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Abstract

The Transformer architecture has been highly successful in natural lan-
guage processing and is increasingly being applied to computer vision
tasks, such as medical image analysis, traffic light monitoring, surveil-
lance, and object tracking, due to its self-attention mechanism enabling
global interactions between image patches. However, the quadratic com-
plexity in time and memory limits its scalability for high-resolution im-
ages. To address this, we propose an advanced attention mechanism
for multi-object tracking, incorporating Transposed Self-Attention (TSA)
and Cross Patch Interaction (CPI) modules. TSA reduces computational
complexity by capturing feature dependencies across the entire channel
space instead of image patches, resulting in linear complexity relative to
the number of patches. CPI enhances cross patch communication, improv-
ing the model’s learning efficiency. Our method reduces computational
costs by approximately 13% and achieves state-of-the-art performance,
with a multi-object tracking accuracy of 72.8% on MOT17 and 63.4% on
MOT20. This represents a 10.3% improvement over the baseline method
on MOT17, while also reducing training time per epoch by nearly 7 min-
utes and increasing frame per second from 7 to 8. These results demon-
strate the effectiveness and efficiency of our approach for multi-object

tracking.

1. Introduction

Object tracking is considered one of the important tasks
in computer vision and image processing (Kadam et al.|
2024)), and Multiple Object Tracking (MOT) is a cate-
gory within object tracking (Park et al., |2021). MOT
has gained increasing interest in recent years, and use
in many applications such as automating robotics nav-
igation (Gad et al., [2022), autonomous driving, aerial
surveillance (Wang et al., [2024), and pedestrian track-
ing. Its main objective is to estimate the trajectories of
multiple objects in a video sequence while maintaining
their identities across frames (Zhang et al., [2022)). The
main challenges of object tracking are occlusion, illu-
mination conditions, deformation, cluttered or textured
background, and viewpoint variation.

Most MOT methods, such as those mentioned in
(Fang et al.l |2018; Mahmoudi et al.l 2018)), employ the
tracking-by-detection paradigm and aim to address the
issue through the use of two separate models. Initially,

the detection model is used to localize the target ob-
jects with bounding boxes in individual video frames.
Subsequently, an association model connects the set of
detections across frames through re-identification (re-
ID) to establish target trajectories (Zhang et al., 2021)).
Noteworthy advancements have been made in object de-
tection, enhancing overall tracking accuracy. However,
these two-step approaches face challenges in achieving
real-time inference speed in environments with a high
number of objects. This challenge arises due to the lack
of feature sharing between the detection and association
models, necessitating the independent application of re-
ID models for each bounding box in the video (Fu et al.,
2019). One-shot trackers have gained increased atten-
tion by introducing a single network to estimate objects
and learn re-identification features (Wang et al., [2020)).
For example, Voigtlaender et al.| (2019) incorporated a
re-ID branch into Mask R-CNN to extract re-ID features
for each proposal, reducing inference time by reusing
backbone features for the re-ID network. However, de-
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spite improvements in inference speed, these one-shot
trackers exhibit a significant drop in performance com-
pared to the two-step models. While detection accuracy
remains high, tracking performance experiences a con-
siderable decline.

Lately, significant advancements have been observed
in the realm of computer vision, with deep neu-
ral networks, particularly Convolutional Neural Net-
works (CNNs), playing a pivotal role (Chuangjul [2023;
Zhao et al., 2024). To further enhance performance,
Google Al has employed the Transformer architecture,
renowned for its self-attention mechanisms in NLP
(Vaswani et al., [2017]), showcasing its potential for com-
puter vision tasks. Subsequently, the Transformer mi-
grated to computer vision, specifically image classifica-
tion, detection, and segmentation (Dosovitskiy et al.,
2020). Despite it achieves remarkable performance in
several tasks, Transformers face significant challenges
due to the quadratic time and memory complexity of
their core self-attention operation relative to the input’s
length or the number of patches. Consequently, process-
ing high-resolution feature maps and long sequences is
slow. Although several strategies have been introduced
to address this complex issue, none of the existing solu-
tions are fully satisfactory, such as hierarchical Trans-
former architectures using shifted windows (Liu et al.,
2021) to avoid non-overlapping local windows to reduce
computation, but it may limit the interactions between
patches within the same window. This limitation could
potentially affect the model’s ability to capture fine-
grained details and long-range dependencies in the im-
age. [Zhu et al|(2020)) incorporated the Transformer ar-
chitecture into the Deformable DETR model, enabling
the model to capture complex relationships between ob-
jects and their contexts while predicting objects in im-
ages of various sizes. The deformable attention mech-
anism in DETR helps reduce the complexity of global
attention compared to conventional attention mecha-
nisms. However, deformable attention requires dynam-
ically computing the attention locations and scores for
each query, which involves multiple iterations of atten-
tion computation. This process can become computa-
tionally intensive, particularly in high-resolution images
or datasets with numerous objects, where many features
must be tracked and processed simultaneously.

