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Abstract In this paper, a novel frame-by-frame data
association algorithm based on intuitionistic fuzzy sets is
proposed for online visual multiple target tracking. In the
proposed algorithm, the association costs between targets
and measurements are replaced by the intuitionistic fuzzy
membership degrees which are obtained by a modified
intuitionistic fuzzy c-means clustering algorithm. In addi-
tion, in order to mine useful information from the uncertain
measurements, a new intuitionistic index is defined and the
intuitionistic fuzzy point operator is applied to extract
valuable information from the intuitionistic index. Exper-
iments with challenging public datasets demonstrate that
the proposed visual tracking algorithm improves tracking
performance compared to other algorithms.

Keywords Data association - Visual multiple target
tracking - Intuitionistic fuzzy point operator - Intuitionistic
fuzzy clustering

1 Introduction

Visual multiple target tracking is to find the locations and
sizes of multiple targets and maintaining the identities of
targets in video sequences. Tracking of multiple targets is
very important for many real applications and high-level
analysis such as video surveillance, robotics, and activity
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analysis. Because of the significant improvements in object
detection techniques in the recent years [1, 2], many
researches in visual multiple target tracking have focused
on the tracking-by-detection framework which transforms
the multiple target tracking task into a data association
problem. The targets are detected in individual frames and
then the measurements (detection responses) are progres-
sively associated into long trajectories.

According to the differences of the data association
algorithms, multiple target tracking approaches can be
categorized into two classes: offline multi-target tracking
and online multi-target tracking. Offline multi-target
tracking solves the data association problem over large
temporal windows or even the whole video sequence by
global optimization [3-8]. By exploiting information from
future frames, these offline multiple target tracking algo-
rithms can handle detection failures caused by occlusions,
and show high accuracy and robustness. However, opti-
mizing over large temporal windows leads to a significant
temporal delay between the measurements and tracking
results. Therefore, the offline multiple target tracking
algorithms cannot be applied for real-time tracking.

Online multiple target tracking algorithms, which only
consider information up to the current frame and locate the
targets in the current frame, are more suitable for time
critical online applications. Online multiple target tracking
algorithms sequentially grow trajectories with online-pro-
vided measurements. The particle filter [9] and the joint
probabilistic data association filter [10] are two classical
approaches which are wildly used in online multiple target
tracking systems. However, such methods often suffer from
the exponentially increasing complexity in the number of
tracked targets. Alternatively, a greedy scheme [11] or the
Hungarian algorithm [12, 13] can be used to solve the data
association problem more efficiently. Although these
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online multiple target tracking approaches show improved
performance, they tend to drift and to produce identity
swap errors in complex scenes.

The main challenge for online visual multiple target
tracking in unconstrained environments is that the mea-
surements are often noisy and uncertain, such as missing
detections caused by partial occlusions and false positive
detections caused by changing illumination conditions.
Thus, the resulting data association problem between the
measurements and the targets in the online multiple target
tracking systems is very difficult. Recently, some publi-
cations point out that utilizing fuzzy mathematics to model
the uncertain information in the tracking system is helpful
to improve the tracking performance [14-18].e.g., Fuzzy
quadrature particle filter [14], Intuitionistic fuzzy joint
probabilistic data association filter [15], fuzzy Kalman
filter [16], and fuzzy coding histogram [18]. Inspired from
[14], a novel online visual multi-target tracking method
based on intuitionistic fuzzy data association is proposed in
this paper. The main contributions of this paper are sum-
marized as follows:

1) A novel online visual multi-target tracking method
which integrates intuitionistic fuzzy data association
with track management is proposed. Unlike [14], the
proposed method does not use the algorithm structure
of the joint probabilistic data association filter. In
addition, automatically and correctly initialize or
terminate a target track are enabled using track
management.

2) The association costs between targets and measure-
ments are replaced by the intuitionistic fuzzy mem-
bership degrees which can be obtained by a modified
intuitionistic fuzzy clustering algorithm. The associ-
ation costs in previous methods do not consider the
uncertain information of the possible association
pairs leading to the unsatisfying tracking results in
complex scenes. However, by using the intuitionistic
fuzzy membership degrees, the proposed method can
deal with the uncertain and noisy measurements
more effectively leading to the improvement in
tracking accuracy. Furthermore, the modified intu-
itionistic fuzzy clustering algorithm is based on the
multi-cue-based distance measure and a new intu-
itionistic index.

