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Abstract In this article, we propose a moving objects
detection scheme using Gibbs–Markov random field
(GMRF) and Hopfield-type neural network (HTNN) in
expectation maximization (EM) framework for video
sequences captured by static camera. In the considered
technique, the background model is built by considering a
running Gaussian average over few past frames. The change
vector analysis (CVA) scheme is followed on the considered
target frame and the constructed reference frame to gener-
ate a difference image. The moving objects in target frame
are detected by segmenting the difference image into two
classes: changed and unchanged, where the changed class
represents moving object regions and the unchanged class
the background regions. For segmentation, we have modeled
the CVA generated difference image with GMRF and the
segmentation problem is solved using the maximum a pos-
teriori probability (MAP) estimation principle. The MAP
estimator is found to be exponential in nature; and thus a
modified HTNN is exploited for estimating the MAP. The
parameters of the GMRF model are estimated using EM algo-
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rithm. Experiments are carried out on three video sequences.
Results of the proposed change detection scheme are com-
pared with those of the codebook-based background subtrac-
tion and GMRF model with graph-cut schemes. It is found
that the proposed technique provides better results.
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1 Introduction

The recent use of computer vision-based techniques for
different major applications like surveillance (Bovic 2000;
Ghosh et al. 2012), medical therapy (Portela-Sotelo et al.
2012) and security (Brekke et al. 2012), has raised the
demand for image and video sensors. The increase in need
and cheap price of the video/image sensors, also have
increased researcher’s attention on processing of daily use
video sequences. This attention focusses on accurate detec-
tion of the moving objects, and analysis of their trajectories
in different frames of the video.

Background subtraction (BgS) (Piccardi and Jan 2004)
is a popular motion detection technique (Tekalp 1995) and
successively used for the last three decades for detecting
moving objects from video sequences captured by static
cameras. The classical BgS technique uses frame differ-
encing followed by thresholding to perform moving object
detection. However, it has a problem of attenuating the
noise in motion detection results. The effect of noise can
better be nullified by considering statistical hypothesis test
(Lehmann and Romano 1997). In hypothesis testing scheme,
the noise is assumed to follow a special kind of probability
distribution function (pdf ) (Shanmugam and Breipohl 1988).
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If a pixel from the difference image (obtained from the tar-
get and the candidate frame) follows the specified pdf, the
pixel is considered to be a noisy pixel; otherwise, it is con-
sidered to be a pixel belonging to the moving objects region
(Rajgopalan and Chellapa 2001).

The effects of noise and illumination variation are very
common in daily life video scenes. In this regard a robust
BgS scheme using running Gaussian average was proposed
by Wren et al. (1997). Here, the authors have modeled the
background independently at each pixel location by fitting a
Gaussian pdf over a sequence of previous/past frames. The
parameters of the Gaussian pdf (i.e., the mean and the vari-
ance) at each pixel location is stored in a buffer. The loca-
tions of the moving objects in a target frame are obtained by
comparing the intensity value of each pixel location in the
target frame against the corresponding parameter values of
the Gaussian pdf. If a match is found then the parameters of
the model are adjusted. It is natural that at a particular loca-
tion of the frame, different background objects will appear.
Hence, a multivalued background model is required to model
the background properly. Stauffer and Grimson (1999, 2000)
proposed a multivalued background modeling scheme where
a pixel at a particular location of the video frame is modeled
with multiple Gaussian pdfs. Such an approach is found to be
robust and gives better results against non-static background
objects. A novel BgS technique using a mixture of Gaussian
model is proposed by Poppe et al. (2008). Here, the authors
have introduced edge-based image segmentation techniques
to improve the object detection accuracy.

In an article proposed by Monnet et al. (2003), the mov-
ing object detection in time varying background is addressed
using an auto regressive model. Here the authors modeled the
image regions as autoregressive moving average processes
that gives a better prediction of moving objects from a
complex scene. A brief study of different, linear algebra-
based change detection techniques was done by Durucan and
Ebrahimi (2001). Here the authors have successfully demon-
strated the applications of different, linear algebra-based
schemes for detecting changes in noise and illumination vari-
ate video sequences. Elgammal et al. (2002) have proposed a
non-parametric kernelized GMM to model the background of
the scene and have efficiently detected moving objects with
less misclassification error. A non-Gaussian modeling-based
BgS scheme is proposed by Kim et al. (2005), where the
concept of codebook is used to reconstruct the background
scene and hence does not need estimation of any parameters.
Recently, Subudhi et al. (2013) have proposed a Gaussian
modeled Wronskian function for BgS. It is found to be work-
ing better for non-static background, gradual variations of
light conditions, camera jitter, etc.

