
Applied Intelligence
https://doi.org/10.1007/s10489-022-03473-9

SSL-MOT: self-supervised learning basedmulti-object tracking

Sangwon Kim1 · Jimi Lee1 · Byoung Chul Ko1

Accepted: 4 March 2022
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2022

Abstract
Although the use of a Siamese network is the most popular approach in object tracking, it creates an undesirable trivial
solution and requires a large amount of training data reflecting changes in the object’s shape in every frame. To solve
this problem, in this paper, a self-supervised learning method for multi-object tracking (SSL-MOT) based on a contrastive
structure is proposed. Unlike the existing SSL, we adopt a generative adversarial network as a preprocessing step to generate
various pose changes of tracking objects. A positive pair composed of the augmented image and pose data is applied to the
SSL network to learn an encoder that can generate a non-collapsed output vector. To improve the discrimination power of
the encoder output features, we propose an affinity correlation distance, which combines invariance and redundancy terms
as a loss function for learning. During the test, because only the dot product between two output vectors of the tracker and
detection was used for a data association, the computation time was significantly reduced, and thus real-time online tracking
about 12 fps was possible. The proposed method is the first attempt to apply SSL to an online MOT. Experimental results
on the MOT16, 17, and 20 challenge datasets proved that the proposed method is a fast and reasonable tracking method that
occupies less memory and achieves an excellent tracking performance compared to other state-of-the-art methods.

Keywords Multiple object tracking · Self-supervised learning · Pose estimation

1 Introduction

One of the most important issues in multi-object tracking
(MOT) is data association in terms of the tracking
speed and accuracy. In a data association, online tracking
associates trackers and detections using only the past and
current frames, and offline-tracking associates trackers and
detections using past and future frames. In the tracking-
by-detection paradigm, it is important to track objects in
real time; therefore, online tracking is more essential than
offline matching. However, online tracking has a problem
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in that the accuracy of the data association is inferior to
that of off-line tracking because future frame information
is insufficient and must rely solely on object information
detected in a few previous frames.

Although conventional data association for online
tracking, including a greedy bipartite assignment [1] and
optimal Hungarian algorithms [2] have been used, their
performance is poor in fast-changing videos because they
depend heavily on the appearance of the objects. Various
data association methods based on few-shot learning [3] that
are robust to changes in appearance have been proposed
in the field of tracking and person re-identification. The
aim of few-shot learning is to train a tracker based
on representation learning and conduct prediction using
the nearest-neighbor based on the similarity between
objects. Although the nearest-neighbor approach is a non-
parametric model and does not require training, its matching
performance depends on the distance [3].

Among few-shot-based association techniques, to asso-
ciate both detections and tracklets, Siamese network have
received considerable interest in online tracking [4–9].
Because a Siamese network applies the same network to the
detection and tracker and calculates the similarity based on
the trainable weighted L1-distance in the output features, it
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does not need to maintain a separate network structure and
has the advantage of fast tracking [7]. However, because
Siamese network only deals with the optimization aspect of
object association [10], its performance may be degraded if
the appearance of the object is severely changed.

To improve the tracking performance by reflecting the
various changes in objects, triplet [11] and quadruplet [12]
network, which improve the Siamese network, have been
proposed. In general, Siamese network and their derived
networks [11, 12] represent images through supervised
metrics and train networks with symmetric and asymmetric
structures. After training, one-shot learning can be applied
using the network features without retraining.

Problematically, however, with Siamese network, posi-
tive and negative pairs used for training must be prepared
in advance, and the Siamese network itself causes an unde-
sired trivial solution that collapses all outputs into a constant
representation [13]. In addition, to increase the matching
accuracy, the structure of the shared network should be deep
and complex. In this case, real-time MOT becomes diffi-
cult because online tracking is proportional to the number
of tracked objects in the scene.

