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ABSTRACT Accurate multi-target tracking in film and video has become increasingly important for
intelligent visual perception systems and electromagnetic-enabled sensing applications, where robust
signal representation and feature propagation are essential for reliable scene understanding. This study
investigates the accuracy and precision of multi-target character tracking in film and video by employing
a multi-layer convolution feature framework integrated with convolutional neural networks (CNNs). In
the proposed neural network architecture, video data are processed through multiple convolution and
pooling layers followed by fully connected layers, while the Rectified Linear Unit (ReLU) is adopted
as the activation function to enhance network performance. Experimental results demonstrate that the
proposed method achieves a multiple object tracking accuracy (MOTA) of 56.8%, a multiple object
tracking precision (MOTP) of 79.8%, and an Identification F-score (IDF1) of 60.1%. On the MOT16
benchmark, the proposed approach improves MOTA, MOTP, and IDF1 by 1.8%, 4.0%, and 2.7%,
respectively, compared with the Dynamic Memory based Attention Network (DMAN), indicating superior
tracking consistency and feature discrimination across different video sequences. The results confirm that
the CNN-based multi-target tracking framework significantly enhances MOTA and IDF1 while providing a
reliable computational foundation for intelligent visual sensing and signal processing systems in advanced
communication and electromagnetic perception environments.

INDEX TERMS multi-target tracking, convolutional neural network, signal processing, electromagnetic

sensing, visual perception

I. INTRODUCTION

ITH the continuous development of modern science
W and technology, movies and videos based on Internet
technology constantly impact human vision, much like the
sophisticated visual surface inspection and material char-
acterization technologies evolving within engineering. This
digital progression facilitates a deeper integration of high-
resolution imaging and automated analysis, which are now
foundational to the advanced manufacturing standards of
the industry [1-3]. After work, most people spend their
free time watching videos. Nowadays, movies, videos and
sports events are all spread through the Internet. With the
increasing requirements for experience of watching movies
and videos, researchers related to film and television pro-
duction have integrated various high technologies to realize
target tracking [4-6]. This technology enables the precise
localization and persistent identification of key characters
within complex cinematic sequences. By providing robust
temporal-spatial consistency, target tracking serves as a
foundational component for advanced post-production tasks,
such as automated character-centric editing and dynamic vi-
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sual effects, thereby enhancing the overall technical quality
of film production. To evaluate the proposed multi-target
tracking framework, widely recognized public benchmarks
are utilized to simulate diverse real-world shooting scenarios
captured by cinematic cameras [7-9]. According to the given
situation, research demonstrates that multi-target tracking
constitutes a fundamental technical pillar in the evolution
of digital film and video processing. In the actual compli-
cated and changeable video shooting environment, there are
uncontrollable changes in the shape, movement and scale of
the shooting target, which has high requirements for multi-
target tracking technology.

In order to improve the accuracy of multi-target tracking
algorithm, researchers all over the world have done a lot
of research, and have obtained many effective methods.
Multi-target tracking technology includes many categories
in advanced science and technology. Such as image pro-
cessing, optimization methods and signal processing. Li
et al. (2021) [10] pointed out in medical diagnosis and
multi-modal medical image research that deep learning
algorithm can pre-process the data of pattern recognition
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and image processing, automatically learn and constantly
optimize itself. Besides, this algorithm can also deal with
image fusion problems well, and has the advantage of good
stability. Sun et al. (2018) [11] proposed in the “Multi-
Target Pig Tracking Loss Correction Algorithm Based on
Faster Region-Convolution Neural Network (Fast R-CNN)”
that combining Background Difference Method with Speed
Up Robust Feature (SURF) can produce better robustness
and adaptability, and this method can well solve the problem
of multi-target tracking loss. Concurrently, multi-targets can
still be tracked accurately of the occluded target. He et al.
(2018) [12] introduced a new joint multi-target tracking and
tracking maintenance algorithm based on sensor networks,
and the research results confirmed the authenticity and
effectiveness of the proposed multi-target tracking algorithm
based on multi-sensors [13-15]. According to the above-
mentioned multi-target tracking algorithms and the related
research status of deep learning model all over the world,
further research is made on the existing problems and re-
search methods that is not involved. In addition, no relevant
researchers have combined convolution features videos with
multi-target tracking algorithm to research on film and
video. On this basis, multi-target tracking algorithm and
convolution features are used to study on the video. The
innovation lies in the integration of a specialized spatial
attention mechanism with multi-layer convolution features
to dynamically weight character appearance in occluded
video scenes, a refinement that enhances identity preserva-
tion compared to standard CNN-based tracking frameworks.
The research topic lays a theoretical foundation for the
follow-up related research work, and concurrently, it has a
referencing significance for the relevant personnel engaged
in film and video research.

