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Abstract - Multiple object tracking is extremely important in autonomous driving. Most multiple
object tracking methods include two steps: object detection and data association. The first step is to
detect each frame object in the video. The second step is to establish the relationship between video
frames and to obtain the object trajectory. In this study, the M-YOLOV5s is proposed to train the
improved BDD100K datasets based on the YOLOV5s. Then, the Hungarian algorithm is used to
match the trajectory predicted by Kalman filtering with the detection object. The corresponding
objects between the video frames are found and the multiple objects are tracked in real-time by
constructing the similarity matrix. The experiment results on the MOT16 benchmark show that the
whole algorithm has strong robustness and can achieve multiple object tracking under complex
traffic environments.
Keywords: Multiple Object Tracking, Complex Traffic Environments, Detection Based Tracking,
Autonomous Driving.

1. Introduction
Multiple object tracking is an important direction in
the computer vision field, which has a wide range of
applications, such as autonomous driving
environment
sensing
system,
intelligent
transportation system and human-computer
interaction system [1-3]. Multiple object tracking is
to establish the position relationship of the tracked
object in the continuous video sequence, so as to
obtain the complete trajectory. Multiple object
tracking has made great progress with the
development of computer hardware, datasets and
algorithms in the past two or three decades. The
traditional object tracking algorithm is gradually
integrated with deep learning technology to achieve
satisfactory results, which has become one of the
hottest topics.
As an important branch of the autonomous
driving environment sensing system, multiple object
tracking has attracted extensive attention. The object
tracking algorithm in the autonomous driving
environment sensing system requires accurate
detection and real-time tracking on the road [4].
Object tracking is a part of video analysis, which is to
process the image sequence. The object detection
algorithm based on deep learning has become one of
the mainstream methods, but object detection is
mainly to accurately detect and identify the object in
single image. In the continuous video sequence, the
object relevance in the image sequence cannot be
obtained. In the multiple object tracking algorithm,

how to judge the object similarity between frames is
the most important problem. Object detection and
tracking complement each other, but there is a slight
difference. First, object detection can only identify
the object category and location, while object
tracking can keep the same identity. Second, object
detection corrects the object tracking accumulative
error. Third, object tracking is quicker than object
detection. Object detection only uses the current
frame information, while object tracking can obtain
the object historical information. Based on this
information, it can roughly predict the object
position in the next frame. Fourth, object detection is
trained by large-scale datasets, which have strong
robustness, while object tracking only has a deeper
understanding of the specific object.
According to the initialization model, multiple
object tracking is usually divided into detection free
tracking (DFT) and detection based tracking (DBT).
As shown in Figure 1, DBT is to split the video into
single frame, get the object information by the
detection algorithm and then link to the existing
track. DBT requires high performance of detection
algorithms, and the object category is determined by
the detection algorithm. DFT needs to manually label
the object in the first frame, then the object is
detected and tracked. However, the features learned
by DFT are limited, and there is no corresponding
solution for objects that do not appear in the first
frame or disappear in the middle frame. The general
DBT method requires pre-training detectors, which
often leads to a single object category.
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For any type of multiple object tracking, all
objects are detected in the first few frames, and
these objects are used to train the classifier to track
different objects.
According to the processing model, it is usually
divided into Offline tracking and Online tracking. As
shown in Figure 2, the difference is whether to use

the future frame information in processing the
current frame. Online tracking is a common model in
single object tracking, which finds the object position
by processing the previous frame information.
Offline tracking is mainly used for multiple object
tracking. The object trajectory is obtained by
correlating the object information in each frame.

Figure 1: Procedure flow of DBT and DFT

Figure 2: An illustration of Online tracking and Offline tracking
In summary, significant progress has been
achieved in multiple object tracking. However, the
existing network only tracks the pedestrian or the
vehicle. In the autonomous driving environment
sensing system, pedestrians, vehicles and traffic
signs need to be detected and tracked at the same
time. Therefore, this study proposes a real-time
multiple object tracking network to achieve realtime tracking of common traffic objects.

