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ABSTRACT

The use of computer vision techniques to detect objects in images has grown in recent years. These tech-
niques are especially useful to automatically extract and analyze information from an image or a
sequence of them. One of the problems addressed by computer vision is multi-object tracking over
frames sequences. To know the path and direction of objects can be crucial for some areas like traffic con-
trol and supervision; by doing that the system can be able to reduce traffic jams or redirect vehicles over
less condensed areas. These algorithms include several aspects to have in mind in order to start a new
development or research in this area, for instance, is important to review the current state-of-the art
techniques, the hardware requirements, the main evaluation metrics, the commonly used datasets,
among others. Therefore, the objective of this research is to present a systematic literature review which
analyzes the recent works developed in the area of multi-object tracking in traffic environments. This
paper reviews the techniques, hardware, datasets, metrics, and open lines of research in this area.

© 2022 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND

SLR
Systematic literature review
Traffic environments

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

During the last years, the field of computer vision research has
suffered a big evolution and nowadays is one of the most active
areas of computer science research. Numerous researches have
emerged using and proposing novel architectures and methods in
computer vision such as, R-CNN (Region-Convolutional Neural
Network) [1], Fast R-CNN [2], Fater R-CNN [3], and YOLO (You Only
Look Once) [4]. These novel methods are in many cases developed
by big tech companies, for instance, Facebook [3,4], Microsoft [1],
Google, etc. Thus, this underlines the fact of the importance of
computer vision in the actual research overview. Many of these
researches are applied in object detection and object tracking; both
of them are extremely related since object tracking depends on
object detection.

In a simple way, object tracking can be defined as the process of
tracking an object through different frames in such a way that its
position and direction throughout the sequence is known. In this
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way the tracking task can include two main sub-tasks, the detec-
tion of objects and the identification or re-identification of objects
between the different frames. Thanks to these two tasks it is pos-
sible to obtain the exact position of the different objects in an
image and the path they have followed in the field of view repre-
sented by the images.

These research areas are extremely useful since they help to
monitor easily and rapidly open or crowded environments, for
instance, shopping centers, public buildings, squares, streets, high-
ways, etc. The task of monitoring several moving objects in a
recording becomes more challenging for a human being as the
number of objects to track grows [5]. On the contrary, computer
vision can perform detection and tracking activities over hundreds
of elements with excellent results. This is the field of multi-object
tracking.

Nonetheless, it is not as easy as it sounds. On the one hand,
detections techniques have to identify where an object is and what
object it is. In order to do that, the techniques have to determine
the background of the objects and deal with the different poses,
colors, etc. On the other hand, tracking algorithms deal with more
problems, for instance, identify new objects, reidentify lost objects,
occlusion, background clutter, and pose changes.

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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As we briefly mentioned one of the areas where detection and
tracking techniques are used is in the traffic environments. For
many companies and especially city councils it is crucial to know
how vehicles users operate on the road. This information is useful
to detect dangerous activities on the road, to facilitate the traffic
flow in an intersection or crowded roads, among other uses. Never-
theless, all the problems mentioned in the previous paragraph
have to be taken into account. Moreover, the tracking system
may have to consider the information and data obtained with other
sensors or cameras located or not in the same place.

As we can see the systems that implement detection and track-
ing technologies are extremely useful for humanity and at the
same time its complexity is enormous. However, there is no recent
systematic review that addresses these systems in the domain of
traffic environments to analyse the current state of the art and
facilitate research in this field. Therefore, we consider that is
important to review recent articles in the field of multi-object
tracking applied to traffic environments to properly know the most
used and novel techniques, the different types of datasets, the
hardware used in the different studies, the evaluation metrics
commonly used and the open lines of research of the shape of
things to come. Consequently, we performed a SLR (Systematic Lit-
erature Review).

The rest of the article is structured as follows: Section 2 explains
the methodology and the review planning implemented for this
SLR; Section 3 answers the research questions of the SLR; in Sec-
tion 4 we discuss the more relevant aspects of Section 3; and
finally, Section 5 points out the conclusions and future lines of
research.

2. Methodology and review process

For the development of this Systematic Literature Review we
have followed the guidelines of Kitchenham and Charters in [6].
To guarantee that there are no other similar state-of-the-art
reviews published in the recent past, we perform a search in the
most important scientific articles databases. The search was per-
formed in databases such as IEEE Xplore, Web of Science, Springer-
Link, ACM Digital Library or Scopus within the terms ”slr”,
“review”, "survey”, "state of the art”, "mot”, "multi-object track-
ing”, "traffic”, ... After performing the searches, we confirmed that
there are not review concerning the research area of this article;
hence, this outcome justifies the development of this work.

Therefore, and following the proposed methodology, we must
start with the review process. In the following subsections we
show the most relevant points or issues of the review process. It
is important to note that not all of them are included, only those
that we consider most important to illustrate the process.

