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Abstract: Object tracking is a popular problem for automatic surveillance systems as well as for the research
community. The requirement of an object tracking problem is to predict the output including the object position at the
current frame based on the input the position of the object at the previous frame. To present the comparison and
experiment of some object tracking methods based on deep learning and suggestions for improvement between them in
this paper, we had taken some important steps to conduct this research. First, we find out the studies related to deep
learning-based object tracking models. Secondly, we examined image and video data sets for verification purposes.
Thirdly, to evaluate the results obtained from existing models, we experimented with a little work related to object
tracking based on deep learning networks. Fourth, based on the implemented object tracking models, we had proposed a
combination of these methods. And finally, we summarize and give the evaluations for each object tracking model from
the results obtained. The results show that object tracking based on Siammask model has the highest results TO score of
0.961356383 on VOT dataset and 0.969301864 on UAV123 dataset, but the possibility of errors is also high. Although
the result of the combined method has few scores those are lower than the object tracking based on Siammask model,
the combined method is more stable than the object tracking based on Siammask model when TME score of
16.29691993 on VOT dataset and 10.16578548 on UAV123 dataset. The Vehicle Reldentification method results have
scores that are not too overwhelming. However, the TME score is the highest with the TME score of 11.55716097 on
the VOT dataset and 4.576163526 on the UAV123 dataset.

Index Terms: Vehicle Object Tracking, Surveillance Systems, Single-Object Tracking, Siammask, Vehicle-Reld

1. Introduction

In the field of computer vision, object tracking remains an important and challenging problem for researchers and
automated surveillance systems alike. From traditional object tracking techniques to deep learning network-based object
tracking techniques as well as benchmark datasets had updated and published in computer vision community, it has
contributed to improving the applicability of the problem of practical systems in general (abnormal detection, human
activity recognition, automated surveillance systems, ...) and of the field of computer vision in specific.

With the use of the traditional object tracking method, processing speed of model works fine in real time. However,
the accuracy is near saturation, and it is difficult to achieve superior results using only traditional object tracking
methods. Because traditional object tracking methods approach the problem based on low-level features, the details
related to each part of the object do not contain too much information, making the accuracy of the model not high.
Therefore, we have selected some deep learning network-based object tracking models with the expectation that all the
metrics of these models will outperform traditional object tracking methods. To consider object tracking problems
based on deep learning networks, we have experimented on the benchmark dataset with the specific object being the
vehicle. By using a convolutional neural network, the temporal and spatial dependencies between the pixels were
utilized, making the accuracy of the model achieve significantly superior results. However large computational volume
is an issue to consider for a real-time system.
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Fig. 1. Example for tracking object based on Siammask Model

There are a lot of studies and reviews related to object tracking problems based on deep learning network.
However, the current deep learning network-based vehicle tracking reviews are still limited, we will review and build
object tracking methods based on deep learning and Re-ldentification methods (Vehicle Re-ld, Siammask), which is
also the goal of this paper. We first research and survey deep learning-based object tracking models, the models selected
includes two methods: i) Fast Online Object Tracking and Segmentation: A Unifying Approach [1]; ii) Multi-Domain
Learning and Identity Mining for Vehicle Re-ldentification [2]. Then, build the experiments and demonstrate the
research models. From there evaluate the results and compare the experiments. The main contribution of this paper is a
review of several deep learning-based object tracking models and their enhancements based on the combination of these
methods on the vehicle-specific object to make a robust performance for tracking in vehicle domain. Specifically,
fusion of Vehicle RelD and Siammask methods are applied to improve TME score on VOT and UAV123 dataset
compared to previous approaches.

The remainder of this paper is organized into four sections; the literature review is presented in section 2. And next,
we present some object tracking methods based on deep learning models as shown in section 3. In section 4 of the paper,
we present datasets, experimental results, evaluation metrics and discussion. Finally, conclusions are explained in
section 5.

