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In the current construction of smart communities, continuous tracking across cameras has become the key to
improving security efficiency. This study aims at the existing problems such as identity consistency mainte-
nance, noise interference and perspective changes in cross-camera target tracking in intelligent communities.
Furthermore, it proposes an intelligent cross-camera tracking technology based on an improved fuzzy C-means
clustering algorithm and deep learning. In the image segmentation stage, this research improves the robustness
of the segmentation algorithm in complex monitoring scenarios by constructing an affinity matrix that fuses
pixel and regional information, and introducing spatial regularization terms and fixed clustering center strate-
gies. In the tracking stage, this research combines large-kernel convolutional attention and masked autoencod-
er self-supervised learning to achieve discriminative feature extraction and efficient cross-camera matching,
and improve the accuracy of cross-camera tracking. According to experimental results, the suggested improved
fuzzy C-means clustering algorithm achieved segmentation accuracy of 90.5% and 83.8% on two public data-
sets, and the mean intersection over union under 30% speckle noise was 94.8% and 93.7%, respectively. In the
actual monitoring scenario, the proposed cross-camera tracking method achieved an identity preservation rate
0f94.7%, only 38 identity switches, and an average tracking delay of only 65.6ms. The findings demonstrate that
the suggested approach offers a workable technical solution for intelligent community security systems and
can significantly increase the precision and usefulness of cross-camera tracking.

KEYWORDS: Deep Learning, Fuzzy C-means Clustering Algorithm, Self-supervised Learning, Intelligent
Community, Cross-camera Tracking
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1. Introduction

With the acceleration of urbanization and the ad-
vancement of smart community construction, vid-
eo surveillance systems have become increasingly
important in the fields of community security, per-
sonnel management, and behavior analysis [18]. In
a multi-camera surveillance environment, achiev-
ing continuous target tracking across cameras has
become the key to improving the level of intelligent
community security [3]. Traditional object tracking
methods rely on single-camera scenarios. It is dif-
ficult to cope with challenges such as maintaining
identity consistency, perspective changes, occlusion
and lighting differences when the target moves be-
tween multiple cameras [20]. Deep learning (DL)
technology has advanced computer vision signifi-
cantly in recent years. Specifically, novel approach-
es to cross-camera tracking are offered by target
detection and re-identification technologies based
on convolutional neural networks and attention
mechanisms (AM) [14]. However, relying solely on
DL models still has problems such as strong depen-
dence on annotated data and sensitivity to scene
changes [28]. In addition, the fuzzy clustering (FC)
algorithm shows good robustness and adaptabili-
ty in image segmentation (IS) and feature aggrega-
tion, and can effectively deal with uncertainty and
noise problems in images, but its adaptability and
robustness in cross-camera scenarios are poor [21].
Therefore, combining the powerful representation
capabilities of DL with the advantages of FC in un-
certainty modeling to build an efficient and stable
cross-camera tracking framework has become the
key starting point of this research.

This study proposes an intelligent community
cross-camera tracking method based on DL and
FC algorithms. This method first improves the seg-
mentation accuracy (SA) and robustness of FC in
complex surveillance images by introducing spatial
prior information and geometric consistency con-
straints. Then, this study designs a self-supervised
feature learning network that combines large-kernel
convolutional attention and masked autoencoders
to achieve robust feature extraction and matching
across camera targets. Finally, this research is based
on the improved siamese mask network (SiamMask)
and multi-target tracker to achieve continuous
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tracking of multiple targets in time and space. This
research aims to improve the accuracy and stability
of cross-camera tracking and provide a feasible tech-
nical solution for smart community security systems.

2. Related Works

A significant area of study in computer vision and in-
telligent surveillance is cross-camera target tracking
(CCTT). Maintaining target identity constancy in a
multi-camera system is the key challenge [27]. Early
research is mostly based on feature matching and mo-
tion modeling, such as optical flow method, Kalman
filter, etc. However, these methods are sensitive to
viewing angle changes and occlusion, and have poor
robustness. Neural network-based target recognition
and tracking techniques have progressively gained
popularity with the advancement of DL [17]. Zhang
et al. [29] proposed a video multi-camera vehicle
tracking method based on appearance parsing spa-
tiotemporal trajectory matching network. This study
used a multi-appearance attribute parsing module to
extract salient features, and achieves cross-camera
trajectory association through an appearance joint
tracking mechanism and a spatiotemporal matching
module. The outcomes demonstrated that this tech-
nique might significantly increase tracking accuracy
[29]. Gao et al. [4] proposed a tracking system that
integrates visual and spatiotemporal information to
solve the problem of poor tracking performance in
non-overlapping areas across cameras. The system
obtained vehicle information through online track-
ing, trains a Gaussian model with microscopic traffic
characteristics, and combined spatiotemporal and
visual features for target association. The system
demonstrated good tracking performance, according
to the results [4]. Luna et al. [13] proposed a global
correlation method based on graph neural network
to solve the problem of high computational cost and
reliance on predetermined similarity in data correla-
tion across cameras. It was found that this method
significantly outperformed existing techniques and
does not require scene-specific training [13]. Despite
the above-mentioned research advances, challenges
remain in handling long-term tracking, identity con-
sistency, and computational efficiency.
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In terms of IS, FC algorithm is widely used due to
its good ability to handle noise and uncertainty [5].
However, traditional FC algorithms are sensitive
to noise and lack spatial constraints, resulting in
poor segmentation results in complex images [11].
To solve the above problems, researchers have pro-
posed a variety of improvement solutions. Xu pro-
posed a fuzzy C-means clustering (FCMC) IS al-
gorithm based on hidden Markov models, aiming
to improve the anti-interference ability of images.
This algorithm used a hidden Markov model to ex-
tract texture parameters to eliminate the influence
of brightness, and combined standard deviation to
extract features, convert color space and perform
smoothing. The results showed that the algorithm
had smooth segmentation boundaries and strong
anti-noise ability [26]. To address the issue of FC-
MC'’s sensitivity to noise, Song et al. presented an
FC picture segmentation technique based on low-
rank representation. This method used an improved
superpixel generation method to enhance edges, and
constructed a membership matrix constrained by
fuzzy low-rank structures for subspace clustering.
It was found that this method outperformed existing
methods on both artificial and real images [19]. Hoo-
da and Verma [9] proposed a FC brain IS algorithm
based on gravity search, which used fuzzy inference
rules to dynamically control key parameters in the
gravity search algorithm to optimize the search pro-
cess. Results showed that this algorithm achieved
higher quality cluster segmentation results on mul-
tiple datasets [9]. Nonetheless, the application of FC
in cross-camera IS remains to be further explored in
the context of smart surveillance.