3) A new intuitionistic index is defined based on two
different fuzzy c-means clustering. The defined
intuitionistic index effectively models the uncertainty
of the possible association pair. Combining with the
intuitionistic fuzzy point operator which can extract
useful information from the intuitionistic index, the
uncertainty of the data association is effectively
reduced leading to better tracking performance. In
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addition, the model of the intuitionistic index which
is based on two different fuzzy c-means clustering
has never been reported.

The rest of this paper is organized as follows. The
proposed online visual multiple target tracking method
based on intuitionistic fuzzy data association is presented
in Sect. 2. Experiments are shown in Sect. 3. Conclusions
are presented in Sect. 4.

2 Proposed Online Visual Multiple Target
Tracking Method

In this section, a novel online visual multiple target
tracking method based on intuitionistic fuzzy data associ-
ation is proposed. The framework of the proposed tracking
method is shown in Fig. 1.

In Fig. 1, an object detector based on aggregated channel
features [2] is first applied to produce the set of measure-
ments {z;};,_, .. Each measurement z; is represented by a
bounding box around the target candidate region. Then, a
frame-by-frame data association algorithm based on intu-
itionistic fuzzy sets is used to deal with the online-provided
measurements which are imprecise and uncertain. The
detailed derivation of the intuitionistic fuzzy sets-based data
association algorithm is presented in Sect. 2.1. Through the
intuitionistic fuzzy data association step, the set of correct
association pairs {(0a, 2) }ueq1,  pyikeq,..,y 1S Obtained.
Then, the state of each existing target is updated and pre-
dicted by the Kalman filter. In the same time, track man-
agement is performed to enable automatically and correctly
initialize or terminate an object track. The details of the track
management are presented in Sect. 2.2. The overall online
visual multi-target tracking algorithm is presented in
Sect. 2.3.

2.1 Intuitionistic Fuzzy Data Association

Most previous online visual multi-target tracking approa-
ches use Hungarian algorithm to solve the data association
problem. In the Hungarian algorithm, the optimal associ-
ation pairs are determined by minimizing the total associ-
ation cost. However, the association costs in previous
methods do not consider the uncertain information of the
possible association pairs. In complex scenes, the mea-
surements are often inaccurate, especially when many
targets are close to each other. In this case, the association
cost of an incorrect association pair might be lower than the
association cost of the correct association pair. Therefore,
the resulting association pairs are actually not the best
association pairs. In order to deal with the noisy and
uncertain measurements, intuitionistic fuzzy sets are used
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fuzzy membership degrees.

2.1.1 Intuitionistic Fuzzy Point Operator

In order to represent the imprecise and imperfect infor-
mation, Atanassov [19] extends fuzzy set to intuitionistic
fuzzy set. An intuitionistic fuzzy set A in X is defined as
follows:

A= {<x 1, (), ma(x) > Jx € X} (1)
with the condition
0<py(x)+va(x)<1 VxeX

where p, : X — [0,1] and v4 : X — [0, 1], st represents the
degree of membership, v, represents the degree of non-
membership of element x € X to the set A.

If

ma(x) = 1 — py(x) — va(x) (2)

then 74 (x) is the degree of uncertainty of the membership
of element x € X to the set A, which is called the intu-
itionistic index (degree of hesitancy). If 4 (x) = 0, then the
intuitionistic fuzzy set is reduced to the ordinary fuzzy set.

In order to mine useful information from the intuition-
istic index, the intuitionistic fuzzy point operator proposed
in [20] is applied. It is defined as follows:

Definition 1 For each element x € X, take oy, 5, € [0, 1],
and oy + f, <1, the intuitionistic fuzzy point operator
F, p :IFS(X) — IFS(X) is defined as follows:

Foop (A) = {<x, 14 (%) + 074 (x), va (%) + Boax) > |x € X}

(3)

In [20], the author proves that the intuitionistic fuzzy
point operator F, s has the following properties:

Theorem 1 Let A,B € IFS(X),x € X, 0,, f, € [0,1], and
o+ B <1,

(1) if A € FS(X),then F, 5 (A) = A,

B, :Wm for each element x € X, then F,

B.(A) = {<x,0, B, >|x€X} and F, p (A) € FS
(X).

