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Abstract: Multi-object tracking (MOT) is an important problem in computer vision that has a wide
range of applications. Currently, object occlusion detecting is still a serious challenge in multi-object
tracking tasks. In this paper, we propose a method to simultaneously improve occluded object
detection and occluded object tracking, as well as propose a tracking method for when the object
is completely occluded. First, motion track prediction is utilized to improve the upper limit of
occluded object detection. Then, the spatio-temporal feature information between the object and the
surrounding environment is used for multi-object tracking. Finally, we use the hypothesis frame to
continuously track the completely occluded object. Our study shows that we achieve competitive
performances compared to the current state-of-the-art methods on popular multi-object tracking
benchmarks such as MOT16, MOT17, and MOT20.

Keywords: computer vision; multiple object tracking; object detection; Kalman filtering; data association

1. Introduction

Occlusion is a typical problem in multi-object tracking, and it is also one of the major
challenges for object tracking in real-life scenarios [1]. Researchers often use feature simi-
larity to solve occlusion problems in multi-object tracking, such as color features, contour
features, and introducing attention mechanisms [2]. Another solution is a multi-object track-
ing algorithm based on particle filtering [3]. Fazli et al. [4] proposed a particle algorithm
that combines scale features with object color information, but the tracking performance
decreased if the object colors were similar. Roccetti [5] detected the convergence of two
trajectories by preserving the time evolution of extreme point trajectories, thereby tracking
the occluded object. Liu et al. [6] proposed an adaptive template update algorithm to solve
tracking occlusion problems, but the computational complexity was high and the practical
execution was time-consuming. Currently, there are relatively few algorithms to solve the
problem of complete occlusion.

In traditional multi-object tracking algorithms, data association problems are trans-
formed into various problems. For example, the minimum cost flow problem, the discrete
continuous optimization problem, the maximum multi-clique problem, or other methods
can be used to solve the problem of multi-object tracking data association. Bewley et al. [7]
first proposed a deep learning-based Sort algorithm in 2016; they also added appearance
features and proposed the classic DeepSort algorithm in 2017 [8]. Thus far, the DeepSort
algorithm is still receiving great attention from researchers. Furthermore, those who study
it usually improve it.

Recently, some multi-object tracking algorithms have been based on Convolutional
Neural Networks (CNNs) or pedestrian recognition networks. Yin et al. [9] combined a
motion model and similarity model into a network structure. Wang et al. [10] proposed
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a new multi trajectory object tracking framework based on dynamic attention guidance,
which induces more dynamic appearance models. Although researchers have proposed
a large number of multi-object tracking algorithms [11–13], there are still certain serious
challenges in multi-object tracking tasks.

Multi-object tracking performance is often affected by object detection: the upper limit
of object detection determines the upper limit of the multi-object tracking performance.
For the problem of occlusion in multi-object tracking, we propose a tracking algorithm,
DetTrack, to improve occlusion object detection. Since object detection has upper limits
in tracking performance, we combined spatio-temporal features with track prediction to
restore low-scoring object detection and enhance data association. When the object is
completely occluded, the object motion track prediction box is used as a hypothesis box
to continue tracking. Therefore, this paper will comprehensively solve the problem of
occlusion object detection loss and occlusion multi-object tracking.

2. Materials and Methods

In this section, we mainly introduce YOLO for track prediction and multi-object
tracking algorithms.

2.1. YOLO

Object detection algorithms include R-CNN series algorithms and YOLO series al-
gorithms. Compared to R-CNN series algorithms, the YOLO series algorithms have a
faster detection speed; thus, we will pay more attention to the YOLO series algorithms.
The YOLO algorithm detects objects by dividing an image into grids, and it then uses the
modified GoogLeNet [14] as the backbone network to extract features. The feature map of
the output layer is designed to output the coordinates of the object frame, the object frame
score, and the category score. YOLOv3 extracts features from the Darknet-53 network, and
it uses sampling and cascading methods to retain fine-grained features for small object
detection. Additionally, it is detected on 3 different scales. This allows YOLOv3 to detect
various objects. The detection speed is as fast as YOLO and YOLOv2, and the accuracy is
almost the same as SSD but the speed is nearly three times faster [15]. YOLOv5 will be
open source and, soon after the release of YOLOv4 in 2020, will improve the accuracy of
the network’s detection of objects of different sizes to a certain extent. In 2021, on the basis
of YOLOv3, YOLOX was proposed by the Vision Research Institute. It involved building
an anchor-free end-to-end object detection framework, which also reached the first-class
detection level.

