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This study proposes a multi-object tracking method in 
dense crowd scenes that integrates the image motion 
compensation mechanism and improved ByteTrack 
algorithm. This method aims to improve detection 
accuracy, enhance the model's perception of small-
scale targets and occluded targets, and significantly 
alleviate the performance bottleneck of multi-object 
tracking in dense scenes. Subsequently, it performs 
secondary matching on the low-scoring frames cor-
rected by camera offset compensation and introduces 
Kalman filtering with adaptive noise adjustment to 
improve the robustness of trajectory prediction. Final-
ly, through the comprehensive evaluation module, the 
tracking indicators are output. The results show that 
the F1 score in different scene complexities is overall 
greater than 85%. When the intersection ratio thresh-
old is 0.5, the average accuracy is 95.2%. In practical 
application tests, the average recall rate of the research 
method exceeds 85% across different detection num-
bers for each picture. Its overall processing delay time 
under different population densities is less than 100 
ms, and its overall missed detection rate in different 
target size intervals is less than 10%. Experimental re-
sults indicate that the proposed method exhibits com-
petent small target detection capability and provides 
stable visual analysis under the tested conditions.
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1.	Introduction

With the rapid development of computer vision 
technology, Multi-Object Tracking (MOT) in 

dense scenes has become a cutting-edge topic 
that has attracted much attention in artificial 
intelligence. In the real world, the monitoring 
and analysis of densely populated places such 
as stations, shopping malls, and stadiums, as 
well as the monitoring of vehicles in road traf-
fic, require algorithms that can accurately iden-
tify, locate, and track a large number of targets 
at the same time [1]. In crowded environments, 
challenges include severe occlusion between 
targets, small-scale target presentation, and 
high appearance similarity among individuals. 
These factors together constitute the main dif-
ficulty of MOT in dense scenes. At the same 
time, complex environmental factors such as 
lighting changes, weather conditions, and cam-
era movements in real scenes further increase 
the complexity of the problem [2-3]. The Byte-
Track algorithm can use low-confidence de-
tection frames to associate targets through two 
matches, thereby effectively reducing missed 
target detection and trajectory interruption due 
to occlusion, and significantly reducing the 
number of Identity Document (ID) switching 
times [4]. The Image Motion Compensation 
(IMC) mechanism can make the motion model 
focus more on the target's own motion, improve 
the prediction effect under severe camera mo-
tion or low frame rate, and can be flexibly in-
tegrated as a pre-processing module to work in 
conjunction with other improvement strategies 
[5]. Therefore, to address occlusion and small 
target detection in dense scenes and improve 
the discrimination ability of similar targets, this 
study innovatively proposes an MOT method 
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for crowded scenes that integrates IMC and the 
Improved ByteTrack Algorithm (IBTA). This 
study deeply integrates IMC and trajectory pre-
diction to improve the robustness and accuracy 
of Multi-Target Tracking (MTT) in crowded 
scenes. It first corrects global and local dis-
placements caused by camera motion through 
multi-level IMC to improve detection stability 
under dynamic backgrounds. Subsequently, in 
the ByteTrack framework, Camera Offset Com-
pensation (COC), Kalman filter adaptive noise 
adjustment, and Graph Neural Network (GNN) 
matching are introduced to enhance trajectory 
coherence and occlusion processing capabil-
ities. Finally, through a dedicated evaluation 
module, optimized tracking indicators are out-
put to achieve more stable and accurate visual 
analysis. It is expected that the research method 
can meet the design needs of MOT research in 
crowded scenes and provide technical support 
for the realization of intelligent and reliable vi-
sual perception systems.

2.	Literature review

With the rise of the metaverse concept, accu-
rate real-time MOT and tracking technology 
will become a bridge connecting the physical 
world and the digital world. Therefore, the re-
search on MOT methods in dense crowd scenes 
is of great significance. Aiming at the problems 
of low contrast, small intra-class differences, 
and many false negatives in infrared target de-
tection and tracking in dense urban traffic, Zha 
et al. proposed a comprehensive infrared MTT 
method for urban traffic. This study introduced 
a variety of image enhancement technologies, 
backbone network replacement, and infrared 
feature extraction modules, with good track-
ing accuracy [6]. Liang et al. proposed a deep 
learning method that integrates a spatiotempo-
ral attention mechanism to address that ship de-
tection is susceptible to interference and small 
target identification is difficult in complex 
ocean environments. This method could effec-
tively improve the detection accuracy and ro-
bustness in multi-target and occlusion scenarios 
[7]. Scarrica et al. proposed a hybrid strategy 
that integrates optical flow and traditional deep 
learning architecture to address high resource 
consumption and difficulty in real-time appli-
cation of deep learning models in MTT. This 