2.1. Research questions

The research questions define the outcomes of the study; they
establish what we want to survey with this Systematic Literature
Review. The research questions of this study are related with
MOT (Multi-Object Tracking) in traffic environments. The ques-
tions are as follows:

e RQ1: Which are the main techniques for Multi-Object Tracking
in traffic environments?

e RQ2: Which are the devices used for Multi-Object Tracking in
traffic environments?

e RQ3: Which are the main datasets for Multi-Object Tracking in
traffic environments?

e RQ4: Which are the evaluation metrics for Multi-Object Track-
ing in traffic environments?
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¢ RQ5: What are the main open lines of research or issues in this
domain?

2.2. Search strategy

Another important issue to consider when designing the review
process is the search strategy. The search strategy involves the
databases that are going to be used as well as the concepts which
are going to be used in the search queries. Hence, the concepts are
going to form a query which is going to be consulted in every one
of the databases selected for the study.

On the one hand, the current study makes use of four databases:
IEEE Xplore, Web of Science, SpringerLink, and Scopus. These data-
bases are commonly used to publish relevant articles in the topic’s
research area. Also, the advance query options are very similar
between them; this helped us to form the queries.

On the other hand, the concepts used are the following ones:

e The term "multi-object tracking” or "multi object tracking” or
"MOT” or "multi-target tracking” or "multi target tracking” to
search for papers that study the multi-object tracking problem
in computer vision.

e The term "traffic” to delimitate the study to those articles that
develop a MOT technique in a traffic environment.

e The term "urban” or "environment” or "vehicle” or "city” or
"road” or "lane” or "motorway” to refer to the context of "traffic”
environments.

Once the whole process has been defined, the systematic review
process can begin. This process is summarised in 1.

Next, it is possible to begin to answer the research questions
mentioned previously.

3. Results

The area of computer vision research has different sub-areas
that have or have had great relevance over the years. Perhaps the
first major achievement of computer vision was image classifica-
tion [7]. The classification of images consists of identifying the
object or objects that appear in the image, in this way the output
of the process will be the object that appears in the image or if it
is a multi-label classification, the objects that appear in the image.
However, image classification is only able to predict which ele-
ments are present in the image and not where they are, hence
the existence of object detection techniques. These techniques
detect the exact position of objects in an image and are capable
of detecting an infinite number of object types as long as they have
been considered during the training process.

Object detection techniques have been a great revolution in the
area of computer vision and are one of the fundamental pillars
used in image tracking techniques and therefore in MOT. MOT
can be defined as the task of locating various entities or objects
by associating an identifier with them and tracking their trajectory
through the different frames of a given video or sequence of frames
as input. Hence, in this section we are going to go deeper into the
studies carried out in MOT by answering the questions mentioned
in Section 2.1.

3.1. Which are the main techniques for Multi-Object Tracking in traffic
environments?

To answer this question, we believe that is better to introduce
the problem formulation of MOT tasks. MOT can be seen as a
sequence of images in which algorithms obtain different observa-
tions of objects that have to match with the states of these objects
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Fig. 1. Review process using the PRISMA 2020 flow diagram.

in the different frames of the sequence. In other words, the MOT
algorithm has to obtain the different states (trace) of the objects
in the different images but relating the same object over the differ-
ent images.

In general terms, the MOT problem can be applied in two differ-
ent situations. These situations depend on the number of cameras
that we use for the study. Therefore, we can have MOT with a
single-camera view or MOT with a multi-camera view. The second
approach is more difficult than the first one because multi-camera
view MOT has to deal with problems with overlapping and non-
overlapping cameras, the tracking of objects over different views,
and topology calculation among other problems. The selected
papers of the study address a solution with a single-camera view.

However, it is not the only classification of MOT problems. For
instance, depending on the initialization method there are
Detection-Based Tracking (DBT) algorithms or Detection-Free
Tracking (DFT) algorithms [8]. The first type uses detection algo-
rithms to discover the objects in each of the frames. On the other
hand, DFT algorithms require manual selection of the objects in
the first frame; afterward, the algorithms identify those objects
in the subsequent frames. DBT is much richer in output terms since
it can detect new objects in the frames sequence. Another classifi-
cation of MOT approach is to take into account how the algorithms
use the information while processing. Hence, it is possible to
observe online or offline tracking [8]; online tracking uses only
the actual or past frames to idnetify or re-identify the detectec
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objects (real-time processing), and offline tracking can use all the
sequence of frames, past, present, and future frames (posterior
processing).

Nonetheless, something that all the different classifications in
the scientific literature [8] have in common is the structure of a
MOT algorithm. This structure is illustrated in Fig. 2. Every MOT
process starts with a video or a sequence of frames. First, a detec-
tion algorithm detects the objects in the different frames; usually,
it returns a bounding box per each object detection. The objects
detected are related to the detector of the MOT, that is to say, if
the MOT aims to track cars, the object detector will identify cars.
Second, those detections are analyzed by the tracking algorithm;
this phase usually extracts the features to search an affinity with
previous frames detected objects (in the case of online processing)
and/or with previous or later frames detected objects (in the case
of offline processing) in an identification sub-task and associated
those identifications over the different frames to comfort the
objects paths. This affinity search leads to the association of exist-
ing and new objects between frames; in other words, it returns the
track of the objects. It is important to clarify that these two MOT
processes can be performed separately, first the detection of all
frames and then the tracking of all frames (offline processing), or
these tasks can be performed repeatedly for each frame (online
processing). However, in recent years, research is being carried
out on simultaneous detection and tracking for each of the frames
[9-12]. We will explain these novel techniques in 3.1.3.
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Tracking association sub-task

Fig. 2. MOT process’ structure.

