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Abstract: Multi-object tracking (MOT) has gained significant attention in computer vision due to its
wide range of applications. Specifically, detection-based trackers have shown high performance in
MOT, but they tend to fail in occlusive scenarios such as the moment when objects overlap or separate.
In this paper, we propose a triplet-based MOT network that integrates the tracking information and
the visual features of the object. Using a triplet-based image feature, the network can differentiate
similar-looking objects, reducing the number of identity switches over a long period. Furthermore,
an attention-based re-identification model that focuses on the appearance of objects was introduced
to extract the feature vectors from the images to effectively associate the objects. The extensive
experimental results demonstrated that the proposed method outperforms existing methods on the
ID switch metric and improves the detection performance of the tracking system.

Keywords: computer vision; deep learning; multiple object tracking; re-identification

1. Introduction

Multiple object tracking (MOT) aims at estimating the trajectories of multiple objects
and re-identifying the objects appearing in consecutive frames of videos and real-time cam-
eras. It has been a longstanding objective in the field of computer vision including action
recognition [1], sports video analysis [2], closed-circuit television analysis [3], and driving
environment recognition [4].

Most of the existing MOT methods [5,6] are based on the two-stage detection-based
tracking (DBT) model, which comprises a detection model and an association stage, as in
Figure 1. The detection model estimates the bounding box position of the objects in an
image, and then, the association stage extracts the features from each detected box to track
the objects.

Recent DBT systems have aimed at improving the performance of the detector or the
association stage. For the detector, the rise of the convolutional neural network (CNN) [7]
has greatly enhanced the accuracy and efficiency of object detection. Meanwhile, for the
association stage, the simple online and real-time tracking (SORT) algorithm [8] has been
proposed to handle the cross-regions by combining the Kalman filter with the detection
system. DeepSORT [9] was found to show significantly improved performance when the
SORT algorithm was combined with a re-ID network that considers appearance information.
However, it still loses the ID when the appearances of the objects are similar.

To address this issue, we introduced a triplet-based attention association network to
fully leverage the visual information of the object. The network was trained using a triplet
loss function to estimate whether a given sample is the same as a reference sample or not.
To capture the important visual representation of the object, we employed convolutional
attention modules in the association network. We further improved the association network
by pretraining on the re-ID dataset, which included various perspectives of the object from

Appl. Sci. 2023, 13, 4298. https:/ /doi.org/10.3390/app13074298

https://www.mdpi.com/journal/applsci


https://doi.org/10.3390/app13074298
https://doi.org/10.3390/app13074298
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-8261-8132
https://orcid.org/0000-0003-2990-8066
https://orcid.org/0000-0003-1245-7318
https://orcid.org/0000-0002-8063-581X
https://doi.org/10.3390/app13074298
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app13074298?type=check_update&version=2

Appl. Sci. 2023,13, 4298

20f12

the tracking dataset. The results, demonstrated on the KITTI tracking dataset, showed that
the proposed method more effectively handles occlusive problems in multi-object tracking
than previous studies. The contributions of this research can be summarized as follows:

*  We propose a triplet-based association network for multi-object tracking with a novel
tracking batch sampler method that can discriminate objects from a similar viewpoint.

*  We employed a convolutional attention mechanism in our association network to
selectively focus on the features of the object, by assigning different weights to differ-
ent regions.

¢  We demonstrate that the proposed method not only outperforms existing methods in
terms of switching IDs, but also improves the detection and tracking performance.

[ Video Sequence ]

2

[ Object Recognition ]

[ Object Classification ] [ Object Localization ]

[ Object Detection ]

2

[ Object Tracking ]

Figure 1. Flowchart of an MOT system.

2. Related Works
2.1. Object Detection

Object detection refers to the localization and classification of specific objects present
in an image. Currently, machine-learning- and deep-learning-based approaches are popular
for object detection. Machine learning approaches include Viola—Jones object detection
based on Haar features [10] and approaches involving the scale-invariant feature transform
and the histogram of oriented gradients [11].

Advances in research on CNNs have significantly influenced the field of object detec-
tion [12]. Deep-learning-based methods can be typically separated into two main streams:
two-stage detectors and one-stage detectors.