Owing to this limitation of Siamese network, graph
neural network (GNN) based MOT approaches have been
proposed [10, 14, 15]. GNN-based MOT constructs a
graph using detections and tracklet nodes and constructs
edges using the geometric information of the nodes. Data
association is conducted through an affinity matrix, which
is the GNN output between detections and tracklets. GNN-
based MOT has the advantage of designing a graph
structure based on the interaction between detections and
tracklets and measuring the similarity between two objects
using node and edge features. However, as the number
of tracking objects increases, the graph structure becomes
more complex, and the number of computations increases.
Therefore, although online learning is possible, real-time
tracking becomes difficult.

CenterTrack [8] and TMOH [16] recently refined the
public detection used to improve the tracking performance
and speed. Although these methods can improve the MOT
performance, they have limitations in that they rely heavily
on a detection refinement.

Contribution of this study This paper proposes a self-
supervised learning (SSL) based Siamese structure for
a MOT data association. Some recent SSL models [13,
17–19] have solved the trivial constant representation
problem for an input object, which is a limitation of the
existing Siamese network structure. The proposed SSL-
MOT structure was inspired by SSL models and allows
the network to learn by itself with only positive samples
during network training. In addition, SSL-MOT recognizes
the shape change of given training objects and automatically

augments the most similar poses through a pre-trained pose
normalized-GAN (PN-GAN) [20].

Through comparative experiments conducted on the
benchmark dataset, we show that SSL-MOT outperforms
the Siamese network and other state-of-the-art (SOTA)
MOT algorithms in terms of performance and speed. Our
main contributions can be summarized as follows:

• This study is the first attempt to apply SSL to online
MOT.

• To train SSL-MOT when considering the changes in
pose of an object, we propose applying a new data
augmentation based on both the PN-GAN results and
the augmented images.

• Using a PN-GAN, we solved the problem of a lack
of training data, and as a result, we designed an MOT
model that can achieve better results even with a small
number of data.

• The proposed loss function, affinity correlation distance
(ACD) learns the encoder network to generate more
discriminant feature vectors.

• With the exception of PN-GAN, all SSL-MOT modules
can be trained using an end-to-end method, and
because they do not require additional fine-tuning for
classification, clustering, and regression, the trained
modules can be applied.

• The proposed method occupies less memory and pro-
vides a fast and high tracking performance compared to
SOTA methods.

2 Related studies

As described in the Introduction, various data association
methods using a CNN [5], a GNN [10, 14, 15], LSTM [21–
23], and a Siamese network [4–9] have been proposed for
use in MOT. However, in this section, we focus on Siamese-
network-based MOT methods that can obtain an optimal
performance for online learning. We also introduce SSL
methods for visual data clustering and classification.

Siamese network-basedMOT Leal-Taixe et al. [4] proposed
a Siamese CNN for learning the descriptor encoding of
local spatiotemporal structures between two input image
patches. To make the Siamese network more discriminative
and robust to intra-class variations, a triple network [24]
is proposed to build a loss function from three images
(anchor, positive, and negative), not only for person re-
identification [25]. Son et al. [12] proposed a quadruplet
architecture using four images by modifying a Siamese and
triplet network to learn the data associations for the MOT.
In addition, Zou et al. [26] proposed the F-Siamese tracker
to reduce the redundant search space and solve or relieve
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Fig. 1 Data augmentation and SSL-MOT network training process. Image augmentation is applied to one randomly selected pose generated by
PN-GAN and the original image without including the full body

the occlusions caused by an object or cluttered background.
Moreover, Lee et al. [7] proposed a SiameseRF that shares
random forest rules instead of weights to improve the
matching performance and solve the existing slow CNN-
based tracking problem. Zhang et al. [8] extracted semantic
features for MOT using Siamese network and multiple
granularity color features. SiamMOT [9] proposed two
variants of the Siamese tracker. These two motion models
estimate the instance movement between two frames,
allowing the detected instances to be connected. Siamese-
network-based MOT is an interesting and optimal approach
for online tracking; however, intra-class variations owing to
a lack of training data and a collapsed representation of the
output still remain problems to be resolved.