Obviously, the intuitionistic fuzzy point operator F, g
transforms the intuitionistic fuzzy set A to a new intu-
itionistic fuzzy set F, g (A) with intuitionistic index

T, g, (1) () -
T, (1) (%) = 1= (4 (%) + 2ma (x)) — (va (x) + fi7a (%))
= (1 = o = f)ma(x)
(4)
Therefore, for any x € X, there is 7, , (a)(x) <ma(x). If
A € IFS(X), denotes F, s (A) = Fy, 5 (Fy 5, (A)), then
Fy 5. (A) ={ <, 1a (6) + otema (6) + o (1 = ot = B)7a (x),
va(x) + Boa(x) + Bo(1 — o — B)ma(x) > |x € X}
(5)
and
T () =1~ [a(0) + () + (1 2~ f)ma ()
= [a(®) + Bimax) + Be(1 — o — Bi)ma ()]
=(1 — o — B.)ma (%)
(6)

Generally, for any positive integer n, there are

Fyp.(A) = Fop (Fy 5 (4))

= { <x, 1 (%) + ouma (x) - (locx_ﬁxﬂ_ & ,
= va(x) + Byma(x) L= (L—fxﬁ— B lx € X}
(7)
and
e, (%) = (1= o = B)"ma (x) (8)

where o, + f, # 0,Vx € X.
If x € X, 0, + f, = 0, namely o, = 0 and f§, = 0, then

@ Springer



358

International Journal of Fuzzy Systems, Vol. 19, No. 2, April 2017

Hpn (A)(x) = pa(x)

ax, By
(4)(x) = va(x)

©)

Vn

ax By

Theorem 2 Let A € IFS(X), n is a positive integer. For
each xeX, o,pf, €[0,1], and o,+ f,<1, then,
() (%) L1 4y (x) <ma(x), Vx € X.

o,y

T pn

ox By

Theorem 2 shows that the intuitionistic fuzzy point operator
can reduce the degree of uncertainty of the membership. It
indicates that the intuitionistic fuzzy point operator can mine
useful information from the unknown information of the element.

2.1.2 Modified Intuitionistic Fuzzy Clustering

The modified intuitionistic fuzzy clustering algorithm
combines the intuitionistic fuzzy point operator with a new
intuitionistic index which is based on two different kinds of
membership degrees. To calculate the membership degrees,
fuzzy c-means clustering algorithm and its variants [21-23]
can be used. Overview of the modified intuitionistic fuzzy
clustering algorithm is shown in Fig. 2. In Fig. 2, the red
boxes represent the targets denoted by {01, 0,, 03}, and the
yellow boxes represent the measurements denoted by
{z1,22,23,24, 25} By using the modified intuitionistic fuzzy
clustering algorithm, the intuitionistic fuzzy membership
degree matrix [y],,s can be obtained which reflects the
uncertainty of all possible association pairs.

Suppose that there are the sets of states of the targets O =
{01, ..., 0} predicted by Kalman filter and measurements Z =
{z1,...,2,} produced by the object detector in the current
frame. First, the following objective function is minimized,

min {Jm(U) = ZZuikg(oi,zk)}, 0i €0,z €Z

i=1 k=1

<

)
Zuik: 1,Vk, m=2

i=1

(10)

It leads to

-1

s
=
Il

(11)

where u;, represents membership degree of the predicted
state of the target o; to the measurement z;, v; represents the
cluster center, and g(-,-) represents the multi-cue-based
distance measure defined by Eq. (21).

Then, the other objective function defined as follows is
minimized,

min {Jm(U’) =>

(”;a')mg(OiaZk)} 0, €0,z €Z
=1 k=1

r

Zu;d: 1,Vi, m=2

k=1
(12)

It leads to

RN g(oz‘?zk)>% 1
i LZ; (g(oi,zj) ]
where u, represents membership degree of the measure-
ment z; to the predicted state of the target o; and g(-,-)
represents the multi-cue-based distance measure defined by
Eq. (21). Note that the constraints in Eq. (10) and Eq. (12)
are different.

