target detection networks due
to its powerful feature extraction and modeling capabilities. CNN-based target detection
algorithms can be divided into two categories [16]: the first being the region-based tar-
get detection algorithm with the advantage of accuracy, forming two-stage algorithms
represented by R-CNN [17-20]; the second being the regression-based target detection
algorithm with the advantage of speed, forming a one-stage algorithm represented by
YOLO [21-23], single-shot multi-box detector (5SD) [24], RetinaNet [25], CenterNet [26],
and BorderDet [27]. Due to the superiority of CNN and the importance of ship targets,
Sebastian et al. [28] proposed a benchmark for marine ship target detection using the
Singapore Maritime Dataset. Dilip et al. [29] introduced the idea of using the proximity
of the bottom edge of the box as a new evaluation criterion for marine target detection.
Qiao et al. [30] constructed a multi-category and multi-angle ship target dataset, VessellD-
539, and applied Resnet50 as the backbone network to complete a five-element network
framework, improving the accuracy of ship reidentification. The abovementioned method
provides a new way for improving the accuracy of the multi-object tracking algorithm, but
it still cannot meet the real-time requirements.

YOLOV3 is significantly better than other algorithms in detecting accuracy and speed;
thus, a multi-object tracking algorithm based on an improved YOLOv3 network is proposed
herein. To better the detection ability, we first improved the YOLOv3 network model to
a more suitable detection framework for this experiment. Concurrently, by introducing
the MGN network to extract more accurate target appearance information for feature
prediction and matching, the tracking effect of similar images was improved. The overall
block diagram of the proposed multi-object tracking algorithm is shown in Figure 1.

The main contributions of the paper can be summarized as follows:

(1)  We chose YOLOVS3 as the target detection framework and improved it to enhance the
detection ability of the model. By removing the 52 x 52 prediction scale, the network
depth is reduced, and the training time is greatly saved. In order to fit the target
characteristics of the ship, we linearly stretched the anchor box after the K-means
algorithm. We also adjusted the loss of the model to solve the imbalance of positive
and negative samples.

(2) To solve the problem of insufficient data, we selected ship targets under different
complex backgrounds to make datasets and improve the performance evaluation of
the network. MGN was used to extract more detailed target appearance information
to facilitate the formation of a complete motion tracking trajectory.

The remainder of this paper is organized as follows: Section 2 introduces the related
work. Section 3 gives a detailed description of our method. In Section 4, we introduce the
results of the experiment. Finally, in Section 5, conclusions are drawn.
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Figure 1. Detection and segmentation effect on our proposed method.

2. Related Work

Target tracking models the motion and appearance characteristics of the target by
analyzing the context information of the image sequence and then predicts the target
motion state and calibrates the target position. Compared with single object tracking (SOT),
which focuses on locating targets in subsequent frames, the MOT algorithm focuses more
on target information matching and ID maintenance. Considering the requirements of
real-time target tracking, the current DBT tracking mode has become mainstream in this
field. The DBT algorithm is mainly composed of three parts: target detection, feature
matching, and data association.

2.1. Object Detection

The target detection system analyzes the input image and predicts the location of
the target of interest. As an important part of the multi-target tracking algorithm, the
performance of the target detector will directly affect the effect of multi-object tracking. In
the process of target detection, missed or false detection will cause frequent switching of
the target ID and disorder of the target’s movement trajectory. For the above reasons, the
reasonable choice of target detection network is crucial. The traditional target detection
algorithms based on image processing technology are mainly divided into optical flow
method [31], inter-frame difference method [32], background difference method [33], and
template matching method [34]. The abovementioned algorithms complete the detection
task by detecting the strong contrast between the target and the image background, which
is difficult to meet the target detection under the complex background. To further meet
real-time requirements, research based on deep learning has been widely used in the field
of target detection. Feature extraction is the core step of the target detection algorithm. By
judging whether to manually extract feature information, it can be divided into machine
learning-based and deep learning-based target detection. The former is mostly manual ex-
traction of features, such as haar feature [35], histogram of oriented gradient [36], and local
binary pattern [37]. The latter learns features by itself through convolution operations and
is mainly composed of one-stage algorithms (e.g., YOLO [21-23], SSD [24], RetinaNet [25],
CenterNet [26], and BorderDet [27]) and two-stage algorithms (e.g., R-CNN [17-20]). Cur-
rently, target detection based on deep learning has become the mainstream model, which
has promoted the rapid development of MOT technology.