Recently, several approaches have been proposed
to address cross-camera tracking challenges. A
cross-camera tracking model based on multi-fea-
ture fusion has been developed, which integrates
appearance, motion, and temporal features to im-
prove tracking robustness across non-overlapping
views [22]. For multi-target multi-camera scenari-
os, a tracklet-to-target assignment method has been
introduced, enabling global identity association
by formulating tracking as an assignment problem
across camera views [23]. In the domain of object
tracking, a gradient descent-based method has been
proposed for tracking fixed-shape moving objects,
demonstrating effective convergence properties un-
der constrained motion patterns [16]. Furthermore,
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graph matching technology has been applied to sin-
gle camera and cross camera multi-target tracking,
where target trajectories are represented as graph
structures and matched between views [15].

In summary, existing research has made some prog-
ress in cross-camera tracking, IS and AMs, but there
are still the following shortcomings: (1) Existing
segmentation methods have limited ability to han-
dle complex backgrounds and noise in cross-camera
scenes. (2) The DL model is highly dependent on
annotated data, and the robustness of cross-camera
feature matching needs to be improved. (3) The iden-
tity switching and occlusion problems in multi-tar-
get tracking have not been effectively solved. Given
this, the goal of this research is to enhance the pre-
cision and resilience of target tracking in intelligent
community cross-camera tracking systems using
DL and FC algorithms. The innovation of this study
lies in: (1) the novel affinity matrix that integrates
both pixel-level and region-level information for
improved segmentation robustness; (2) the original
combination of large-kernel convolutional attention
with masked autoencoder self-supervised learning
for cross-camera feature extraction; (3) the fixed
clustering center strategy within a fuzzy ensemble
framework, which provides a new perspective on
maintaining identity consistency across different
camera views.

3. Methodology

This study first proposes a cross-camera surveil-
lance IS method based on an improved FCMC algo-
rithm, aimingtoimprove the SA of cross-camera sur-
veillance images under complex backgrounds, noise,
and changes in viewing angles. Then, this study pro-
poses a community CCTT method that combines
AM and self-supervised learning to achieve efficient
feature extraction, matching and continuous track-
ing of cross-camera targets.

3.1. Cross-camera Surveillance IS Method
Based on Improved FCMC Algorithm

Incross-cameratask trackingin smart communities,
accurate IS is an important step to achieve target
detection, feature extraction and continuous track-
ing. The FCMC algorithm is widely used in IS due to
its advantages in handling image uncertainty [10].
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Figure 1
Framework of affinity matrix construction integrating pixel-level features and superpixel region-level information.
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However, in complex community environments,
images will be interfered by complex backgrounds,
illumination changes, occlusions, and noise. The
traditional FCMC algorithm lacks spatial informa-
tion constraints, is sensitive to noise, and has in-
sufficient segmentation robustness under changes
in cross-camera viewing angles [25]. Therefore, to
improve the segmentation quality of cross-camera
surveillance images, this study proposes an im-
proved FCMC algorithm, which improves the SA
and robustness of cross-camera surveillance im-
ages by introducing spatial prior information and
geometric consistency constraints. This study first
constructs a new type of affinity matrix that inte-
grates pixel-level and regional-level information to
better express the spatial and feature relationships
between pixels in the image. Meanwhile, this study
introduces a prescribed cluster center strategy in
the clustering process to reduce the impact of noise
on membership updates. The geometric consistency
constraint model is then used in this work to guaran-
tee the structural consistency between the original
image and the membership matrix.

To effectively fuse the spatial structure informa-
tion and visual features of the image, this study
constructed an affinity matrix that fuses spatial pri-
ors. It is assumed that the input image is /e R,

Among them, H, I, and C display the height, width,
and quantity of channels, as shown in Equation (1).
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In Equation (1), 4, represents the affinity between
pixels i and. x, and X, represent the feature vectors
(FVs) of pixels i and j respectively. p, and p, repre-
sent the spatial coordinates of pixels and pixels. o,
and o, represent feature scale parameters and spa-
tial scale parameters respectively. This affinity ma-
trix takes into account both feature similarity and
spatial proximity, and its calculation framework is
shown in Figure 1.

In Figure 1, the computing framework of the affinity
matrix first divides regions through superpixel seg-
mentation and extracts region-level information.
Then, image patches are used to extract pixel-level
features. After the two are fused, the affinity between
pixels is calculated. Traditional FCMC is based on
the feature distance minimization objective func-
tion (OF), which ignores the spatial relationship be-
tween pixels and is susceptible to noise interference
[2]. Its OF is shown in Equation (2).
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In Equation (2), Jicy displays the OF value of the
FCMC algorithm. N represents the total quantity
of pixels. K represents the quantity of clusters. u,
represents the membership degree (MD) of pixel i
belonging to the k-th cluster. m represents the blur
index. v, represents the k-th clustering center. The
core difference between the proposed pixel region
fusion and traditional local region combination lies
in the transition from static weighting and to spatial
regularization based on dynamic affinity. The OF is
shown in Equation (3).

®

In Equation (3), J' represents the OF and the total
energy of algorithm optimization. m represents the
fuzzy weighted index. x, represents the r-th pixel in
domain N, This method treats all pixels within the
window equally, which can easily lead to edge blur-
ring. In contrast, this article constructs spatial reg-
ularization terms through affinity matrices, whose
expression is shown in Equation (4).

N K K
Jreg = A;;Al}; (uzk ujk) @

In Equation (4), Jreg represents the space regulariza-
tion term. A represents the regularization coefficient.
(u,,—u,) represents the difference in membership of
two pixels on the k-th cluster. J represents the im-
proved overall OF. During the iterative optimization
process, dynamically changing cluster centers will
drift due to noise pixels [6]. Traditional FCMC cen-
ter updates are highly sensitive to outliers, and noisy
pixels can cause the centroid to deviate from the true
distribution. Therefore, by adopting a fixed cluster-
ing center strategy and introducing a strong spatial
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prior to limit the search space, the study effective-
ly shields the member update process from random
noise interference and ensures convergence to a sta-
ble, physically meaningful class representation. Its
expression is shown in Equation (5).

1

(w2 Ay =) ™

Uy = T ®)

Zil (||x,. —v|+ ’127:1 Ay (uy —uy ))_E

In Equation (5), [ represents the summation of clus-
ters. ﬁ represents the power exponent, ensuring
normalization of MDs. In order to obtain more stable
and geometrically consistent segmentation results,
this study integrates multiple sub-models based on
different feature representations. The integration
goal is to find a globally consistent membership ma-
trix, as shown in Equation (6).

T
U = argmUin;HU - U<’>H2F +f-uWTLU) .
L=D-4

In Equation (6), U" represents a globally consistent
membership matrix. 7 represents the number of
sub-models. U” represents the membership matrix
generated by the #-th sub-model. § represents the
balance parameter. L stands for Laplacian matrix. D
represents the degree matrix. By combining the out-
puts of several sub-models, this matrix is intended to
increase the resilience and consistency of segmenta-
tion results. Figure 2 displays its structural diagram.