2. Literature Review

In this section, we will cite some related reviews to make the point of our article. There is a lot of research as well
as reviews [3, 4, 5, 6] related to object tracking problems. However, tracking specific object vehicle is still limited. And
to our knowledge, there are no reviews related to deep learning network-based object tracking for vehicle objects. In [7],
The authors experimented with some specific object tracking models such as Mean Shift 8, 9, 10] method, Kalman
Filter [11, 12] method, Particle Filter [13, 14] method and hybrid methods between them for vehicle objects. In their
study, they proved that their object tracking models need a more robust feature set to be able to represent the object's
information and make it more accurate although the traditional object tracking methods are easy to implement and the
computational volume is not large, detecting the link between two consecutive frames is a problem, if the feature set is
not strong enough, the link between the current frame and the next frame will lead to unexpected results. Moreover, in
their article, they also mention the use of deep learning networks to track vehicle objects in the future. Since the output
of the deep learning model provides strong features including low-level features and high-level features, we will choose
several deep learning models to experiment with in this article. By using the features that the deep learning network
model provides, we expect that the ability to recognize the object to be tracked between two consecutive frames will be
more effective than the traditional tracking methods. Therefore, we will experiment with some evaluation related to
object tracking problems based on deep learning network in this article, so we can provide a more accurate view as well
as future assessments and directions.

To carry out this review, we had surveyed several works to support experimentation, evaluation, and orientation
such as Siammask [15], Vehicle Re-id and YOLO [16] models. The choice of data set is also important as it will affect
our results. Therefore, the experimental process will be performed based on two data sets, namely VOT Challenge
Dataset and UAV123 Dataset.

The VOT challenge [17] is an annual tracker benchmarking activity organized by the VOT initiative. All
benchmark annotations were in accordance with the VOT2021 annotation process [17, 18] and were done manually
with a precisely defined and repeatable way of comparing short-term trackers and long-term trackers as well as a
common platform for discussing the evaluation and advancements made in the field of visual tracking, the bounding
box annotation are done manually with resizing of the object for each frame sequence on the video. The VOT2021
challenge was composed of four sub-challenges focusing on different tracking domains: i) VOT-ST2021 challenge
focused on short-term tracking in RGB; ii) VOT-RT2021 challenge focused on "real-time" short-term tracking in RGB;
iii) VOT-LT2021 focused on long-term tracking, namely coping with target disappearance and reappearance; iv) VOT-
RGBD2021 challenge focused on long-term tracking in RGB and depth imagery.
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Fig. 2. Some images of the VOT Challenge Dataset

Different from popular data sets such as VOT [17], OTB5 [19], most of the data in UAV123 [20] collected includes
the objects from an aerial view. The UAV123 [20] dataset contains a total of 123 video sequences and more than 110K
frames making it the second-largest object tracking dataset after ALOV300++. All sequences are fully annotated with
upright bounding boxes.

Fig. 3. Some images of the UAV123 Dataset

3. Methodology

In this section, we will present techniques related to deep learning networks as mentioned in section 2. And to
ensure that the evaluation methods give the right results when the subject is lost for too long. re-detection of the object
will be performed if the tracked object is lost after 20 frames during the construction of object tracking models.

3.1 Yolo

YOLO [16] is not only predicting labels for objects like classification problems, but it also determines the location
of objects. Thus, YOLO [16] can detect many objects with different labels in an image instead of only classifying a
single label for an image. YOLO [16] may not be the best algorithm, but it is the fastest of the class of object detection
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models. It can achieve almost real-time speed without sacrificing accuracy compared to the top models. In this research,
we need YOLO model to support Vehicle Re-1d problem.

3.2 Vehicle Re-Id

For building a connection between the frames containing the object on the same video, the model will find out the
features representing the tracked object and build a feature vector to match the detected objects (to detect if it is the
same object to be tracked or not). Since there are many topics related to Vehicle Re-1d problem [21, 22, 23], we will use
a specific method, Multi-Domain Learning and Identity Mining for Vehicle Re-Identification (MDL-IMV Re-ID) [2] in
this report. The Multi-Domain Learning and Identity Mining for Vehicle Re-ldentification [2] method was developed
based on the proposal Strong Baseline with Bag of Tricks [24] (BoT-BS) in Person RelD. The backbone of this model
is based on the ResNet101 network [25] with the last average pooling layer removed. Furthermore, to be able to collect
vehicle objects on the same frame, we used the YOLOV5 network model [16] for the process of detecting vehicle
objects as well as determining the location of vehicles. those objects (algorithm flowchart was shown in Fig. 4).

If the
detected
object
exists

If the next
frame
exists

Fig. 4. Flow chart for tracking object base on Vehicle Re-Id
Algorithm Object tracking based on Vehilce-Reld

Input: first frame and initial position of the target.
Output: position of bounding box containing target at next frames.
Initialize object position vy.
Use Vehicle Re-id to extract the feature corresponding to the target location y.
while all the frames of the video are not finishing executing do
Use YOLOvS5 to detect all vehicles in the current frame.
if the vehicles exist do
Feature extraction for each detected object.
Calculate the cosine distance between the feature of Detected
objects and the feature of the target vy.
Select candidate position z with the closest score to objective y.
Update target position y.
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Extract the feature corresponding to the y target position.
go to the next frame.
end.