method could significantly improve process-
ing efficiency while maintaining high accura-
cy [8]. Rafique et al. proposed a method based 
on maximum entropy scaling, superpixel seg-
mentation, and multi-feature fusion to address 
the insufficient MOT accuracy in scene under-
standing. This method had the advantages of ef-
ficient calculation and accurate recognition [9]. 
Shevchenko et al. proposed a cognitive artifi-
cial intelligence method that integrates a spa-
tiotemporal attention mechanism to address the 
accuracy and real-time issues of MOT in video 
analysis. This method had the advantages of 
high precision and real-time performance [10].
Many industry scholars have conducted in-
depth research and applications on IMC and 
the IBTA. Qingxia et al. proposed a state vec-
tor enhanced ByteTrack method to address the 
identity switching and trajectory prediction er-
rors in MTT of newborn lambs. By integrating 
confidence information and trajectory recon-
struction, it optimized occlusion processing and 
trajectory accuracy, and had stable and reliable 
tracking performance [11]. Jang et al. proposed 
a deep learning method that integrates Byte-
Track tracking and trajectory similarity analy-
sis to address privacy protection and anomaly 
detection in vehicle monitoring. This method 
could effectively analyze traffic flow anom-
alies while ensuring high detection accuracy 
and tracking stability [12]. Jia et al. proposed 
a method to integrate improved YOLOv8 and 
optimized ByteTrack to address that fish target 
detection and tracking in complex underwater 
environments are susceptible to interference 
from occlusion and non-linear motion. This 
method could effectively improve detection 
accuracy and tracking stability while reduc-
ing the model size [13]. Wang et al. proposed 
a lightweight dual-branch network based on an 
improved atmospheric scattering model to ad-
dress poor dehazing effect in real scenes. It de-
signed a network structure that jointly estimates 
the transformation map and the compensation 
map, which had the advantages of a lightweight 
model and strong pertinence [14]. Klein et al. 
proposed a research method using the Fermi 
level as a universal descriptor to address the 
difficulty in selective control of the compensa-
tion mechanism in chemical substitution. This 
method could effectively predict and regulate 
specific compensation mechanisms [15].
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In Equation (1), di is the i-th detection frame.  
s(di) is the confidence score of the detection 
frame. τh and τl are high and low confidence 
thresholds. Dh and Dl are sets of high and low 
score detection frames. Next, this study esti-
mates the position and error covariance of the 
target in the next frame in the crowded scene 
by describing the prediction step in ByteTrack 
[19], as shown in Equation (2).
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In Equation (2), | 1ˆk kx −  is the prior state estimate 
of time k. 1| 1ˆk kx − −  is the posterior state estimate 
at time k – 1. | 1k kP −  and 1| 1k kP − −  are the prior and 
posterior error covariance matrices. K is the 
state transition matrix. Q is the process noise 
covariance. Subsequently, to implement im-
proved matching rules, this study uses GNN 
to calculate the matching score of detection 
frames and trajectories in crowded scenes [20], 
as shown in Equation (3).
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In Equation (3), Smatch(di, tj) is the matching 
score, and ψ(di) is the feature vector of the de-
tection frame. ψ(tj) is the feature vector of tra-
jectory tj. M is the adjacency matrix. do is the 
feature dimension. GNN is the GNN function. 
The GNN-based matching score leverages 
graph structures to model relationships between 
detections and trajectories, enhancing robust-
ness in crowded scenes. To enhance the per-
sistence of temporal features, this study defines 
the workflow of the memory module, as shown 
in Equation (4).
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To sum up, the existing research has a good 
effect on the research of the MOT method in 
dense crowd scenes. However, it still lacks an 
effective mechanism for dealing with small 
target detection and occlusion processing. The 
ByteTrack algorithm can be integrated into a 
variety of detectors as a plug-and-play mod-
ule, allowing researchers to introduce further 
improvements such as attention mechanisms, 
better motion models, or lightweight designs. 
IMC can make the positional relationship be-
tween low-scoring frames and predicted trajec-
tories more realistic in crowded scenes, thereby 
improving the success rate of the second as-
sociation and reducing missed detections and 
trajectory fragmentation caused by occlusion. 
Therefore, this study proposes an MOT method 
integrating IMC and IBTA for crowded scenes, 
aiming to provide theoretical support for tech-
nological innovation in fields such as social 
public security, urban management, and busi-
ness intelligence.