From the above analysis it is concluded that in object
detection literature, Gaussian pdf is successfully used for

background modeling (Stauffer and Grimson 1999, 2000).
In change detection literature (Radke et al. 2005) Hopfield-
type neural network (HTNN) (Ghosh et al. 2007) is found to
be providing good results. Markov random field model with
expectation maximization (EM) (Li 2001) is also quite popu-
lar in the literature of image segmentation. To the best of the
authors’ knowledge in the domain of object detection, there
is no method available that simultaneously takes the advan-
tages of Gaussian averaging-based background modeling,
Gibbs–Markov random field (GMRF) and maximum a poste-
riori probability (MAP) estimation by HTNN. In the present
work, we have exploited the advantages of three methodolo-
gies, namely, Gaussian averaging-based background mod-
eling, MRF model and MAP estimation by HTNN in EM
framework for moving object detection.

In this article, we have proposed a novel moving objects
detection technique for video sequences captured by static
camera, using GMRF and HTNN in EM framework. In the
proposed technique, we initially built a background model
by considering running Gaussian average over a few past
frames. A difference image is generated (from the target and
the reference frame) by considering the change vector analy-
sis (CVA) scheme. The moving objects in the target frame
are detected by segmenting the difference image into two
classes: changed and unchanged, where the changed class
represents moving object regions and the unchanged class
represents the background region. For segmenting the differ-
ence image, we have modeled it with the GMRF and the seg-
mentation problem is solved using the MAP estimation prin-
ciple. The MAP estimator of the GMRF used to model the dif-
ference image is found to be exponential in nature; and thus
a modified HTNN is exploited for estimating the MAP. The
parameters of the GMRF are recursively estimated by EM
algorithm.

The proposed scheme is demonstrated on three video
sequences: one publicly available and two benchmark video
sequences. The effectiveness of the proposed scheme is ver-
ified by comparing it with those of the codebook-based BgS
(Kim et al. 2005) and GMRF model with graph-cut algo-
rithm (Szeliski et al. 2008). It is found that the proposed
BgS scheme provides better results as compared to the other
considered techniques. The proposed scheme is evaluated by
three performance evaluation measures: precision, recall and
F-measure (Brutzer et al. 2011).

The organization of the remaining portion of this arti-
cle is as follows: Section 2 represents a brief description of
the proposed BgS scheme. A description on the background
modeling, difference image generation, and GMRF model-
ing is provided in Sect. 3. The MAP estimation using the
proposed HTNN scheme is provided in Sect. 4. Section 5,
provides experimental results and analysis. Conclusion and
future work are presented in Sect. 6.
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Fig. 1 Block diagram of the
proposed scheme

2 Proposed algorithm for object detection

A block diagram of the proposed technique is given
in Fig. 1. The first part of the block diagram represents
the background construction block. In the proposed scheme,
we have constructed the background model or the reference
frame by taking running Gaussian average over few past
frames in temporal direction. The CVA is used to gener-
ate the difference image from the reference and the target
frames. By classifying this difference image into changed and
unchanged classes it is possible to obtain the moving object
regions in the target frame. To classify the difference image
into two classes, we propose the use of GMRF-based prob-
abilistic modeling and HTNN as MAP estimator. The use of
the GMRF probabilistic model gives an advantage of approx-
imating the spatial regularities of pixels. Here the MAP esti-
mation of the GMRF modeled difference image is obtained
by HTNN. Since the estimation of GMRF model parame-
ters using EM algorithm is well studied in the literature (Li
2001), we have used such an algorithm to iteratively esti-
mate these parameters. The Hopfield’s network (Hopfield et
al. 1984) is initialized by thresholding the input image based
on Liu and Sarkar (2005) threshold selection algorithm. The
MAP estimated image is a binary image with two classes:
changed and unchanged, where the changed class represents
the regions corresponding to the moving objects and the
unchanged class represents the regions corresponding to the
background.

3 Background construction, difference image
generation, GMRF modeling

In this section we discuss the process of construction of back-
ground model, CVA-based difference image generation, and
GMRF-based difference image modeling.

3.1 Background model construction

In this approach we assumed that the time instant is the
same as that of the frame instant. Let us consider the inten-

sity value of a pixel at location (a, b) in the target frame at
time t to be Ft (a, b). In the proposed scheme, we adhered
to Stauffer and Grimson (1999) background modeling tech-
nique for construction of the background model. We assume
that at a particular pixel location the background model will
follow Gaussian pdf. The background model at a particu-
lar pixel location can be characterized by the parameters
(like mean and covariance) of the pdf. Hence at a particular
pixel location (a, b), we have constructed the background
model B(t−1)(a, b), considering the average pixel values of
the frames up to time (t − 1) as,

B(t−1)(a, b) = 1

t

(t−1)∑

i=0

Fi (a, b), (1)

where B(t−1)(a, b) represents the gray value of the back-
ground model or reference frame at location (a, b) in (t−1)th
instant of time.