2.2. Kalman Filtering

Kalman filtering is an algorithm that uses the state equation of a linear system to
optimally estimate the state of the system input and output observations. A typical example
of Kalman filtering is to predict the coordinate position and velocity of an object from a
finite, noise-containing sequence of observations of the object’s position. It can be found
in many engineering applications (including radar and computer vision). The Kalman
filter is a linear optimal filter that can be computed iteratively over time and is suitable for
object tracking in-depth maps. In order to solve the tracking problem of object occlusion,
the Kalman filter method is used to obtain the object’s motion trajectory information,
and this motion trajectory information is used to cope with the object being occluded.
Furthermore, the online trajectory record is used to help the tracker localization, and the
tracker position can better update the observation of the Kalman filter to achieve a mutually
reinforcing effect.

2.3. Multi-Object Tracking

Multi-object tracking can be divided into online tracking and offline tracking. The
main difference between them is whether the information of future video frames is used to
improve the current tracking results in tracking process. Online multi-object tracking only
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uses the information of current frame and history frame, while offline tracking method
can also use the information of future frames [16,17]. Generally, due to less information
needed for an offline muti-object tracker, the performance of an offline multi-object tracker
is superior to that of an online multi-object tracker. However, offline multi-object trackers
cannot be used for real-time tasks. Therefore, in practical application, online multi-object
trackers are mainly used for real-time tracking tasks [18], while offline multi-object trackers
are just used to analyze recorded videos.

3. Methods

The flow chart for our method is shown in Figure 1. The red detection box in the Ft
frame extracts the spatio-temporal features of the object, while the Ft-1 frame records the
historical features of the object trajectory and can predict the position of the object in the Ft
frame through Kalman filtering. We use spatio-temporal features and track prediction for
data association to solve the problem of occluded object detection and multi-object tracking
in severe occlusion situations. If the correlation matching score reaches the threshold,
the tracking task is completed; otherwise, to deal with the reappearance of objects with
complete occlusion, and the tracks recovery when the object is completely occluded again,
the historical trajectory information is retained for continue tracking, and predict frames
are as hypothetical frames for continuous tracking. Algorithm 1 presents how to use
spatio-temporal features and track prediction to solve the problem of multi-object tracking
in severe occlusion situations.
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Figure 1. Method flow chart of DetTrack.

The pseudo-code of DetTrack is shown in Algorithm 1. The inputs of DetTrack includes
a video sequence V, an object detector Det, the Kalman filter KF, τhigh, τlow, ε and σ. τhigh
is the high detection score thresholds, τlow is the low detection score thresholds, ε is the
tracking score threshold and σ is the retention frame threshold. The output of DetTrack
is the tracks T of video, where each track contains the bounding box and identities of the
object in each frame.

For each frame in the video, we predict the detection boxes and scores by using the
detector Det. According to the detection score thresholds τhigh and τlow, we separate all the
detection boxes into two parts: Dhigh and Dlow. We use the Kalman filter KF to predict the
new locations of each track in T (line 3 to 16 in Algorithm 1).

The first association is performed between the high score detection boxes Dhigh and
all tracks T. Association is mainly calculated through appearance feature matching and
IOU similarity. The unmatched detections are put into Dremain and the unmatched tracks
are put into Tremain (line 17 to 21 in Algorithm 1). The second association is performed
between the low score detection boxes Dlow and the remaining tracks Tremain after the first
association. Since low score detection boxes often contain severe occlusion or motion
blur, and the appearance features are unreliable, the second association matching is mainly
performed through the spatial position relationship between the object and the surrounding
environment (line 22 to 25 in Algorithm 1).
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For the unmatched tracks Tre−remain after the second association, we use the prediction
box generated by Kalman filtering as a hypothesis detection box to continue tracking them.
If the object still does not appear after continuous tracking of σ frames, we delete it from the
tracks T (line 26 to 32 in Algorithm 1). Finally, we initialize new tracks from the unmatched
high score detection boxes (line 33 to 38 in Algorithm 1).