Two-stage detectors such as the region-based CNN (R-CNN) [7], Fast-R-CNN [13],
and Faster-R-CNN [14,15] combine the region proposal network and classification network.
The R-CNN was the first model to use a CNN for object detection, which has proven
that CNNs can exhibit high performance in object detection and classification problems.
The R-CNN includes two stages: the region proposal stage and the classification stage.
The region proposal stage determines the region of an object independent of the class.
Subsequently, each candidate region is assigned to a CNN to predict the class of the object
location. However, a disadvantage of this method is that applying CNNss to all candidate
regions involves considerable computation. To address this shortcoming, researchers have
developed improved algorithms such as Fast R-CNN and Faster R-CNN. However, these
algorithms are much more time-consuming than the one-stage detector.

On the other hand, the one-stage detectors include you only look once (YOLO) [16]
and the single shot multibox detector (SSD) [17], where the CNN is used with the region
proposal in a single shot. A one-stage detector typically includes an algorithm such as
YOLO, the SSD, or CenterNet [18]. The YOLO series [19,20] underwent an upgrade of its
own algorithm, resulting in significant performance gains. YOLO divides grid cells into
input images and uses a CNN to significantly increasethe computational speed. However,
methods involving grid cells pose challenges in the detection of objects smaller than the
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grid cells. The SSD overcomes this problem by using a one-stage detector and employing a
default bounding box, which shows superior performance over the two-stage detector.

In this paper, we adopted a single-stage detector YOLOv3 model to locate the objects
in each frame of an image, which is capable of high accuracy and high speed.

2.2. Multiple Object Tracking

Most studies on MOT focus on DBT, which aims to connect the same objects frame to
frame according to the detection results of the detector. There are online and offline tracking
methods for DBT systems [5]. An online tracking method locates and tracks objects in the
previous frame according to the current frame. By contrast, an offline tracking method uses
all frames as the input to provide the tracking results. It considers past, as well as future
frames for tracking. Therefore, online tracking is used in real-time tracking.

For the association stage, the correlated information of different frames should be used
to determine the similarity between objects. One of the basic tracking methods employs the
intersection over union (IoU) metric. The detection result is linked by selecting the track
with the largest IoU in the previous tracks, as in Figure 2.

/ frames

Figure 2. Example of tracking using the IOU.

The well-known SORT predicts the position of a bounding box CNN detection and
estimates the trajectory by using a Kalman filter [21], then matches the position by using
the Hungarian algorithm [22]. Using loU-based methods can be effective for tracking a few
objects. However, the performance degrades when a large number of objects exist in the
images, and also, it incorrectly connects the objects in overlapped or separated situations.
Recently, DeepSORT [9] overcame this problem adopting a CNN model for the association
stage. The network can consider image information, as well as location information in
the bounding boxes. However, the performance degrades when the tracked object has a
similar appearance.

To overcome this problem, we considered a triplet loss that can discriminate the details
of the visual appearance. Moreover, we improved the association network by employing a
convolutional attention module.

3. Proposed Method

This section describes our proposed MOT algorithm. Figure 3 shows the overall flow
of the proposed MOT algorithm. Note that the basic structure is similar to the algorithmic
flow of SORT [8] and DeepSORT [9]. Given an input image acquired from a video or
real-time camera, objects are located by the detector. Here, we employed YOLOv3 [20] as
the object detector. Then, objects are separately extracted from the frame and are subjected
to the proposed association stage, seeking to associate them with the objects in the previous
frame or assigning a new ID for unmatched objects.
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Figure 3. Flowchart of the proposed method.

3.1. Object Detector

We noticed that the performance of detection-based tracking is proportional to the
performance of the detector. If the object is not detected, it is excluded from consideration,
which is highly likely to result in incorrect ID assignment. Thus, we adopted a single-stage
detector YOLOv3 model for the detector of the DBT system, which is capable of high
accuracy and high speed, to locate the objects in each frame of an image.

3.2. Object Association

To determine the unique IDs to detect objects consistently across frames, we adopted
a strategy inspired by deepSORT, which leverages two types of information to verify the
identity of objects detected in consecutive frames. Figure 4 illustrates the purpose of the
data association stage.

e X th frame

e X+nthframe / Crossing
A -

Figure 4. Structure of the data association stage. The red boxes represent the result detected from the
object detector.
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The first is the object’s predicted position, obtained by applying a Kalman filter to the
detection results. The second is the object’s appearance features, extracted using a deep
learning model. By combining these two sources of information, we generated a score
matrix that provides a more reliable estimate of object identities across frames as follows:

c(i,j) = AloU(B;, B]') + (1= A)Triplet(i, j), (1)

where A denotes a weighting factor. The details of each information function IoU(B;, B;)
and Triplet(i, j) are described in the sections below. Once the cost matrix c(i, j) between the
current track and the detection results is calculated, an ID is assigned to the object with the
maximum value via the Hungarian algorithm [22]. Unmatched objects among the detection
results are provided a new ID. Objects that do not appear for a certain period during the
tracking are deleted to ensure a high computational speed.