Self-supervised learning The preferred approach in SSL is
learning a representation that is invariant to the distortion of
the input sample while constantly avoiding trivial solutions.
Typically, SimCLR [18], a type of contrastive learning, has
a structure similar to that of a Siamese network, but is
used to calculate the loss function in a different manner
by defining positive and negative sample pairs. SwAV [27]
is a clustering-based SSL that does not directly compare
features extracted from images but assigns clusters to
different augmented images derived from the same image
and exchanges clusters for prediction. BYOL [17] trained an
online network by augmenting the same image differently,
instead of using the negative pairs used in SimCLR [18]
to predict the target network representation of the image.
Barlow twins [19] fed two distorted samples from the input
image to the two same networks and measured the cross-
correlation matrix between the two outputs. This method
applies an objective function that naturally avoids this

collapse by making the cross-correlation matrix as close
to the identity matrix as possible. However, large batches
are still required to avoid a collapse representation and
are unsuitable for real-time association because the output
dimension is as large as 4096. SimSiam [13] directly
maximizes the similarity of two views of an image using
the symmetric loss, without the use of negative pairs or
momentum encoders. It can avoid collapsing by using a
stop-gradient operation, operates with normal batch sizes
and does not rely on large batch training. Similar to
Chen and He’s approach [13], SCARF [28] consists of
two encoders with shared weights, although both branches
have pre-trained heads with shared weights. However,
the existing SSL methods do not apply strict end-to-
end learning, and after training the encoder, supervised
fine-tuned transfer learning must be separately conducted
according to the downstream tasks such as clustering,
classification, and regression.

In this paper, we propose an online SSL-MOT that is
robust to changes in human pose and enables end-to-end
learning (Fig. 1) and testing (Fig. 2). Although the basic
structure of SSL is referred to the one proposed by Chen
and He [13], the internal learning procedure has been
reorganized for optimization with MOT. In particular, the
newly proposed loss function and encoder is trained to
obtain good discriminant power in terms of intra-class and
inter-class variability on new data without applying separate
transfer learning for downstream tasks, unlike [13]. For
online-MOT, the proposed method can quickly compute the
affinity scores of the trackers and detections using only
the dot product of the output vectors generated by the
trained encoder. Among several SSL methods, the proposed
SSL-MOT is the first to apply SSL to online MOT.
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Fig. 2 Online association pipeline using SSL-MOT for test data

3Method

In this section, we describe how to create a training dataset
for SSL training using PN-GAN [20], and introduce SSL-
MOT learning for data association using an augmented
training set.

Data augmentation With SSL, positive or negative pairs
are used for network training after taking several different
augmentations of the image. The image augmentation
techniques used for SSL consist of random cropping,
resizing, flipping, color jittering, and Gaussian blur.
However, in human tracking, pose changes frequently occur,
and it is difficult to accurately match images through a
simple image augmentation. Therefore, we adopt PN-GAN
[20] as the preprocessing for image augmentation, as shown
in Fig. 1a. In PN-GAN, when a single pedestrian image is
fed, a synthesized image with the same identity and different
poses is generated according to the multiple poses desired.
By feeding the input image x to the PN-GAN, the generated
pose images are obtained, and the image augmentation is
randomly applied to the poses. However, because PN-GAN
can generate new poses only when a full body is included in
the image, PN-GAN is applied only when a pose is detected
using OpenPose [29] as a preprocessing. Otherwise, only
image augmentation is applied. The augmented images are
used to train the complementary SSL-MOT, as shown in
Fig. 1b.

Training of the SSL-MOT network SSL-MOT network takes
two augmented images for the training encoder. The SSL-
MOT network consists of two branches. The first network
of branch-1 outputs a representation vector from the
augmented input images with the encoder network f (·). The
encoder network f (·) then combines ResNet-50 [30] as a

backbone network with a projection MLP. Another network
is responsible for transforming one view with a prediction
head h(·) and matching it with the other. Branch-2 consists
of only one encoder network f (·) and shares weights
with the branch-1 encoder. The predictor prevents output
collapsing during training and is not used during testing. At
test time, the predictor is replaced with downstream tasks
according to the data. To avoid requiring additional training
for transfer learning after SSL-MOT training, the SSL-MOT
needs to be trained end-to-end to output an affinity matrix
that can check the similarity of two input images.