In order to incorporate intuitionistic fuzzy properties
into the fuzzy membership degrees, the intuitionistic fuzzy
point operator is applied. Given u;, and u}; calculated with
Eq. (11) and Eq. (13) respectively, a new intuitionistic
fuzzy membership degree is defined as follows:

1- (1 — Oz — ﬁzk)n
Oz +ﬁa

(13)

Nig = Uik X u;ci + 0y, T, (Zk) (14)

Fuzzy membership degree matrix 1

zZ |z, 23| 2z, | Z
Fuzzy c-means L M Bt B Mt
clustering 1 Op | Uy | Upy | Ups | Upy | Uys
Intuitionistic fuzzy
4 u. Uy | U u . .
/ 2 | 1) ) T3 | Upy| Tas membership degree matrix
O3 | Uyy | Usy | Usy | Usy | Uss
— ' ‘ Incorporating Thi | Tha | s | Tha | Ths
— g ‘ Fuzzy membership degree matrix 2 intuitionistic fuzzy — | 7y | oz | T3 | Ths | Thas
f roperties
? L ] 011 0,] 0 prop: M1 [ Ma | s | Tha | s
" ’ ’ ’
o \ Zy [ Uy | Y | Uis
measurements z, u;l u;z M;3
= Fuzzy c-means 7 7 7
= i clustering 2 Zy | Uy | Usy | Uy
| b ’ ’ ’
2 1 s Zy | Uy | Ugy | Ugs
’ ’ ’
Zs | Usy | Usy | Usy

Fig. 2 Overview of the modified intuitionistic fuzzy clustering algorithm
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where #;, denotes the intuitionistic fuzzy membership
degree of measurement z; belonging to the target 7, o, and
p, denote the scale factor of the membership information
and non-membership information in intuitionistic index
7o, (21), respectively.

The definition of the intuitionistic index 7,,(zx) should
reflect the uncertainty of the membership degree of the
measurement z; to the target i. Therefore, in the modified
intuitionistic fuzzy clustering algorithm, the intuitionistic
index is defined as follows:

(15)

The larger the difference between the membership
degree of measurement z; to target i and the membership
degree of target i to measurement z;, the more uncertain
information the intuitionistic index contains. The choice of
the parameters of o, and f§, depends on the problem. In
this paper, they are set to o, =uy X u); and
B, =1—oy —m,(z), respectively. Equation (14) indi-
cates that the intuitionistic fuzzy membership degree #,,
includes additional useful information extracted from the
intuitionistic index, which also means that the uncertainty
for assigning measurement z; to target i is reduced.

Mo, (2) = |uix — 1]

2.1.3 Multi-cue-Based Distance Measure

In complex scenes, some targets are difficult to be dis-
criminated by only relying on the appearance information
because of their similar appearances. Therefore, in the
modified intuitionistic fuzzy clustering algorithm, the
information of multiple cues including appearance infor-
mation, shape information, and motion information is
exploited to construct the distance measure. First, the
affinities between the states of the targets and the mea-
surements based on five different cues which compensate
each other to some extent are defined as follows.

1) The affinity between the predicted state of the target
o and the measurement z in terms of spatial
proximity is defined as follows:

2
_ ||(x07yo) — (xzvyz)”Z
20%h0

fi(o,z) = exp (16)

where x, represents the x-coordinate of the center of
the predicted state of the target o and y, represents
the y-coordinate of the center of the predicted state of
the target o; x, represents the x-coordinate of the
center of the measurement z and y, represents the
y-coordinate of the center of the measurement z; A,
represents the height of the target o; parameter g7
represents the variance for the Euclidean distance
between the two centers and is set to g7 = 3.

2)

3)

4)

The affinity between the predicted state of the target
o and the measurement z in terms of shape is defined
as follows:

fa(o,z) =exp (— (h"_—h~)>

20% ’ (h0)2 (17)

where h, represents the height of the target o and A,
represents the height of the measurement z, param-
eter o3 represents the variance for the height and is
set to g3 = 3. Compared with the height information,
the widths of the targets are less distinguishable.
Therefore, the definition of affinity in terms of shape
only relies on the height information.

It is assumed that the motion direction of the
target does not change a lot between consecutive
frames. The constant velocity motion model is
used to model the motion of each target. Thus, the
affinity between the state of the target o, which is
predicted by the Kalman filter, and the measure-
ment z in terms of velocity direction is defined as
follows:

Jarctan((y2 — y;”1)/(. 1)) — aretan(vts! /)
f3(0,2) = exp 2 55 o [V
3

(18)

where y! represents the y-coordinate of the center of
the measurement z, and x’ represents the x-coordinate
of the center of the measurement z in the current
frame; y'! represents the y-coordinate of the center
of the target o, and x'! represents the x-coordinate
of the center of the target o estimated by the Kalman

filter in the previous frame; vﬁ‘ ! represents the
velocity of the target o along with the y-axis, and v;:'
represents the velocity of the target o along with the
x-axis estimated by the Kalman filter in the previous
frame, arctan(vi'/vi"!) represents the motion

direction of the target o in the image coordinate in
the previous frame; parameter a% represents the
variance for the velocity direction and is set to
o3 = 1200.

