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Abstract: Considering the shortcomings of traditional video
multi-target recognition technology in rapidly identifying
criminal suspects in complex scenes, amulti-target recognition
optimization method based on video tracking technology is
proposed. This method constructs a multi-target recognition
algorithm based on video feature matching, and introduces
the Kalman filter algorithm to improve the accuracy and real-
time recognition of criminal suspects through the definition of
feature vector and similarity function. Experiments showed
that the model proposed in the study performed exceptionally
well in terms of tracking error; the highest precision was
94.75%, the recall rate was 96.59%, the tracking error of the
horizontal axis was only 3.75%, and the tracking error of the
vertical axis was 3.27%. In the crime detection video applica-
tion, the accuracy–recall curve of the model was 0.94, and the
feature recall rate was 94.83%, verifying the effectiveness and
robustness of the model in complex and fast scenes. The
results show that the proposed model has good feasibility
and robustness in rapidly identifying criminal suspects. In
addition, the work offered new technical concepts for
improving target tracking precision and adapting to real-
time scene changes, opening new research avenues in thefield
of multi-target recognition.

Keywords: video tracking, Kalman filtering, multi-target,
feature matching, dynamic prediction

1 Introduction

In the fields of modern security management, traffic mon-
itoring, and human-computer interaction, the application

of multi-target recognition and tracking technology for
rapid identification of criminal suspects in complex scenes
has become increasingly significant [1,2]. With the rapid
development of video surveillance technology, efficiently
and accurately identifying multiple targets in complex
environments, especially fast-moving criminal suspects,
has become an important research topic [3]. This tech-
nology is of great significance to public security and crim-
inal investigation and can effectively help prevent security
risks and solve crimes. In view of this, a multi-target recog-
nition model based on video tracking technology and the
Kalman filter (KF) algorithm has been proposed. However,
existing multi-target recognition and tracking technologies
still face many challenges in complex scenarios. For example,
in situations such as rapid target movement, mutual occlu-
sion, lighting changes, and dynamic background changes, the
tracking accuracy and stability of existing algorithms often
fail to meet the requirements of practical applications. These
problems not only limit the effectiveness of multi-target
tracking technology in complex environments but also pose
serious challenges to the intelligent development of fields
such as public safety, traffic management, and industrial pro-
duction. This algorithm extracts features, such as shape, color,
and texture of the target, constructs feature vectors, and
defines similarity functions to improve recognition accuracy
and real-time performance. Concurrently, the KF algorithm
was introduced to address the challenges posed by fast-
moving targets and occlusion, thereby enhancing the efficacy
of the recognition model. The integration of historical frame
information with current frame data facilitates the prediction
of the target’s motion trajectory, thereby enhancing the
tracking stability and accuracy of the model in complex
dynamic environments. The innovation of the research lies
in the construction of a video tracking method that integrates
multiple feature information, such as shape, color, and tex-
ture, of the target. This method dynamically adjusts the
weights of each feature by constructing feature vectors,
thereby significantly improving the accuracy and real-time
performance of target recognition in complex scenes. Second,
the introduction of the KF algorithm combined with historical
frame information and current frame data effectively solves
the problems of rapid target movement and occlusion,
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thereby improving the tracking stability and accuracy of
the model in dynamic environments. This research has the
potential to contribute to the development of more reliable
suspect identification technology for the public security field.
Furthermore, it may offer novel technical concepts and solu-
tions for multi-target tracking applications in intelligent
transportation, industrial automation, medical health, and
other domains. These advancements could stimulate techno-
logical progress and social development in related fields.