2.2. Feature Matching

Taking into account the misalignment when the uncertainty of object state estimation
is low, we usually measure the matching degree of features by combining the motion
information and appearance information of the target.

2.2.1. Motion Model

To achieve continuous tracking of the target, the motion model predicts the position
of the target in the video frame by frame and transforms the tracking box of the previous
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frame to the current frame to match the detection box. In most motive scenes, the camera is
fixed, and the interval between two adjacent frames is short, and it can default to a uniform
linear motion. Therefore, the Kalman filter [2] model is usually used to predict the motion
of two adjacent frames. Subsequently, more and more scholars carry out research on the
motion characteristics of the target. Martin et al. [38] used correlation filters (CF) to replace
the Kalman filter in SORT to improve the tracking effect. Bochinski et al. [39] proposed the
use of kernelized correlation filters (KCFs) to expand high-speed intersection over union
(IOU) tracking, which solved the problem of trajectory clutter and frequent ID switching.
Zhao et al. [40] introduced a new type of compressed CNN based on correlation filtering,
which has the ability to reidentify when the target is lost. With the rise of deep learning,
optical flow estimation is directly applied to neural networks. Fischer et al. [41] designed
an optical flow network (Flownet) to directly predict optical flow with a trained decoder.
Liu et al. [42] applied PWC-Net [43] to alleviate camera motion defects and regarded the
optical flow network as an auxiliary tracker to solve the problem of missed target detection.
In the process of short-term target tracking, it is more accurate to use motion features to
match the target.

2.2.2. Appearance Model

The appearance model aims to learn the external characteristics of the target so that
the same target feature in each frame of the image sequence is more similar than the
different target features. In the early research, traditional artificial features (e.g., color
histograms, and gradient features) were often used to characterize the appearance of the
target, but the recognition effect was poor on complex target tracking problems. The rapid
development of deep learning has made the appearance features of targets extracted by
neural networks widely used in the field of target recognition. Laura et al. [44] trained
the Siamese net to learn descriptors encoding local spatiotemporal structures between the
two input image patches. Schroff et al. [45] used a novel online triplet mining method to
realize tasks such as face recognition, verification, and clustering. On this basis, Hermans
et al. [46] designed a variant of the triplet loss to perform end-to-end deep metric learning.
Xiao et al. [47] proposed margin sample mining loss (MSML), which can achieve better
learning losses. Son et al. [48] presented the quadruplet network model to learn more
target appearance features. The more detailed the appearance features are, the higher the
tracking efficiency of similar images is. When the target is occluded, it is better to use the
appearance information to match the target.

2.3. Data Association

Data association refers to ID matching of multiple targets according to the similarity
measurement results. The similarity measurement measures the similarity between the
detection box and the tracking box by calculating the position distance and the feature
distance. Commonly used measurement methods, such as IOU measurement, Mahalanobis
distance, and cosine distance [3], cannot form a complete trajectory. As a key step in the
DBT task, data association directly determines the matching efficiency and the final tracking
effect of the tested targets. In the process of data association, it is difficult to distinguish
the target characteristics, which will lead to frequent ID switching. After the target is
occluded for a short time, how to continue to accurately recover the target information is
also the focus of the current research in the field of multi-object tracking. The most common
data association algorithm in MOT is the Hungarian algorithm [2], which is to obtain the
maximum matching value of the bipartite graph through the augmented path. In addition,
algorithms such as recurrent neural network (RNN) [49] and deep multi-layer perceptron
(MLP) [50] are gradually being applied at the data association stage.