Now that the main structure of MOT systems is clear let’s anal-
yse the different methods and/or techniques used in MOT in urban
environments. We will analyse the techniques used for the detec-
tion task and afterward the methods used in the tracking part. The
resume is available in Fig. 3.

3.1.1. Detection techniques

As we previously explained detection aims to detect the objects
of interest in the different frames. DBT systems have to locate all
the objects and DFT system only those selected in the first frame.
However, both types use the same set of techniques to detect the
objects. Our research is focused on urban environments, so the dif-
ferent studies include in this SLR try to identify cars, trucks, motor-
bikes, vans, cyclists, pedestrians, etc.

The current state of the art techniques for object detection in
images is based on Convolutional Neural Networks (CNNs). They
are a subtype of artificial neural networks (NNs) and they are
applied to different research domains. They are based on convolu-
tional kernels or filters with weights that slide over the input fea-
tures to provide feature maps. These feature maps allow to identify
borders and detect where an object can be. Hence, CNNs offer the
final detections of the studied objects.

It is well known that there are several architectures of CNN;
however, the most famous one is probably the YOLO algorithm
[4]. The performance of this technique is outstanding, and it
requires fewer resources than other CNN methods, such us, Faster
R-CNN, Fast R-CNN, . . .Especially version number three (YOLOvV3) is
used in these types of studies for the detection task. This can be
seen in [13-18]. Furthermore, Zhang et al. [19] propose to use
YOLOv3 along a PointRCNN (Region based Convolutional Neural
Network) to detect objects with higher accuracy.

Nonetheless, other kinds of CNNs are commonly used in this
type of problem. For instance, R-FCN (Region-based Fully Convolu-

46

tional Network) is another architecture usually used for object
detection [20]. Ooi et al. [21] use this type of CNN to obtain the
detections of urban vehicles in their study. Other researchers
applied R-FCN along with a non-CNN solution such as background
removal [22]; they combined the two techniques to increase the
efficiency of the detection task. Also, another powerful CNN is Fas-
ter R-CNN; it has been used by Yu et al. [23] and Liu et al. [24]. Fas-
ter R-CNN is one of the most powerful architectures for object
detection however it usually requires high-efficiency resources.
The resources will increase if you use three Faster R-CNN along
with Inception-ResNet-v2 as Gunduz and Acarman [25] did or with
a two-stage Faster R-CNN [26].

Moreover, we observe that other kind of CNNs are used for this
task, for instance, DenseNet [27], ResNeXt101 [28], MobileNetV3
[29], RetinaNet [30], Bi-LSTM (Long Short-Term Memory, this is a
Recurrent Neural Netowrk (RNN) not a CNN) [31], and CMNet
(Connect-and-Merge convolutional neural network) [32].

On the other hand, another interesting technique used is back-
ground removal. We have observed several studies that use this
technique to detect objects in a scene. A key example is [33]| which
uses ViBe background removal for the detection task. Ooi et al. [34]
use the IMOT background removal along with PAWCS (Pixel-based
Adaptive Word Consensus Segmenter) to polish the object detec-
tion. Chandrasekar and Geetha [35] use a fast multi-object tracking
method wusing the Three-Frame Differencing Combined-
Background Subtraction (TFDCBS)-coupled-automatic and a fast
Histogram-Entropy-Based Thresholding (HEBT) method together
with GMPFM-GMPHD filters and a VGG16-LSTM classifier. This last
case also uses a CNN as previously explained, however, the back-
ground removal technique slightly increases the performance.

Finally, we observe two more used techniques to detect vehicles
in a scene, Hidden Markov Models (HMM) [36] and PONO (POsition
NOrmalization) [31]. It is important to mention that this last tech-
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Fig. 3. MOT techniques.

nique is combined with the previously mentioned Bi-LSTM. There-
fore, this technique will focus on the recent features of the objects
to detect them.

3.1.2. Tracking techniques

As we previously explained tracking techniques aim to related
detections in different frames which belong to the same object.
Online tracking will only take into account the previous detections,
but offline detection will take into account all detections over all
the frames. In this subsubsection, we will describe the techniques
used in the included papers of this literature review.