2. Related Work
The autonomous driving environment sensing
system provides a guarantee of vehicle safety. Y. Liu
et al. [5] proposed a vehicle state estimation method
based on the PSO-RBF neural network. The
experiment data was input to the simulation model
to train and verify the PSO-RBF neural network. The
experiment results show that the trained network
can perfectly estimate the vehicle state. M.
Keyvanara et al. [6] proposed a novel real-time
method for driver drowsiness detection. The method
uses Haar wavelet features to detect faces and then
to achieve eye state determination through PCA
feature extraction and SVM classifier. The
experiment results show that the presented method
has a high detection accuracy.
DBT is a general framework in the multiple object
tracking field. Y. Tian et al. [7] proposed a tracker
based on structured learning to learn the model for
each object, and combined Lagrange dual
110

decomposition with the structured learning tracker
to solve the occlusion, ID switching and trajectory
drift problems. Since most DBT frameworks do not
use higher order dependencies among objects or
trajectories, L. Wen et al. [8] presented a new nearonline algorithm based on the non-uniform
hypergraph, which modelled different degrees of
dependencies between trajectories under the unified
object and achieved good results on the MOT16
datasets. Considering that the detector would fail to
track objects because of occlusion and various poses,
H. Sheng et al. [9] constructed a heterogeneous
association graph that fused high-level detection
features and low-level image information for object
association, and it performed well on the MOT17
datasets. Bafghi et al. [10] used the appearance
model and visual object tracking to achieve multiple
vehicle tracking. The method led to 58.9% accuracy
rate on the UA-DETRAC benchmark. The above
methods detect the object first and form the
trajectory through data association. In addition to
using the data association method to solve the
occlusion problem, Y. Xiang et al. [11] formulated the
multiple object tracking problem as decision making
in Markov Decision Processes (MDPS). Each object is
modelled with a MDP to replace data association and
achieved good results on the MOT2015 datasets.
However, these methods are not end-to-end training,
many parameters are only locally optimal. P. Chu et
al. [12] designed FAMNet to refine feature extraction,
affinity
estimation
and
multi-dimensional
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assignment in a single network, and integrated single
object tracking technique into the FAMNet to recover
false negatives. J. Peng et al. [13] proposed an online
model, Chained-Tracker, which is a complete end-toend method. The tracker unifies feature extraction,
object detection and data association in one network,
which refreshes records on MOT16 and MOT17
datasets, respectively.
Online tracking uses previous and current frames
to extract information, so it is suitable for real-time
applications. A. Milan et al. [14] proposed an online
multiple object tracking method based on recurrent
neural networks (RNNs) and long short term
memory (LSTMs). RNNs was used to predict the
object position and manage the trajectory, while
LSTMs was used to achieve data association. T. Kokul
et al. [15] proposed an online pedestrian tracking
algorithm based on aggregate channel features (ACF)
and particle filter. Each object was detected by the
ACF detector, and then the Adaboost classifier was
used to train the object and background. Finally, the
particle filter was used to track pedestrians.
Different from online tracking, offline tracking
uses the whole future frame information. It usually
shows good results, but the real-time performance is
general. B. Yang et al. [16] proposed a learning-based
Conditional Random Field (CRF) model to track
objects. The best association into an energy
minimization problem is found by transforming the
tracking task into data association. The experiment
results show that the whole algorithm performs well.
B. Song et al. [17] obtained the track based on the
existing trackers and realized the data association
through analyzing the track statistical characteristics

to get long tracks, which improved the tracking
performance. L. Zhang et al. [18] proposed a data
association optimization method based on the
network flow. This method maps the data
association to the network flow and uses the mincost flow algorithm to find the optimal data
association. The whole algorithm performs well on
pedestrian datasets. W. Choi et al. [19] proposed a
method to jointly estimate object trajectories, which
estimated the corresponding 2D/3D temporal
trajectories in the camera reference system and
correlated these trajectories with the object identity.
An accurate and efficient camera model estimation
method is obtained by using the MCMC particle filter
algorithm to infer parameters. This method achieves
very promising tracking and camera estimation
results.