Il. METHOD

A. CONVOLUTIONAL FEATURES

The CNN algorithm in deep learning is employed to extract
features from standard multi-object tracking datasets (e.g.,
MOT15, MOT16, and MOT17), which serve as the primary
data source for validating the model’s performance. CNN
[16-18] algorithm can minimize preprocessing, and besides,
it can directly extract the most expressive features from the
original data input by specifying features manually. In the
CNN model, video data goes through multiple convolutional
layers and pooling layers. Then it is connected with each
other by multiple fully connected layers. In order to improve
the network performance, the activation function used by all
neurons is usually ReLU function. Meanwhile, in order to
balance computational efficiency and real-time tracking re-
quirements, AlexNet is selected as the lightweight backbone
for feature extraction. Although modern architectures like
ResNet-152 provide higher peak accuracy, the streamlined
structure of AlexNet significantly reduces the latency in
processing high-frame-rate film data, which is crucial for
maintaining consistent tracklets. Therefore, the functional
layer of convolutional layer of AlexNet model is further
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improved. Primarily, the local part is normalized, then the
priority of the pooling operation is put to the next step. Ul-
timately, the local part is normalized again. Two advantages
of this improved method are: first, it can further enhance the
generalization ability of AlexNet network, simultaneously,
it can also weaken the phenomenon of over-fitting, which
greatly reduces the training time; Second, overlapping pool-
ing operation before local normalization can not only keep
more data information and weaken redundant information
in the pooling process, but also accelerate the convergence
rate in the training process of video prediction model. It
can also highlight the advantages of overlapping maximum
pooling over previous maximum pooling methods. Figure 1
concludes the framework of CNN algorithm.

In the algorithm flow of AlexNet [19-21], initialize A3 =
A4 and s as shown in Equations (1), (2) and (3).
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Equation (3) is the supplement of Equations (1) and (2).
Index dj; is sorted in ascending order to find out the smallest
k d; among them. Besides, IV 1 (x?) stands for the k samples
nearest to x'. Update F! as displayed in Equation (4).
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According to Equations (1-4), the eigenvalues corre-
sponding to the smallest ¢ eigenvectors of Laplace matrix
L, can be used to form F'. Parameter s(¢) can be obtained
by merely solving Equation (5).
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The prevalence of deep learning models causes that
different CNN models gradually appear in the public’s field
of vision. CNN model has become the basic model to
solve various problems, on which background, the CNN
model is adopted to deconvolute the film and video images
and visualize the characters in the videos. Then, Figure
2 presents what is obtained and signifies the visualization
process of video image features.

Further, the features of video and TV are extracted, and
the tth feature map of the /th convolution layer is analysed
in the way of overlapping pooling to sample %! (i, j).
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FIGURE 1. Framework of CNN algorithm.

