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Kernelized Fuzzy Modal Variation for Local
Change Detection from Video Scenes

Badri Narayan Subudhi, T. Veerakumar, S. Esakkirajan and Ashish Ghosh

Abstract—Background subtraction (BGS) is a popular scheme
epitomized in the state-of-the-art literature on video processing.
In this context, a novel online kernelized fuzzy modal variation
based background subtraction scheme for detecting local changes
from the sequences of image frames is proposed. In the proposed
scheme, the time varying background at different instances of
time are modeled using fuzzy set theory. The proposed back-
ground subtraction scheme, utilizes the fuzzy modal variation as
the cost function for fitting the pixel values of the image frames.
The use of kernel based modal variation helps in projecting the
pixel values in a higher dimensional space, linearly separating
them into object and background classes. The results of the
proposed technique is verified on different challenging sequences
including dynamic background, camera jitter, noise, blurred
scene, etc. The proposed technique is successfully tested over
several test sequences with two major databases (all sequences)
and it provides better results compared to the twenty one existing
state-of-the-art techniques.

Index Terms—Background subtraction, Object detection, Tem-
poral analysis, Fuzzy logic, Modal variation.

I. I NTRODUCTION

Visual surveillance is one of the challenging areas of
research for multimedia analysis. Recently, the demand for
visual surveillance has increased due to the growing impor-
tance of public safety at different places. Visual surveillance
has been used for long time to monitor different areas such
as banks, traffic, hall, corridor, borders, etc. The demand
for video surveillance can be well cited in many multimedia
applications, including face and gait-based human recognition,
activity recognition, visual surveillance, robotics, etc [1]. Vi-
sual surveillance is achieved by two different ways: manual
and automated. In the manual case, the operator controlling
the surveillance system needs proper attention to locate the
object of interest from the scene. In the automated case, the
programmed device will identify the object of interest by itself.

Any automated video surveillance system may refer to a
moving object detection followed by tracking. Detection of a
moving object is the process of locating those objects in a
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video, the movements of which creates a dynamic variation
in the video scene [1]. The moving object detection scheme
is alternatively termed as foreground segmentation [2]. One
of the popular and effective ways of foreground segmentation
is background subtraction (BGS) [3], where a binary mask
is used to represent the locations of the moving objects in
the scene. Hence, a video frame is divided as foreground or
background.

The state-of-the-art techniques on visual surveillance is
enormous. Several algorithms are developed in the allied
area of research. Most of the BGS schemes are found to
be effective only for images with significant contrast. An
image frame possesses high ambiguity within the pixels in
spatial and temporal domains due to its possible multi-valued
levels of brightness. Most of the techniques developed/studied
in the literature used a hard decision to find if the pixel
is foreground/background region type, and hence, most of
them do not yield satisfactory solution. In the state-of-the-
art techniques for BGS, several algorithms are reported which
uses fuzzy set theoretic approach for local change detection.
Also, the fuzzy based BGS schemes are limited by under
performance in non-linear feature space, where kernel based
approaches provide better results. Most of the techniques are
offline where testing and background training are carried out
in separate stages.

In this article, we put forward a novel online kernelized
fuzzy modal variation based background subtraction scheme to
detect the local changes from the video scenes. The proposed
background subtraction scheme, utilizes fuzzy modal variation
as the cost function for fitting the pixel values of the image
frames. The time varying background at different instant of
time are modeled using fuzzy set theory. The use of kernel
based modal variation helps in projecting the pixel values in
a higher dimensional feature space and linearly separating
them into object and background classes. In the proposed
scheme, the number of background types/modes are assumed
as unknown. There is no need to fix/specify the number
of background types. At each pixel location of the image
sequence, two modes are assumed to be present, initially. The
proposed technique will add more modes to each pixel location
by fitting the pixel values to the kernelized fuzzy modal vari-
ation due to different background types. In the target frame,
each pixel value is tested with the constructed background
model. If it fits, then it is considered as a background else
detected as a part of local change.

The proposed BGS technique is validated by testing on
two major databases with different challenging sequences:
dynamic background, camera jitter, noisy, blurred scene, etc.
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It is observed that the proposed scheme is found to provide
better results compared to the twenty one existing state-of-the-
art techniques. The performance of the proposed technique is
evaluated using different performance evaluation measures.

The organization of the remaining part of this article is as
follows. Section II gives a description of the state-of-the-art
techniques on BGS schemes. A description on the proposed
background training and background subtraction are provided
in Section III. Section IV presents the experimental results
with discussion and future work. Conclusions are drawn in
Section V.

II. STATE-OF-THE-ART TECHNIQUES

In the last two decades several BGS techniques had been
developed in the literature of computer vision. One of the
primary and simple approaches of foreground segmentation is
by frame difference followed by thresholding [4]. However,
such an approach has two main deficiencies. Selection of the
background frame is random and does not take into account
the illumination variation and hence, it may attenuate the
noise, environmental changes, and other irrelevant details in
the foreground mask. It may not be able to distinguish the
variations as static or dynamic, whereas dynamic variation is
a major concern. Different linear algebric change detection
techniques including Gramian matrix,Wronskian function, etc.
[5] are proposed in the literature. However, most of these
techniques are developed assuming the scene to contain static
variation and is unable to deal with the background of non-
static variation.