3.2 CVA-based difference image generation

CVA is a popular technique in change detection literature
for generation of difference image (Singh 1989). In case of
video, the vector describing the direction and magnitude of
changes from the reference image to the target frame can be
considered as the spectral change vector. In the considered
technique we assumed that R, G and B are the three spec-
tral channels of the different frames of the considered video.
Let y be the difference image associated with the magnitude
of spectral change vectors (corresponding to the target and
the reference frame) obtained by the CVA technique. For a
particular location (a, b), gray value of the difference image
corresponding to the reference image B(t−1)(a, b) and target
frame Ft (a, b) can be obtained by

y(a, b) = (int)

√√√√
3∑

p=1

(
Ft (a, b)p − B(t−1)(a, b)p

)2
, (2)

where int represents integer and p corresponds to red, green
and blue spectral channels of the considered video image
frames.

123



2772 B. N. Subudhi et al.

3.3 Difference image modeling

We assume here that the observed difference image y is a
spatial entity of size S = M × N . Each pixel in y is assumed
as a site s denoted by ys , s ∈ S, where S represents the
complete image. Let Y represent a random field and y be
a realization of it. Let x be the segmentation of y and is
a realization of X , where X represents the MRF. Here each
pixel of x is a random variable and takes value “+1” or “−1”.

A realization of X = x is a partitioning of the image into
two region types i.e., changed (+1) and unchanged (−1).
Each region type may occur in more than one physical loca-
tion in the image.

In the spatial domain, X represents the GMRF model of
x and according to Hammersley–Clifford theorem (Li 2001)
the prior probability at a particular temperature T can be

expressed as Gibbs distribution with P(X = x) = 1
z e

−Ū (x)
T ,

z is the partition function expressed as z = ∑
x e

−Ū (x)
T , and

Ū (x) is the energy function, a function of clique potentials
Vc(x), for clique c coming from the set of cliques C (a clique
c is defined as a subset of sites in S; it consists either of a
single site, or of a pair of neighboring sites, or of a triplet
of neighboring sites. In our work we confined ourselves into
pair of neighboring sites) expressed as

Ū (x) =
∑

c∈C
Vc(x). (3)

The realization x can not be obtained deterministically
from y. Hence, x̂ should be estimated from y. One way to
estimate x̂ is based on the statistical MAP criterion. The
objective in this case is to have an estimation rule which
yields x̂ that maximizes the following posterior probability
distribution

x̂ = arg max
x

Pθ (Y = y|X = x)P(X = x)

P(Y = y)
, (4)

where θ is the parameter vector associated with x . Here y is
known and the marginal probability P(Y = y) is constant
and can be discarded. As X is supposed to be a GMRF, its
probability of realization is expressed as

P(X = x) = 1

z
e−Ū (x) = 1

z
e[−∑

c∈C Vc(x)]. (5)

In (5), Vc(x) is the clique potential function and is a function
of the MRF model bonding parameter β and can be expressed
as

Vc(x) = β Ī(s,q)(x).

Ī(s,q)(x) is a function defined over the neighbors of each site
s as

Ī(s,q)(x) =
{−1 if xs �= xq and q ∈ ηs

+1 if xs = xq and q ∈ ηs,

where ηs is a neighborhood defined over the site s in spatial
direction.

The likelihood function Pθ (Y = y|X = x) models the
conditional dependence and is considered to have Gaussian
distributed N (μl , σ

2
l ). Each class can be represented by its

mean vector μl and variance σ 2
l . It may be noted that pixel

gray value at each site is assumed to be independent, which
yields to the following simplified form of the likelihood func-
tion

Pθ (Y = y|X = x) =
∏

i∈S
Pθ (Ys = ys |Xs = l)

=
∏

s∈S

1√
(2π)σ 2

l

e
− 1

2σ2
l

‖ys−μl‖2

. (6)

In (6), variance σ 2
l ∈ {σ 2

c , σ 2
u } represents the variance corre-

sponding to the changed and the unchanged classes, respec-
tively. Similarly, μl ∈ {μc, μu} represents the mean corre-
sponding to the changed and the unchanged classes, respec-
tively. Here we have considered θ = {μc, μu, σ

2
c , σ 2

u } as
the parameter vector associated with the probability density
function (pdf ). Considering the prior probability of GMRF
and the likelihood function as in (6), we can deduce from (4)

x̂=arg max
x

{
A−

[
∑

s∈S

{
‖ys−μl‖2

2σ 2
l

}]
−
[
∑

c∈C
Vc(x)

]}
,

(7)

where A = −∑
s∈S S

2 log(2πσ 2
l ) is a constant and x̂ is the

MAP estimate. Calculation of Y |X, and X |Y depends on θ .
Maximization of (7) requires 2bS possible image configura-
tions to be searched, where b represents the number of bits
required to represent the segmented image. As we are per-
forming a binary segmentation, each pixel can be represented
as “+1” or “−1”, and hence b = 1. Then we have considered
an HTNN to obtain the final MAP estimate. In the consid-
ered GMRF framework θ corresponds to few parameters i.e.,
θ = {μc, μu, σ

2
c , σ 2

u }. We have estimated these parameters
by the EM algorithm (described in Sect. 4.2).