In Figure 2, the membership matrix of FC integration
contains multiple sub-models, and each model in-
dependently generates a membership matrix. These
matrices are fused through an integration process to
generate a globally consistent membership matrix.
Equation (7) [7]illustrates how the effective semi-im-
plicit gradient descent approach is applied to the opti-
mization problem of the overall OF.

T
U*h= U("O_,7 ZZ(U(k)_ U([))+2ﬂLU(k) o

t=1
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Figure 2
Schematic diagram of membership matrix structure for FC ensemble.
Membership
The first matrix
sub model '§>
Membership
matrix
The second E§:"> .
sub model Globally cpnmstept
membership matrix
Membership
The t-th matrix
sub model : >

In Equation (7), U*D represents the membership
matrix updated after the k+1-th iteration. 7 rep-
resents the learning rate. 28LU® represents the
smoothing term gradient. During the iterative
process, its convergence criterion is displayed in
Equation (8).

HU(k“) —y® HF <g. ®)

In Equation (8), [U*— U(")||F represents the Frobe-
nius norm between two adjacent iteration solutions.
¢ represents the preset threshold. After obtaining
the optimal integrated fuzzy membership matrix, it
needs to be converted into deterministic category
labels to generate the final segmentation image [1].
This study achieves defuzzification by taking the
maximum index of the membership vector of each
pixel, as shown in Equation (9).

*

Y =arg mfx Wi - €)

In Equation (9), y, represents the final category label
of pixel i. u;, displays the final MD of pixel i belonging
to cluster k. In summary, the proposed cross-cam-
era surveillance IS process based on the improved
FCMC algorithm is shown in Figure 3.

In Figure 3, the cross-camera surveillance IS process
based on improved FCMC starts from inputting sur-

veillance images. This study sequentially constructs
an affinity matrix, fuses features and spatial informa-
tion, and initializes the cluster center. Subsequently,
the study carries out iterative optimization by con-
structing a membership matrix, calculating the OF,
fixed clustering center and updating the membership,
and then improves the robustness through FC inte-
gration and global membership matrix optimization.

Inaccurate segmentation produces fragmented
or contaminated instance masks, which directly
corrupt the feature extraction process. Specifical-
ly, when a target is incorrectly merged with back-
ground or partially split across multiple regions, the
resulting feature vector becomes less discrimina-
tive. During cross-camera association, such degrad-
ed features increase the Euclidean distance between
same-identity samples while reducing the distance
to different-identity samples, leading to identity
switches. Therefore, improved segmentation serves
as a prerequisite for robust re-identification.

3.2. Community CCTT Method Combining
AM and Self-supervised Learning

After completing the segmentation of multi-cam-
era surveillance images, it is necessary to extract
and match the deleted target features to adapt to
cross-camera perspective changes, occlusions and
identity consistency issues. The AM can adaptive-
ly focus on the discriminative area, effectively sup-
press background noise and occlusion interference,
and improve the robustness of feature expression [8].
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Figure 3
Cross camera monitoring IS process based on improved FCMC algorithm.
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model’s adaptability to changes in viewing angle and
illumination, and reduce reliance on manual anno-
tation [12]. To this end, this study proposes an intel-
ligent community CCTT method that combines AM
and self-supervised learning. This method first uses
an AM based on large kernel convolution filling to
perform robust feature extraction on the segmented
targets. It then uses masked autoencoders for self-su-
pervised feature learning to achieve efficient match-
ing and re-identification of cross-camera objects.
Finally, this research uses an improved SiamMask
network and a multi-target tracker to achieve contin-
uous tracking of multiple targets in space and time.

To achieve robust extraction and enhancement of
cross-camera target features, this research designs
anew AM. After obtaining a feature map (FM) with
a broad receptive field through large-core convolu-
tion, this mechanism makes the FM evenly divided
in the spatial dimension through specific filling op-
erations, and then reorganizes and fuses the divided
small feature blocks in the channel dimension to en-
hance the expressive ability and discriminability of
the features. The FM output after large kernel con-
volution and padding is shown in Equation (10).

: (10)
F,q = Padding(F, y ) € RVC

In Equation (10), F, . represents the output FM af-
ter large kernel convolution. F, s represents the filled
FM. Conv,,,stands forlarge kernel convolution oper-
ation. F'represents the input FM. Padding stands for
symmetrical filling method. Then, this study spliced
all small feature blocks in the channel dimension to
form areorganized feature tensor, as shown in Equa-
tion (11).

Fblocks = Concatchannel (SplithK (Fpad ))
NN W
c RK K

In Equation (11), F,,., represents the reorganized
feature tensor. Splity,(F,,,) means that the filled
FM is evenly divided into KXK small non-overlap-
ping feature blocks in the spatial dimension. This
paper presents a lightweight fusion module to build
spatial attention weights by fusing the original fea-
ture information with the rearranged block infor-
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mation. The characteristics of its output are shown
in Equation (12).

— NxNxC
As - U(Fresized + Fpad) €R

12)
ZAS ®Fpad ERNXNXC

F,

enhanced

In Equation (12), 4, represents spatial attention.
F.,.q Tepresents the upsampled FM. ¢ stands for
Sigmoid activation function. F,,...q represents the
enhanced feature output. By extending the recep-
tive field and structuring feature restructuring, this
AM improves the model’s capacity to concentrate on
target critical areas in cross-camera situations. Its

schematic diagram is shown in Figure 4.

In Figure 4, the AM of large kernel convolution fill-
ing takes the input features as the starting point,
and first expands the spatial size of the FM through
the filling operation. Then, it adopts large kernel
convolution for feature extraction to expand the
receptive field and capture richer contextual infor-
mation. Finally, the enhanced FM is output. To re-
duce dependence on annotated data, this study uses
masked autoencoders for self-supervised feature
learning. This method randomly masks part of the
input image and trains the network to reconstruct
the masked area, thereby learning a visual repre-
sentation with strong generalization ability. The
complete image reconstructed by its characteris-
tics is shown in Equation (13).

Figure 4
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1, =1®M
z=En(l,) ' (13)
I, = De(z)

In Equation (13), /, represents the masked image. /
represents the original input image. M represents
a binary mask matrix. represents the encoder net-
work. z represents the latent FV. I stands for recon-
structed image. De represents the decoder network.
In order to enhance the discriminability of features

cross-camera scenarios, this study introduces
triplet loss, as shown in Equation (14) [24].

Lyipiee = max(0,d(z,,2,)—d(z, —2,)+ Q) . 14
In Equation (14), L, represents the triplet loss. z,
represents the FV of the anchor point. z, and z, rep-
resent the FVs of positive samples and negative sam-
ples respectively. a represents the interval parame-
ter. The proposed masked self-supervised learning
network learns robust feature representations con-
taining rich semantics by randomly masking and re-
constructing input images. Its schematic diagram is
shown in Figure 5.