FIGURE 2. Visualization of video image features: (a) the original image in the video; (b) the image obtained by the first part of
convolution; (c) the image obtained by convolution in the second part; (d) the image obtained by convolution in the third part; (e)
images obtained by convolution of the fourth and fifth parts

ak(i,j) = max{y (i, j), is <i <is+we—1,

6
js <j < js+we—1} ©

In Equation (6), s means the pool moving step. w, equals
to the width of pool area, meanwhile. w. > s. After the
first and second pooling layers of AlexNet model, local
normalization layers are added to standardize the feature

map c; (i, j):

min(N—1,t4+m/2) B

(i, f) = ai(i,5)/ (k+a Y (ai(i,f))’
max(0,t—m/2)

(7

In Equation (7), k, o, 8, m refer to super-parameters,
which are valued in sequence as 3, 0.76, 10~° and 8, respec-
tively. Parameter n means the total number of convolution

VOL. 15, NO. 3, AUGUST 2026

kernels in the /th convolution layer. According to the target
detection model, the specific position of the video target
is determined, and then the characteristics of the target
characters are further obtained through the detection results
of the target objects, then the targets are matched, and
finally the corresponding association is made clear. Figure
3 denotes the feature extraction process of video images.

In view of the gradient dispersion problem in the network
model, ReLU function is taken as the activation function
to activate the output convolution S.(i,j). Equation (8)
expresses the process.

yi (i, ) = f(S}(i, 5)) = max{0, S{(i,4)} (8)

In Equation (8), S,f(z', j) represents the activation function
of ReLU. If the weight 0 = [K}, W], bL,bl], the gradient g
is expressed as Equation (9).
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FIGURE 3. Feature extraction process of video images
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Then, Equations (10) and (11) illustrate the bi-first-order

moment estimation s and second-order moment estimation
r of the updated gradient, respectively.

9= €))

s=pis+(1—p1)g 10

r=par+ (1= p2)g® (11)

In Equations (10) and (11), p1, p2 define the exponential
decay rate for the moment estimation. Deviation § of the
corrected first moment s and deviation 7 of the second
moment r are calculated as shown in Equations (12) and
(13), respectively.
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Finally, Equation (14) illustrates the updated weights 6.
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In Equation (14), ¢ means learning step, and J represents
a small constant for numerical stability. In order to improve
the accuracy of data association, the characteristic of high
response of CNN is fully utilized, and then reinforce the
network with spatial attention mechanism. Figure 4 presents
a video image spatial attention module.

Generally, in order to prevent over-fitting, the parameter
of dropout operation is usually set as 0.4 in the fully
connected layer. When [ equals 5 in Equation (4), all feature
images are reconstructed into a high-dimensional single-
layer neuron structure C¢, then the input Z¢ of the ith
neuron in the 6th fully connected layer can be obtained
through Equation (15).

0=060+ A0 (14)

Z8 = WECs + b8 (15)

In Equation (15), W and b¢ refer to the weight and offset
of the 7th neuron in the 6th layer of the fully connected layer,
respectively. In the process of improving generalization
ability, a dropout strategy is implemented on the neurons
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in the 6th and 7th fully connected layers. Equation (16)
expresses the principle of the process.

rl ~ bernoulli(dp), C'=r'C! (16)

Then, the input of the ith neuron Zf“ in the 7th and 8th
fully connected layers can be represented by Wzl +Hc +bé+1.
The output C! of the i-th neuron in the 6th and 7th fully
connected layers is defined as f(Z!), namely max{0, Z!}.
Finally, the input of neurons ¢; in the 8th fully connected
layer can be solved out by Equation (17).

8
€Zi

—12 z5
Zj:l e’
Additionally, the cross entropy loss function is suitable

for the classification task as the error function of the model.
Equations (18) and (19) signify how it works.