4 Hopfield-type neural network for MAP estimation

Hopfield’s neural network is a physical system in the state
space having a number of locally stable states. It can be
regarded as an associative memory or content addressable
memory (Hopfield et al. 1984). Hopfield’s network consists
of a set of neurons or nodes. The output of each neuron (or
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Fig. 2 Hopfield’s neural network with three neurons

node) is given as input to other neurons to which it is con-
nected (as shown in Fig. 2). In Hopfield’s network at any
iteration of processing (time t) the input Ut

s to the generic
sth neuron is the sum of two quantities: the external input
bias Is (a fixed bias applied externally to the unit s) and the
output of other neuron vt−1

q multiplied with weight Wt−1
sq .

This can be described as

Ut
s =

r∑

q=1,q �=s

W t−1
sq vt−1

q + Is . (8)

The synaptic weight connecting two neurons is symmetric in
nature, i.e., Wt−1

sq = Wt−1
qs .

In this model the activation function is assumed to be
continuous and monotonically non-decreasing in nature. The
output vts of any neuron (which in turn determines the new
state of the network) s is defined as

vts = g(Ut
s ), (9)

where g(.) is an activation function. The energy function of
this architecture is given by

E(vt ) = −
r∑

s=1

r∑

q=1,q �=s

W t
sqv

t
sv

t
q −

r∑

s=1

Isv
t
s

+
r∑

s=1

1

Rs

∫ vts

0
g−1(u)du. (10)

Here E(vt ) is a Lyapunov function, Rs is the input impedance
of the amplifier realizing the neuron and vt = {vt1, vt2 . . . vtr }.
r represents the total number of neurons.

Fig. 3 Second-order topology of a network. Each neuron in the net-
work is connected to its eight neighbors. Neurons are represented by
circles and lines represent connections between neurons

In this article we have considered a modified version of the
original Hopfield network (Hopfield et al. 1984). Here each
neuron is assumed to be connected to its neighbors only.
Hence the connection strength outside the neighborhood is
assumed to be zero. Since in the present work, a modified
version of the Hopfield neural network is considered, it is
termed as HTNN.

To detect changed and unchanged pixels from the differ-
ence image, we initially modeled the difference image with
a GMRF. The spatio-contextual modeling of the difference
image is obtained by formulating Gibbs distribution over
each site s of the difference image. Then for MAP estimation
of the GMRF modeled difference image we have considered
an HTNN. For the considered network, each site s of the
difference image is assumed to have a neuron. Each neu-
ron is assumed to be connected with its neighbors in spatial
direction with a connection strength of Wt

sq . The neuron at
any position is connected to its dth order neighbors included
in Nd , where N represents the neighborhood. Here, a sec-
ond order neighborhood system has been considered, i.e.,
N 2 = (±1, 0), (0,±1), (1,±1), (−1,±1). Figure 3 depicts
a second order (N2) topological network.

In this work, we have considered a generalized fuzzy S-
function (Pal and Dutta Majumder 1986) as activation func-
tion, it represents the degree of edginess and is defined as
follows (Ghosh et al. 2007):

vts = g
(
Ut
s

) =

⎧
⎪⎪⎨

⎪⎪⎩

−1, if Ut
s ≤ −1(

Ut
s + 1

)n − 1, if −1 ≤ Ut
s ≤ 0

1 − (
1 −Ut

s

)n
, if 0 ≤ Ut

s ≤ 1
1, if Ut

s ≥ 1

; (11)

here n can be varied to control the steepness of the curve. In
the present work we have considered n = 2.

4.1 Solving the MAP estimation problem with
Hopfield-type neural network

As stated previously, in the proposed scheme the MAP esti-
mation problem is considered as a two-class, pixel-labeling
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problem. The labels obtained for the pixels of the differ-
ence image framework generate regions corresponding to the
changed and unchanged classes. Hence we have assumed the
final labels as ‘+1’ and ‘−1’.

As the change detection problem is viewed as a MAP
estimation problem of the GMRF modeled difference image
with HTNN, it suffices to establish relation between (7) and
the energy of an HTNN, and to provide an updating rule
so that the convergence is guaranteed. The clique potential
function V t

c (x) in (7) is considered as

V t
c (x) = −Wt

sq(x)v
t
sv

t
q , (12)

where vts and vtq represent the output of the sth and qth neu-
rons, respectively and Wt

sq is the connection weight between
them and depends on x . Value of connection strengths are
considered as

Wt
sq(x) = β Ī t(s,q)(x), (13)

where β is a parameter associated with the clique potential
function and is a GMRF model parameter. Ī t(s,q)(x) is a func-
tion defined over the neighbors of each site as

Ī t(s,q)(x) =
{−1 if xts �= xtq and q ∈ ηs

+1 if xts = xtq and q ∈ ηs .