The most used method among the included works is Intersec-
tion over Union (IoU) tracker. This method can detect when two
detections in different frames are related by only taking into
account the previous information. It is based on a identification
hypothesis and relay on the associations made in the previous iter-
ations. As we can see in these studies [27,19,28,25] is commonly
used as a tracking method. It is interesting to point out the study
developed by Hua and Anastasiu [13]; they develop the history-
based IoU (HIoU). HloU increases the effectiveness of IoU since it
can make a relation with objects that have not been detected
due to occlusion. Liang et al. [16] also increase the efficiency of
the single IoU method by combining a multi-feature tracking algo-
rithm based on a KCF (Kernel Correlation Filter). This last method
can be used to track objects; for instance, the study developed by
Yang et al. [37] used a KCF as their tracking algorithm.

Moreover, there is another commonly used method in tracking
tasks according to the included articles, is the Kalman filter [38]. As
we may know the Kalman filter can estimate the future state
according to the previous features. It is used in [36,39,32,17,40].
Furthermore, the Hungarian algorithm is widely used in this type
of studies as we can see in [34,22]. It is even used in combination
with the Kalman filter [21] to increase metrics. However, this is not
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the only combination of the Kalman filter with the Hungarian algo-
rithm; Wang and Liu [18] combined both of them along with IoU.

Other tracker algorithms used in the literature are the SORT
(Simple, Online, and RealTime) [41] and DeepSORT [42]. However,
the SORT algorithm is just the above combination of the Kalman
filter and the Hungarian algorithm. Hence, the study developed
by Federov et al. [26] also uses this tracker method. On the other
hand, DeepSORT adds a pre-trained neural net to obtain objects
features that can be used to associate the same objects over differ-
ent frames as the following studies had demonstrated
[24,43,29,30].

Another technique is the Field Of View (FOV). Two included
research used this technique as their tracking algorithm [44,45].
This technique delimits an area inside the image and that area is
also divided into smaller areas, depending on the enter and exit
zone of that area and subareas, the algorithm can track the direc-
tion of the detected objects. It is a very basic technique, but it is
useful in road intersections and/or when you do not need to know
the exact position of the detected elements, but you need to know
the enter and exit zone.

Moreover, there are solutions based on NNs like Siamese Net-
work [14] and Bi-LSTM [31] networks. Another solution is to use
graph solutions to track objects between the frames, for instance,
Tian et al. [46] use the Join Domain Information (JDI) along with
a graph-based solution, and Wen et al. [47] use a Space-Time-
View (STV) hyper-graph. Other researchers have used the Markov
decision process [48], trajectory clustering [49], and even brute
force [33].

3.1.3. Simultaneous techniques

Recent studies in the field of MOT focus on performing detec-
tion and tracking tasks simultaneously (also known as join tech-
niques) to avoid some of the problems present in this field (see
3.5) and to perform near real-time tracking, thus decreasing the
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processing time and making the response faster for users. Some of
the most relevant studies and their techniques are explained
below.

Zhou et al. [9] have developed a simultaneous MOT process
based on point-based tracking. Their process is online and is based
on using the centroid of the detections together with a small offset
to associate the different detections across the different frames.
Furthermore, their detection process is based on the previous
frames to improve the results. However, their technique does not
take into account when an object reappears in the image as it is
assigned a new identifier.

Other researchers, Wang et al. [10], propose that the detection
and creation of embeddings should be done simultaneously and
shared. In this way, this model can perform these two tasks
together to utilize that information with a fast association method
that results in the tracking of objects in near real-time. The results
obtained by this technique are therefore faster and with similar
metrics to the state-of-the-art models.

Wu et al. [11] propose a similar solution to the one already
explained in [9]. They make use of tracking offset to improve
detection based on the characteristics of the previous frames and
detections. They also propose to merge the detection and tracking
tasks. Similarly, FairMOT, proposed by Zhang et al. [12], makes use
of these strategies in combination with CenterNet and re-ID tech-
niques to obtain the tracks of different objects.

Peng et al. [50] have succeeded in developing a solution that
integrates object detection, feature extraction, and data association
into a single solution called Chained-Tracker. This solution stands
out because it outperforms current solutions in terms of metrics.

The Technical University of Munich, however, proposes a quite
different MOT system [51]. They propose a system that has not
been trained with tracking data and predicts the next state of the
objects based on the detections of the current frame. The solution
has proven to be effective in simple tracking environments.

3.2. Which are the devices used for Multi-Object Tracking in traffic
environments?

As we have seen in the previous subsection, many of the tech-
niques required high resources to compute and process the data.
MOT datasets are commonly composed of video captures which
imply high volumes of data that have to be stored and process to
train the model. However, we will discuss the different datasets
and their characteristics in the next subsection. Nonetheless, these
volumes of data are related to the high computing resources
needed to resolve MOT problems.

The first important aspect to handle this data is to have an
enought amount of RAM that can load the data and process it in
real-time while training and configuring the different models. This
feature is quite related at the same time with the techniques used
for the MOT task. In other words, if the model or technique
requires much RAM the task will require much RAM.

