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Abstract
Recently, with the development of deep-learning, the performance of multi-object tracking algorithms based on deep neural
networks has been greatly improved. However, most methods separate different functional modules into multiple networks and
train them independently on specific tasks. When these network modules are used directly, they are not compatible with each
other effectively, nor can they be better adapted to the multi-object tracking task, which leads to a poor tracking effect. Therefore,
a network structure is designed to aggregate the regression of objects between frames and the extraction of appearance features
into one model to improve the harmony between various functional modules of multi-object tracking. To improve the support for
the multi-object tracking task, an end-to-end trainingmethod is also proposed to simulate the multi-object tracking process during
the training and expand the training data by using the historical position of the target combined with the prediction of the motion
model. A metric loss that can take advantage of the historical appearance features of the target is also used to train the extraction
module of appearance features to improve the temporal correlation of extracted appearance features. Evaluation results on the
MOTChallenge benchmark datasets show that the proposed approach achieves state-of-the-art performance.
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1 Introduction

Multiple Object Tracking (MOT) is a computer vision task
that aims to analyze video to identify and track targets belong-
ing to one or more categories, such as pedestrians, cars, ani-
mals, and inanimate objects, without any prior knowledge
about the appearance and the number of targets. Unlike the
detection task of outputting the bounding box set determined
by the coordinates, height, and width, the multi-object track-
ing algorithm will assign an identity to each bounding box to
distinguish these inter-class targets. MOT tasks play an

important role in computer vision: from video surveillance
to autonomous vehicles, from motion recognition to crowd
behavior analysis, many of these problems will benefit from
high-quality tracking algorithms.

According to the way of processing data, multi-object
tracking algorithms can be divided into two categories. One
type is online tracking, which only processes the current data
frame. It is suitable for real-time tasks such as autonomous
driving. The other is offline tracking, which uses the data of
the entire video frame. Although offline methods show better
performance than online tracking algorithms, they are gener-
ally not suitable for time-critical applications. Due to the adop-
tion of the global optimization process, the calculation over-
head of the offline algorithm is relatively large. Besides,
multi-hypothesis tracking [1] has also been widely adopted
as a semi-online tracking framework. The main interest of this
paper is online multi-object tracking, so the following part
only focuses on the online tracking framework.

With the development of target detectors, tracking-by-
detection [2–5] is regarded as the most popular tracking par-
adigm. E.g., the literature [2] utilizes the online-provided de-
tection to generate tracklets, then obtain the tracklet confi-
dence to solve multiple object tracking problems. The litera-
ture [3] introduces a dynamic version of the successive
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shortest-path algorithm, which solves the data association
problem between detection and candidates optimally. In the
literature [4], object detection and data association are
expressed by a single objective function. A coupling formu-
lation is used to avoid the problem of error propagation. To
calculate the affinity between detections and tracks, STRN [5]
present a unified framework for similarity measurement by
integrating multiple cues in an end-to-end manner through
extending the object-object relation network from the spatial
domain to the spatial-temporal domain. However, these
methods rely heavily on detection results. False detection
and missed detection will cause false positives, false negatives
and identity switches. Somemethods introduce a single object
tracker to track a target frame by frame as a supplement to
solve missed detection. For example, the literature [6] adopts a
CNN-based single object tracker to regress the target of the
previous frame to the current frame and utilizes a spatio-
temporal attention mechanism to associate targets in different
frames. The literature [7] employs ECO [8] as the baseline
tracker combined with a dual matching attention mechanism
to perform multi-object tracking. The literature [9] utilizes
SiamRPN [10] to provide short-term clues and a ReID sub-
network to provide long-term clues. Based on these two clues,
a switcher-aware classifier is utilized to calculate the affinity
between targets across frames. IAT [11] propose an instance-
aware tracker to integrate SOT techniques for MOT by
encoding awareness both within and between target models.
However, the algorithm combined with single object tracking
is prone to tracking drift when processing occluded targets,
which leads to an increase in the number of false positives.
MOTDT [12] handle unreliable detection by collecting candi-
dates from outputs of both detection and tracking. In response
to false detection, the literature [13] propose the historical ap-
pearance matching method and joint-input siamese network
which was trained by a 2-step process to improve the uncertain
target state caused by it. Based on the literature [13], the liter-
ature [14] introduces a data-driven association method, which
successfully associates concatenated templates of target and
observation and directly derives the possibility of the target-
detection pair, further alleviating the impact of false detection.

Different from the literature [13, 14], Tracktor [15] utilizes
the regression network of the faster-RCNN to refine the pre-
dicted position of the motion model and the public detection to
provide more accurate target positions, strengthen the robust-
ness of the algorithm to false detection. In response to missed
detection, Tracktor utilizes a ReID network to extract the ap-
pearance features of the target and save it as a historical appear-
ance feature, and then restore its identity by matching the ap-
pearance feature when the target reappears. By solving false
detection and missed detection, Tracktor obtained state-of-the-
art tracking results on the MOTChallenge benchmark website.

However, whether Tracktor or the other methods above, its
network model consists of several independent modules with

different functions, such as the single-object tracking module,
regression module, and appearance feature extraction module.
Each module carries out targeted training on different tasks.
When these separately trained modules are directly applied to
a multi-object tracking task, they may not be effectively com-
patible and adapted to this task and ultimately lead to a decline
in the tracking ability. First, the bounding box samples during
the training of the ReID network is the ground truth position of
the target provided by the label. Still, the appearance feature
during tracking comes from the bounding boxes refined by the
faster-RCNN, which leads to the conflict of them and causes
incompatibility between the two modules. Second, Tracktor
directly utilizes RPN to provide proposal regions to train the
refinement ability of the regression network. In inference,
when this regression network receives a bounding box from
motion prediction that is not in the distribution of the proposal
regions provided by the RPN, it cannot be refined to fit the
target location accurately more. Therefore, based on Tracktor,
we designed a new network structure that aggregates multiple
functional modules and proposed an end-to-end training
method for multi-object tracking tasks to train each module
in the network simultaneously to make them compatible with
each other and more suitable for the tracking task, thereby
improving the performance of multi-object tracking of the
whole model.

Our contributions in this paper are as follows:

& We designed a new network structure that includes a clas-
sification module, regression module, and ReID module
that share a backbone, which can refine the location of the
target, realize the regression of tracks across frames, filter
out non-pedestrian objects, and provide the appearance
features of the target. For training these three modules
simultaneously, we also introduce a metric loss to train
the ReID head. First, compared to Tracktor [15], this net-
work structure has fewer parameters and takes up less
storage space. Second, it is also possible to directly extract
the appearance features of the target during inference,
without inputting the refined bounding box to the addi-
tional ReID network, thereby improving the computation-
al efficiency. Finally, because the three modules share a
backbone, they have a consistent middle-level feature rep-
resentation. After a synchronous training process, the re-
gression of the bounding box and the extraction of appear-
ance features can promote each other to obtain the
bounding box that can more accurately fit the target and
the appearance features that can better reflect the appear-
ance information of the target, thereby improving the
tracking performance of the model.

& We proposed an end-to-end training method, which sim-
ulates the multi-object tracking process during training
and utilizes the historical position of the target combined
with the motion model to predict the position of the target
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in the current frame. The predicted position and ground-
truth position are used to generate extended bounding
boxes that approximately meet the distribution of motion
prediction as a supplementary sample to participate in the
training of the regression network, which improves the
adaptability of the regression network to the predicted
position.

