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Granular Flow Graph, Adaptive Rule
Generation and Tracking

Sankar Kumar Pal, Life Fellow, IEEE, and Debarati Bhunia Chakraborty

Abstract—A new method of adaptive rule generation in
granular computing framework is described based on rough rule
base and granular flow graph, and applied for video tracking.
In the process, several new concepts and operations are intro-
duced, and methodologies formulated with superior performance.
The flow graph enables in defining an intelligent technique for
rule base adaptation where its characteristics in mapping the
relevance of attributes and rules in decision-making system are
exploited. Two new features, namely, expected flow graph and
mutual dependency between flow graphs are defined to make the
flow graph applicable in the tasks of both training and validation.
All these techniques are performed in neighborhood granular
level. A way of forming spatio-temporal 3-D granules of arbi-
trary shape and size is introduced. The rough flow graph-based
adaptive granular rule-based system, thus produced for unsu-
pervised video tracking, is capable of handling the uncertainties
and incompleteness in frames, able to overcome the incomplete-
ness in information that arises without initial manual interactions
and in providing superior performance and gaining in compu-
tation time. The cases of partial overlapping and detecting the
unpredictable changes are handled efficiently. It is shown that the
neighborhood granulation provides a balanced tradeoff between
speed and accuracy as compared to pixel level computation. The
quantitative indices used for evaluating the performance of track-
ing do not require any information on ground truth as in the
other methods. Superiority of the algorithm to nonadaptive and
other recent ones is demonstrated extensively.

Index Terms—Adaptive rule-base, flow graph, granular
computing, Internet of Things (IoT), neighborhood rough
sets (NRSs), soft computing, unsupervised video tracking.

I. INTRODUCTION

THEORY of rough sets, as explained by Pawlak [1] dealt
with uncertainties or incompleteness of knowledge aris-

ing from the limited discernibility of objects in the domain
of discourse. Its key concepts are those of object “indiscerni-
bility” and “set approximation.” These characteristics made
the theory useful in several areas of pattern recognition and
machine learning, e.g., feature reduction and selection [2], [3],
image processing [4]–[6], data mining, and knowledge discov-
ery [3], [7]. In image processing rough set is recently used
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to deal with the uncertainties arising from grayness and spa-
tial ambiguities the concept of set approximation [4]–[6], [8].
Although rough set has been used in image processing its merit
in video processing has not yet been explored.

Rough sets is widely used in granular computing.
Granulation is a basic step of human cognition system and
hence a part of natural computing [9], [10]. This concept was
first introduced by Zadeh [11]. Granules may be of different
types, e.g., crisp granules, fuzzy granules, rough-fuzzy gran-
ules, and neighborhood granules. The predefined parameters
in all the existing granulation approaches are those related to
the sizes or shapes of the granules. But, natural granulation
is arbitrary and it does not have any fixed shape or size. In
this paper, an attempt of forming such granules over videos
has been made. The similarities in both color and temporal
feature spaces are considered during this formulation which
are applied for faster video processing.

Tracking of moving objects from video sequences is consid-
ered to be an important task in computer vision. This has sev-
eral applications, such as in surveillance, gesture recognition,
event detection, and Internet of Things. Several approaches
for tracking have been reported under various modes, e.g.,
supervised, partially supervised (with initial manual interac-
tions) and unsupervised (without manual interactions). Most
of the approaches are partially supervised [12]–[20]. The
unsupervised methods are mostly based on background esti-
mation [21], [22]. A few unsupervised approaches for tracking
are recently proposed with statistical modeling of object
motion [20], [23], [24]. Further, video sequences have char-
acteristics like, changes in shapes/sizes of moving object(s),
change in motion of the object(s), change in the number
of object(s), and occurance of overlapping. Since the avail-
able information is not always complete, this makes the
tasks of prediction and estimation difficult while tracking.
Problems related to these characteristics have been recently
addressed and several partially supervised approaches are pro-
posed using statistical modeling, local features extraction,
etc. [13], [14], [16], [17]. But, the initial object(s) need to
be labeled manually in all those approaches. The method
developed in this paper for detecting continuously moving
objects in static background is unsupervised and does not
need manual labeling. This method also does not consider
background approximation like the other unsupervised tech-
niques. The merits of rough set theories are exploited here
for object modeling and tracking. The initial object models
are roughly estimated with their lower and upper approxima-
tions. Then the rough rule base is effectively used to deal with
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the incompleteness and uncertainties in the information system
and to have gain in computation time.

Video tracking is a decision-making process over time.
Incorporation of rough rule-base to this application will only
be effective with proper updation procedure. The updation of
all of the attributes in every frame is time consuming and
reduces the merit of using rule-base. The concept of flow
graph proves to be useful for an intelligent adaptive rule-
base generation. Flow graph was introduced by Pawlak [25]
which is a directed acyclic graph used to map information
flow. This concept is used in video processing to accumulate
information from multiple cameras [26] for behavior model-
ing, but not for tracking. The main advantage of this graph
over rule-base is that it can map the information flow between
the attributes and hence can show the significance of each
individual attribute in an information system. The adaptation
can be performed according to the changing significance of the
attributes. One way of using flow graph for training and testing
is shown in this paper. Two new features (expected flow graph
and mutual dependency between flow graphs) are introduced
in this process. The entire decision-making is performed on
granular level, therefore this can be called a granular rough
flow graph.

Different types of sensors have been used to track mov-
ing objects in static background. Some such examples are,
multiple cameras [27], PTZ camera [28], and Kinect sen-
sor [29], [30]. In this paper, the data obtained from RGB and
depth (D) sensors are used. That is, this algorithm works with
RGB-D information or information sensed from both RGB and
D sensors together. The processing of RGB and D information
of a particular frame are performed separately and the decision
making is done by considering both the outputs. It is obvious
that the depth of moving object(s) in a sequence always has
discrete (higher or lower) values than that of its background
if it is not occluded. The datasets that are used in this paper
are sensed either by infra red (IR) sensor [31] (different types
of surveillance) or by Kinect [32] sensor (different types of
hand movements).

