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Abstract—Multi-object tracking (MOT) is garnering more
attention due to its widespread application in the area of
autonomous driving, human-computer interaction, and intelligent
video surveillance. Especially in recent years, MOT has rapidly
developed thanks to related technologies such as object detection,
which has helped in handling interfering factors such as crowded
scene occlusion, small objects, and similar appearances. Among
these, Detection-based MOT is the mainstream for accurately
forming objects’ trajectories. Therefore, according to the analysis
of the last three years’ research, this paper particularly focuses on
discussing the continuous optimization strategies of MOT around
the development of object detection at each stage. In addition, this
article also introduces the commonly used benchmark datasets
and related applications of MOT.

Index Terms—Multi-object Tracking (MOT), Object detection,
Deep learning, Research progress

I. INTRODUCTION

With the development of Deep-learning(DL)-based Multi-
object tracking (MOT), it has been widely utilized in many re-
lated real-life problems like Intelligent transportation[1], Video
surveillance[2], autonomous driving[3], human-computer in-
teraction[4]. These applications also highlight the important
academic significance of MOT. To accomplish the task of
MOT, a common way is locating objects’ position frame per
frame first and associating them inter frames then. There,
the tracking objects could be anything such as pedestrians,
sports players, birds, dogs, vehicles, or all of the above.
Due to the urgent need for continuous improvement of the
applications performance and the challenges such as occlusion,
small objects, and similar appearances, the schemes in MOT
are always being optimized. Among them, detection-related
multi-object tracking methods are the mainstream solution for
forming the trajectories of objects[5, 6, 7, 8].

Therefore, different from related review papers on MOT in
previous years[9, 10, 11], this paper mainly focuses on object
detection-related multi-object research, and through the analy-
sis of the methods to divides them into detection-based MOT,
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joint detection-based MOT. The core ideas and algorithmic
features of each technique are elaborated on separately.

Consequently, to sum up, the work of this paper is organized
as follows:

1) The development summary of standard object detection
algorithms used in MOT;

2) The list of tracking-by-detection and joint detection and
tracking MOT approaches;

3) The overview of MOT datasets;

4) The exploration of various applications.

II. OBJECT DETECTION FOR MOT

As the fundamental technology in Computer vision, object
detection has been used in much other vision tasks[12] and
the related vision application[2, 3, 4]. Also, as the basis of
MOT, the performance of object detection is the crucial key.
A comprehensive understanding of MOT relies heavily on
the development of object detection. Therefore, it is essential
to first examine the common object detection. As shown in
Fig. 1, the development of object detection could be broadly
delineated into two overarching periods: the era of traditional
object detection (1998-2014) and the epoch of DL-based
(2014-present). The latter could be further sub-categorized into
anchor-based (one-stage, two-stage separately) and anchor-free
methods.

The conventional object detection algorithms[13, 14, 15]
primarily rely on feature extraction methods that are manually
crafted[16]. The proposal of RCNN[17] marked the dawn of
deep learning in object detection. After filtering related papers,
the research could be divided into anchor-based and anchor-
free, to be more precise, the anchor-based would be described
as two-stage and one-stage methods.

Firstly, two-stage object detection methods: the two-stage
methods refer to an object detection approach that involves
generating candidates first and then performing classification
as well as regression. In this mode, Kaiming et al. aimed for
handling the overlapping parts between candidate boxes, and
adopted a spatial pyramid pooling layer to process regions
of interest in different scales, thereby avoiding redundant
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Fig. 1. The development of object detection.

computation in overlapping areas and improving computa-
tional efficiency, Meanwhile, they also replaced the fixed
size maintain in RCNN with any size of the input image
to better preserve the information of input image[18]. To
solve the complex training process of SPPNET, Girshick et
al. proposed Fast R-CNN, which significantly decreased the
computational time by leveraging the Region of Interest (ROI)
pooling layer[19]. Subsequently, Ren et al. proposed the Faster
R-CNN algorithm, which replaced selective search with the
Region Proposal Network (RPN) to further reduce training
and testing time while enabling end-to-end training[20]. Later,
Lin et al. designed Feature Pyramid Network (FPN) to in-
clude both high-level semantic features and low-level visual
feature in image features representation for achieving multi-
scale object detection[21]. Also based on Faster R-CNN,
Cascade R-CNN incorporated the cascaded training to filter
more accurate object boxes, thereby achieving higher detection
performance[22]. Though the superior performance of these
two-stage methods, the complexity, speed, and inaccuracy of
candidates may be the limitations of two-stage model.