Existing multi-object tracking methods, such as
those based on Transformers, face significant chal-
lenges due to the quadratic computational complexity
of the global self-attention mechanism. This complex-
ity makes these models inefficient when processing high-
resolution inputs or large-scale datasets, leading to slow
training convergence. To address these limitations, we
propose a novel multi-object tracking framework that
incorporates an advanced attention mechanism consist-
ing of two key components: Transposed Self-Attention
(TSA) and Cross Patch Interaction (CPI) modules.
TSA focuses on feature dependencies across the chan-
nel space rather than individual patch comparisons, re-
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ducing computational complexity from quadratic to lin-
ear with respect to the number of patches. This sig-
nificantly lowers the computational overhead and ac-
celerates the training process, particularly for high-
resolution inputs. Meanwhile, CPI enhances communi-
cation between patches by enabling the model to share
information across patches more effectively. This leads
to better feature interaction and representation learn-
ing, improving the model’s ability to handle complex
scenarios such as occlusions or closely interacting ob-
jects.
In summary, our main contributions are:

1) We propose a novel multi-object tracking frame-
work that incorporates an advanced attention
mechanism, effectively addressing slow training
convergence by reducing computational complex-
ity and improving feature interactions through
TSA and CPI modules.

2) We compare the performance of our proposed
method with state-of-the-art approaches on the
MOT17 and MOT20 datasets, demonstrating no-
table improvements in tracking accuracy.

The subsequent sections of this paper are structured
as follows. Section [2 reviews the related works. Section
Blintroduces the proposed method and provides detailed
insights into its formulation and implementation. Sec-
tion M presents the experimental results. Finally, Sec-
tions [§] and [6] provide the discussions and conclusions.

2. Related work

2.1 Tracking-by-Detection

The Tracking-by-detection paradigm has emerged as a
powerful approach, combining the strengths of state-
of-the-art object detection algorithms with data as-
sociation techniques to create coherent object trajec-
tories. The process begins with the application of
advanced object detection algorithms, such as Faster
R-CNN (Region-based Convolutional Neural Network)
(Ren et al., 2017), YOLO (You Ounly Look Once) (Nazir
and Wani, 2023, or SSD (Single Shot Multibox Detec-
tor) (Magalhaes et al. 2021). These algorithms iden-
tify and localize objects in individual frames, provid-
ing bounding boxes, class labels, and confidence scores.
Object detection serves as the foundational step in the
Tracking-by-detection pipeline, enabling the extraction
of rich spatial and semantic information about objects
within each frame. The next process of Tracking-by-
detection lies in the association of detected objects
across consecutive frames. Various data association
techniques, including the Hungarian algorithm, Kalman
filtering, and deep association methods, are employed to
establish correspondences between detections and form
coherent object trajectories. This step is pivotal in ad-
dressing the temporal aspect of tracking, allowing for



Cheewaprakobkit

the seamless tracking of objects as they move through
the video sequence. Some approaches, such as those
that tackle data association as a graph optimization
problem (Brasé and Leal-Taixé, 2020]), consider each
detection a graph node. However, separating detection
and tracking can lead to higher computational costs and
inefficiencies, particularly in complex scenes with occlu-
sions. This separation also results in suboptimal perfor-
mance when dealing with dense or overlapping objects,
as detection and data association occur independently.