Stauffer and Grimson [6] proposed a BGS scheme where a
mixture of Gaussian probability density functions (pdfs) are
used to represent the multi-valued background of a video.
The modeled background parameters are used to detect the
foreground from the target image frames. However, such an
approach rarely carries spatio-contextual information and may
produce holes/ghosts in the scene. A robust BGS scheme
that uses a combination of minimum spanning tree based
aggregation technique with optical flow estimation is proposed
by Chenet al. [7]. In this regard, Subudhiet al. [3] proposed a
spatio-contextual BGS technique, where the temporal modes in
a video are modeled using the Gaussianpdf and spatial modes
are fitted by Wronskian function to construct the background.
Each pixel in the target frame is compared with the constructed
background to detect the local changes. However, such an
approach fails to model the multi-valued background in a
scene. So, a modification of the same is achieved by Rout
et al. [8], where the temporal modes are extended by fitting
with mixture of Gaussianpdfs. A modification of the Stauffer
and Grimson’s BGS model is also proposed by Chanet al.
[9], where the dynamic texture is explored for foreground
detection. To deal with dynamic background, a novel BGS
scheme which uses Dirichlet process Gaussian mixture models
for background modeling and a probabilistic regularization
process to incorporate the neighboring pixel information is
developed [10]. Jodoinet al. [11] proposed a BGS scheme
where statistical motion detection scheme is explored in a
single frame for background modeling. It may be observed that

in video data, the number of pixels for the foreground class
are minimum and background class are maximum. Hence, this
may give rise to class imbalance in BGS. Zhanget al. [12]
proposed a BGS, where spatio-temporal over-sampling and
selective down-sampling are proposed to compensate the data
imbalance.

It can be concluded from the above analysis that, it is
difficult to estimate the parameters of the distribution properly,
as they are too much parameter dependent. In this regard,
several non-parametric BGS techniques, which uses kernel
or histogram based approaches for parameter estimation are
developed in the literature. One of the popular non-parametric
BGS schemes is developed by Elgammalet al. [13] where the
kernel function is used for Gaussian mixture model (GMM)
parameter estimation. Kimet al. [14] also proposed a BGS
technique where the concept of codebook construction is used
for modeling the background from the considered video. This
approach is found to be more robust and even effective for
sequences with non-static background. Spagnoloet al. [15]
proposed a non-parametric BGS scheme where the radiometric
correlation between the pixels in a considered region of
support is used for background modeling and foreground
detection. Histogram filtering technique [16] is also used in
the literature to construct the background model. Recently,
Subudhiet al. [17] proposed a non-parametric BGS technique
where statistical features extracted from the local region of
a frame is stored in few virtual bags for constructing the
background model. The parameters computed from each bag
is considered to be the tag on the bag. For any pixel on the
target frame, majority voting technique is exploited to check if
it is foreground/background pixel. The concept of local binary
pattern is also explored for the construction of the background
model and detecting the local changes [18].

It may be observed from the recent literature that the use
of principal component analysis (PCA) gets its popularity for
local change detection in background subtraction [19]. Several
PCA based schemes are explored/developed by the researchers
in this field, including binary PCA (BPCA) [19]. Among them,
Bayesian inferring with PCA is found to be very powerful.
One of the major challenges in PCA based BGS is to cope
with long duration sequences. Seo and Kim [20] proposed a
BGS technique where the background model is initiated in
a low-dimensional subspace and then updated the recursive
on-line PCA (RPCA) scheme periodically. Seidel et al. [21]
proposed a BGS scheme where the convex relaxation of the
ideal sparsifying function is represented usinglp norm, where
the algorithm uses alternating minimization on manifolds.
ViBe [22] is another popular non-parametric pixel based
classification strategy, used for BGS, where random sampling
strategy is used with the spatio-contextual property for the
construction of the background model.

Low rank and sparse based BGS mechanisms are recently,
becomes popular. In a video, due to the movement of objects,
distribution of the regions corresponding to different objects
in the scene are structurally sparse. Liu et al. [23] proposed
a BGS scheme, where a spatial information in sparse outliers
are used to model the foreground and low-rank matrix to back-
ground. A new online subspace learning based BGS scheme
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is recently, proposed by Yonget al. [24], where the authors
have used a mixture of Gaussians (MoG) distribution to model
the foreground of each frame. This model is formulated in
a concise probabilistic MAP framework and solved by EM
algorithm. A newly proposed BGS scheme that uses a modified
signal decomposition technique optimized and augmented with
Lagrangian framework is proposed by Minaee and Wang
[25]. St-Charleset al. [26] proposed a BGS scheme where
spatiotemporal binary features and color information are used
to detect the local changes in a video, which the authors
have prioritized for detecting object motion in camouflaged
condition. A BGS scheme that uses mega pixels concept to
detect the moving object in a video scene is proposed in [27],
where multiple innovative mechanisms are followed by the
foreground/background probability estimation process for a
different pixel locations. Recently, Jianget al. [28] proposed
BGS scheme, where a variable weighing mechanism is used to
detect the local changes in a scene. Minimum-weight update
policy is used to replace the most inefficient sample and a
reward-and-penalty weighting strategy is used to reinforce
frequently occurring samples. Use of image and color space
reduction is also explored in BGS to compensate the color
noise [29].