One-stage object detection methods: compared with two-
stage methods, one-stage can achieve high detection speeds
while maintaining a high level of accuracy by eliminating
the region proposal step. for example: Redmon et al. de-
signed YOLOv1 to predict the class probability and posi-
tion information for each grid which is generated by input
image partition[23]. The same year, Liu et al. utilized the
newly introduced techniques of Multi-reference and Multi-
resolution detection, along with the employment of multi-
scale feature maps, to significantly enhance the precision
of multi-scale object detection[24]; Another, YOLOvV2[23]
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modified the network structure of YOLOv1 with a utilization
of a more efficient feature extraction network DarkNet-19[25].
YOLOV3 enhanced the DarkNet-19 as DarkNet-53 and took
the advantage of FPN (Feature Pyramid Network) structure to
achieve multi-scale prediction[26]. YOLOvV4 integrated vari-
ous techniques to improve detection accuracy[27]. Except for
the YOLO series, RetinaNet employed Focal Loss to replace
the standard cross-entropy loss function, and through weight
adjustment automatically making the model more focused on
training hard samples[28].

While anchor-based methods can achieve good perfor-
mance, the bounding boxes (bbox)-based design would be
not appropriated. For instance, the different settings of num-
ber, size and aspect ratio of bboxes in various datasets, the
imbalanced positive and negative samples caused by large
number of bboxes, and the more non-object information
covered by unfit bboxes shape, these would all lead to
detection performance decreasing. In response to these, re-
searches have been conducted on Anchor-free object detection
methods, such as CornerNet[29] transformed object detection
into corner points detection problem, and used the accurate
corner points prediction of objects to eliminate the need for
anchor design and regression processes in traditional object
detection methods, thus achieving superior object localization
accuracy and multi-scale, occlusion issues handled effectively,
as well the reduction of parameter number and computational
complexity. CornerNet[29] has made a significant contribution
in the anchor-free filed. CenterNet also predicted the center
point location of the target, but additionally regressed other
target attributes through the center point position to achieve
higher accuracy and greater versatility[30]. Followed the high

ICACT2024 February 04 ~ 07, 2024



International Conference on Advanced Communications Technology (ICACT)

detection efficiency characteristic of YOLO series, YOLOx
adapted the YOLO detector to an anchor-free design and
achieved significant performance improvements by integrating
other advanced technique[31].

III. MULTI-OBJECT TRACKING
A. Tracking-by-Detection

Tracking-by-Detection (TBD) is a two-stage paradigm for
MOT that generated candidates by a detector firstly, and then
associated them inter-frame to obtain the objects’ motion tra-
jectories[32]. In TBD paradigm, SORT is the classic method,
which formed the objects’ trajectories by measuring the rela-
tionship among frames based on the Intersection over Union
(I0U) between tracked detection and predictions. Specifically,
relying on the Kalman filter [39] and the Hungarian match-
ing[40], SORT could predict the current position based on the
position of the target in the previous frame, and match the
detection bboxes with the prediction bboxes. Though SORT
is fast, it still limited in handling object occlusion, and this
would lead to high number of ID switches[5]. For this, based
on the utilization recursive Kalman filter and a frame-by-frame
Hungarian matching, in data association, DeepSORT added a
cascade matching scheme to enhance the tracking performance
in the crowded scenes and reduce the frequency of ID switches
in real-time tracking task[6].