The basic concept of rough rule-base in tracking was
formulated in our earlier work [33], but that was a par-
tially supervised approach and no adaptation technique was
there. Whereas the unsupervised methodology proposed in
this paper is adaptive. It can be broadly divided into three
parts: 1) training; 2) testing; and 3) updation. Initial P num-
ber of frames are given as the input for training, i.e., for the
object/background labeling and formation of rough rule-base.
The current and its previous frames are the input in test-
ing phase. The 3-D temporal and spatio-color granules are
formed over these frames and the object-background sepa-
ration in the current frame is performed with the rule-base.
The rule-base gets updated with the help of flow graph after-
wards. The study made in this chapter has the following
novelties. It is shown how: 1) spatio-temporal information can
be used to form 3-D neighborhood granules in videos with
natural partitioning; 2) neighborhood granular rough rule-base
can be formed on 3-D granulated space to reduce the com-
putational complexity; 3) granular rough flow graph can be
defined for rule-base adaptation; 4) flow graph can be used

Fig. 1. Block diagram of the tracking method.

for the tasks of testing and validation of the rule-base by
introducing two new features, namely, expected flow graph
and mutual dependency; and 5) the indices for evaluating the
performance of tracking (not requiring ground truth infor-
mation) can be formulated with IR sensed data and 3-D
granules. All these features characterize the task of unsuper-
vised tracking of moving object(s) with static background, and
are proved to be effective in the scenario with no initial manual
labeling.

A brief discussion on neighborhood rough
sets (NRSs) [34], [35] which is a new variant of Pawlak’s
rough set [1], and its relevance to video tracking were
described in our earlier work [33]. The proposed method for
unsupervised tracking and the concept of 3-D neighborhood
granules are described in Section II. The method of rule-base
adaptation using flow graphs is explained in Section III. This
includes definitions of the new features, namely, expected flow
graph and mutual dependency between flow graphs. A brief
introduction to flow graph and its relevance in tracking is also
provided. Indices for tracking evaluation are formulated in
Section IV. Section V describes the effectiveness of all those
features experimentally along with suitable comparisons.
Section VI concludes this paper.

II. NEIGHBORHOOD GRANULAR ROUGH RULE-BASE

FOR UNSUPERVISED TRACKING

Block diagram of the proposed methodology for video
tracking is shown in Fig. 1. The initial P frames are given
to the rule-base for initial labeling, marked as I1 in the fig-
ure. The current frame (ft) and its previous P frames (ft−P)
in a video, marked as I2 are the input for its processing.
The spatio-color and spatio-temporal granules are formed over
these frames, shown in blocks “A” and “B,” respectively. The
decision making regarding the object-background separation
in ft is performed according to the rule-base. The foreground
segmentation is then done (block “C”) depending on the out-
put of the rule-base. The coverage of the rule base is checked
(block “D”) afterwards over the segmented output. If the cov-
erage is satisfactory, then the foreground segment will be
tracked, otherwise the rule-base will get updated with the
granular flow graph (block “E”).

The details of the tasks in blocks A and B, I1, rule-base,
and blocks C and D are described in this section. The block E
is described in Section III.
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A. Formation of Neighborhood Granules in Videos

As discussed earlier granular computing is effective to
reduce the computational time of a system. But it may
also cause loss of information. Hence, meaningful granula-
tion is very important for granular computing. Neighborhood
granules incorporates neighbor information during granule for-
mation. We are looking for a meaningful granulation in images
and videos. A way of forming spatio-color natural granulation
over a still image was introduced in our earlier work [33].
Here, two new types of granules are defined to deal with
video sequences. They incorporate spatio-temporal nearness
and color nearness. The way of forming 3-D spatio-temporal
neighborhood granules over videos is described here. This
incorporates the temporal nearness which is expected to con-
tain the information on the trajectory of moving object(s) as
the third dimension of the granules. The color nearness of
these 3-D granules is then considered and color neighborhood
granules are formed accordingly.

1) 3-D Neighborhood Granules: Temporal domain, which
is the third dimension of a video stream, makes it different
from still images. The processing of information is one of
the most important tasks for decision making in videos. Here,
a new approach of extracting this information is introduced
where the highest importance is given to the current frame
among the previous P number of frames under consideration
instead of giving equal importance to all of them like the other
approaches. All the changed information are computed with
respect to the current frame. If the current frame (ft) is of
size M × N and its previous P frames (ft−p : p = 1 · · · P) are
considered, then the changed information between ft and Ft−p

(denoted as τp) is computed according to (1). The matrix (τp)
is of size M × N and there are P such matrices

τp = ∣
∣ft − ft−p

∣
∣ ∀p ∈ P. (1)

The median of τp : p = 1, . . . , P (τmed) is a matrix of size
M × N and is computed as

τmed = Median(τ1, . . . , τP). (2)

The spatio-temporal granules are formed considering values
of the points as τ over the spatial as well as the temporal
domains, resulting in 3-D granules. Let xi be the position of a
pixel in the current (tth) frame, then the 3-D granules around
it are formed according to

ℵsp−tmp(xi) =
⋃

xj ∈ U (3)

where xi and xj are binary connected over |τ(xj)−τ(xi)| < Thrt

and xj ∈ fp : p = t, . . . , t − P.
The physical interpretation of these 3-D granules is that

they contain all the similar changed regions with respect to
the current frame in a single granule. In this way a single
granule is expected to contain a single moving object region
along with its trajectory.

The value of P depends on the speed of the moving object(s)
from frame to frame. Further, the spatio-color and spatio-
temporal granules formed in our earlier work [33] were 2-D
granules, where the nearness was considered in 2-D spatial
space. Whereas, here the granules are 3-D which are formed
considering spatial as well as temporal space.