3.2.1. Kalman-Filter-Based Object Localization

The Kalman filter plays an important role in the DBT system by predicting the state of
an object in future frames and linking it with existing tracks. Specifically, it uses information
about the object’s bounding box detected in the current frame to estimate its position in
the next frame. In our implementation, we employed a linear constant velocity model for
computational efficiency. Although extended Kalman filters can handle nonlinearity, they
may diverge if the initial state estimation is incorrect. To address this, unscented Kalman
filters can be used with sampling techniques, but these are computationally expensive. Since
Kalman filters are suited for continuous systems, they are particularly useful in memory-
constrained environments. Furthermore, since they utilize a recursive function, they do not
require a history beyond the previous state, which enables efficient memory management.

The association between the ith object in the previous track (time ¢) and the jth
object detected in the current frame (time ¢ + 1) is calculated. The IoU between the Kalman-
filter=predicted bounding box of 7, B; and the detected bounding box of j, B i, to be displayed
in the current frame is computed as follows:

area(B; N B))

IoU(B;, B)) = — 1 "17
oU(By, By) area(B; U B;)

@

For overlapping images, the IoU is calculated as shown in Figure 5. Through the above
equation, the object shown in the current frame is calculated to be deeply related to the
tracks in the coordinates.

 Predicted person
| |Bounding box
A

Area of overlap

Score =

Area of union

ind truth person
‘bounding box

Figure 5. Intersection over union (IoU).

3.2.2. Triplet-Based Association Network with Attention

The Kalman filter, which solely relies on boundary box coordinates, is prone to frequent
ID switches when objects overlap or are separate. To overcome this limitation, we propose
a solution by constructing an embedding network to incorporate image information and
compute a similarity matrix for the IDs across images. The embedding network was built
using a triplet loss and an attention module.
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Network Architecture

An attention block was added to the embedding network configuration used in [9] by
inserting it after the residual block [23]. The attention module utilizes the method proposed
in CBAM [24], which has been demonstrated to enhance performance by adding attention
blocks to bottleneck locations. Attention blocks have a negligible impact on the existing
parameters since they do not have a large number of parameters. Consequently, they
can enhance performance while maintaining the computational speed. The detail of the
attention association network architecture is shown in Figure 6.

(224,224, 3) (224,224,32)

(112,112, 32)
(56, 56, 64)

(28, 28, 128) (1,128)

@: Conv layer

@: Batch normalization + RelU
@©: max pooling layer

@: residual block

@: Attention block

©: Fully-Connected layer

Figure 6. Network architecture of proposed embedding network.

Triplet Loss

The loss function was designed to not only bring semantically similar inputs closer
together in the embedding space, but also to ensure that dissimilar inputs are separated by
a significant distance. This results in a discriminative embedding space where each input is
mapped to a unique and distinguishable feature vector.

The triplet loss is computed using three inputs: an anchor image (used as a reference),
a positive image with the same ID as the anchor, and a negative image with a different ID,
as shown in Figure 7. The embedding network shares the weights to compute the feature
vectors of these images and learn to distinguish whether the images represent the same
object, which results in Figure 8.

Proposed ]
Network \

Proposed —) Triplet Loss

Network

- — /

Propoéed
Network

Negative

Positive

Anchor

Figure 7. Schematic of the triplet structure of the proposed network.

Figure 8. Example of metric learning.
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The triplet loss was designed to minimize the distance between an anchor and the
positive image and to maximize the distance between an anchor and the negative image by
using the feature vector obtained from the CNN. The distance between feature vectors is
calculated as the L2-norm as follows:

Triplet(i,j) =l f() = f(j) ll, ®)

where 7 and j are the input images, with one of them being an anchor image and the other a
positive or negative image. f(-) represents the proposed embedding network. The triplet
loss is defined as:

ltriplet(ﬂ, p,n) = [Da,p — Do +al+, )

where g, p, and n are the anchor, positive image, and negative image and « denotes the
margin between the distances. The network was trained to minimize the triplet loss.