Different with DeepSORT[6] which took advantage of Hun-
garian matching, Guillem et al. proposed a neural network-
based solver to automatically learn the features and spatio-
temporal variation patterns of targets, thereby better adapting
to different tracking scenarios[33]. Another, to addressed the
issues of unstable MOT performance caused by a reliance on
appearance features, Han et al. proposed the Motion-aware
Tracker (MAT) method to pay more attention on motion
features[34], and achieve enhanced performance by integrating
Integrated Motion Localization (ML), Dynamic Reconnection
Context (DRC) and 3D Integral Image (3DII) modules. Among
them, ML is designed to solve camera motion and non-
rigid object motion, DRC is utilized to deal with long-range
motion-based reconnection and interface caused by occlusion
or blur, 3DII is employed in association stage to cut useless
track-detection association connections with temporal-spatial
constraints.

With the introduction and advancement of anchor-free de-
tectors, MOT can also benefit from the superiors of this
detection paradigm, including better adaptability to diverse
sizes, shapes, and aspect ratios of targets, stronger gener-
alization ability without prior knowledge or manual feature
engineering, and other advantages. For example, based on
CenterNet[30] or YOLOx[31]: compared to other methods that
only associate high-scoring detection bboxes, ByteTrack has
improved the accuracy of data association by incorporating
low-scoring detection bboxes into the process[7]. Also inte-
grated with YOLOx[31], Yang et al. designed a Cascaded-
Buffered Intersection over Union (C-BloU) tracker to solve
the performance reduction of traditional methods with the
interference of unreliable appearance features and irregular
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motions. Specifically, in C-BIoU’s matching stage, instead of
using IoU as the above methods, this tracker utilized BloU
and set a proportion to expand the size of the matching bbox,
thereby increasing the chances of properly matching. Addition-
ally, a cascaded matching approach is adapted to prevent BloU
from expanding arbitrarily and causing mismatching. Based
on these to address the issues of tracking failures caused by
non-overlapping detections and tracks of identical objects in
adjacent frames, as well as mismatches between detection and
tracks due to inaccurate motion estimation[35]. Compared to
the optimization of C-BloU in an IoU matching way, based on
IoU, Aharon et al. introduced a new tracker, BoT-SORT, which
attempted to adapt a simple fusion method of IoU and Re-ID’s
cosine distance, to establish a stronger correlation between
detections and tracks in data association. along with the better
bboxes positions obtained by adding camera-motion compen-
sation features and a more accurate Kalman filter[39] state
vector, achieving better performance of MOT[36]. Also based
on “SORT-like” methods as BoT-SORT[36], to tackle the
phenomenon of DeepSORT’s[6] under-performance relative
to recent existing advanced methods, StrongSORT enhances
its tracking capabilities through the equipped modules such
as the Appearance-Free Linking model (AFLink) and the
Gaussian Smoothed Interpolation algorithm (GSI)[8]. Simi-
larly focused on SORT[5], OC-SORT attempted to optimize
the motion model and emphasized the critical role of detection
information (i.e., observation) in recovering lost trajectories
and reducing the accumulation of Kalman filter errors during
occlusion periods, thus improving the overall robustness of
MOT in occlusion or non-linear motion scenarios[37]. Further-
more, Deep OC-SORT achieved performance improvement by
introducing dynamic visual appearance and camera motion
compensation upon OC-SORT[37], as well as the addition
of adaptive weighting factors during the trajectory association
stage to balance the weights between motion and appearance
models in constructing a reasonable cost distance[38].

Tracking-by-detection paradigm could take advantage of the
superior of object detection to obtain more detailed informa-
tion about targets and employ these to assist effectively track-
ing in occlusion, small objects, or blurred scenes. However, in
this two-stage paradigm, the detect-first-then-track execution
logic would result in the over-reliance of tracking performance
on the detector’s ability, and increases the computational
complexity.

B. Joint Detection and Tracking

With the rapid advancement of multi-task learning in deep
learning, there is increasing interest in one-shot MOT research
where the core concept is to perform object detection and re-
identification embedding simultaneously in a unified architec-
ture with the aim of reducing inference time. Also according
to the used backbone detector, the recent Joint-Detection-and-
Tracing (JDT) methods can be presented in two-stage, one-
stage, and anchor-free perspectives.