Recently, the compressive sensing mechanism is gaining
more attention for background subtraction. However such
approaches are limited due to its computational cost. Liuet
al. [30] proposed an iterative data residues prunning based
spatio-temporal group sparsity recovery technique for BGS.
Cao et al. [31] proposed a tensor-based robust PCA approach
for background subtraction from compressive measurements,
where the video frames are decomposed into backgrounds and
foregrounds with spatio-temporal tensor framework. Super-
pixel segmentation mechanism is also explored for BGS. A
hierarchical superpixel segmentation scheme that uses span-
ning trees and optical flow is proposed by Chenet. al. [32].
De Gregorio and Giordano [33] proposed a BGS scheme
based on a weightless neural network called BEWiS. The
authors have estimated the background at each pixel location
using a weightless neural network designed to learn pixel
color frequency. Use of deep neural network for background
modeling is also explored in the recently proposed change
detection schemes in [34], [35].

It may be concluded from the above analysis that in BGS,
illumination changes and structural background changes pro-
duce uncertainty for the classification of a pixel in foreground
and background. Hence, it gives imprecision in the localiza-
tion of the object. One of the early works reported in the
literature is fuzzy running average for background subtraction
[36]. However, such an approach rarely utilizes the fuzzy
mechanism for modeling the multi-valued background. Zhang
and Xu [37] proposed a fuzzy integral based background
subtraction scheme, where texture and color features are fused
for detecting moving objects from the background and can
handle non-static background in a video scene. El Bafet al.
[38] also proposed a BGS scheme, where Choquet integral
is explored in fuzzy framework for background subtraction
and used a fuzzy adaptive model for background update.
A spatial coherence based background subtraction scheme

using self-organization map is proposed by Maddalena and
Petrosino [39]. Kim and Kim [40] proposed a background
subtraction scheme where the background motion is modeled
with fuzzy set to generate new kind of features called fuzzy
color histogram which are found to be effective in identifying
the moving objects. Fuzzy background subtraction scheme is
also developed by Choquet integral process over a set of pixels
to eliminate uncertainties [41]. In this context, Bouwmans and
El Baf [42] proposed a Type-2 fuzzy GMM for modeling the
non-static background and detecting moving objects from it.
This approach is found to be effective in complex background
condition.

III. PROPOSEDBACKGROUND SUBTRACTION PROCESS

Most of the early literature concentrated on non-kernelized
BGS schemes. One of the major disadvantages of non-
kernelized BGS is that for checking the belongingness of
a particular pixel value in different background (unchanged
area) or object (changed area) is decided based on some linear
classification/separation process [43]. It is also to be noted that
as the object is moving from one place to another, the gray
levels in the video changes from frame to frame. Generally,
in a video, the changes in gray level between the frames is
very common and different BGS schemes are found to be
effective only for images with significant contrast. Again an
image frame possesses high ambiguity within the pixels in
spatial and temporal domain due to its possible multi-valued
levels of brightness. Use of a hard decision for inclusion of
pixels in background/ foreground class in BGS is not expected
to yield a satisfactory solution. Again, a3-dimensionRGB
color space has a large correlation and high non-linearity. A
linear separation process with hard decision based classifier
fails to provide the required solutions in this case. It is
to be noted that fuzzy set theories are applied to handle
uncertainties to a reasonable extent, arising from deficiencies
of information available from a situation (the deficiency may
result from incomplete, ill-defined, not fully reliable, vague
and contradictory information). It justifies to apply the concept
of fuzzy set based BGS against the hard decision based BGS.
The fuzzy set theoretic approaches always may not be able to
provide a better solution in this regard and it fails to handle
the problem if the data is non-linear due to ambiguities present
in it [44]. This justifies and motivates the use of kernelized
fuzzy BGS.

The main essence of kernel based fuzzy modal variation is
to map the originald-dimensional feature space to a non-linear
high dimensional space i.e., the kernel space, with infinite
dimensions [45]. One of the main goals of going to a higher
dimensional space is to apply a linear classification in the high
dimensional kernel space [45] for easy separation of the data
points.

Fig. 1 represents the conceptual representation of the pro-
posed scheme. Let us consider an example of vibrating leaves
of a tree. Due to quasi-periodic motion of the leaves, there
occurs different background types. In the proposed scheme
these background types are modeled with different fuzzy
membership values. The proposed scheme follows two stages:
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Fig. 1. Background fuzzy modeling

background construction and object separation. It is assumed
that the frame instant is the same as that of the time instant.
Initially, the input image sequences are divided into two
parts: training and testing frames. Here it is assumed that the
input video containsN number of frames out of whichn is
considered as the number of training frames andN −n is the
target/testing frames. The pixel at location(x, y) of a frame at
ith time instant is represented asfi(x, y). Each pixelfi(x, y)
in a frame is assumed to be in a three dimensionalRGB color
space.