Algorithm 1: DetTrack

Input: A video sequence V; object detector Det; Kalman Filter KF; high score detection
threshold τhigh; low score detection threshold τlow; tracking score threshold ε; retention frame
threshold σ

Output: Tracks T of the video
1 Initialization: T← ∅
2 for frame Fk in V do

/* predict detection boxes & scores, record appearance features and spatial positional
relationships */
3 Dk ← Det(Fk)
4 Dhigh ← ∅
5 Dlow ← ∅
6 for d in Dk do
7 if d.score > τhigh then
8 Dhigh ← Dhigh ∪ {d}
9 end
10 else if d.score > τlow then
11 Dlow ← Dlow ∪ {d} ∪ {d} Dhypoth
12 end
13 End

/* Using Kalman filter KF to predict the current frame position of each track in T */
14 for t in T do
15 t← KF(t)
16 End

/* High score detection boxes are associated with trajectories, focusing on improving the
speed of multi object tracking */

/* For non-occlusion or local occlusion, association mainly using motion prediction and
appearance features */
17 A(T, Dhigh)← Associate T and Dhigh using feature matching and IoU distance
18 if A(T, Dhigh).score < ε then
19 Dremain ← remaining object boxes from Dhigh
20 Tremain ← remaining tracks from T
21 End

/* Low score detection boxes are associated with trajectories, focusing on solving serious
occlusion problems */
/* For severe occlusion, mainly through the spatial position relationship between the object and
the surrounding environment */
22 A(T, Dlow)← Associate Tremain and Dlow using spatio-temporal features matching
23 if A(T, Dlow).score < ε then
24 Tre−remain ← remaining tracks from Tremain
25 End

/* Unmatched tracks using hypothesis box continuous tracking mechanism to continue
tracking σ frame */

/* Kalman filter prediction box as the current frame object hypothesis detection box */
26 if Dhypoth.count < σ then
27 Dhypoth ← KF(Tre−remain)
28 Dhypoth.count←Dhypoth.count + 1
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Algorithm 1: Cont.

29 End

/* Continuous tracking σ Frame, Tre−remain still not present will be deleted */
30 else if Dhypoth.count > σ then
31 T← T \ Tre−remain
32 End

/*Initialize high score unmatched detection as a new track*/
33 for d in Dremain do
34 if d.score > ε then
35 T← T ∪ {d}
36 end
37 end
38 end
39 Return: T

3.1. Tracking Lifting Occlusion Object Detection

Since the Kalman filter has the motion prediction ability in linear systems, the tracks
of moving objects are predicted by using the Kalman filter to obtain the current prediction
frame of the object. Like [7], we use the Kalman filter to predict the location of the tracks
in the new frame. We combine spatio-temporal features with track prediction to restore
low-level object detection, and then to distinguish whether the low-level detection frame
is a tracking object or a background. This step will not affect the high score detection
frame, but only to improve the upper limit of object detection, restore low score detection
objects which is mistakenly considered as background, and improve the comprehensive
performance of multi-object tracking. The flow chart for low score detection is illustrated
in Figure 2.
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The low score detection box is either the background (D4 in Figure 2) or the object
(D3 in Figure 2). If the low score detection box is mistaken for the background, the object
will be lost that will affect the track integrity of the object, and even affect the subsequent
identification (D4 in Figure 2). Therefore, we distinguish the low score detection frame by
using a tracking algorithm. If the historical track is successfully matched with the low score
object detection frame, the low score detection frame will be restored as the determined
object (D3 in Figure 2). If the low score detection frame does not match the historical track,
the low score detection frame is considered as the background and the object detection
is discarded (D4 in Figure 2). In this step, the matching in the tracking algorithm is still
applied to the high score detection box (D1, D2 in Figure 2), the upper limit of object
detection is improved, the low score detection objects which are mistakenly considered as
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background are restored, and the comprehensive performance of multi-object tracking is
also improved.

For each input video frame It ∈ RH×W×3, the object detector performs all object

detection for the current frame Dt =
{

di
t

}N

i=1
where di

t =
(
xi

t, yi
t, wi

t, hi
t
)
. The existing

tracks are represented by Tt−1 =
{

Tj
t−1

}M

j=1
where Tj

t−1 =
{

dj
1, . . . , dj

t−2, dj
t−1

}
. The

affinity matrix A ∈ RN×M is then estimated by pairwise comparison of the detection and
the existing tracks. The formula considers the appearance features and location information.

Aij = dist
(

f
(

di
t

)
,

^
f
(

Tj
t−1

))
+ αIoU

(
di

t,
^
d

j

t

)
, (1)

where f
(

di
t

)
is the appearance feature detected in the current frame,

^
f
(

Tj
t−1

)
is the discrim-

inative feature of historical tracks, di
t is the current frame detection box,

^
d

j

t is the current
frame prediction box and α is a proportional coefficient. By matching cosine distance with
appearance features in Hungary, IoU matches position information.