During the review process we have observed that most of the
studies evaluated mentioned that they had at least 16 GB of RAM
[13,36,44,45,49], 32 GB of RAM [31,23,29,48,26], 64 GB of RAM
[17], or 128 GB of RAM [47,28]. Devices with 64 or 128 GB of
RAM are probably servers’ devices; the use of servers is commonly
used by computer science researchers to train and evaluate their
models and architectures. Another interesting point is that servers
usually have more computational resources to deal with computer
vision tasks among others. On the other hand, we have noticed that
other studies used less RAM, such us, [33] that used 4 GB, [39,46]
that used 8 GB, or [35] with 14 GB of RAM.

Furthermore, another important issue to be taken into account
when confronting MOT is the frequency of the computer processor.
The frequency defines the total number of times that the processor
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can be activated per second. Hence, as higher the value as higher
the frequency. This feature has relevant importance especially
when the processor has to make many operations when training
the model. As a result, this characteristic can help to reduce the
training and testing tasks; an important issue when addressing
problems with a huge amount of data.

We have decided to show the different frequencies in several
intervals. Hence, it will be easier to analyse the different options.
There is only one study [33] included in the interval [0, 2) GHz, 6
studies [36,2,2,2,2,?] in the interval [2, 2.5) GHz, 4 studies
[13,28,47,25] belong to the interval [2.5, 3) GHz, 4 studies
[15,23,16,26] included in the interval [3, 3.5), 5 studies
[35,31,49,39,46] in [3.5, 4), and 2 studies [37,48] included in [4,
+oo]. This information is also illustrated in Fig. 4.

Another important component that usually helps to develop
and train computer vision models is the use of a GPU. GPU comput-
ing significantly increases the velocity of the computing process; to
do that, the code has to be prepared for GPU computing. Of course,
there are differences between different GPUs in performance and
memory. However, for this type of problem is necessary to have
GPUs with high memory.

During our review process, we have observed that not all the
scientific articles made use of GPU during MOT. From the total
35 papers included only 12 [13,15,28,31,23,24,16,29,30,17,48,26]
mentioned that they have made use of a GPU (see Fig. 5).

This analysis of some of the components used in the studies
together with the techniques explained in Section 3.1 allows us
to establish which of the systems presented in the reviewed arti-
cles are intended to be deployed in cloud computing architectures
or in edge computing architectures. Thus, the following articles are
clearly focused on the edge paradigm
[13,36,14,44,33,35,15,45,49,39,37,16,46]; while these other
researches focus on cloud services [28,31,23,29,30,17,47,48,26].

3.3. Which are the main datasets for Multi-Object Tracking in traffic
environments?

One of the key aspects of every computer science research are
the reference datasets in the area for testing and evaluating their
proposed models. Hence, MOT algorithms relay their effectiveness
not only in the selected model or algorithm but also in the dataset
used for training and testing. The datasets are a crucial part of the
development of a system; they allow researchers to compare the
effectiveness of their proposed models against the effectiveness
of previous models with the same data.

Consequently, there are several well-known datasets used for
MOT studies. These datasets usually allow performing detection
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Fig. 5. GPU’s use between the included articles.

and tracking activities with several videos recording. Some of the
most important datasets are: MOT15 [52], MOT16 [53], MOT20
[54], BU-TIV [55], TUD [56] and PETS2009 [57]. However, only
MOT16 and BU-TIV are partially prepared for MOT in traffic envi-
ronments; they have some sequences of videos in which the data-
sets are prepper for vehicles detection and tracking. Therefore,
these datasets may not be the ideals for performing a MOT in traffic
environments.

Nevertheless, the research community has released two MOT
datasets oriented to vehicles identification. These datasets are
the following: Urban Tracker [58], Ko-PER [59], UAVDT [23], Al City
2020 [60], KITTI-T [61], nuScenes [62], Waymo [63], and UA-
DETRAC [64]. Usually, these last two datasets are the most used
in studies involving vehicle tracking. We have summarized the
most important features of the mentioned datasets in Table 1.

The studies included in the review use the following datasets,
KITTI-T, UAVDT, Ko-PER, UA-DETRAC, MOT16, Urban Tracker,
nuScenes, and Al City 2020. Fig. 6 shows the use of the different
datasets in percentages.

3.4. Which are the evaluation metrics for Multi-Object Tracking in
traffic environments?

Currently, the best way to evaluate an Artificial Intelligence (Al)
system is to use a metric that illustrates to us how much efficiency
and precision the system has. Nevertheless, depending on the type
of system we are developing and the type of problem we are plan-
ning to resolve, we must pay attention to different evaluation met-
rics. Consequently, the selection of the correct metric is not a trivial

Table 1
Datasets’ summary in traffic environments.
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Datasets used by the included articles

= KITTI-T

= UAVDT

= Ko-PER
UA-DETRAC

= MOT16

= Urban Tracker

= Al City 2020

Fig. 6. Datasets used by the included articles.

question. In this subsection, we what to know the evaluation met-
rics commonly used for MOT systems.

