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Abstract. The realization of the 5G/6Gnetwork can ensure high-speed data trans-
mission, which makes it possible to realize high-speed data transmission in the
monitoring video system. With the technical support of 5G/6G, the peak trans-
mission rate can reach 10G bit/s, which solves the problems of video blur and low
transmission rate in the monitoring system, and provides faster and higher res-
olution monitoring pictures and data, and provides a good condition for surveil-
lance video target tracking based on 5G/6G network. In this context, based on
the surveillance video in the 5G/6G network, this paper implements a two-stage
processing algorithm to complete the tracking task, which solves the problem of
target loss and occlusion. In the first stage, we use the Yolo V5s algorithm to
detect the target and transfer the detection data to the Deep SORT algorithm in the
second stage as the input of Kalman Filter, Then, the deep convolution network
is used to extract the features of the detection frame, and then compared with
the previously saved features to determine whether it is the same target. Due to
the combination of appearance information, the algorithm can continuously track
the occluded objects; The algorithm can achieve the real-time effect on the pro-
cessing of surveillance video and has practical value in the future 5G/6G video
surveillance network.
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1 Introduction

At present, in the field of target tracking, tracking algorithms are mainly divided into two
categories, GenerativeAlgorithm andDiscriminantAlgorithm. The generative algorithm
is to first establish the target model or extract the target features [1], and then search for
similar features in subsequent frames to track. In recent years, the relevant representative
algorithms include Kalman Filter [2], Mean Shift, ASMS, and so on [3], Discriminant
Algorithm [4] means that the target model and background information are taken into
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account at the same time. The current frame takes the target area as the positive sample
and the background area as the negative sample. The machine learning method [5] trains
the classifier. In recent years, the related representative algorithms include TLD, SVM,
and so on [6].

2 Target Detecting Based on YOLO V5s

The YOLO network is mainly composed of three main parts [7]:

• Backbone: a convolutional neural network that aggregates different fine-grained
images and forms image features

• Neck: A series of network layers that mix and combine image features and transmit
image features to the prediction layer

• Head: The image features are predicted to generate boundary boxes and prediction
categories (Fig. 1)
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Fig. 1. The overall model

2.1 Focus

Yolov5 first uses the input of 3 × 640 × 640, and the function of the Focus layer is to
copy four copies of it. Then, the four images are cut into four 3 × 320 × 320 slices
through slicing operation, and then concat is used to connect the four slices in-depth,
and the output is 12 × 320 × 320. After that, the output of 32 × 320 × 320 is generated
through the convolution layer with the convolution kernel of 32. Finally, the output is
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input to the next convolution layer through Batch Normalization and Leaky ReLU. The
selection of activation functions is crucial for deep learning networks. YOLO V5s uses
Leaky ReLU and Sigmoid activation functions as shown below, the middle/hidden layer
uses Leaky ReLU activation functions, and the final detection layer uses Sigmoid shaped
activation functions (Fig. 2).

Fig. 2. The activation function

2.2 CSP

YOLO uses CSP Darknet as Backbone to extract rich information features from input
images. The CSP structure of YOLO V5s is divided into two parts, Bottleneck and CSP.
While bottleneck is a classic residual structure: firstly, 1 × 1 convolution layer (Conv
+ Batch Normalization + Leaky ReLU) then 3 × 3 convolution layer, and finally, the
residual structure is added to the initial input, as shown in the following Fig. 3.
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Fig. 3. Residual structure

2.3 SPP

SPP is the Spatial Pyramid Layer. It outputs the input feature graph of 512 × 20 × 20
through the convolution layer of 1x1and then subsamples the three parallel convolution
cores. For different branches, the padding sizes are different. In this way, the size of each
pooled result is the same, and then the splicing results are added to the initial features.
Finally, the 512 convolution kernel is used to restore the feature map to the size of 512
× 20 × 20, as shown in the schematic diagram below (Fig. 4):
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Fig. 4. SPP structure

3 Target Tracking Based on Deep SORT Algorithm

3.1 Motion Information

First introduced motion feature extraction part, the following eight states are described
for a detection box.