3.	Research methodology

3.1.	MOT method for crowded scenes 
based on IBTA

Research on MOT in crowded scenes has broad 
application prospects in many fields such as 
intelligent monitoring, autonomous driving, 
smart city management, and large-scale event 
security [16]. However, most current target 
detection and recognition algorithms have in-
herent contradictions between handling fine-
grained classification and precise positioning. 
In an environment where target categories are 
highly similar, the classification task and the 
positioning task restrict each other, resulting 
in a decline in overall recognition performance 
[17]. The ByteTrack algorithm can reappear 
even after the target is briefly occluded, and can 
re-associate it to the original trajectory through 
the matching of low-scoring detection frames 
and predicted trajectories. Moreover, the intro-
duction of the COC module or improved state 
vector can also make motion prediction more 
realistic [18]. This study’s detection boxes are 
divided into high- and low-score sets based on 
confidence thresholds, as shown in Equation (1).
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In Equation (4), t is the feature memory bank 
of time t. Fhist(di) is the historical feature of the 
detection frame. Fretrieve is the retrieved match-
ing feature. Fcurent is the feature of the current 
frame detection frame. The memory module 
retains historical features to improve temporal 
consistency under occlusion. Next, this study 
focuses on appearance information to enhance 
the robustness to changes in lighting and oth-
er conditions in densely populated scenes, as 
shown in Equation (5).
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In Equation (5), Simapp(di, tj) is the appearance 
similarity. fapp(di) and fapp(tj) are the appear-
ance feature vectors of the detection frame 
and trajectory. Cosine similarity is adopted for 
appearance matching due to its invariance to 
feature magnitude and robustness to illumina-
tion changes. This study also achieves adaptive 
noise adjustment by dynamically adjusting the 
noise covariance, as shown in Equation (6).
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In Equation (6), Qadapt is the noise covariance 
of the adaptive process. Q0 is the initial noise 

covariance. α is the attenuation coefficient. Δt is 
the interval between the current time tk and the 
last successful update time tlast. Adaptive noise 
covariance adjusts based on the time since last 
update, improving Kalman filter stability in dy-
namic scenes. Subsequently, this study fuses 
the previous moment trajectory and the current 
detection frame through weighted average, as 
shown in Equation (7).
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In Equation (7), tj
t is the updated trajectory state 

at time t. β is the fusion weight. Weighted fu-
sion balances prior predictions with current ob-
servations to refine trajectory states. To sum up, 
the improved ByteTrack’s flowchart is shown 
in Figure 1.
In Figure 1, the IBTA is based on the traditional 
framework and uses the COC module to per-
form motion correction on the unmatched pre-
diction frame before the second matching. The 
purpose is to improve the matching success rate 
and trajectory coherence of low-scoring detec-
tion frames in camera-moving scenes, thereby 
enhancing the tracking robustness and accura-
cy of the algorithm in complex dynamic envi-
ronments. Finally, this study comprehensively 

Figure 1. Improved byte track algorithm.
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evaluates the detection error and correlation er-
ror in crowded scenes, as shown in Equation (8).
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In Equation (8), MOTAenhanced is the enhanced 
MTT accuracy. FNt is the number of missed 
detections at time t. FPt is the number of false 
detections. IDSt is the number of ID switching 
times. GTt is the real target number. IDF1 is 
the identity F1 score. λ is a trade-off parameter. 
Taken together, the MOT method framework 
for crowded scenes based on the IBTA is shown 
in Figure 2.

In Figure 2, this method is systematically im-
proved on the ByteTrack framework for crowd-
ed scenes. It first introduces COC to correct 
low-scoring frames, and then designs a trajec-
tory management module including Kalman 
filter adaptive noise adjustment to effectively 
solve challenges such as severe occlusion and 
small targets. The entire recognition process 
significantly enhances trajectory coherence 
and matching accuracy, and finally outputs 
improved MTT accuracy and other indicators 
through a dedicated evaluation module. Among 
them, IBTA implementation details include: (1) 
A detector backbone network and training strat-
egy: It is clearly stated that the detector used 
is a detector based on YOLOv8, and its back-
bone network is CSPDarknet. The pre-trained 
weights are initialized on the COCO dataset 
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Figure 2. MOT method for crowded scenes based on IBTA.
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and fine-tuned on the target dataset. The Adam 
optimizer is used during training, while the ini-
tial learning rate is 1e-3, and the cosine anneal-
ing strategy is adopted. (2) Key hyperparameter 
values: The parameters in Equations (1) and (6) 
are specified. The high confidence threshold is 
set to 0.6, and the low confidence threshold is 
set to 0.1. The trajectory retention time is set 
to 30 frames. The initial process noise covari-
ance in Equation (6) is set to a diagonal matrix 
related to the target speed uncertainty, and the 
attenuation coefficient is set to 0.95. (3) GNN 
architecture details: Equation (3) illustrates the 
specific implementation of GNN. A two-layer 
Graph Attention Network (GAT) is used. The 
first layer maps the dimension of node fea-
tures (appearance features and motion feature 
splicing of detection frames and trajectories) to 
128, and the second layer outputs the match-
ing score. The edges in the graph connect each 
detection box to all trajectory nodes, and the 
attention mechanism is used to calculate the as-
sociation weight.