3.3 Siammask

Siammask [1, 15] is an object segmentation and visual object tracking model, improved upon previous methods
SiamFC [26, 27] (so-called twin neural network) and SiamRPN [28, 29] by adding a new branch to create a binary pixel
mask. Siammask is a three-branch variant architecture (Figure 5) that uses ResNet-50 [30] as backbone, the Siammask
is using the first 4 stages of ResNet, adjust layer and depth-cross-correlation resulting in a feature map of size 1717
(create a multichannel response map).
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Fig. 5. Three-branch variant architecture of the Siammask model

Given an input image and a smaller sized image cropped from that input image, the Siammask model [15] tries to
identify that cropped image in the next frame (shown in Fig. 6).

\ 4
‘ Xes If the next
- h

frame exists

If the
candidates
exists

Fig. 6. Flow chart for tracking object base on Sammask model
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Algorithm for Object tracking based on Siammask

Input: first frame and initial position of the target.
Output: position of bounding box containing target at next frames.
Mark the initial position of the target as template z at position of y.
while all frame of video sequence is complete do
Uses CNN for feature extraction and feature fusion.
Get prediction score of target area.
Get prediction of bounding box of the target.
Segment the target location.
if the bounding box of the target is found do
Update candidate z with highest score of target area.
Update position of vy.
go to the next frame.
end.

3.4 Fusion of Vehicle Re-Id and Siammask

To minimize the problem of errors as well as increase the stability of the system when tracking objects by
Siammask model while maintaining high accuracy, we propose a combination solution of Siammask and Vehicle Re-Id.
The idea of the solution is as follows, the Siammask model is used to predict the object location and update the feature
vector of the tracking target. If the tracked object is not found by Siammask model, the system will perform a feature
match of the target by Multi-Domain Learning and Identity Mining for Vehicle Re-ldentification [2] with the detected
objects, get the best sample and update the location of the tracked object. The meaning of this proposal is to take
advantage of the advantages of the two models above to improve the performance of the object tracking model.
Furthermore, our expectation is that the weaknesses of the two models will be offset by each other when they are
combined. The object tracking algorithm is based on the combination of Siammask and Vehicle Re-lId models is show
in Fig. 7.

If the
detected
object exists

Fig. 7. Flow chart for tracking object base on combination of the Siammask and the MDL-IMV Re-ID
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Algorithm for tracking based on fusing of Siamash, Yolo and Vehicle-Reld

Input: first frame and initial position of the target.
Output: position of bounding box containing target at next frames.
Mark the initial position of the target as template z at position of y.
Uses Vehicle Re-id to extract feature that corresponding to target position y.
while all frame of video sequence is complete do
Uses CNN for feature extraction and feature fusion.
Get prediction score of target area.
Get prediction of bounding box of the target.
Segment the target location.
if bounding box of the target is found do
Update candidate z with highest score of target area.
Update position of vy.
Extract feature that corresponds to target position vy.
else
Uses YOLOv5 to detect all vehicles at current frame.
if the vehicles exist do
Extract feature for each detected object.
Calculate the cosine distance between detected object features
and the feature of target y.
Choose the candidate position z with the score closest to
target vy.
Update position of vy.
Extract feature that corresponds to target position vy.
go to the next frame.
end.

4. Experimental Results and Discussion

4.1 Dataset

In this section, we will present experimental results based on the process of study as well as building object
tracking models. To be able to test and evaluate single object (vehicle) tracking models, we had tested results of these
models on 2 datasets, VOT Challenge Dataset [17] and UAV123 [20] Dataset. The reason why we chose these 2
datasets is because in [7], we used these 2 datasets for the experimental process, so to be able to show the ability and
performance for the object tracking model based on deep learning network on the same data set, we decided to choose 2
datasets VOT chalenge and UAV123 for the experimental process as well as evaluate the experimental results. These
two datasets both have normal cases and hard cases such as the angle of the tracked object being changed a lot,
occlusion, the camera moves out of the scene with the object tracked.

In addition, there are more cases the influence of object's headlight or the outside light that changes the color of the
object of VOT dataset. And cases where the camera is far away from the object tracked or the object too small to detect
and track of UAV123 [20] dataset. For each data set used to evaluate the results of several deep learning network-based
object tracking models in this paper, we hope that the results will provide an overview of the outstanding scores as well
as weaknesses of each model. On the other hand, the model evaluation that combines two object tracking models based
on deep learning networks is not only to test and evaluate the results, but also to hope that the direction of combining
models together will bring about positive results and better performance. In the future it is possible to combine object
tracking model based on deep learning network with different methods.