In Figure 5, the mask self-supervised learning net-
work starts from an input image of 128x256 pixels.
After data loading and random mask processing, it
enters the encoder module. The encoder consists

Structure of the large kernel convolution based AM with padding and feature block reorganization.
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Improved SiamMask network with historical frame template fusion and attention enhanced feature matching.
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of multiple convolutional blocks to extract deep In Equation (15), T}, represents the unified tem-
features step by step. Subsequently, the decoder plate feature after fusion, which is used for target
gradually reconstructs the masked area through the = matching in the subsequent tracking process. (T},
deconvolution layer and outputs the reconstructed  7,,..., T,) represents the target template features ex-
image with the same size as the original image. This  tracted from historical frames. g is the number of
study further addresses the problem of insufficient  historical frames. The improved SiamMask network
template updates in long-term tracking by the tra-  isdesignedtoimprove the network’s template adapt-

ditional SiamMask network and introduces a his-  ability and matching accuracy in long-term tracking.
torical frame template fusion mechanism, almlng Figure 6 disp]_ays its structural diagram.
to perform effective long-term tracking of multiple

. . In Figure 6, the improved SiamMask network takes
cameras, as shown in Equation (15).

the 7-th frame image as input, processes the search
area and target template respectively through the
Tiygea = Convyy, (Concat(7T,7,..., T, ) . 15) siamese network, extracts features and performs
similarity matching. This study introduces an AM to

Pseudocode 1: Overall pipeline of the proposed cross-camera tracking method

Input: Multi-camera surveillance image sequence

Output: Cross-camera target trajectories T_global

1: foreach cameraview do

2 for each frame I ido

3 // Step 1: Image segmentation using improved FCMC (Section 3.1)
4 Construct affinity matrix A_ij using Eq. (1)

5: Initialize cluster centers v_k

6 repeat

7 Update membership matrix u_ik using Eq. (56) (fixed center strategy)
8 Apply spatial regularization using Eq. (4)

9 Enforce geometric consistency via Eq. (6)

10: until convergence (Eq. (8))

11: Obtain final segmentation mask y_i via Eq. (9)

12: // Step 2: Feature extraction with attention mechanism (Section 3.2)
13: Extract feature map F via large-kernel convolution (Eq. (10))

14: Apply padding and feature block reorganization (Eq. (11))

15: Generate spatial attention weights A_s (Eq. (12))

16: Enhance features using masked autoencoder (Eq. (13))

17: // Step 3: Target tracking and cross-camera association

18: Perform multi-target tracking using improved SiamMask (Eq. (15))
19: Extract feature vectors for detected targets

20: Compute correlation cost matrix C_pq using Eq. (16)

21: Apply Hungarian algorithm for data association

22: Update trajectories with spatiotemporal constraints

23: endfor

24: // Step 4: Global trajectory integration
25: Merge local trajectories from all cameras into T_global
26: return T_global
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Figure 7
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Overall framework of the proposed cross camera multi target tracking system integrating trajectory matching and

identity assignment.
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enhance feature expression and generate confidence
scores, detection box regression and mask branch
outputs. In the cross-camera scenario, this study
adopts a multi-object tracker based on feature sim-
ilarity for data association. For the detected target in
each camera, its FV is extracted, and target associa-
tion across cameras is performed based on the fea-
ture distance through the Hungarian algorithm. The
correlation cost matrix is shown in Equation (16).

Loty
1717

pg =1— (16)

In Equation (16), C represents the correlation cost
matrix. f, and f, represent the FVs of the p-th and ¢-
th targets respectively. Then, this study combines
spatiotemporal constraints to filter out association

assumptions that are inconsistent with motion
consistency, and finally forms a continuous trajec-
tory across cameras to achieve global tracking of
multi-targets across cameras in the community. The
schematic diagram of its overall tracking framework
is shown in Figure 7.

In Figure 7, the intelligent community CCTT obtains
input images from multiple cameras, and extracts
target information through the trajectory distri-
bution module. Then, cross-camera target associa-
tion and updating are performed through trajectory
matching and identity assignment, combined with
historical trajectory information. Finally, the tra-
jectories of each camera are integrated to generate
a globally consistent continuous motion trajectory,
and the tracking result image is output.

The pseudocode of the proposed cross camera track-
ing method is as follows.
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4. Results and Analysis

The performance of the suggested cross-camera sur-
veillance IS approach is first confirmed by this study.
Then, the study analyzes the performance of the pro-
posed community CCTT method to verify its track-
ing effect in aspects such as cross-viewing angles,
occlusion, and identity preservation, and evaluate
its practicality and real-time performance in actual
smart community scenarios.

4.1 Performance Verification of Cross-
camera Surveillance IS Method

This study chooses two public datasets — the Mar-
ket-1501 dataset and the WildTrack dataset - for
verification in order to confirm the effectiveness
of the suggested enhanced FCMC algorithm in
cross-camera surveillance IS. The Market-1501
dataset contains 32668 annotated bounding box
images of 1501 pedestrians captured by 6 surveil-
lance cameras. Its scenes are diverse, with dramat-
ic changes inlighting and perspective. Market-1501
is originally a person re-identification dataset with
cropped pedestrian boxes rather than a standard
multi-object tracking benchmark. For tracking
evaluation, the original video sequences were re-
constructed by mapping cropped boxes back to
frame-level coordinates, and temporal continuity
was established using the provided frame IDs and
tracklet labels. Pedestrian trajectories were then
formed by linking detections across consecutive
frames within each camera view. Based on these
reconstructed trajectories, tracking accuracy, FPS,
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and IDS were reported to evaluate cross-camera
tracking performance. The WildTrack dataset is
collected in an open public space using 7 synchro-
nized calibrated cameras, covering most of the
square. There are a large number of overlapping
and partially non-overlapping areas between the
fields of view, forming a true wide-area surveil-
lance network. Neither the Market-1501 nor the
WildTrack dataset originally provides pixel-lev-
el segmentation masks. Therefore, pixel-level
ground truth was generated by manually annotat-
ing a representative subset of images from each
dataset. Specifically, 500 images were randomly
selected from Market-1501 and 300 images from
WildTrack. For each selected image, foreground
(pedestrian) regions were labeled at the pixel lev-
el using professional annotation tools (LabelMe).
The remaining unannotated images were not used
for segmentation evaluation; they were only em-
ployed for tracking experiments where pixel-level
masks are not required. This study compared the
proposed improved FCMC algorithm with exist-
ing advanced magic drama clustering algorithms,
including spatially constrained FCMC (SCFCMC)
algorithm, hidden markov model-based FCMC
(HMM-FCMC) algorithm, low-rank representa-
tion-based FC (LRR-FC) algorithm and gravita-
tional search algorithm-based FC (GSA-FC) algo-
rithm. Table 1 displays the experimental setup and
parameter values. The semantic meaning of the five
clusters is interpreted as follows: Cluster 1 (back-
ground, e.g., roads and walls), Cluster 2 (pedestrian
body/limbs), Cluster 3 (clothing and accessories),