3.2.	Fusion and improved IMC MOT 
method for dense crowd scenes

Although the IBTA can effectively alleviate 
the occlusion problem through the association 
strategy of high and low score detection frames, 
in crowded scenes, individual movement trajec-
tories often appear random, sudden, and nonlin-
ear. It is still prone to large deviations between 
the predicted trajectory and the real position, 
leading to ID switching or trajectory breakage 
[21-22]. IMC aligns the preceding and follow-
ing frames to the same coordinate system by 
estimating the global motion transformation 
model between adjacent frames. This makes 
motion similarity measurement in ByteTrack 
more accurate, reducing mismatches and trajec-
tory interruptions caused by dynamic changes 
in the background [23-24]. Among them, this 
study uses the image shift model to model the 
displacement source of image shift in crowded 
scenes, as shown in Equation (9).
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In Equation (9), dg(t) is the global displacement 
vector at time t. A is the amplitude, f is the vi-

bration frequency, and φ is the phase offset. B is 
the noise coefficient, and η(t) is Gaussian white 
noise. dl(x,y,t) is the local displacement vector 
at position (x,y) and time t. C is the proportional 
constant, ∇(x,y,t) is the image intensity gradi-
ent, and νtarget is the target movement speed. The 
displacement model in Equation (9) decouples 
global camera motion from local target mo-
tion, based on the assumption of additive mo-
tion components. Next, this study estimates the 
overall motion vector between image frames in 
crowded scenes through the optical flow equa-
tion, as shown in Equation (10).
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In Equation (10), u and v are the horizon-
tal and vertical displacements of optical flow.  
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time gradient. Subsequently, this study quanti-
fies the matching error of local feature points in 
consecutive frames, as shown in Equation (11).
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In Equation (11), Ematch is the sum of matching 
errors, N is the number of feature points, and pi 
is the position in time frame t. qi is the match-
ing position of the feature point in frame t + 1. 
F(qi,,t + 1) is the feature vector at position pi 
and time t. d(pi,qj) is the distance function be-
tween positions pi and qj. The feature matching 
error in Equation (11) quantifies alignment ac-
curacy between consecutive frames, supporting 
robust motion estimation for IMC. This study 
also achieves multi-scale feature fusion through 
a weighted feature pyramid network structure, 
as shown in Equation (12).
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In Equation (12), Ffused is the fused feature map, 
S is the number of scales, and Fs is the feature 
map of the s-th scale. Resize(Fs) is the resize 
operation, ws is the weight of the scale, and αs is 
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the learnable parameter. Subsequently, to learn 
long-distance dependencies in images and han-
dle complex image motion patterns in crowded 
scenes, this study introduces the self-attention 
mechanism [25] in Transformer, as shown in 
Equation (13).
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In Equation (13), Q, K, and V are query, key, and 
value matrices. WQ, WK, and WV are learnable 
weight matrices. dk is the dimension of the key 
vector. Softmax is the normalization function. 
Next, this study defines the expression of affine 
transformation as shown in Equation (14).
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In Equation (14), (x,y) is the original image co-
ordinate. (x',y') is the coordinate after compen-
sation. M is a 2×2 affine matrix. T is the trans-
lation vector. To sum up, the improved version 
of IMC is shown in Figure 3.
In Figure 3, the improved IMC is a multi-lev-
el processing system. It extracts features from 
the input video, accurately estimates motion by 
integrating optical flow analysis. Multi-scale 
feature fusion (Equation 12) and self-attention 
(Equation 13) are integrated to refine motion 
compensation, etc., then calculates the affine 
transformation matrix, and finally realizes the 
adjustment and reprojection of the image pre-
diction frame and outputs stable video frames. 
Finally, this study evaluates the performance of 
the MOT method, as shown in Equation (15).
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Figure 3. Improved IMC mechanism.
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In Equation (15), L is the total loss function. Ldet 
is the target detection loss. CE(pi, p̂i) is the clas-
sification cross entropy loss. GIoU(bi, b̂i) is the 
generalized intersection and union loss. Lcomp is 
compensation for losses. Icomp is the compensat-
ed image. Igt is a real image. Overall, the MOT 
method for crowded scenes that combines IMC 
and the IBTA is shown in Figure 4. 
In Figure 4, the research method creative-
ly deeply integrates IMC into the improved 
ByteTrack framework. It first stabilizes the vid-
eo input through multi-scale feature fusion and 
motion compensation, and then uses a detec-
tor to obtain the target. In the data association 
stage, the high-scoring detection frames are 
first matched, and then the low-scoring frames 
corrected by COC are matched twice to effec-
tively restore the occluded targets. At the same 
time, it introduces adaptive noise adjustment 
Kalman filter to improve the robustness of tra-
jectory prediction, and finally outputs tracking 
indicators through a comprehensive evaluation 
module. Among them, the integration steps 
of IMC and IBTA are as follows: First, input 
preprocessing is performed, and the improved 
IMC module is used to estimate the affine

transformation matrix of the current frame rel-
ative to the previous frame on the input video 
frame. Then, target detection is performed, and 
the stable frames are input into the YOLOv8 
detector to obtain a set of detection boxes and 
their confidence scores. Afterwards, the detec-
tion boxes are compensated, and the coordinates 
of the low-scoring detection boxes are correct-
ed to obtain a compensated detection box set. 
Subsequently, trajectory prediction and match-
ing are performed, and Kalman filtering is used 
to predict the position of existing trajectories at 
each time step. The high score detection box-
es are matched with the predicted trajectories 
based on IoU and appearance similarity (Equa-
tion 5). The unmatched predicted trajectory is 
matched with the compensated low-scoring de-
tection frame for a second time. The rules are 
the same as the first matching, and the occlud-
ed target is restored. Trajectory management is 
performed, and the successfully matched tra-
jectory status is updated (Equation 7). New tra-
jectories are initialized for unmatched detection 
frames, trajectories that have not been matched 
for a long time are deleted, and finally, the tar-
get ID, bounding box, and tracking indicators 
of the current frame are output.