Substituting (13) in (12) we get

V t
c (x) = −β Ī t(s,q)(x)v

t
sv

t
q .

Considering Potts model (Potts 1952) i.e., a generalization
of Ising model (Li 2001), we can write:

P(X = x) = 1

z
e[−∑

c∈C V t
c (x)] = 1

z
e

[
−∑

c∈C −β Ī t
(s,q)

(x)vtsv
t
q

]

.

(14)

For implementing the GMRF model with Hopfield’s net-
work we may interpret y as the initialization of the network
(each site/pixel is considered as a neuron). Similarly μl can
be interpreted as the present state of the network. Thus we
may rewrite (7) as

x̂ = arg max
x

{
A −

[∑
s(Is − vts)

2

2σ 2

]

+
[ ∑

(s,q),s �=q

W t
sq(x)v

t
sv

t
q

]}
. (15)

Maximization of (15) is equivalent to minimization of

x̂ = arg min
x

{
1

2σ 2

∑

s

(
vts
)2 − 1

σ 2

∑

s

Isv
t
s

−
∑

(s,q),s �=q

W t
sq(x)v

t
sv

t
q

⎫
⎬

⎭ . (16)

Now the problem is reduced to the minimization of (16). We
can establish a relation between (16) and the energy function
in (10) and to provide an updating rule so as to reach a min-
imum of E . Comparing (10) and (16), one can see that the
standard Hopfield’s network cannot be used for minimization
of (16) due to the presence of the extra term 1

2σ 2

∑
s(v

t
s)

2. In
order to realize (16) with a network we have considered an
HTNN as used in Ghosh et al. (1991) whose energy function
can be described as

E(vt ) = −
r∑

s=1

r∑

q=1,q �=s

W t
sq(x)v

t
sv

t
q −

r∑

s=1

Isv
t
q

+ 1

2R

r∑

s=1

(
vts
)2 +

r∑

s=1

1

Rs

∫ vts

0
g−1(u)du, (17)

and

dE(vt )

dt
= −

∑

s

{
k(g−1)′

}(dvts

dt

)2

, (18)

where, k is a positive constant. It can be easily shown
(Ghosh et al. 1991) that for any monotonic increasing func-

tion g, the expression dE
dt ≤ 0, and dE

dt = 0 ⇒ dvts
dt = 0.

Hence, searching in the gradient direction will reach a min-
imum of E . The last term in (17) is the energy loss term. In
the high gain limit the last term can be excluded and thus
(17) can be written as

E(vt ) = −
r∑

s=1

r∑

q=1,q �=s

W t
sq(x)v

t
sv

t
q −

r∑

s=1

Isv
t
s

+ 1

2R

r∑

s=1

(
vts
)2

. (19)

By proper adjustment of coefficients, (16) can be made equiv-
alent to minimize E(vt ).

4.2 Parameter estimation by expectation maximization
algorithm

GMRF model parameters are estimated recursively in the
EM framework. In the GMRF framework y is considered as
the observed data (difference image, which is available with
us) and x as the unobserved (original data and is unknown)
data to be estimated (change detection map). For estimation
of x , the observed data y is modeled with GMRF. We have
considered θ = {μc, μu, σ

2
c , σ 2

u } as the parameter vector
associated with the pdf of the observed data y. The aim of
the EM algorithm is to estimate θ based on the observed data
y. The algorithm begins with an initial arbitrary value θo at
time 0 and at time t image labels are estimated using the
parameter θ t .
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Fig. 4 Initial bias to HTNN

The salient steps of the algorithm are as follows:

(i) Select an arbitrary initial parameter set.
(ii) Initialize the class labels with some random values.

(iii) Calculate the likelihood distribution Pt (Y = y|X = x)
and the MAP estimate as

x̂ t = arg max
x

Pθ (X = x |Y = y)

(by using the modified Hopfield-type network).
(iv) Compute the posterior probability distribution and

update the parameters.
(v) Repeat steps (iii)–(v) until the stoping criterion is met

i.e, in three consecutive iterations the changes of the
parameter values lie within a predefined positive con-
stant ε (parameters do not change significantly for three
consecutive iterations).

We refer the readers to Li (2001) for further details on EM
algorithm.