The affinity between the predicted state of the target
o and the measurement z in terms of color informa-

tion is defined as follows:

1-— p(HC(o),HC(Z)))

2
20%

filo.2) = exp( - (19)
where H,(-) represents the RGB color histogram, p
represents the Bhattacharyya coefficient for the color
histogram of the target o and the color histogram of
the measurement z, parameter o7 is set to 67 = 3.
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5) The affinity between the predicted state of the target
o and the measurement z in terms of the histogram of
oriented gradient is defined as follows:

1-— p(Hg(o),Hg(z)))

2
205

fs(0,z) = exp (— (20)
where H,(-) represents the histogram of oriented
gradient,p represents the Bhattacharyya coefficient
for the histogram of oriented gradient of the target
o and the histogram of oriented gradient of the
measurement z, parameter o2 is set to o2 = 3.

Then, the multi-cue-based distance measure in the
modified intuitionistic fuzzy clustering algorithm is defined
as follows:

g(O,Z) =1 —f1(0,Z) XfZ(O’Z) ><f3(0,Z) ><f4(0,Z)
x f5(0,2) (21)

where g(0, z) denotes the multi-cue-based distance measure
between the predicted state of the target o and the mea-
surement z, f; is defined by Eq. (16), f> is defined by
Eq. (17), f5 is defined by Eq. (18), f; is defined by Eq. (19),
and f5 is defined by Eq. (20).

The fuzzy membership degrees are computed based on the
multi-cue-based distance measure defined by Eq. (21), and
the intuitionistic fuzzy membership degree matrix [17;],,., is
constructed based on the obtained fuzzy membership
degrees. Finally, the correct association pairs between the
targets and the measurements are determined according to
the principle of maximum intuitionistic fuzzy membership
degree. The proposed data association algorithm based on
intuitionistic fuzzy sets is summarized in Algorithm 1.

Algorithm 1 proposed data association algorithm based on
intuitionistic fuzzy sets

Input: A set of predicted states of the targets O = {0y, .
measurement set Z = {zi,...,2,} at frame 7.

..,or}and a

Output: The best association pairs
{loi,z) }yie{1,.. i ke{l,...,r}

1. Compute the multi-cue-based distance measure between predicted
state of each target in O and each measurement in Z by Eq. (16)—
Eq. (21).

2. Construct the intuitionistic fuzzy membership degree matrix [17; ],
by Eq. (10)-Eq. (15). Mark every row and column of the current
intuitionistic fuzzy membership degree matrix.

3. Find the maximum within all the marked elements of the
intuitionistic fuzzy membership degree matrix,

Npg = Max(Mylp,),p € {1,.. . 1},qg € {1,...,r}, then unmark
every element in the p—th row and every element in the g—th column
of the intuitionistic fuzzy membership degree matrix. If

Noq = Wy Yt oo Mpg = {Mig}izy, .y and fi > 0, where f; is defined
by Eq.(17) and the parameter 0 is set to 6 = 0.65, then (0p,z,) is a
correct association pair.

4. If there are both marked row and marked column in the
intuitionistic fuzzy membership degree matrix, then return to step 3.

@ Springer

2.2 Track Management

When a new target enters the scene, the corresponding
track needs to be initialized automatically. Also, when a
tracked target leaves the scene, the corresponding track
needs to be terminated automatically. Therefore, to enable
automatically and correctly initialize or terminate a target
track, several rules of track management are developed.
These rules are described as follows:

i)  The measurement which is not associated with any
existing targets is initialized as a new track, and it
is marked as a temporal target. At the same time, a
Kalman filter is initialized for it.

ii) The temporal target which is consistently associ-
ated in A, frames is marked as a real target, where
the parameter 4 satisfies 4; > 1.

iii)  The states of the temporal targets and of the real
targets are updated and predicted by the corre-
sponding Kalman filters.

iv)  The tracks of the temporal targets which are not
associated with any measurements in subsequent A,
frames are automatically terminated. The tracks of the
real targets which are not associated with any measure-
ments in subsequent /3 frames are automatically termi-
nated. The parameters /4, and 4 satisfy A3 > 1, > 1.