& To predict the location of the target more accurately, we
adopted a motion model that combines the Kalman filter
[16] and Enhanced Correlation Coefficient (ECC) [17].
Through ECC, the position change of the target caused
by rigid motion such as camera lens movement is proc-
essed first, and then the Kalman filter combined with the
motion intensity given by the ECC is used to predict the
position of the target after its ownmotion, which improves
the accuracy of motion prediction.

& We evaluated the proposed method on four benchmark
datasets provided by MOTChallenge and compared it
with the published state-of-the-art works, which con-
firmed that the proposed method has superior multi-
object tracking performance. We also performed an abla-
tion experiment to illustrate the contribution of each part
of the proposed method to the tracking effect.

2 Related work

2.1 Object detection

Multi-object tracking without frame-to-frame identity predic-
tion is a sub-problem usually refers to as video object detec-
tion. In recent years, the target detection method based on
deep learning has achieved excellent detection performance.
The two-stage algorithm developed from work [18] to work
[19] and then to work [20], achieving increasingly superior
detection accuracy. However, the one-stage algorithm has a
faster detection speed. One-stage algorithm [21] utilizes a sin-
gle neural network to predict bounding boxes and class prob-
abilities directly from full images in one evaluation, which
achieves a faster speed. While ensuring high speed, algorithm
[22] has expanded the detection category of A to more than
9000. Based on [22], algorithm [23] introduces multi-scale
feature mapping and obtains higher detection accuracy.
There are also methods to consider both object detection and
tracking jointly. The literature [24] proposes a network that
processes two consecutive frames and uses ground-truth data
to improve the detection regression, thereby generating a two-
frame trajectory. Through subsequent offline methods, these
trajectories are merged into multi-frame trajectories. The liter-
ature [25] provides an RNN with detection services through
an SSD [26], thus realizing the combination of tracking and
detection. Like Tracktor [15], to make a fair comparison with

other algorithms, we did not use a private detector to provide
detection results but only evaluate the proposed algorithm on
the public detection set provided by MOTChallenge.

2.2 Motion prediction

Multi-object tracking algorithms usually adopt a motion model
to predict the position of the target based on the tracking his-
torical trajectory and then perform data association with the
target detection in the current frame. For example, the literature
[7] applies a constant velocity model to predict the position of
the target in the current frame. The literature [27, 28] both
exploit the Kalman filter as a motion model to predict the
position of the target and introduce the Hungarian algorithm
for data association, which has achieved a breakneck process-
ing speed. Based on the literature [27], the literature [28] fur-
ther introduces appearance features. Tracktor [15] adds an en-
hanced correlation coefficient (ECC) based on the constant
motion model as the compensation of camera motion. The
literature [29] utilizes the proposed motion intensity measure
to integrate themotion of pedestrians and cameras to overcome
their mutual influence. In the literature [30], the recurrent neu-
ral network, RNNs, which can process timing information, is
used to predict and update the state of the target. However,
without other optimizations, the algorithm does not achieve
outstanding tracking results and needs further improvement.
Built upon standard RNN components, the RAN [31] learns
to extract long-term sequence history in an internal memory
represented by the recurrent hidden layer to estimates the prob-
ability distribution of new detections in an autoregressive man-
ner. The proposed algorithm also combines the Kalman filter
with ECC as the motion model, and the excellent performance
of this method is proved in ablation experiments.

2.3 Appearance model

In complex scenes with frequent occlusion, it is often not
sufficient to use only position information to determine the
association of targets in two consecutive frames, which can
easily cause the identity switch of the target, leading to an
increase in the number of IDsw. One solution is to add the
appearance information of the target in the affinity calculation
and utilize the two information of position and appearance to
determine the similarity between targets in different frames.
The simplest appearance model is the color histogram. E.g., in
the literature [32], RGB color histogram and correlogram are
exploited as the color cues and texture properties are repre-
sented by local binary patterns. Still, the performance is not
improved much. Therefore, some methods using manual fea-
tures, such as histogram of gradient (HOG) [33] and optical
flow [34], have been adopted. Recently, feature extraction
methods based on deep learning have been proposed to obtain
stronger discrimination capabilities. The literature [1] first
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utilizes a pre-trained CNN to extract the appearance features
of the target from the detection and then applies PCA for
dimensionality reduction. The literature [35] exploits a modi-
fied version of GoogLeNet [36] trained on the ReID dataset to
extract the appearance features of the target. The literature [37]
combines the visual features extracted by CNN as well as
dynamic and location features and utilizes a Hungarian algo-
rithm to solve the association problem. Tracktor [15] utilizes
the pre-trained network in [38] to extract the appearance in-
formation of the target and re-identity the track that reappears
after being lost. However, the appearance feature extraction
module in the above method is independent of other function-
al modules, and the training process does not interfere with
each other. When using together, it will cause poor compati-
bility, ambiguity and affect the tracking effect. And we add a
ReID branch to the network structure and introduce a metric
loss to train it, which improves the compatibility of each func-
tional module and obtain more effective appearance features.

2.4 End-to-end training

Most of the multi-object tracking methods based on deep
learning train different modules in the model on correspond-
ing applications. For example, the methods combined with
single-object tracking [6, 7] will train a single-target tracker
based on the SOT task on the corresponding datasets. The
algorithm [35] that adopts appearance features also trains the
feature extraction network on the ReID dataset. Although
Tracktor [15] utilizes the public detection set for tracking, it
trains the network model on the tracking dataset based on the
detection task. These methods do not train the network end-to-
end for multi-object tracking tasks. When these network
models are directly applied to the tracking task, each tracking
module cannot adapt to the task better, resulting in poor track-
ing performance. To solve this problem, in recent years, some
multi-object tracking works have adopted end-to-end training
methods. For example, in the literature [39], the author utilizes
multi-scale appearance features to construct an affinity matrix,
and then during training, by padding rows or columns on the
calculated soft allocation matrix, and then performing
column-wise or row-wise softmax to simulate data associate
process to achieve end-to-end training. The literature [40] pro-
poses a deep Hungarian network to simulate data association
based on the Hungarian algorithm and then calculate the dif-
ferentiable dMOTA and dMOTP as the metric loss to train the
network. FAMnet [41] integrates feature extraction, affinity
calculation, and differentiable data association [42] into a net-
work to achieve end-to-end training. The literature [43] ex-
ploits the graph network and the frames before and after the
current frame to train the affinity scores between targets and
then performs data association based on the trained affinity
scores during inference. The tracking results are all at the
forefront of multiple tracking channels of the MOTchallenge

benchmark. The proposed algorithm simulates the tracking
process during training. It used the tracking trajectory and
the motion model to predict the position to expand the training
data, thereby achieving end-to-end training.

2.5 Car tracking

Although the proposed method is mainly aimed at pedestrian
targets in the scene, in order to prove that this method is com-
patible with different types of targets, the proposed method is
tested on the car category of the Kitti dataset. There are also
many methods to tracking the car in the scene. In leterature
[44], A temporal window is constituted by three consecutive
frames. Tracklets of the detected car objects in the temporal
window are generated by solving min-cost max flow problem
of a sparse affinity network with a limited number of edges,
which are created if a strong detection affinity exists. CIWT
[45] propose to use image- and world-space information jointly
to track car in urban street scenes. SCEA [46] propose a new
data association method that effectively exploits structural mo-
tion constraints in the presence of large camera motion and a
novel event aggregation approach is developed to integrate
structural constraints in assignment costs for online MOT.
LP-SSVM [47] describe an end-to-end framework for learning
parameters of min-cost flowmulti-target tracking problem with
quadratic trajectory interactions including suppression of over-
lapping tracks and contextual cues about co-occurrence of dif-
ferent objects. In extraCK [48], multiple-object vehicle tracking
system by affinity matching using min-cost linear cost assign-
ment is proposed.