Let us suppose that the batch size is n and minibatch
B is loaded with {xi}ni=1. Assume that image augmentation
is applied to image xi , as shown in Fig. 1a, and one
of the images is tracker tri and the other is detection
di , respectively. Each augmented image is then fed to an
encoder network f (·) that shares the weights, the output of
which is denoted as ztri = f (tri) and zdi

= f (di). The ztri

of branch-1 is fed to the prediction head again to generate
a new M-dimensional output vector ptri , and is expressed
as ptri = h(f (tri)). In branch-2, the encoder outputs the
same M-dimensional vector zdi

. However, it is used without
feeding the prediction head.

Previous SSL-based methods [13, 17–19, 27] learned
representations from millions of images, and can perform
transfer learning based on objectives (classification, clus-
tering and regression) and fine-tune in some supervised
tasks. These approaches are not strictly end-to-end learning,
and after the encoder is trained, transfer learning must be
separately performed again according to the purpose. Loss
functions mainly used in SSL include the mean squared
error (MSE) [17], L1-loss, cosine similarity [13], cross-
entropy, and cross-correlation matrix [19]. The goal of these
losses is to ensure that SSLs are trained to generate a learned
representation such that the output vectors are clustered
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well. Therefore, we need a loss function that can calcu-
late the similarity between two images through one-stage
end-to-end learning without additional transfer learning.

Instead of loss functions commonly used in SSL, we
propose a new affinity correlation distance (ACD) that
combines the cross-correlation calculated from the output
batch matrix of image pairs with an invariance term and a
redundancy reduction term inspired by Zbontar et al. [19].
However, unlike Zbontar et al. [19], we did not observe
a representation correlation between feature dimensions,
but rather a correlation between batch samples. In other
words, the correlation value between similar sample pairs
in the batch is high, and the correlation value is low for the
neighboring samples.

First, we created a batch matrix of branch-1 ptr ∈
R

(n×M) from n mini-batches. In branch-2, we also created a
batch matrix zd ∈ R

(n×M) from n mini-batch samples. The
affinity correlation matrix A is then obtained through the
dot product from the two batch matrices.

A = N (ptr · zd
ᵀ) ∈ R

n×n, (1)

where N denotes the L-2 normalization. The affinity
correlation matrix A is used to calculate the proposed ACD.

ACD(ptr , zd) =
∑

i

(1 − Aii)
2 + λ

∑

i

∑

i �=j

A2
ij , (2)

where λ is a weight that offsets the importance of the first
and second terms of loss, and i and j are the indexes of the
batch sample.

In the preceding invariance term of (2), the same sample
pairs try to yield a value of zero, and in the rear redundancy
reduction term, try to have a value close to zero for different
samples.

By applying ACD, it is possible to solve the problem of
applying extra transfer learning separately from represen-
tation learning, depending on the purpose. After training,
the affinity score of the tracker and detection can be easily
calculated using only the dot product of the output vectors
generated by the learned encoder. Therefore, an encoder
based on the ACD is trained to achieve a good discrimina-
tion power in terms of intra-class and inter-class variability
for two inputs when the it is applied to new data without sep-
arately applying transfer learning for the downstream task
as shown in Fig. 2

The weight-sharing SSL-MOT must guarantee the
modeling invariance in which two observations produce the
same output. Therefore, similar to Chen and He [13] and
Grill et al. [17], the augmented images are fed to different

branches, and ACD(pd, ztr ) is calculated. In addition, the
symmetry loss is calculated using these two ACDs:

L = 1

2
{ACD(ptr , zd) + ACD(pd, ztr )} (3)

SSL-MOT applies a stochastic gradient optimizer (SGD)
to backpropagate the average loss at every training step. It
is important to note that we use a stop-gradient as in [13],
which updates only the encoder and projection network
parameters θ of branch-1 and does not update the encoder
parameters of branch-2 as follows:

θf , θh ←− SGD(θ, ∇L, η), (4)

where η is the learning rate. By using a stop gradient, the
output vector cannot be generated. The augmented tracker
tr and detection d are fed alternately to branch-1 and
branch-2 (with a stop gradient applied), and thus (3) is
changed as follows:

L = 1

2
{ACD(ptr , stopgrad(zd)) + ACD(pd, stopgrad(ztr ))} (5)