# EPeee el ‘. R e
a. UAV123 dataset with most cases of bird’s eye view
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b. VOT Challenge dataset with most cases of closer view

Fig. 8. Pictures illustrating the videos of the dataset

4.2. Evaluation Metrics

Humans can recognize the location of the object to be tracked easily. However, it is a problem for an automated
system to understand that event. On the other hand, to be able to assess whether a system is working well or not, we
need to have corresponding measures in both space and time for that system.

Given an input video with n objects to track, k is the frame position of that video, i is the label containing the
object to be tracked of the actual output and j is the label that the tracking system predicts. The determination of spatial
overlap (TO) between ST and GT is defined:

Area(GTi, N STjk)
Area(GT;, U STjk)

A(GTy, STyy.) = @

During the experiment, we evaluate the models based on the following criteria:

e Correct Detected Track (CDT), also known as True Positive (TP), which means that for the model to work
properly, average sufficient spatial overlap (SSO) [7, 31] between GT (Ground-Truth Track) and ST (System
Track) Length(GT; N STj)

Length(GT;)

YR ATk, ST i) . .

(TO) =—————[7, 32 ], that means the number of intersections between ST and GT out of the total

number of occurrences of GT must satisfy a given threshold T,,,.

e False Alarm Track (FAT) or False Positive (FP), a result is said to be FAT when the average SSO [7, 31] score
Length(GT; N STj)

Length(STj)
intersections between ST and GT out of the total number of occurrences of ST (TQ) is less than threshold T, .
e  Track Detection Failure (TDF), A GT track is considered to have not been detected when the average SSO [7,

Length(GT; N ST;
Length(GT;)

number of intersections between ST and GT out of the total number of occurrences of GT (TO) is less than
threshold Tyy, .

e Track fragmentation [7] is a method used to check the continuous tracking level of an object in the tracking
system. Latency [33] (time delay) of the system track (LT) is the time gap between the time that an object
starts to be tracked by the system and the first appearance of the object.

must be more than a predefined track overlap threshold TR, and the temporal overlap

between GT and ST is less than overlap threshold TRy, i.e, < TR,y and the number of

31] score between GT and ST is less than overlap threshold TR,y , i.e,

LT = start frame of ST; — start frame of GT; 2

e Track matching error (TME) [7] is the average distance error between a system track and the GT track.

TME = YR=1 Dist(GTCy,STC i)
Length(GT; N ST})

©)

Where Dist(GTCy, STCj) is the Euclidean distance between the centroids of GT and the system track. GTC and
STC are respectively the coordinates of the center of the ground-truth track and system track.

e Track Completeness (TC) [7] is defined as the time span that the system track overlapped with GT track

N ST
divided by the total time span of GT track, i.e, TC = Ziez 06T ST )

, Where:
Number of GT;
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1if A(GTy, STjy.) > Toy

4
0if A(GTy , STy) < Toy @)

0(GTy, STy.) = {

4.3. Experimental Results

From the experimental results in table 1 and 2 as well as the comparison of analysis in table 3 of object tracking
methods based on deep learning networks, we mention that object tracking model based on deep learning network has
brought more positive results than traditional object tracking methods, making estimates for each model type based on
the empirical process will also consolidate relevant literature and hypotheses. Moreover, the purpose of this discussion
is to provide assessments, orientations as well as point out the strengths and weaknesses of some of the models that we
have built.

Table 1. The results of the experiment for VOT challenge dataset

Method The Temporal | The Temporal Sufficient Track Track Track Latency of
Overlap (for Overlap (for Spatial Fragmentation Matching Completeness The System
the case of the case of Overlap Error Track
TP) FP)
Vehicle Re- 0.475763172 0.45674837 0.358783198 98.95 11.55716097 | 0.464398604 0.238788084
Id
Siammask 0.961356383 0.93267016 0.658983168 14.9 16.35113737 | 0.892299137 0.085450688
Fusion of 0.959981677 0.931667845 0.655280043 28.65 16.29691993 | 0.887961502 0.125121895
Vehicle Re-
Id and
Siammask

Table 2. The results of the experiment for UAV123 dataset

Method The Temporal | The Temporal Sufficient Track Track Track Latency of
Overlap (for Overlap (for Spatial Fragmentation Matching Completeness The System
the case of the case of Overlap Error Track
TP) FP)

Vehicle Re-1d 0.412672997 0.403401745 0.352496506 23.45454545 4576163526 0.4043577 0.230160798
Siammask 0.969301864 0.947525334 0.716904096 15 10.68747544 0.917409012 0.276105723
Fusion of 0.962222492 0.941348253 0.720272309 2.363636364 10.16578548 0.917770435 0.295623499

Vehicle Re-Id

and
Siammask

Table 3. Comparison of vehicle tracking model pros and cons

Method Pros Cons
Vehicle Re-1d e The average distance between | e Gets complicated when there are many objects as vehicles.