3. Methods

The MOT algorithm simultaneously performs location recognition, track maintenance,
and ID recording for multiple targets in videos, which is difficult to track. As illustrated



Remote Sens. 2021, 13, 3601

50f 14

in Figure 1, we used the improved YOLOv3 algorithm for target detection and formed a
complete trajectory of ship targets according to the multi-object tracking algorithm with
MGN. To further improve the accuracy and speed of object tracking tasks, we made the
following optimizations.

3.1. Improvement of YOLOv3

The existing YOLOv3 algorithm is only suitable for target detection with high contrast
in natural scenes. Therefore, we improved the network model using the characteristics of
ship targets.

3.1.1. Detection Scale

The YOLOv3 network effectively combines deep semantic information and shallow
feature information through the introduction of a multi-scale prediction structure, improv-
ing the accuracy of target detection. The feature pyramid was constructed with three sizes
of feature maps for detecting different sizes of targets. The receptive fields at three scales
are shown in Figure 2.

(b) (c)

Figure 2. Receptive field of the same aerial remote sensing image at different scales: (a) 13 x 13;
(b) 26 x 26; (c) 52 x 52.

However, our target detection dataset was derived from remote sensing images. From
Figure 2, the ship target studied is more suitable for the prediction of the two scales of
13 x 13 and 26 x 26. Thus, the detection scale of 52 x 52 was omitted from this paper to
avoid wasted time caused by model complexity. This reduces the network model depth and
number of parameters and saves the detection time of the target. The improved network
model graph is shown in Figure 3.
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Figure 3. Structure of the improved network model.
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3.1.2. Anchor Box

The ship target in the remote sensing image is elongated and different from the fixed
anchor box shape originally set by YOLOv3. It was therefore necessary to readjust the
number and size of the anchor boxes when performing object detection. The K-means
algorithm [51] was used for clustering analysis to determine the prior anchor box more
suitable for the existing dataset. We set the range of K from 1 to 12, and the IOU values
corresponding to different cluster numbers of the dataset are shown in Figure 4.

IoU
0.90

0.50 :
8

Figure 4. The clustering results of our datasets.

When K = §, the curve is stable. Thus, we selected eight sets of anchor frames. As the
ship target is elongated and large, to fit its characteristics more closely, we linearly lifted
the prior box; the specific formula is as follows:

/
x] = axg
xg = pxg O
r i) (g /
X} = G ) (xgl y xp) + )
J— 1
Vi= Xy

where x; and y; are the horizontal and vertical dimensions of the i-th anchor box after linear
scaling, respectively; « and B are scaling factors with values of 0.8 and 1.2, respectively. The
final sizes of the anchor boxes after linear scaling are (89 x 217), (96 x 134), (142 x 184),
(181 x 121), (183 x 243), (222 x 182), (293 x 195), and (334 x 147), respectively.

From the clustering results, it can be observed that the size of the detection dataset
elongates in agreement with the actual situation. Further, choosing the appropriate size and
number of corresponding anchor boxes can improve the model’s precision in positioning
and detection of specific targets.

3.1.3. Loss Function

For the one-stage algorithm, many easy negative examples in the dataset exist, that
is, samples belonging to the background. In the target detection process, these samples
dominate the updated direction of the gradient and hinder the reduction of the loss function,
thereby seriously affecting the detection accuracy of the target. Focal loss [25] solves the
unbalanced sample allocation by optimizing the cross-entropy function. The expression of
the cross-entropy loss function is as follows:

_ —log(p),y =1
CE(W)_{ —log(1—p)y #1 @
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where p is the output value of the activation function. The following transformation is
performed on p to obtain the cross-entropy loss function:

n={a ©
CE(p,y) = CE(p:) = —log(p:) 4)

