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Neighborhood Rough Filter and Intuitionistic
Entropy in Unsupervised Tracking
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Abstract—This paper aims at developing a novel methodology
for unsupervised video tracking by exploring the merits of neigh-
borhood rough sets. A neighborhood rough filter is designed in
this process for initial labeling of continuous moving object(s) even
in the presence of several variations in different feature spaces.
The locations and color models of the object(s) are estimated using
their lower–upper approximations in spatio-color neighborhood
granular space. Velocity neighborhood granules and acceleration
neighborhood granules are then defined over this estimation to
predict the object location in the next frame and to speed up the
tracking process. A novel concept, namely, intuitionsistic entropy
is introduced here, which consists of two new measures: neigh-
borhood rough entropy and neighborhood probabilistic entropy
to deal with the ambiguities that arise due to occurrence of over-
lapping/ occlusion in a video sequence. The unsupervised method
of tracking is equally good even when compared with some of the
state-of-the art partially supervised methods while showing supe-
rior performance during total occlusion.

Index Terms—Entropy, granular computing, Internet-of-Things
(IoT), neighborhood granules, object estimation, occlusion han-
dling, rough filter, rough sets, unsupervised video tracking.

I. INTRODUCTION

V IDEO tracking, i.e., tracking of moving object(s) from
video sequences is one of the basic steps in computer vi-

sion. Object tracking is required in several fields of computer
vision, e.g., surveillance, gesture recognition, event detection,
and behavior recognition. The tracking problem has been stud-
ied over decades [1]–[4] and there exist several literatures for su-
pervised, partially supervised (with initial manual interactions,
i.e., tracking by detection) [5]–[11], and unsupervised (without
manual interactions, mostly based on background estimation)
[12]–[15] tracking. One may note that in video tracking the com-
plete information on object-background is not always available.
This makes the prediction difficult as there exist several uncer-
tainties arising from, e.g., changes in shapes/sizes of moving
object(s), changes in motion of the object(s), and changes in the
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number of object(s), occurrence of object to object overlapping,
and occurrence of total/partial occlusion to background. These
problems have been recently addressed and several approaches
proposed using statistical modeling, local features extraction,
etc., [6], [8], [16]–[18]. But, the initial object(s) need to be la-
beled manually in all those approaches. Besides, these methods
may fail to estimate the locations of the object(s) during their
total occlusion to background. The method described in this
paper does not need any initial manual interaction and proves
to be effective in handling total occlusion. The merits of neigh-
borhood rough set (NRS) theories are exploited here to model
the uncertainties, which are present in the tasks of unsupervised
initial labeling and tracking.

Theory of NRS is an extension of classical rough sets, which
was defined by Pawlak, [19] to deal with the uncertainties or
incompleteness of knowledge arising from the limited discerni-
bility of objects in the domain of discourse. The key concepts of
Pawlak’s rough set (PaRS) are object “indiscernibility” and “set
approximation.” These characteristics made the theory useful in
several areas of pattern recognition and machine learning, e.g.,
feature reduction and selection [20], image processing [21]–
[23], and data mining and knowledge discovery [24]–[27]. The
classical rough set is enriched in several ways by addition of
some more features to it. The theories, such as rough-fuzzy
sets (RFS) [21], [23], fuzzy-rough sets (FRS)[28], and NRS
[29], [30], are introduced in that line to make this technology
more robust in handling uncertainties. All of them can efficiently
model the ambiguities that arise due to the overlapping nature of
the data. Although the nature of overlapping needs to be known
in RFS or FRS, it is not required in NRS. This phenomenon
of NRS makes it more applicable to unsupervised tasks. NRS
has recently been used in image processing but its merits in
video processing have not yet been explored. In this paper, the
moving object(s) are modeled using the concept of NRS to take
care of the overlapping nature of datasets. The new uncertainty
measures: neighborhood rough entropy (NRE), neighborhood
probabilistic entropy (NPE), and intuitionists entropy, defined
over NRS, enable in quantifying the ambiguities.

While modeling the overlapping nature of the data, NRS uses
granules (clump of objects) formed over its every point. It may
be mentioned here that the concept of granulation was first
introduced by Zadeh [31] and it is the primary step in granu-
lar computing. Granules so formed over every point take into
account their neighborhood as well as the overlapping charac-
teristics of the data. While doing so, their sizes or shapes need to
be defined. But, natural granulation is arbitrary and it does not
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have any fixed shape or size. In this paper, an attempt of using
NRS in forming such natural granules in the frames of video
sequences is made. The similarities in both color and spatial
feature spaces are considered during this formulation, and the
granules thus formed make the processing faster. An NRS filter
is developed in this granulated space for initial labeling of the
objects. Two types of temporal neighborhood granules, namely,
velocity and acceleration granules are defined using the output
of the filter to model the nature of motion of object(s).

The proposed method works as follows. Given an input video
sequence, spatio-color neighborhood granules are formed over
all the frames. Its initial P number of frames are used for initial
object labeling with the proposed NRS filter. The color model
and velocity profiles of the objects are the outputs of this filter
from which the velocity and acceleration granules are generated.
The object location in the next frame is estimated based on
these information and the roughness in estimation is checked.
If it is high then the intuitionistic entropy is computed for the
boundary granules and the ones that are found ambiguous are
eliminated in order to track the object in the frame accurately.
The tracking results, thus produced, are comparable to those of
some of the state-of-the-art algorithms, while superior in case
of total occlusion.

The novelty of the investigation mainly lies in as follows:
1) forming spatio-color neighborhood granules, and velocity

and acceleration granules over video frames;
2) developing NRS filter for unsupervised object estimation;
3) defining NRE by incorporating the overlapping phe-

nomenon of datasets;
4) introducing the concept of intuitionistic entropy for oc-

cluded object estimation.
The significance of these features is demonstrated exten-

sively in the task of tracking continuous moving object(s)
in static background under different kinds of changes in
shapes/sizes of moving object(s), changes in speed, multi-
ple moving objects moving in different directions, occurrence
of object to object overlapping, and object to background
occlusion.

