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Kernelized Fuzzy Modal Variation for Local
Change Detection from Video Scenes
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Abstract—Background subtraction (BGS) is a popular scheme video, the movements of which creates a dynamic variation
epitolmized in the state-of-the-art Iiter.ature on video proce.ss.ing. in the video scene [1]. The moving object detection scheme
In this context, a novel onl_lne kernelized fuzzy modal variation ;g alternatively termed as foreground segmentation [2]. One
based background subtraction scheme for detecting local changes . .
from the sequences of image frames is proposed. In the proposed,of the popular and effecpve ways of foreground sggmentatlon
scheme, the time varying background at different instances of IS background subtraction (BGS) [3], where a binary mask
time are modeled using fuzzy set theory. The proposed back- is used to represent the locations of the moving objects in

ground subtraction scheme, utilizes the fuzzy modal variation as the scene. Hence, a video frame is divided as foreground or
the cost function for fitting the pixel values of the image frames. background

The use of kernel based modal variation helps in projecting the Th tate-of-th t techni . | il .
pixel values in a higher dimensional space, linearly separating € slate-ol-the-art techniques on visual surveillance 1S

them into object and background classes. The results of the €normous. Several algorithms are developed in the allied
proposed technique is verified on different challenging sequencesarea of research. Most of the BGS schemes are found to

including dynamic background, camera jitter, noise, blurred pe effective only for images with significant contrast. An
scene, etc. The proposec_zl techmqu_e is successfully tested ove mage frame possesses high ambiguity within the pixels in
several test sequences with two major databases (all sequences

and it provides better results compared to the twenty one existing patial and_ temporal domains due to |.ts possible multl-valugd
state-of-the-art techniques. levels of brightness. Most of the techniques developed/studied
Index Terms—Background subtraction, Object detection, Tem- ?n the literature used a hard. decision to find if the pixel
poral analysis, Fuzzy logic, Modal variation. is foreground/packgrognd 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.
Visual surveillance is one of the challenging areas Qiso, the fuzzy based BGS schemes are limited by under
research for multimedia analysis. Recently, the demand 9k formance in non-linear feature space, where kernel based
visual surveillance has increased due to the growing imp@jpproaches provide better results. Most of the techniques are

tance of public safety at different places. Visual surveillanGgiine where testing and background training are carried out
has been used for long time to monitor different areas Suﬁhseparate stages.

as banks, traffic, hall, corridor, borders, etc. The demand|, this article, we put forward a novel online kernelized