The process of training SSL-MOT using N unlabeled
images is described in Algorithm 1.
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Tracker online association After training, SSL-MOT is used
to generate an affinity matrix between the tracker and
detection during actual tracking. In the t-th frame (t >

1), let a tracker set consisting of H trackers be Tt−1 =
{trt−1

1 , trt−1
2 , ..., trt−1

H }, and let a detection set consisting
of G detections be Dt = {dt

1, d
t
2, ...d

t
G}. An individual

tracker and detection are represented as a vector consisting
of the center position (x, y), width (wi), and height (he)

elements such as trt
h = [xt

h, y
t
h, with, het

h] and dt
g =

[xt
g, y

t
g, witg, het

g]. In every frame, each element dg of the
detection set D is input to the trained encoder f , and L2-
normalization is applied to the output to generate a new
d-dimensional feature vector zdg . A set of transformed
detections Zd is obtained through the same operation for all
elements of set D. Similarly, the same encoder is applied to
each element tri of the tracker to obtain a new feature vector
ztrh . A set of transformed trackers Ztr is also obtained
through the same operation for all elements of set T.

The goal of SSL-MOT is to estimate an H × G affinity
correlation matrix A = {zhg}|Tt−1|×|Dt | based on the
pairwise similarity of features extracted from T trackers and
D detections in online MOT. To create an affinity matrix
A between the trackers and detections, we transform the
set Ztr into an (H × d) matrix and transpose the set Zd

into (G × d)ᵀ. We then take the dot product between two
matrices, as shown in (6).

A = exp{1
τ

· (Ztr · Zᵀ
d )} (6)

where τ is a constant value used to widen the difference
between the output values.

As an element of A, zhg has a large value if dt
g is

associated with tracker tr
(t−1)
h and zhg has a small value if

the two objects are not associated. In the affinity correlation
matrix, if the affinity score is less than the threshold
ρ1, we filter the affinity score of the pair to zero to
improve the matching speed. For the cost function c, we
combine an affinity score with a relative L1-center distance
Dis(trt−1

h , dt
g) in the appearance space using a weighted

sum.

c(trt−1
h , dt

a) = α · zhg + β · Dis(trt−1
h , dt

g), (7)

where α and β denote the weights, which are 0.5 and 0.5,
respectively. Cost c is used for Hungarian matching.

Figure 2 shows the overall tracking process of the
proposed SSL-MOT at test time.

Tracker state updating
In every frame except for the first frame, the trackers

and detections generate trajectories by updating new
connections through the proposed SSL-MOT-based data
association and Hungarian matching. When a tracker is
matched through a data association, the state of the tracker
is updated for the next frame by combining the previous

tracker with the current detection state as trt
i = δ ·

trt−1
i + (1 − δ) · dt

j . Here, δ is an adjustable parameter
that controls the state of the tracker and is normally set
to 0.5.

We define the online MOT matching rules as follows:
1) If a detection does not match any tracker, this detection
is assigned as a new potential tracker, and if the potential
tracker matches more than ρ2 times, it is newly assigned
as a true tracker Tt ← Tt−1 ∪ (dt

a, h + 1); otherwise,
it is recognized as a false tracker and removed from the
tracker pool. 2) If the tracker does not match any detection,
it may disappear temporarily through an occlusion, and
thus it is not removed immediately and is observed while
remaining in the tracker state for ρ2 frames. However,
if there is no match for more than ρ2 frames, it is
considered a missing tracker and removed from the tracker

set . The value of ρ2 can also be
adjusted depending on the nature of the dataset.

4 Experiment

In this section, we describe the detailed implementation
of SSL-MOT, the dataset used for a performance com-
parison, and the evaluation metrics. We also verified the
effectiveness of each component of the proposed algorithm.

Implementation details The proposed SSL-MOT was
implemented using Pytorch and Pytorch-Geometric, and the
model was trained and tested on an Intel Core i9-9900k CPU
cluster using an Nvidia GeForce RTX 2080ti GPU. The net-
work configuration and learning settings of the proposed
method are as follows.