This paper is organized as follows. In Section II, the basic
concepts of rough sets (PaRS and NRS) are described. The
proposed work is explained in details in Section III. This in-
cludes the underlying concepts and theories of spatio-color
granules, neighborhood rough filter, temporal granules, and
intuitionistic entropy. Section IV contains the proposed algo-
rithms. In Section V, all these characteristics and their effec-
tiveness are experimentally demonstrated along with several
comparisons. The overall conclusion of this paper is drawn in
Section VI.

A. Related Work

The problems of multiple object tracking and handling their
overlapping have recently become a challenging task in video
tracking. This problem was primarily addressed by Reid [32],
where the current state is estimated from previous frames using
Kalman filter. Later, particle filtering (also known as sequential
Monte Carlo) was introduced, where a set of weighted parti-
cles sampled from a proposal distribution was maintained to

represent the current and hidden states [33], [34]. This allows
handling nonlinear multimodal distributions.

Kernel-based tracking [35] is another popular method in vi-
sual tracking of nonrigid objects. Here the feature “histogram-
based target representation” is regularized by spatial masking
with an isotropic kernel. Recently a new kernelized correlation
filter [13] is derived to handle the problems of multitarget track-
ing and occlusion. Unlike other kernel algorithms, it has the
same complexity as its linear counterpart.

Sparse-based representation of object templates has become
quite a popular approach to handle the ambiguities in videos.
A sparse weight constraint is introduced in [16] to dynamically
select the relevant templates from the full set of templates. An
algorithm for tracking multiobjects with occlusion based on the
multifeature joint sparse reconstruction is described over these
templates. In [18], an object is represented by the sparse coef-
ficients of local patches based on an over-complete dictionary,
and a classifier is learned to discriminate the target object from
the background. In [9], the sparse representation and online dic-
tionary learning are unified by defining a sparsity consistency
constraint that facilitates the generative and discriminative ca-
pabilities of the appearance model. An elastic-net constraint
is enforced during the dictionary learning stage to capture the
characteristics of the local appearances that are insensitive to
partial occlusions.

There are several other approaches aimed to solve the afore-
said problems. The methodology developed in [17] is in the
form of a binary integer programming problem where a poly-
nomial time solution approach is proposed that can obtain a
good relaxation solution of the binary integer programming.
This is then applied for multitarget tracking. In [8], an object
representation based on the weakly aligned multi-instance local
features is defined, which demonstrates that this representation
improves on the inherent limit of local features invariance under
occlusion. An energy function is developed in [6] for tracking
considering some physical constraints, such as target dynamics,
mutual exclusion, and track persistence. In addition, partial im-
age evidence is handled with explicit occlusion reasoning, and
different targets are disambiguated with an appearance model.
A few deep learning based methods have recently come up to
handle the aforesaid challenges. A single convolutional neu-
ral network (CNN) is developed in [14] for online tracking by
learning the effective feature representations of the target ob-
ject. A two-layer CNN is introduced for object representation
in [15].

The limitation of all these methods is that most of them cannot
work without initial labeling of the object of interest. Besides,
these methods may fail in detecting the moving object(s) when
these are totally occluded to background. The proposed method
for tracking the continuous moving object(s) in a sequence does
not need any initial manual labeling. This method is proved to
be effective in handling even the cases like total occlusion or
overlapping.

II. PRELIMINARIES

Here we describe, in brief, some of the characteristics of
rough sets and NRS, that are relevant to our investigation.
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Fig. 1. Block diagram of the proposed method.

A. Rough Set

Rough set, as introduced by Pawlak (PaRS) in 1981, shows
the way to divide the universe into several non overlapping
segments in a nominal feature space. Let A =< U,A > be an
information system, and let R ⊆ A. The set X (where X ⊆ U )
can be approximated using only the information contained in
R by constructing the lower and upper approximations of X .
If X ⊆ U , the sets {x ∈ U : [x]R ⊆ X} and {x ∈ U : [x]R ∩
X �= ∅}, where [x]R denotes the equivalence class of the object
x ∈ U relative to IR (the equivalence relation), are called the R-
lower and R-upper approximations of X in U . They are denoted
by RX and RX , respectively.

B. Neighborhood Rough Set

In case of real-life data there are nominal as well as numerical
attributes. In numerical feature space, the concept of neighbor-
hood plays an important role [29], [30]. Overlapping is also a
usual property in real-life numerical feature space. The concept
of NRS [29] comes from these properties of data in heteroge-
neous feature space. The neighborhood of a point xi ∈ U , where
U is the universe, is expressed as

ℵ(xi) = {xj ∈ U : �(xi, xj ) ≤ δ}. (1)

In (1), � is a distance function and δ is a threshold dependent
on the dataset that may be the same for all points or may vary.

So, the granules, defined here around points, are overlapping.
Therefore, unlike [19] PaRS, a data point may belong to more
than one granule in NRS. In other words, the constituting points
of a granule may be shared by other granules too.

There are two types of approximations: point based (type 1)
and granule based (type 2) denoted as R1X and R2X , respec-
tively. These are constructed as follows:

R1X = {x ∈ U : ℵ(x) ⊆ X} (2a)

R1X = {x ∈ U : ℵ(x) ∩ X �= ∅} (2b)

R2X = {ℵ(x) ∈ U : ℵ(x) ⊆ X} (2c)

R2X = {ℵ(x) ∈ U : ℵ(x) ∩ X �= ∅}. (2d)

One may note that R1 is defined in terms of belonging of
points (x) whereas R2 is defined in terms of belonging of the
granules defined around x. If R1X = R2X and R1X = R2X ,
then there is no overlapping neighborhood granules, i.e., gran-
ules are crisp, and NRS boils down to PaRS.