A. Background Construction

The proposed background construction process is an auto-
matic one. It does not need any prior information like number
of background or background types unlike multiplepdf [6]
based background construction approaches. Here, at each pixel
location(x, y), the cost function of the fuzzy modal variation
is fitted. The expression for fuzzy modal variation at any pixel
location (x, y) in an image frame at timet, which can be
calculated as:

Jt(x, y) =
t

∑

i=1

m
∑

j=1

{µr
ij(x, y)}||Φ(fi(x, y)) − Φ(vj(x, y))||

2, t ≤ n, (1)

whereJt(x, y) expresses the kernelized fuzzy modal variation
function at location(x, y), computed for frame instantt. m is
the number of background types built at location(x, y) and
vj(x, y) is the mode corresponding to thejth background type.
The termµij(x, y) represents the fuzzy membership value
for a pixel belonging to thejth background type at location
(x, y). t represents the time instant andr is the fuzzifier.Φ
represents the kernel function used for non-linear mapping of
d-dimensional space to kernel space. Eq (1) represents the cost
function of kernelized fuzzy clustering. Eq (1), expresses the
kernelized fuzzy modal variation over the pixel values.

The concept of kernel function is inspired from the Mercer’s
kernel theorem. Mercer’s theorem suggests that a distance
||Φ(xi) − Φ(vj)||

2 in the kernel space cannot be computed
exactly as that of thed-dimensional Euclidean space, due
to inclusion of kernel function. The kernelized fuzzy method
takes the advantage of the dot products in the kernel space and
expresses the distance function||Φ(fi(x, y))− Φ(vj(x, y))||

2

that can be expressed as

||Φ(fi(x, y))− Φ(vj(x, y))||
2 =

K(fi(x, y), fi(x, y)) +K(vj(x, y), vj(x, y))−

2K(fi(x, y), vj(x, y)), (2)

whereK(.) represents the dot product. Considering Gaussian
kernel function

K(fi(x, y), vj(x, y)) = exp{−||fi(x, y) − vj(x, y)||
2/σ2}; (3)

the kernelized fuzzy modal variability can be expressed as

Jt(x, y)| = 2× (4)
t

∑

i=1

m
∑

j=1

µr
ij(x, y)(1 −K(fi(x, y), vj(x, y))),

t ≤ n.

The new membership function for any pixel at location(x, y)
in (t+ 1)th frame can be computed as

µt+1
ij (x, y) =

(1/(1−K(fi(x, y), vj(x, y))))
1/(r−1)

m
∑

k=1

(1/(1−K(fi(x, y), vk(x, y))))1/(r−1)

, (5)

and the representative of each mode will be computed as

vt+1
j (x, y) =

n
∑

i=1

µr
ij(x, y)K(fi(x, y), vj(x, y))fi(x, y)

m
∑

i=1

µr
ij(x, y)K(fi(x, y), vj(x, y))

. (6)

In the proposed scheme, the background model is initialized
by considering a small region of support at a particular
pixel location (x, y). The kernelized fuzzy modal variability
is minimized initially with an assumption of the number of
modes(= 2). The mode’s representatives are computed by
minimizing the kernelized fuzzy modal variation cost function.
In the next stage,f(t+1)(x, y) is used to compute the ker-
nelized fuzzy modal variation in two different ways for pixel
location(x, y) in a new frame at(t+1)th frame. One assuming
thatf(t+1)(x, y) belongs to the existing background types and
the other one assuming thatf(t+1)(x, y) is a new background
type. Hence, for the first kind, the new cost value using the
fuzzy modal variation is computed by assuming that the new
pixel belongs to each cluster/mode with fuzzy membership
value. Hence, for considering the belongingness of the pixel
to existingm background types a new cost value is computed.
A separate cost value is also computed by considering the
new pixel belonging to a new background type. Then, the
minimum of the computed two cost values (one due to existing
m background types and the other one with the newly created
background types usingm + 1) is obtained and the old cost
value is updated with the new one. Hence the representative
corresponding to new modes is computed as

vj(x, y)
t+1 =



































t∑

i=1

µr
ij(x,y)(K(fi(x,y),vj(x,y)))fi(x,y)

m∑

i=1

µr
ij(x,y)K(fi(x,y),vj(x,y))

,

if fi(x, y) ∈ old background;

initiate vm+1(x, y),

otherwise

. (7)

where the new modes are computed as

vm+1(x, y)
t+1 = ηmed(x, y), (8)
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ηmed represents the median of pixel values considered in a
small neighborhood off(x, y). The membership values are
recomputed as

µij(x, y)
t+1 =







































(1/(1−K(fi(x,y),vj(x,y))))
1/(r−1)

m∑

k=1

(1/(1−K(fi(x,y),vk(x,y))))1/(r−1)
,

if fi(x, y) ∈ old background types;
(1/(1−K(fi(x,y),vj(x,y))))

1/(r−1)

m+1∑

k=1

(1/(1−K(fi(x,y),vk(x,y))))1/(r−1),

otherwise

. (9)

and the new cost function is calculated as

Jt+1(x, y) =


































2
t+1
∑

i=1

m
∑

j=1

µr
ij(x, y)(1 −K(fi(x, y), vj(x, y))),

if fi(x, y) ∈ old background types;

2
t+1
∑

i=1

m+1
∑

j=1

µr
ij(x, y)(1 −K(fi(x, y), vj(x, y))),

otherwise.