3 The proposed method

3.1 Motion prediction

In some cases, the IOU (intersection-over-union) based data
association can outperform many general methods. This be-
comes possible due to the high-quality detection and high
frame rates. However, if there is a large pedestrian motion,
camera motion, or low frame rates, we must consider it.
Generally, the position change of the target between video
frames caused by pedestrian movement can be regarded as
non-rigid motion, and the Kalman Filter is used to predict
the position of the target after movement. The deviation of
the target and the entire background in the video frame caused
by camera motion can be regarded as rigid motion, and we
exploit the Enhanced Correlation Coefficient (ECC) method
to calculate the offset affine matrix to align the continuous
frames. Considering the space consistency, the pedestrian mo-
tion model needs to be processed before the camera motion
model. In detail, each position of the target needs to be pre-
dicted by the Kalman Filter firstly and aligned by the ECC
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model, which is named as Kalman+ECC, and it can be
established as below:

stþ1 ¼ warp Fstð Þ
Ptþ1 ¼ FPt FT þ Q

ð1Þ

Where, s represents the 8-dimensional motion state
cx; cy; a; h; vcx ; vcy ; va; vh
� �

, including the target centre coordi-

nate [cx, cy], the target length-width ratio a, the target height h,
and the change rate vcx ; vcy ; va; vh

� �
of the first four variables.

Q stands for motion covariance, P for prior covariance, warp
for ECC model.

However, the independent motion processing of the
Kalman+ECC solution will raise a compatible problem.
Therefore, referring to the method [29], we mix the camera
motion and pedestrian motion using the affine matrix to adjust
the integrated motion model, which is named as
Kalman&ECC. In this way, the integrated motion model can
adapt to various motion scenes without pre-defined parame-
ters. First, we define the intension of camera motion as Eq.2:

I c ¼ 1−
W � R

Wk k2 � Rk k2
;R ¼ I ; 0½ � ð2Þ

Where the Ic denotes the intension of camera motion, W
denotes the vectorization of the affine matrix. The R means
the affine matrix of static frames. I is the identity matrix, and
O is the all-zero matrix. With the intension defined above, we
can adjust the Kalman Filter by changing the state transition
matrix:

Stþ1 ¼ warp Fcstð Þ
Ptþ1 ¼ aFcPt FT

c þ Q
; Fc ¼ I dt þ Icð Þ I

0 I

� �
ð3Þ

Where the Fc denotes the adjusted state-transition matrix
and the dt means the original time step of the Kalman Filter.
After the state st + 1 of the target in the t + 1 frame is obtained
by the above formula, we can extract the position part vector
[cx, cy, a, h] and calculate the prediction bounding box [x1, y1,
x2, y2] of the target, where, x1, y1, x2, and y2 are the coordinates
of the upper left corner and the lower right corner of the
bounding box, respectively.

3.2 Network structure

Based on the Faster-RCNN [20], we design a network structure
with three functions. As shown in Fig. 1, we adopt Resnet50
[49] +FPN [50] as the backbone. Three branch networks com-
posed of the Fully Connected Layer (FC Layer) are designed,
which are Classification head that output the probability of the
object being target or background, Regression head that output
the regression coefficient of the refined bounding box, and
ReID head that output the appearance features of the target. It
is equivalent to adding a ReID head to the network structure of

faster-RCNN. Where Resnet50 consists of five stages, the first
stage is composed of a single convolutional layer, BatchNorm
[51] layer, Relu activation function, and Max Pool, while the
other stages are all composed of a Conv Block [49] and two ID
blocks [49]. We will also use the Region Proposal Network
(RPN) proposed in Faster-RCNN to provide the proposal re-
gions when training networks.

Figure 1 also shows the network data processing flow after a
given image frame. First, the image frame is inputted into
Resnet50 to obtain feature maps of different scales, and they
are used to build feature pyramids. Then, according to the size
of the bounding box of the target, we select the feature mapping
of the corresponding scale to extract the appropriate feature
mapping of the target, ROI pooling is conducted to obtain the
ROI features of the target, which is finally inputted into three
branch network Regression head, Classification head, and
ReID head to obtain the bounding box regression coefficient,
classification probability and appearance features of the target.

3.3 Training strategy

In Tracktor [15], the author trains the network model on the
tracking datasets based on detection tasks. The model obtained
by such a training method is directly applied to the multi-object
tracking task, which will cause incompatibility problems. The
proposal regions during training are generated from the Region
Proposal Network (RPN). With the training, the proposal re-
gions that are more accurate and closer to the actual target
position can be generated by RPN, that is, the dispersion degree
of the distribution of the training samples for regression and
classification branch is reduced. However, different from the
training, the proposal regions during inference came from the
prediction of the motion model. In some video sequences with
complex scenes, frequent occlusion, and nonlinear motion tra-
jectory of the target, these predicted positions may be far from
the actual position of the target and are not in the training
sample distribution. After these low-quality proposal regions
are inputted into the regression network, they cannot be refined
to the actual target location, which affects the follow-up track-
ing and leads to the degradation of tracking performance.

Therefore, we simulate the multi-object tracking process in
training, record the actual position of the target as the tracking
trajectory, estimated the possible position of each target in the
current frame by using the motion model, and add it into the
training of the regression network as a supplement to the pro-
posal regions. The whole training process is shown in Fig. 2:

Consecutive N frames of images are randomly selected
from the training dataset. The ground-truth label of the first
frame is used to initialize the tracking state of the target, which
includes the position state and historical ROI features. Instead
of saving the appearance features of the target, we save the
ROI features of the target since the weight of the ReID head
needs to be updated during training. When calculating
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appearance-based affinity, the historical ROI features can be
input into the ReID head to obtain the historical appearance
features of the targets. When the tracking state of the target is

initialized, the bounding box provided in the ground-truth
label is converted to the Kalman state, and the ROI feature
of the target is added to the historical ROI features.

Fig. 2 The proposed training strategy for network model. The method
provided by Faster-RCNN [20] is used to calculate the loss LlocRPN and
LclsRPN of RPN. The proposal regions generated by combining the position
information and the motion model and the proposal regions provided by

the RPN are used as the training samples to calculate the lossLlocreg head and

Lclscls head . The saved history ROI features and the appearance features
from ground-truth positions are exploited to calculate the metric loss
Lmetric

Fig. 1 The structure of the designed network model. The network consists of 5 modules, namely Resnet-50, FPN, Regression head, Classification head,
and ReID head
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When it comes to the next frame, the ground-truth label is
used to calculate the losses of three parts, namely, the losses

LlocRPN and LclsRPN from regional proposal Network (RPN), the

losses Llocreg head and Lclscls head from regression network, as well

as the metric loss Lmetric used to train the appearance extrac-
tion module. The objective function of the network model is
as follows:

Loss ¼ λ1 LlocRPN þ LclsRPN
� �þ λ2 Llocreg head þ Lclscls head

� 	

þ λ3Lmetric ð4Þ

Where λ1, λ2, and λ3 are the scale factor that controls the
influence of different sub-losses on the objective function.
The calculation process of each sub-loss will be introduced
in the following sub-sections. After the loss calculated by the
formula (4) is used to train the network model and update the
weight, the ground-truth label is used to update the tracking
state of the targets. The Kalman state of the target is updated
with the ground-truth position in the current frame, and the
ROI feature of the target is added to the historical ROI fea-
tures. After the training of continuous N frames of images, the
tracking state of all targets is cleared, and then the continuous
N images are randomly selected for the above training.