III. PROPOSED WORK

A. Overview of the Method

A brief overview of the proposed methodology for unsu-
pervised tracking is shown in Fig. 1. The method has two parts,
namely, initial labeling and tracking. Initial P number of frames
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of a sequence are the input for initial labeling. Spatio-color gran-
ules are formed over these frames as shown in block A. Two
types of frame-to-frame difference (between the consecutive,
and from the P th to all its previous frames) are computed in the
granulated space as shown in block B. NRS-filter-based object
estimation is then performed (block C), and the lower–upper
sets of objects are formed (block M1). The temporal granules
are generated using these estimated object sets (block D). These
information are utilized during the task of tracking in the next
frame (ft+1) onward. During tracking, as shown in the figure,
the input frame is first granulated and the locations are esti-
mated on the frame (block M2) and the roughness in estimation
is checked. If the roughness is high, then the intuitionistic en-
tropy is computed for the boundary granules (block E) to ensure
their presence in the object set, after which the object set is
tracked.

These blocks are described in details in the following sections.

B. Formation of Spatio-Color Neighborhood Granules

The spatial and color nearness are incorporated to form spatio-
color granules in each input video frame (block A). Let fp be
an input video frame and xi be a pixel in this frame. If xi does
not belong to any other granule then a granule ℵ(xi) over this
point is formed as

ℵsp-clr(xi) =
{⋃

xj ∈ U
}

(3)

where xi and xj are binary connected over the condition:
|color(xj ) − color(xi)| < Thr. That is, xi and xj are spatially
adjacent.

It means, the granule around xi contains those pixels for
which the color difference from xi is less than Thr and which are
binary connected over this condition. Thr is the color nearness
threshold. That is, the granules are formed considering color
nearness over spatial feature space, and therefore are of arbitrary
shape and size, unlike the existing approaches [29], [30] based
on (1). The neighborhood points, as defined using (3), with
respect to both the spatial and color similarities, would fall into
the same granules. Note that the center point xi over which a
granule is formed cannot belong to any other granule. In this
way, the formation of unnecessary overlapping granules as in
[29], [30] can be avoided; thereby reducing the complexity.

C. NRS Filter for Unsupervised Object Estimation

Here, the objective is to develop an unsupervised method that
will be able to detect continuous moving object(s) moving with
different velocities in different directions where the background
information is not always available. That is, the decision mak-
ing is to be done from an incomplete knowledge base. Under
this ambiguous situation, the consideration of neighborhood in-
formation of data points appears to be helpful in the process of
estimation. Hence, an NRS-based filter is designed to handle the
uncertainties present in this task where the concepts of lower
approximation and upper approximation of object(s) are used to
model the estimation approximately.

The NRS filter is one type of spatial bandpass filter that
works in temporal feature space over neighborhood granular
level. NRS-based lower and upper approximations of each ob-
ject in the respective frames are performed here. The convolu-
tion between the change information is executed to label which
temporal segment will probably belong to which object in a cer-
tain frame. The different velocity and color models for different
objects in a sequence are the outputs of this filter. The entire
operation is carried out in the neighborhood granular domain.
Therefore, the filter is named as “neighborhood rough filter.”

The input to this filter is two types of temporal information
corresponding to each frame. Let t denote the current frame and
P be the total number of previous frames to be considered. The
extraction of temporal information is done as described below.

1) Difference between the consecutive frames (δi) is ex-
tracted in granular level, i.e.,

δi = {ℵsp-clr(x) : |fi(ℵsp-clr(x)) − fi−1(ℵsp-clr(x))|> T1 ,

i = t, . . . , t − P}.
(4)

In (4), fi and fi−1 represent two consecutive frames,
fi(ℵsp-clr(x)) and fi−1(ℵsp-clr(x)) represent the spatio-
temporal granules formed around the point x in the afore-
mentioned two frames, and T1 is a temporal threshold to
detect the changed regions between frames.

2) Differences from the current frame to all its previous
frames (δp ) are computed in granular level as

δp = {ℵsp-clr(x) : |ft(ℵsp-clr(x)) − fi(ℵsp-clr(x))| > T2 ,

p = t − 1, . . . , t − P}.
(5)

In (5), T2 is another temporal threshold to roughly detect
the changed regions from current to all its previous frames.

These two information in the filter get convolved resulting in
the color models and velocity profiles of the objects in a frame.
Based on these, locations of the objects are estimated in the next
frame.

Let P previous frames be considered for approximation.
The inputs to the filter are: 1) the union of the changed re-
gions among current to all its previous frames (δP =

⋃
δp :

p = t − 1, . . . , t − P ) and 2) the changed regions between the
consecutive frames (δi). That is, a “one to P points convolution”
will take place in the filter which is expected to result in a P
point matrix. Since two approximated decision spaces (lower
and upper) over the filter are defined here to deal with the uncer-
tainties, there will be two P point output matrices. The design
of the filter is described as follows:

{δi : i = 1, . . . , P} ∗ δP = {Oc : c = 1, . . . , P}
{Oc : c = 1, . . . , P} (6)

where the left-hand side and the right-hand side represent the
input and output of the NRS filter and ∗ denotes the convolution
operation. The two convolution parameters that are used during
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Fig. 2. Example of input and output of NRS filter.

the approximation are as follows:

Uc = δP ∪ {δi : i = 1, . . . , P} and (7)

Ic = δP ∩ {δi : i = 1, . . . , P}. (8)

Oc and Oc in (6) are defined as

Oc = {ℵ(x) ∈ U : ℵ(x) ∈ Ic} and (9a)

Oc = {ℵ(x) ∈ U : ℵ(x) ∈ Uc & ℵ(x) ∩ Ic �= ∅}. (9b)

The neighborhood granules {ℵ(x)}, with which the approx-
imations are performed, are the spatio-color granules (as de-
scribed in Section III-B) belonging to the regions δP and δi . An
example of input and output of NRS filter is shown in Fig. 2
where P = 3. The convolution results in two 3 × 1 matrices
representing two types of approximated regions of the objects
as the output of NRS filter.