In contrast, our approach unifies detection and
tracking, offering greater efficiency by reducing com-
putational complexity and enhancing feature interac-
tion. This integration improves tracking accuracy, espe-
cially in crowded or occluded environments, addressing
common limitations in traditional tracking-by-detection
methods.

2.2 Multi-Object Tracking (MOT)

Multi-Object Tracking (MOT) involves detecting and
tracking objects of interest across a sequence of images
or video frames. This requires associating the same ob-
ject across frames, even when objects are in motion,
occlude one another, or appear and disappear from the
scene. This task becomes more challenging when ob-
jects are visually similar or moving rapidly. Traditional
MOT methods rely heavily on separate stages of detec-
tion and data association, with techniques like feature-
based tracking (Nazir and Wani, 2023|), appearance-
based tracking, and data association methods (Li et al.,
2023). Feature-based tracking uses elements such as
edges, corners, or regions with similar colors to track
objects. Appearance-based tracking involves learning
the appearance of objects and matching them across
frames. Data association methods use probabilistic al-
gorithms to associate objects across frames based on
their location, motion, and appearance.

Moreover, MOT trackers often follow a tracking-
by-detection approach (Bochinski et al.l 2017), where
objects of interest are detected independently in each
frame, and data association is performed across frames
using algorithms such as the Hungarian algorithm (Fang
et al.l [2018]). Graph models are also used to represent
the temporal connections and positions of objects to as-
sociate sets of detections into trajectories (Tian et al.,
2019). Although these methods have improved perfor-
mance, they are not entirely satisfactory, as they create
ambiguity in complex scenes with occlusions and strug-
gle to handle real-time tracking efficiently. Additionally,
they can be computationally expensive, especially with
large graphs.

2.3 Transformer

The Transformer architecture, first introduced by
Vaswani et al.| (2017)), has brought significant advance-
ments in natural language processing and has recently
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been extended to various computer vision tasks. It
leverages a unique query-key mechanism and relies on
attention mechanisms to process extracted deep fea-
tures. This has allowed the Transformer to achieve re-
markable success in tasks such as detection (Chen et al.|
2016; [Voigtlaender et al., [2019), segmentation (Zheng
et al., [2020), and backbone construction (Wu et al.,
2021)). The Vision Transformer (ViT) architecture was
proposed to utilize self-attention mechanisms for cap-
turing spatial relationships and dependencies among im-
age patches, enabling competitive performance in image
classification benchmarks (Huo et al., [2023). However,
there are a few limitations to consider. First, ViT can
be computationally expensive compared to CNNs. Sec-
ond, ViT may face challenges in capturing long-range
dependencies effectively.

Our work builds on existing MOT approaches, par-
ticularly Transformer-based models. Unlike traditional
methods that separate detection and tracking, our
framework integrates both into a unified architecture.
We leverage TSA to significantly reduce computational
overhead and use the CPI module to enhance patch-
level communication and handle spatial relationships
between objects more effectively. This makes our ap-
proach more robust in dealing with occlusions and com-
plex object interactions in dense scenes.

3. Proposed Method

We proposed an advanced attention mechanism aimed
at improving the performance of the Transformer. The
Transformer architecture consists of both an encoder
and a decoder. To capture frame-level features, we
utilize ResNet-50 as the underlying backbone. These
frame features undergo encoding through a multi-head
advanced attention mechanism within the Transformer
encoder. This advanced attention mechanism is de-
signed to capture meaningful relationships across dif-
ferent parts of the input. Subsequent to the advanced
attention mechanism, we apply layer normalization, a
feed-forward neural network, and residual connections.
These elements serve to augment non-linearity and re-
fine the encoded information. Ultimately, the output of
the encoder is a sequence of vectors, each representing
a context-aware embedding for the corresponding input
token. This output comprehensively encapsulates both
semantic meaning and positional information.