In the iterative process of many simple negative samples, the loss function drops
slowly and never attains the optimum value. The weight factor «; is introduced to balance
the uneven proportions of positive and negative samples. It is expressed as the proportion
of the opposite class, that is, the more negative the sample is, the smaller the weight is. For
the balance of simple and difficult samples, a dynamically changing weight (1 — p;)” is
introduced, making the network pay more attention to difficult and misclassified samples.
The final loss function is as follows:

Losspp = —a(1 — py)” log(pt) ©)

where 7 is the modulation factor used for reducing the loss of easy-to-classify samples, p;
is the prediction probability, and «; is the weight factor whose value is in the range of [0, 1].

3.2. Improvement of Appearance Model

Remote sensing images become easily occluded by cloud interference. Appearance
features, as highly distinguishable attributes in the target detection field, have advantages
in identifying targets with similar shapes or occluded. Following the rise of deep learning,
appearance features of targets extracted using neural networks are widely used in the
fields of target detection and tracking. The multi-granularity network [52] based on deep
feature extraction was proposed for person reidentification in 2018. Therefore, we selected
the MGN network to extract richer and fine-grained information to complete the feature
matching of the targets. The structure diagram is shown in Figure 5.

S1 average pooling 4. Ix 1
‘ l ' conv layer ——
1101 — [N
S2 average pooling U m Output
C f:hannels 3% C L ‘ Ix1x8C
Input feature map  ( __ r >, !

Global average pooling Glebal MEx Pooling

Figure 5. Schematic diagram of MGN structure.

From Figure 5, this network acquires different levels of multi-granularity feature infor-
mation by extracting the global and local features of the target separately. We extracted the
information from the target using the MGN module to obtain a more integral appearance
feature. As the granularity of segmentation increases, the network learns more detailed
information, thereby improving the association of target information in the long-term
target tracking process. The multi-dimensional extraction of global and local features of
the input feature map obtains more comprehensive feature information. The improvement
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of appearance features strengthens the efficiency of tracking similar pictures and reduces
the number of ID switches.

4. Experiments
4.1. Experimental Design

Remote sensing images have various scales and severe background interference,
making data acquisition extremely difficult. Training using convolutional neural networks
requires a large number of data samples, hence the difficulty to directly detect and track
targets from existing datasets.

4.1.1. Datasets Creation

The particularity of remote sensing images raises the requirements of the network
model for target tracking accuracy. Among the commonly known datasets of remote
sensing images, the DOTA dataset has the best image quality presently, and the image size
is around 4000-5000 pixels. The DOTA dataset was used herein to complete the production
of the multi-object tracking dataset. The main process was as follows:

(1) We manually selected 40 pictures from the DOTA dataset to ensure that each picture
contains approximately 10 ship targets and cropped them to 1024 x 1024 size images.

(2) Regarding ships on the sea, the speed of ordinary cargo ships is 22-27 km/h and the
speed of large container ships is 36-52 km/h. We divided the size of the ship target in the
selected picture according to the pixel value: targets larger than 150 x 150 are considered
large targets; otherwise, the targets are considered as small targets. Thus, the small target
translates forward by 5 pixels per frame and the large target by 3 pixels.

(3) We coded to implement operations, such as translation and rotation of the ship target
in each picture, to obtain the required dataset.

(4) Repeat the above steps until the production of 40 video sequences (the MOT dataset)
was completed.

One picture was taken from the 40 video sequences every five frames, and 4026
pictures were obtained. To avoid overfitting, the dataset was amplified through rotation
angle and mirror flip. Finally, 20,000 images in the target detection dataset required for
the experiment were obtained. Concurrently, all pictures were divided into a training
set, a validation set, and a test set in the ratio of 3:1:1, which were used for training and
evaluating the target detection network. In addition, because the detection and tracking
datasets had partially overlapped pictures, we divided the 40 video sequences in the object
tracking dataset into training and validation sets at a ratio of 7:3 and used these to retrain
the object detection network and verify the proposed model presented in this study.