1) Joint Two-stage Detection and Tracking: D & T is one
of the pioneering approaches that adopted the JDT paradigm to
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TABLE I
SUMMARY OF TBD RELATED PAPERS

Algorithm Year Detection Dataset MOTA(%)
SORTI[5] 2016  Faster-RCNN MOTI15, MOT16 33.4, 59.8

DeepSORT|6] 2017  Faster-RCNN MOT16 61.4
[33] 2019  Faster-RCNN MOT16, MOT17 58.6, 58.8
MAT[34] 2022  Faster-RCNN MOT16, MOT17 70.5 69.5
ByteTrack[7] 2021 YOLOX MOT17, MOT20 80.3, 77.8
StrongSORTI[8] 2021 YOLOX MOT17, MOT20 78.3, 72.2
C-Blou[35] 2022 YOLOX MOT17, DanceTrack 81.1, 91.6
BoT-SORT([36] 2022 YOLOX MOT17, MOT20 80.6, 77.8
OC-SORTI[37] 2023 YOLOX MOT17, MOT20 78.0, 75.5
DEEP OC-SORT[38] 2023 YOLOX MOT17, MOT20 79.4, 75.6

optimize MOT performance through mutual feedback between
detection and tracking[41]. Following the JDT paradigm,
Tracktor++ additionally integrated a Siamese CNN-based re-
ID network and a motion model based on Constant Ve-
locity Model (CMC), Constant Velocity Assumption (CVA)
to enhance MOT performance, where CMC was used to
address occlusion and camera jitter, and CVA was designed
for fast-moving target in low frame rate scenarios in object
tracking[42]. Though the importance of motion information,
based on a Siamese-like architecture, Tobias et al. created a
quasi-dense tracking (QDTrack) to achieve tracking in scenes
with significant appearance changes and dense targets only by
appearance information effectively utilizing[43]. In contrast to
the aforementioned papers’ focus on motion or appearance
features extraction, Yu et al. mainly considered the feature
representation and proposed ReleationTrack. In their scenario,
for a better feature presentation, ReleationTrack addressed
the issue of feature dependence in the JDT paradigm by
introducing Global Context Disentangling (GCD) to decouple
the extracted features into task-specific features. additionally,
ReleationTrack identified the problem of neglecting global
semantic relevance in existing RelD features and designed the
Guided Transformer Encoder (GTE) module to learn more
globally aware RelD features[44]. In any case, reasonable
feature acquisition or effective feature representation would
lead to the more efficient development of the current MOT
framework.

2) Joint One-stage Detection with Tracking: With the in-
troduction and optimization of the one-stage detectors, they
were also employed in JDT paradigm for further improvement
of MOT performance. For instance: Wang et al. established
the Joint-detection-with-tracking (JDE) paradigm to integrate
object detection and Re-ID feature extraction in a shared
model, their method reduced the inference time and pro-
vided a benchmark of JDT[45]. Following with JDE[45],
CSTrack[46] constructed a Cross-correlation network (CCN)
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to focus on the problem of over-competition between detection
and RelD, and the performance of both branches was enhanced
by cross-relating the two branches with the utilization of
an attention mechanism, the Scale-Aware-Attention-Network
(SAAN) is also developed to effectively prevent semantic
misalignment and improve the association capability of ID
embeddings, finally achieving superior MOT performance.
As further, CSTrackV2[47] re-stored the misclassified targets
caused by the detector through the temporal clue for secondary
inspection, based on which to effectively recover missed
targets and obtain smoother track trajectories. Comparatively,
AttTrack adopted the dual-model structure that utilized an
attention mechanism to transfer knowledge from the complex
network (teacher model) to the lightweight network (student
model) for MOT acceleration. This approach further enhancing
the tracking accuracy through an interleaved model, which
leverages updated predictions from the teacher model as prior
knowledge to assist the student model[48].

Also focusing on studying the complexity and invalid-
ity of TBD paradigm, but unlike the above optimizations,
RetinaTrack[49] mainly considered the feature representation.
Specifically, Lu et al. added post-FPN prediction layers in uti-
lizing the RetinaNet[28], which has demonstrated advantages
in small object detection, to obtain instance-level features for
each target by splitting different-size features corresponding to
different anchor points in advance, by continuously matching
the anchor points with instance-level features to solve the
problem of incorrect target matching (ID Switch) caused by
occlusion.