. (10)

This process is repeated over all the background training
frames to construct the background model. In the next stage
the object separation phase is followed.

B. Object Separation and Background Update

A similar procedure for separation of the foreground from
the background in the target frame like background construc-
tion is followed. For each selected target frame, the belong-
ingness of a particular pixel to each mode of background
type constructed in the previous stage is tested using the cost
function of the kernelized fuzzy modal variation. For each
pixel location, the pixel valueft(x, y), for any frame at time
instant,t > n are fitted into the cost function as expressed in
eq (1). For fitting the pixel value at each locationft(x, y), it
is tested if it belongs to any of the previously constructed
background typevj , and then detected as the background
pixel; else it is detected as a part of the moving object. It
can be described in mathematical form as

Oi(x, y) =















0, if
fi(x, y) ∈ Vj , i = n+ 1, n+ 2, ..., N ;

1,
otherwise.

(11)

Here, Oi is considered as the same size as that of the
image frame. In the next stage of the proposed scheme, the
background is updated.

There are two background model updating mechanisms
reported in the literature of background subtraction; namely,
conservative and blind [22]. In conservative updating mecha-
nism, a pixel belonging to the foreground region in the target
frame is never used for updating the background model; and
the pixel belonging to the background is updated in each target
frame after foreground detection. Similarly in blind updating
mechanism, a pixel identified either as a part of background or
foreground will be used for updating the background [22]. In
most of the literature, the conservative updating mechanism is

popularly used and hence, in the proposed scheme it is used.
For each location(x, y), if Oi = 0, the corresponding pixel
fi(x, y) is considered as background class and background
model is updated as:

vj(x, y) =



































t∑

i=1

µr
ij(x,y)K(fi(x,y),vj(x,y))fi(x,y)

m∑

i=1

µr
ij(x,y)K(fi(x,y),vj(x,y))

,

if fi(x, y) ∈ vj j = 1, 2, ....,m;

vj(x, y), j = 1, 2, .....,m+ 1

otherwise;

. (12)

and the membership values are updated as

µij(x, y) =



























(1/(1−K(fi(x,y),vj(x,y))))
1/(r−1)

m∑

k=1

(1/(1−K(fi(x,y),vk(x,y))))1/(r−1)

if fi(x, y) ∈ vj j = 1, 2, ....,m;

µij , j = 1, 2, ....,m+ 1,

otherwise;

. (13)

and the new cost function is calculated as

J(x, y) =



























2
t+1
∑

i=1

m
∑

j=1

µr
ij(x, y)(1 −K(fi(x, y), vj(x, y))),

if fi(x, y) ∈ vj j = 1, 2, ....,m;

J(x, y), j = 1, 2, ....,m+ 1,

otherwise.

(14)

IV. EXPERIMENTAL RESULTS AND DISCUSSION

The proposed scheme is run on aCore i3TM system
with 4GB RAM, 3MB L2 cache. It is implemented by C++
programming language with Ubuntu operating system. The
proposed scheme is tested on several sequences and for page
constraint the visual results are shown on few sequences and
quantitative results are shown on all the videos of two major
challenging video databases:Changedetection.net and Star.
Further, this section is divided into three parts: visual analysis
of results, quantitative evaluation and discussions and future
work.

A. Visual Results Analysis

In this section, the effectiveness of the proposed scheme
is demonstrated on seven challenging sequences collected
from different databases. These sequences are:Water surface,
MSA, Waving tree, PETS2006, Fountain02, Overpass and
Badminton. The considered sequences include different chal-
lenging effects: non-static background, vegetation changes,
camera jitter, haze, noise, blurred, etc.

All the results reported on the above said sequences are
provided in Fig. 2 (a). The results obtained by the GMM
based BGS scheme shows the moving object region with many
missing parts and are shown in Fig. 2(b). Mostly GMM based
scheme is unable to detect the moving objects in the scene
with non-static background. The KDE based scheme provided
results as shown in Fig. 2(c). It is observed that on the non-
static background sequences many missed alarms are obtained
and for low resolution sequences false alarms are obtained.
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Fig. 2(d) shows the results of BRPCA scheme, where the
proper object locations are not obtained. The results obtained
by ViBe scheme are provided in Fig. 2(e), where a better object
location is obtained in most of the sequences; except for the
sequences with non-static background. The results obtained
by pROST scheme as shown in Fig. 2(f) provide better results
with less missed alarms. The results obtained by DPGMM
and feature bag based BGS schemes shown in Figs. 2(g)-(h)
have less missed alarms. However, the results obtained by the
proposed BGS scheme as shown in Fig. 2(i) is found to have
better accuracy with less misclassification error.