D. Performance Measure of NRS Filter

The performance of NRS filter is measured with the ratio
of the cardinality of the obvious object sets (signal) to that
of the boundary sets (probable noise). The cardinality of the
object/boundary sets is viewed as the amplitude of the signal
(noise) sets therein.

The signal-to-noise ratio (SNR) [36] of the NRS filter is
expressed as

SNR = 20log10
|Oc |

|Oc | − |Oc |
. (10)

The lower value of SNR reflects the poorer performance of
the filter. The performance of the filter depends on its three
parameters viz., P ,T1 , andT2 . These may be adjusted as follows.

If the value of |Oc | is much low then it can be assumed that
smaller than the exact region is extracted out from δi and hence
the value of threshold T1 should be lowered down.

If the noise |Oc | − |Oc | is much higher, then it can be assumed
that the extracted changed information from δP is more than that
was required and the value of threshold T2 needs to be increased.

If neither the signal nor the noise gets much deviated than
their expected values, but SNR is still low, then the number of
previous frames P needs to be increased by two to have more
information. The entire process is then repeated.

As the approximated locations and color models of the ob-
jects are roughly estimated after filtering over the P frames,

these information are used for modeling the same in the next
frame onward. The methods of generation of velocity profile and
estimation of location of the objects as required in the process,
are described in the next section.

E. Temporal Neighborhood Granules and Location Estimation

The location of the object in the next frame is estimated based
on its change in location and the pattern of changes from frame to
frame. This needs modeling the nature of variation in size, speed,
and direction of the objects. The velocity neighborhood granules
and the acceleration neighborhood granules are defined to serve
this purpose. These are discussed in the following sections.

1) Velocity Neighborhood Granules (ℵV ): These granules
are formed to integrate the information of objects’ velocity, i.e.,
the changes of object locations from frame to frame. It is known
that velocity has two components: magnitude and direction. The
signed differences between the locations (primarily the locations
of the four corners of object silhouette) in consecutive frames
are treated as the velocity here. Let (x1 , y1),...,(xP , yP ) be the P
positions of a corner of an object Oc : c = 1, . . . , P ). The shifts
between the locations V̂ ≡ (vx, vy ) in consecutive frames are
computed as

vxc
= xc − xc−1 (11a)

vyc
= yc − yc−1 , c = 1, . . . , P. (11b)

Here, the signed difference is computed in (11) to reflect the
direction.

Let the set of the shift values obtained from (11) be repre-
sented as: SV = V̂c ,∀c = 1, . . . , P . There are four such sets for
four corners of each object. Velocity granules (ℵv ) are consti-
tuted by the shift values within the previous P number of frames,
which are nearer to that of the previous frame, as follows:

ℵV = {V̂c ∈ SV : �(V̂c , V̂t) < ThV ,∀c = 1, . . . , P}. (12)

There are four ℵV s for each object. The nearness threshold
ThV is chosen based on the acceleration granules, discussed in
the next section.

These velocity granules (ℵV s) can easily separate the moving
object(s) (moving with consistency) and noise (random move-
ment) based on their cardinality. For example, the granules that
are formed over noise should be of cardinality one, as there is
no continuous shift for them.

2) Acceleration Neighborhood Granule (ℵA ): The mov-
ing object(s) in a video sequence do not usually move in a
uniform speed. Rather, gradual changes in shape/size, speed,
direction, etc., are obvious. The acceleration granules are de-
fined to estimate the pattern of the change in velocity. Let
(vx1 , vy1 ),...,(vxP

, vyP
) be the P velocities of a corner of an

object. The changes in velocity of that corner, Â ≡ (ax, ay ), in
consecutive frames are defined as

axc
= vxc

− vxc −1 (13a)

ayc
= vyc

− vyc −1 , c = 1, . . . , P. (13b)
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Fig. 3. Example location estimation over the output from NRS filter.

The acceleration granules are formed over the set SA =
{Âc ,∀c = 1, . . . , P} as

ℵA = {Âc ∈ SA : �(Âc , Ât) < ThA ∀c = 1, . . . , P} (14)

where ThA is the nearness threshold, and there are four ℵA s for
each object as in the case of ℵV .

The velocity and acceleration granules, thus formed for a
frame, are used to estimate their probable values in the next
frame. The search space in a frame is optimized with the help of
these two types of granules once the object(s) are approximately
known. Let the location of the objects in the tth frame be Lt .
Then, the predicted location of those objects with |ℵV | > P/2
in the (t + 1)th frame will be

˜Lt+1 = Lt

⊕
{ℵVr

: r ∈ {RU, LU, LL, LC}}
⊕

{ℵAr
: r ∈ {RU, LU, LL, LC}} ∈ O (15)

where RU, RL, LL, and LU represent the four corners of an
object region and

⊕
stands for set summation. Note that, the

region L̃t+1 is supposed to contain the set of spatio-color neigh-
borhood granules in O. Here O = {Oc : c ∈ P}.

An example of location estimation of the objects (obs) over
the lower approximated output of Fig. 2 is shown in Fig. 3
where the estimated locations are shown in gray color. As seen
in Fig. 3, there is no estimation performed for the object “ob7”
as there is no continuous shift in this region. It is, therefore,
detected as noise.

F. Roughness in Object Approximation

Let there be M number of moving objects in a sequence.