Figure 4. MOT method for crowded scenes integrating IMC and IBTA.
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Although previous studies have discussed IMC, 
COC, and adaptive noise adjustment separately, 
this study systematically integrates them into 
the ByteTrack MTT framework for the first time 
and performs collaborative optimization for 
challenges such as target occlusion, small target 
detection, and camera shake in crowded scenes. 
The novelty of the proposed method is mainly 
reflected in: (1) A multi-level motion correction 
mechanism combines global and local IMC 
to improve detection stability under dynamic 
backgrounds. (2) Camera-motion-aware sec-
ondary matching: It introduces COC before the 
second association of low-score detection box-
es in ByteTrack to enhance the re-identification 
success rate of occluded targets. (3) Adaptive 
trajectory prediction: It enhances the robustness 
of trajectory prediction through noise-adaptive 
Kalman filtering. (4) End-to-end system inte-
gration unifies the above modules into a train-
able and evaluable framework, achieving full 
pipeline optimization from video stabilization 
to trajectory output.
Therefore, this study is not merely an engineer-
ing assembly of existing components, but a 
structured solution addressing the performance 
bottlenecks of MTT systems in dense scenes.

4.	Results and discussion

4.1.	Performance test of MOT method  
in crowded scenes

To verify the performance of the MOT meth-
od in dense crowd scenes that integrates IMC 
and the IBTA, this study constructs a simula-
tion platform. The experimental configuration 
is shown in Table 1.
In Table 1, the experimental dataset uses Wi-
derPerson. The research method is compared 
with the Multi-Person Attribute Recognition 
Region-based Convolutional Neural Network 
(MPAR-RCNN) and the MobileViT-Enhanced 
Repulsion YOLO (MER-YOLO). The process-
ing speed of the three methods under different 
image input resolutions and the F1 score com-
parison under different scene complexities are 
shown in Figure 5.
In Figure 5(a), the research method main-
tains the highest FPS across resolutions. The 
research method has the smallest downward 
trend, and when the input resolution increases 
from 0.3Mpx to 1.8Mpx, the processing time 
drops from 120FPS to 20FPS. The other two 
methods have significantly smaller frame rates 

Table 1. Test environment and specific configuration.

Name Configuration

GPU NVIDIA RTX 3080/4090

CPU AMD Ryzen 7/9 series

Memory 32GB or more

Deep learning framework PyTorch

Image and video processing OpenCV

Graphical interface construction PyQt5

Optimizer Adam or SGD
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by dynamic drones, and focus on the video data 
set from the perspective of dynamic drones, 
including different flight heights, angles, and 
lighting changes. The research method is com-
pared with MPAR-RCNN and MER-YOLO. 
The proportion of trajectories and MTT accu-
racy of the three methods under different scene 
densities are shown in Figure 6.
In Figure 6, as the scene density increases and 
occlusion intensifies, the proportion of the 
number of trajectories and the MTT accuracy 
of the three methods show a downward trend. 
In Figure 6(a), in the density of extremely large 
scenes and small scenes, the number of trajecto-
ries of the research method accounts for 85.2% 
and 98.4%, and the MTT accuracy is 82.1% and 
97.2%. In Figures 6(b) and 6(c), the number of 
trajectories of MPAR-RCNN and MER-YOLO 
in small scene density accounts for 95.3% and 
93.8%, and the MTT accuracy is 94.1% and 
92.5%. Therefore, the proportion of the num-
ber of trajectories and the MTT accuracy of the 
two comparison methods are smaller under all 
scene densities. Overall, the research method 
can maintain higher stability under occlusion 
and density changes, thereby significantly im-
proving the reliability of early warning. The av-
erage accuracy of the three methods at different 
IoU thresholds, and the Average Recall Rate 
(ARR) of different detection numbers for each 
picture are shown in Figure 7.

at different input resolutions. In Figure 5(b), 
the F1 score of the research method in different 
scene complexities is overall greater than 85%, 
and it is 86.5%, 92.3%, and 95.8% in severe, 
moderate, and mild occlusion scenes. The F1 
score of the comparison method in various oc-
clusion scenarios is smaller than that of the re-
search method. The research method can better 
balance accuracy and speed in dense scenes, and 
has better stability and anti-interference ability 
when facing complex scenes. Performance tests 
show that the MOT method for crowded scenes 
that combines IMC and the IBTA has good rec-
ognition accuracy and can effectively reduce 
missed detections and false detections in ex-
treme environments with highly dense targets 
and severe mutual occlusion.