for video surveillance can be well cited in many multimedig, ;7\ modal variation based background subtraction scheme to
applications, including face and gait-based human recognitiQyect the local changes from the video scenes. The proposed
activity recognition, visual surveillance, robotics, etc [1]. Vipackground subtraction scheme, utilizes fuzzy modal variation
sual surveillance is achieved by two different ways: manugk he cost function for fitting the pixel values of the image
and automated. In the manual case, the operator controllilgmes. The time varying background at different instant of
thg surve!llance system needs proper attention to locate {ffe are modeled using fuzzy set theory. The use of kernel
object of interest from the scene. In the automated case, figsed modal variation helps in projecting the pixel values in
programmed deV|ce.W|II |dent|fythe object of interest by itselfy higher dimensional feature space and linearly separating
Any automated video surveillance system may refer 0fem into object and background classes. In the proposed
moving object detection followed by tracking. Detection of @:neme, the number of background types/modes are assumed
moving object is the process of locating those objects ing& ;nknown. There is no need to fix/specify the number
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|. INTRODUCTION
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It is observed that the proposed scheme is found to provigkevideo data, the number of pixels for the foreground class
better results compared to the twenty one existing state-of-tla@e minimum and background class are maximum. Hence, this
art techniques. The performance of the proposed techniqueniay give rise to class imbalance in BGS. Zhail. [12]
evaluated using different performance evaluation measuresproposed a BGS, where spatio-temporal over-sampling and
The organization of the remaining part of this article is aselective down-sampling are proposed to compensate the data
follows. Section Il gives a description of the state-of-the-aimbalance.
techniques on BGS schemes. A description on the proposedt can be concluded from the above analysis that, it is
background training and background subtraction are providdifficult to estimate the parameters of the distribution properly,
in Section Ill. Section IV presents the experimental resulgs they are too much parameter dependent. In this regard,
with discussion and future work. Conclusions are drawn geveral non-parametric BGS techniques, which uses kernel
Section V. or histogram based approaches for parameter estimation are
developed in the literature. One of the popular non-parametric
BGS schemes is developed by Elgametadl. [13] where the
kernel function is used for Gaussian mixture model (GMM)
In the last two decades several BGS techniques had bgmmameter estimation. Kinet al. [14] also proposed a BGS
developed in the literature of computer vision. One of thechnique where the concept of codebook construction is used
primary and simple approaches of foreground segmentatiorfas modeling the background from the considered video. This
by frame difference followed by thresholding [4]. Howeverapproach is found to be more robust and even effective for
such an approach has two main deficiencies. Selection of #eguences with non-static background. Spagmblal. [15]
background frame is random and does not take into accopnbposed a non-parametric BGS scheme where the radiometric
the illumination variation and hence, it may attenuate tremrrelation between the pixels in a considered region of
noise, environmental changes, and other irrelevant detailssimpport is used for background modeling and foreground
the foreground mask. It may not be able to distinguish thetection. Histogram filtering technique [16] is also used in
variations as static or dynamic, whereas dynamic variationtlse literature to construct the background model. Recently,
a major concern. Different linear algebric change detecti®ubudhiet al. [17] proposed a non-parametric BGS technique
techniques including Gramian matrifronskian function, etc. where statistical features extracted from the local region of
[5] are proposed in the literature. However, most of thege frame is stored in few virtual bags for constructing the
techniques are developed assuming the scene to contain stadickground model. The parameters computed from each bag
variation and is unable to deal with the background of nois considered to be the tag on the bag. For any pixel on the
static variation. target frame, majority voting technique is exploited to check if
Stauffer and Grimson [6] proposed a BGS scheme wherat & foreground/background pixel. The concept of local binary
mixture of Gaussian probability density functionxfs) are pattern is also explored for the construction of the background
used to represent the multi-valued background of a videmodel and detecting the local changes [18].
The modeled background parameters are used to detect thi may be observed from the recent literature that the use
foreground from the target image frames. However, such ahprincipal component analysis (PCA) gets its popularity for
approach rarely carries spatio-contextual information and mimgcal change detection in background subtraction [19]. Several
produce holes/ghosts in the scene. A robust BGS scheP@A based schemes are explored/developed by the researchers
that uses a combination of minimum spanning tree baskuthis field, including binary PCA (BPCA) [19]. Among them,
aggregation technique with optical flow estimation is propos&hyesian inferring with PCA is found to be very powerful.
by Chenet al. [7]. In this regard, Subudtet al. [3] proposed a One of the major challenges in PCA based BGS is to cope
spatio-contextual BGS technique, where the temporal modesith long duration sequences. Seo and Kim [20] proposed a
a video are modeled using the Gausgidhand spatial modes BGS technique where the background model is initiated in
are fitted by Wronskian function to construct the background. low-dimensional subspace and then updated the recursive
Each pixel in the target frame is compared with the constructed-line PCA (RPCA) scheme periodically. Seidel et al. [21]
background to detect the local changes. However, such @oposed a BGS scheme where the convex relaxation of the
approach fails to model the multi-valued background in ideal sparsifying function is represented usipgiorm, where
scene. So, a modification of the same is achieved by Rdhbé algorithm uses alternating minimization on manifolds.
et al. [8], where the temporal modes are extended by fittingBe [22] is another popular non-parametric pixel based
with mixture of Gaussiaipdfs. A modification of the Stauffer classification strategy, used for BGS, where random sampling
and Grimson’s BGS model is also proposed by Ceaml. strategy is used with the spatio-contextual property for the
[9], where the dynamic texture is explored for foregroundonstruction of the background model.
detection. To deal with dynamic background, a novel BGS Low rank and sparse based BGS mechanisms are recently,
scheme which uses Dirichlet process Gaussian mixture modet¢somes popular. In a video, due to the movement of objects,
for background modeling and a probabilistic regularizatiodistribution of the regions corresponding to different objects
process to incorporate the neighboring pixel information ia the scene are structurally sparse. Liu et al. [23] proposed
developed [10]. Jodoirt al. [11] proposed a BGS schemea BGS scheme, where a spatial information in sparse outliers
where statistical motion detection scheme is explored inaae used to model the foreground and low-rank matrix to back-
single frame for background modeling. It may be observed thgtiound. A new online subspace learning based BGS scheme