2) Color Neighborhood Granules: These granules are
formed by incorporating the color nearness in a color his-
togram of a video frame. In a video sequence the moving
object models do not usually have the same color val-
ues throughout the sequence, rather they deviate. This phe-
nomenon is considered during the granule formation. Besides,
the computation with these granules instead of individual color
levels is expected to be much faster. These granules are formed
with the RGB-D values of the points present in each ℵsp−tmp.
Let ci be the color value of a point in ℵsp−tmp. Then the granule
around it is defined as

ℵclr(ci) = {

cj ∈ ℵsp−tmp : � (

ci, cj
) ≤ Thrc

}

. (4)

The method of formation of color and spatio-temporal gran-
ules, thus explained in this section, is now applied in videos
for the rule base generation and adaptation. This adaptive rule-
base, formed over the granulated space, is used for tracking
input frames.

B. Rough Rule-Base and Unsupervised Tracking

A method of partially supervised tracking based on gen-
erating a rule base was described in our earlier work [33].
Here, an approach for unsupervised tracking is introduced
using the same rules. This unsupervised method involves some
observations for acquiring features (see Section II-C) and then
making some decisions using them. The conditional attributes
of the decision-making system are the 3-D spatial-temporal
and color granules. The main differences of this rule-base
designed for unsupervised tracking from that of the partial
supervised one [33] are as follows.

1) No initially labeled data is provided, the labeling is done
based on the observations.

2) No separate temporal and spatial features are given to
the rule-base as the conditional attributes; instead the
3-D spatio-temporal granules are the inputs.

3) 2-D temporal granules formed with the values τmed (2)
considering the spatial nearness constitute the decision
space, unlike the spatio-color granules in [33].

The descriptions of object and background characterizing
their different states and the corresponding new rule-base are
the same as in [33]. The descriptions are as follows.

1) An ideal background granule.
2) A background granule with RGB-D features same as

that of an object.
3) An object granule that moves slower than estimated.
4) A background granule containing similar color as that

of the object in the previous frame.
5) An object granule with changing depth (movement

toward or away from camera) along with its movement.
6) An object granule moving only within the object area

(object to object granule).
7) A background granule moving within the region of inter-

est with changes in RGB values (object to background
granule).

8) An object granule that starts moving from the current
frame onward/ newly appeared object granule.

9) A noisy background granule.
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TABLE I
RULE-BASE WITH 3-D NEIGHBORHOOD GRANULES

10) An object granule that moves in similar RGB-D back-
ground.

11) An object granule which moves faster than estimated.
12) An ideal object granule.

The corresponding new rule-base thus generated by the pro-
posed method incorporating 3-D spatio-temporal granules and
color granules is shown in Table I. Here, there are four
attributes for each features: 1) belongs (Be); 2) does not
belong (NB); 3) partially belongs (PB); and 4) contained
in (CC). Rules 1 and 12 represent the ideal cases, and the
remaining ambiguous.

One may note that the rules that are not relevant with
respect to the problem of object tracking have been elimi-
nated during the formation of this rule-base. These aforesaid
12 rules characterize the situations that occur in a sequence
often. It is proved that the set of these rules gives more than
90% coverage. In this way, 12 most relevant rules are con-
sidered out of 43 = 64 probable combinations. For example,
the rule [CC NB NB] does not have any significance in
this scenario, as no granule contained by the spatio-temporal
region can have totally different color granules than that of its
estimated object region.

It is expected that if the number of conditional features
gets reduced, the computational complexity will also get
reduced simultaneously in this unsupervised task. The task
of unsupervised tracking will be faster in this way.

The rule-base (Table I) is formed using the initial object/
background model and the observations over P number of ini-
tial frames. The method of acquiring the conditional features
based on the said observations is described in the next section.

C. Acquiring Features for Initial Unsupervised Labeling

In case of online processing the object-background can
not always be labeled manually. Here, one way of object-
background estimation is defined. This is different from the
conventional unsupervised approaches based on background
modeling. Since the computation for background estimation
and accordingly the updation processes need to be performed
all over the frames, this could be more time-consuming. In our
method, we have adopted object estimation, rather than back-
ground estimation. Here, all the continuous moving elements
in a sequence are treated as the object(s) and the rest part
as the background. The common moving regions of τp over P
frames may be considered to estimate the lower approximation
of the objects (O), that is

O =
⋂{

τp ∀p ∈ P
}

. (5)

The upper approximation of the object(s) (O) may similarly
be modeled over the union of the changed regions of O and
τP (difference between tth and (t − P)th frames). That is

O =
⋃

w

{

O, τP
}

. (6)

The values of the features that are CC the set O are treated
as the core values of the object model, whereas those in the
set {O − O}, i.e., the boundary region, determine the extent to
which the values in the object model are allowed.

The values of the attributes in the rule base that are acquired
from the first P frames are as follows.

1) Spatio-temporal features in RGB-D space: values of
frame difference according to (2).

2) Color features in RGB-D space: RGB-D values present
in O.

Therefore, the conditional features in granular level are:
1) 3-D spatio-temporal granules (ℵsp−tmp) according to (3)
over the region O and 2) color/ RGB-D granules (ℵrgb) and
(ℵD) formed over the color values of O.

It can be observed that the incorporation of neighborhood
granules into the rule-base makes it more robust. However,
the information CC a rule-base needs to be updated with
time. The requirement of updation is checked by comput-
ing the coverage of the rule base. The coverage [36] of
a rule-base is the measure of how many granules in the
dataset get classified with respect to the total number of
granules. As the rule-base in Table I can not overcome the
inconsistency between rules 8 and 9, the granules following
these two rules remain unclassified. If the coverage shows
that there are several unclassified granules in the rule-base,
then the updation of the rule-base is carried out. For exam-
ple, let there be a moving object appear newly in a video
scene. For example, let a moving object appear newly in
a video scene. This phenomenon will be characterized by
rule 8 of Table I. Therefore, the granules present in that object
region will remain unclassified resulting in a lower cover-
age value of the rule-base. The updation process will then
be fired.