3.3.1 The losses of RPN

The method provided by Faster-RCNN [20] is used to calcu-
late the loss of RPN.We assign a positive label to two kinds of
anchors: (i) the anchor/anchors with the highest Intersection-
over-Union (IoU) overlap with a ground-truth box, or (ii) an
anchor that has an IoU overlap higher than 0.7 with any
ground-truth box. We assign a negative label to a non-
positive anchor if its IoU ratio is lower than 0.3 for all
ground-truth boxes. Anchors that are neither positive nor neg-
ative do not contribute to the training objective. The loss func-
tions are calculated as follows:

LclsRPN ¼ 1

N
∑iLcls Pi;P*

i

� � ð5Þ

LlocRPN ¼ 1

Nreg
∑ip

*
i Lreg ti; t*i

� � ð6Þ

Where i is the index of anchor, and Pi is the prediction
probability that anchor points contain a target, which comes
from the classification head in RPN. The corresponding label
P*
i of the positive anchor is 1, and 0 for negative. ti is a vector

representing the 4 parameterized coordinates of the predicted
bounding box, and t*i is that of the ground-truth box associated
with a positive anchor. The classification loss Lcls is log loss
over two classes (object versus not object). For the regression
loss, we use Lreg ti; t*i

� � ¼ R ti−t*i
� �

where R is the robust loss

function (smooth L1) defined in [19]. The term P*
i Lreg means

the regression loss is activated only for positive anchors
(P*

i ¼ 1 ) and is disabled otherwise (P*
i ¼ 0 ). These two

items are normalized by batch-size N and the number of an-
chors Nreg.

3.3.2 The losses of regression head and classification head

In this section, we focus on the generation of the proposal
regions. As mentioned before, the proposal regions for train-
ing are derived from two modules, namely RPN and motion
prediction. As for the generation mode of proposal regions in
RPN, we refer to paper [20] for more details. The number of
proposal regions derived from motion prediction depends on
the number of targets. In some datasets with fewer targets, the
number of training data is also relatively small, and these
proposal regions are usually regarded as positive samples.
The lack of negative samples will lead to training imbalance
and the lack of generalization ability of the model. Therefore,
the method in Fig. 3 is used to generate more positive samples
and negative samples as a supplement, and meanwhile, the
generative positive samples can be close to the distribution
of the motion prediction of the target.

As shown in Fig.3, supplementary samples are generated
through four steps, namely boundary box interpolation, nega-
tive sample generation, random scaling and bias, and sample
filtering. First, for a given ground-truth bounding box and the
predicted bounding box of a target, Ninter equal parts interpo-
lation is carried out between them to generate some interpola-
tion bounding boxes. These interpolating bounding boxes,
ground-truth bounding boxes, and predicted bounding boxes
are considered as potential positive samples. Secondly, some
negative sample bounding boxes are generated around each
potential positive sample bounding box. Specifically, for a
potentially positive sample bounding box, we make multiple
copies of it. Each copy is randomly offset on the horizontal
and vertical axes with a larger scale to make sure that the IoU
between it and the potential positive sample bounding box is
less than the threshold τpos, then perform a random length and
width scaling. A smaller scale offset to obtain multiple poten-
tial negative sample bounding boxes. All the potential positive
sample bounding boxes are similarly offset and scaled ran-
domly with a small range, ensuring that the IoU between most
potential positive samples and the ground-truth bounding box-
es is bigger than the threshold τpos. Finally, The potential
positive samples whose IoU between the ground-truth
bounding box and it is larger than the threshold τpos are
marked as the positive samples corresponding to the target,
otherwise marked as negative samples. Same as faster-RCNN,
after obtaining positive and negative samples of all targets, we
randomly select a certain number of positive and negative
samples meeting a certain proportion as training samples.
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After the training samples generated from both RPN and
the proposal regions of motion prediction are obtained, the
loss is calculated using the following formula:

Lclscls head ¼
1

Nsam
∑iLcls Pi;P*

i

� � ð7Þ

Llocreg head ¼
1

Npos sam
∑iP

*
i Lreg ti; t*i

� � ð8Þ

These losses are similar to those from the RPN part. Some
differences are that Pi represents the probability that the cate-
gory of the target in the sample boundary box is pedestrian or
background, and these two terms are normalized by the sam-
ple number Nsam and positive sample number Npos _ sam,
respectively.

3.3.3 The metric loss of ReID head

Tracktor [15] adopts the ReIDmodule independent of the track-
ing network and conducts training with Triple Loss [38]. The
training data for Triple Loss comes from random sampling in a
batch. When an insufficient selection of samples for the same
target is made, the temporal correlation of extracted appearance
features will be affected. The same target in different frames
will be distinguished into different identities to extract the ap-
pearance feature vectors with large differences. Identity switch
is easy to occur in inference, which leads to the decline of the

identity preservation ability of the model. During the training,
we simulated the tracking process and used the ground-truth
position of the target to obtain its appearance features in each
frame through the ReID Head. These continuous appearance
features can be used to improve the similarity of the appearance
features of the same target in different frames, that is, to im-
prove the temporal correlation of the appearance features of the
target. Therefore, instead of the triplet loss based on random
sampling, we adopt the metric loss that could utilize the histor-
ical appearance features of the target to train the ReID Head,
which was proposed in DeepMOT [40].

As shown in Fig. 2, we will extract the appearance features
fapp of all the targets in the current frame through the ground-
truth bounding box. Then, the saved historical ROI features of
each target are used to calculate the historical appearance fea-
tures and the average historical appearance features fhis _ app of
these targets through the ReID Head. The distance between
the appearance feature of the target in the current frame and
the average historical appearance features of the saved target
is calculated by the following formula:

distapp ¼ 1

2
1−cosine f app; f his app

� 	� 	
ð9Þ

Where cosine (A, B) is the cosine distance between A and
B. According to the appearance feature distance between tar-
get pairs, we get an appearance distance matrix Ddis _ app with

Fig. 3 The generation process of supplementary samples. Supplementary samples are generated through four steps, namely boundary box interpolation,
negative sample generation, random scaling and bias, and sample filtering
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the size of Ntar ×Ntar, where Ntar is the number of ground-
truth targets in the current frame. The target identity on the
horizontal axis and vertical axis inDdis _ app is also one-to-one
correspondence, that is, the value of row i and column i of the
matrix is the distance between the appearance feature and the
historical average appearance features of the target i. Note that
when calculating the appearance feature distance, we do not
consider a saved target that does not exist in the current frame
or a new target that appears in the current frame. Then, Ddis _

app is input into the Deep Hungarian Network (DHN) as

shown in Fig. 4 to obtain a soft assignment matrix eAdis app.
As shown in Fig. 4, The row-wise flattened distance

matrix Ddis _ app is input to a first Bi-RNN that outputs
the first-stage hidden representation of size Ntar × 2 ∗
hidden _ unit × Ntar, where hidden _ unit is the size of the
Bi-RNN hidden layers. Intuitively the first-stage hidden
representations encode the row-wise intermediate assign-
ments. We then flatten the first-stage hidden representation
column-wise to input to a second (different) Bi-RNN that
produces the second-stage hidden representation of size
Ntar × 2 ∗ hidden _ unit × Ntar. The two Bi-RNNs have the
same hidden size, but they do not share weights. To obtain
the final assignments, we feed the second-stage hidden
representation through three fully-connected layers (along
the 2 ∗ hidden _ unit dimension, i.e., independently for
each element of the original Ddis _ app). Finally, a sigmoid
activation produces the optimal Ntar × Ntar soft-assignment

matrix eAdis app.
The metric loss is composed of the differentiable multi-

objective tracking metric dMOTA and dMOTP, which can
be calculated as follows:

dMOTA ¼ 1−
fFPþ fFNþ γmetricgIDS

M
ð10Þ

dMOTP ¼ 1−
Ddis app⊙BTP



 