Table 1
Experimental environments and parameter settings.
Experimental environments Parameter settings
Ttems Configuration Ttems Parameters
Operating system Ubuntu 20.04 LTS Fuzziness exponent 2.0
Processor Intel Core i9-12900K Regularization coefficient 0.5
Memory 64 GBDDR4 Balance parameter 0.3
Graphics card NVIDIA GeForce RTX 4090 (24 GB) Learning rate 0.01
DL framework PyTorch 2.0.1 Convergence threshold le-5
Programming language Python 3.9 Number of clusters 5
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Figure 8
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Comparison of SA of different algorithms on the Market-1501 dataset under different numbers of clusters.
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(a) Segmentation accuracy of different
algorithms on Market-1501 dataset

Cluster 4 (shadow and low-contrast regions), and
Cluster 5 (occluding objects and boundaries). This
five-cluster configuration is meaningful because
it captures the intrinsic variability of surveillance
scenes while avoiding over-segmentation. The
downstream tracker’s sensitivity was analyzed by
varying the cluster number from 2 to 7.

To quantitatively evaluate the performance of the
proposed cross camera tracking method, indicators
such as tracking accuracy, identity retention rate, and
trajectory coverage were used in the study. Among
them, the tracking accuracy is the ratio of the number
of correct tracking frames for a single target to the ac-
tual number of frames, as shown in Equation (17).

N
TA = 1 ZL . an)
N ' TP, + FN, + FP,
In Equation (17), TA represents tracking accuracy. N
is the total number of targets. TP, is the frame rate
at which target i is correctly tracked. FN, and FP, are
the number of missed detection frames and false
detection frames of target i, respectively. The iden-
tity retention rate measures the ability to maintain
identity tag consistency across multiple cameras, as
shown in equation (18).
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(b) Segmentation accuracy of different
algorithms on WildTrack dataset

D’
correct

D/

Do
IPR =— (18)
M total

In Equation (18), IPR represents the identity reten-
tion rate. M is the total number of cross camera con-
versions. ID/ . is the number of times the identity
is correctly preserved in the j-th conversion. ID/_, is
the total number of identity assignments attempted
in this conversion. The quantification of trajectory
coverage estimates the completeness of the trajecto-
ry relative to the true trajectory, as shown in Equa-
tion (19).

19)

In Equation (19), TC represents the trajectory cov-
erage rate. L', is the length of the successfully
matched part in the trajectory of target i. L, is the
total length of the true trajectory of target i.

The study first analyzed the SA of different FC al-
gorithms under different cluster numbers on two
datasets. InFigure 8(a), onthe Market-1501 dataset,
when the quantity of clusters was 3, the SA rates of



Information Technology and Control

HMM-FCMC, GSA-FC and SCFCMC were 75.6%,
78.3%, and 80.5%, respectively. The SA of LRR-FC
and the proposed algorithm were 82.1% and 85.2%,
respectively. When the quantity of clusters reached
5, the SA of the five algorithms were 79.8%, 82.7%,
85.4%, 87.2%, and 90.5%, respectively. In Figure
8(b), on the WildTrack dataset, when the quantity
of clusters was 5, the SA of HMM-FCMC, GSA-FC,
SCFCMC, and LRR-FC were 73.4%, 76.1%, 78.8%,
and 80.6%, and the accuracy of the proposed al-
gorithm was 83.8%. The findings demonstrated
that the suggested approach outperformed the
comparison algorithm and had the best SA on the
two datasets when there were five clusters. The
rationale for selecting five clusters is justified as
follows. Pedestrian segmentation in surveillance
scenarios typically requires distinguishing the hu-
man body from background, clothing regions, and
potential occluding objects. Fewer clusters tend to
merge semantically distinct regions, such as dark
clothing with shadow backgrounds, leading to un-
der-segmentation. Conversely, more cluster cause
over-segmentation where a single pedestrian is
fragmented into multiple small regions, complicat-
ing subsequent feature extraction. As shown in Fig-
ure 8, segmentation accuracy improved monotoni-

Figure 9
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cally from 2 to 5 clusters on both datasets, reaching
90.5% (Market-1501) and 83.8% (WildTrack) at 5
clusters. Therefore, five clusters were empirically
determined as the optimal trade-off between seg-
mentation fidelity and computational cost.

To verify the rationality of fixed clustering, the study
was conducted on the Market-1501 dataset, and
the IS accuracy of the proposed algorithm in fixed
clustering and non-fixed clustering was analyzed.
The Gaussian noise intensities were 10%, 20%, and
30%, respectively. In Figure 9(a), when the iteration
was 100, the proposed algorithm achieved 97.4%,
95.8%, and 91.2% IS accuracy in fixed clustering
with Gaussian noise intensity of 10%, 20%, and 30%.
When the iteration reached 500, the IS accuracy
under three Gaussian noise intensities was 98.3%,
97.8%, and 94.6%. In Figure 9(b), when the iteration
was 100, under three Gaussian noise intensities, the
IS accuracy of the proposed algorithm in non-fixed
clustering was 88.2%, 74.9%, and 67.5%. When the
iteration increased to 500, the accuracy rates were
89.2%, 78.6%, and 72.3%. The effectiveness of the
fixed clustering technique was confirmed by the
findings, which demonstrated that the suggested al-
gorithm had higher IS accuracy in fixed clustering.

Comparison of SA of the proposed algorithm under fixed clustering and non-fixed clustering strategies on the
Market-1501 dataset with different Gaussian noise intensities.
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(a) Segmentation accuracy of the proposed
algorithm in fixed clustering
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(b) Segmentation accuracy of the proposed
algorithm in non fixed clustering
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Figure 10
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Comparison of SA and mean intersection over union of different FC algorithms on the Market-1501 and WildTrack

datasets under 20% and 30% speckle noise.
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The study conducts a comparative analysis on the IS
accuracy and mean intersection over union (mIoU)
of different algorithms under different speckle noise
on two datasets. Speckle noise was 20% and 30%, re-
spectively. In Figure 10, on the Market-1501 dataset,
the IS accuracy of HMM-FCMC, GSA-FC, SCFC-
MC, and LRR-FC when the speckle noise was 20%
was 89.9%, 91.7%, 93.3%, and 94.8%, respectively.
When the noise was 30%, the accuracy rates were
88.2%,90.0%, 91.6%, and 93.1%, respectively. The SA
of the proposed algorithm under two types of noise
was 97.5% and 96.2%. On the WildTrack dataset,
when the speckle noise was 30%, the IS accuracy
rates of HMM-FCMC, GSA-FC, SCFCMC, LRR-
FC, and the proposed algorithm were 87.1%, 88.9%,
90.5%, 92.0%, and 95.1%, respectively. In When
the speckle noise was 30%, the mIoU of the five al-
gorithms on the Market-1501 dataset were 86.3%,
88.1%, 89.9%, 91.5%, and 94.8%, respectively. On the
WildTrack dataset, the mIoU of the five algorithms
when the speckle noise was 30% were 85.2%, 87.0%,
88.8%, 90.4%, and 93.7%, respectively. The outcomes
displayed that the IS accuracy and mIoU of the pro-

posed algorithm were better than those of the com-
parison algorithm under high speckle noise, which
verified the superiority of the algorithm.