4.3 Network initialization

In literature initialization of each neuron of the HTNN
is carried out by considering a linear transfer function
(Ghosh et al. 1991) (see the thin line in Fig. 4) i.e.,

Is = ys
(L/2)

− 1,

where ys represents the input pixel value at site s, sεS, L the
maximum pixel value of the image and Ii the input bias to
the i th neuron. This function is symmetric about the point
L/2 (called initialization threshold). The pixels having value
below L/2 are transformed to a negative quantity in the range
[−1, 0) and the pixels having value above L/2 are trans-
formed to a positive quantity in [0,+1]. Such kind of transfer
function was considered by authors in Ghosh et al. (1991),
where the values of the image were expected to cover the
entire range (0, L). However, real life difference images are
noisy and its gray values do not cover the entire dynamic
range. Hence the use of such a transfer function for initial-
ization may not give satisfactory results. Again consideration
of L/2 as the initialization threshold has no resemblance
with the optimal threshold value. Hence, we used an auto-
matic threshold selection scheme capable of giving satisfac-
tory results in this context.

Figure 4 represents two curves, one is a linear function as
used in Ghosh et al. (1991) and the other is a piece-wise linear
function. In the present work we have considered the piece-
wise linear transfer function. This curve passes through the
x-axis at a value Th defined as

Is =
{ ys

T h − 1, if −1 ≤ ( ys
T h − 1

) ≤ +1
+1, if

( ys
T h − 1

) ≥ 1.
(20)

To have an estimate of Th, we have used Liu’s thresholding
scheme (Liu and Sarkar 2005).

4.4 Background update

The pixel at location (a, b) in the target frame can be detected
as a part of the moving objects if the MAP estimate obtained
by HTNN provide an output ‘+1’. The next stage of the BgS
is background updating. In the proposed scheme at each time
instant (t+1), we updated the background model as follows:

B(t+1)(a, b)

=
{
Bt (a, b) if HTNN output is +1
αF(t+1)(a, b) + (1 − α)Bt (a, b) otherwise.

,

(21)

where α (0 ≤ α ≤ 1) is a user defined constant and varies
from scene to scene.

Considering the above discussion the salient steps of the
proposed technique is narrated below:
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Algorithm 1 Proposed Moving Objects Detection Technique
1: Input: Fi be the frame at i th time instant, where i = 0, 1, 2..., n.
2: Output: moving object detected frame x j , where j = t, t + 1, t +

2..., n.
3: Background model:

for each frame i = 0 to (t − 1) do
construct background model B(t−1)(a, b) using eq (1).
end for

4: Background Subtraction:
5: Set j = t and consider Fj as the target frame.
6: Obtain the difference image y using eq (2).
7: Calculate the Liu’s threshold ‘Th’ from y.
8: Obtain Is , the initial bias using eq (20).
9: Model the difference image y using GMRF.
10: ∀(a, b)εN 2 are fed as the input to each neuron of HTNN.
11: Compute the energy value using (19).
12: Iterate the HTNN until all the neurons are stabilized.
13: Obtain the output of the HTNN as x .
14: Update the background model using eq (21).
15: Test if ( j < n)

Set j = t + 1, and goto Step. 6
else

Stop.

5 Experimental results and discussion

We have implemented this algorithm in an i5, 3.33 GHz, 4 GB
RAM desktop. We have considered three video sequences:
one publicly available and two benchmark video sequences.
The considered video sequences are namely ‘PETS-2006’,
‘Lobby’, and ‘Moved Object’ are shown in Figs. 5, 6 and 7.
To test the effectiveness of the proposed scheme, the results
obtained by it are evaluated against some manually con-
structed ground truth image frames. To validate the proposed
scheme, results obtained for the moving object detection by
the proposed scheme are compared with those of codebook-
based BgS scheme (Kim et al. 2005) and GMRF model with
graph-cut algorithm (Szeliski et al. 2008).

The first video considered in our experiment is PETS2006
sequence. It is a publicly available database and also a real life
challenging sequence. The video was captured over a public
railway station and represents the activity captured by cam-
era over the course of a day. The constructed background
model and few frames of the considered video sequences
are provided in Fig. 5a. Corresponding ground truth image
frames are shown in Fig. 5b. The moving object detection
results obtained by Codebook method (Kim et al. 2005) are
shown in Fig. 5c and corresponding VOPs are shown in Fig.
5d. It is observed from these results that a few false alarms
has been detected near the object boundary. Similarly, the
moving object detection and corresponding VOPs obtained
by the GMRF and graph-cut schemes are shown in Fig. 5e,
f. It is found from these results that an effect of silhouette
(Subudhi et al. 2011) has occurred at different parts of the
moving object and hence object detection is not proper. The
moving object detection results obtained by the proposed

Generated background image and the considered target image frames

Ground truth

   Object detection using codebook scheme

VOPs generated using codebook scheme

   Object detection using GMRF and graphcut scheme

VOPs generated using GMRF and graphcut scheme

Object detection using the proposed scheme

VOPs generated using the proposed scheme

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Fig. 5 Moving object detection for PETS2006 video sequence

scheme are shown in Fig. 5g and corresponding VOPs are
shown in Fig. 5h. The proposed technique is found to pro-
vide better results as compared to the codebook and GMRF
model with graph-cut schemes. It is also observed that the
proposed scheme has provided less effect of silhouette with
small object-background misclassification error.