4.2.	Practical application effect of MOT 
method in dense crowd scenes

On the basis of verifying the performance of the 
MOT method in dense crowd scenes that inte-
grates IMC and the IBTA, this study will fur-
ther verify the practical application effect of the 
research method. This study builds a multi-tar-
get real-time perception and risk assessment 
platform for dense scenes and uses the Moving-
DroneCrowd dataset for testing. The main 
scenes of this dataset include dense crowds 
such as business districts and scenic spots shot 

(a) Processing speed at different input resolutions                     (b) F1 score values in different scenarios

Figure 5. F1 score values of processing speed and scene complexity  
for different input resolutions.
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(c) MER-YOLO

Figure 6. Proportion of trajectory count and MTT accuracy under different scene densities.

(a) Research method                                                                (b) MPAR-RCNN

(a) Average accuracy of different intersection       (b) Average recall rate of different detection
to union ratio tresholds                                            numbers for each image 

Figure 7. The average accuracy of different IoU thresholds and the ARR of different detection numbers.
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In Figure 7(a), the average accuracy of the 
three methods decreases as the IoU threshold 
increases. When the IoU thresholds are 0.5 
and 0.95, the average accuracy of the research 
method is 95.2% and 30.5%. MPAR-RCNN 
and MER-YOLO have average accuracies of 
18.2 and 12.7% when the IoU threshold is 0.95. 
In Figure 7(b), the ARR of the research meth-
od is greater than 85% under different detection 
numbers per picture. The ARR is 98.5% when 
the number of detections per picture is 1–25, 
and 85.7% when the number of detections per 
picture is 76-100 times. The ARR of the com-
parison methods under different detection num-
bers per image is significantly smaller than that 
of the research method. The research method 
can better reduce the false overlap or omission 
of adjacent target frames in dense crowd scenes 
with large amounts of occlusion. Figure 8 shows 
the processing delay times of the three methods 
at different population densities and the missed 
detection rates in different target size intervals.
In Figure 8(a), the overall processing delay time 
of the research method under different popula-
tion densities is less than 100 ms. The process-
ing delay time is 28 ms in sparse crowds, 42 ms 
in medium-density crowds, and 68 ms in dense 
crowds. The processing latency of the compar-
ison method is significantly greater than that of 

the study method at various population densi-
ties. In Figure 8(b), the overall missed detection 
rate of the research method in different target 
size intervals is less than 10%. The missed de-
tection rate is 8.5%, 4.2%, and 2.1% when the 
target size is small target, medium target, and 
large target. Other methods have significantly 
greater missed detection rates in various tar-
get size intervals. Research methods can detect 
potential risks more promptly and issue early 
warnings, and are more robust and adaptable 
when dealing with targets of different scales. In 
practical application tests, the research meth-
od has good multi-scale detection capabilities 
in MOT tasks in dense crowd scenes, can ef-
fectively extract features and distinguish over-
lapping targets, and alleviate the problem of 
missed detection in dense scenes.

4.3.	Comparative Experiments with 
Mainstream Benchmark Methods  
and Datasets

To rigorously evaluate the effectiveness of the 
IMC-IBTA method and make its results meet 
the standards of the MOT community, the study 
is conducted on widely used public benchmark 
datasets and compared with multiple main-
stream advanced methods. This verifies the 

(a) Processing delay time for different                   (b) Missed detection rates in different
 population densities                                                   target size ranges 

Figure 8. Processing delay time for different population densities and missed detection rates  
for different target size intervals.



111Multi-Object Tracking in Crowded Scenes by Integrating Image Motion Compensation Mechanism... 

comprehensive performance of IMC-IBTA un-
der standard evaluation indicators, especially 
its ability to handle occlusion, small targets, 
and identity switching problems in crowded 
scenes. The study first evaluates tracking per-
formance on the MOT17 and MOT20 chal-
lenge datasets. These two datasets contain rich 
pedestrian scenes with different densities, light-
ing, and occlusion levels, and are authoritative 
benchmarks for evaluating MOT algorithms. 
The study compares IMC-IBTA with the orig-
inal ByteTrack, BoT-SORT, and OC-SORT. 
These methods are outstanding and widely rec-
ognized baselines in the MOT field in recent 
years. The evaluation uses standard indicators 
of MTT, including Multi-Target Tracking Accu-
racy (MOTA), Multi-Target Tracking Precision 
(MOTP), Identity F1 score (IDF1), High-Order 
Tracking Accuracy (HOTA), and the number of 
IDs. The comparison results are shown in Table 
2.
In Table 2, on the more challenging MOT20 
dataset, all methods exhibit lower metrics 
compared to MOT17, reflecting the difficulty 

of high-density scenes. On MOT17, IMC-IB-
TA outperforms all compared methods in three 
core metrics: MOTA, IDF1, and HOTA. The 
significant improvement in IDF1 (78.8%) and 
the reduction in the number of IDs (1224) di-
rectly demonstrate that integrating IMC and 
improved data association strategies effec-
tively reduces identity switches and enhances 
trajectory coherence. On MOT20, IMC-IBTA 
also maintains leading performance across all 
major metrics, particularly reducing IDs by 
approximately 14% compared to the original 
ByteTrack, indicating stronger robustness in 
extremely crowded and severely occluded en-
vironments. To further verify the basic ability 
of the method in dense crowd detection, the 
study conducts comparative experiments on the 
CrowdHuman validation set. CrowdHuman fo-
cuses on highly occluded pedestrian detection. 
Its annotations include visible boxes and full 
boxes. It is an important dataset for evaluating 
the performance of dense target detection and 
correlation pre-order. The study compares the 
Average Precision (AP) of the detector used by 

Table 2. Comparison of tracking performance on MOT17 and MOT20 test sets.