1

BTP


 



0

ð11Þ

Where fFP, fFN, and gIDS are the soft representation of false
positive, false negative, and identity switches.M represents the
matched target, BTP represents the binary assignment matrix
corresponding to the distance matrix Ddis _ app, and γmetric rep-

resents a weight factor controlling the proportion of gIDS. The
calculation process of the above variables is shown in Fig. 5.

we first construct a matrix Cr by appending a column toeAdis app, filled with a threshold value δ, and perform row-
wise softmax. Analogously, we construct Cc by appending a

row to eAdis app and perform column-wise softmax. Then, we
can express a soft approximation of the number of false pos-
itives and false negatives as:

fFP ¼ ∑N tar
Cr

N tar ;N tarþ1;
fFN ¼ ∑N tar

Cc
N tar ;N tarþ1 ð12Þ

To calculate gIDS, DeepMOT [40] constructed two addi-
tional binary matrices BTP and BTP

−1 , in which non-0 elements
represent the matching of the current frame and the previous
frame, respectively. Then, the matching difference of the two

frames is used to calculate the gIDS. When calculating the
distance matrix Ddis _ app, we only consider the targets that
exist in the current frame and the previous frames at the same

time, and the order of the targets in Ddis _ app and eAdis app

corresponds to each other, that is, we already know the

Fig. 4 Structure of the adopted Deep Hungarian Network and the forward propagation process
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matching status in the previous frame. Therefore, we adopt a
different method from DeepMOT [40], instead of saving the
binary assignment matrix of each frame, we directly use the

following formula to simplify the calculation of gIDS:
gIDS ¼ Cc

1:N tar ;1:N tar
⊙IN tar




 



1

ð13Þ

Where ‖•‖1 represents the L1 normalization of the flattened

matrix, INtar represents a matrix with size Ntar ×Ntar, diagonal
elements 0, and other elements 1. After calculating dMOTA
and dMOTP according to formula (10)(11), we use the follow-
ing formula to calculate the metric loss Lmetric:

Lmetric ¼ 1−dMOTAð Þ þ λmetric 1−dMOTPð Þ ð14Þ

Where λmetric represents a weighting factor that controls the
proportion of sub-loss.

3.4 Re-identification

Based on the appearance features extracted from the ReID
head, we design a short-term pedestrian re-identification mod-
ule to keep the tracker running online. We store deactivated
tracks for a fixed number of FReID frames. We then compare
the distance in the appearance embedding space of the
deactivated with the newly detected tracks through Eq. (9)
and re-identify via a threshold τReID. To minimize the risk of
false ReID, we only consider pairs of deactivated and new
detectionwith a sufficiently large IoU λReID. Themotionmod-
el is continuously applied to the deactivated tracks.

3.5 Track management

The tracking management includes the following 5 steps:

Fig. 5 The computation of differentiable dMOTA and dMOTP. dMOTP is computed as the average distance of matched tracks and dMOTA is composed

with fFP, fFN, and gIDS
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①Track initialization: First, we select the first frame. The
filtered detection results are regarded as the tracking po-
sitions pt = [x, y,w, h] of the targets, and then they are
inputted into the ReID head of the model to obtain the
appearance featureft of the target. The tracking position
ptrackt and appearance feature ft are used to initialize the

tracking state st ¼ hpt ; hf t

� �
of the target, which includ-

ing historical positions hpt and historical appearance fea-
tures hf t . finally, a tracking set S = {st}, t = 1, 2, 3…T is
obtained, where T represents the number of targets.
②Motion prediction: the historical position hpt of each
target in the tracking state is inputted into the motion
model to predict the position ppret in the current frame.
③Position refinement: the predicted position ppret is in-
putted into the network model to obtain the regression
coefficient [tx, ty, tw, th] from the regression head. Then,
the regression coefficient is applied to the predicted po-

sition to get the refined position prefinet . This process is
equivalent to single target tracking for each target.
④Data association: IOUs between the detection D and

the refined position prefinet of all targets are calculated, and
then a simple greedy matching is used to associate the

detection and targets. The refined position prefinet of the
matched target is regarded as its tracking position ptrackt in
the current frame and added to the historical position hpt .

Then, the refined position prefinet is used to extract the
appearance feature of the target from the ReID head and
add it to its historical appearance features. A target that
does not match any detection is marked as a lost target
and participates in the ReID operation described in
Section 3.4.
⑤New track addition: the process same as the ① step is
used to initialize a new track for the detection that does
not match any target in the ④ step.

Finally, we select the next frame and repeat steps ②-⑤
until all frames are tracked.

4 Experiments

4.1 Datasets

First, the proposed method was evaluated on datasets
2DMOT2015 [52], MOT16 [53], MOT17, and MOT20 from
MOTChallenge, a multi-object tracking benchmark website.
These datasets contain multiple challenging pedestrian track-
ing sequences with frequent occlusion, crowded scenes, vary-
ing perspectives and camera movements, and varying target
sizes and frame rates. Where 2DMOT2015 consist of 11 train-
ing video sequences and 11 test video sequences. MOT16 and

MOT17 contain the same 7 training video sequences and 7
test video sequences. However, MOT16 only provides detec-
tion results generated from DPM [54]. MOT17 provides ad-
ditional detection results based on Faster-RCNN [20] and
SDP [55]. MOT20 contains 4 training video sequences and
4 test video sequences. The pedestrian density in each video
sequence is much higher than the previous three dataset,
which is more difficult to process. To make a fair comparison
with other multi-object tracking algorithms, we only use the
public detection set for tracking.

In order to illustrate the compatibility of the proposed
method for different types of targets, we also carried out a
tracking evaluation in the Kitti dataset. The Kitti dataset con-
tains 21 training sequences and 29 test sequences. Like the
MOTchallenge dataset, the label of the test set is not public, so
the tracking results can only be uploaded to the corresponding
evaluation website for evaluation. The scene of the Kitti
dataset contains multiple categories of targets, and its training
labels provide ground-truth bounding boxes for pedestrians,
cyclists, cars, and vans. However, since the official website
only provides evaluations for pedestrians and cars, we only
trained the proposed model on these two categories. Unlike
the dataset on the MOTchallenge, the Kitti dataset has a small
number of pedestrians and many cars, so the tracking results
of different categories in the same scene will also have large
differences. We exploited the trained faster-RCNN model to
provide detection results for tracking.

4.2 Evaluation metric

The metrics used by multi-object tracking benchmarks [56]
were considered to evaluate tracking performance on datasets
from theMOTchallenge, which includes multi-object tracking
accuracy (MOTA) and multi-object tracking precision
(MOTP). The ratio of correctly identified detection over the
average number of ground-truth and computed detection
(IDF1), the ratio of mostly tracked targets (MT), the ratio of
mostly lost targets (ML), the number of false negatives (FN),
the number of false positives (FP), the number of ID switches
(IDsw) and the number of fragments (Frag).