Then, M number of estimated locations L̃t+1 will be there in
the tth frame. The roughness of the estimated locations is mea-
sured based on how many similar color granules (ℵclr) are there
in the approximated regions in the current frame as compared
to that of the object models. Let the approximated model of the
mth moving object be Om = {∪ℵclr : ℵclr ∈ (Ocm

∩ Ltm
∀c =

1, . . . , P ). Then, the roughness of the object model approxima-
tion (R̃Om ) is defined as

R̃Om = 1 − | ˜Ltm
∩ Ocm

|
|Ocm

|
. (16)

In (16), | ˜Ltm
∩ Ocm

| represents the total number of similar color
granules between the estimated object models and the estimated
regions. If the value of ˜ROcm

is high (as determined by a pre-
defined threshold ThO ) for the mth object, it means that there
are less similar granules. In other words, it can be hypothecated
that there occurs some occlusion over that object either with the
background or with another object. The concept of intuitionistic
entropy measure is, accordingly, introduced to deal with such
issues by estimating whether a granule is intuitionally present
in the object set in terms of its overlapping nature and its prob-
ability of being in the predicted location. The details of it is
described in the next section.

G. Intuitionistic Entropy

This entropy is defined by incorporating the merits of both
rough entropy and probabilistic entropy. The granules over
which this measure is performed are those that are present in
object model (Om ) but not completely in the predicted region
(Om (ℵclr) − L̃m (ℵclr) ∩ Om (ℵclr)). It determines the presence
of a spatio-color granule in the predicted object region even if it
is visually absent. This is constituted by two types of uncertainty
measures: NRE and NPE. The first one measures the importance
of a boundary granule to the object model, whereas the second
one evaluates its probability of being in the predicted region. In
this way, the combination of these two intuitionally estimates
the object in the next frame. The new NRE is formulated here
by incorporating the characteristics of overlapping, whereas the
NPE ensures the estimation.

1) Neighborhood Rough Entropy: The importance of a
boundary granule ℵBO to the respective object model (Om ) is
measured from this entropy. The cardinality measure of a set is
redefined in this process as NRS deals with overlapping gran-
ules. This implies that same points may belong to more than
one granule. Therefore, instead of counting each granule as an
individual entity (such as PaRS), the part of the granule which
is not already counted is considered. In this way, the repetition
in counting is avoided. The overlapping cardinality (represented
as 〈.〉) of a neighborhood rough set (N ) is defined as

〈N〉 =
∑
g∈G

∂g (17)

where G is the total number of granules in the set N . ∂g denotes
the part of the granule not already counted. It is mathematically
explained in (18) shown at the bottom of this page.

The NRE that is defined here concerns only with one (object)
class, as the background class is not estimated. It is expressed
as

NRE = −e ∗ RO ∗ ln(RO) (19)

∂g =
Points not in overlapping regions with already counted granules

Total no.s of points in the granule
. (18)
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Fig. 4. Example two overlapping granules. (a) Granules with different degree
of overlapping, and (b) according variation in NRE.

where the roughness RO is

RO = 1 − 〈Om − ℵBO〉
〈Om 〉 . (20)

NRE reflects the amount of difficulty in deciding whether a
boundary granuleℵBO belongs to the object region or not (noise).
An example is shown in Fig. 4 to demonstrate the effect of ∂g

over NRE where a simple case with two granules overlapping
to each other is considered. It is shown that the gray granule
in Fig. 4(a) is in the lower approximation and the white one
is the boundary granule. Fig. 4(a) shows that, the NRE value
for a boundary granule is high if there is minimum overlapping
(0 ≤ ∂g < 0.5). It attains the maximum value when ∂g = 0.5
as the decision making over that boundary granule becomes the
toughest in this scenario. The NRE decreases gradually after
∂g > 0.5 as the degree of overlapping increases, and it attains
its minimum value (= 0) once ∂g = 1, that is the lower and
upper approximation are the same and no more uncertainty is
there. Therefore, the granules with ∂g < 0.5 may be considered
as noise. Note that had the study been performed according
to the conventional definition of cardinality, the entropy value
would have been the same for any value of ∂g .

NRE determines the significance of ℵBO to the object model.
Now, its probability of being present in the estimated region
L̃t+1 is determined by NPE, as discussed in the next section.

2) Neighborhood Probabilistic Entropy: This ambiguity
measure is based on the probability of occurrence of a gran-
ule, and not on the cardinalities of the approximated sets. Two
types of probabilities: 1) the probability of occurrence of ℵBO

over the sequence and 2) its probability of being in the L̃t+1 are
considered. The computation of the second one is dependent on
the first one.

Let ℵBO be present P times in the object models over the
previous P frames (i.e., P ≤ P ). Then, its probability of occur-
rence (NPO) over the sequence will be

NPO =
P
P

. (21)

Let the location of ℵBO in (t)th frame be lt and its predicted
location in the current frame be l̃t+1 = lt

⊕
vm

⊕
am accord-

ing to (15), where vm and am are the mean of ℵV and ℵA ,
respectively. The probability of being the granule in the pre-
dicted region (NPR) is computed based on the belongingness
of l̃t+1 in L̃t+1 over NPO (21). Therefore, it is a conditional

Fig. 5. Plot of (a) NPR versus NPE; (b) variation of EI with NPE and NRE.

probability that is described as

NPR = NPO × |l̃t+1
⋂

L̃t+1 |
|l̃t+1 |

. (22)

The NPE is defined as

NPE = −e × NPR × ln(NPR). (23)

The characteristics of NPE versus NPR is shown in Fig. 5.
It can be noticed that NPE increases initially with NPR and
attains its maximum value at 1/e, then it starts to decrease. That
is, the granules with NPR < 1/e may be treated as noise and
not considered as probable object granules.