2 Related works

In response to the ever-increasing demand for multi-target
recognition, it has been the subject of extensive research
by many academics. Hu et al. proposed a novel dual-
camera system that could quickly switch camera capture
modes and achieve fast image processing through synchro-
nized high frame rate zoom. The study was based on a
convolutional neural network for recognition to achieve
simultaneous recognition of camera and model.
Experimental results showed that this new shooting mode
effectively overcame the previous problem that a single fixed
camera could not capture images clearly due to its wide field
of view [4]. Zheng et al. proposed amethod to manipulate the
similarity between suspects and surrogates through a multi-
dimensional scalingmodel to achieve the best recognition
performance. The outcomes revealed that increasing the
similarity between suspects and surrogates could reduce
misidentification, but too much similarity could increase
the difficulty of cases and reduce the correct identification
rate of criminals [5]. Hou et al. proposed a faceted model
based on similarity adjustment to focus on data association,
which aimed to solve the case of mismatch of tracking asso-
ciation data for multi-targets and multi-cameras. After
applying this model to the dataset, it could achieve more
competitive performance and improve the accuracy and
reliability of multi-target tracking and re-recognition [6].
Lakshmi and Arakeri proposed a sketch-based accurate
face recognition technology to address the difficulty of iden-
tifying suspects in facial recognition in video surveillance, to
solve the problem of using sketches for recognition without
photos. The performance analysis of the proposedmethod on
the Chokepoint dataset showed that the system had an accu-
racy of 89.02%, a recall rate of 91.25%, and an F-measure of
90.13%, proving its effectiveness [7]. As demonstrated in the
preceding study, the majority of the methods may exhibit
substantial variability in recognition across multiple frames
when dealing with fast-moving targets. This can impede the
efficacy of image segmentation and feature matching techni-
ques in accurately capturing target states. Moreover, the

algorithmic feature matching approach is susceptible to
failure when multiple targets become occluded from each
other, leading to instability in recognition and tracking
performance. Therefore, to achieve accurate and stable
multi-target video tracking, a multi-objective detection opti-
mization model combining video tracking technology and a
multi-target algorithm is proposed. This model integrates
various feature information, including shape, color, and
texture, of the target, and constructs feature vectors to dyna-
mically adjust the weights of each feature. This process sig-
nificantly improves the accuracy and real-time performance
of target recognition in complex scenes.

3 Methods and materials

3.1 Algorithm for multi-target recognition
with video feature matching

Rapid identification of criminal suspects in complex scenes
is an important application of multi-target recognition
algorithms, which covers many fields such as public safety,
traffic management, and investigation. By improving the
accuracy and real-time performance of target recognition,
these algorithms can help the security monitoring system
to respond in time, so as to effectively prevent security
risks and solve crime problems [8,9]. Multi-target recogni-
tion algorithms first extract the unique features of the
target through image processing techniques, which are
multifaceted, such as shape, color, texture, and so on.
Second, based on the extracted features and the target
recognition results, the target is classified or tracked.
Finally, the model outputs the prediction results or recog-
nition results [10,11]. The multi-target recognition algo-
rithm of criminal suspects based on video feature
matching is constructed, as shown in Figure 1.

In Figure 1, the multi-target recognition algorithm of
fast criminal suspects first recognizes the image in the
target video and determines whether the recognized pixel
is the key pixel of the video image. If it is not the key pixel,
it re-recognizes it. If it is a key pixel, all pixels in the iden-
tification box are identified. Next, it determines whether
the identification pixel is a domain pixel of the identifica-
tion frame, and if it is a domain pixel, it expands the region
of the identification frame to cover the pixel. If it is not a
domain pixel, it adds a new identification frame to cover
the pixel. Next, it determines whether the image is pro-
cessed, and if it is not processed, the pixel recognition is
performed again. If it is processed, the number of
bounding recognition frames is returned, and finally, the
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outcomes are output. To utilize the above target feature
matching metrics, the study defines a feature vector, which
is utilized to correspond with the desired attributes. This
feature vector consists of the size, color features, position
information, shape ratio, and size information of the target
region. The vector expression is as equation (1) [12].