Il. STATE-OF-THE-ART TECHNIQUES
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is recently, proposed by Yong al. [24], where the authors using self-organization map is proposed by Maddalena and
have used a mixture of Gaussians (MoG) distribution to modegétrosino [39]. Kim and Kim [40] proposed a background
the foreground of each frame. This model is formulated subtraction scheme where the background motion is modeled
a concise probabilistic MAP framework and solved by EMvith fuzzy set to generate new kind of features called fuzzy
algorithm. A newly proposed BGS scheme that uses a modifieslor histogram which are found to be effective in identifying
signal decomposition technique optimized and augmented witte moving objects. Fuzzy background subtraction scheme is
Lagrangian framework is proposed by Minaee and Waraiso developed by Choquet integral process over a set of pixels
[25]. St-Charleset al. [26] proposed a BGS scheme wheréo eliminate uncertainties [41]. In this context, Bouwmans and
spatiotemporal binary features and color information are usetiBaf [42] proposed a Type-2 fuzzy GMM for modeling the
to detect the local changes in a video, which the authamen-static background and detecting moving objects from it.
have prioritized for detecting object motion in camouflagetihis approach is found to be effective in complex background
condition. A BGS scheme that uses mega pixels conceptdondition.
detect the moving object in a video scene is proposed in [27],
where multiple innovative mechanisms are followed by theIII
foreground/background probability estimation process for a
different pixel locations. Recently, Jiarej al. [28] proposed  Most of the early literature concentrated on non-kernelized
BGS scheme, where a variable weighing mechanism is used®@S schemes. One of the major disadvantages of non-
detect the local changes in a scene. Minimum-weight upddnelized BGS is that for checking the belongingness of
policy is used to replace the most inefficient sample andaaparticular pixel value in different background (unchanged
reward-and-penalty weighting strategy is used to reinforégea) or object (changed area) is decided based on some linear
frequently occurring samples. Use of image and color spadassification/separation process [43]. It is also to be noted that
reduction is also explored in BGS to compensate the col@$ the object is moving from one place to another, the gray
noise [29]. levels in the video changes from frame to frame. Generally,
Recently, the compressive sensing mechanism is gaininga video, the changes in gray level between the frames is
more attention for background subtraction. However susiery common and different BGS schemes are found to be
approaches are limited due to its computational cost.dtiu effective only for images with significant contrast. Again an
al. [30] proposed an iterative data residues prunning basétage frame possesses high ambiguity within the pixels in
spatio-temporal group sparsity recovery technique for BGSpatial and temporal domain due to its possible multi-valued
Cao et al. [31] proposed a tensor-based robust PCA approétels of brightness. Use of a hard decision for inclusion of
for background subtraction from compressive measuremerntixels in background/ foreground class in BGS is not expected
where the video frames are decomposed into backgrounds émdield a satisfactory solution. Again, &dimensionRGB
foregrounds with spatio-temporal tensor framework. Supegelor space has a large correlation and high non-linearity. A
pixel segmentation mechanism is also explored for BGS. llear separation process with hard decision based classifier
hierarchical superpixel segmentation scheme that uses sgafls to provide the required solutions in this case. It is
ning trees and optical flow is proposed by Chetnal. [32]. to be noted that fuzzy set theories are applied to handle
De Gregorio and Giordano [33] proposed a BGS schernacertainties to a reasonable extent, arising from deficiencies
based on a weightless neural network called BEWIS. Tlo& information available from a situation (the deficiency may
authors have estimated the background at each pixel locatiegult from incomplete, ill-defined, not fully reliable, vague
using a weightless neural network designed to learn pix@hd contradictory information). It justifies to apply the concept
color frequency. Use of deep neural network for backgroumd fuzzy set based BGS against the hard decision based BGS.
modeling is also explored in the recently proposed changée fuzzy set theoretic approaches always may not be able to
detection schemes in [34], [35]. provide a better solution in this regard and it fails to handle
It may be concluded from the above analysis that in BG#)e problem if the data is non-linear due to ambiguities present
ilumination changes and structural background changes piw-it [44]. This justifies and motivates the use of kernelized
duce uncertainty for the classification of a pixel in foregrounitizzy BGS.
and background. Hence, it gives imprecision in the localiza- The main essence of kernel based fuzzy modal variation is
tion of the object. One of the early works reported in thto map the originatl-dimensional feature space to a non-linear
literature is fuzzy running average for background subtractitigh dimensional space i.e., the kernel space, with infinite
[36]. However, such an approach rarely utilizes the fuzajimensions [45]. One of the main goals of going to a higher
mechanism for modeling the multi-valued background. Zhamymensional space is to apply a linear classification in the high
and Xu [37] proposed a fuzzy integral based backgrouniimensional kernel space [45] for easy separation of the data
subtraction scheme, where texture and color features are fupeints.
for detecting moving objects from the background and canFig. 1 represents the conceptual representation of the pro-
handle non-static background in a video scene. El &afl. posed scheme. Let us consider an example of vibrating leaves
[38] also proposed a BGS scheme, where Choquet integoéla tree. Due to quasi-periodic motion of the leaves, there
is explored in fuzzy framework for background subtractionccurs different background types. In the proposed scheme
and used a fuzzy adaptive model for background updathese background types are modeled with different fuzzy
A spatial coherence based background subtraction schemembership values. The proposed scheme follows two stages:

. PROPOSEDBACKGROUND SUBTRACTION PROCESS
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where K (.) represents the dot product. Considering Gaussian
kernel function

K(fi(z,y),v;(z,y)) = exp{—||fi(z,y) —v;(z,»)[I*/0*}; (3)

the kernelized fuzzy modal variability can be expressed as

Jt(l',y)l:?X (4)
t m
Fig. 1. Background fuzzy modeling Z Z r
i=1 j=1
background construction and object separation. It is assumed t<n.

that the frame instant is the same as that of the time instaﬂ;]. . . . .

o ) . - . e new membership function for any pixel at locationy)
Initially, the input image sequences are divided into two (t+ 1)t frame can be computed as
parts: training and testing frames. Here it is assumed that the P
|nput_ video containgV number o_f frames out of Wh|_ch s (1/(1— K(fl-(:z:,y),vj(:c,y))))l/(“l)
considered as the number of training frames ahd n is the Hij )
target/testing frames. The pixel at locatian ) of a frame at (1/(1 = K(fi(z,y), vx(z,y)))/ =D
ith time instant is represented ggz,y). Each pixelf;(z,y)
in a frame is assumed to be in a three dimensidt@B color and the representative of each mode will be computed as
space.

(Iv 1/) = )

NIE

k

Il
-

> (@ y) K (filz, y),vi(@,y)) fi(z, y)
A. Background Construction v;?“(x,y) — =L — (6)
The proposed background construction process is an auto- Z Wi (x, ) K (fi(z,y),vj(z,y))
matic one. It does not need any prior information like number =1
of background or background types unlike multiglef [6] In the proposed scheme, the background model is initialized

based background construction approaches. Here, at each fiyelconsidering a small region of support at a particular
location (z, y), the cost function of the fuzzy modal variationpixel location (x, ). The kernelized fuzzy modal variability
is fitted. The expression for fuzzy modal variation at any pixé$ minimized initially with an assumption of the number of
location (z,y) in an image frame at time, which can be modes(= 2). The mode’s representatives are computed by
calculated as: minimizing the kernelized fuzzy modal variation cost function.
Ji( _ In the next stagef;1)(z,y) is used to compute the ker-
1(z,y) = ) ) . )
tm nelized fuzzy modal variation in two different ways for pixel
Z Z{ij (z, )@ (filz,y)) — @(vj(z,y)||?, t<n, (1) location(z, y) in a new frame a(t+_1)_“‘ frame. One assuming
that f(;4+1)(, y) belongs to the existing background types and
the other one assuming that ,)(z,y) is a new background
Oﬂ/pe. 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
. . th aluy existingm background types a new cost value is computed.
for a pixel belonging to theg™ background type at IocatlonA separate cost value is also computed by considering the

(z,y). t represents the time instant ands the fuzzifier.® new pixel belonging to a new background type. Then, the

represents the kernel function used for non-linear mappingﬁ)l nimum of the computed two cost values (one due to existing

d-dimensional space to kernel space. Eq (1) represents the %Sﬁackground types and the other one with the newly created

function of kernelized fuzzy clustering. Eq (1), expresses trg)% k dt : 1) is obtained and the old ¢
kernelized fuzzy modal variation over the pixel values. ckground types using: + 1) is obtained and the old cos

NS value is updated with the new one. Hence the representative
The concept of kernel function is inspired from the Mercer’ P P

. orresponding to new modes is computed as
kernel theorem. Mercer's theorem suggests that a distance P 9 P

i=1 j=1

whereJ;(z, y) expresses the kernelized fuzzy modal variati
function at location(z, y), computed for frame instamnt m is
the number of background types built at locati@n y) and
v;(z,vy) is the mode corresponding to t}i¢ background type.
The term u;;(z,y) represents the fuzzy membership valu

||®(z;) — ®(v;)||* in the kernel space cannot be computed > i @) (K (fi(2,y) 05 (2,9))) fi (2,y)
exactly as that of thed-dimensional Euclidean space, due =
to inclusion of kernel function. The kernelized fuzzy method 2 i @K (fi(@y).vi(@y)
takes the advantage of the dot products in the kernel space ané}ﬂv,y)Hl = if fi(z,y) € old background; - (7)
expresses the distance functigh(f;(z,y)) — ®(v;(z, y))||? initiate vy, 41 (x, )
that can be expressed as omt Y
otherwise