In addition to the above indicators, the official website
provides HOTA [57] metric that can better measure tracking
performance, so we additionally used HOTA as the main met-
ric for evaluation on the Kitti dataset.

4.3 Experiment detail

The proposedmethod used Python and Pytorch for implemen-
tation. The Faster-RCNN was pre-trained on MS COCO [58]
to initialize the regression network. The weights of
Classification head and ReID head were initialized by a nor-
mal distribution with mean = 0 and variance = 0.01. The
weights of DHN pre-trained on MOT17 was provided by the
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author of DeepMOT [40]. The scaling factors for each sub-
loss during training were λ1 = 1, λ2 = 1, λ3 = 10, and λmetric =
5. These above scaling factors were chosen to ensure their
approximate size. The threshold value for the generation of
supplementary samples was τpos = 0.5, which was the same as
the threshold for filtering positive and negative samples in
Faster-RCNN. The Adam optimizer with a learning rate of
r = 1e-6 was used to train 60 epochs on a system with i9-
9900 × 3.5Ghz CPU and NVIDIA GeForce GTX 2080 Ti
GPU. To make the proposal regions of the RPN more dis-
persed and approximate the distribution of motion prediction,
the RPN was stopped from training in the later 30 epochs and
only the proposed network model was trained. To prevent
overfitting, the noise was added to the ground-truth bounding
boxes, scaled with a coefficient of 0.8 to 1.2, and randomly
moved horizontally and vertically with a coefficient of 0 to
0.25. To expand the data, the image was enhanced with a
probability of 0.25 from 0.8 to 1 for illumination, chroma,
contrast, and sharpness, respectively. Finally, the model
trained on the dataset MOT17 was used to evaluate datasets
2DMOT2015,MOT16 andMOT17, and the model trained on
the dataset MOT20 was used to evaluate dataset MOT20. For
kitti dataset, the model trained on the training set was used to
evaluate the test set.

In inference, we chose the partial hyper-parameters used in
Tracktor [15], namely, σactive=0.3, λactive = 0.5, and λnew =
0.6. Other parameters τReID = 0.12 and λReID = 0.2 were select-
ed through comparison experiments to obtain a best tracking
performance.

4.4 Experiment results

The tracking results of the proposed method on datasets
2DMOT2015, MOT16, MOT17, and MOT20 were evaluated
on the MOT Challenge benchmark website and compared
with other state-of-the-art methods. Tables 1, 2, 3 and 4 show
the quantitative comparison results on 2DMOT2015,
MOT16, MOT17, and MOT20, respectively (bold font repre-
sents the best result, ↑means higher is better, ↓means lower is
better, PD indicates the publication date).

The above table shows that compared with other online
algorithms or even offline algorithms that can exploit the en-
tire video sequence, the proposed method can achieve the
highest MOTA on the four benchmark datasets, confirming
that the method has the most excellent synthesis performance.
Meanwhile, compared with other online methods, the pro-
posed method also achieves the highest MT and lowest ML,
indicating that this method has excellent track connection abil-
ity and can improve the tracking continuity. Besides, the num-
ber of FNs in the tracking results of the proposed method is
also the smallest among all tracking algorithms, which proves
its excellent ability to deal with missed detection. Secondly,
the proposed method also achieved the highest IDF1 score in
the above four data sets and the least number of IDSWs in
MOT20, showing that the proposedmethod has superior iden-
tity preservation capabilities. The proposed method achieves
the lowest number of Frags on MOT16 and MOT20, which
shows its robustness to occlusion. For other metrics, the pro-
posed method is still better than most tracking algorithms.

Tables 5 and 6 respectively show the tracking results of the
proposed method on the car and pedestrian categories on the
kitti test set and the comparison with other methods.

From Table 5, we can see that the proposed method obtains
the best HOTA, MT, FP, Idsw, and frag in the car category of
kitti. Table 6 shows that the proposed method gets the best
HOTA,MOTP,MT,ML, and FP in the pedestrian category of
kitti. By comparison, it is proved that the proposedmethod has
superior compatibility for different categories of targets.

4.5 Ablation analysis

To verify the contribution of each part of the proposed algo-
rithm, an ablation study was set up. The experiment in the
ablation study was conducted based on the MOT16 bench-
mark dataset. The first 50% of each video sequence was used
as the training set, and the last 25% as the test set. The training
lasted for 30 epochs. Other than that, the other settings for the
experiment were the same as in Section 4.3.

Three baseline methods were designed to conduct the ab-
lation analysis. The first one, Instead of the proposed fusion

Table 1 Comparison on 2DMOT2015

Mode Method PD MOTA↑ MOTP↑ IDF1↑ MT↑ ML↓ FP↓ FN↓ IDsw↓ Frag↓

Online RAN [31] 2018 35.1 70.9 45.4 13.0 42.3 6771 32,717 381 1523

STRN [5] 2019 38.1 72.1 46.6 11.5 33.4 5451 31,571 1033 2665

DAN [39] 2019 38.3 71.1 45.60 17.6 41.2 1290 27,000 1648 1516

IAT [11] 2019 38.9 70.6 – 16.6 31.5 7321 29,501 720 1440

Tracktor [15] 2019 44.1 – 46.7 18.0 26.2 6477 26,577 1318 –

Tracktor_v2 [15] 2019 46.6 76.4 47.6 18.2 27.9 4624 26,896 1290 1702

Proposed – 49.2 75.4 52.4 29.1 24.4 8706 21,594 910 1400
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motion model, ECC was used to compensate the camera mo-
tion, followed by the Kalman filter to predict the motion. Then
the network model was trained based on the training method
of Faster-RCNN. The second one, the proposed fusion model
of ECC and the Kalman filter was adopted as the motion
model, and the training method was the same as the first
method. The third one, based on the second method, the pro-
posed end-to-end training method was adopted. The fourth
one, that is, the proposed method, based on the third method,
added the ReID head and utilized the metric loss to train the
total network model. The comparison of the results of the
different methods is shown in Table 7.

As can be seen from Table 7, when the fusion model of
Kalman filter and ECC was adopted, although FP was slightly
increased, the number of FN and IDsw decreased more, which
improvedMOTA and IDF1 to a certain extent, and proved the
excellent prediction performance of this fusion model. After
the end-to-end training method was adopted, bothMOTA and

IDF1 were greatly improved, indicating that The fitting of the
proposal regions during training to the distribution of motion
prediction can effectively improve the refinement ability of
the regression network. After adopting ReID head and adding
metric loss, although it only brought slight fluctuations to the
number of FPs and FNs, the number of IDsw was reduced by
almost 50%. It proved that the added ReID head and the newly
adopted training method could effectively solve the incompat-
ibility between the refined bounding box and the extracted
appearance features, and obtain more distinguishable appear-
ance features, thereby improving the identity preservation
ability of the model.