( )=a s R G B x y, , , , , , rate .n i n i n i n i n i n i n i n i, , , , , ,
,

, (1)

In equation (1), an i, represents the ith feature vector of
image n. By effectively using the feature vector, the model
can achieve higher accuracy and real-time performance in
the process of rapid identification of criminal suspects. sn i,

denotes the region in the chosen image that the moving
target occupies. Among them, a large area may indicate
that the target is a primary target, while a small area may
indicate a secondary target or non-target area. Rn i, denotes
the average value of the red pixel point, which reflects the
intensity of the target’s red component in the image. Gn i,

denotes the green pixel point’s average value, which reflects
the intensity of the target’s green component in the image
mean value. It reflects the target’s green component’s inten-
sity in the picture. Bn i, represents the blue pixel point’s
mean value, which reflects the intensity of the blue compo-
nent of the target in the image. xn i, denotes the horizontal
coordinate in the matrix, and y

n i,
denotes the vertical coor-

dinate in the matrix, which is used to characterize the posi-
tion or contour of the target in the above image. The symbol
raten i, stands for the proportion of the matrix’s height to
breadth, which is used to give details about the target’s
width and length. The moving target is used as a character-
istic flow when defining a similarity attribute of the target
image and is used in the feature matching job because the
slight change in the target’s movement between two frames
of the graphic gives the image an apparent continuity.

Equation (2) represents the expression of this resemblance
function.
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In equation (2), sΔ i j, denotes the similarity function.
This formula defines a similarity function for measuring
the degree of similarity between target images. The simi-
larity function measures the similarity of the target in the
time series by calculating the degree of change in the target
feature values between two consecutive frames. This simi-
larity function can quantify the changes of the target in a
time series to evaluate the consistency and stability of the
target in consecutive frames. To identify the same target in
consecutive frames, it also allows feature matching
between the current frame image and the previous one.
The study identifies the similarity operations of the colors
in the image and the previous frame image, which is
expressed in equation (3). This allows one to ascertain
the color mean value of the target.
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In visual tasks, color is a key feature for classification
and target tracking tasks. Therefore, equation (3) can
help the algorithm to evaluate whether the color informa-
tion in the currently displayed image and the prior frame
image is consistent. The analogous function between the
current i and j in the prior frame image is as equation (4).
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Figure 1: Multi-target recognition algorithm based on video feature matching.
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In equation (4), ( )x yΔ , Δi j i j,
,

represents the coordinates
of the center position of the image recognition frame. The
function of similarity is shown in equation (5) with respect
to the ratio of height to width, which is characteristic of the
outer rectangular box of the moving target in the movie.
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Equation (5) mainly analyzes the similarity of shape
ratios. The algorithm can distinguish between different types
of targets, such as long objects and roundobjects, and canhelp
identify and classify different targets by the ratio of height to
width of the outer rectangular box. Shape features can help
analyze the behavioral characteristics of moving targets
when detecting complex actions or for specific behaviors.
The degree function is incorporated into the element fusion
process to fuse the four elements used for target matching.
The degree function’s definition is provided in equation (6).
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The goal weighting of the characteristics coefficient in
equation (6) is indicated by a, which can be adjusted to
emphasize or mitigate the impact of a feature in the final
metric results. β is the color weight coefficient. It helps the
algorithm to determine the importance of color for target
recognition and matching when features are fused. χ

denotes the x-axis area weighting coefficient, which can
influence the algorithm’s emphasis on the target width. γ

indicates the y-axis aimed feature weight coefficient, which
reflects the influence of the target’s features in the vertical
direction. The study proposes a multi-target recognition
process, as illustrated in Figure 2.

In Figure 2, first, the current frame image is subjected to
background detection, while the background is continuously
updated. The background updating method used in the
study is the optical flow algorithm, and its updating prin-
ciple is as follows: If the optical flow value of a pixel is small
(i.e., the motion is not obvious), it is considered a back-
ground pixel and the background model is updated. If the
optical flow value is large, it is considered a foreground
target and the background model is not updated. Second,
the difference between the two frames is calculated to deter-
mine if the amount of variation is greater than a set
threshold. If it is smaller than the threshold, it indicates
that there is no motion target in the video frame, and the
result is output directly. If it is larger than the threshold,
target recognition is performed. Meanwhile, the detected
target is marked. Finally, the result is output. In the process
of target recognition, the system will mark the suspicious
moving target and compare the previously identified box
with the real-time captured information to quickly identify
the criminal suspect. Finally, the identification results are
output to ensure the speed and accuracy of re-identification
of criminal suspects in complex scenes, so that the security
monitoring system can respond in time and take appro-
priate action.