Negative Hard Sampler

The metric learning process can be unstable and may oscillate without converging,
as the labels are not quantified and the model expects clustered data in the embedding
space. To address this issue, Reference [25] proposed a negative hard sampler method that
selects negative samples greater than the distance of the positive samples relative to an
anchor during triplet construction. This method can facilitate fast convergence and high
performance. However, for tracking datasets, a different sampler construction method
may be more appropriate. Tracking datasets consist of several videos, and objects are
typically tracked within the same video. Therefore, it is more appropriate to select hard
negative samples from the same video rather than from other videos, as this can facilitate
discrimination learning for overlapping objects and similar backgrounds within the same
video. Positive samples of the same class are also typically present in the same video, so
they can be randomly selected as existing samplers. This method of selecting negative hard
samples from the same video has been shown to be more appropriate for tracking datasets,
as verified through experiments.

In the tracking process, feature vectors are extracted from the image information of
the objects using the embedding network trained with the triplet loss. To compare the
feature vectors of existing tracks with those of the objects in the current frame, the feature
vectors of existing tracks were used as arithmetic means because the existing tracks consist
of images extracted from multiple frames, some of which may have occlusions or unclear
appearances. To take comprehensive information into account, the arithmetic mean of the
feature vectors extracted from the images on the track was adopted. This approach can
also be interpreted in terms of the characteristics of metric learning because the arithmetic
mean of a particular class vector represents the information that best represents that class.
The parameter 7; is computed as follows:

1 & 4
?izfzrj/ (5)
Lk=1

where L is the number of times a track has been detected and r;‘ is a feature vector extracted
from the detected image.

Subsequently, we computed the detected results and L2-norm distance in the current
frame. Figure 9 shows the process of computing an object’s appearance distance as follows:

Triplet(i,j) = max(0,1— || 7; — ; ||)2. ©)
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Figure 9. Appearance distance between objects.

4. Experimental Results
4.1. Datasets

To conduct an experiment on a road vehicle tracking dataset, we used the KITTI (OD
and MOT) [26] and VeRi-776 [27] datasets for tracking objects on a road. The KITTI OD
dataset was used for pretraining the detector (YOLOV3), which comprises 7481 stereo
images. The VeRi-776 dataset was configured for vehicle re-identification, and it comprises
images of vehicles taken from 20 videos recorded in a city. Each vehicle image has an
ID, model, license plate, color, etc., as labels, and images of each vehicle were taken from
various positions, namely the front, rear, and side. The dataset was used to configure the
pretrained model of the embedding network.

KITTI Multi-Object Tracking Dataset

The KITTI MOT dataset was used for fine-tuning and testing the proposed tracking
model and other existing methods. However, since the dataset comprises video frame
images, it should be created with a new structure suitable for ID information. As shown
in Figure 10, object images corresponding to each ID were cropped and stored by using
the ground truth information in the frames. Object images were extracted from multiple
frames on the basis of their IDs and configured to be one class. To evaluate the performance
quantitatively, we employed the recall, precision, Frag, MOTP, ID switch, and MOTA
from [26,28].

Origin dataset

Figure 10. Generated ID dataset for KITTI multi-object tracking dataset.

4.2. Experimental Environments

The simulation results were conducted with a Core i5-9400F (up to 4.1 GHz), 32 GB
DDR4, and GTX 1080Ti, and PyTorch was used as the framework. From the KITTI OD
dataset, 80% of the samples were used for training and 20% of the samples for testing.
The embedding network for re-identification was pretrained on the 37,930 images in the
VeRi-776 training dataset. To train the embedding network, we used the Adam optimizer
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with default settings (81 = 0.9 and B> = 0.999). The learning rate was set to 0.01, and the
scheduler was set to 0.9 after every two epochs. The model was trained for 100 epochs in
the pretraining process. Fine-tuning was performed with the reconstructed KITTI MOT
dataset. As mentioned, 17 images were used as the training set and 3 as the test set because
the dataset does not provide labels for the test set. In Equation (5), A was set to 0.1, and in
Equation (4), « was set to 1.

4.3. Experimental Results and Analysis
4.3.1. Comparison with Other Models

This section presents a comparison between the proposed model and other models
of DBT systems. The detector consists of those presented in each paper. Our proposed
model showed the best performance on all metrics compared with the other algorithms
as shown in Table 1. Furthermore, compared with the configuration of DeepSORT, it has
a similar shape and speed while still showing better performance. The addition of the
attention module and proven methods such as fine-tuning improved the performance. We
also achieved positive results for our novel attempts, such as adopting the average value of
the feature vectors and constructing a sampler.

Table 1. Comparison of the proposed method with other models. The arrows indicate better

performance for each metric. (i.e., down arrow—lower is better).