2.3 Overall Online Visual Multiple Target Tracking
Algorithm

The overall intuitionistic fuzzy data association-based online
visual multiple target tracking method is described in Algorithm 2.

Algorithm 2 overall algorithm for the online visual multi-target
tracking method

Input: +—th video frame f'
Output: Estimated states of the targets {0 },_, _, with identities

1. Use the object detector based on aggregated channel features [2] to

generate the measurements {z;},_, , at the current frame.

2. Find the best association pairs {(0n,2&)} (1., npeqr, ...,y between

the measurements {z;} . and the predicted states of the targets

i=1,.,
association algorithm which is described in Algorithm 1.

3. Update the states of the targets with the associated measurements
according to rule (iii) of track management.

4. Initialize temporal target tracks for new targets and produce real
target tracks according to rule (i) and rule (ii) of track management,
respectively.

5. Terminate target tracks for invalid targets according to rule (iv) of
track management.

6. Predict the states of existing targets at the next frame according to
rule (iii) of track management.
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3 Experiments

The proposed method is evaluated on three publicly
available challenging video sequences, including both low-
density and high-density sequences. The comparison
results between the proposed method and other related
methods are also reported. The detailed information of the
used datasets is shown in Table 1.

For the quantitative evaluation, the CLEAR MOT met-
rics [24] are used, including:

— MOTP(1): Multi-target tracking precision, average of
the bounding box overlap over all tracked targets. It is

defined as MOTP = (ZZ ﬁ;;a;”h750)> / (Z n,>,

t
where Area(hiNof) denotes the intersection area

between bounding boxes of the ith ground truth and
the ith tracking result at the time #, Area(h!U o})
denotes the union area between bounding boxes of the
ith ground truth, and the ith tracking result at the time f,
n, denotes the number of tracked targets at the time 7.

— MOTAC(?): Multi-target tracking accuracy, it is defined
as

MOTA =1 — <Z (FP, + FN, +IDS,)> / (; m,>,

t

where FP,, FN,, IDS,, and m, are the number of false
positives, number of missed targets, number of mis-
matches and number of total targets, respectively, at the
time 7.

— IDS(}): ID switch, the number of times that a tracked
target changes its id.

—  MT(1): The ratio of mostly tracked trajectories, which
are tracked for at least 80 %.

— ML(]): The ratio of mostly lost trajectories, which are
tracked for less than 20 %.

— FG(]): Fragments, the number of times that a ground
truth trajectory is interrupted.

For items with 1, higher scores indicate better results,
for those with |, lower scores indicate better results.

3.1 PETS.S2L1 Dataset

Quantitative results on the PETS.S2L1 dataset are shown
in Table 2, while some visual tracking results by the

Table 1 The information of the used datasets

Name FPS Length Resolution Trajectories
PETS.S2L1 7 795 768 x 576 19
PETS.S2L2 7 436 786 x 576 42

Town Centre 2.5 450 1920 x 1080 226

proposed method are shown in Fig. 3. As can be seen,
the proposed method achieves competitive results to
other multi-target tracking approaches. The proposed
method achieves the best performance in terms of
MOTA score. This means that the proposed method can
handle the false positive detections effectively. At the
same time, the MOTP score of the proposed method is a
little lower, and also is the FG score. This means that the
output target trajectories of the proposed method are not
properly aligned with the ground truth, leading to more
fragments. This is because that most targets in
PETS.S2L1 do not satisfy the simple constant velocity
assumption. Therefore, the precision of the target state
estimated by the Kalman filter is low. In the PETS.S2L1
sequence, people walk close together causing frequent
occlusion, and there also exist complete occlusions
caused by the traffic sign. These challenges make data
association more difficult. Figure 3 shows some tracking
examples of the proposed method. As can be seen, the
proposed method is able to track the targets correctly
under severe occlusions to some extent, such as person 2
and person 3 at frame 25; person 6 and person 9 at frame
155. However, the identities of person 2 and person 3 are
changed to 6 and 8, respectively, at frame 65, because
both persons make a sharp direction change after long-
term occlusions.