III. ADAPTIVE RULE-BASE: GRANULAR

FLOW GRAPH APPROACH

A. Flow Graph

Information flow graph was introduced [25] to model the
information flow in a system. A flow graph is a directed,
acyclic and finite graph represented as G = (N,B, ϕ). N rep-
resents the total number (no.) of nodes, B ⊆ N ×N represents
a set of directed branches, ϕ : B → R+ is a flow function
and R+ is the set of non-negative reals. Each node of a flow
graph represents an attribute of the information system. The
input and output represented as ni and no of a node n are the
sets: ni = m ∈ N : (m, n) ∈ B and no = m ∈ N : (n, m) ∈ B.

The inflow and outflow of that node n are computed as

ϕ+(n) =
∑

m∈niϕ(m, n) (7a)

ϕ−(n) =
∑

m∈noϕ(n, m) (7b)
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Fig. 2. Flow graph model according to Table I.

where ϕ(m, n) is the flow function characterizing the flow
from nodes m to n. The inflow and outflow of an internal
node of a graph are supposed to be the same, and so of
the graph G. Let ϕ(G) represent the through-flow of the
graph G.

The normalized flow graph is represented as G = (N,B, σ )

where N and B are the same as earlier, and

σ(m, n) = ϕ(m, n)

ϕ(G)
. (8)

The certainty (cer) and coverage (cov) are two major factors
associated with every branch of a flow graph. These are defined
for the branch (m, n) as

cer(m, n) = σ(m, n)

σ (m)
(9a)

cov(m, n) = σ(m, n)

σ (n)
(9b)

where σ(m) and σ(n) are the normalized weights of the nodes
m and n, respectively, and σ(m, n) is the normalized weight
of the branch (m, n). One may note that certainty and covari-
ance are only the two features explored by Pawlak [25] while
defining flow graph.

B. Flow Graph in Video: Relevance and Issues

There are several scenarios in a video sequence when the
initially defined rule-base can not give much effective results,
rather gives many false positive (FP) or false negative (FN)
outputs. That is, the importance of a certain rule in a sys-
tem may increase or decrease with time. For example, new
moving object(s) may appear into a sequence, or moving
object(s) may get stopped or disappeared from the sequence.
The new appearance of object(s) needs new sets of conditional

attributes, whereas, disappearance of object(s) needs deletion
of the respective sets of the conditional attributes. These can be
done with proper updation of the rule-base. Flow graph shows
the relationship between the attributes (nodes) and the rele-
vance of the rules (branches) generated from those attributes.
Therefore, flow graph has the ability to detect the deviation
in the value of a particular branch. The updation of only
the attributes associated with the branch can be an effective
technique for rule-base adaptation. In this way the sudden or
unpredictable changes in a videos can be detected and the
corresponding set of rules can be updated. It may be noted
that the updation is mostly required when there are multiple
moving objects in a sequence.

The updation of the conditional features in every frame due
to appearance/disappearance of object(s), and the change in
shape, alignment and color of the object(s) is quite time con-
suming and hence less convenient. Therefore, an intelligent
rule-adaptation process is defined here. The underlying idea
behind this process is that the attributes should get updated
only when required, instead of every frame. Here, all of the
conditional attributes do not get updated simultaneously, rather
it is done according to the requirement. This is decided with
the help of the flow graph.

In the proposed approach the relevance of a certain rule or
attribute in an information system is mapped with the help of
flow graph. When some deviation in the values of any branch/
node is detected, the updation of only the attributes associated
with those branches is expected to give the desired results. The
flow graph that is modeled here is in granular level and the
information flow is designed with the neighborhood granules.
Therefore, it is named as “granular flow graph.”

In this process, a training flow graph is to be designed first
based on the labeled information. The foreground regions of
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Fig. 3. Training flow graph (FG1) and test flow graph (FG2).

the training frame are the input to the training flow graph.
The initial values of its branches and nodes are set to those,
as obtained from the rule-base in Table I.

An example of training flow graph according to training
data set of 2b sequence (described in Section V-A) is shown
in Fig. 2. Initially there are 300 object granules and 700 back-
ground granules represented as ϕ(O) = 300 and ϕ(B) = 700,
respectively. The branch ϕ(O, NBT) = 20 indicates that only
20 granules out of those 300 object granules do not belong
to the set of the temporal values (NBT ). The values assigned
to the rest of the branches represent the similar characteris-
tics. The output shows the correctness in the classification. For
example, D1+ve = 910 means that 910 granules out of the
1000 input granules are correctly classified. The performance
of the rule-base is measured over each input frame with the
help of training flow graph.

The test flow graph is generated afterwards over each input
frame (current frame). It is compared with the training flow
graph with respect to node and branch parameters. The test
flow graph is designed with the assumption that all of the
spatio-temporal neighborhood granules with higher gray level
values (i.e., expected moving object) are the foreground gran-
ules. Hence, these granules are given as the input to the test
flow graph. The entire test flow graph, corresponding to an
input frame, does not get formed at a time, rather the values
are assigned to every node and branch after checking their
deviations from the corresponding training values. If the devi-
ation in a certain node or branch is more than the expected,
the associated sets of attributes get updated. The updation is
done based on the spatio-temporal information in the current
frame and this is applied from the next frame onward.

In case of videos, the number of foreground-background
granules can not remain the same over the sequence, rather
these are expected to change from frame to frame. The com-
parison between two flow graphs (training and testing) for
updation of the latter is fair as long as the input data set dis-
tribution among the classes for those graphs is of same ratio.
But, the ratio can not remain the same if the distribution of
data sets among the classes gets changed. In Fig. 3, such a
case is shown with two simple example flow graphs. There
are two input classes with data distributions 3 : 7 and 4 : 6.
Let FG1 be the training graph and FG2 be the test graph. The
overall output accuracies for both are almost the same. But, if
the normalized weights in every branch and node of the two
graphs are compared then a large deviation can be found. It
will lead to false decision. Therefore, comparison of these two
flow graphs is unfair for updation of the test flow graph FG2
and updation of the rule-base for these cases is not justifiable.