4.1.2. Evaluation and Implementation

In this paper, we chose the average precision (AP) and output tensors of our model
as the evaluation indexes for object detection. Further, the multi-object tracking preci-
sion (MOTP), the multi-object tracking accuracy (MOTA), the identity switches (IDsw),
and the frames per second (FPS) were selected to evaluate the tracking capability of the
network model. All experiments were based on a computer with an Intel Core i7-7700K
CPU at 4.20 GHz and NVIDIA GTX 1060Ti GPU. There were 12,000 training samples,
4000 validation samples, and 4000 test samples in our self-made datasets. In the process of
model training, the self-made dataset was used for preliminary training of the network,
and the validation set was used to further verify the effect of the improved model. The
preset training parameters were as follows: the momentum was 0.9, the weight attenuation
was 0.0005, the initial learning rate was 0.001, and the maximum number of iterations
was 20,000. The learning rate drops to 0.0001 after 7500 iterations, and to 0.00001 after
15,000 iterations. We set the batch of the improved model to 32; the training epoch is 50,
with 20 rounds in the first stage and 30 rounds in the second stage. The training loss
function diagram of the improved model on the dataset is shown in Figure 6.
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Figure 6. The training loss function diagram of the improved model on the dataset.

Figure 6 shows that the network model after the first 20 rounds of training was still
underfitting, resulting in a large loss function. In the subsequent 30 rounds, the learning
rate of the network model was adjusted in time, which effectively avoided the recurrence
of overfitting. The training loss value after the final iteration was 4.7382.

4.2. Experiments and Analysis

This study was based on the improved YOLOvV3 network along with the DeepSORT
algorithm for multi-object tracking of remote sensing ship images. To test the effective-
ness of the improved model, we used the mainstream detection and multi-object tracking
algorithms to compare experiments with the improved network, comprehensively consid-
ering the detection and tracking capabilities of the network model from the detection and
tracking result graph and multiple evaluation indicators.

4.2.1. Object Detection

We conducted experimental comparisons on the performance of each part of the
improved YOLOv3 model.

From Table 1, YOLOv3(1) is the original YOLOv3 network with a detection accuracy of
91.32%, and the output tensor is 6.4 x 10%. YOLOV3(2) is the network model after adjusting
the prior anchor, and its detection accuracy is increased by 1.45%. YOLOv3(3) model
deleted the 52 x 52 detection scale to reduce the complexity of the model and replaced the
original loss function with focal loss to balance the uneven distribution. The final detection
accuracy is slightly improved, but the output tensor is significantly reduced. Finally, our
network model increased the detection accuracy to 93.55%, while reducing the number of
output prediction tensors to a quarter of the original.

Table 1. Performance comparison of each part of the improved model.

Network Model 52 x 52 Scale Lossgr, Anchor Setting AP/% Tensors
YOLOv3(1) v 91.32 6.4 x 10*
YOLOV3(2) v v 92.77 6.2 x 10*
YOLOV3(3) v 92.09 1.7 x 10*

ours v v 93.55 1.6 x 10*

From the experimental results, it can be observed that the evaluation index of the
improved model is considerably better than that of the YOLOv3 algorithm; moreover, the
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AP value increased by 2.23%. The number of output prediction tensors of the improved
model is only a quarter of that of YOLOv3, which greatly reduces the parameter-processing
scale of the network. The results of the algorithm mentioned in this paper are shown
in Figure 7.

(a2) | (b2)

Figure 7. The results showing the detection of different algorithms on the dataset: (al,a2) the YOLOv3
model; (b1,b2) the proposed model in this paper.