The paper also compared the boundary displacement
error (BDE), global consistency error (GCE), and
segmentation covering (CV) of several algorithms
on two datasets in order to assess the effectiveness
of the suggested approach on IS boundary accuracy
and region consistency. Table 2 displays the out-
comes. On the Market-1501 dataset, the BDE, GCE,
and CV of the proposed algorithm were 7.23 pixels,
2.15%, and 98.72% respectively, which was better
than comparison algorithms such as HMM-FCMC,
GSA-FC, SCFCMC, and LRR-FC. On the WildTrack
dataset, the proposed algorithm also achieved the
best results, with BDE, GCE, and CV being 7.67 pix-
els, 2.84%, and 97.95%, respectively. This once again
verified its superiority in segmentation boundary
accuracy and region consistency in complex scenes
across cameras.

To evaluate the vulnerability of the proposed affinity
matrix to superpixel segmentation quality, sensitiv-
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GCE (%)
6.37 + 0.31[6.1-6.6]
5.02 + 0.28 [4.8-5.3]
418 +0.24 [4.0-44]
342 +0.19[3.2-3.6]
2.15+0.12 [2.0-2.3]
745+ 042 [7.1-7.8]
6.21 + 0.37 [6.0-6.5]
5.13 £ 0.33[4.9-54]
4.06 + 0.25[3.8-4.3]

2.84 +0.18 [2.7-3.0]
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CV (%)
94.26 + 0.52 [93.8-94.7]
95.83 + 0.44 [95.4-96.2]
96.58 + 0.38 [96.2-97.0]
97.21+0.31[96.9-97.5]
98.72 + 0.15 [98.6-98.9]
92.78 + 0.65[92.2-93.3]
94.12 + 0.58 [93.6-94.6]
9570 + 049 [95.2-96.2]
96.43 + 042 [96.0-96.8]

97.95 + 0.22 [97.7-98.2]

SA (80% noise, %)

85.6 = 0.55[85.1-86.1]
86.3+048[85.9-86.7]

86.1+0.51[85.6-86.6]

mIoU (30% noise, %)

90.2 + 045 [89.8-90.6]
94.0 +0.33[937-94.3]

90.8 +040[904-91.2]

Table 2
Comparison of boundary and region consistency metrics for different algorithms in IS.
Datasets Algorithms BDE (pixels)
HMM-FCMC 10.23 + 045 [9.8-10.6]
GSA-FC 9.87 + 0.38[9.5-10.2]
Market-1501 SCFCMC 8.92 + 0.33 [8.7-9.2]
LRR-FC 8.45+0.29[8.2-8.7]
OURS 7.23+0.21[7.0-74]
HMM-FCMC 11.08 + 0.52 [10.6-11.5]
GSA-FC 1045 + 0.48[10.1-10.9]
WildTrack SCFCMC 9.34 £+ 041[9.1-9.7]
LRR-FC 8.89 +0.36 [8.6-9.1]
OURS 7.67 £0.25[74-7.9]
Table 3
Sensitivity analysis of superpixel segmentation algorithms and parameters on final segmentation performance.
S;g:g;:fﬂ i;zz‘:;;z SA (standard, %) mloU (standard, %)
100 89.2 +0.62[88.6-89.7] | 93.5+048[93.1-93.9]
SLIC 300 90.5 £ 0.565[90.0-91.0] | 94.8 + 0.39[94.4-95.2]
500 90.3+0.58[89.8-90.8] | 94.6 + 042[94.2-95.0]
100 887 +0.71[88.1-89.3] | 93.1 £ 0.54[92.6-93.6]

Felzenszwalb 300

89.8 + 0.64[89.2-904]

500 89.5+ 0.66 [88.9-90.1]
100 881+ 0.75[874-88.8]
Watershed 300 89.3 + 0.68[88.7-89.9]
500 89.0 + 070 [88.4-89.6]

94.2 + 042 [93.8-94.6]
93.9+047[93.5-94.3]
92.6 +0.59[92.1-93.1]
93.8+0.51[93.3-94.3]

93.5+0.55[93.0-94.0]

84.9 + 0.68[84.3-85.5]
85.7 + 0.58 [85.2-86.2]
854 +0.61[84.8-86.0]
84.2 +0.72[83.6-84.8]
85.0 + 0.64 [84.4-85.6]

84.8 +0.67 [84.2-854]

89.6 + 0.52[89.1-90.1]
904 + 044 [90.0-90.8]
90.1 049 [89.6-90.6]
89.0 + 0.58[88.5-89.5]
89.8 + 0.51[89.3-90.3]

89.5 + 0.54[89.0-90.0]

ity experiments were conducted on the Market-1501
dataset. For each algorithm, three different num-
bers of superpixels (100, 300, and 500) were tested.
Recorded SA and mIoU under standard conditions
and 30% speckle noise conditions. The results are
shown in Table 3. As shown in Table 3, the proposed
method maintained consistent stable performance
under different superpixel algorithms and parame-
ter settings. Under all configurations, the standard
deviation of SA was only 0.71% under standard con-

ditions and 0.68% under 30% noise conditions. The
maximum performance degradation caused by sub-
optimal superpixel segmentation relative to the op-
timal configuration was only 2.1% on SA and 2.0%
onmloU. These results quantitatively confirmed the
robustness of the proposed method to changes in su-
perpixel segmentation quality. This robustness was
theoretically attributed to the fact that the affinity
matrix combines pixel level features and region level
information derived from superpixels through mul-
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Figure 11
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Comparison of average tracking accuracy of different cross-camera tracking methods on the Market-1501 and

WildTrack datasets over increasing iteration steps.
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(a) Average tracking accuracy of different
methods on Market-1501 dataset
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(b) Average tracking accuracy of different
methods on WildTrack dataset

Ablation study on the contribution of different modules in the proposed tracking framework.

Experimental

configuration Datasets Precision (%)
Baseline Market-1501 88.03
(SiamMask) WildTrack 86.14
+ Large-kernel Market-1501 91.22
attention WildTrack 89.53
+ Masked Market-1501 9248
autoencoder SSL WildTrack 90.97
Market-1501 94.31

Full model

WildTrack 93.12

tiplication. When the region information was inac-
curate, the pixel level similarity term based on FVs
served as a correction mechanism.