• OpenPose consists of a multistage CNN. The first stage
predicts the part affinity fields, and the second stage
predicts the confidence map. The PN-GAN generator
is designed based on the ResNet-50 and is an encoder–
decoder network, which generates four consecutive
canonical poses for a given input image.

• The image augmentation pipeline consists of five image
transformations (Gaussian blurring, horizontal flipping,
perspective, cut-out, and brightness jittering), applied
randomly with a certain probability.

• Encoder f is composed of ResNet-50 as the backbone
and an MLP consisting of three additional layers. The
batch size was 512, and batch normalization was used
for each fully connected (f c) layer. SGD was used for
the optimizer and learning rate of η × BachSize/256,
with a base η = 0.05, and the weight decay was
1 × 10−4.

• Prediction network h consists of two f c layers, the
output of which is 2048-d.
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Table 1 Comparison of MOT performance according to the data augmentation configuration of the proposed SSL-MOT

Augmentation MOTA↑ IDF1↑ FP↓

(1) w/ Image Aug. 59.6% 55.1% 922

(2) PN-GAN+ w/o Image Aug. 65.9% 68.3% 749

(3) PN-GAN+ w/ Image Aug. 68.1% 62.3% 758

(4) PN-GAN+OpenPose+w/ Image Aug. 68.9% 65.5% 763

Datasets For SSL-MOT training, we combined Mar-
ket1501 [31] with MOT16 [32], and MOT17 [33] training
datasets. The MOT20 [34] training dataset was not included
in the training because of its severe occlusion. Market1501
contains 12,936 training images from six cameras. We con-
ducted experiments on MOT challenge datasets, MOT16,
MOT17 andMOT20. For a fair comparison with other meth-
ods, the MOT performance was measured using the public
detections provided by MOT Challenge.

Metrics To evaluation the MOT performance of the
proposed method, we used the following evaluation metrics:
multi-object tracking accuracy (MOTA), identity F1 score
(IDF1), number of false positives (FP), number of false
negatives (FN), number of ID switches (IDsw), and Hz
(frames per second).

5 Ablation studies

In this section, we describe a series of ablation studies
conducted to understand the importance of the individual
components of the proposed SSL-MOT. We measured the
ablation performance using the MOT17 training set because
the MOT evaluation can only be applied through the online
evaluation server, and the performance evaluation is limited
to four trials. As standard practice in the MOT literature [10,
35], we used five video sequences of the MOT17 training
set (MOT17-02, 05, 10, and 11) and test set (MOT17-04,
09, and 13) filmed from a static and moving camera.

Effectiveness of PN-GAN image augmentation In SSL-
based methods [13, 17–19], data augmentation is an
extremely important factor influencing the performance of
SSL and may require significant effort and expertise [19].
Unlike the existing SSL methods, the proposed method

learns a generalized SSL-MOT network optimized for
tracking by using PN-GAN with image augmentation. It
recognizes the pose of a human and generates new poses
that can be changed in the next frame instead of general
image augmentation.

To prove the effectiveness of PN-GAN-based data aug-
mentation, we conducted comparative experiments on four
cases of augmentation: (1) common image augmentation
of SSL, (2) PN-GAN without image augmentation, (3)
PN-GAN with image augmentation, and (4) PN-GAN and
OpenPose with image augmentation. With the proposed
method, image augmentation was applied by selecting only
a random patch, resizing, and horizontal flip, consider-
ing the frequent occlusions of pedestrians and the camera
perspective.

As shown in Table 1, the overall performance of the PN-
GAN-based methods was improved compared to the basic
image augmentation, method (1), because SSL-MOT was
trained by predicting the pose of an object. In the case of
method (4), MOTA increased by 0.8% and IDF1 increased
by 3.2% compared to method (3) because method (4) was
trained by considering not only the pose change but also
the image augmentation. Although method (2) showed a
slightly better performance than method (4) in IDF1 and
FP, method (4) showed a higher performance by more than
3% in MOTA which is an important indicator in MOT.
Therefore, in subsequent experiments, we used the SSL-
MOT model trained by combining PN-GAN and OpenPose
using image augmentation.