3. Methodology
This study adopts the multiple object tracking
algorithm based on DBT. The object detection
algorithm is mainly divided into one-stage and twostage. The two-stage algorithms such as Faster RCNN and Mask R-CNN have higher accuracy than the
one-stage algorithm such as EfficientDet and YOLO,
but the two-stage algorithms consume more time
and space [20-22]. Considering that DBT requires
high real-time performance and accuracy, MYOLOV5s is proposed to detect the object. Then,
different frames objects are correlated by cascade
match with the deepsort algorithm to obtain the
object trajectory and realize real-time tracking [23].
The whole MOT framework is shown in Figure 3.

Figure 3: The whole network structure based on the DBT framework

3.1 Detector
The structure of M-YOLOV5s is shown in Figure 4.
The object detection is converted into an end-to-end
regression problem, which directly predicts the
position and object category. In the real autonomous
driving scenarios, the driverless vehicles need to
detect the object location in real-time and make the
correct path planning, and then the control system

makes the correct decision. The adaptive anchor box
can improve the object detection accuracy. In
YOLOV5s, the preset anchor box is obtained by
analyzing the datasets with the k-means algorithm
and the genetic algorithm. Since the correlation
between autonomous driving datasets and ordinary
datasets is low and the shooting angle is low, it will
result in the occlusion of small objects. Therefore,
multi-scale prediction is used to solve it.
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Figure 4: The detection network
The adaptive anchor box is obtained based on
COCO datasets In YOLOV5s, but the COCO datasets
are obtained from the complex daily life. Therefore,
the anchor box size is not suitable for real-time
detection and tracking in autonomous driving.
The autonomous driving datasets are relatively
random in shooting. Generally, the camera is placed
on the roof of the vehicle. Under complex traffic
conditions such as high light, rainy and snowy, the
image is blurred. According to the autonomous
driving datasets characteristics, choosing the right
anchor box can effectively optimize the model effect.
The k-means algorithm clusters the object
annotation into different anchor boxes to make it
more suitable for autonomous driving datasets. Since
the object size is different, the Euclidean distance
will cause objects errors. Therefore, Intersection
Over Union (IOU) is used to measure the distance. If
the overlap rate of the predicted anchor box and the
real bounding box is greater than other anchor
boxes, the probability of the anchor box is 1. The
improved distance measure is:
Di ( X j ) =1- IOU( X j , C j )

where

X j x =X1 , X2 , X3 ,, X n  is

ground truth;

(1)

is the cluster center

size; and K is the number of the anchor box.
The distance between the sample and the cluster
center is obtained by the k-means algorithm, and the
calculation formula is as follows:

 i=0 j=0
k

x

Di ( X j )

(2)

The k-means algorithm is used to cluster the
anchor box. The contour coefficient method is used
to analyze the objective function to select the
112

Table 1. The anchor box on different feature maps
Feature map
Receptive field
Anchor box

the size sample of the

C j C1 , C2 , C3 ,, C n 

J(K ) = min

optimal clustering number K. When K is 12, the
objective function is optimal. The obtained anchor
boxes are (183, 142), (71, 188), (101, 70), (29, 23),
(24, 53), (54, 38), (12, 10), (9, 21), (20, 15), (6, 10),
(9, 6) and (5, 5).
M-YOLOV5s uses the PANet network structure,
which can extract feature information from different
dimensions [24]. The high-level features have rich
semantic
information
and
rough
location
information, and pay more attention to the overall
information of the object, while the low-level
features are the opposite. PANet combines the lowlevel features with the high-level features to obtain
20×20, 40×40, 80×80 feature maps. However, due to
the characteristics of the autonomous driving
datasets, small objects are prone to miss on the
80×80 grid. The original 3-scale prediction is
modified by 4-scale prediction, which can ensure
that more accurate anchor boxes are allocated on
different feature maps. Table 1 shows the anchor
boxes on different feature maps. Figure 5 shows the
structure of 4-scale prediction.