¢; = softmax(Z}) = (17)

K

Loss =Y y; -log(p:) (18)
i=1

pi= ) __ (19)

S exp(7;)

In Equations (18) and (19), parameter K stands for the
number of types, parameter y; means the true category
distribution of samples, y; refers to the output result of
neural network, and p; equals the classification result after
passing through Softmax classifier [22-24]. The input of the
Softmax function is an n-dimensional real number vector,
which is set as z. Equation (20) presents the specific
expression.

evi
§r)i= ———> i=12,...,N 20)
Zn:l ern

Fundamentally speaking, Softmax function can map any
n-dimensional real number vector into an n-dimensional
vector whose values of all elements are in the range of (0,1),
thus realizing the normalization of the vector. In order to
reduce the computational complexity of the model system,
compandor is generally adopted to transform the data so as
to improve the prediction efficiency of the model.

sign(z;) In(1 + p|zy|)
In(1+ p)

flze) = EARS! Q1
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FIGURE 4. Spatial attention module of video image.

B. MULTI-TARGET TRACKING ALGORITHM

In real life, people often encounter all kinds of complicated
scenes, such as the shooting and making process of film and
videos. Because of the actors’ movements being blocked by
various obstacles, the multi-target tracking [25-27] is greatly
interfered. Time complexity and tracking accuracy are very
important for multi-target tracking technology. Figure 5
displays a scene of moving people tracking.

Another method is to use Kalman filter to model various
trajectories of target objects. Firstly, prediction is made on
the possible position of the target object in the next second.
Secondly, a coordinate origin is established for the predicted
position of the target object. Thirdly, the filter function is
used for preliminary processing. Equations (22) and (23) are
the calculation of radius. Equation (24) is used to get the
prediction probability of the target trajectory.

h
n=3 22)
w
=g (23)
1 x? y2
- (2L 24
P 2mr1To exp( (27’% + 27’%)) (24)

In Equations (22-24). r; and ry refer to the radius, h
and w represent the heights and width of the target. The
target characters are divided into multiple grids, track and
locate them concurrently to predict the probability of their
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Convolution

categories, and calculate the offset. Figure 6 presents the
result of target tracking output.

In order to improve the accuracy and efficiency of track-
ing, usually, some negative samples need to be removed
when dealing with distant objects.

pij = al (X} - X1) (25)

Generally, the target is described according to the motion
characteristics and appearance characteristics. In Equation
(25), Xfl means the appearance description vector of the
ith object at ¢1; thz stands for the appearance description
vector of the jth object at t9; o . refers to the confidence
score obtained by Gaussian model. p;; denotes the similar-
ity between any two objects. Equation (26) illustrates the
position of the same target at different times.

T, = (Oi_g,--,0}) (26)
In Equation (26), T; stands for the current track, and ¢ =
1,2,...,m. Equation (27) reveals the similarity between the

moving track of the target and the target by:

Sij = aj* Y (X] X)) 27)

In Equation (27), X! means the vector expression of
targets’ feature of target track 7;, meanwhile, Xf, e T;.
If the similarity matrix S is set as a negative number, the
cost matrix —S can be obtained, and then correlate the
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FIGURE 5. Tracking movement of characters: (a) the movement at the 5 second in the video; (b) the motion at the 10 second in the
video; (c) the motion at the 15 second in the video; (d) the motion at the 20 second in the video; (e) the motion at the 25 second in the

FIGURE 6. Result of target tracking output

current video data with the tracking track data. Equation
(28) denotes the expression.
assignment = Hungarian(—.5) (28)

The loss functions of the multi-objective model studied
are cross entropy loss function and multi-objective tracking
loss function. Equation (29) is a cross entropy loss function.

Lo =—) p;xlog(q:) (29)

In Equation (29), p; can be calculated as shown in
Equation (30), which represents the meaning of predicting
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different types of probabilities. Parameter ¢; refers to the
true type of the target object.
exp(xi)
Pi= = (30)
> exp(z;)
In Equation (31), smooth L1 denotes the loss function of
the specific position regression of the target object.

Lrp =) smoothL1(l; — g;) 31

In Equation (31), I; means the specific position of the
target output by the model, §; represents the true position of
the target object. By changing it nonlinearly, the expression
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