4.6 Compatibility analysis

To further prove that adding the ReID head to the network
structure can improve the compatibility between bounding
box regression and appearance feature extraction, we designed

Table 2 Comparison on MOT16

Mode Method PD MOTA↑ MOTP↑ IDF1↑ MT↑ ML↓ FP↓ FN↓ IDsw↓ Frag↓

online RAN [31] 2018 45.9 74.8 48.8 13.2 41.9 6871 91,173 648 1992

STAM [6] 2017 46.0 74.9 50.0 14.6 43.6 6895 91,117 473 1422

DMMOT [7] 2018 46.1 73.8 54.8 17.4 42.7 7909 89,874 532 1616

D_TAMA [14] 2019 46.2 75.4 49.4 14.1 44.0 5126 92,367 598 –

MOTDT [12] 2018 47.6 74.8 50.9 15.2 38.3 9253 85,431 792 –

STRN [5] 2019 48.5 73.7 53.9 17.0 34.9 9038 84,178 747 2919

IAT [11] 2019 48.8 75.7 47.2 15.8 38.1 5875 86,567 906 1116

LSSTO [9] 2019 49.2 74.0 56.5 – – 7187 84,875 606 –

Tracktor [15] 2019 54.4 78.2 52.5 19.0 36.9 3280 79,149 682 –

DeepMOT [40] 2020 54.8 77.5 53.4 19.1 37.0 2955 78,765 645 –

Tracktor_v2 [15] 2019 56.2 79.2 54.9 20.7 35.8 2394 76,844 617 1068

Proposed – 59.8 79.0 58.7 24.1 30.8 3669 68,920 617 1052

Table 3 Comparison on MOT17

Mode Method PD MOTA↑ MOTP↑ IDF1↑ MT↑ ML↓ FP↓ FN↓ IDsw↓ Frag↓

Online DMMOT [7] 2018 48.2 75.7 55.7 19.3 38.3 26,218 263,608 2194 5378

D_TAMA [14] 2019 50.3 76.7 53.5 19.2 37.5 25,479 252,996 2192 –

MOTDT [12] 2018 50.9 76.6 52.7 17.5 35.7 24,069 250,768 2474 –

STRN [5] 2019 50.9 75.6 56.5 20.1 37.0 27,530 246,924 2593 9622

FAMNet [41] 2019 52.0 76.5 48.7 19.1 33.4 14,138 253,616 3072 –

DAN [39] 2019 52.4 76.9 49.4 21.4 30.7 25,423 234,592 8431 14,797

MCSAC [9] 2019 52.7 76.2 57.9 – – 22,512 241,936 2167 –

Tracktor [15] 2019 53.5 78.0 52.3 19.5 36.6 12,201 248,047 2072 –

DeepMOT [40] 2020 53.7 77.2 53.8 19.4 36.6 11,731 247,447 1947 –

Tracktor_v2 [15] 2019 56.3 78.8 55.1 21.1 35.3 8866 235,449 1987 3763

Proposed – 60.1 78.7 58.8 26.0 29.7 13,523 209,472 2066 3830
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two models to compare the differences between the appear-
ance features extracted during the tracking process. One is the
proposed model that integrates classification, regression, and
extraction of appearance features, which is labeled ReID head.
The other uses a separate ReID network to extract appearance
features, which is trained separately through triplet loss [38]
and marked as ReID net. Similar to the previous ablation
experiment, we train these two models on the first 50% of
MOT16 and perform the tracking task on the last 25% of
MOT16. Then the appearance features of the target in the
tracking process are saved.

First, we calculated the average similarity between the ap-
pearance features of targets and their mean appearance fea-
tures as the intra-class similarity of the sequence and then
calculated the average of the similarity between mean appear-
ance features of the target as the inter-class similarity of the
sequence. The comparison of the intra-class similarity, the
inter-class similarity, and the difference in similarity between
the two models are shown in the figure below.

As shown in sub-figure(a) of Fig. 6, in all the sequences of
MOT16, the in-class similarity of the appearance features ex-
tracted from the model ReID head is slightly higher than that

Table 4 Comparison on MOT20

Mode Method PD MOTA↑ MOTP↑ IDF1↑ MT↑ ML↓ FP↓ FN↓ IDsw↓ Frag↓

online SORT20 [27] 2016 42.7 78.5 45.1 16.7 26.2 27,521 264,694 4470 17,798

D_TAMA [14] 2019 47.6 77.6 48.7 27.2 23.6 38,194 252,934 2437 3887

Tracktor [15] 2019 51.3 76.7 47.6 24.9 26.0 16,263 253,680 2584 4824

Proposed – 59.2 76.8 59.1 41.1 17.3 36,402 172,785 1914 3745

Table 5 Comparison on car category of kitti dataset

Mode Method HOTA↑ MOTA↑ MOTP↑ MT↑ ML↓ FN↓ FP↓ Idsw↑ Frag↑

online SASN_MCF [44] 52.24% 69.82% 82.37% 57.38% 8.00% 2403 7294 683 703

FAMNet [41] 52.56% 75.92% 78.78% 52.46% 9.69% 762 7000 521 614

CIWT [45] 54.90% 74.44% 79.32% 50.46% 11.23% 955 7346 491 552

SCEA [46] 56.09% 74.92% 79.46% 53.69% 12.31% 1310 6993 324 317

LP-SSVM [47] 56.62% 76.82% 78.00% 57.69% 9.23% 1247 6401 325 466

extraCK [48] 59.76% 79.29% 82.06% 62.31% 5.85% 675 5929 520 750

Proposed 66.72% 78.10% 81.27% 63.38% 6.00% 1453 5843 235 202

Table 6 Comparison on pedestrian category of kitti dataset

Mode Method HOTA↑ MOTA↑ MOTP↑ MT↑ ML↓ FN↓ FP↓ Idsw↑ Frag↑

online LP-SSVM [47] 33.74% 43.42% 70.23% 21.99% 35.05% 2083 10,730 284 736

CIWT [45] 33.93% 42.10% 71.15% 14.09% 35.05% 1149 11,821 433 851

SCEA [46] 34.66% 43.26% 71.57% 17.87% 43.64% 1144 11,752 239 491

Proposed 41.38% 43.26% 71.91% 25.77% 23.71% 2575 10,145 416 658

Table 7 Comparison of results from ablation analysis

method Kalman&ECC end-to-end training ReID head + metric loss MOTA↑ IDF1↑ FP↓ FN ↓ IDSW↓

baseline 44.60% 57.30% 1627 12,836 207

√ 45.40% 58.50% 1644 12,692 137

√ √ 51.80% 62.40% 711 11,940 122

√ √ √ 52.10% 63.50% 668 11,965 65
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of the model ReID net. This proves that the former can extract
appearance features that better represent the same target. Sub-
figure (b) shows that the inter-class similarity of the appear-
ance features extracted from the model ReID head is also

higher than that of the model ReID net. This demonstrates that
the model ReID head can provide more distinguishing target
appearance features. Sub-figure (c) shows the comparison of
the difference in similarity between the two models. Obviously,

(a) (b) (c)

Fig. 6 The comparison of the intra-class similarity, the inter-class similarity, and the difference in similarity between the two models. a The intra-class
similarity; b The inter-class similarity; c The difference in similarity

(c) (d)

(a) (b)

Fig. 7 The convergence process of the loss of the proposed model when it is trained on the kitti training set. a The detection loss of the pedestrian; b The
motion loss of the pedestrian; c The detection loss of the car; d The motion loss of the car
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themodel ReID head has a higher similarity difference. Through
the comparison of the above three sub-graphs, it can be shown
that adding ReID head to the network and training together can
improve the compatibility between the modules, and get more
effective, that is, the appearance features with higher intra-class
similarity and lower inter-class similarity.

4.7 Training loss analysis

In order to analyze the difference between different types of
data during training and understand whether the training sam-
ples from the motion prediction during the tracking simulation
training conflict with those provided in the RPN, we recorded
the loss during the training process and provided the conver-
gence process of it in the figure below. The loss calculated on
the training samples provided by the RPN in the detection
model is marked as detection loss, and the loss calculated on
the training samples from the motion prediction is marked as
motion loss.