Within the Transformer decoder, we leverage infor-
mation obtained from the encoded vectors to generate
the output through the multi-head advanced attention.
This advanced attention mechanism facilitates the de-
coder in selectively attending to different parts of the
encoded input sequence, enabling the generation of con-
textually rich and accurate predictions. Subsequently,
to produce bounding box and class predictions, we em-
ploy multilayer perceptron (MLP).
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Figure 1. The proposed architecture.

These MLP serve as robust neural networks, ex-
tracting complex features and relationships from the de-
coder’s output, contributing to the final predictions of
bounding boxes and class labels with enhanced precision
and expressiveness.

We have modified the conventional self-attention
mechanism to an advanced attention mechanism, which
comprises two modules: Transposed Self-Attention
(TSA) and Cross Patch Interaction (CPI). The TSA
module operates along the feature channel, while the
CPI module enables communication among patches, al-
lowing inputs to interact with each other. The proposed
architecture is shown in Figure [T}

3.1 Multi-Head Advanced Attention Mecha-
nism

The Multi-Head Advanced Attention in the Trans-
former divides the advanced attention into parallel sub-
sets or heads, independently applying attention to each
subset. This approach enables the model to capture a
variety of relationships among input elements and learn
distinct features by attending to different parts of the
input sequence simultaneously.

The multi-head advanced attention is defined in Eq.
[land Eq. 2] Where H; reprebents the attention calcula-
tion for the i — th head, while w®, wX,w} are learnable
weight matrices applied to the mput sequence to obtain
query, key, and value projections specific to the i — th
head. The attention function computes the weighted
sum of the value vectors based on the dot product simi-
larity between the query and key vectors. WO is the
learnable weight matrix applied to the concatenated

tensor to produce the final output.

MultiHead(Q, K, V) = Concat(Hy, ..., Hu )WY (1)

H; = Attention(QWE, KWX vwY) (2)

3.2 Conventional Self-Attention Mechanism

The Transformer relies on the conventional self-
attention mechanism for input interactions, but its com-
putational complexity is quadratic due to pairwise in-
teractions between all patches. The time complexity is
O(N?d) and the memory complexity is O(hN? + Nd),
where h is the number of heads, N is the number of
patches, and d is the embedding dimension. The con-
ventional self-attention function (Vaswani et al., 2017)
can be formulated as Eq. [3]

.
Attention(Q, K, V) = Softmax (Cf/% ) vV (3

here, @, K, and V represent queries, keys, and values,
and dj, refers to the dimensionality of K. The attention
weights, obtained by scaled dot-product, are applied to
V' to produce the final output.

3.3 Advanced Attention Mechanism (AAM)

Conventional self-attention relies on heavy calculations,
repetitive matrix multiplications. We propose mitigat-
ing this by reducing matrix dimensionality, allowing the
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model to adjust its attention patterns and extract valu-
able key information. The advanced attention mecha-
nism that we proposed consists of TSA and CPI mod-
ules as shown in Figure [I}

3.3.1 Transposed Self-Attention (TSA) Mod-
ule

The primary motivation for introducing TSA is to re-
duce the high computational complexity of conven-
tional self-attention, particularly in multi-object track-
ing tasks that involve processing high-resolution images.
TSA operates across feature channels instead of image
patches (El-Nouby et al., [2021), which significantly re-
duces computational costs by avoiding the quadratic
scaling associated with traditional self-attention on
patches, achieving linear complexity relative to the
number of patches while maintaining strong feature rep-
resentation.

The calculation of the advanced attention mecha-
nism can be performed using Eq. [ The definitions
of queries @, keys K, and values V are the same as
those used in the self-attention mechanism within the
Transformer.

KTQ
Vi,

Attentionaam(Q, K, V) = Softmax ( ) vV 4

The attention output is a matrix Aaam € R *da,
which reduced the dimensionality and computations.
The results in a time complexity of O (%) and the
memory complexity of O (df + N d), which address the
quadratic complexity problem. Where h represents the
number of heads, N denotes the number of patches,
and d represents the dimensionality of the input em-
beddings.

3.3.2 Cross Patch Interaction (CPI) Module

To facilitate communication across patches, we utilized
a CPI module following the TSA module. This two-
stage process ensures improvements in both speed and
accuracy. As shown in Table [If our method increases
MOTA by 10.3% and reduces training time by nearly
7 minutes per epoch, highlighting the practical bene-
fits of our design compared to conventional attention
mechanisms.