ST and GT is high. e Depends on the object detection model.
Siammask e High precision e Average distance between ST and GT is not high

e Fastest speed among VOS | e Error occurs when motion is blur or not object tracked

methods.
Fusion of Vehicle | e« Minimize the chance of error of | e When the object loses track of the condition and there are many objects,
Re-Id and Siammask method. resulting in slow processing.
Siammask e High precision. e Depends on the object detection model when the Siammask model loses

track.

Based on the experimental results when building deep learning network models into the object tracking system, the
accuracy has increased significantly, typically the Siammask model with CDT 0.961356383 on the VOT dataset and
CDT 0.969301864 on the UAV123 dataset. However, the common point of object tracking methods based on deep
learning networks usually include a massive number of weights (e.g., 100 MB for Siammask, 189.1 MB for Multi-
Domain Learning and Identity Mining for Vehicle Re-ldentification), which leads to a large amount of computation and
easily slows down the program. The Vehicle Re-lId model is too dependent on the detection model (Table 3), if the
object detection model detects wrong, the system can hardly track it. For the object tracking model based on the deep
learning network to be put into practice, it is necessary to increase the computational power or combine several other
object tracking models to reduce the computational weight of the model. And although the method of combining
Siammask and Vehicle Re-Id has reduced the error of the Siammask model, but not much. Otherwise, with the precision
of Fusion of Vehicle Re-ld and Siammask method is approximately the same as that of Siammask with CDT
0.959981677 on the VOT dataset and CDT 0.962222492 on the UAV123 dataset. Depending on dataset, Fusion of
Vehicle Re-ld and Siammask method has higher indicators than Siammask such as SSO score of 0.720272309 on the
UAV123 dataset and TC score of 0.917770435 on the UAV123 dataset while Siammask has SSO score of 0.716904096
on the UAV123 dataset and TC score is 0.917409012 on the UAV123 dataset. Moreover, the error of Fusion of Vehicle
Re-1d and Siammask method is lower than that of Siammask as TME score is 16.29691993 on the VOT dataset and
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TME score is 10.16578548 on the UAV123 dataset, while Siammask's TME score is 16,35113737 on the VOT dataset
and 10.68747544 on the UAV123 dataset, respectively. Although the Fusion of Vehicle Re-Id and Siammask method
does not significantly reduce the error compared to Siammask, with this result, it is quite acceptable and meets the
requirements.

5. Conclusion

Generally, deep learning approach is a promising methodology for the state-of-the-art performance in many tasks
in computer vision. In this research, we propose a fusing scheme of deep learning approaches for object detection,
object tracking, and Re-ldentification to create a robust methodology for object tracking in vehicle domain. Specifically,
we use Siammask for object tracking, Yolo for object detection and Vehicle Re-ldentification are fused into a unified
framework. Experimentally, it is found that most of the scores of Siammask method are better than the other two
methods and Vehicle Re-l1d method has outstanding TME score. However, the combination method of Siammask and
Vehicle Re-ld gives more stable results, moreover, the possibility of error is lower for the method of combining
Siammask and Vehicle Re-Id than that of Siammask. On the other hand, when experimenting on the UAV123 dataset
with deep learning network models, most of the indicators of the Siammask method are superior to the other two
methods with the following TO measurement methods (in the case of TP) 0.969301864, TO (in case of FP)
0.947525334 and Track fragmentation 1.5. The Vehicle Re-Id method achieves the highest TME score 4.576163526.
With the results of Siammask method based on Vehicle Re-ld showed the predominance of SSO indices
0.720272309401442 and TC 0.917770434662788. Siammask combined with Vehicle Re-lId has shown more stability
than the other two methods and the low indicators are not too different from the Siammask method.

Object tracking is one of the growing research directions in the field of computer vision. However, to apply it in
practice, it is necessary to study and solve many problems such as calculation ability and accuracy. In the future,
incorporating traditional object tracking methods into deep learning network models can reduce computational costs as
well as improve system speed.
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