By comparing sub-figure (a) and (b), (c) and (d) in Fig. 7, we
find that the losses from different training samples in the same

category follow almost the same convergence trend, which
shows that the two types of training samples do not conflict,
and proves that the proposed tracking simulation training is
feasible. By comparing sub-figure a and c, b and d, we find that
there are certain differences in training losses in different cate-
gories, that is, the loss of cars is smaller than that of pedestrians.
This is firstly caused by the difference in the target category
itself. For example, Intuitively, cars have a larger volume than
pedestrians and are therefore easier to identify from the back-
ground. The second is that the number of vehicles in the dataset
largely exceeds the pedestrians, resulting in more training sam-
ples of cars to update the network model.

4.8 Visualization results

Figures 8, 9, 10, and 11 provide the visual tracking results of
the proposed method on different datasets, and qualitatively
illustrate the excellent performance of the proposed method.

Figure 8 shows the tracking results of the proposed method
on the video sequence ADL-Rundle-6 of the 2DMOT2015
dataset. The pedestrian with identity 4 is occluded by other
pedestrians at frame 45 and was invisible, and his identity did

Fig. 8 The tracking result on video sequence ADL-Rundle-6 of
2DMOT2015 Fig. 9 The tracking result on video sequence MOT16–10 of MOT16
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not change when he reappeared at frame 60. It is proved that
the proposed method has high robustness to occlusion, thanks
to the appearance extraction branch fused into the main net-
work can accurately extract the appearance features with more
inter-class differences and intra-class similarity from the re-
fined bounding box.

Figure 9 shows the tracking result of the proposed method
on the video sequence MOT16–10 of the MOT16 dataset,
There is a large amount of camera motion and severe motion
blur in this video sequence. Pedestrian with identity 6 gets
increasingly close to the camera with the movement from
frame 29 to frame 89, and its size in the image is also getting
increasingly bigger. The proposed method can still accurately
locate its position. This also proves the robustness of the pro-
posed method for pedestrian motion, camera motion, and
fuzzy image, which is benefited from the preprocessing com-
bining Kalman Filter and ECC motion model and bounding
box refinement.

Figure 10 shows the tracking result of the proposedmethod
on the video sequence MOT20–03 of the MOT20 dataset.
Compared with the previous two datasets, the scene of this
video sequence is denser in terms of the number of pedes-
trians, and the lighting changes greatly in the two provided
frames. However, as can be seen from Fig. 8, the proposed
method can still accurately track targets in the scene and main-
tain accurate identity information, which proves the superior
tracking performance of the proposed method in complex
scenes and its robustness to light changes.

Figure 11 shows the tracking result of the proposedmethod
on the video sequence 0022 of the kitti test set. From the right
column of images, that is, the visual results of pedestrian
tracking, it can be seen that both pedestrians 2 and 3 with
small displacements and pedestrians 9 and 14 with large dis-
placements can be accurately tracked, indicating that the pro-
posed method can be effective Deal with the different target
moving speeds. From the left column of images, that is, in the
visual results of car tracking, car 6 can still be tracked effec-
tively even if it is blocked by pedestrians, which shows the

Fig. 10 The tracking result on video sequence MOT20–03 of MOT20

Fig. 11 The tracking result on video sequence 0022 of kitti test set
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robustness of the proposed method to occlusion. In the same
scenario, different types of targets can be accurately tracked,
which shows that the proposedmethod has good compatibility
for different types of targets.

5 Discussion

It can be seen from the experimental results in the above
section that the proposed method has the following advan-
tages: ①The designed network model can perform classi-
fication, regression, and appearance feature extraction at
the same time. In addition to the classification loss and
regression loss, the indicator loss is used to achieve
Simultaneous training of the three modules. First, it saves
the space required by the extra appearance feature extrac-
tion network. Secondly, sharing a backbone and simulta-
neous training makes the classification and regression and
the appearance feature extraction module have higher
compatibility so that the whole algorithm has better track-
ing performance. ②The proposed method uses Kalman
filter & ECC as the motion model, and simultaneously
solves the position difference caused by the target motion
and camera motion, improves the prediction accuracy, and
improves the tracking performance. ③The proposed algo-
rithm exploits tracking simulation training. That is, the
training samples are expanded by motion prediction dur-
ing the training process to solve the problem of the mis-
match of proposal bounding boxes selected during train-
ing and test, thereby further improving the tracking ability
of the algorithm.

In addition to the above advantages, the method proposed
in this paper also has the following shortcomings to be
solved:①Kalman filter&ECC can effectively improve the
tracking performance. However, it is still a linear prediction
model, and its improvement effect is limited in the case of
multi-frame loss.②The network model has more functional
modules, and more loss functions and training samples are
used during training, so it may not have a high training
efficiency.

In addition to the baseline, there are several methods sim-
ilar to the proposed method. For example, SORT [27] and
DeepSORT [28] both exploit the Kalman filter as a motion
model, and DeepSORT also applies additional networks to
provide appearance features to participate in matching.
However, the proposed method further utilizes the Kalman
filter&ECC as the motion model to simultaneously solve the
target movement and camera motion. In addition, the appear-
ance features in the proposed method come from a network
branch, which can be trained with other modules through met-
ric loss to obtain effective appearance features. The compari-
son of the tracking results with the proposed method on
MOT20 proves that the latter has better performance than

the above two methods. DAN [39] also applies an end-to-
end training method, but it only combines the association
matching during training to optimize the calculation of affinity
score. There is no appropriate processing when the target is
occluded, resulting in the number of FPs in its tracking results
far more than the proposed method. DeepMOT [40] also em-
ploys metric loss based on Tracktor [15]. Still, it does not
apply a better motion model for position prediction. No fit
candidate samples in the tracking process during training are
collected, resulting in poorer tracking performance on
MOT16 and MOT17 than the proposed method.

6 Conclusion

In this paper, we propose an algorithm based on a deep neural
network for online multi-object tracking. Our contribution is
mainly reflected in three aspects: ①In order to improve the
prediction accuracy in the tracking process, we adopted the
Kalman filter&ECC as the motion model and exploited abla-
tion experiments to prove the effectiveness of this improve-
ment. ②In order to solve the compatibility problem between
classification, regression and appearance feature extraction,
we designed a network model that aggregates multiple func-
tions and addedmetric loss to realize the simultaneous training
of the appearance extraction module and other modules. We
have proved that this design can improve tracking perfor-
mance and get more effective appearance characteristics in
ablation analysis and compatibility analysis. ③In order to
solve the problem of the mismatch between the proposal
bounding boxes during training and test, we designed a track-
ing simulation training method. By using the motion model to
predict the position and expand the training samples during
training, the training data is fitted to the actual tracking data,
thereby improving tracking performance. We also proved the
feasibility and effectiveness of this strategy in training loss
analysis and ablation analysis. In order to prove the compati-
bility of the proposed method for different types of targets, we
also conducted experiments on different types of targets in the
Kitti data set and achieved excellent tracking results.

Although the proposed method has achieved superior
tracking performance, there are still some shortcomings wor-
thy of improvement. Therefore, we provide some future de-
velopment trends and research directions. First, the current
MOT algorithm can only track a single type of target, so
tracking multiple objects of multiple categories in the same
scene simultaneously maybe the main trend of future devel-
opment. Secondly, most of the current MOT algorithms are
based on 2D bounding boxes. In some applications that need
to know the target depth information, it can not provide more
information. Therefore, 3D object tracking is also an interest-
ing research direction. Third, multi-target tracking for multiple
data sources such as radar information, point cloud
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information, or multiple camera information is also a direction
worth studying.
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