3.2. Spatio-Temporal Feature Extraction Based on Local Correlation

To improve the accuracy of data association, we use a spatial correlation layer to
record the relationship between the object and the relative spatial location. For solving the
problem of non-effective tracking caused by independent frame input in traditional MOT,
by inputting multiple adjacent frames and object saliency feature frames, the approximate
correlation between the object and the entire global context is obtained, while maintaining
compactness and efficiency. Simultaneously, we consider the spatial position relationship
between the object and the surrounding environment to deal with the tracking of the object
in severe occlusion situations The network structure of spatio-temporal feature extraction
based on local correlation is shown in Figure 3.
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In the spatial local correlation module, the spatial local correlation layer is used to
model the relationship structure to associate an object with its surrounding “neighbors”.
In addition, relevance learning is not limited to the objects of interest. Backgrounds such
as vehicles will also be modeled to facilitate object recognition and relational reasoning,
establish the corresponding relationship between each spatial location and its environment,
and explicitly constrain the relevant volume through self-monitoring learning. In the local
correlation layer, feature similarity is only evaluated near the object image coordinates.
To obtain long range spatial correlation as much as possible, local correlation operation
is performed on the feature pyramid. On the other hand, from the point of view of set



Electronics 2024, 13, 91 7 of 16

matching, we also need to consider the global characteristics. l represents the level in the
feature pyramid. The related volume Cl between the query feature Fl

q ∈ RHl×Wl×dl and the
reference feature Fl

r ∈ RHl×Wl×dl is defined as follows:

Cl(Fq, Fr, x, d
)
= Fl

q

(
x)TFl

r(x + d), ∥ d ∥∞≤ R, (2)

where x ∈ Z2 is a coordinate in the query feature map, and ∥ d ∥∞≤ R is the displacement
from this position. The displacement is limited to R, that is, the maximum movement in
any direction is Cl , and the obtained size of the three-dimensional correlation volume is
Hl ×Wl ×

(
2R + 1)2 .

Time series information is usually ignored in multi-object tracking. But the detector
with single frame input is hard to be consistent in time sequence, such that the performance
of the tracker degraded when encountering occlusion, blurred scene and small object.
Therefore, the spatial local correlation module is extended to the time dimension, and
the correlation of goals in different frameworks is established. The correlation learning
between two frames can be regarded as another form of motion information learning.
This correlation is used to enhance the feature representation and improve the detection
accuracy. Specifically, multi-scale correlation learning between different frames can help
the tracker to overcome the problems of object occlusion and motion blur and enhance the
consistency of detection and recognition features.

3.3. The Hypothesis Box Continuous Tracking Mechanism

A hypothesis box continuous tracking mechanism is proposed to address the issues
such as object loss, tracks fragmentation, and ID identity information jumping when con-
ducting multi-object tracking under complete occlusion. That is, first using the prediction
box that determines the historical tracks as the assumption box for the current frame of the
object for continuous tracking δ Frame (after experimental testing, δ Set to 50 frames). When
the object reappears in the field of view during this period, the ID remains unchanged,
and the assumption is considered correct. Through tracks repairing, the complete tracking
object tracks can be depicted. If the object does not appear again in the frame, the assumed
tracks and assumption box are discarded, and the feature information of the object is
also discarded to ensure the tracking system’s running speed. Due to the hypothesis box
continuous tracking mechanism, when the object is completely occluded and then severely
occluded, the hypothesis box from the previous frame can be modeled as an undirected
graph with other object positions, and matched with the current frame detection undirected
graph to achieve continuous tracking when the object starts to appear again and there are
no obvious features in severe occlusion.

As shown by the yellow box in Figure 4, frame Ft−2 is a case of local occlusion, while
frame Ft−1 is a case of severe occlusion. In the Ft−1 frame, the red solid box represents the
object motion prediction box, and the yellow dashed box represents our hypothesis box.
From Ft frame to Ft+2 frame, the continuous tracking mechanism for a hypothesis box is
required. The prediction box is used as the hypothesis object box for continuous tracking
until the object reappears in Ft+3 frame, which can retain the object identity and continue
tracking, and then repair the complete tracks.
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4. Experimental Results

MOTA (MOT Accuracy) and IDF1 (IDF1 value) are the main indicators to evaluate
the tracking performance algorithm. We will conduct ablation experiments on the MOT17
dataset and conduct comparative experiments with advanced tracking algorithms on the
MOT16, MOT17 and MOT20 datasets.