3.2 Town Centre Dataset

Quantitative results on the Town Centre dataset are
shown in Table 3, while some visual tracking results by
the proposed method are shown in Fig. 4. As can be seen,
the proposed method achieves better performance on
most scores. The proposed method achieves the best
performance in terms of MOTA, MT, and ML scores.
This means that the proposed method correctly tracks
more persons, although the IDS score and the FG score of
the proposed method are a slightly higher. In the Town
Centre sequence, there are more targets than in the
PETS.S2L1 sequence. On average, 16 people are visible
at any time, resulting in frequent dynamic occlusions.
Many people are not detected because of the complete or
partial occlusions. Tracking is difficult in this semi-
crowded environment, especially at the low frame rate.
Figure 4 shows some tracking examples by the proposed
method. As can be seen, the proposed method is able to
track multiple targets robustly under frequent occlusions
to some extent, such as person 4 at frame 19; person 17,
person 21, person 22, person 23, person 24, and person
26 at frame 57 and frame 63; person 39, person 45, and
person 46 at frame 134. Some persons are lost due to the
missed detections, such as the persons pushing a bicycle
at frame 19 and frame 134, respectively.
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3.3 PETS.S2L2 Dataset

Quantitative results on the PETS.S2L.2 dataset are shown
in Table 4, while some visual tracking results by the
proposed method are shown in Fig. 5. As can be seen, the
proposed method achieves the best performance in terms
of MOTA, IDS, MT, ML, and FG scores, while keeping
the MOTP score as high as 67.3 %. The obvious

performance improvement indicates the effectiveness of
the proposed method. The PETS.S2L2 sequence is more
difficult than PETS.S2L1 since the crowded density of
PETS.S2L2 is much higher and missing detections often
occur due to frequent occlusions. Moreover, target
appearance changes heavily, caused by different illumi-
nation conditions in different image regions. However, by
using data association algorithm based on intuitionistic

Table 2 Comparison of

Method MOTA (%) MOTP (%) IDS MT (%) ML (%) FG
tracking results on PETS.S2L.1

Berclazet al. [4] 80.3 72.0 13 89.5 10.5 22

Bae et al. [13] 83.0 69.6 4 100 0 4

Proposed method 88.7 65.7 4 94.7 0 52

Fig. 3 Tracking examples on PETS.S2L1

— ARl

Table 3 Comparison of

Method MOTA (%) MOTP (%) IDS MT (%) ML (%) FG
tracking results on Town Centre

Bae et al. [13] 1.6 69.0 26 0.0 71.7 114

Dicle et al. [8] 15.0 70.0 76 22 58.4 217

Proposed method 34.6 69.4 49 10.0 44.7 197
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Fig. 4 Tracking examples on Town Centre

Table 4 Comparison of Method MOTA (%) MOTP (%) DS MT (%) ML (%) FG
tracking results on PETS.S2L.2
Bae et al. [13] 30.2 69.2 284 24 19.0 499
Dicle et al. [8] 344 70.0 251 0.0 238 514
Proposed method 51.2 67.3 171 16.3 7.0 318

Table 5 Performance comparison results

Algorithm Sequence MOTA (%) MOTP (%) IDS MT (%) ML (%) FG
Intuitionistic fuzzy data association PETS.S2L1 88.7 65.7 4 94.7 0 52
Town Centre 34.6 69.4 49 10.0 44.7 197
PETS.S2L.2 51.2 67.3 171 16.3 7.0 318
Data association based on association cost PETS.S2L1 88.3 65.7 8 94.7 0 53
Town Centre 349 69.3 96 9.0 39.5 239
PETS.S2L.2 51.1 67.3 265 16.3 7.0 431
Tablle 6 Speed comparison Algorithm Berclaz et al. [4] Dicle et al. [8] Bae et al. [13]. Proposed algorithm
results
Frame/second 3.0 54 34 14

fuzzy sets, the proposed method successfully tracks more  person 27, and person 28 at frame 40 and frame 80. The
targets. Figure 5 shows some tracking examples by the  proposed method also can deal with illumination and
proposed method. As can be seen, the proposed method is  appearance variation to some extent, such as person 33 at
able to track multiple targets robustly under severe and  frame 80 and frame 120; person 21 at frame 40, frame 80,
partial occlusions to some extent, such as person 20, frame 120, and frame 160.
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Fig. 5 Tracking examples on PETS.S2L.2

3.4 Performance Evaluation of the Intuitionistic
Fuzzy Data Association

To verify the effectiveness of the proposed intuitionistic
fuzzy sets-based data association algorithm, the Hungarian
algorithm is applied using Eq. (16) to compute the associa-
tion cost instead of the intuitionistic fuzzy membership
degrees, and its performance is compared with the proposed
method. Quantitative results of the comparison on all data-
sets are shown in Table 5. As can be seen, although the
performance differences in terms of MOTA score and MOTP
score between the proposed method and the association cost-
based method are not much, the proposed method achieves
significant improvements in terms of IDS score and FG
score. Compared with the association cost-based method, the
proposed method reduces the ID switches and fragments by
about 49 and 52 on average, respectively. The obvious
improvement in IDS and FG scores indicates that the pro-
posed method can better track targets in complex scenes due
to the correct association. It verifies the effectiveness of the
intuitionistic fuzzy data association.