The concepts of expected flow graph and mutual depen-
dency between flow graphs are introduced here to deal with

Fig. 4. G1 and G1′: flow graphs with different data distributions.

the aforesaid situation and to make the flow graph applica-
ble to verification tasks. These are described in the following
sections.

C. Expected Flow Graph

Expected flow graph characterizes how the training flow
graph is expected to be modeled if the data distributions among
the classes get changed. Two simple flow graphs are shown in
Fig. 4 for elaboration.

The graph G1 is the normalized training graph with two
input classes with data distribution of a : b. G1′ is the expected
model of G1 if the data distribution gets changed to α : β.
The respective values of the branch parameters, viz, m, n, o, p
get changed to m′, n′, o′, p′ as

m′ = mα

a
= m

a
× α = cer(x1, y1) × α (10a)

n′ = nα

a
= n

a
× α = cer(x1, y2) × α (10b)

o′ = oβ

b
= o

b
× β = cer(x2, y1) × β (10c)

p′ = pβ

b
= p

b
× β = cer(x2, y2) × β (10d)

cer(.) is defined as in (9).
The expected values of the nodes in G′

1 are

q′ = m′ + o′ = cer(x1, y1) × α + cer(x2, y1) × β (11a)

r′ = n′ + p′ = cer(x1, y2) × α + cer(x2, y2) × β. (11b)

For example, the expected normalized flow graph of FG1
in Fig. 3 with data distribution, changed to 3 : 7 from 4 : 6
(which is the case of FG2), is shown in Fig. 5. Let it be
named as FG1′. Here, the values of the nodes and branches
are computed as per (11) and (10), respectively.

D. Mutual Dependency Between Flow Graphs

The mutual dependency between two flow graphs repre-
sents how much reliable the decision of a graph would be
if it was taken by the another one. That is, if a decision is
reliable with Graph1 how much its reliability could be with
Graph2. Here, mutual dependency between two flow graphs
means mutual dependency between the respective nodes and
branches of these graphs. This can be computed by divid-
ing the graph parameter values of the two normalized flow
graphs with similar nodes and branches, but the weights can
be different.
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Fig. 5. FG1’: expected flow graph of FG1 in Fig. 3 with different
distributions.

Fig. 6. NFG2: normalized flow graph of FG2.

Let NFG1 = (N1,B1, σ1) and NFG2 = (N2,B2, σ2) be
two normalized flow graphs. The mutual dependency between
them can be calculated if and only if:

1) N1 ≡ N2;
2) B1 ≡ B2;
3) σ1 �= σ2;
4) σ(N1i1) : σ(N1i2) : ... : σ(N1iC ) =

σ(N2i1) : σ(N2i2) : ... : σ(N2iC ), where N1i and N2i are
the input nodes of NFG1 and NFG2, respectively, and
C is the total number of input classes.

Mutual dependency between two of them is defined as

μ ≡ NFG1

NFG2
. (12)

The mutual dependency between the respective nodes and
branches of the two flow graphs under consideration is
computed by diving the graph parameter values with (12).

If the two graphs have same weights, all the nodes and
branches of their mutual dependency graph will have the
value unity. That is, same decision-making can be performed
from both of the graphs. The more deviation from one (unity)
reflects less reliability of the respective node(s) or branch(s).
The normalized flow graph of FG2, denoted as NFG2, is
shown in Fig. 6.

It can be noticed that the two graphs NFG2 and FG1′
(Fig. 5) satisfy the aforesaid conditions for computing
the mutual dependency. The computed mutual dependency
between them is shown in the graph in Fig. 7. It can be
observed that the values of the branches (x1, y1), (x1, y2),
(y2, z1), and (y2, z2) deviate more from the ideal value of

Fig. 7. Mutual dependency graph between FG1’ and NFG2.

one (1). Hence, the nodes (y1 and y2) representing the condi-
tional attributes and the corresponding rules which establish
the above connections need updation. The threshold which
detects when the updation is required based on the aforesaid
derivation is application dependent.

These two concepts, expected flow graph and mutual depen-
dency between flow graphs, are used in the decision-making
process of the proposed algorithm for tracking. The expected
flow graph and the training flow graph are designed according
to the data distribution in the current frame. The mutual depen-
dency between the normalized flow graph of current (input)
frame and expected training flow graph is then measured. The
values where the deviations are either higher or lower than
unity, the respective set of attributes needs to get updated.

IV. TRACKING INDICES

The video data that we used here were acquired by color
(RGB) as well as depth (D) sensors. The depth values
were acquired with Kinect sensors. The moving objects in a
sequence are expected to have distinct values in this D-feature
space as those move in front of their corresponding back-
ground, i.e., nearer to the sensor, if not get occluded. The IR
sensor works based on the reflected light with IR wavelength.
So, objects closer to the sensor produce brighter regions.
But, in case of Kinect sensors the objects nearer to the
sensors have less depth values resulting in darker regions.
These characteristics are used here while formulating the
indices for evaluating the quality of tracking. Two indices
are defined by using the merits of D-values. They are inde-
pendent of ground truth or the trajectory of objects, unlike
those in [37] and [38]. Moreover, these indices involve both
Kinect and IR sensed data and the proposed 3-D neighborhood
granules (Section II-A1), unlike the earlier work [33] using
only Kinect data and 1-D spatio-color granules. The video
sequences, either acquired by Kinect sensors where the depth
value is obtained or by IR sensors where the reflected IR wave
value is obtained, and the foreground segmented sequence (FS)
are the inputs that are given for the evaluation of FS.