4.1. MOT Challenge

MOT challenge is the most common dataset used in multi-object tracking, and is
specially used for pedestrian tracking scenarios. Each dataset includes training data and
testing data. Training data provides object detection results and real tracking results, testing
data only provides object detection results. The newest MOT challenge datasets includes
MOT15 [19], MOT16/MOT17 [20], MOT20 [21] and other data.

We use MOT dataset standard evaluation indicators [22] to evaluate different aspects
of tracking performance. The indictors are as follows: MOTA (MOT Accuracy), IDF1
(IDF1 value) [23], MT (Mostly Tracked), ML (Mostly Lost), FP (False Positive), FN (FALSE
Negative) and IDS (ID Switches). MOTA is calculated based on FP, FN and IDS. FN denotes
missing detection which indicates that the GT box is not detected. FP represents false
detection which indicates that the detected box is not in the GT. IDS is the number of times
that ID has changed. IDS value is larger, the tracked track is more deviated from GT. MT
represents the proportion of tracks satisfied the requirement that at least 80% tracking
objects are successfully matched by GT. ML indicates the proportion of tracks satisfied
the requirement that at least 20% tracking objects are successfully matched by GT. IDF1
evaluates the ability of identity preservation.

4.2. Experimental Details

To improve occlusion object detection by using our multi-object tracking algorithm,
the high score detection threshold is set to 0.5, and the low score detection threshold is 0.3,
and the historical confirmation track information retention frame σ = 50. When the track
in the history confirmation status has not been successfully matched by the detection, the
track will be discarded.

In the experimental training, YOLOX is used as the backbone network, and the pre-
trained model parameters on the COCO dataset are used to initialize our model. The size
of the input image is adjusted to 1088 by using standard data enhancement techniques,
including rotation, scaling, and color 1088 × 608, the resolution of the feature map is
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272 × 152. On two RTX2080Ti graphics processors, 30 rounds of training were conducted,
and the training steps spent about 30 h. The computer operating system is Ubuntu 18.04,
and the central processing unit (CPU) is Intel core i9-10900K. Building a running environ-
ment with a PyTorch version number of 1.7.0, a Torch vision version number of 0.8.0, and a
CUDA version number of 10.2.

4.2.1. Selection of Detection Threshold

In the experiment of selecting high score detection threshold values, first, we tem-
porarily set the low score detection threshold to 0.3. When the score of the detection box is
less than 0.3, the content of the detection box is background, and the detection box should
be discarded. Then, under the condition of fixed low score detection threshold, the tracking
results with high score detection threshold ranging from 0.4 to 0.9 were tested separately.
When the score of the detection box is greater than the low score detection threshold (the
lowest score of the low score detection box) and less than the high score detection threshold
(the lowest score of the high score detection box), it is considered as a low score detection
box. When the score of the detection box is greater than the high score detection threshold,
it is considered as a high score detection box. In the evaluation indicators of multi-object
tracking algorithms, MOTA and IDF1 indicators are paid more attention.

Figure 5a shows a line chart for selecting high score detection thresholds under
the same experimental environment, where the horizontal axis represents the high score
detection threshold from 0.4 to 0.9, and the vertical axis represents the percentage of
evaluation index scores. The blue line and the red line represent the results of the tracking
algorithm experiments by using the MOTA evaluation index and the IDF1 evaluation
index, respectively. From the graph, when the high score detection threshold is set to 0.5,
MOTA reaches 74.5% and IDF1 reaches 73.8%, achieving the best tracking performance
compared to other threshold settings. Therefore, the high score detection threshold for
this experiment is set to 0.5. Figure 5b shows the performance analysis experiment with
a low score detection threshold of 0.2. When the high score detection threshold is 0.5,
the performance is optimal, with MOTA reaching 73% and IDF1 reaching 70.9%. To be
more rigorous, comparative experiments were also conducted in the low score detection
threshold experiment, where the low score threshold was, respectively, set to 0.1 and
0.4, but the tracking performance IDF1 results were not ideal. Therefore, the optimal
tracking performance threshold is selected that 0.5 for high score detection and 0.3 for low
score detection.
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score detection threshold of 0.3. (b) Performance analysis experiment with a low score detection
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4.2.2. Association Threshold Selection