• Test box center abscissa
• Longitudinal coordinates of the center of detection
• Detection frame size
• Aspect ratio
• Variable speed of the abscissa of the center of the detection box
• Variable speed of longitudinal coordinates at the center of the detection
• Variable speed of the size of the detection box
• Change speed of aspect ratio

Based on the above, use an 8-dimensional state vector to describe the change of the
detection box.

x = [u, v, s, r, u̇, v̇, ṡ, ṙ]T (1)

TheKalmanFilter here is a linear uniformitymodel [8], using aMahalanobis distance
to measure the distance between the predicted Karman filtering state and the newly
obtained measurement value (Detection box), as shown below:

d (1)(i, j) = (
dj − yi

)TS−1
i

(
dj − yi

)
(2)

In the above formula, (yi, Si) represents the projection of the i -th track (Kalman
Filter distribution) on the measurement space, yi is the average, and Si is the covariance,
and is predicted by Kalman Filter. To perform distance measurements, must go to the
same spatial distribution to do. The Mahalanobis distance calculates the uncertainty
between state estimates bymeasuring the standard deviation anddetection framebetween
the tracking position means of the Kalman Filter, d1(i, j) is the Mahalanobis distance
between i-th track and the j-th detection, here two symbolic meaning are:
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i: Tracking serial number
j: The serial number of the detection box

Using the 95% confidence interval calculated by the inverted square distribution as
the threshold.

3.2 Appearance Information

Deep convolution network to extract the appearance characteristics of the detected tar-
get, detect and track each frame, performing a target appearance feature extraction and
saving [9]. When each frame is performed later, it is necessary to perform the similarity
calculation of the appearance characteristics of the current frame, the motion charac-
teristics and appearance features will be combined as a total discrimination basis. The
structure of deep neural network is shown in the following figure (Table 1):

Table 1. Network structure

Name Patch Size Stride Output Size

Conv 1 3 × 3 1 32 × 128 × 64

Conv 2 3 × 3 1 32 × 128 × 64

Max pool 3 3 × 3 2 32 × 64 × 32

Residual 4 3 × 3 1 32 × 64 × 32

Residual 5 3 × 3 1 32 × 64 × 32

Residual 6 3 × 3 2 64 × 32 × 16

Residual 7 3 × 3 1 64 × 32 × 16

Residual 8 3 × 3 2 128 × 16 × 8

Residual 9 3 × 3 1 128 × 16 × 8

Dense 10 128

Batch and l2 normalization 128

The network has 2,800, 864 parameters. Training the depth convolutional neural
network to extract the characteristic information of the target, and trained the model on
the Re-ID data set, the data set contains 1100,000 images of 1261 people, very suitable
for the target tracking. On the NVIDIA GTX1050M graphics card, input 30 Bounding
Box, extraction features approximately use 30 ms, and the training iterative loss value
of the network is as follows (Fig. 5):

The last output of the network is a 128-dimensional vector, considering the task
target tracking under 5G/6G monitoring video, the requirements for tracking algorithms
are mainly pedestrian tracking, so the input size is set to 128 × 64 rectangle. Here are
three definitions:

Initialization: If a detection is not associated with the previously recorded Track, then
starting from this detection, initializing a new goal.
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Fig. 5. Iterative loss value

Freshmen: After a goal is initialized, and in the first three frames are normal capture and
association, then the object produces a new track, otherwise it will be deleted.
Disappearing: If the maximum save time is exceeded, if it is not associated, then this
object leaves the video screen, the information of the object (the appearance features
and behavior features of the record) will be deleted.

Use residual network to extract appearance features. The network accepts the target
as input in the detection box, returns the vector of 128 dimensions, for each detection
box (numbered j) inner object dj, its 128 dimension of the vector is set to rj, the vector
of rj is 1,

∥∥rj
∥∥ = 1. A matrix is created for each targetk, which is used to store the

appearance feature (128 dimensional vector) of the target in different frames, indicated
by Rk , the expression is as follows [10], the meaning of k is the target k, That is, the
serial number of Object-in-track, i is tracking sequence number [11].

Rk =
{
r(i)k

}(Lk )

k=1
(3)

The Lk size is up to 100, which can only store the target appearance characteristics
in 100 frames before the current time of the target k. At some point, you get the appear-
ance characteristics of the detection box (numbered j), remember to rj. The minimum
cosine distance d (2)(i, j) is then solved by the appearance characteristics of all known Rk
matrices and the appearance characteristics of the obtained detection frame (numbered
j).

d (2)(i, j) = min
{
1 − rTj r

(i)
k

∣∣∣r(i)k ∈ Ri

}
(4)

4 Verification

With the high-definition monitoring video recorded by the camera, use the algorithm
to identify and track. The effect is as shown in the figure below, it can be seen that the
algorithm can again identify the target again, and give the same ID, to continue tracking.

The first case: monitoring video objectives are short-lived due to interaction (Fig. 6)
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Fig. 6. Interaction.

The second case: surveillance video objectives have marginalized or even briefly left
monitoring (Fig. 7)

Fig. 7. Marginalized.
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