A. ED Index: Foreground Segmentation

This index incorporates the edge information. In case of
IR sensor the moving object region is brighter resulting in
higher gray level which implies that if a neighborhood of an
edge pixel has brighter or same gray level, then the pixel will
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belong to the object; otherwise background. The situation will
be the reverse in case of Kinect sensor.

The false positive (FPep) and false negative (FNep) values
for an edge pixel Eep with an window of [xi], i ∈ w×w around
it are computed as

FPep = ∣
∣
{

epi : i ∈ w × w and epi < Eep, if epi ∈ FS
}∣
∣

(13a)

FNep = ∣
∣
{

epi : i ∈ w × w and epi ≥ Eep if epi /∈ FS
}∣
∣

(13b)

where |.| represents the cardinality of the set. The ED index
incorporating the values obtained from (13) is defined as

ED =
∑

ep∈EP
FNep+FPep

w×w

ep
. (14)

Kinect sensor maps the depth in the reverse way, i.e., the
edge-neighborhood pixels within moving segments have same
or lower values than that of Eep. In this way, (13) defining
FP and FN gets changed with the conditions epi > Eepi and
epi ≤ Eep, and ED index is calculated accordingly. Lower
value of this index implies higher accuracy.

B. ℵI Index: Misclassification

This index is computed with the information on the 3-D
spatio-temporal neighborhood granules used for tracking. Its
expression is given exploiting the characteristics of IR sen-
sor. That is, the FS would always have brighter values than
its background implying that the third dimension (represent-
ing different values) of the 3-D object granules should always
contain positive values.

As we are dealing with neighborhood granules the maxi-
mum deviations in the values of the points within a granule
can be Thrt (3). But the amount of deviation may differ within
a set (object/background) if it contains several granules. This
deviation should not be much in ideal cases until there occur
some misclassifications. This index ℵI reflects those cases. Let
the object(s) (OI) and background (BI) sets over ℵsp−tmp be

OI = {

τmed
(ℵOi

) ∀ ℵOi ∈ FS
}

(15a)

BI = {

τmed
(ℵBi

) ∀ ℵBi /∈ FS
}

(15b)

where ℵOi and ℵBi represent the ith object and background
granules, respectively, and τmed is computed according to (2).
The amount of scattering (in terms of statistical mean and max-
imum deviation) in each of the object (do) or background (db)
set is then computed as

do = mean(OI)

maxdev(OI)
(16a)

db = mean(BI)

maxdev(BI)
. (16b)

In (16), do is supposed to be higher as the object granules
have higher values and db lower. Therefore, lower value of do

indicates that some part(s) of the background may get included
in the object set, resulting in the case of over-tracking. On the

other hand, higher db indicates incorporation of object gran-
ules in background, i.e., under-tracking. The ℵI index, defined
accordingly incorporating these phenomena, is

ℵI = db

do
. (17)

Therefore, higher the value of ℵI is, less accurate is the
tracking. One may note that the formation of ED (14) deals
only with the accuracy of foreground segmentation, i.e., how
accurately the foreground is segmented. On the other hand,
ℵI deals with the misclassification of both foreground and
background.

V. RESULTS AND DISCUSSIONS

In the present section, the effectiveness of the method of
tracking multiple objects, as described before, is demonstrated
experimentally. The experiment is carried out with differ-
ent types of video sequences and more than 2500 frames
in total. The experiment is characterized by establishing the
effectiveness of the following.

1) Rough rule base for unsupervised video tracking, both
in granular and pixel levels.

2) New neighborhood granular rough rule base in tracking
over crisp granular and pixel level rule bases.

3) Adaptive rule-base with rough flow graph.
4) Proposed indices for evaluating the tracking quality.
5) Visual and quantitative performance of the proposed

method with respect to other popular methods.

A. Results of Tracking

The proposed method of unsupervised tracking is imple-
mented with several video sequences obtained by Kinect
sensor and IR sensor. The datasets are obtained from
CGD-2011 [39] and thermal and visible imagery [31]. All of
the frames of the sequences are of size 240 × 320 pixels.
There are many sequences with different types of movement
of human hands which are sensed by Kinect sensor and several
surveillance scenarios with movement of people obtained from
IR sensor. The results over a few such types of sequences (viz,
M_2, M_4, M_9 from CGD-2011, and 2b and 5b from ther-
mal and visible imagery) are shown here, as examples, where
the value of P (the number of previous frames) is chosen as 6.
The initial value of Thrt (3) is assigned as 0.2 × max(τmed),
with an assumption that at least 20% pixels of a frame will
be within the moving object. However, if the number of 3-D
granules gets changed from frame to frame and only a few
granules remain same over all the frames, then Thrt will get
decreased by 0.5 times. It will be increased by 1.5 times in
the reverse scenario, i.e., when there will be very few moving
granules detected in each frame. Thrc (4) is initially assigned
as 5, according to Weber’s law which states that the naked
eye can not detect less than five to six consecutive gray level
changes.

1) Comparisons Between Neighborhood Granular Level
and Pixel Level Methods: The comparative study is performed
between the proposed neighborhood granular level (NGrRB)
and a pixel level (PRB) rule-base methods. The results are
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TABLE II
CPU TIME AND ACCURACY OF NGRRB AND PRB

Fig. 8. Visual comparison between the techniques (a) PRB and (b) NGrRB
over frame no. 12 of M_2 sequence (1, 2) and frame no. 415 from 5b
sequence (3, 4).

shown in Table II. The metrices over which the comparison
is made are: 1) accuracy which is measured based on the
distance between the centroids (CD) of the ground truth and
the obtained foreground segment of the respective frames and
2) time [average CPU processing time (in seconds) for each
frame]. The ground truth that are used here is manually anno-
tated in every frame. If the CD is less it means more accuracy.
The experimental results over two video sequences are shown
here. The sequence M_2 contains a hand movement scenario
and the sequence 5b contains a surveillance scenario.

It is seen from Table II that the pixel level method is a bit
faster but is less accurate. These results lead to the theoretical
conclusion that the PRB provides less indiscernibility than that
of NGrRB, thereby producing inferior performance.