3.2 Improved multi-target recognition
model based on the KF algorithm

The multi-target recognition algorithm constructed above
has a good recognition effect in stationary or slow-moving
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Figure 2: Feature matching-based multi-target tracking algorithm flow chart.
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targets. However, when dealing with fast-moving suspects,
the method based on inter-frame difference may lose the
target, resulting in tracking instability. When multiple tar-
gets block each other, feature matching can fail, making it
impossible to properly identify or track the blocked sus-
pect. Therefore, to solve the above problems, the KF algo-
rithm is introduced in this study to improve the recogni-
tion model. The KF algorithm is an algorithm for
estimating the state of a linear dynamic system that adopts
a recursive form to deal with noise and uncertainty [13,14].
In fast-motion target recognition, the KF algorithm can
maintain accurate estimation of the target state under
fast motion or instantaneous transformation of the target,
thus improving the robustness and accuracy of tracking
[15,16]. In dealing with the occlusion problem, the KF algo-
rithm reduces the possibility of target loss by predicting
the motion trajectory of the target. The flow of the recogni-
tion model introduced by the study into the KF algorithm is
illustrated in Figure 3.

In Figure 3, the target recognition model first deter-
mines the detection target position and calculates the
detection target position. Then, the detection target fea-
tures are fused, and trajectory prediction and target
tracking are realized by the KF algorithm. Finally, the
target recognition position is obtained and the detection
result is outputted. By introducing the KF algorithm, the
model can not only quickly recognize and track suspects in
complex scenes but also effectively deal with challenges
such as fast movement and occlusion. This provides
more reliable technical support for public safety. The
tracking of the motion target state by KF is affected by
the random noise, so it is necessary to determine the
tracking state of the target first. The expression for the
tracking state of KF is as equation (7) [17].

= + +− − −x Aσ Bu w .k k k k1 1 1
(7)

In equation (7), A denotes the transfer matrix. −σk 1

reflects the destination state’s noise value of A. B denotes
the matrix of status control. −uk 1

denotes the target state’s
noise value in the control matrix. −wk 1

denotes the random
noise value. Following the determination of the tracking,
the feature extraction approach can be used to find the
storage of the model tracking. The observation equation
is displayed as equation (8).

= +z Hσ v .k k k (8)

In equation (8), H denotes the matrix of observations.
vk denotes the observation disturbance. Due to the lengthy
process involved in determining the multi-target state, the
study uses the covariance of the disturbance and the obser-
vation noise to streamline the process. The tracking effect
is then taken into consideration by evaluating the inaccu-
racy at step k of the tracking procedure. The estimation
error’s expression is provided in equation (9).
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In equation (9), −x̄k 1
denotes the outcome of the last

observation in tracking. x̄ denotes the observation result of
the corresponding moment. −Pk 1

denotes the prediction of
the last time. Q denotes the state noise covariance value. In
the process of rapid identification of criminal suspects,
after obtaining the tracking state of multiple targets, it is
necessary to use the observation results to judge the error
between the tracking state and the actual observation
value. After obtaining the tracking state of multiple targets,
it is also necessary to use the observation result pairs to
determine whether the tracking state and the actual obser-
vation value differ in any way. Therefore, it can get the
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Figure 3: Flowchart of the improved recognition model based on KF.
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corrected state estimate and noise value. This process is
of filtering the noise using the KF algorithm, as displayed
in Figure 4.