@ Springer

3.5 Speed of the Proposed Online Visual Multiple
Target Tracking Algorithm

The proposed algorithm is implemented using the
MATLAB on a PC with 3.6 GHz x 2cores CPU and 8 GB
RAM. The complexity of the proposed algorithm depends
on the number of detections and targets in a sequence. The
average speeds of both the proposed algorithm and the
compared methods are given in Table 6. Note that the
reported numbers in Table 6 do not include the detection
time. As presented in Table 6, although the proposed
algorithm achieves significant improvement in terms of
tracking accuracy, the speed of the proposed algorithm is
the lowest. It means that the proposed algorithm sacrifices
a small amount of computational time in exchange for
better tracking accuracy. However, the differences of the
speeds are not much. The most expensive processing in the
proposed algorithm is spent in calculating the multi-cue-
based distance measure. To improve the computational
complexity of the proposed algorithm, the parallel pro-
gramming or GPU-based processing can be used. The real-
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time implementation of the proposed algorithm is a topic
for future research.

3.6 Discussion

In the low-density sequence PETS.S2L1, the proposed
method achieves competitive results to other multi-target
tracking approaches. Compared with the offline multi-tar-
get tracking approach [4], the proposed method achieves
better performance in terms of tracking accuracy mainly
due to the utilization of the information of multiple cues
including appearance, shape, and motion. By using the
multi-cue-based distance measure, the proposed method
performs well in discriminating different targets, especially
when two targets walk closely. Compared with the online
visual multi-target tracking approach [13], the proposed
method also achieves better performance in terms of
tracking accuracy. Because the rules of track management
in the proposed method are able to correctly initialize most
target tracks, thus most false positives are filtered out.
However, the proposed method produces more fragments
compared with the above two approaches. This is mainly
because the Kalman filter cannot effectively handle the
complex movements of the targets. A possible solution to
this problem is to replace the current Kalman filter with
non-linear filter which is able to model the motion of the
target more accurately.

In the more crowded scene Town Centre and the high-
density sequence PETS.S2L2, the appearances of the tar-
gets are quite similar and the occlusion happens frequently
among the targets, which make data association more dif-
ficult. Compared with both offline multi-target tracking
approach [8] and online visual multi-target tracking
approach [13], the proposed method achieves significant
improvement in most evaluation scores mainly due to the
utilization of intuitionistic fuzzy data association. The
intuitionistic index effectively models the uncertainty of
the possible association pair, and the intuitionistic fuzzy
point operator can extract useful information from the
intuitionistic index. Therefore, compared with the other
methods, the proposed intuitionistic fuzzy data association
algorithm can better deal with the uncertain and noisy
measurements, which is further confirmed by the experi-
ment in Sect. 3.4. The drawback of the proposed method is
that the higher accuracy is obtained by sacrificing the
computational complexity. A possible solution to this
problem is to use parallel programming or GPU-based
processing. In addition, although the proposed method
focuses on the visual multi-target tracking, the idea of
intuitionistic fuzzy data association can also be used in
other related fields [25-31].

4 Conclusion

In this paper, a novel intuitionistic fuzzy data association-
based online visual multi-target tracking method is pro-
posed. Different from previous tracking methods, the pro-
posed method does not use the algorithm structure of the
joint probabilistic data association filter and instead
replaces the association costs between the measurements
and the targets with the intuitionistic fuzzy membership
degrees which are obtained by the modified intuitionistic
fuzzy clustering algorithm. Furthermore, a novel intu-
itionistic index is defined based on two different fuzzy
c-means clustering in the proposed method. In addition, a
new track management part is developed to enable auto-
matically and correctly initialize or terminate the target
track. Experimental results using challenging sequences
show the improved performance of the proposed online
visual multi-target tracking method compared with other
approaches.
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