1@ (fi(z,y)) — @(v;(z,9))II* =
K(fz(xay)vfl(xay)) +K(Uj(x’y)7vj(x7y)) -
2K(fi(x,y),vj(x,y)), (2) Um+1 (xay)t-’_l = nmed(xay)a (8)

where the new modes are computed as
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Nmea represents the median of pixel values considered inpapularly used and hence, in the proposed scheme it is used.
small neighborhood off (x,y). The membership values areFor each locatior(z,y), if O; = 0, the corresponding pixel
recomputed as fi(x,y) is considered as background class and background
model is updated as:

(/A=K (fi(z,y),0;(@y)))' /"~
k;(l/(l—K(fi(w7y)7vk(w,y))))l/“*“ .
i if fi(z,y) € old background types; o 1; wiy (@) K (fi(z,y),v;(2,y)) fi(z,y)
pig(z,y)™ = m+(11/(17K(fi(z.,y)-,u]'(m,y))))”“’“ - O ﬁ:;l W @) K (filzy) vy (@)
Z, (/O o)), W@ =0 it fiwy) evy j=1,20m - @2
otherwise vi(z,y),j=1,2,.....m+1
and the new cost function is calculated as otherwise;
Jiv1(z,y) = and the membership values are updated as
t+1 m 3 ) 1/(r—1)
A/ (A=K (fi(z,y),v;(z,y))))
2 T(x,y)(1 — K(fi(x,y),v;(x, , D
; J; #is(:9)( (il:9),v5(@, 1)) 2 (/A=K (fi(wy)on (@) /=D
i fila.y)  old background types; a0)  mi(wy) =f filz,y) € j=1,2m; . (13)
257 3 () (1 — K(filw,y),v;(z,p)), pignd = 1,2, om+ 1,
i=1j=1 otherwise;
otherwise. o
) ] ~and the new cost function is calculated as
This process is repeated over all the background training 1 m
frames to construct the background model. In the next stage 2> > pi(zy)(1 = K(fi(w,y),v(z,9))),
the object separation phase is followed. i=1j=1
J(x7y): if fl(I,y) Evj _]:1,2,,771, (14)
B. Object Separation and Background Update J(@,y), g =1,2,..om+ 1,
A similar procedure for separation of the foreground from otherwise.

the background in the target frame like background construc-

tion is followed. For each selected target frame, the belong- V. EXPERIMENTAL RESULTS AND DISCUSSION

ingness of a particular pixel to each mode of backgroundThe proposed scheme is run on Gore i37M system
type constructed in the previous stage is tested using the ogih 4GB RAM, 3MB L2 cache. It is implemented by C++
function of the kernelized fuzzy modal variation. For eacprogramming language with Ubuntu operating system. The
pixel location, the pixel valugf(z,y), for any frame at time proposed scheme is tested on several sequences and for page
instant,t > n are fitted into the cost function as expressed itonstraint the visual results are shown on few sequences and
eq (1). For fitting the pixel value at each locatigf(z,y), it quantitative results are shown on all the videos of two major
is tested if it belongs to any of the previously constructechallenging video database€hangedetection.net and Star.
background typev;, and then detected as the backgroun@urther, this section is divided into three parts: visual analysis
pixel; else it is detected as a part of the moving object. ¢if results, quantitative evaluation and discussions and future

can be described in mathematical form as work.
0, if A. Visual Results Analysis

Oi(w,y) =1{ filw,y) €Vjy i=nt+1ln+2,..,N; (11) In this section, the effectiveness of the proposed scheme
(;therwise is demonstrated on seven challenging sequences collected

from different databases. These sequencesVeater surface,
Here, O; is considered as the same size as that of thdSA, Waving tree, PETS2006, Fountain02, Overpass and
image frame. In the next stage of the proposed scheme, Baminton. The considered sequences include different chal-
background is updated. lenging effects: non-static background, vegetation changes,

There are two background model updating mechanismamera jitter, haze, noise, blurred, etc.