During the review process of this article, we had found many
papers that do not make use of any evaluation metric
[44,30,18,26]; this is not ideal, since every Al system must be eval-
uated and even compared to other similar solutions to completely
check its performance. Another, issue that we had observed is that
many researchers use variables, such as, running time or memory
use to evaluate the system; these metrics can be used to measure
the effectiveness of a model, they only measure how efficient the
model is in terms of time and memory. However, we cannot forget
these variables, especially when we are implementing a system in
a real environment with limited resources.

On the contrary, many research articles make use of evaluation
metrics that are not appropriate for MOT problems. These metrics
are accuracy or mAP (mean Average Precision) among others.
These variables can be useful for the detection sub-task but, they
are not for the general MOT task.

Nonetheless, the vast majority of works use other metrics espe-
cially designed for MOT systems. They are divided into three main
groups explained in detail below:

o VACE metrics: they were proposed by Wu and Nevatia [65] and
they measure different types of errors in MOT algorithms. The
most relevant VACE metrics are the following ones:

- FP: the total number of False Positives in the whole video.
FPs are determined by the ground-truth bounding boxes that
cannot be associated with any hypothesis.

Dataset Year  Properties Training set Testing set
Task Objects lllumination  Occlusion  Frames  Tracks Boxes Frames Tracks Boxes
MOT16 2016 Tracking Pedestrians, vehicles %4 %4 5.3k 467 110k 5.9k 742 182k
BU-TIV 2014 Tracking Pedestrians, vehicles - - - - 6556 - -
KITTI-T 2014 Tracking Vehicles - I 8k - - 11k - -
UA-DETRAC 2015  Detection, tracking Vehicles v v 84k 5.9k 578k 56k 2.3k 632k
Urban Tracker 2014  Detection, tracking Vehicles 1% %4 8.1k - - 8.1k - -
Ko-PER 2014 Tracking Vehicles - - - - - - - -
UAVDT 2016  Detection, tracking Vehicles v 70k - - 70k - -
nuSccenes 2019  Detection, tracking Pedestrians, vehicles %4 40k - 1.4M 40k - 1.4M
Waymo 2019  Detection, tracking  Pedestrian, vehicles, signs I 390k - 12.6M 390k - 12.6M
Al City 2020 2020 Tracking Vehicles I I 190k 1.3k - 190k 1.3k -
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- FN: the total number of False Negatives in the whole video.
The FNs correspond to those hypotheses that cannot be
related to any real bounding box.

- MT trajectories: Mostly Tracked trajectories, number of
ground-truth trajectories that are correctly tracked in at
least 80% of the video’s frames.

- Fragments: total number of trajectory hypothesis that
covers at most 80% of the video’s frames. One same trajec-
tory can be covered by more than one fragment.

- ML trajectories: Mostly Lost trajectories, number of
ground-truth trajectories that are correctly tracked in less
than 20% of the video’s frames.

- False trajectories: predicted trajectories that do not cover
the trajectory of a trackable object.

- ID switches: number of times that an object is correctly
detected but, the ID has been reasigned incorrectly.

e CLEAR metrics: they were developed for the Classification of
Events, Activities, and Relationships (CLEAR) workshops orga-
nized in 2006 and 2007 [66]. These metrics are based on some
VACE metrics such as FP, FN, Fragments, and ID switches
(IDSW). Nonetheless, to obtain CLEAR metrics we must take into
account another metric, IoU (Intersection over Union). IoU helps
us to determine when an element and a prediction are related
or not. That is to say, if an object o; and the hypothesis h; are
matched in the frame t-1 and on frame ¢ the
IoU(0;, h;) >= 0.5 then o; and h; are matched in frame t, even
if there is another hypothesis h; in  which
IoU(0;, h;) < IoU(o;, hj). This process continues for every remain-
ing object and hypothesis. Hence, taking that into account and
the definitions of the mentioned VACE metrics, the definition
of the CLEAR metrics are the followings:

- MOTA: the Multiple Object Tracking Accuracy measures
the accuracy in a MOT algorithm. It can be calculated follow-
ing Eq. 1.

(EN + FP + IDSW)
GT

where GT represents the number of ground truth boxes.
- MOTP: the Multiple Object Tracking Precision measures
the precision in a MOT algorithm. It is calculated by Eq. 2.
One important issue about this metric is that it is more
focused on the detection’s quality than on the tracking task.

S dy
(2)

>

t

MOTA =1 - € (=00, 1]

(1)

MOTP =

where ¢; is the number of matches in frame ¢, and dt,i) is the
bounding box that overlaps the hypothesis i.

ID Scores: they were proposed as a complement to CLEAR met-
rics [67]. They aim to reward those trackers that can follow the
same object without ID switches for the longest time. As a con-
sequence, ID scores are obtained differently; they construct a
bipartite graph with two different types of vertices. Afterward,
considering the connections between the vertices [67] we can
obtain True Positive ID (IDTP), True Negative ID (IDTN), False
Positive ID (IDFP), and False Negative ID (IDFN). These metrics
allow to calculate of the followings ID scores:

- Identification precision (IDP): is obtained in Eq. 3.