B. Quantitative Evaluation

One of the common ways of evaluating the results of
any BGS scheme is by checking its effectiveness through
quantitative evaluation measures. Quantitative evaluation mea-
sures evaluate the BGS scheme in an objective way. To
evaluate the proposed scheme in a quantitative way, three
evaluation measures: precision, recall and F-measure [46] are
used. For calculating precision, recall and F-measure, pixel
by pixel comparison of the ground-truth image is made with
the output. In the experiment, we have considered the average
of precision, average of recall and average of F-measure over
the entire frames to evaluate the proposed scheme. All these
measures are named as average precision, average recall, and
average F-measure. It may be noted that higher the value of
average precision, average recall and average F-measure, better
is the results.

Average precision, average recall, and average F-measure
obtained for all the considered sequences are provided in Table
I. It may be observed from the table that higher values of
average precision, average recall, and average F-measure are
obtained for most of the sequences by the proposed BGS
technique as compared to the other existing state-of-the-art
BGS techniques.

In Table I, the threshold value considered for the manual
thresholding based BGS scheme for the entire sequence are
as follows: Water surfaceTh = 40, MSA Th = 38, Waving
tree Th = 30, PETS2006Th = 50, Fountain02Th = 35,
OverpassTh = 40, and BadmintonTh = 25.

C. Evaluation on Large Databases

The effectiveness of the proposed scheme is tested on differ-
ent large databases. In this article, two benchmark databases:
changedetection.net1 and Star [47] are used. The performance
of the proposed scheme on these considered databases are
provided as follows.

1) Change detection.net: It is one of the popular bench-
mark databases to test the effectiveness of any BGS. The
changedetection.net database contains31 sequences with dif-
ferent challenging conditions which include: baseline, dynamic
background, camera jitter, intermittent object motion, shadow
and thermal. This database contains image frames with the
corresponding ground-truths. The performance of the proposed
scheme on all the considered sequences are provided in

1http://www.changedetection.net/

TABLE II
AVERAGE F-MEASURE FORCHANGE DETECTION.NET

Techniques Baseline DyBG Cam. Jitter IOM Shadow Thermal
GMM [6] 0.825 0.633 0.5970 0.520 0.737 0.662

DPGMM [10] 0.929 0.814 0.748 0.542 0.813 0.813
KDE [13] 0.909 0.596 0.572 0.409 0.803 0.742
ViBe [22] 0.870 0.565 0.600 0.507 0.803 0.665
RPCA [31] 0.677 0.684 0.547 0.672 0.729 0.565

SuBSENSE [26] 0.950 0.818 0.815 0.657 0.899 0.817
SOBS-CF [39] 0.873 0.309 0.745 0.534 0.664 0.873

feature bags [17] 0.943 0.837 0.818 0.643 0.820 0.822
Multi-background [27] 0.932 0.621 0.836 0.823 0.838 0.910

WeSamBE [28] 0.936 0.790 0.780 0.724 0.914 0.813
DeepBS [34] 0.965 0.844 0.896 0.689 0.943 0.650

Cascade CNN [35] 0.967 0.947 0.967 0.868 0.946 0.887
Proposed 0.968 0.861 0.873 0.729 0.947 0.901

Table II. The average of F-measures computed from all the
sequences and all the categories are reported in Table II.

For evaluating the proposed scheme on this database, it is
compared with ten existing state-of-the art techniques, which
include GMM [6], DPGMM [10], KDE [13], ViBe [22],
SuBSENSE [26], SOBS-CF [39], feature bags [17], multimode
background [27], WeSamBE [28], DeepBS [34] and cascade
CNN [35] schemes. It may be observed from this table that a
better value of F-measure is obtained by the proposed scheme
as compared to the ten state-of-the-art techniques. For se-
quences under the categories of baseline, dynamic background
and shadow the average F-measure obtained by the proposed
scheme is the highest as compared to all other sequences.
However, for the camera jitter, inter object motion, and thermal
images, the proposed scheme is found to provide comparable
results as compared to the DeepBS and multimode background
techniques. The proposed scheme is found to be providing
a higher average F-measure value for all the categories as
compared to the fuzzy based BGS SOBS-CF technique.

2) Star Database: Star database [47] is another popular
database which is used to check the effectiveness of the
proposed scheme. This database contains8 challenging se-
quences which are affected by systematic noise and camera
jitter. The proposed scheme is evaluated on this database
and its effectiveness is verified by comparing it with five
state-of-the-art BGS techniques. The BGS techniques used for
evaluation are GMM [6], Liet al. [47], self organizing [48],
statistical feature bag [17], and DPGMM [10] techniques. The
performance of the proposed BGS is evaluated on this database
by considering the average similarity measures obtained over
the different sequences on this database.

Table III shows the evaluation measures obtained on the Star
database by the five considered state-of-the-art techniques and
the proposed technique. It may be observed from Table III,
that a better accuracy for change detection is obtained by the
proposed scheme on star database as compared to the other
five state-of-the-art techniques. The proposed scheme is found
to provide competitive results with feature bags and DPGMM
techniques, respectively on curtain and bootstrap sequences.