Note that the granules that are considered here are over-
lapping granules with the attribute set of higher cardinality
and hence the computation with these granules makes the pro-
cess little slower compared to PRB. But, it does not contradict
the preliminary assumption that granulation makes a process
faster. Crisp granulation with same cardinality as that of PRB
obviously makes the process faster, but at the cost of accuracy.

The two visual results of frame number 12 from M_2
sequence and frame no. 425 from 5b sequence, as shown in
Fig. 8, depict that PRB can not detect the total object when
it is moving slower than expected and treat some parts as
noise. These were the cases characterized by rules 2 and 3
(Section II-B), and this indiscernibility could not be over-
come in [33]. In the first scenario (Fig. 8.1 and 8.2) some
parts of the hands are moving slower, whereas in the second
scenario (Fig. 8.3 and 8.4) one object (human) is mov-
ing slower. Neither, both the hands, nor both the persons
can totally be detected as the foreground segment by PRB
[see Fig. 8.1(a) and 8.3(a)], i.e., misclassification occurs. The
detection and tracking are more accurate with NGrRB [see
Fig. 8.1(b) and 8.3(b)], as expected.

2) Comparisons Between With Flow Graph and Without
Flow Graph: The effect of rule-base updation with flow graph
is discussed here. Without flow graph, there may be two
actions, the rule base either will not get updated (NGrRB) or
the entire rule base will get updated in every frame (RU). Here,
the comparative studies of these instances with the proposed
flow graph based method (NRBFG) are shown in Table III.
The time (avg CPU time/frame in seconds) and rule-base

TABLE III
CPU TIME AND ACCURACY OF NGRRB, RU, AND NRBFG

Fig. 9. Visual comparison between the techniques (a) NGrRB and
(b) NRBFG over frame no. 30 of M_9 sequence (1, 2) and frame no. 17
from M_4 sequence (3, 4).

coverage are the metrices considered in this table. The two
datasets over which the results are shown in Fig. 9 represent
two types of hand movements where NGrRB fails.

In case of sequence M_9 the left hand of the person was
moving initially, and the right hand starts its movement from
30th frame onward. As expected, the movement of the right
hand can not be classified by NGrRB [Fig. 9.1(a) and 9.1(b)]
according to the inconsistency between the rules 8 and 9
as in Table I which results in less coverage (as shown in
Table III). However, it is successfully tracked by NRBFG
[see Fig. 9.1(b) and 9.2(b)]. The similar situation occurs
in case of M_4 sequence, where the right hand was mov-
ing initially and it gets stopped at 17th frame, and the left
hand starts its movement. Nothing can be tracked by NGrRB
[see Fig. 9.3(a) and 9.4(a)] in this scenario, whereas the mov-
ing left hand can be successfully tracked by NRBFG [see
Fig. 9.3(b) and 9.4(b)]. It can be noticed from Table III that
RU gives good results but is more time consuming as expected,
whereas, NRBFG keeps a well balance between the time and
accuracy.

3) Comparisons With Other Methods: Comparative stud-
ies of the proposed NRBFG method is done with five
recent tracking methods, namely, sequential partial filtering
on graphs (SPG) [13], PLS-tracking [14], continuous energy
minimization-based multiple target tracking (CEMT) [17],
sparse representation-based local appearance learning for
tracking (LLAS) [20], and Grassmann Manifolds-based online
tracking method GMOT [15]. The SPG method is useful for
surveillance tracking, PLS is useful for partial occlusion han-
dling, CEMT and LLAS are effective both in case of multiple
target tracking and overlapping handling, and GMOT is effec-
tive in handling changing shapes of object(s). All of them are
partially supervised methods, i.e., initial manual labeling is
required for all of the methods. The experiments are conducted
over different types of sequences with static background as
described in Section V-A. The visual and quantitative results
for four of such sequences are given here. Their descriptions
are as follows. The sequences M_9 and M_7 represent two
hand movement videos sensed by Kinect sensor. In M_9 the
left hand of the person was moving initially with changing
shapes and sizes and the right hand starts to move from 30th
frame onward (see Fig. 10.1). In M_7 sequence both of the
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Fig. 10. Tracking results for frame nos. (1) 13, 22, 32, 39 from M_9 sequence
(2) 11, 23, 30, 42 from M_7 sequence (3) 370, 440, 471, 510 from 5b sequence
and (4) 44, 72, 132, 250 from 2b sequence.

TABLE IV
CPU TIME AND ACCURACY OF NRBFG, PLS,

SPG, CEMT, LLAS, AND GMOT

hands of the person are moving, getting overlapped, and par-
tially occluded to each other (see Fig. 10.2). The sequences
5b and 2b are two surveillance scenarios obtained from IR
sensor. In 5b, two persons are moving with different speeds
(see Fig. 10.3). In the sequence 2b six persons are moving
in different directions and speeds, one of them is moving in
similar colored background and is hardly separable in RGB
feature space (see Fig. 10.4). In Fig. 10, the red tracker shows
the results obtained by NRBFG, the green tracker shows the
results of PLS, the blue tracker shows the results of SPG,
the yellow tracker shows the results obtained by CEMT, the
magenta tracker shows the results obtained by LLAS, and the
black tracker shows the results of GMOT. It can be noticed
that all of the sequences are successfully tracked by NRBFG.
The overlapping scenarios are better handled by PLS, but
it fails to detect new appearance of object in the sequence
[Fig. 10(c) and (d)]. The tracking results for SPG are satisfac-
tory for all of the four sequences, but the tracker fails to cover
the entire moving objects, whereas both CEMT and LLAS give
very satisfactory results even with multiple moving elements.