20×20

big

(101, 70)
(71, 188)
(183, 142)

40×40

middle

(29, 23)
(24, 53)
(54, 38)

80×80

small

(12, 10)
(9, 21)
(20, 15)

160×160

smaller

(5, 5)
(9, 6)
(6, 10)
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Figure 5: Multi-scale prediction structure

3.2 Tracker

where yi represents the ith track, dj represents jth

The whole multiple object tracking algorithm is
based on the DBT framework. The video is split into
single frames and input into M-YOLOV5s to get the
object bounding boxes. An 8 dimensional state space
(u,v ,r ,h, x , y ,r ,h) is used to describe the trajectory
state, where u ,v represent the bounding box center
position, r represents the aspect ratio, h represents
the height, and x , y ,r ,h represent the relative
velocity on the image coordinates. Taking the 8
dimensional state space as input, the Kalman filter is
used to predict the object state in the next frame, and
then the Hungarian algorithm is used to perform
cascade matching and IOU matching between the
predicted trajectory and the bounding boxes. For
each track, the track number is controlled by
counting the frames number since the last successful
correlation measurement. If the consecutive
unmatched frames number exceeds A_max (A_max =
70), the track is deleted from the trajectory set. If the
bounding box does not match the existing track, a
new object appears. The new object is initialized and
transformed into a new track. Only when three
consecutive frames are successfully matched can it
be transformed into a definite state, otherwise it will
be deleted from the trajectory set.
To solve the frame-by-frame association problem,
the Hungarian algorithm is used to solve the
matching between the Kalman filter predicted
trajectory and the detection results. The
Mahalanobis distance is used to measure the
distance between the predicted trajectory and the
Kalman states. The motion models matching degrees
can be expressed as

d(1) (i, j) = (dj − yi )T Si −1 (dj − yi )

(3)

bounding box detection, and Si −1 represents the
covariance between yi and dj . The motion model
matching degree is based on comparing the
Mahalanobis distance and Chi-square distribution
threshold t(1) , and t(1) = 9.4887 . If the Mahalanobis
distance is less than the threshold, it means a
successful match.
(1) 
 (1)
b(1)
i ,j =1d (i , j ) t 

(4)

The smallest cosine distance between ith track
and jth detection is used to process appearance
information. the appearance models matching
degrees can be expressed as



d(2)(i , j ) = min 1 − rjT rk( i ) rk( i ) Ri



(5)

T (i )

where rj rk represents cosine similarity.
If the cosine distance is less than threshold t(2)
and t(2) = 0.2 , it means a successful match.
(2)
 (2)

bi(2)
,j =1d (i , j ) t 

(6)

Finally, the comprehensive matching degree is
linearly weighted between the motion model and the
appearance model, and λ is a hyperparameter.

ci ,j = d(1)(i , j )+(1−  )d(2)(i , j )

(7)

The whole process is shown in Algorithm 1.
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Algorithm 1: The whole algorithm flowchart
1 Input: Video contains N frames F =F1 , F2 , F3 , , FN 
2 initialize
The maximum number of unmatched frames
3
A
= 70
_max

4
5
6
7
8
9
10
11

The minimum number of matched frames ninit = 3
Bounding box detection confidence cof =0.7
Non-Maximum Suppression threshold Tnms = 0.85
for Fith = 3 frame do
detection: Object detection by M-YOLOV5s
BBi = ModelM-YOLOV5s (Fi )

for each BBi do

tracking: BBi bbi



bbi BBi , Cofbbj  cof BBi  NMS(BBi )

12

T T Matching Casada(T ,BBi )

13
14
15
16
17
18
19
20
21

T T GIOU Matching(T ,BBi )

for each unmatched track do
if A  A_max
Remove track
else
Updated track information
end
end
end

4. Experiment
All experiments in this study are based on the
pytorch deep learning framework and are trained on
a single NVIDIA GTX2080Ti. Other configurations
include Ubuntu 18.04, CUDA 10.1, deep learning
acceleration library CUDNN v7.6 and python
interface environment.