D. Discussions and Future Work

The use of fuzzy concept in the proposed scheme incor-
porates a soft decision for deciding the belongingness of
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(a) (b) (c) (d) (e) (f) (g) (h) (i)

Water Surface sequence

MSA sequence

Waving tree sequence

PETS 2006 sequence

Fountain-02 sequence

Overpass sequence

Badminton Sequence

Fig. 2. Moving object detection for different sequences: (a) original frame, results obtained by BGS scheme based on (b) GMM, (c) KDE, (d) BRPCA, (e)
ViBe, (f) pROST, (g) DPGMM, (h) feature bags and (i) proposed

TABLE III
AVERAGE SIMILARITY MEASURE FORSTAR DATABASE

GMM Video plane SOM DPGMM feature bags Proposed
[6] [47] [48] [10] [17]

Campus 0.0757 0.1596 0.6960 0.7876 0.8011 0.8112
Fountain 0.6854 0.0999 0.6554 0.7424 0.7672 0.7712
Curtain 0.7580 0.1841 0.8178 0.8411 0.8963 0.8761
Lobby 0.6519 0.1554 0.6489 0.6665 0.8865 0.9112
Station 0.5363 0.5209 0.6677 0.6733 0.6674 0.6781
Airport 0.3335 0.1135 0.5943 0.5676 0.6011 0.6202

Bootstrap 0.3838 0.3079 0.6019 0.6496 0.6238 0.6381
Escalator 0.1388 0.1294 0.5770 0.5522 0.5610 0.5772

pixels to foreground/background. The use of fuzzy kernel in
the proposed scheme, helps in detecting the local changes
in a scene containing blurred boundary, light shadow, low
illuminated environmental condition, noisy scene, objects with
dynamic background, etc. In this context, fuzzy set theories are
reputed to handle uncertainties to a reasonable extent, arising
from deficiencies of information available from a situation (the
deficiency may result from incomplete, ill-defined, not fully
reliable, vague and contradictory information).

All the results reported in Fig. 2 and Tables I- III are
obtained by considering a total5% of the training data. In
order to test the efficacy of the proposed scheme, it is tested
it with different percentage of training samples and obtained
that the proposed scheme provides an acceptable accuracy

TABLE IV
AVERAGE F-MEASUREOBTAINED BY PROPOSEDSCHEME FORCHANGE

DETECTION.NET DATA WITH DIFFERENT %AGE OF TRAINING

Training Baseline DyBG Camera Jitter IOM Shadow Thermal
2% 0.915 0.852 0.801 0.699 0.893 0.865
3% 0.934 0.857 0.834 0.711 0.912 0.878
5% 0.968 0.861 0.873 0.729 0.947 0.901
7% 0.973 0.873 0.881 0.732 0.949 0.912
10% 0.981 0.875 0.881 0.733 0.949 0.921

with 5% training samples. The results obtained with different
percentages of training samples are reported in Table IV. The
average execution time per frame for training and testing of
each frame of the considered seven sequences are presented
in Table V.

One of the important parameters considered in this ex-
periment isr, the fuzzifier. All the results reported in this
manuscript are obtained by the optimal value (!) ofr (set
by trial and error basis). Higher the value of this parameter,
greater is the amount of fuzziness to the cost function of
the fuzzy modal variation. Similarly, a lesser value of it will
provide lesser fuzziness to the cost function of the fuzzy
modal variation. Althoughr can be defined taking into account
the changes in a scene in real life scenarios, its choice can
be critical. A smaller value of this parameter may produce
fragments in foreground/background regions due to decrease
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TABLE I
AVERAGE PRECISION, RECALL AND F-MEASURE ON ALL FRAMES FOR DIFFERENTIMAGE SEQUENCES

Water surface MSA Waving tree PETS2006 Fountain02 Overpass Badminton
No. of Frames: 582 No. of Frames: 582 No. of Frames: 1045 No. of Frames: 1200 No. of Frames: 1499 No. of Frames: 3000 No. of Frames: 1150

Approaches Pr Re FM Pr Re FM Pr Re FM Pr Re FM Pr Re FM Pr Re FM Pr Re FM
Manual 0.46 0.72 0.55 0.8 0.78 0.79 0.71 0.80 0.76 0.66 0.93 0.77 0.44 0.85 0.58 0.61 0.76 0.68 0.58 0.67 0.62

threshold
GMM [6] 0.86 0.85 0.85 0.80 0.70 0.75 0.70 0.80 0.75 0.78 0.87 0.83 0.75 0.87 0.80 0.92 0.83 0.87 0.63 0.75 0.69

Radiometric 0.88 0.84 0.86 0.81 0.84 0.83 0.76 0.83 0.80 0.68 0.90 0.77 0.47 0.75 0.58 0.71 0.75 0.73 0.59 0.71 0.65
similarity [15]
Wronskian [5] 0.68 0.85 0.75 0.80 0.83 0.81 0.73 0.84 0.78 0.72 0.98 0.83 0.43 0.86 0.57 0.62 0.79 0.69 0.59 0.74 0.68
Codebook [14] 0.51 0.71 0.60 0.81 0.86 0.84 0.80 0.88 0.84 0.84 0.97 0.90 0.52 0.85 0.64 0.78 0.78 0.78 0.63 0.80 0.71