In Figure 7, the YOLOv3 model has a poor ability to detect the edge of the image;
however, the improved algorithm makes up for this defect. Comprehensive performance
indicators and detection results prove that the proposed algorithm considers both speed
and accuracy and is suitable for remote sensing ship target detection.

4.2.2. Multi-Object Tracking

To verify the performance of the proposed algorithm in the multi-object tracking of
ships, we conducted tests on the target tracking dataset and compared the experimen-
tal results with those for the SORT and DeepSORT algorithms. The results are shown
in Table 2.

Table 2. Comparison of multi-object tracking effects of different algorithms.

Method MOTA/% MOTP/% IDsw FPS
SORT 59.7 735 122 13
DeepSORT 62.2 725 65 9
DeepSORT + MGN 63.1 72.3 54 9
ours 64.5 71.8 50 21

From Table 2, it can be observed that the multi-object tracking accuracy rate of the
DeepSORT algorithm with the MGN network is slightly improved, compared with the
previous two algorithms. However, the MGN network obtains more complete appearance
characteristics by extracting the deep-level information of the target, which helps to im-
prove the association of the target information in the long-term tracking process to form
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(c1)

a correct trajectory. Therefore, the addition of the MGN network is effective in reducing
the number of IDsw. In addition, the multi-object tracking accuracy rate of our method is
64.5%, which is 4.8% and 2.3% higher than that of the SORT and DeepSORT algorithms,
respectively. Concurrently, the target ID switching times of the improved algorithm are
15 less than those of the DeepSORT algorithm. In particular, after the introduction of the
YOLOV3 detection model, the average running speed is close to 21 frames per second to
meet the real-time requirements. The tracking results of the algorithm proposed in this
paper are shown in Figure 8.

Givént @bject founter:s  “g.:
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i o Y-
-y
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(c2) o (c3) S (c4)

Figure 8. Tracking results of one frame on the dataset using different algorithms: (al-c1): the 12th frames; (a2-c2): the 24th
frames; (a3—c3): the 53rd frames; (a4—c4): the 62nd frames; (al-a4) the tracking results of the SORT model; (b1-b4) the
tracking results of the DeepSORT model; (c1-c4) the tracking results of the model proposed in this paper.

In Figure 8, the SORT algorithm missed detecting the 12th and 24th frames; that is,
the fifth target was not detected. Both DeepSORT and improved algorithms mistakenly
regarded the fifth target as a new target at frame 24; however, the improved algorithm
re-identified it using matching appearance features at frame 53, while the DeepSORT
algorithm still had errors in detection. In terms of tracking speed, the proposed algorithm
strongly outperforms the other two algorithms.

The comprehensive network-tracking capability of the proposed model improved in
terms of the index parameters or the results of the actual tracking diagram. Due to the
particularity of remote sensing images, comprehensive accuracy, and speed, the proposed
algorithm is more suitable for tracking remotely sensed ship targets, compared to current
mainstream algorithms.

5. Conclusions

As an important strategic resource and transportation tool, ships have practical value
that cannot be ignored in the research on remote sensing images. The background of
remote sensing images is complex, and the scales are changeable; therefore, traditional
multi-object tracking algorithms are difficult for extracting target features and accurately
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locate ships. We proposed a multi-object tracking algorithm using a combination of the
improved YOLOvV3 network and the DeepSORT algorithm. By selecting the YOLOv3
network as the target detection framework and making corresponding adjustments to
the target ship to enhance the detection ability, the MGN network was introduced to
extract more complete target appearance information for feature matching. To obtain a
more accurate motion trajectory, we set the matching priority relative to the frequency
of target occurrences to enhance the data association. The experimental results show
that the accuracy of the proposed model increased by 2.23%, and the FPS is more than
twice the other algorithms, thereby improving the ability of the network. This study fully
evaluated the degree of optimization of the improved algorithm using ship targets in
complex backgrounds, which has practical significance for the research of remote sensing
image multi-object tracking technology.
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