The CPI module consists of two depth-wise con-
volution layers of size 3x3, with Batch Normalization
(BN) and Gaussian Error Linear Unit (GELU) activa-
tion functions in between (El-Nouby et al., 2021)), as
depicted in Figure 2] Importantly, the CPI module ex-
hibits a low computational cost in terms of parameters.
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Figure 2. The Cross Patch Interaction module.

The utilization of depth-wise convolution layers
within this module allows the model to capture interac-
tions between local features across patches. This helps
in incorporating contextual surrounding information,
not just the patches themselves. Batch Normalization
(BN) is employed to normalize the input to each layer,
reducing internal covariate shift (distribution changes
during training) and providing stable training. BN of-
ten enables faster learning rates, leading to quicker con-
vergence during training. Gaussian Error Linear Unit
(GELU) introduces non-linearity to the network, allow-
ing it to model complex relationships within the data.
GELU is known for its smooth activation function, and
it helps in preserving gradient information during back-
propagation. This activation function enhances the ex-
pressive power of the network, enabling it to capture
intricate patterns and relationships.

4. Experimental Results

4.1 Datasets

Our model was trained on the standard splits of the
MOT17 dataset (Dendorfer et al., |2020), which con-
tains 14 different sequences of public places with an-
notated pedestrian bounding boxes. The training set
consists of 15,948 frames, while the test set comprises
17,757 frames. We initialized our model with pre-
trained weights from the COCO dataset. To enhance
the model’s generalization, we applied data augmen-
tation techniques such as random horizontal flipping,
cropping, and resizing, randomly transforming each
frame. While the training set size remained unchanged,
these augmentations introduced variability, improving
the model’s ability to generalize. All methods in our
experiments were trained on the same dataset, ensuring
consistency in training set size. We trained our model
for 200 epochs using a batch size of 2 and an initial
learning rate of 0.00001, which decreased by a factor of
10 after 10 epochs. The training was conducted on RTX
3090 GPUs.
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4.2 Comparison

In Table [T We present a comparison between our pro-
posed method and the baseline, which is the Vanilla
Transformer using conventional self-attention, both
evaluated on the MOT17 dataset. Our approach re-
places conventional self-attention with an advanced at-
tention mechanism, resulting in several improvements.
Firstly, we reduced the total number of parameters by
1.2 M. Additionally, this modification led to a reduction
in training time by nearly 7 minutes per epoch, or ap-
proximately 13%. Furthermore, our proposed method
exhibited a notable increase in the multi-object track-
ing accuracy (MOTA) during testing, achieving a boost
of 10.3%, while the frame rate increased by 1 frame per
second.

Table 1. Comparison between our proposed method and
baseline method evaluated on MOT17 dataset.

Method Total Time/Epoch MOTA  FPS
Parameters  (min)

Baseline 39.82 M 51:18 62.5% 7

Ours 38.62 M 44:30 72.8% 8

Figure 3. An illustration of tracking within a video
frame: (a) Baseline method and (b) our method.

Figure [3] illustrates an example of the tracking re-
sults. In frame number 60 of the video clip, we com-
pare the baseline method with our proposed method.
Firstly, the baseline method is unable to track a boy
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seated on the floor (indicated as number 1), whereas
our proposed method successfully tracks him. Secondly,
the baseline method fails to track a person who is walk-
ing and wearing a sportwear of dark blue color, which
blends with the background (indicated as number 2).
In contrast, our proposed method effectively tracks this
person. Thirdly, the baseline method struggles to track
two people who are walking at the back due to their dis-
tance and small size, while our tracker accurately tracks
them (indicated as number 3). The video available via
this link: https://drive.google.com/drive/folders/
14Wa0adz0ev0VddQxdH403kndenB8TTdi

In addition, we compare our proposed method with
other methods, which are evaluated on MOTI17 as
shown in Table 2l We provide results based on the
CLEAR MOT metrics (Bernardin Stiefelhagen, 2008),
which are widely recognized as standard evaluation cri-
teria for multiple target tracking algorithms. These
metrics include MOTA (Multiple object tracking accu-
racy), IDF1 (Identity preservation score), MT (Mostly
tracked targets), ML (Mostly lost targets), and ID Sw.
(ID-switch).