KDE [13] 0.40 0.79 0.52 0.67 0.79 0.73 0.53 0.81 0.64 0.83 0.79 0.81 0.85 0.80 0.82 0.80 0.85 0.82 0.67 0.79 0.73
BRPCA [19] 0.86 0.92 0.89 0.83 0.90 0.86 0.81 0.86 0.83 0.80 0.86 0.83 0.52 0.86 0.65 0.67 0.81 0.73 0.69 0.75 0.72

DT [9] 0.84 0.91 0.88 0.80 0.88 0.84 0.80 0.75 0.77 0.77 0.81 0.79 0.81 0.82 0.76 0.74 0.78 0.76 0.67 0.78 0.72
ViBe [22] 0.71 0.85 0.77 0.86 0.90 0.88 0.79 0.84 0.82 0.86 0.70 0.78 0.86 0.80 0.83 0.85 0.76 0.80 0.71 0.79 0.75
Gaussian 0.91 0.95 0.93 0.83 0.87 0.85 0.77 0.84 0.81 0.90 0.97 0.93 0.80 0.79 0.79 0.67 0.79 0.72 0.67 0.71 0.69

Wronskian [3]
pROST [21] 0.65 0.78 0.72 0.85 0.93 0.89 0.79 0.88 0.83 0.70 0.67 0.68 0.80 0.89 0.84 0.90 0.88 0.89 0.87 0.81 0.84

DPGMM [10] 0.89 0.94 0.92 0.87 0.94 0.90 0.82 0.87 0.85 0.85 0.98 0.91 0.86 0.96 0.90 0.92 0.99 0.94 0.88 0.68 0.78
feature bags [17] 0.92 0.97 0.95 0.90 0.92 0.91 0.86 0.96 0.89 0.92 0.98 0.95 0.89 0.90 0.89 0.92 0.93 0.92 0.81 0.84 0.85

Proposed 0.94 0.97 0.95 0.93 0.92 0.92 0.88 0.92 0.90 0.94 0.96 0.95 0.92 0.93 0.92 0.93 0.93 0.92 0.88 0.82 0.85

Pr:precision, Re:recall and FM:F-measure.

TABLE V
AVERAGE EXECUTION TIME (IN SECOND) PER FRAME REQUIRED FOR TRAINING AND TESTING OF THE PROPOSED SCHEME

Water surface MSA Waving tree PETS2006 Fountain02 Overpass Badminton
No. of Frames: 528 No. of Frames: 582 No. of Frames: 1045 No. of Frames: 1200 No. of Frames: 1499 No. of Frames: 3000 No. of Frames: 1150
Training Testing Training Testing Training Testing Training Testing Training Testing Training Testing Training Testing

0.05 0.07 0.07 0.09 0.07 0.09 0.09 0.11 0.08 0.10 0.07 0.09 0.09 0.11

in fuzziness. Larger value of it may produce de-fragmented
smoothed regions in foreground. In the considered experiment,
the value ofr is assumed to be in the range[2, 5]. The results
on all the test sequences considered in this experiment are
reported withr = 3. The other parameter considered in the
experiment is window sizew. The size of the window impacts
in smoothing the boundary of the changed regions in the
foreground/background map. It is observed that as the value
of w increases, the silhouette of the object increases. It is also
observed thatw size with5×5 provides better results for most
of the considered sequences.

There is a probability that after detecting the local changes
in a video scene using the proposed methodology, some
parts of the unchanged regions can be identified as part of
the changed regions and vice-versa. These are found to be
very small isolated points and arise due to noise or vegeta-
tion changes. In order to remove such background blobs, a
connected-component labeling [49] technique is employed.

Although the proposed scheme yields better results for
the considered test sequences presented, however, at higher
dynamism, very low contrast and dense haze environment con-
dition, it does not perform well. In underwater scenarios, the
proposed scheme also suffers from decolorization of the scene
of view. In future work, these challenges will be focussed. To
deal with such underwater vagueness, some approaches using
fuzzy set based dehazing schemes fused with fuzzy histogram
mechanism will be used for background modeling.

V. CONCLUSIONS

In this article, a novel background subtraction scheme is
proposed, where fuzzy set theoretic decision process is utilized
for detecting the local changes. In the proposed scheme, a
kernelized fuzzy modal variation mechanism is used to detect
the local changes from a sequence of image frames. The

proposed technique is tested on several image sequences and
for page constraint, the results on two databases are reported
including seven test image sequences. The proposed scheme is
found to be robust against noise, illumination variation, surface
reflection, and uniform shading. It is found to provide better
results against non-static background and also can handle
camera jitter. The proposed scheme is tested against differ-
ent sequences with several challenges including two popular
databases: changedetcetion.net and star. The proposed scheme
is compared with twenty one state-of-the-art background sub-
traction schemes and found to be efficient. To corroborate
the findings, three performance evaluation measures: precision,
recall and F-measure are used. It is observed that the proposed
scheme provides higher values of these measures for most of
the test cases.
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