4.1 Experiment Datasets
For autonomous driving environment awareness,
the large-scale datasets provide the foundation for
training and benchmarks for different algorithms.
KITTI and Cityscapes datasets are widely used in the
autonomous driving field, such as vision range
finding, 3D object detection and 3D tracking [25].
Conditions

Name
#Sequence
#Images
Multiple Cities
Multiple Weathers
Multiple Times of Day
Multiple Scene types

However, the dataset mainly lays the foundation
for the algorithm and ignores the problem of longdistance driving. BDD100K is one of the largest
autonomous driving video datasets, which has a
diversity of geography, environment and weather
[26]. Compared with other datasets, it also has more
comprehensive labels for object occlusion and
truncation. In addition to pedestrian and vehicle
detection, the datasets have been improved to
simulate the external environment in real-word
conditions. It is divided into ten categories: Bus,
Light, Sign, Person, Bike, Truck, Motor, Car, Train and
Rider. In order to achieve more precise classification,
The original 10 categories were reclassified into 13
categories and divided the Sign into tl_red, tl_yellow,
tl_green, tl_none and t_sign. Table 2 shows the
comparison between different datasets, and Table 3
shows the number of modified datasets.
In the training process, three methods are used to
train the network. The first uses YOLOV5s to train
the improved BDD100K datasets. The second uses
transfer learning to initialize the YOLOV5s network
with weight files obtained from pre-trained ones on
the COCO datasets. The third uses M-YOLOV5s to
train the improved BDD100K datasets. The epochs
are 300. The learning rate is 0.01. The batch size is
32. The image input size is 640×640 and the training
phase is reduced by the random gradient with a
momentum term of 0.937.

4.2 Experiment Results of the Detection
Network
The whole detection network results are shown
in Table 4. There are many categories of the COCO
datasets and the feature generalization ability by
transfer learning is weak, so the transfer learning
performance is general. It can be seen from Table 4
that M-YOLOV5s performance has been greatly
improved compared with YOLOV5s, and the model
size is increased from 14.8MB to 16.2MB; and mAP
(%) 0.50 and mAP (%) 0.50:0.95 are increased by
5.84% and 2.79% respectively. As shown in Figure 6,
it shows the detection results of our model under
complex traffic conditions.

Table 2. Comparison of different datasets
KITTI
Cityscapes
BDD100K
22
14,999
No
No
No
Yes

~50
5000(+2000)
Yes
No
No
No

100,000
120,000,000
Yes
Yes
Yes
Yes

Table 3. Dataset training and test samples distribution
Datasets
Train
Valid
Test
BDD100K
69863
10000
2000
114

International Journal of Mechatronics and Applied Mechanics, 2022, Issue 12

A Real-time Multiple Object Tracking Network under Complex Traffic Environment

Model Size(MB)
mAP(%)0.50
mAP(%)0.50:0.95
FPS

YOLOV5s
14.8
0.4654
0.2306
65.77

Table 4. Performance results
T-YOLOV5s
M-YOLOV5s
14.8
16.2
0.4658
0.5238
0.2297
0.2586
65.33
61.25

(a) Multi-object

(b) Multi-scale

(c) Rainy

(d) High light & Night

(e) Night & Snowy

(f) Snowy

(g) Night
(h) General environment
(i) Complex environment
Figure 6: Performance of our model under complex traffic conditions