The second video sequence we have considered in our
experiment is ‘Lobby’ sequence. This is a hall moni-
toring sequence and is captured in a low illuminated
environment (http://perception.i2r.a-star.edu.sg/bk_model/
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Generated background image and the  considered target image frames

Ground truth

    Object detection using codebook scheme

   VOP generated using Codebook scheme

   Object detection using GMRF and graph-cut scheme

VOPs generated using GMRF and graph-cut scheme

    Object detection using the proposed scheme

  VOPs generated using the proposed scheme

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Fig. 6 Moving object detection from Lobby video sequence

bk_index.html). The constructed background image and
the considered three target frames are shown in Fig. 6a.
The ground truth frames of the considered image frames
are shown in Fig. 6b. The moving object and correspond-
ing VOPs obtained for ‘Lobby’ sequence using codebook
method are shown in Fig. 6c, d. It is evident from these
results that codebook method has produced results where
many parts of the moving object are not properly detected.
The results obtained for GMRF model with graph-cut scheme

Generated background image and the considered target image frames

Ground truth

Object detection using codebook scheme

VOPs generated using Codebook scheme

Object detection using GMRF and graph-cut scheme

VOPs generated using GMRF and graph-cut scheme

Object detection using the proposed scheme

VOPs generated using the proposed scheme

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

Fig. 7 Moving object detection from Moved Object video sequence

are shown in Figs. 6e, f. It is found from these results that
GMRF model with graph-cut scheme has provided an over-
segmented result with large effects of silhouette. The results
obtained by the proposed scheme are shown in Fig. 6g, h.
It is observed that the proposed scheme has detected the mov-
ing objects in different frames properly.

The third video sequence considered is ‘Moved Object’
sequence (http://research.microsoft.com/en-us/um/people/
jckrumm/WallFlower/TestImages.htm). This is a complex
video sequence, where the illumination of the room is chang-
ing with time. The object detection results obtained by the
codebook and GMRF model with graph-cut schemes are
shown in Fig. 7c–f. It is observed from these results that some
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Table 1 Precision, recall and F-measure for “PETS2006” video
sequence

Approach Frame number Precision Recall F-measure

Codebook 0023 0.91 0.96 0.93

0196 0.82 0.97 0.89

0756 0.80 0.95 0.87

GMRF and graph-cut 0023 0.54 0.99 0.69

0196 0.84 0.99 0.91

0756 0.81 0.95 0.87

Proposed 0023 0.94 0.99 0.97

0196 0.89 0.99 0.94

0756 0.88 0.94 0.91

Best results are reported in bold

parts of the moving objects are merged into background. Sim-
ilarly, few parts are wrongly identified as a part of the moving
object. Results of moving object detection and VOP gener-
ation by the proposed scheme are shown in Fig. 7g, h. The
results show that the proposed scheme has detected the mov-
ing person properly.

To provide a quantitative evaluation of the proposed
scheme, we have used three ground truth-based performance
measures: precision, recall and F-measure (Brutzer et al.
2011). It may be noted that all these measures should be
high for better detection of moving objects. For all of these
measures we have initially built some manually segmented
ground truth images for moving objects (as shown in Figs.
5b, 6b and 7b). The results obtained by the codebook-based
BgS, GMRF model with graph-cut and the proposed scheme
are compared with the corresponding ground-truth images.

The considered three measures are obtained as follows:

Precision = True posi tive

True posi tive + False posi tive
, (22)

Recall = True posi tive

True posi tive + False negative
, (23)

and

F-measure = 2 × Precision × recall

Precision + recall
. (24)

Here true positive is the number of pixels correctly labeled
as belonging to the positive class (i.e., the object class). The
false positive is the number of pixels that are incorrectly
labeled as object class. Similarly false negative is the number
of pixels which were not labeled as object class but should
have been.Precision is the fraction of retrieved instances that
are relevant, while recall is the fraction of relevant instances
that are retrieved. F-measure combines precision and recall
and is the harmonic mean of precision and recall. These mea-
sures obtained for ‘PETS-2006’, ‘Lobby’ and ‘MovedObject’
video sequences are provided in Tables 1, 2 and 3, corre-
spondingly. It is concluded from these tables that higher pre-
cision, recall and F-measure are obtained for the proposed