This section presents the experiment of selecting threshold for data association match-
ing. In the tracking algorithm, if the score of data association matching is greater than the
threshold, the matching is considered successful. Figure 6a shows the first data association
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threshold selection experiment. The horizontal axis represents the first data association
matching threshold, and the vertical axis represents the percentage of tracking performance.
This article mainly focuses on the results of MOTA and IDF1 for tracking performance, so
the blue line represents the evaluation indicator MOTA, and the red line represents the
evaluation indicator IDF1. From Figure 6a, under the same execution, MOTA achieves the
optimal tracking accuracy, which far exceeds other thresholds, when the first data associ-
ation matching threshold is selected as 0.6. Therefore, in this article, the data association
matching threshold was selected as 0.6.
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the first data association threshold selection. (b) Performance analysis experiment on the second data
association threshold selection.

Figure 6b shows the second data association threshold selection experiment. The
horizontal axis represents the matching threshold for the second data association, and the
vertical axis represents the percentage of tracking performance. This article mainly focuses
on the results of MOTA and IDF1 for tracking performance, so the blue line represents
the evaluation indicator MOTA, and the red line represents the evaluation indicator IDF1.
Under the same execution, when the second data association matching threshold is selected
as 0.4, MOTA achieves the optimal tracking accuracy, which far exceeds other thresholds.
Meanwhile, the evaluation indicator IDF1 reaches a high percentage. Therefore, the second
data association matching threshold was selected as 0.4.

4.3. The Ablation Experiment

We conducted the ablation experiment on the MOT17 dataset for the components
proposed in our method. We eliminate each component: (1) the tracking algorithm restores
low score detection (Tdec); (2) the spatio-temporal feature module (STC); (3) the hypothesis
box continuous tracking mechanism (Hypoth).

As shown in Table 1, “↑” indicates that the larger the indicator value, the better
performance for the tracking; “↓” indicates that the smaller indicator value, the better
performance for the tracking. Compared with the classical multi-object tracking algorithm
DeepSORT as the baseline (line 1), the overall multi-object tracking algorithm has improved
5.4% in MOTA indicators and 15.0% in IDF1 indicators. The tracking algorithm recovery
low score detection (Tdec) module has improved MOTA by 2.5% and IDF1 by 4.0%. The
space-time feature module (STC) mainly improves MOTA by 3.9% and IDF1 by 13.3%. The
results show that (1) the tracking algorithm recovers low score detection (Tdec), (2) the
spatio-temporal feature module (STC), and (3) the hypothesis box continuous tracking
mechanism (Hypoth) are effective.
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Table 1. Ablation studies on the MOT17 validation set.

Method MOTA ↑ IDF1 ↑ MT ↑ ML ↓ IDS ↓
Baseline (DeepSort) 69.6 61.2 129 59 595

Baseline + TDec 72.1 65.2 155 48 783
Baseline + STC 73.5 74.5 157 44 495

Baseline + TDec + STC 75.0 76.2 170 40 429
Baseline + TDec + STC + Hypoth 76.3 76.8 187 37 301

4.4. Comparison with State-of-the-Art Methods

We compared our tracking algorithm DetTrack with other advanced methods on
the MOT16, MOT17 and MOT20 test sets. From the perspective of processing methods,
multi-object tracking is mainly divided into online tracking and offline tracking. The
main difference between online and offline tracking is whether information from the
future frames is used to improve tracking performance. Since offline tracking requires
the use of future frame information and can not achieve real-time object tracking, it can
only be applied to pre-recorded video sequences. Our proposed algorithm DetTrack
belongs to the online multi-object tracking algorithm and can be applied to the field
of video surveillance to achieve real-time multi-object tracking. We compare DetTrack
with other popular association methods including JDE [24], TraDes [25], FairMOT [26],
MOTR [27], CenterTrack [28] and QuasiDense [29]. Among these trackers, JDE, FairMOT,
and TraDes use a combination of motion and ReID similarity. QuasiDense uses Re-ID
separatly. CenterTrack and TraDes predict the motion similarity by the learning networks.
MOTR use the attention mechanism to propagate boxes among frames. We also compared
DetTrack with other popular algorithms on each dataset. Since datasets have different birth
times, many advanced algorithms have only been experimented on a few datasets. All
results are directly obtained from the official MOT challenge evaluation server.