In Table 2] our method outperforms other ap-
proaches on several key metrics, including MOTA,
IDF1, and MT, which are crucial for assessing perfor-
mance in complex tracking scenarios such as occlusion,
clutter, and motion. MOTA accounts for missed tar-
gets, false positives, and ID switches. Our approach
achieves the highest MOTA score of 72.8%, indicating
superior overall tracking accuracy. This high score sug-
gests that our model excels in detecting and tracking ob-
jects across frames, even in challenging conditions like
cluttered environments or occlusion, showing that the
model reliably tracks multiple objects with minimal er-
rors.

IDF1 measures how well the model maintains object
identities over time. Our high score of 70.4% demon-
strates the model’s ability to track identities in complex
situations, like occlusion or fast motion, re-identifying
objects when they reappear. This is crucial for applica-
tions like surveillance.

ID switches count how often the model incorrectly
assigns a new identity to a tracked object. While our
method has a higher ID switch count (5,121), the strong
MOTA and IDF1 scores reflect robust overall perfor-
mance. In crowded scenes, higher ID switches are ex-
pected, but our model compensates by maintaining ac-
curate detection and minimizing false positives. The
high number of ID switches is due to the global atten-
tion mechanism in our Transformer architecture, which
covers a large area and improves its ability to detect
multiple objects. However, in crowded scenes or when
objects are closely clustered or occlude each other, this
wide coverage can lead to misidentification. As objects
temporarily overlap or pass each other, the model may
switch their identities, resulting in more ID switches.


https://drive.google.com/drive/folders/14Wa0adz0ev0VddQxdH4o3kndenB8TTdi
https://drive.google.com/drive/folders/14Wa0adz0ev0VddQxdH4o3kndenB8TTdi

Cheewaprakobkit

Journal of Applied Informatics and Technology 2026, 8(1), 257934

Table 2. The comparison between our method and other methods evaluated on MOT17.

Method MOTA + IDF1+ MT{ ML| ID Sw. |
Tracktor++ (Bergmann et al., |2019)* 56.3 55.1 498 831 1,987
GSM (Bergmann et al., [2019)** 56.4 57.8 523 813 1,485
Baseline* 62.5 60.7 702 632 3,917
TubeTK (Pang et all, [2020)** 63.0 58.6 T34 468 4,137
UTM (You et al.| [2023])** 63.5 65.1 881 635 1,686
CTracker (Pang et al.l [2020)** 66.6 57.4 758 570 5,529
TrajE (Girbau et al., [2021)** 67.4 61.2 820 587 4,019
CenterTrack (Girbau et al., [2021)* 67.8 64.7 814 579 3,039
TransCenter (Xu et al.l [2023)* 68.8 61.4 867 564 4,102
TraDes (Wu et al. [2021)* 69.1 63.9 857 506 3,555
NCT (Zeng et al.| [2023)* 69.5 68.5 1092 399 4,919
PixelGuide (Boragule et al.| [2022))* 69.7 68.4 903 615 3,639
Ours* 72.8 70.4 972 102 5,121

Note: Arrows indicate whether higher (1) or lower (]) values are better; * indicates use of data augmentation;

kk

indicates no explicit mention of data augmentation.

Table 3. The comparison between our method and other methods evaluated on MOT20.