Effectiveness of similarity metric for loss To measure the
performance of the proposed similarity metric ACD, the
image matching performance was measured while changing
the similarity metric used for symmetry loss in the same
network structure. During the experiment, we compared the
performance of the three main methods used in the loss

Table 2 Performance evaluation according to similarity metric for loss function

Method MOTA↑ IDF1↑ FP↓

MSE 60.3% 41.0% 1,247

Cosine similarity 65.7% 49.5% 964

Proposed ACD 68.9% 65.5% 763
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Fig. 3 Visualizations of 2,732 images for 10 people from the MOT17 data set, a MSE, b Cosine similarity, c ACD

Table 3 Comparison of MOT performance according to SSL approaches

Method MOTA↑ IDF1↑ FP↓ Hz

BYOL 51.3% 36.3% 3,040 2.18

SimSiam 40.4% 21.1% 6,448 10.01

Barlow Twins 62.1% 51.3% 1,378 0.6

SSL-MOT 68.9% 65.5% 763 13.2

Table 4 Comparison of our proposed method with SOTA methods on the MOT16 dataset

Trackers MOTA↑ IDF1↑ FP↓ FN↓ IDsw↓ Hz

BLSTM MTP O 48.3% 53.5% 9,792 83,707 435 21.0

MFI TST 59.9% 58.7% 3,660 68,923 616 0.7

ArTIST-T 56.6% 57.8% 3,532 75,031 - 4.5

SiamesRF 57.9% 41.7% 8,196 66,538 2,051 11.1

SSL-MOT 62.1% 45.2% 4,760 63,238 1,022 13.7

Table 5 Comparison of our proposed method with SOTA methods on the MOT17 dataset

Trackers MOTA↑ IDF1↑ FP↓ FN↓ IDsw↓ Hz

CenterTrack 61.5% 59.6% 14,076 200,672 2,583 17

BLSTM MTP O 51.5% 54.9% 29,616 241,619 2,566 20.1

MFI TST 60.1% 58.8% 13,503 209,475 2,065 2.2

ArTIST-T 56.7% 57.5% 12,353 230,437 - 4.5

SiamesRF 55.8% 46.7% 12,822 233,573 3,174 12.4

SSL-MOT 61.5% 55.0% 16,841 197,485 2,957 12.9
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Table 6 Comparison of our proposed method with SOTA methods on the MOT20 dataset

Trackers MOTA↑ IDF1↑ FP↓ FN↓ IDsw↓ Hz

TMOH 60.1% 61.2% 38,043 165,899 2,342 0.6

MFI TST 59.2% 59.1% 36,402 172,785 1,914 0.5

ArTIST-C 53.6% 51.0% 7,765 230,576 1,531 1.0

SSL-MOT 48.1% 37.5% 70,716 186,779 11,247 1.6

functions of SOTA SSL: MSE [19], cosine similarity [13],
and proposed ACD.

As shown in Table 2, MSE showed the lowest perfor-
mance in three metrics. Unlike cosine similarity, which
considers only the angular distance without considering the
magnitude, ACD showed the best performance using the
dot product result that can keep the angular and magnitude
properties between the output vectors.

The encoder is trained to reduce intra-class variabil-
ity and increase the inter-class variability, and the encoder
output vector has the property of increasing inter-class dis-
crimination using the invariance and redundancy reduction
term of ACD. To test the discrimination power of the out-
put vector of the encoder network trained using the ACD,
the output vector was visualized using t-SNE. After encoder
training, 10 people images were input and expressed as t-
SNE. As shown in Fig. 3, the proposed ACD achieved a
good discrimination power in terms of intra-class and inter-
class variability compared toMSE and cosine similarity, and
maximized the similarity between identical persons within
the embedded feature space.

MOT comparisons of SSL approaches To find the most
useful SSL structure for MOT, the proposed SSL-MOT
was tested using the MOT17 dataset by measuring four
performance metrics with BYOL [17], SimSiam [13],
Barlow Twins [19], and SSL-MOT, which were trained
using the same data augmentation.