Table 2 shows the evaluation results of the MOT16 dataset and compares them with
other advanced multi-object tracking algorithms. The best performance indicators have
been displayed in bold. Our DetTrack achieves a tracking accuracy of 78.0% on MOTA
indicators. The IDFI index reached 78.3%. This represents that the algorithm in this paper
has achieved good results in object detection and object correlation performance. MT
hits the pointer much higher than other tracking algorithms, which means that the track
successfully matched in at least 80% of the time accounts for a higher proportion of all
tracked objects. FN index performance is better than other tracking short shots, which
means that our algorithm can achieve more object truth detection and reduce missed
detection. If our multi-object tracking algorithm is further studied in the feature extraction
part in the future, our tracking performance will be further improved.

The experimental results on the MOT17 dataset compared with other advanced algo-
rithms are shown in Table 3. The best performance indicators have been displayed in bold.
Our method DetTrack achieves the MOTA index of 78.0% on MOT17 and the IDF1 index
of 78.3%. Compared with the FairMOT algorithm, the IDF1 index is improved by 5.7%,
and the MOTA index is improved by 5.3%. Compared with other advanced algorithms
such as TraDes, MOTR and LMOT, MOTA, IDF1, MT and FN, our algorithm has achieved
better performance.

Compared with MOT17, MOT20 is more densely populated. In the MOT20 test set,
170 pedestrians appeared simultaneously in one frame. The best performance indicators
have been displayed in bold. The experimental results of comparison with other advanced
algorithms on the MOT20 dataset are shown in Table 4. Our algorithm DetTrack achieves
an MOTA index of 72.8% and an IDF1 index of 73.4 in the MOT20 dataset. Compared
with other advanced algorithms, it achieves better performance in MOTA, IDF1 and MT
indicators. The DetTrack algorithm in this paper outperforms other multi-object trackers in
IDF1 and ML indicators, and maintains comparability in ML, FP, FN and IDS indicators,
which further shows that the DetTrack algorithm we proposed to solve occlusion problems
is very effective.
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Table 2. Tracking results on the MOT16 test set.

Method Mode MOTA ↑ IDF1 ↑ MT ↑ ML ↓ FP ↓ FN ↓ IDS ↓ Hz ↑
Lif_T [30] Offline 61.3 64.7 27.0 34.0 4844 65,401 389 0.5

TraDes [25] Offline 70.1 64.7 37.3 20.0 - - 1144 -
GSDT [31] Offline 74.5 68.1 41.2 17.3 - - 1299 -

Trackor [32] Online 56.2 54.9 20.7 35.8 2394 76,844 617 1.8
SORT [7] Online 59.8 53.8 25.4 22.7 8698 63,245 1424 60

DeepSORT [8] Online 61.4 62.2 32.8 18.2 12,852 56,668 781 40
JDE [24] Online 64.4 55.8 35.4 20.0 - - 1544 18.5

Tube_TK [33] Online 66.9 62.2 39.0 16.1 11,544 47,502 1236 1.0
CTracker [34] Online 67.6 57.2 32.9 23.1 8934 48,305 1897 6.8

LMOT [35] Online 73.2 72.3 44.0 17.0 - - 669 -
FairMOT [36] Online 74.9 72.8 44.7 15.9 10,163 34,484 1074 25.4

DetTrack (ours) Online 78.0 78.3 54.7 14.1 12,981 25,660 1538 22.3

Table 3. Tracking results on the MOT17 test set.

Method Mode MOTA ↑ IDF1 ↑ MT ↑ ML ↓ FP ↓ FN ↓ IDS ↓ Hz ↑
LPT [37] Offline 57.3 57.7 23.3 36.9 15,187 224,560 1424 -

Lif_T [30] Offline 60.5 65.6 27.0 33.6 14,966 206,619 1189 0.5
QuasiDense [29] Offline 68.7 66.3 40.6 21.9 26,589 146,643 3378 -

TraDes [25] Offline 69.1 63.9 36.4 21.5 20,892 150,060 3555 -
GSDT [31] Offline 73.2 66.5 41.7 17.5 - - 3891 -

Tube_TK [33] Online 63.0 58.6 31.2 19.9 27,060 177,483 4137 3.0
MOTR [27] Online 65.1 66.4 33.0 25.2 45,486 149,307 2049 -

CTracker [34] Online 66.6 57.4 32.2 24.2 22,284 160,491 5529 34.4
CenterTrack [28] Online 67.8 64.7 34.6 25.6 18,498 160,332 3039 3.8

Tracktor [32] Online 56.3 55.1 21.1 35.3 8866 235,449 1987 1.8
MAT [38] Online 69.5 63.1 - - 30,660 138,741 2844 9.0

SOTMOT [39] Online 71.0 71.9 42.7 15.3 39,537 118,983 5184 16.0
LMOT [35] Online 72.0 70.3 45.4 17.3 - - 3071 -

FairMOT [36] Online 73.7 72.3 43.2 17.3 27,507 117,477 3303 25.9
TrackFormer [40] Online 74.1 68.0 47.3 10.4 - - 2829 -
DetTrack (ours) Online 78.0 77.6 54.2 14.6 33,835 85,660 4878 35.5

Table 4. Tracking results on the MOT20 test set.