Quantitative comparisons are shown in Table IV with the
same metrices as in Table II for the aforesaid four sequences.
The quantitative values of the CD reflect well the visual
results. It can be noticed from the table that the computa-
tion time is the lowest for the proposed method NRBFG with
accuracy better than PLS, SPG, and GMOT, but slightly worse

Fig. 11. Quantitative comparisons over M_9 Sequence using (a) ℵI index,
(b) ED index, (c) CD, (d) average % of FP pixels, and (e) average % of FN
pixels.

than CEMT and LLAS. However, NRBFG requires no manual
interactions, i.e., unsupervised.

B. Validation of the Proposed Measures

The effectiveness of the proposed ℵI (17) and ED (14)
indices is shown along with their validation with the pop-
ular ground truth dependent existing indices, namely, CD,
FP pixels, and FN pixels. The CD value for every frame
is shown here, whereas the for FP and FN average val-
ues are given. The values of these indices obtained for
tracking of M_9 sequence with the five methods [SPG
(blue, “.−”), PLS (green, “∗−”), NRBFG (red, “+−”),
CEMT (yellow, “o−”), LLAS (magenta, “�−”)], and GMOT
(black, “> −”) are shown graphically in Fig. 11. The com-
parative visual results for frame nos. 13, 22, 32, and 39 are
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shown in Fig. 10.1 as example. In case of fame no. 13,
[Fig. 10.1(a)], the performances for PLS, NRBFG, LLAS, and
CEMT are almost equally good. These are well reflected by
ℵI and ED indices [Fig. 11(a) and (b)]. Similar nature can be
seen with the corresponding values of CD. In case of frame
no. 22 [Fig. 10.1(b)], SPG results in over-tracking by includ-
ing some parts of the head which NB to the object, and hence
increases the inter–intra granular deviations in the object set
resulting in higher ℵI index as well as higher value of CD. The
inclusion of a part of the head leads to increase in FPep and
FNep values (13), and the ED index. In the cases of next two
frames 32 and 39 [Fig. 10.1(c) and (d)] PLS can not detect
one of the moving objects, which results in higher intra gran-
ular deviation in background set, and high ℵI index (CD is
also high for this frame). The performance of the other two
methods is satisfactory for these two frames, though SPG can
not cover the entire objects resulting in higher ℵI and ED val-
ues (same is reflected by CD) compared to that of LLAS,
NRBFG, and CEMT. ED index cannot reflect the mistracking
for PLS as it takes care only of the FSs and their corresponding
background. These indices for the two frames show that less
over-tracking or under-tracking occurs in the FSs of SPG com-
pared to those of PLS, NRBFG, LLAS, GMOT, and CEMT,
i.e., the foreground part which gets segmented is correct
for SPG.

The average values (in terms of %) of FP pixels (the back-
ground pixels classified as the foreground) and FN pixels
(foreground pixels classified as background) for this sequence
are shown in Fig. 11(d) and (e), respectively. It can be noticed
that CEMT provides the least FP value, whereas LLAS pro-
vides the least FN value. The proposed NBRFG provides
satisfactory results in terms of both. PLS gives high FN val-
ues compared to the other methods. This is expected, as this
method fails to detect another moving hand in the sequence
M_9. This misclassification was also reflected by ℵI . All these
demonstrate the effectiveness of the proposed measures.

VI. CONCLUSION

The problem of adaptive rule generation for unsupervised
video tracking in granular computing frame work has been
addressed. Concepts of rough flow graph and NRS are used.
Several new ideas, definitions, methodologies are introduced
in this process. This paper demonstrates how the concept of
rough-rule base can be used over 3-D granulated space for
unsupervised tracking or tracking without manual interactions,
how to formulate a method of updating the rough rule-base
using rough flow graph, and introduces new few features like
expected flow graph and mutual dependency between flow
graphs. This also includes a method of forming 3-D natu-
ral granules, and formulating quantitative indices for tracking
based on these granules and IR sensed data.

Rough flow graph provides a method of intelligent adapta-
tion of the rule-base and the method NRBFG based on this is
proven to be very effective both in terms of accuracy (as com-
pared to NGrRB) and time (as compared to RU), as expected.
Two new features, namely, expected flow graph and mutual
dependency between flow graphs, defined over the flow graph,

make it applicable for testing and validation of the rules.
NRBFG provides the best tracking results compared to the
other two nonadaptive methods (PRB and NGrRB), however,
it takes maximum time among them. Further, incorporation of
flow graph for rule-base adaptation enables detection of newly
appeared objects in a sequence which is treated as noise in the
nonadaptive method NGrRB.

The comparative studies with the five recent partially super-
vised methods show that PLS has superior ability in handling
occlusion, GMOT can handle the variations in object shapes
better, SPG can detect the unpredictable changes in videos
more accurately, whereas CEMT and LLAS are effective in
handling both of the cases. On the other hand, all these
problems can be successfully handled by the proposed unsu-
pervised NRBFG with a well balance between time and
accuracy.

Granular level computation using 3-D spatio-temporal
neighborhood granules is superior to pixel level computation
in increasing the discrimination ability of the rule base as
well as in reducing the computation time. Indices based on
these granules (without ground truth information) are seen to
reflect well the quality of unsupervised tracking. These fur-
ther strengthen the findings in the nonadaptive method [33] for
partially supervised tracking with 2-D spatio-color granules.

The present investigation has significance in other areas of
decision science where indiscernibility is prominent. The pro-
posed algorithm for unsupervised tracking can be extended
for more challenging data sets, e.g., with moving camera. The
granular adaptive rough rule base could be highly effective in
dealing with large scale video data due to its characteristics
of reducing computation time without affecting the accuracy
much.

We have used here the NRS as a model of uncertainty
handling. The characteristic difference among NRS, fuzzy
rough sets (FRS), and composite rough sets (CRSs) are as fol-
lows. CRS is mainly suitable for dealing with incompleteness,
whereas NRS and FRS are more useful for handling ambigu-
ities arising from overlapping characteristics of classes. FRS
needs to define membership function for characterizing the
overlapping granules, while NRS does not need to define the
size of the granules.
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