IDPT
IDP = 157p + IDFP (3)
- Identification recall (IDR): is the result of Eq. 4.

IDPT
IDR = 51p + IDEN ()
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- Identification F1 (IDF1): is obtained following Eq. 5.

2IDPT
IDF1 = 5157 + IDFP + IDFN (3)

Along with the articles studied for this review, we observe that
there are some of these metrics that are more frequently used than
others. For instance, CLEAR metrics are the most used ones; they
are used in 29 of the 35 studies [13,36,27,14,19,33,68,35,15,28,31,
23,39,34,37,24,22,43,16,69,29,46,32,17,21,47,48,25,40]. They are
followed by the VACE metric with a total of 20
[13,36,27,14,19,68,35,15,45,28,31,23,39,37,43,69,29,46,25,40] and
by the ID Scores metrics with only 2 studies [14,23]. In Fig. 7 we
can observe the combination of the metrics used in the different
papers.

3.5. What are the main open lines of research or issues in this domain?

Recent advances in the area of computer vision have intensified
work in this area and have therefore led to the emergence of new
challenges and lines of research. We can see that from the open
lines of research mentioned by the included papers.

Hence, one of the most mentioned open lines is to upgrade the
tracking technique to handle errors in tracking tasks [36]. Nonethe-
less, these types of errors not only may be related to the tracking
technique but also to the detection techniques and errors that occur
while detection is performed [13,33,31]. Moreover, this detection
errors may occur by other reasons, for instance, light conditions
[30], objects occlusion [44], reflections and shadows [14,15], etc.

Further, occlusion is one of the mains problems that researchers
in MOT must deal with. Occlusion can happen when a tracked
object is hidden by another tracked one/s or when it is behind
something else. Therefore, while one or both situations happened
the tracked object is lost. The tracking algorithm must take that
into account to handle when the object appears again. This task
is called reidentification and it is also one of the open lines of
research in several studies [27,31,37,26]. As we can see this task
is extremely related to the improvement of the tracking technique
mentioned before. To have a good occlusion and reidentification
technique is crucial for a good performance of MOT, especially in
open spaces.

Some researchers [46] proposed to use deep future, spatiotempo-
ral features, and pose information that may help with the reidentifi-
cation task. In general terms, the use of deep learning to recognize
objects previously seen may help to resolve this problem.

On the other hand, others think that occlusion can be handle
with more views [47,44] (Multi Camera Multi Target Tracking,
MCMTT). In other words, they aim to use more cameras to decrease
occlusion. However, this approach may lead to other problems, and
it is harder to resolve in computational terms. It is important to
avoid tracking or counting the same objects over the different
views. Also, there is a big difference if the views are from the same
area or if they are over different spots. So, in this last case, it is also
important to consider the reidentification task.

Finally, Zhang et al. [19] propose a 3D multitarget tracking as
future research; this propose can be interesting to increase the effi-
ciency and probably to decrease occlusion. It can be performed by
forming 3D images from 2D images or by using other kinds of sen-
sors, such as Lidars and/or others.

4. Discussion

From the previous section, we can extract some outcomes that
make us understand better how research on MOT is doing. In this
section, we will discuss the more relevant aspects concerning the
research questions previously answered.
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Metrics combination and number of articles
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Fig. 7. Metrics combination and number of articles.

When we observe the techniques used in the included papers,
we see that the most used method for object detection is the use
of deep learning techniques based on CNN. As we mentioned
before, CNNs shape the state of the art for object detection in
images, therefore, is easy to understand why most of the study
use this technique. In general terms, CNNs architectures will detect
better relevant objects in the different frames. However, this tech-
nique requires more computational cost than other alternatives. In
consequence, some researchers decided to use less powerful tech-
niques such as background removal to detect objects. Nevertheless,
this technique also has a negative outcome, it is unable to detect
non-moving objects. Consequently, the detection and tracking
results decrease slightly.

Also, it is important to mention that almost all the tracking
techniques can find the associations between objects of the differ-
ent frames; however, their effectiveness depends on the results of
the detection and identification task. That is to say that the accu-
racy and precision obtained from a MOT algorithm are mostly
based on the decision of the detection algorithm and the identifica-
tion algorithm. Consequently, when developing one of these sys-
tems, the selection of the detection techniques is crucial for the
whole process.

Another interesting aspect to have in mind, when we are select-
ing the MOT'’s algorithms, is the hardware resources that we have
to develop the project. It is obvious that if we are going to work
with videos and images is important to have enought amount of
RAM to infer the models, especially if we are using NNs. Therefore,
the selection of the algorithm also depends on the RAM and other
factors such as the frequency of the computer processor. A GPU can
highly increase the training time and the real-time processing. This
feature can be clearly understood when you realize that the articles
that used GPU also made use of CNNs.