4.2. Performance Analysis of Community
CCTT Method

To evaluate the performance of the proposed com-
munity CCTT method, this study conducted experi-
ments on the Market-1501 and WildTrack datasets.

Recall (%) F1-Score (%) Parameters (M)

84.91 86.45

12.50
82.87 8448
88.71 89.95

14.76
86.32 87.90
90.12 91.28

16.23
8842 89.69
92.53 9341

17.58
90.24 91.66

This study compares the proposed cross-cam-
era object tracking method with existing main-
stream methods, including spatially constrained
multi-camera tracking (SCMCT) method, deep
appearance feature-based multi-camera tracking
(DAF-MCT) method, siamese network-based on-
line multi-object tracking (SiamMOT) method and
multi-modal fusion-based cross-camera tracking
(MMF-CCT) method.
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This study analyzed the average tracking accuracy
of different target tracking methods on two datasets.
In Figure 11(a), on the Market-1501 dataset, when
the iteration was 100, the average tracking accuracy
of SCMCT, DAF-MCT, SiamMOT, and MMF-CCT
were 81.2%, 86.0%, 87.8, and 90.1%. The accuracy
of the proposed method was 93.7%. When the iter-
ation reached 300, the average tracking accuracy
of the five methods was 82.5%, 86.3%, 88.9%, 90.2,
and 94.3%. In Figure 11(a), on the WildTrack data-
set, when the iteration was 300, the average track-
ing accuracy of SCMCT, DAF-MCT, SiamMOT,
and MMF-CCT were 80.6%, 83.6%, 85.4, and 87.1%.
The suggested approach had a 91.6% accuracy rate.
The outcomes validated the superior cross-camera
tracking performance of the suggested technique by
demonstrating its ability to retain high tracking ac-
curacy on both datasets.

To explore the specific contribution of each module
to CCTT performance, this study conducts ablation
experiments on two datasets. The evaluation indi-
cators include precision rate, recall rate, F1-Score,
and parameter amount. The results are shown in
Table 3. On the Market-1501 dataset, the F1-Score
of the baseline model was 86.45%. After adding
large-core attention, it increased to 89.95%, and
after further adding masked autoencoder self-su-

Figure 12
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pervised learning, it reached 91.28%. The complete
model reached the optimal 93.41%. The F1-Score
of the entire model was 91.66%, a considerable
improvement over the baseline model, and the
WildTrack dataset exhibited the similar trend. The
outcomes displayed that each module had a posi-
tive contribution to performance, and the complete
model performed best in both precision and recall.
To reveal why large-kernel attention improves
tracking, feature response maps were visualized for
the same target across different cameras. Without
this module, responses were scattered over back-
grounds and occluded regions. After adding it, the
network consistently focused on discriminative
parts under scale changes and partial occlusions.
This confirmed that the performance gain primar-
ily stemmed from enhanced robustness to scale
variation and occlusion, not merely increased pa-
rameters.

To verify the practical application effect of the
proposed method, this study analyzes the identity
preservation rate (IDP), identity switches (IDS),
trajectory coverage and re-identification accuracy
of different CCTT methods in an actual monitoring
scenario of a smart community. In Figure 12(a), the
IDPs of SCMCT, DAF-MCT, SiamMOT, and MMF-
CCT were 79.5%, 83.2%, 86.8%, and 89.4%, respec-

Comparison of IDP, IDS, trajectory coverage, and re-identification accuracy of different cross-camera tracking

methods in an actual smart community monitoring scenario.

SCMCT

[ 1IDP
[ IDS

OURS DAF-MCT

(a) IDP and IDS of different target
tracking methods

SCMCT [ Trajectory coverage

OURS

SiamMOT

(b) Trajectory coverage and Re-ID accuracy
of different target tracking methods
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Table 5
Tracking performance under different segmentation inputs.
Input type Condition
Raw image (no segmentation) Standard
Mask R-CNN segmentation Standard
Proposed FCMC segmentation Standard
Raw image (no segmentation) Noisy (30%)
Mask R-CNN segmentation Noisy (30%)
Proposed FCMC segmentation Noisy (30%)

tively. The IDS are 142, 98, 73, and 61, respectively.
The IDP and IDS of the proposed method are 94.7%
and 38, respectively. In Figure 12(a), the trajectory
coverage rates of SCMCT, DAF-MCT, SiamMOT,
MMPF-CCT, and the proposed method are 76.2%,
80.7%, 85.2%, 88.5%, and 92.8%, respectively. The
re-identification accuracy rates were 77.5%, 82.4%,
86.9%, 90.1%, and 93.6%. This fully verified the ad-
vantage of the suggested method in maintaining tar-
get identity continuity and tracking integrity in ac-
tual complex scenarios.

To verify whether the proposed improved FCMC
segmentation is an essential component or just
an interchangeable preprocessing module, a con-
trolled ablation study was conducted. Feed three
different types of inputs into the proposed large
kernel attention tracking network: (1) the original
monitoring image (baseline), (2) the segmentation
results of Mask R-CNN (a classic instance segmen-
tation method), and (3) the segmentation results of
the proposed improved FCMC algorithm. All oth-
er tracking parameters and modules remained the
same. The experiment was conducted on the Mar-
ket-1501 dataset under standard conditions and
noise conditions (80% speckle noise). The results
are shown in Table 5. In Table 5, when the original
image was directly used, the tracking network only
achieved 82.3% IDP and 86.5% tracking accuracy
under standard conditions, while its performance
was severely degraded under noisy conditions. The
introduction of Mask R-CNN segmentation im-
proved performance, but it was still significantly
lower than the pipeline proposed in this paper. Un-
der 30% speckle noise, the FCMC segmentation in
this paper achieved 91.8% IDP and 92.4% tracking

2026/3/55

IDP (%) IDS Tracking accuracy (%) mlIoU (%)
82.3 87 86.5 /
88.6 62 90.2 894
94.7 38 94.3 94.8
68.5 156 71.3 /
79.2 108 82.6 815
91.8 51 924 931

accuracy, which were 12.6% and 9.8% higher than
Mask R-CNN, respectively. These results quan-
titatively confirmed that the proposed improved
FCMC segmentation was not replaceable by clas-
sical segmentation methods. In contrast, Mask
R-CNN trained on fixed domain data and lacked
this adaptive spatial constraint, making it sensitive
to domain offset and noise, resulting in higher iden-
tity switching times and lower tracking accuracy.
Therefore, in the entire tracking framework pro-
posed, the segmentation module is a necessary and
critical component, rather than an independent and
interchangeable module.