Method Mode MOTA ↑ IDF1 ↑ MT ↑ ML ↓ FP ↓ FN ↓ IDS ↓ Hz ↑
LPT [37] Offline 57.9 53.5 39.0 22.8 9980 205,949 1827 -
SORT [7] Online 42.7 45.1 16.7 26.2 27,521 264,694 4470 -

Tracktor [32] Online 52.6 52.7 29.4 26.7 6930 236,680 1648 -
ArTist [41] Online 53.6 51.0 31.6 28.1 7765 230,576 1531 -
LMOT [35] Online 59.1 61.1 25.1 23.0 - - 1398 -

FairMOT [36] Online 61.8 67.3 68.8 7.6 103,440 88,901 5243 13.2
DetTrack (ours) Online 75.6 75.3 70.4 9.3 37,706 86,692 1640 16.9

4.5. Visualization Results

All visualization results are from the MOT challenge official website. Figure 7 shows
the visualization results of our tracking algorithm on the MOT17 test set. We have bolded
the borders for the objects that we are more concerned about, and the video frame rate is
displayed with white numbers in the upper left corner. In the screenshot of frame 143 of
the MOT17-08 dataset, the historical track of the object remains unchanged under severe
occlusion. In frame 226, the object can be tracked as quickly as possible when severe
occlusion occurs that verifies the effectiveness of our algorithm. In the 188th frame of
the MOT17-12 dataset, object detection can still be recovered under severe occlusion that
shows the effectiveness of our tracking algorithm to recover low score detection (Tdec).
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It can be found from the object with track ID 9 in the MOT17-03 dataset that when it is
frequently occluded or even completely occluded in a large area, our method can detect
slightly changed objects and keep the original track ID unchanged. In other visualization
results, we can find that our method can not only adapt to local occlusion, but also adapt to
occlusion for multi-object tracking.
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Figure 7. Example trace results on the MOT17 test set.

Figure 8 shows the visualization results obtained by our algorithm in tracking the
MOT20 test set in the official MOT. We have bolded the borders for the objects that we
are more concerned about, and the video frame rate is displayed with white numbers in
the upper left corner. The object with ID 112 in the MOT20-07 dataset experienced local
occlusion, severe occlusion, and complete occlusion before reappearing. The algorithm in
this paper can continuously track the object and successfully detect and maintain the ID
unchanged in severe occlusion situations. In other visualization results, it can be found
that the method proposed in this paper can not only adapt to local occlusion situations,
but also adapt to severe occlusion, complete occlusion, and long-term occlusion situations
for object tracking, and restore severely occluded object detection while maintaining the
identity of the object trajectory unchanged.
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5. Conclusions

In this work, we propose a method to simultaneously improve occluded object de-
tection and occluded object tracking, and propose a tracking method when the object is
completely occluded. First, motion track prediction is utilized to improve the upper limit
of occluded object detection. Then, multi-object tracking is performed based on the spatio-
temporal feature information of the object. Since unable to extract appearance features for
severe occlusion of the object, we mainly utilize the spatial position relationship between
the object and the surrounding environment to solve the problem of multi-object tracking
in severe occlusion situations. Finally, we use the hypothesis frame to continuously track
the completely occluded object. The experiments of ablation study and comparison with
other state-of-the-art methods both demonstrate the effectiveness of our method. Assuming
that the box continuous tracking mechanism can be ported to other multi-object tracking
algorithms to solve complete occlusion situations, then the first data association can be
replaced with another multi-object tracking algorithm. Since the success of this tracker
mainly depends on the quality of input detections, so we plan to explore training object
detection jointly with our network flow framework in the future. We also plan to utilize
the spatial position relationship between the object and the surrounding environment, and
use adjacent object spatial position relationships for graph matching for severely occluded
objects to further improve tracking performance.
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