reported in the literature of background subtraction; namely,All the results reported on the above said sequences are
conservative and blind [22]. In conservative updating mechgrovided in Fig. 2 (a). The results obtained by the GMM
nism, a pixel belonging to the foreground region in the targbaised BGS scheme shows the moving object region with many
frame is never used for updating the background model; andssing parts and are shown in Fig. 2(b). Mostly GMM based
the pixel belonging to the background is updated in each targeheme is unable to detect the moving objects in the scene
frame after foreground detection. Similarly in blind updatingvith non-static background. The KDE based scheme provided
mechanism, a pixel identified either as a part of backgroundrmsults as shown in Fig. 2(c). It is observed that on the non-
foreground will be used for updating the background [22]. Istatic background sequences many missed alarms are obtained
most of the literature, the conservative updating mechanismeisd for low resolution sequences false alarms are obtained.
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. TABLE Il
Fig. 2(d) shows the results of BRPCA scheme, where the AVERAGE F-MEASURE FORCHANGE DETECTIONNET

proper object locations are not obtained. The results obtained
by ViBe scheme are provided in Fig. 2(6), where a better Objjpf Techniques Baseline| DyBG | Cam. Jitter| IOM | Shadow| Thermal

. . R ) GMM [6] 0.825 | 0.633 0.5970 | 0.520| 0.737 0.662
location is obtained in most of the sequences; except for the spemm [10] 0.020 | 0.814| 0.748 | 0542| 0.813 | 0.813
sequences with non-static background. The results obtained KDE [13 0.909 | 0.596| 0572 |0.409] 0.803 | 0.742

. . . L ViBe [22 0.870 | 0.565 0.600 0.507| 0.803 0.665
by pROST scheme as shown in Fig. 2(f) provide better resutts—gpca 3 0677 10684 0547 10672 0729 0565

with less missed alarms. The results obtained by DPGMM SuBSENSE [26] | 0950 | 0.818] 0.815 [0.657| 0.899 | 0.817

. . \| /1y SOBS-CF [39] 0.873 0.309 0.745 0.534| 0.664 0.873
and feature bag based BGS schemes shown in Figs. 2(9)-hzure bags 177 | 0.045 [ 0837 0818 | 0.643] 0.820 | 0822
have less missed alarms. However, the results obtained by [tii@t-background [27]] 0.932 | 0.621| 0.836 | 0.823| 0.838 | 0.010
proposed BGS scheme as shown in Fig. 2(i) is found to have ‘%f;”ézﬁgljf] O ol o750 (0724 0 o8
better accuracy with less misclassification error. 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

B. Quantitative Evaluation

One of the common ways of evaluating the results of ble II. Th ‘ qf I th
any BGS scheme is by checking its effectiveness throu goe 1. The 3ve|rla§r1]e ot F-measures compu(tje_ _Ir_og; a“ the
guantitative evaluation measures. Quantitative evaluation m gguences and all the categories are reported in Table |l.

sures evaluate the BGS scheme in an objective way. Toor evaluating the proposed scheme on this database, it is

evaluate the proposed scheme in a quantitative way, th[CéJénpared with ten existing state-of-the art techniques, which

evaluation measures: precision, recall and F-measure [46] qude GMM [6], DPGMM [10], KDE [13], ViBe [2_2]'
used. For calculating precision, recall and F-measure, pixet BSENSE [26], SOBS-CF [39], feature bags [17], multimode

by pixel comparison of the ground-truth image is made Witlﬂackground [27], WeSamBE [28], DeepBS [34] and cascade

the output. In the experiment, we have considered the averz%gN [35] schemes. It may be ob_served from this table that a

of precision, average of recall and average of F-measure ongter value of F-measure is obtained by the prqposed scheme
the entire frames to evaluate the proposed scheme. All théSeCompared to the ten state-of-the-art techniques. For se-
measures are named as average precision, average recall G ces under the categories of baseline, dynamic background
average F-measure. It may be noted that higher the value®df! shadow the average F-measure obtained by the proposed

average precision, average recall and average F-measure, b gme 1S the highest as co_mpared_ to all pther Sequences.
is the results. However, for the camera jitter, inter object motion, and thermal

imgges, the proposed scheme is found to provide comparable

Average precision, average recall, and average F-meas I dtoth d multimode back d
obtained for all the considered sequences are provided in Tafgu'ts as compared to the DeepBS and multimode backgroun

I. It may be observed from the table that higher values &fchniques. The proposed scheme is found to be providing

average precision, average recall, and average F-measure?afigher average F-measure value for all the categories as

obtained for most of the sequences by the proposed Bégmpared to the fu.zzy based BGS SOBS,'CF technique.