To investigate the actual tracking performance of
the proposed method, an analysis was conducted
on the visualization results of pedestrian tracking
across cameras in an intelligent community system
deployed in a residential area. This study tracked
pedestrians with three different cameras, and the
results are shown in Figure 13. In Figure 13, the pro-
posed method successfully achieved cross camera
continuous tracking of pedestrian targets in actual
intelligent community scenarios. From the perspec-
tive of camera 1, the target is moving at a speed of 1.1
m/s. From the perspective of camera 2, the target is
located in the central path and maintains a stable
tracking state. From the perspective of camera 3, the
target ultimately reaches Building B. Three cameras
in different positions can accurately recognize the
same target and maintain its identity consistency
without identity switching. This result verifies that
the proposed method has good cross camera target
matching and continuous tracking capabilities un-
der actual non overlapping perspectives and differ-
ent scene changes.
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Figure 13
Visualization results of pedestrian tracking using the proposed method.
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This study further compares the average process-
ing frame rate (frames per second, FPS) and average
tracking delay of different CCTT methods in actual
monitoring scenarios of smart communities to ver-
ify the real-time tracking performance of the pro-
posed method. The FPS of SCMCT, DAF-MCT, and
SiamMOT were 28, 32, and 36, respectively. The FPS
of MMF-CCT and the proposed method were 39 and
42, respectively. The average tracking delays of SC-
MCT, DAF-MCT, SiamMOT, and MMF-CCT were
105.2ms, 93.8ms, 82.5ms, and 77.3ms, respective-
ly. In comparison, the average tracking delay of the
suggested method was 65.6ms. The findings demon-
strated that the suggested approach could match

the genuine requirements of high efficiency and low
latency for intelligent community monitoring while
achieving effective real-time processing capabilities
while keeping high tracking accuracy.

To evaluate the practicality of the proposed cross
camera tracking method, a computational efficien-
cy analysis was conducted. The inference speed
(frames per second, FPS), GPU memory consump-
tion, GPU utilization, and CPU utilization of all com-
parison methods were measured on the Market-1501
dataset. The results are shown in Table 6. In Table 6,
the proposed method achieved the highest inference
speed (42 FPS) among all compared methods. The
GPU memory consumption of the proposed meth-

Table 6
Computational efficiency comparison of different cross-camera tracking methods.
Methods Inference speed (FPS) GPU memory (GB) GPU utilization (%) CPU utilization (%)
SCMCT 280+1.2 52+0.15 62.0+2.5 450+20
DAF-MCT 32.0+1.0 6.8+0.12 580+2.2 380+1.8
SiamMOT 36.0£0.9 75+0.10 71020 420+15
MMF-CCT 39.0+0.8 8.3+0.08 68.0+1.8 350+12
OURS 42.0+06 7.9+0.07 650+15 320+1.0
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Table 7
Comparison with recent state-of-the-art cross-camera tracking methods.
Index TransTrack
Tracking accuracy (%) 91.2+05
IDP (%) 91.8+06
IDS 524

Inference speed (FPS) 38.5+0.7

GPU memory (GB) 8.1+0.09

GPU utilization (%) 675+1.6

CPU utilization (%) 342+1.1

od was 7.9 GB, which was comparable to SiamMOT
and MMF-CCT5. The GPU utilization and CPU uti-
lization of the proposed method were at a moderate
level, at 65.0% and 32.0%, respectively, indicating
high resource utilization efficiency. These results
confirmed that the proposed method not only per-
formed well in accuracy, but also had computation-
al feasibility in the actual deployment of intelligent
community security systems.

The study conducted additional comparisons be-
tween the proposed method and the latest and most
advanced cross camera tracking methods, includ-
ing Transformer-based Tracking (TransTrack) and
Quasi-Dense Tracking (QDTrack), The results are
shown in Table 7. In Table 7, the proposed method
outperformed the two latest state-of-the-art meth-
ods in both tracking performance and computa-
tional efficiency. In terms of tracking accuracy, this
method achieved 94.3%, higher than QDTrack’s
92.5% and TransTrack’s 91.2%. The IDP was 94.7%.
In terms of inference speed, the proposed method
achieved 42.0 FPS, which was higher than the com-
parison methods. The above results fully verified the
superiority and efficiency of the proposed method in
cross camera tracking tasks.

5. Discussion

This study suggested a cross-camera tracking
method for intelligent communities based on DL
and FC algorithms, which showed excellent per-
formance in cross-camera monitoring scenarios.

QDTrack OURS
925+04 94.3+0.3
92.9+05 947 + 04
44 +3 38+2
40.2 £ 0.6 42.0+06
7.8 +0.08 79+ 0.07
66.8+14 65.0+1.5
335+10 32010

In terms of IS, the SA of the suggested algorithm on
the Market-1501 and WildTrack datasets reached
90.5% and 83.8% respectively. Compared with ex-
isting FC algorithms, the proposed algorithm ef-
fectively improved its robustness in noisy environ-
ments after introducing spatial regularization and
fixed clustering center strategies. The fixed strate-
gy significantly enhanced robustness by preventing
centroid drift in high-noise environments, such as
community surveillance with 30% speckle noise.
However, this involved a theoretical trade-off:
While it provided a stable prior that ensures iden-
tity consistency, it may slightly reduce local adapt-
ability in scenes with extreme illumination shifts
or highly dynamic backgrounds. This constraint is
mitigated in the proposed framework by the ensem-
ble of multiple sub-models, which restores global
flexibility without sacrificing the noise-rejection
benefits of the fixed centers. Compared with exist-
ing research, the SA of the HMM-FCMC proposed
in [26] was lower than 80% in a noisy environment.
The method proposed in the study still maintained
an accuracy of more than 90% under the same con-
ditions, showing stronger anti-interference ability.
The LRR-FC in [19] performed well in edge preser-
vation. However, the method proposed in the study
further reduced the BDE index by about 1.2 pixels,
indicating that the boundary segmentation was
more accurate.

In terms of tracking performance, the F1-Score of
the proposed method reached 93.41% and 91.66%
on the Market-1501 and WildTrack datasets respec-
tively, which was better than existing methods based
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on twin networks or multi-modal fusion. In the ac-
tual scenario test, the proposed method achieved a
processing speed of 42 FPS and an average delay of
65.6ms while maintaining high tracking accuracy,
meeting the needs of real-time monitoring. Com-
pared with the multi-camera perception system pro-
posed in literature [27], the proposed method showed
higher IDP and IDS in CCTT, which were 94.7% and
38, respectively. Compared with the spatiotemporal
trajectory matching network based on appearance
analysis in the literature [29], the self-supervised
learning mechanism introduced in the study reduced
the dependence on annotated data, and the tracking
accuracy on the WildTrack dataset was increased by
about 4%. The tracking latency of 65.6ms suggested
potential applicability to high-speed targets. Howev-
er, motion blur remains challenging.

In summary, the method proposed in the study
achieves high SA, tracking accuracy and identity
consistency in both public datasets and actual smart
community scenarios. At the same time, this ap-
proach offers an effective and dependable technical
path for intelligent security systems in complicated
open environments and has good real-time process-
ing capabilities.
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