In Figure 4, the noise filtering of the KF algorithm is
mainly divided into two parts. The first part is prediction,
including target state value prediction and estimation
error prediction. The second part is the correction part,
including the calculation of Kalman gain, correction gain,
and correction of estimation error prediction. The motion
state of the crime target in the investigation video is high
speed or irregular. Therefore, the common first-order
motion model cannot complete the observation of the
whole state. This work presents a second-order motion
model. Moreover, the KF algorithm is used to predict the
target in the second-order type motion model to obtain the
relevant motion features. Then, it is successfully combined
with feature extraction techniques [18]. The study assumes
that the tracked motion target is in a motion rectangle at
a specific tracking instant. At this point, the tracked motion
target should move uniformly in both the horizontal and
vertical directions, so that the motion state satisfies equa-
tion (10).
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In equation (10), ( )v tx denotes the speed of motion at
moment t . The state transfer of KF can be ascertained
through gazing at the consistent motion during tracking,
which can be expressed in equation (11).

= +− −x Ax w .z k k1 1
(11)

In equation (11), xz denotes the KF transfer state value,
when the corresponding transfer matrix can be expressed
by equation (12).
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If the state transfer equations satisfy this matrix at the
same time, they can only be used as direct measurements.
The measurement equation is shown in equation (13).

= +z Hx v .c k k (13)

In equation (13), zc denotes the value of the obtained
measurement equation, when the observation matrix can
be expressed in equation (14).
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Through the analysis of criminal investigation video, it
is found that most of the cases in the video have obvious
object occlusion. It includes crowd occlusion, obstacle
occlusion, and so on. This kind of occlusion can have a
great impact on multi-target tracking. Through the above
research, it is found that when the tracking target state is
analyzed, if the occlusion phenomenon occurs, the image
will disappear. After some time, if the obscured picture is
blended with the target, it can be concluded that the image
has vanished entirely. The occluded image is tracked, iden-
tified as a new tracking target, and matched with a new set
of features when it separates from other targets and reap-
pears in the video rectangle box [19,20]. Aiming to support
real-time target tracking, the study presents the KF method
based on image feature matching and uses the properties
of both to anticipate the position information of the
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Figure 4: Noise filtering with KF algorithm.
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occluded target. Figure 5 shows the flowchart for multi-
target tracking of the model.

In Figure 5, the model analyzes the motion region-
target relations for motion target recognition in video
images. The motion region target relation is mainly divided
into five kinds of targets. The first one is that the target
already exists, and the model updates the tracking region.
The model creates a new tracking region when the new
target is detected, which is the second. The third one is that
the region split is detected, and the model performs the
segmentation processing. The fourth one is that the region
merge is detected, and the model carries out the merge
processing. The fifth is that the region disappearance is
detected, and the model performs the disappearance pro-
cessing. Finally, the model aggregates the five processing
methods and outputs the target tracking results.

4 Results

4.1 Evaluation of multi-target recognition
models’ performance

The study is to verify the feasibility of the multi-target
recognition model based on video tracking technology
and the KF algorithm, using simulation experiments to
conduct relevant performance experiments and compar-
ison experiments. The specific environment of this experi-
ment is as follows: operating system (Windows 10), GPU
(RTX1080Ti), CPU (Inter i3), memory stick (2*8GB), and

hard disk (SSD 500GB). The experimental data are collected
using the crime and criminal tracking dataset, which con-
tains a variety of videos related to criminal behavior.
Behavior in the video can include theft, assault, burglary,
and other typical crimes. Each video contains detailed
annotations and labels. This is used to identify the parti-
cular crime, the participants in the crime, when the crime
occurred, and the context in which the crime occurred.
This provides comprehensive background information
for algorithm training. Meanwhile, the study uses the
dense trajectory (DT) algorithm and the multi-scale
spatio-temporal graph convolution (MSSGC) algorithm for
comparative analysis. Figure 6 shows the results of the
comparison of the three approaches in terms of the error
in the horizontal and vertical axes of the image.