technique as compared to the other existing state-of-the-ar?) Sar Datgbage. Star database [47] is anqther popular

BGS techniques. database which is us_ed to check the _effectwen_ess of the
In Table I, the threshold value considered for the manuBTOposed scheme. This database contairghallenging se-

thresholding based BGS scheme for the entire sequence dfgNCces which are affected by systematic noise and camera
as follows: Water surfac&h — 40, MSA Th — 38, Waving jitter. The proposed scheme is evaluated on this database

tree Th — 30. PETS2006Th — 50. Fountain02Th — 35. and its effectiveness is verified by comparing it with five
OverpassT'h ~ 40, and Badmintor'h — 25. ' 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

C. Evaluation on Large Databases performance of the proposed BGS is evaluated on this database

The effectiveness of the proposed scheme is tested on diffey-considering the average similarity measures obtained over
ent large databases. In this article, two benchmark databaghks:different sequences on this database.
changedetection.nfeand Star [47] are used. The performance Table Il shows the evaluation measures obtained on the Star
of the proposed scheme on these considered databasesdatabase by the five considered state-of-the-art techniques and
provided as follows. the proposed technique. It may be observed from Table I,

1) Change detection.net: It is one of the popular bench-that a better accuracy for change detection is obtained by the
mark databases to test the effectiveness of any BGS. Tgreposed scheme on star database as compared to the other
changedetection.net database contdihsequences with dif- five state-of-the-art techniques. The proposed scheme is found
ferent challenging conditions which include: baseline, dynamic provide competitive results with feature bags and DPGMM
background, camera jitter, intermittent object motion, shaddechniques, respectively on curtain and bootstrap sequences.
and thermal. This database contains image frames with the
corresponding ground-truths. The performance of the proposfsd

scheme on all the considered sequences are provided in ) _
The use of fuzzy concept in the proposed scheme incor-

Lhitp://www.changedetection.net/ porates a soft decision for deciding the belongingness of

Discussions and Future Work
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(f) (9) (h) (i)
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Water Surface sequence
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MSA sequence

Al Al Al Al A

Waving tree sequence

PETS 2006 sequence

Fountain-02 sequence
. 1l

"EREE
h. b ks

rpass sequence

L1 T

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 Il TABLE IV
AVERAGE SIMILARITY MEASURE FORSTAR DATABASE AVERAGE F-MEASURE OBTAINED BY PROPOSEDSCHEME FORCHANGE
DETECTION.NET DATA WITH DIFFERENT %AGE OF TRAINING

GMM | Video plane| SOM | DPGMM | feature bagq Proposed

[6] [47] [48] [10] [17] Training | Baseline] DyBG | Camera Jittef IOM | Shadow| Thermal
Campus | 0.0757 0.1596 0.6960| 0.7876 0.8011 0.81» 2% 0.915 0.852 0.801 0.699| 0.893 0.865
Fountain | 0.6854 0.0999 0.6554| 0.7424 0.7672 0.7712 3% 0.934 0.857 0.834 0.711] 0.912 0.878
Curtain | 0.7580 0.1841 0.8178| 0.8411 0.8963 0.8761 5% 0.968 0.861 0.873 0.729] 0.947 0.901
Lobby [ 0.6519 0.1554 0.6489| 0.6665 0.8865 0.9112 7% 0.973 0.873 0.881 0.732] 0.949 0.912
Station | 0.5363 0.5209 0.6677| 0.6733 0.6674 0.6781 10% 0.981 0.875 0.881 0.733] 0.949 0.921

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

with 5% training samples. The results obtained with different

percentages of training samples are reported in Table IV. The
pixels to foreground/background. The use of fuzzy kernel mverage execution time per frame for training and testing of
the proposed scheme, helps in detecting the local changesh frame of the considered seven sequences are presented
in a scene containing blurred boundary, light shadow, loin Table V.
illuminated environmental condition, noisy scene, objects with one of the important parameters considered in this ex-
dynamic background, etc. In this context, fuzzy set theories &§griment isr, the fuzzifier. All the results reported in this
reputed to handle uncertainties to a reasonable extent, arisignuscript are obtained by the optimal value (!)7ofset
from deficiencies of information available from a situation (thgy trial and error basis). Higher the value of this parameter,
deficiency may result from incomplete, ill-defined, not fullyreater is the amount of fuzziness to the cost function of
reliable, vague and contradictory information). the fuzzy modal variation. Similarly, a lesser value of it will