Method MOTA t+ IDF1t MT1 ML) IDSw. |
IQHAT (He et al., |2022)* 57.1 57.7 507 249 1,875
LMOT (Mostafa et al., [2022)** 59.1 61.1 759 312 1,398
OCSORTpublic (Cao et al., [2023)** 59.9 67.0 478 330 554
MPTC (Stadler and Beyerer), [2021)* 60.6 59.7 635 208 4,533
TransCenter (Xu et al. 2023)* 61.0 49.8 601 192 4,493
RETracker (Kawanishi, 2022)* 62.4 53.0 605 192 3,804
Ours* 63.4 57.5 642 173 3,133

Note: Arrows indicate whether higher (1) or lower ({) values are better; * indicates use of data augmentation;

** indicates no explicit mention of data augmentation.

While the model maintains overall tracking accu-
racy, its tendency to switch identities may be problem-
atic in applications where long-term identity tracking is
critical, such as behavioral analysis. A high ID switch
count could lead to confusion in situations requiring
consistent identity tracking across sequences. In Ta-
ble [3] our method outperforms existing approaches in
overall tracking accuracy, achieving the highest MOTA
(63.4%) and the lowest ML (173), making it highly re-
liable in crowded and occluded scenes. It also performs
well in MT (642), demonstrating its ability to track ob-
jects through most of the sequence. However, it faces
challenges in consistently preserving object identities
(IDF1) and managing ID switches during complex in-
teractions or occlusions, indicating areas where further
improvements are needed, particularly in refining the
model’s identity management mechanisms.

5. Discussion

The experimental results demonstrate that the TSA
module successfully reduces the computational com-
plexity of traditional self-attention from quadratic to

linear, significantly lowering overall computational over-
head. This leads to faster training convergence, as ev-
idenced by the results in Table [I, where our method
shows a notable reduction in time per epoch compared
to the baseline. Additionally, the CPI module en-
hances feature interactions between patches, improving
the model’s ability to handle challenging tracking sce-
narios, such as occlusions and closely interacting ob-
jects, which are common in multi-object tracking.

Tables [2] and [3] compare our method against state-
of-the-art approaches on the MOT17 and MOT20
datasets. Our method achieves the highest MOTA
scores of 72.8% on MOT17 and 63.4% on MOT20,
demonstrating superior overall tracking accuracy.
These results confirm that our approach effectively
tracks objects in cluttered environments and during oc-
clusions, aligning with our goal of improving tracking
performance. Furthermore, the lowest ML values in
both tables underscore the model’s reliability in main-
taining object tracks throughout the sequence.

While our method outperforms existing approaches
in key metrics such as MOTA and ML, we recognize that
there are areas for further improvement, particularly in
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managing ID switches, as our method shows a higher
ID switch count compared to some other approaches.
This suggests that, despite the strengths of the TSA
and CPI modules, additional refinement is needed in
handling identity preservation during complex interac-
tions and occlusions.

6. Conclusion

In this work, we proposed a novel multi-object track-
ing architecture based on an advanced attention mecha-
nism, integrating Transposed Self-Attention (TSA) and
Cross Patch Interaction (CPI) modules. Our method
achieves state-of-the-art performance, with a MOTA of
72.8% on the MOT17 dataset and 63.4% on MOT20.
These results highlight the effectiveness of our approach
in improving tracking accuracy, reducing computational
costs, and speeding up training time by optimizing
the attention mechanism. Specifically, the TSA mod-
ule significantly reduces computational complexity from
quadratic to linear, while the CPI module enhances fea-
ture interaction across patches, improving tracking in
complex scenarios like occlusions and crowded scenes.
Overall, our method achieves a 10.3% accuracy improve-
ment over conventional attention-based tracking mod-
els.

Beyond the technical contributions, our approach
holds potential for real-world applications in various
industries. In autonomous driving, for example, the
improved accuracy and efficiency of our method can
enhance object tracking for vehicles, pedestrians, and
cyclists, even in challenging environments. Similarly, in
surveillance, the ability to maintain identity consistency
across frames could improve the monitoring of crowded
areas, making the system more reliable for security pur-
poses.

Looking ahead, several opportunities for future re-
search exist. One promising direction is the integration
of additional modalities, such as depth data or LiDAR,
into the multi-object tracking pipeline. This could en-
hance the system’s ability to understand spatial rela-
tionships between objects, providing better detection
and tracking in 3D environments. Another area for
improvement is addressing specific failure cases, such
as high ID switch rates in crowded scenes. Future
work could focus on refining identity preservation mech-
anisms or incorporating temporal consistency checks to
reduce ID switches and improve object re-identification.
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