Figure 6 (a) shows the tracking error of different algo-
rithms on the horizontal axis. The results show that the
tracking inaccuracy of the research proposed method is
3.75% on average, the inaccuracy of the DT algorithm is
7.94%, and the tracking inaccuracy of the MSSGC is 5.83%.
Figure 6 (b) represents the inaccuracy of different algo-
rithms on the vertical axis. The results show that the inac-
curacy of the research proposed method is 3.27% on
average, the tracking error of the DT algorithm is 6.12%,
and the tracking error of the MSSGC is 5.06%. The results
show that the model can maintain a good track tracking
ability in the face of fast-moving suspects, such as fleeing in
public places, which helps to timely capture more relevant
information and make effective responses. This is because
the DT algorithm has a relatively single feature description
for the target, focusing mainly on motion information and
not fully considering other features such as target color
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Figure 5: Multi-target recognition model based on video tracking with the KF algorithm.
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and texture. The MSSGC algorithm has relatively insuffi-
cient continuity and accuracy in tracking fast-moving tar-
gets. The proposed algorithm integrates various feature
information, such as shape, color, and texture, of the target
and can dynamically adjust the weight of each feature. This
multi-feature fusion method enables the model to compre-
hensively capture the characteristics of the target from
multiple dimensions, thereby improving the accuracy of
detection and tracking. The results of precision and recall
during the tracking of the target by the model are shown in
Figure 7.

Figure 7 (a) represents the accuracy results of different
methods for target tracking in video. The outcomes demon-
strate that the reliability of video tracking of the three
models increases gradually, given the rise in the quantity
of training. The highest accuracy of the proposed model is
94.75%, the highest accuracy of the DT algorithm is 79.27%,
and the highest accuracy of the MSSGC algorithm is 82.20%.
The high accuracy means that the model is highly reliable
in identifying and confirming the location of criminal sus-
pects. This is essential for the rapid detection of criminal
incidents, reducing false targeting and ensuring that sus-
pects are alerted and captured quickly and effectively in
complex situations. Figure 7 (b) shows the recall results of
different methods for target tracking in video, and the
results show that as the number of model training
increases, the recall of the model becomes better. The
recall of the proposed model is 96.59%, the highest preci-
sion of the DT algorithm is 84.58%, and the highest preci-
sion of the MSSGC algorithm is 90.18%. The high recall rate
demonstrates the model’s sensitivity to criminal suspects

in practical applications. For example, the model can not
only identify currently visible suspects but also effectively
track individuals moving in obscured or complex back-
grounds, ensuringmore comprehensive detection and preven-
tion efforts. The dataset is used to validate the performance of
several models. Figure 8 displays the details.

Figure 8 (a) represents the performance results of the
DT algorithm in the dataset. Among them, the DT algo-
rithm’s accuracy is 84.57% inside the examine set, and
the loss rate is 8.27%. The correctness in the validation
set is 82.86% and the loss rate is 8.91%. Figure 8(b) repre-
sents the MSSGC algorithm’s performance outcomes in the
dataset. Among them, the accuracy in the training set is
92.74% with a loss rate of 5.27% and the accuracy in the
validation set is 90.38% with a loss rate of 5.83%. Figure 8(c)
represents the performance results of the research algo-
rithm in the dataset. Among them, the accuracy in the
training set is 95.28% with a loss rate of 2.44%, and the
accuracy in the validation set is 93.35% with a loss rate
of 2.64%. The results showed that the proposed model per-
formed well in both precision and recall, demonstrating its
effectiveness in the target tracking task. The reason why
the proposed method of the study has significant advan-
tages may be due to the fact that the model improves target
recognition by recognizing multiple targets and fusing
multiple target features. It also incorporates state predic-
tion techniques such as KF, which enables the model to
maintain efficient tracking capabilities in fast dynamic
environments. These results show that when tracking
criminal suspects, the research model can deal with inter-
ference such as occlusion and cross in the face of complex
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Figure 6: Comparison of the photos’ vertical and horizontal axis inaccuracies. (a) X-axis. (b) Y-axis.
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scenes and continuously maintain effective tracking of the
target. It greatly improves the professional ability of the
security monitoring system in dealing with criminal
behavior.

4.2 The application effect of multi-target
recognition model improved with the KF
algorithm

To verify the effect of the model method in practical appli-
cation, the identification and tracking performance of the
model is verified by a criminal investigation video. The
criminal investigation video often has the characteristics
of fast moving and multi-cover and involves the movement
and interaction of many characters. This makes the crime
investigation video an effective test of the performance of
the model in complex scenes. It can also verify the

robustness and adaptability of the model. At the same
time, it can also verify the application effect of the model
in crime investigation. The study is comparatively ana-
lyzed by the MSSGC algorithm. The results of the model’s
accuracy–recall (AR) curve are shown in Figure 9.