4.3 Experiment Results of the MOT16
Benchmark
The whole multiple object tracking network
mainly tracks common objects in the autonomous
driving environment sensing system and MOT16 is a
pedestrian tracking dataset, so the improved
BDD100K datasets are used to train M-YOLOV5s, and
the bounding boxes are updated for real-time
multiple object tracking by using the deepsort
algorithm. MOT16 has a total of 14 video sequence
(including 7 for training and 7 for testing), which is
taken by both static and moving cameras from
different angles in different scenes. Because the test
datasets annotations are not released, we use the
training datasets to evaluate the algorithm.
The authoritative MOT metrics are used to
evaluate the tracking algorithm, which are CLEAR
MOT metrics [27]. These metrics can assess the
overall performance and indicate the shortcomings
of the model. These metrics are defined as follows:
(1) Multiple object Tracking Accuracy (MOTA↑):
combing FP, FN and IDSW. The score is defined as
follows.

MOTA=1−

t(FPt +FNt +IDSWt )
tGTt

(8)

(2) Multiple object Tracking Precision (MOTP↑):
the mismatch between the bounding box and
predicted results.

MOTP =

 i ,tdti
 tct

(9)

(3) Mostly Tracked Objects (MT↓): percentage of
ground-truth tracks that have the same label for at
least 80% of their life span.
(4) Mostly Lost Objects (ML↓): percentage of
ground-truth tracks that have the same label for at
most 20% of their life span.
(5) Identity Switches (IDSW↓): identity switches
of the entire video.
(6) False Positive (FP↓): total number of false
positive.
(7) False Negative (FN↓): total number of false
negative.
(8) Fragmentation (FM↓): number of times that
a track is interrupted by a missing detection.
In Figure 7, the first two lines show the tracking
results on the MOT-01 and MOT-06 test videos. As
we can see, most objects are detected correctly and
keep the same identity in different frames. The last
two lines show that the video is input into the
tracking algorithm to realize real-time tracking of 13
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common traffic objects. In actual traffic scenes, our
proposed algorithm can track all traffic objects
under complex traffic environments and keep the
same identity in different frames. Table 5 shows the
performance of different multiple object tracking
algorithms on the MOT16 benchmark. Our proposed
method is superior to the existing methods shown in

this study in terms of MOTA and MT metrics.
The experiment results show that our proposed
method can ensure multiple object tracking
accuracy, maintain the object identity consistency,
generate fewer false bounding boxes, and reduce
false detection rate when tracking multiple traffic
objects for a long time.

Figure 7: Tracking results on different videos
Table 5. Comparison between different tracking algorithms
MOTP ↑
MT ↑
ML ↓
IDS ↓
FP ↓
FN ↓
FM ↓

Tracker

MOTA ↑

GSM_Tracktor

30

99.7

512

1

5

76934

359

55

BLSTM_MTP_O

36.9

76.4

61

262

413

4137

65118

723

GMPHD_ReId

36.1

76.8

60

237

357

4199

65982

1283

GMMCP

33.7

76.9

46

287

499

4053

68679

941

Ours

38.7

78.1

98

158

368

7488

62423

1099

5. Conclusions
In this study, we proposed a novel multiple traffic
object tracking network. Firstly, the BDD100K
datasets was improved to simulate the external
environment in real-word condition. The original 10
categories were reclassified into 13 categories and
divided the Sign into tl_red, tl_yellow, tl_green,
tl_none and t_sign. Secondly, we proposed MYOLOV5s to detect each object based on YOLOV5s. In
M-YOLOV5s, the k-means algorithm is used to cluster
the object annotation into different sizes anchor box,
and the original 3-scale prediction is modified by 4scale prediction, which can ensure that more
accurate anchor boxes are allocated on different
feature maps. Thirdly, the Hungarian algorithm is
used to match the trajectory predicted by Kalman
filtering
with the
detection object.
The
corresponding objects between the video frames are
found and the multiple objects are tracked in realtime by constructing the similarity matrix.
The whole multiple object tracking network
model is small, which reduces the deployment cost.
The whole algorithm has strong robustness and can
116

realize real-time tracking of 13 common traffic
objects under complex environments. In the future
work, how to transplant the whole network to the
terminal without affecting the network performance
is the most problem to be solved.
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