Method Dataset MOTA (%) MOTP (%) IDF1 (%) HOTA (%) IDs

ByteTrack MOT17 76.6 78.2 75.2 59.8 1597

BoT-SORT MOT17 77.8 78.9 76.5 61.2 1456

OC-SORT MOT17 78.0 78.5 77.1 62.0 1389

IMC-IBTA MOT17 79.5 79.8 78.8 63.5 1224

ByteTrack MOT20 61.7 75.9 64.2 48.1 4478

BoT-SORT MOT20 62.6 76.2 65.0 49.0 4321

OC-SORT MOT20 63.1 75.8 65.8 49.8 4105

IMC-IBTA MOT20 64.8 76.5 67.5 51.3 3850
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IMC-IBTA with YOLOX (the original Byte-
Track detector) and some other advanced de-
tectors on this dataset. In addition, the study 
also reports related performance metrics on the 
CrowdHuman tracking segmentation (Track) 
subset. The results are shown in Table 3.
In Table 3, the customized detection backbone 
network achieves 88.9% AP and 46.8% mMR 
on the CrowdHuman validation set. The de-
tection performance is better than YOLOX-L, 
which is the ByteTrack baseline, laying a solid 
foundation for subsequent high-quality tracking 
correlation. On the CrowdHuman-Track subset, 
the Detection Accuracy (DetA) and Associa-
tion Accuracy (AssA) of IMC-IBTA reach the 
maximum values, which are 83.1% and 72.8%. 
This shows that the research method can effec-
tively distinguish multiple highly overlapping 
targets even when faced with extremely dense 
and occluded static images in CrowdHuman. 
Compared with methods that use the same de-
tector but different tracking strategies, the im-
provement of IMC-IBTA on AssA is particular-
ly obvious, verifying the synergistic effect of 
the improved ByteTrack framework and IMC 
mechanism in complex correlation tasks. In 
summary, through system comparative exper-

iments on MOT17, MOT20, CrowdHuman, 
and other standard benchmarks, the IMC-IBTA 
method is superior to ByteTrack, BoT-SORT, 
and OC-SORT in multiple core tracking and 
detection indicators and is in line with the eval-
uation specifications of the MOT community. It 
strongly proves the effectiveness of this method 
in improving the accuracy, stability, and identity 
preservation of target tracking in dense scenes.

4.4.	Ablation experiment analysis

To quantify the contribution of each module 
to the system performance, this study designs 
an ablation experiment, successively removing 
the IMC, COC, adaptive noise adjustment, and 
GNN matching modules. The experimental re-
sults are shown in Table 4.
In Table 4, the IMC module contributes the 
most to improving tracking stability, and COC 
and GNN matching play a significant role in 
reducing ID switching. To further evaluate the 
practicability of the method, this study com-
pares the computing efficiency of IMC-IBTA, 
ByteTrack, and BoT-SORT in the same hard-
ware environment. When processing 1080p 

Table 3. Detection and association performance comparison on the CrowdHuman dataset.

Method Detection 
Backbone

CrowdHuman (Val Set) CrowdHuman-Track
DetA  
(%)

AssA 
(%)AP@0.5:0.95 (Full Box) 

(%)
mMR (Full Box) 

(%)

YOLOX-S YOLOX 84.0 52.1 78.2 65.4

YOLOX-L YOLOX 87.2 48.5 81.5 68.9

Ours (Detec-
tor) Custom 88.9 46.8 83.1 71.2

ByteTrack YOLOX-L 87.2 48.5 81.5 69.5

OC-SORT YOLOX-L 87.2 48.5 82.0 70.1

IMC-IBTA Custom 88.9 46.8 83.1 72.8
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images on RTX 3080, the average inference 
time of IMC-IBTA is 32 ms/frame, which is 
slightly higher than ByteTrack (28 ms/frame) 
but significantly lower than BoT-SORT (45 ms/
frame). The number of model parameters in-
creases by about 8%, indicating that the perfor-
mance improvement does not bring significant 
computational burden.