In contrast to the above methods, which only implemented
detection and embedding within a unified framework and ac-
tually still relied on two-stage tracking of detection+embeding
and data association, Chained-Tracker[50] transformed the
data association into a regression task of paired detection
bboxes within two frames, and by leveraging the feature
enhancement of the joint attention module, Chained-Tracker
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Fig. 2. Comparison between Chained-Tracker and Traditional MOT algorithm.

achieves a full end-to-end implementation of JDT, thereby fur-
ther improving the performance of MOT[50], the comparison
between Chained-Tracker and traditional MOT algorithm is
illustrated in Fig. 2.

3) Joint Anchor-free Detection with Tracking: Though the
one-shot trackers exhibit superior performance, the anchor-
based architecture integrated detectors such as YOLO have
been found not ideal for learning RelD features. Despite the
good results, but also led to a relatively larger number of ID
switches. Therefore, tracking with anchor-free detectors has
been conducted to address the computational complexity and
inefficiency issues for the JDT paradigm. Examples include:

Following JDE, FairMOT[51] proposed an anchor-free ap-
proach to tackle the issue of anchor confusion that plagues
anchor-based detectors, which impeded the learning of appro-
priate Re-ID information and identification of the same target.
Specifically, the authors integrated the anchor-free detector
CenterNet[30] and Re-ID module into two homogeneous
branches, this innovation helped to alleviate the problem of
over-competition between detection and RelD, resulting in a
better balance between the two and the acquisition of high-
quality RelD embedding. Contrasting to the aforementioned
methods that optimized the branches in JDT, CorrTracker[52]
utilized self-supervised learning for training the local corre-
lation module to model the relationships between the target
and its surrounding environment, in this way, to strengthen
the model’s ability in discriminating similar objects, ultimately
improving its recognition performance in complex scenarios.
Similarly, to improve the discriminability of target features and
solve the issue of missed low-confidence detection caused by
occlusion or blur, SGT[53] adopted GNN in FairMOT[51], and
represented the detection, connection, and relationship features
as nodes, edges, edge features. With the aid of edge and
edge features, high-order relationship features are generated by
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aggregating adjacent detection features and relationships with
the current, based on which to enhance the discriminability
of detection and recover missed detection. Furthermore, Ren
et al. considered the unreliability of coarse-grained global
object representation generated according to bbox or center
features which were in the presence of occlusion and other
interfering factors. FineTrack was designed to adopt a com-
prehensive approach that describes the object’s appearance
from both global and local perspectives. Concretely, FineTrack
proposed the Flow Alignment FPN (FAFPN) and Multi-head
Part Mask Generator (MPMG) to explore multi-dimensional
fine-grained feature representation, Among which, FAFPN
corrected misalignment and aggregated multi-scale features,
MPMG focused on extracting fine-grained representations of
the aligned feature map[54].

The JDE-followed solutions mentioned above all demon-
strated superior performance. However, JDE paradigm only
implements a unified architecture of detection and Re-ID
embedding, which is still a two-stage approach that involves
detection + embedding and data association. For this, Tok-
makov et al. thought of a thoroughly one-stage network,
CenterTrack, that combined detection and data association in
a more meaningful way. In this model, the effective migration
of the detection and data association were undertaken by the
utilization of CenterNet[30]. In detail, CenterTrack used the
CenterNet[30] to locate the center of the target as a simplified
target representation, based on this, model took the current
and previous frame image pairs as detector inputs, combined
with the previous frame’s trajectory heatmap, CenterTrack[55]
could predict the center points, object box size, and offset
of the targets in the current frame, especially for occluded
targets. After that, the greedy matching would be performed
relying only on the predicted offset and the distance between
center points detected in the previous frame to solve all
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TABLE II
SUMMARY OF JDT RELATED PAPERS
Algorithm Year Detection Dataset MOTA(%)
D&T[41] 2017 R-FCN ImageNet VID 74.2%(mAP)
Tracktor++[42] 2019  Faster-RCNN MOT17 61.9
QDTrack[43] 2022  Faster-RCNN MOT17 64.6
RelationTrack[44] 2022 Faster-RCNN MOT16, MOT17, MOT20 75.6, 73.8, 67.2
JDE[45] 2019 YOLOV3 MOT16 64.4
CSTrack[46] 2020 YOLOvV5 MOT16, MOT17, MOT20 75.6, 74.9, 66.6
CSTrackV2[47] 2021 YOLOvV3 MOT16, MOT17, MOT20 76.4, 76.3, 70.7
AttTrack([48] 2022 YOLOvV5 MOT15, MOT17 52.94 3.6
RetinaTrack[49] 2020 RetinaNet MOT17, Waymo 39.19, 44.92
ChainedTrack[50] 2020 RetinaNet MOT16, MOT17 67.6, 66.6
FairMOT][51] 2021 CenterNet MOT16, MOT17, MOT20  74.9,73.7, 61.8
CorrTracker[52] 2021 CenterNet MOT16, MOT17, MOT20 76.6, 76.5, 65.2
SGT[53] 2022 CenterNet MOT16, MOT17, MOT20 76.8, 76.5, 72.8
FineTrack[54] 2023 YOLOX MOT17, MOT?20 80.0, 77.9
CenterTrack[55] 2020 CenterNet MOT17, KITTI 67.8, 89.44