The intuitionistic entropy (EI ) considers the effects of both
NRE and NPE. EI is measured twice for each boundary granule
ℵBO (with respect to object set and that of its complement) to
ensure its presence in the object set. Let NRE1 be the value
of NRE, and NPE1 be the value of NPE after inserting ℵBO in
the O. The object intuitionistic entropy (EIO

) of the granule is
defined as

EIO
=

NRE1 + eNPE1

e + 1
. (24)

Similarly the background intuitionistic entropy EIB
is defined

with the complement values of NRE1 and NPE1 , denoted as
NREc

1 and NPEc
1 , respectively. That is

EIB
=

NREc + eNPEc

e + 1
. (25)

If EIB
> EIO

, it means, the boundary granule ℵBO reduces
the overall ambiguity when it is in the object set. Then, ℵBO is
labeled as an object granule, otherwise the background (noise).

The nature of variation of EI with NPE and NRE is shown
separately in Fig. 5(b). The red “o-” line shows the variation of
EI with NPE which is exponential in nature, and the blue “*-”
line shows its variation with NRE which is linear. That is, the
impact of the change in NPE on EI is higher as its probable
deviation is taken into account during the formulation. This is
not the case for NRE where the impact is linear.

IV. ALGORITHM FOR TRACKING

The overall algorithm for tracking is described here in brief for
a single moving object. This algorithm primarily consists of two
parts: training and testing. These are described in Algorithms 1
and 2, respectively.
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Algorithm 1: Unsupervised Object(s) Model Estimation
With NRS-Filter.

INPUT: Initial P frames, Spatio-color granular threshold
Th, Temporal thresholds: T1 , T2
OUTPUT: Approximated object models Oc and Oc :
c = 1, . . . , P
INITIALIZE: Oc = Oc ⇐ ∅
1: Compute temporal values δi and δp .
2: Form spatio-color neighborhood granules (see
Section III-B) over P frames.
3: Perform rough object-background separation with NRS
filter (see Section III-C) to extract out Oc and Oc

: c = 1, . . . , P − 1.
4: Measure the performance (SNR) of it as described in
Section III-D
if SNR is low then

while Oc − Oc < Oc do
set P = P + 2; go to step 1.

end while
end if
5: Approximate the objects’ models O
6: Form velocity and acceleration granules (ℵV , ℵA ) (see
Section III-E).

Algorithm 2: Object Tracking.

INPUT: Next frame ft+1 , O, ℵV , ℵA , Tho

OUTPUT: Object in the current frame O
INITIALIZE: O ⇐ ∅
1: Approximate locations ˜Lt+1 in the next frame.
2: Compute the roughness in object location approximation
R̃O.
if R̃O > Tho then

Compute intuitionistic entropy and estimate L̃t+1 .
else

Set Ot+1 = L̃t+1 .
end if
3: Track L̃t+1 .
4: Update ℵV and ℵA ,
5: Update O
6: Set t + 1 = t.
7: Repeat step 1 to step 4.

The same steps of these algorithms will be repeated M times
for M number of moving objects in a sequence.

A. Complexity of the Algorithm

The computational complexity of this algorithm is low as the
algorithm works in granular level. If there are total N num-
ber of pixels in a frame, then the complexity of granulation is
O(N

n ), with n degree of similarity. The computational com-
plexity during training with P previous fames is O(P N

n ) and

the complexity of tracking M number of objects is O(M L̃
n Ψ).

Ψ is the number of iterations required in the process. That is,
the computational time of this algorithm is dependent on the
size, number, and internal color variation in the object models.
The average computational time per frame for the aforesaid se-
quences varies from 0.3 to 1.2 s depending on the nature of the
sequences.

V. RESULTS AND DISCUSSIONS

The effectiveness of the proposed algorithm is estab-
lished in this section with experimental results. The key fea-
tures/advantages of this algorithm lie in the following:

1) tracking multiple objects, without any prior knowledge,
even with variations in shape/size or speed,

2) tracking object(s) even if it is fully/partially occluded with
background or gets overlapped with other moving ob-
ject(s).

The video sequences with different characteristics, e.g., in-
door/outdoor surveillance [37]–[41], single/multiple moving
object(s) [4], [42]–[44], body part(s) movements [45] are con-
sidered during the experiment. The algorithm is executed almost
over 2500 frames in total.

The video sequences over which the results are shown here, as
examples, are described below. 2b-sequence [37] has six people
moving in different directions. Sequence M 10 [45] has one
lady who is moving her hands with overlapping between them.
In the sequence 14-LD [42], one person is moving with total
occlusion twice. There are five people moving in a group, get
occluded to each other and background in the sequence P -15
[44]. There are three moving people who get occluded and
overlapped with one another in the sequence New Occ4 [41].
In the sequence S2-L1 [39], multiple people are moving in
different directions, gets overlapped, and new persons appear.
Sequence P -01 [38] initially contains one moving person and
then one moving car appears at different velocities and with
different variations in shape and size over the sequence. In A-07
sequence [40], there is initially one person moving, gets totally
occluded with background and reappears, then another person
appears from a different direction and moves. Two people enter
one by one and get partially overlapped with change in their
directions in the sequence much-132 [43]. The results that are
obtained with these datasets are shown in the following sections.

A. Selection of Parameters and Initial Assumptions

The underlying assumptions during the initial labeling are:
1) no moving object should get occluded or overlapped and 2)
the moving object and its respective background should be well
separable in RGB feature space. Selection of parameters is a
crucial issue in every tracking algorithm. In the present investi-
gation, one of the objectives is to make the parameters adaptive,
as much as possible, so that these can take the approximate
values automatically depending on the nature of the movement
and size of the objects in a sequence. The method of selecting
the parameter P , depending on the speed of the object(s) from
frame to frame for the aforesaid sequences is explained in Sec-
tion V-B. The initial values of T1 and T2 were set as 15, and
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Fig. 6. Initially tagged objects of (a) 2-b sequence, (b) M 10 sequence,
(c) 14-LD sequence, (d) P -15 sequence, (e) New Occ4 sequence, (f) S2-L1
sequence, (g)P -01 sequence, (h)A-07 sequence, and (i) much-132 sequence:
(i)initially present object(s), (ii) newly appeared object(s).

they get updated according to the requirement of the respective
video sequence. The value of Th was set as 30, as this value
is experimentally found to provide a balanced tradeoff between
the accuracy and number of segments.