4.5.	Discussion

The proposed multi-object tracking method, 
which integrates an image motion compensa-
tion mechanism with an improved ByteTrack 
algorithm, demonstrates outstanding tracking 
performance across multiple dense-scene data-
sets. The following discussion elaborates on its 
theoretical contributions and practical implica-
tions.
(1)	 Theoretical Implications: First, this study 

is the first to deeply integrate an image 
motion compensation mechanism into 
the ByteTrack framework, proposing a 
multi-level motion correction strategy that 
significantly enhances the stability of ob-
ject detection and trajectory association 
under dynamic backgrounds. Traditional 
methods often struggle to maintain identi-
ty consistency under camera shake or rap-
id motion. By introducing global and local 
motion compensation, the proposed ap-

proach aligns trajectory predictions more 
closely with actual motion states, repre-
senting a strong theoretical innovation. 
Second, the improved ByteTrack frame-
work incorporates camera offset compen-
sation and a graph neural network match-
ing module into its two-stage association 
strategy, thereby enhancing the re-identifi-
cation capability of occluded targets. This 
improvement preserves the efficiency of 
the original ByteTrack while significantly 
boosting robustness in extremely crowded 
scenes, offering new insights for future re-
search. Additionally, the adaptive noise-ad-
justed Kalman filter proposed in this study 
dynamically adjusts the noise covariance 
when a target has not been updated for an 
extended period, improving the stability of 
trajectory prediction. This mechanism the-
oretically enriches the application of Kal-
man filtering in dynamic vision tasks.

(2)	 Practical Implications: From a practical 
perspective, the proposed method demon-
strates strong potential for engineering de-
ployment in several dimensions. First, in 
intelligent surveillance systems, multi-ob-
ject tracking in crowded scenes is funda-
mental for tasks such as high-risk warning 
and crowd density analysis. The proposed 
method maintains an F1 score above 85% 
under varying occlusion and density condi-
tions, with a processing delay of less than 

Table 4. Ablation experiment results (on the MOT17 validation set).

Configuration MOTA (%) IDF1 (%) IDs

Complete model 79.5 78.8 1224

Remove IMC 77.1 76.3 1456

Remove COC 78.0 77.5 1320

Remove adaptive noise 78.8 77.9 1288

Remove GNN matching 78.2 77.1 1350



114 H. Feng

100 ms, making it suitable for real-time 
deployment. Second, in autonomous driv-
ing and mobile robotic vision systems, 
camera motion is frequent and target 
scales vary dramatically. Experimental re-
sults on the MovingDroneCrowd dataset 
show that the method achieves a missed 
detection rate of less than 8.5% for small 
targets and higher accuracy for medium 
and large targets, indicating robust multi-
scale perception capabilities. Furthermore, 
the method's strong performance on pub-
lic benchmark datasets such as MOT17, 
MOT20, and CrowdHuman validates its 
generalization ability and robustness. The 
significant reduction in identity switches 
and improvement in IDF1 scores suggest 
that the method can effectively mitigate 
identity confusion in real-world deploy-
ments, enhancing system reliability and 
user experience.

In summary, this study not only deepens the the-
oretical integration of motion compensation and 
data association mechanisms but also empirical-
ly validates the method's efficiency and stabili-
ty in complex dynamic scenes, highlighting its 
academic value and broad application prospects.

5.	Conclusion

To address the traditional MOT method in 
dense crowd scenes, such as insufficient feature 
expression ability and a lack of robustness to 
complex environmental conditions, this study 
innovatively proposed an MOT method in 
dense crowd scenes that integrates IMC and the 
IBTA. This study innovatively integrated COC 
and IBTA, and improved the recognition accu-
racy of target tracking in dense scenes through 
adaptive noise adjustment and multi-level im-
age motion correction. In the experiment, the 
processing time of the research method was 
20FPS when the input resolution was 1.8Mpx. 
Its F1 scores were 95.8% and 86.5% in mild 
and severe occlusion scenes. In the actual appli-
cation test, the research method accounted for 
85.2% of the number of trajectories in the sta-
dium scene, and the MTT accuracy was 82.1%. 
Its AP was 95.2% when IoU threshold = 0.5 and 
30.5% when IoU threshold = 0.95. Its ARR was 
98.5% and 85.7% when the number of detec-

tions per image was 1–25 and 76–100. Its pro-
cessing latency was 28 ms in sparse crowds and 
68 ms in dense crowds. The missed detection 
rate was 8.5% when the target size was small 
and 2.1% when the target was large. The re-
search method has better recognition accuracy 
and stability in crowded scenes, and can effec-
tively alleviate the problem of missed detection 
in dense scenes. However, this study still has 
certain limitations. The experiments were pri-
marily validated on two datasets: WiderPerson 
and MovingDroneCrowd. The scene coverage 
of these datasets is limited, lacking real dense 
crowd scenes under conditions such as low-
light at night, extreme weather (e.g., rain, snow, 
fog), and severe illumination variations. Fur-
thermore, this study did not conduct cross-data-
set generalization tests on more challenging or 
out-of-distribution public benchmark datasets. 
Therefore, the robustness and general applica-
bility of the proposed method in the above-men-
tioned undiscovered extreme and complex sce-
narios are still not fully determined. This may 
impact its performance in real-world, 24x7 and 
24x7 surveillance deployments.
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