In the previous section, we have explained the different data-
sets available and used for MOT in vehicle traffic environments.
We have seen that KITTI-T is the most used followed by the UA-
DETRAC dataset. These two datasets are probably the most com-
plete ones and offer videos from different perspectives and areas
which is useful to train a MOT algorithm under several circum-
stances. However, the selection of the dataset also depends on
where are you going to deploy the system. For instance, the Ko-
PER dataset is specially designed for intersections while the UAVDT
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is recorded from an Unmanned Aerial Vehicle (UAV). Hence, this
dataset will be useful if, for instance, you are planning to control
the traffic from a drone or other UAV perspective.

Besides, another interesting research question was which met-
rics are commonly used when resolving a MOT task in traffic envi-
ronments. WE have seen that we have three different types of
metrics, VACE metrics, CLEAR metrics, and ID Scores. However,
when we analyze the use of these metrics in the included articles,
we observe that the most used one is the CLEAR metrics. As we
mentioned CLEAR metrics are composed of MOTA and MOTP; accu-
racy and precision are commonly used metrics in classification
problems, therefore, it is normal to have and use similar metrics
for the tracking problem. Nonetheless, we must not forget that to
obtain CLEAR metrics we also need to calculate some VACE met-
rics. In other words, when we use CLEAR metrics, we also use VACE
metrics even if we do not show those metrics in the results section.
On the other hand, ID Scores metrics seem not to be too useful for
researchers in MOT as the previous metrics are. From our point of
view, we consider that the use of CLEAR metrics is the most useful
one since it allows you to compare your research with others by
using a common metric. Also, CLEAR metrics are easier to under-
stand than ID Scores, since accuracy and precision are terms
well-known by the computer science community.

Finally, we must address the open lines and future research in
the MOT field. We have seen that MOT in traffic environments
state of the art still has some open lines of research. It is crucial
to find a good performing algorithm that can handle occlusion
and reidentification under different conditions, such as, raining
and non-raining, day and night, extreme light conditions, etc.
Moreover, some researchers have already proposed some future
solutions like multi-view; nevertheless, this approach still has to
improve a lot to obtain results that can compete with the single-
view solutions. To do that is important to reidentify objects in
the different views.

Before finishing this section, we would like to mention that
MOT is not only applied in traffic environments for vehicle track-
ing, traffic condition monitoring at intersections or roads, etc.; it
is a technique that can be used in other domains, one of the most
studied is MOT on citizens or pedestrians in public spaces; the first
MOT studies were applied to this field of study. Although the case
studies are different, the techniques used for the detection and
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tracking of citizens are practically identical; likewise, the hardware
components used to generate this type of model and algorithm are
very similar. The metrics used are the same and CLEAR metrics are
almost certainly the most widely used in this area of study as well.
As for the datasets, there are specific datasets such as [70,71]
although some of the datasets mentioned in 1 can also be used
for the pedestrian MOT. The problems encountered are very simi-
lar, but depending on the environment or scenario where the MOT
is developed, it will be easier or more difficult to deal with prob-
lems such as occlusion.

Therefore, we can conclude the discussion by saying that MOT
in traffic environments still has some aspects to improve and that
the work developed by the science community conforms to the
state of the art in MOT techniques. Also, we can see that this is a
trendy line of research due to the number of research articles
developed in recent years and the new datasets that are actualized
almost every year to cover new circumstances and to improve the
algorithms.

5. Conclusions

A SLR has been carried out in the domain of multi-object track-
ing in traffic environments. The SLR has been done following the
guidelines of Kitchenham and Charters in [6]. The review is focused
on the understanding of the MOT problem and the different subar-
eas of this task.

The research covers the techniques used in MOT in traffic envi-
ronments and explains the main structure of this kind of system.
We focus our explanation on the two main tasks of a MOT, detec-
tion, and tracking. We explained that the most used technique for
detection is based on CNNs architectures and that the effectiveness
of the several techniques available for tracking is based on the
detection and identifiaction outcome. Moreover, we make a dis-
tinction between different types of MOTSs.

Afterward, we evaluate the hardware used in the included
papers to perform research in the MOT area. These types of
research usually imply processing big datasets and training big
and complex models. We study and resume the RAM, the fre-
quency of the computer processor, and the use or not of a GPU.

Another issue addressed is the different datasets available and
used by the scientific community. We have shown the features of
some of the most relevant datasets. This section is useful for new
researchers in the area to know the commonly used dataset.

Furthermore, another interesting aspect for new researchers is
the metrics used to evaluate the algorithms. We have explained
three different metrics and also, we have mentioned the most used
one among the researchers. These metrics are really useful to com-
pare the research results with the previous state-of-the-art studies.

To conclude, we also study the direction of this research area for
the coming years. The open lines have been mentioned and dis-
cussed along with the specific area that has to be developed to
put MOT in traffic environments into the next level. This section
can be useful to guide new research in this specific area.

To the best of our knowledge, there is no previous SLR in this
specific domain and as we had mentioned, we considered that this
work can be useful to developers and researchers in MOT in traffic
environments. It could be a great initial resource to identify the
techniques, the hardware needed, the datasets, the metrics, and
the new lines of research.
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