B. Effectiveness of Unsupervised Labeling and Estimation

The results for initial unsupervised labeling of continuous
moving object(s) using NRS filter are shown in this section. The
visual results in Fig. 6 show the first labeled frames with respect
to the appearance of the object(s) in the respective sequences.
For example, no new object(s) appear in the sequences: 2-b,
M 10, 14-LD, P -15 and New Occ4 [see Fig. 6(a)–(e)]. But
new moving object(s) appear in the sequences S2-L1, P -01,
A-07, much-132 [see Fig. 6(f), (g), (h), (i)]. The initially present
object(s) in the respective sequences are shown in Fig. 6(f)-(i),
(g)-(i), (h)-(i), and (i)-(i); and the object(s) that appeared late
are shown in Fig. 6(f)-(ii), (g)-(ii), (h)-(ii), and (i)-(ii). The
initially present object(s) (I) in each sequence are marked by
red trackers whereas the newly appeared ones (N) are marked
by violet trackers in Fig. 6.

The required number of frames (P ) to label an object varies
depending on the speed of the object even in the same sequence.
This is shown in Table I where P -values required for labeling
the initially present object(s) as well as the newly appeared ob-
ject(s) for the aforesaid sequences are given. The accuracy of
initial labeling is measured in terms of the root-mean-square-
distance between the four corners of bounding boxes of the
annotated ground truth and that of the labeled object (Oc )
(RMSEL ). The other metric that is shown in the table is ac-
curacy in prediction in the next frame (RMSEP ), which is mea-
sured the same way as that of RMSEL , where the distance
between the predicted region in the next frame of the labeled

one (L̃t in Section III-E) and the corresponding ground truth is
computed.

It can be noticed from Table I that the parameter P is se-
lected automatically depending on the speed of the object and
it varies for each object accordingly. Different types of objects

in different scenarios are identified with RMSEL attaining val-
ues between 5.4 and 14.8 pixels for the aforesaid sequences.
This can be interpreted as quite efficient, as evident from the
results of tracking described in the next section. Similar con-
clusion can be drawn for the prediction task by observing the
RMSEP -values. These results demonstrate the effectiveness of
the proposed NRS filter, and the velocity and acceleration gran-
ules for the tasks of unsupervised object labeling and location
estimation, respectively.

C. Results of Tracking

The results of tracking using our proposed method is shown in
this section. The effectiveness of this algorithm in dealing with
the cases involving 1) variation in shape/ size (P -01, A-07), 2)
appearance of new object(s) (as discussed in Section V-B), 3)
nonuniform movement of object(s) (S2-L1, M 10, much-132)
is shown here. The results for dealing with occlusion using the
proposed intuitionistic entropy are also shown. The datasets
used here characterize different types of occlusions as follows:

1) object to background (14-LD, A-07, S2L1, P -15);
2) object to object (S2-L1, M 10, much-132, New Occ4);
3) partial (S2-L1, M 10, much − 132);
4) total (14-LD, A-07).
The comparative studies are carried out with seven recent

partially supervised methods (where the object(s) are manually
labeled in the initial frame) that are proved to be effective and
robust to multiobject tracking and occlusion handling are made
to demonstrate the merits of our algorithm. The parameters for
these algorithms are set by following the instructions provided
in the respective papers. These comparing methods alongwith
their parameter values are described below.

MTJSR [16] where the templates from different image fea-
tures are fused to form a robust object model and the tracking
is done with particle filter. Here, the Gabor filter is set to 2 and
π/2 according to the paper.

MCIO [17] where many to one (M to 1) optimization ap-
proach is performed for tracking multiple interacting objects.
We set the parameters as: M = 2, σ = 0.3 and g = 4 following
the paper.

OM [6] where an energy-based model of multitarget tracking
is defined over all the target locations and all video frames in
a given time window. Here, the values of the parameters are:
λ = 0.1, δ = ε = 0.6, and β = 0.03 as given in the paper.

ALIEN [8] where the objects are represented by their invari-
ant local features taken in different conditions (oversampling).
Following the paper, we set the parameters as: λT = λC = 2.5,
l = 10, nu = 8, and σ = 1.

JORS [18] where object tracking is formulated as an opti-
mization problem by considering both the reconstruction and
classification errors in the objective function. Here, we set
N = 15, β = 0.2, T1 = 0.05, T2 = 0.5, and T3 = 0.7 as in-
structed in the paper.

DeepTrack [14] where tracking is performed using a single
CNN, which is developed for learning effective feature repre-
sentations of the target object in a purely online manner. Here,
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TABLE I
EFFECTIVENESS OF NRS FILTER BASED UNSUPERVISED LABELING

Sequences 2-b M 10 14-LD P -15 New Occ4 S2-L1-I S2-L1-N P -01-I P -01-N A-07-I A-07-N much-132-I much-132-N

P 10 7 8 11 5 6 7 17 9 7 8 7 6
RMSEL 11.4 9.3 5.4 12.2 7.5 12.7 15.1 6.3 12.2 5.2 14.8 11.1 9.2
RMSEP 10.7 7.11 4.3 11.4 6.8 14.2 13.4 5.9 11.4 6.4 13.9 9.2 15.1

the input is locally normalized into 32 × 32 image patches in
the first layer and 7 × 7 image patches in the second layer as
that was there in the paper.

CNT [15] where simple two-layer convolutional networks are
used for object representations and a “deep network” structure
is introduced in visual tracking. Here, the size of the wrapped
images and field size are set to 32 × 32 and 7 × 7, respectively,
following the paper.