As shown in Table 3, the proposed SSL-MOT exhibited
the best performance in all metrics. SimSiam and SSL-
MOT have similar basic network structures and can generate
non-collapsed output vectors using a stop-gradient and
symmetric loss. However, SSL-MOT was able to improve
the performance of tracker matching compared to SimSiam
through an ACD-based loss function. During the test, SSL-
MOT can estimate the exact affinity score by calculating
only the dot product on the output vectors without fine-
tuning, and thus even when there are many matching targets,
a shorter data association time and faster speed (Hz) can be
obtained in comparison to other methods.

Additionally, because SSL-MOT may have different
performance depending on the encoder backbone network,
we compared the MOTA and speed while changing the

backbone network into three types: ResNet-18, ResNet-
50, and ResNet-101. When ResNet-50 was used, like
the result in Table 3, MOTA was 68.9% and the speed
was 13.2Hz. However, when ResNet-18 was used, the
MOTA dropped significantly to 1.2%(67.7%), but the speed
slightly increased to 0.3Hz (13.5Hz). When ResNet-101
was used, MOTA slightly increased by 0.1%(69.0%), but
speed decreased by 2.1Hz (11.2 Hz). From the experimental
results, we can see that when ResNet-50 is used as the
backbone of the SSL-MOT encoder, it is most reasonable in
terms of accuracy and speed.

6 Evaluation onMOT challenge benchmark

To validate the MOT performance of the proposed method,
we conducted comparative experiments using the SOTA
MOT methods on the MOT16, 17, and 20 test datasets.
Comparative methods were selected from among the SOTA
online tracking methods.

The MOT performance on the MOT16 dataset was
measured using four SOTA online MOT approaches as
follows: (1) BLSTM MTP O [23], (2) MFI TST [36],
(3) ArTIST-T [37], (4) SiamesRF [7], and (5) our
proposed SSL-MOT. As shown in Table 4, the proposed
method achieved the highest MOTA and FN scores while
maintaining fast tracking speed in all methods. MFI TST
showed the best performance in IDF1, but the tracking
speed is 0.7, which is the slowest and most important
factor, MOTA, is 2.2% lower than the proposed method.
BLSTM MTP O had a high tracking speed, but showed the
lowest MOTA as a trade-off for speed.

In the MOT17 dataset, CenterTrack [38] was added to
the same online-based MOT method. As shown in Table 5,
CenterTrack showed a higher performance for MOT17
compared to the comparative methods. However, because
CenterTrack uses the refinement of public detections, it
is not directly comparable to other methods that use
only MOT public detections [23]. Except for CenterTrack,
the proposed method achieved the best MOTA and FN
as similar to MOT16 results. Although BLSTM MTP O
showed the fastest speed, this method showed 10% lower
MOTA than the proposed method.
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In the MOT20 dataset, TMOH [16] was added instead of
CenterTrack. As shown in Table 6, although TMOH showed
the best performance among the online MOT methods,
this method also uses a refinement of public detection
such as CenterTrack and has a disadvantage in that the
processing speed is extremely low at 0.6 Hz. The proposed
method showed a lower performance because we did not
use a detection refinement and excluded the training data
of MOT20 from training. However, the proposed method
showed the fastest tracking speed of 1.6 Hz online.

From the experiments, we can confirm that the proposed
method achieves an excellent performance in terms of
tracking accuracy and speed among the SOTA online MOT
approaches. However, the ID switch and FP caused by
the long and frequent occlusion in MOT20 cannot be
solved with the proposed SSL alone. Therefore, if motion
prediction such as a Kalman filter is added, performance can
be improved. Since the proposed SSL network can generate
non-collapsed output vectors in various applications, we can
expand and apply it to person re-identification [39] or social
representation [40] as well as 3D mesh simulation [41] in
future studies.

7 Conclusion

In this study, we introduced a new tracking approach that
combines the SSL andMOT. Through the proposed SSL, we
generated a non-collapsed output vector, and through ACD
loss, we were able to learn an SSL network that improved
the feature discrimination. The proposed SSL-MOT can
measure the similarity between objects using only the dot
product without an additional network in the output vector;
thus, object tracking is possible within a short period of
time. In addition, it has the advantage of being robust to pose
changes in objects through learning using PN-GAN.
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