All the results reported in Fig. 2 and Tables I- Il arerovide lesser fuzziness to the cost function of the fuzzy

obtained by considering a total%s of the training data. In modal variation. Although can be defined taking into account
order to test the efficacy of the proposed scheme, it is testb@ changes in a scene in real life scenarios, its choice can
it with different percentage of training samples and obtaindx critical. A smaller value of this parameter may produce
that the proposed scheme provides an acceptable accuifaagments in foreground/background regions due to decrease
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TABLE |
AVERAGE PRECISIONRECALL AND F-MEASURE ON ALL FRAMES FOR DIFFERENTMAGE SEQUENCES
Water surface MSA Waving tree PETS2006 Fountain02 Overpass Badminton
No. of Frames: 584 No. of Frames: 584 No. of Frames: 1045 No. of Frames: 1200 No. of Frames: 1499 No. of Frames: 3000 No. of Frames: 115(
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] 058 [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| 093 [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| 095 |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 [ 0.09 009 [ 011 008 [ 0.10 0.07 [ 0.09 009 [ 011

in fuzziness. Larger value of it may produce de-fragmentguoposed technique is tested on several image sequences and
smoothed regions in foreground. In the considered experimeiot, page constraint, the results on two databases are reported
the value ofr is assumed to be in the ran§e 5]. The results including seven test image sequences. The proposed scheme is
on all the test sequences considered in this experiment &vend to be robust against noise, illumination variation, surface
reported withr = 3. The other parameter considered in theeflection, and uniform shading. It is found to provide better
experiment is window size.. The size of the window impactsresults against non-static background and also can handle
in smoothing the boundary of the changed regions in tlvamera jitter. The proposed scheme is tested against differ-
foreground/background map. It is observed that as the valeiet sequences with several challenges including two popular
of w increases, the silhouette of the object increases. It is aldatabases: changedetcetion.net and star. The proposed scheme
observed thaiv size with5 x 5 provides better results for mostis compared with twenty one state-of-the-art background sub-
of the considered sequences. traction schemes and found to be efficient. To corroborate

There is a probability that after detecting the local changése findings, three performance evaluation measures: precision,
in a video scene using the proposed methodology, somezall and F-measure are used. It is observed that the proposed
parts of the unchanged regions can be identified as partscheme provides higher values of these measures for most of
the changed regions and vice-versa. These are found tothe test cases.
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 fdt] A. M. Tekalp, Digital Video Processing.
the COOSIdered test sequences presented, howgver, at hlgE?ré?gl\?: Subudhi, P. K. Nanda, and A. Ghosh, “A change information
dynamism, very low contrast and dense haze environment CoN- yaseq fast algorithm for video object detection and trackinGEE
dition, it does not perform well. In underwater scenarios, the Transactions on Circuits and Systems for Video Technology, vol. 21,
proposed scheme also suffers from decolorization of the scene N°: 7. pp. 993-1004, 2011. . . .

. . 3] B. N. Subudhi, S. Ghosh, and A. Ghosh, “Change detection for moving
of view. In future work, these Cha"enges will be focussed. T object segmentation with robust background construction under Wron-
deal with such underwater vagueness, some approaches usingskian framework,"Machine Vision and Applications, vol. 24, no. 4, pp.
fuzzy set based dehazing schemes fused with fuzzy histogram 795-809, 2013.

. . : 4] R.F. Gonzalez and R. E. Wood3ijgital Image Processing. Singapore:
mechanism will be used for background modeling. & Pearson Education. 2001 9 9 g =ingap

[5] E. Durucan and T. Ebrahimi, “Change detection and background extrac-

V. CONCLUSIONS tion by linear algebra,Proceedings of the IEEE, vol. 89, no. 10, pp.
1368-1381, 2001.

In this article, a novel baCkground subtraction scheme I[ii] C. Stauffer and W. Grimson, “Learning patterns of activity using real
proposed, where fuzzy set theoretic decision process is utilized time tracking,” IEEE Transactions on Pattern Analysis and Machine
for detecting the local changes. In the proposed scheme, a !néligence, vol. 22, no. 8, pp. 747-767, 2000. _
. L . . gt] M. Chen, Q. Yang, Q Li, G Wa_ng, and M.-H._ Yang, “Spatlot(_emporal
kernelized fuzzy modal variation mechanism is used to dete background subtraction using minimum spanning tree and optical flow,”
the local changes from a sequence of image frames. The in 13th European Conference on Computer Vision, 2014, pp. 521-534.
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