Figure 9 (a) represents the result of the comparison of
the AR curve of the two models. The AR is between 0 and 1,
and the larger the AR, the more discriminative the model
is. Moreover, it can better separate the positive and nega-
tive samples. The value of the AR curve of the MSSGC
algorithm is 0.87, and the value of the AR curve of the
proposed model of the study is 0.94. The conclusion sug-
gests that the proposed model of the study is more
discriminative in comparison with the MSSGC algorithm.
Figure 9 (b) represents the results of the feature checking
rate of the two models. The results show that the feature
checking rate of the method put forward is 94.83% and the
feature checking rate of the MSSGC algorithm is 87.46%.
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Figure 8: Performance validation of different algorithms in datasets. (a) DT algorithm performance results. (b) MSSGC algorithm performance results.
(c) The performance results of the method were studied.
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The results show that the study has better feature extrac-
tion and good classification under multi-target recognition.
The tracking performance test results of the model in the
crime investigation video are shown in Figure 10.

Figure 10 shows the tracking performance results of the
algorithm in the crime investigation video, which mainly
includes the feature extraction of the original data of the
target character and the feature extraction of the figure
shape curve. The raw data feature extraction ability of the
MSSGC algorithm is 85.31%, and that of the proposed algo-
rithm is 89.86%. In curve feature extraction, the extraction
ability of the MSSGC algorithm is 91.36%, and the extraction
ability of the proposed algorithm is 95.12%. The proposed
algorithm introduces the KF algorithm and combines histor-
ical frame information and current frame data to

dynamically predict the motion state of the target. The KF
algorithm can effectively handle noise and uncertainty,
which improves the tracking stability of the model under
fast target motion and occlusion. By predicting the motion
trajectory of the target, the KF algorithm can reduce the
possibility of target loss, thereby maintaining high tracking
accuracy in complex scenes. The research applies the model
method to four videos and verifies the tracking effect of the
model method on the target person’s actions by comparing
the results of the number of annotations, correct detection,
incorrect detection, missing detection, accuracy rate, and
recall rate, as shown in Figure 11.

Figure 11 (a) shows the tracking and recognition per-
formance of the model on people’s actions in crime inves-
tigation videos. Among them, the number of wrong actions
detected by the model in the four videos is 40, and the
average number of missed detections is 38. Figure 11(b)
represents the results of the model’s check-accuracy and
check-completeness rates in the four videos, in which the
average check-accuracy rate is 82.57% and the average
check-completeness rate is 84.46%. The results show that
the research approach provides a superior feature extrac-
tion method that combines the target motion characteris-
tics with the shooting action characteristics, thus
improving the accuracy of action recognition. The model
combines KF, which enhances the prediction precision and
stability of the model in a fast dynamic environment, and
improves the reliability of the detection results. In the
target person action detection index, the detection effect
of the research model is shown in Table 1.

The findings in Table 1 indicate that the detection
effect is significantly improved in all cases where the
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number of samples is increased. Meanwhile, the research
proposes that the recognition accuracy of the emanation is
better than the MSSGC algorithm in each type of foul play.
The highest feature detection accuracy of the MSSGC algo-
rithm is 0.917, and the highest detection accuracy of the
research method is 0.942. The results show that the research
method’s ability to learn and generalize can help the model
identify and distinguish between different forms of foul
play. The results show that the learning ability and gen-
eralization capability of the research method can help the
model identify and discriminate different types of foul
behavior and enhance the ability to capture various crim-
inal behaviors. This makes it possible to effectively track
and identify suspects in complex scenarios, thus helping
the police to intervene and deal with potential security
threats in a timely manner.