Detector Algorithm Recallt Precision? Frag| MOTP{ IDs| MOTA|
FcRCNN SORT [8] 0.67 0.58 81 0.53 151 0.58
YOLOv3 GoogLeNet + FC [20]  0.88 0.83 33 0.65 46 0.72
FcRCNN DeepSORT [9] 0.75 0.67 42 0.58 51 0.66
YOLOvV3 Triplet (ours) 0.9 0.85 25 0.68 28 0.73

4.3.2. Effectiveness of the Attention Module

This section compares the model size and number of parameters when the attention
module was added. We added the attention module to the rear end of the residual blocks.
As mentioned, the number of parameters in the attention module was not large. Table 2
shows that there was no significant difference compared to the existing model.

Table 2. Comparison of additional computational cost of attention blocks.

Proposed Network Without Attention Module
Total No. of parameters 13,562,160 13,549,856
Input size (MB) 0.57 0.57
Forward /backward size (MB) 179.66 146.24
Param size (MB) 51.74 51.69
Estimated total size (MB) 231.97 198.50

The table shows a slight difference in the forward /backward size and estimated total
size, but the total number of parameters was almost the same.

4.3.3. Effectiveness of Backbone Network with the Proposed Method

This section details the performance comparison of structural changes in the em-
bedding network. The detector was YOLOv3. The experimental results are presented in
Table 3.
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Table 3. Experimental results for embedding networks. The arrows indicate better performance for
each metric. (i.e., down arrow—Ilower is better).

Detector Embedding Network Recallt Precision{ Frag| MOTP{ IDs| MOTA|]

SORT 0.87 0.84 36 0.66 71 0.69

YOLOv3  GoogLeNet + FC 0.9 0.83 33 0.65 46 0.72
Triplet w/o att (ours)  0.89 0.85 27 0.66 31 0.71

Triplet (ours) 0.9 0.85 25 0.68 28 0.73

We experimented with a network consisting of 128 features as the outputs by adding
FCL to GoogLeNet. Table 3 shows the performance of the proposed network with and
without the attention module. The experimental results showed that the proposed model
with the attention module was the most-effective model.

4.3.4. Effectiveness of Fine-Tuning

This section discusses the performance improvements achieved when pretrained
models were configured using the VeRi-776 dataset and then fine-tuned. Table 4 shows the
differences between models that conducted training only with the KITTI MOT dataset and
models for which pretrained models were constructed and fine-tuning was performed. The
experimental results also indicated that fine-tuned models have better performance.

Table 4. Results of fine tuning. The arrows indicate better performance for each metric. (i.e., down
arrow—Ilower is better).

Model Option  Recallf Precision{ Frag| MOTP{ IDs| MOTA]
Proposed model - 0.89 0.85 27 0.66 31 0.71
Proposed model Fine-tuning 0.9 0.85 25 0.68 28 0.73

5. Conclusions

MOT is one of the most-popular topics in computer vision. With the development of
deep learning, research on computer vision has intensively evolved. We aimed to improve
the performance by focusing on representative solutions to the MOT problem.

In this paper, we proposed an effective utilization of image information in an online
tracking method for real-time tracking. A vehicle re-ID dataset was used to track vehicles
on roads. Validated methods such as fine-tuning were applied to distinguish objects with
similar appearances. We also proposed the use of an appropriate sampler and mean vectors
to address the occlusion problem arising from DBT and showed that they can help with
reliably distinguishing between similar backgrounds. Furthermore, in the construction
of the embedding network for re-identification, we proposed the use of a network with
attention modules to enhance the performance while preserving the existing computational
speed. By using an attention module, we achieved high performance while maintaining
the size of the network model. We also demonstrated that our tracking system can show
significantly improved tracking metrics compared with representative tracking systems.

One of the factors that contributed to the significance of our results was the use of
proven learning performance improvement methods. The use of fine-tuning, online batch
samplers, and attention modules improved the performance of the embedding network.
This showed that the performance improvement measures devised by various CNN-related
studies can help improve the tracking performance.

The results of DBT studies are proportional to the performance improvement achieved
for detectors and embedding networks. Now that computer vision and CNNs are actively
evolving with hardware performance, there is a clear possibility that multi-object tracking
research can evolve. Furthermore, even if new deep learning techniques are developed,
they can be easily applied to tracking systems. The scaling of deep learning algorithms is
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limited by hardware limitations. Current research trends focus on optimization methods
for limited environments. Obviously, simply scaling the size of deep learning networks
and datasets has the potential to produce good results. However, in this paper, we showed
that performance can be improved even in constrained environments with well-known
optimization methods and approaches. Advances in computer vision will continue to
improve the performance of tracking systems, and tracking systems will evolve through
various attempts.
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