The visual comparative results with these seven other robust
methods are shown in Fig. 7. It can be noticed from the fig-
ure that all of the algorithms perform well in multiple object
tracking as well as for object-to-object overlapping/interaction
handling. However, the proposed unsupervised algorithm works
better when total object-to-background occlusion takes place as
the newly defined intuitionistic entropy incorporates both of
the overlapping and probabilistic properties of the moving ob-
ject(s). It can be seen in Fig. 7(c-(iv)), (e-(iii)), (h-(ii), h-(iii))
that the unseen object(s) (totally occluded by background/other
object) are almost correctly identified by the proposed algorithm
whereas there are localization errors for the other algorithms.
The quantitative comparative studies in terms of average RMSE
(computed similarly as that of RMSEL ) and percentage of cor-
rectly classified frames in each sequence are shown in Tables II
and III, respectively. The performances of all these eight meth-
ods throughout the aforesaid nine sequences are shown in Fig. 8.
It is seen in Fig. 8 that all the eight methods perform well when
there is no occlusion or overlapping, whereas the performances
of the methods, namely, “MTJSR,” “MCIO,” “OM,” “ALIEN,”
“JORS” deviate and attain higher values when some overlapping
took place. One may note the values of RMSE for the sequences
M 10, P -15, New Occ4, S2-L1, and much-132 in Fig. 8(b)–(i)
deviated for the said methods over the frames where overlap-
ping/occlusion takes place. Values of RMSE increases for the
other two methods, namely, “DeepTrack” and “CNT” when to-
tal occlusion occurs. Total object to background occlusion takes
place in the sequences 14-LD and A-07 [see Fig. 8(c) and (h)].
The existing algorithms fail to estimate the totally occluded
objects resulting in a higher RMSE value; however, they can
again track those once they reappear (become visible). RMSE
for the proposed method remains almost the same throughout
the sequences (though not the best for all the cases), when no
new object appears. That is, the proposed method is well ca-
pable in handling total occlusion or overlapping. These results
conform to the visual results. The average RMSE (see Table II)
values also reflect similar conclusions for all the sequences with
multiple moving objects or with very low object-to-object in-
teractions. This proves the effectiveness of all the existing as
well as the proposed algorithms in handling such cases. The

Fig. 7. Results of tracking for (a) 2-b sequence, (b) M 10 sequence, (c)14-LD
sequence; (d) P -15 sequence, (e) New Occ4 sequence, (f) S2-L1 sequence,
(g) P -01 sequence, (h) A-07 sequence, and (i) much-132 sequence.

percentage of the correctly classified frames (see Table III) ob-
tained by the algorithms for the aforesaid sequences are very
high reflecting their accuracy in tracking throughout the se-
quences. It can also be observed that OM works the best for
multitarget tracking, whereas DeepTrack for interacting objects.
The proposed algorithm can estimate the locations of the totally
occluded object throughout with the accuracy (RMSE) value
around 3.
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TABLE II
AVERAGE RMSE

Sequences 2-b M 10 14-LD P -15 New Occ4 S2-L1 P -01 A-07 much-132

MTJSR 3.2 2.4 11.2 2.6 5.8 4.1 1.8 8.2 2.6
MCIO 2.3 3.7 10.7 2.3 8.2 3.9 1.2 7.8 2.4
OM 0.8 3.25 8.3 1.8 8.9 3.65 2.4 7.9 3.01
ALIEN 0.56 3.45 5.2 1.7 6.1 3.76 2.2 8.1 3.2
JORS 3.26 4.15 12.3 4.1 9.7 3.33 1.72 12.1 2.22
DeepTrack 1.23 2.41 8.3 0.8 5.1 2.88 1.47 3.9 1.68
CNT 0.97 2.58 8.1 1.6 6.21 3.08 1.13 7.8 1.91
Proposed 3.11 3.35 3.98 0.83 2.67 3.13 1.22 3.1 2.13

TABLE III
% OF CORRECTLY CLASSIFIED FRAMES

Sequences 2-b M 10 14-LD P -15 New Occ4 S2-L1 P -01 A-07 much-132

MTJSR 98 97 80 82 90 93 96 86 99
MCIO 99 96 82 85 95 98 99 85 97
OM 100 98 83 84 93 97 97 87 99
ALIEN 100 97 81 84 96 98 99 90 98
JORS 94 95 79 83 92 93 97 82 98
DeepTrack 92 96 88 90 96 95 97 91 99
CNT 93 95 92 93 95 91 94 96 98
Proposed 98 97 98 96 97 98 98 98 97

Fig. 8. RMSE value throughout the sequences: (a) 2-b sequence, (b) M 10 sequence, (c)14-LD sequence; (d) P -15 sequence, (e) New Occ4 sequence,
(f) S2-L1 sequence, (g)P -01 sequence, (h)A-07 sequence, and (i) much-132 sequence.
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VI. CONCLUSION

This paper develops a methodology for unsupervised track-
ing of multiple moving object(s) considering the cases such as
occlusions/ overlapping by exploring the features of NRS. The
newly introduced concept of spatio-color granules over video
frames is proved to be effective in reducing the complexity of
the algorithm. The NRS filter designed can label the continuous
moving object(s) accurately without any manual interactions.
The proposed concept of intuitionistic entropy enables to handle
efficiently the cases such as partial/total occlusions/overlapping.
The unsupervised method, developed, provides equally good re-
sults in the task of tracking when compared with the other recent
partially supervised methods, and proves to be superior in the
frames where total object-to-background occlusion takes place.

The method can be further extended for real-time applications
by exploring more merits of rough sets and granular computing.
The proposed concepts of NRS filter and intuitionistic entropy
can be applied to the other areas of signal processing where the
unsupervised prediction and ambiguity handling are of concern.
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