5 Discussion

The proposed multi-target identification technique was in
accordance with matching features in videos and the KF algo-
rithm, and through the fusion of multiple features, the
model’s average tracking inaccuracy in the horizontal and
vertical axes was only 3.75 and 3.27%, respectively. The results
demonstrated that the model could gather target information
from many dimensions by fusing the target’s color, shape,
and motion state properties. With the introduction of the
KF algorithm, the model not only relied on the image data
of the current frame but also combined the information of the
historical frames to predict the target position. In the applica-
tion of crime detection video, the research showed that the
feature recall rate of the proposed model was 94.83%, and the
AR curve was 0.94. The results showed that the research
model made full use of multiple information sources in the
dynamic scene, which made it possible to maintain high
recognition performance in fast-moving environments.

Zhao et al. proposed a motion recognition model based on
the DT algorithm, which relied on the motion path and the
dense samples, with a maximum accuracy of 79.27% in the
study [19]. However, compared to the proposedmodel, the DT
algorithm has limitations in handling multi-feature fusion
and dynamic environment adaptation, which may lead to
insufficient tracking accuracy in complex scenes. Chen et al.
proposed a multi-target recognition model based on the
MSSGC algorithm, which had certain advantages in spatio-
temporal map convolution. However, the tracking continuity
and accuracy were relatively insufficient when dealing with
highly dynamic targets [20]. This may be due to the algo-
rithm’s difficulty in effectively integrating historical and cur-
rent information when dealing with rapidly changing target
states. In general, the multi-target recognition method pro-
posed by the research, based on video feature matching and
the KF algorithm, fully considered the fast-moving character-
istics of criminal suspects in complex scenes and demon-
strated strong real-time tracking and accurate recognition
capabilities. By deploying surveillance cameras in public
places, such as shopping malls, train stations, and airports,
the model can monitor suspicious behaviors such as stalking
and wandering in real time and issue timely alerts. Although
the proposed model has performed well in experiments,
there are still a number of challenges to be overcome in
practical applications. For example, when deploying models
on resource-constrained devices, there may be a problem of
insufficient processing power. In addition, it can be difficult to
seamlessly integrate the model with existing monitoring sys-
tems and user interfaces. Therefore, to ameliorate the above
problems, the use of a lightweight model architecture to
accommodate resource-constrained environments is consid-
ered for the future. Meanwhile, a modular architecture that
is easy to integrate and develop an intuitive user interface
is considered to be designed.

6 Conclusion

With the increasing demand for rapid identification of
criminal suspects in areas such as urban security, crime
detection, and dynamic surveillance, traditional methods
often face difficulties in complex environments. The study
proposed a multi-target recognition approach that com-
bined the KF algorithm with video tracking technologies,
which combined the video feature matching algorithm to
further improve the performance of multi-target recogni-
tion and tracking. Through comparative experiments and
practical application validation, the study indicated that
the model effectively improved the recognition ability of
fast-moving suspects in the feature fusion strategy. It could

Table 1: Abnormal behavior characterization test results

Type of crime Algorithm Sample size

40 60 80 100

Steal MSSGC 0.799 0.818 0.855 0.917
Research method 0.821 0.865 0.911 0.933

Tussle MSSGC 0.728 0.835 0.864 0.900
Research method 0.843 0.860 0.925 0.942

Escape gait MSSGC 0.705 0.826 0.860 0.905
Research method 0.802 0.870 0.925 0.933

Shoot MSSGC 0.769 0.808 0.863 0.904
Research method 0.835 0.873 0.930 0.938
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better cope with complex situations such as fast movement
and occlusion, enabling it to better cope with high-speed
movement and occlusion. The dynamic prediction function
of the KF algorithm improved the tracking stability and
accuracy in high noise and uncertainty environments.
Despite the good results of the study, there are still some
limitations. For example, in extreme occlusion situations,
the recognition rate of the model may be affected. Despite
the introduction of the KF state prediction algorithm, it is
difficult to achieve persistent tracking in cases of pro-
longed occlusion or complete disappearance of the target.
Therefore, the future research direction can consider
introducing more efficient image segmentation technology
in order to identify and recover obscured criminal sus-
pects, so as to further improve the model’s recognition
and tracking ability in complex scenes.
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