targets effectively location in each frame and the association of
the correct target over time, thus generating trajectories with
minimal local input.

Compared to TBD, JDT paradigm could reduce the cases
of missed and false detections, improving the accuracy and
stability of MOT, and importantly, more suitable for real-time
implementation. However, drawbacks still exist, such as the
over-competition between detection and tracking[56, 57], the
need for sufficient training with dataset preparation, and the
performance bottleneck faced with occlusion or motion blur.
All of these need further exploration.

IV. MOT BENCHMARKS AND APPLICATION

A. Benchmarks

In recent years, numerous MOT public datasets have been
released by universities, companies, and research teams, their
published annotated videos along with unified hypotheses,
annotations, and evaluation tools ensure the feasibility of
validating MOT schemes and promote the development of
MOT. Specifically, the development of MOT datasets is shown
in Fig. 3.

B. Application

With the development of MOT, it can be integrated in many
fields, including but not limited to:

(1) Military Filed

As the deployment of unmanned aerial systems (UAS)[58]
continues to rise, the demand for effective MOT in aerial
surveillance is increasing. Leveraging MOT can enable precise
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positioning and tacking of enemies and military weapons,
thereby significantly enhancing combat efficiency.

(2) Video Surveillance

As one of the primary supporting technologies in video
surveillance[59], MOT can track and analyze the trajectory
of pedestrians, vehicles, and other objects in specific areas,
providing various intelligent services such as monitoring ab-
normal behaviors of pedestrians or vehicles[60], and warning
of safety hazards. This technology has played a significant role
in enhancing the effectiveness of video surveillance.

(3) Autonomous Driving

MOT is a critical component in the development of au-
tonomous driving technology, it enables autonomous vehicles
to effectively predict the subsequent movement of pedestrians,
vehicles, or others based on their current trajectories and assist
plan their driving paths accordingly. This allows for accurate
avoidance of obstacles in the surroundings, preventing colli-
sions and achieving safe, advanced autonomous driving[61].

(4) Medical Diagnosis

MOT can also be used in medical image analysis to perform
the tasks such as cell tracking[62], blood vessel tracking[63],
neuron tracking[64], and more. This technology can assist doc-
tors in tracking diseases such as tumors and vascular lesions,
ultimately enhancing the accuracy of medical diagnoses.

(5) Motion Analysis

MOT is still employed in motion analysis, particularly in
sports[65], by tracking and capturing information on athletes’
positions and movements, this technology can assist in ana-
lyzing and tracking athletes; actions and performance, aiding
in performance evaluation and the development of effective
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Fig. 3. Development of MOT Dataset.

training plans. Ultimately, leading to improved training out-
comes.

V. CONCLUSIONS

According to the analysis of the lastest research, this paper
particularly focuses on discussing the continuous optimization
strategies of MOT around the development of object detection
at each stage. Explored the relevant algorithms and charac-
teristics of TBD and JDT methods separately. In addition, we
also introduced datasets and application areas related to multi-
target tracking. Finally, we hope to provide useful references
for researchers in this field.
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