Table 2 Precision, recall and F-measure for “Lobby” video sequence

Approach Frame number Precision Recall F-measure

Codebook 643 0.65 0.90 0.75

644 0.62 0.92 0.74

645 0.60 0.92 0.73

GMRF and graph-cut 643 0.86 0.80 0.83

644 0.81 0.86 0.84

645 0.82 0.70 0.76

Proposed 643 0.88 0.95 0.91

644 0.84 0.95 0.90

645 0.84 0.95 0.90

Best results are reported in bold

Table 3 Precision, recall and F-measure for “Moved Object” video
sequence

Approach Frame number Precision Recall F-measure

Codebook 1375 0.74 0.92 0.81

1383 0.72 0.80 0.76

1388 0.86 0.74 0.80

GMRF and graph-cut 1375 0.79 0.92 0.84

1383 0.72 0.90 0.80

1388 0.87 0.82 0.84

Proposed 1375 0.80 0.95 0.87

1383 0.76 0.93 0.84

1388 0.90 0.91 0.91

Best results are reported in bold

BgS-based scheme as compared to those of codebook-based
BgS and GMRF model with graph-cut techniques. Hence,
the results obtained by the proposed scheme has a higher
accuracy.

5.1 Application to image segmentation

It is evident from the above analysis that the proposed scheme
produced better results for object detection. To show the
effectiveness of the proposed scheme in other areas of image
processing, we also applied it for binary image segmentation.

For successful evaluation of the proposed scheme we
tested it for segmentation of three image data taken from
the Berkeley image database (http://www.eecs.berkeley.edu/
Research/Projects/CS/vision/bsds/). The considered images
are ‘#138078’, ‘#157036’ and ‘#3096’. Image ‘#138078’
contains a boat on the scene as shown in Fig. 8. The seg-
mented image obtained by the proposed scheme (as shown
in Fig. 8) shows that the proposed scheme has classified the
boat, its shadow and the joints of the wooden floor into one
class and water surface to another class. The second image we
considered in our experiment is ‘#157036’ as shown in Fig.
9, where two racks contain a couple of bottles on them. Cor-
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(a) Original image (b) Segmented image

Fig. 8 Segmentation of the boat image by the proposed scheme

(a) Original image (b) Segmented image

Fig. 9 Segmentation of the rack image by the proposed scheme

responding segmentation results show that the bottles and the
rack are grouped into one class and white walls into another
class. The third image considered is ‘#138078’. This is a
complex scene and contains a flying aeroplane as shown in
Fig. 10. The proposed scheme has detected the aeroplane
properly (as shown in Fig. 10).

Due to smoothing characteristics of the proposed scheme,
we also found that some regions like the rear end of plane
in Fig. 10 and racks in Fig. 9 are merged into background.
However, it is able to detect the proper shape of the objects
in the scene.

5.2 Discussion

From the above experimental analysis we found that the
proposed technique produces better results than the other
considered techniques. This mainly depends on the stochas-
tic nature of the HTNN that helps to avoid getting trapped

(a) Original image (b) Segmented image

Fig. 10 Segmentation of the aeroplane image by the proposed scheme

to local optima and improves the quality of solution. The
proposed scheme provided better results than codebook-
based BgS, and GMRF model with graph-cut schemes.
The results obtained by the presented technique are found
to be smoother than those generated by other considered
schemes. Due to smoothness, sometime it happens that
small vegetation changes which occur in a scene is elim-
inated by it. However, it may be noted that it does not
erode small scale changes. In this process we have con-
sidered initial 5 % frames of the video sequence for back-
ground modeling and remaining frames of the sequence for
object detection. A higher percentage of the frames for back-
ground modeling will help in getting a higher accuracy in
object detection and a smaller percentage of the frames for
background modeling will degrade the accuracy of object
detection.

Choice of parameter β controls the smoothness of seg-
mentation. A larger value of β imposes a larger penalty for
inhomogeneity. As the value of β increases, the degree of
smoothness imposed on the segmentation also increases. The
results reported in the previous sections were obtained by the
optimal (!) value of β according to preliminary experiments.

GMRF with HTNN optimization follows stochastic state
updates. Hence, its complexity calculation is a difficult task.
However, with a degenerate version it is conjectured that the
average time will grow as a polynomial with increase in the
number of pixels (Shapiro and Nemirovski 2005). In other
words the time will grow as a polynomial with increase in
the size of the image (Rojas 1996). Hence, it follows that
the learning problem for Hopfield networks can be solved in
polynomial time (Rojas 1996). The time complexity analysis
reveals that with such a degenerate form its complexity can
be found by computing the maximum cardinality matching in
a graph. With regard to the computational complexity of the
proposed technique, we found that its computational time
is comparable with those of the GMRF model and graph-
cut algorithm, and slightly more than codebook-based BgS
scheme.This makes the proposed algorithm useful for spe-
cific offline video surveillance applications, such as visual
scene analysis, event analysis in surveillance, video annota-
tion, video motion capture, etc.
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It may be noted that in Ghosh et al. (2007) a deterministic
way of specifying the correlation of pixels of the difference
image was used. The synaptic weights corresponding to two
neurons of the network were considered as Wt

sq = Wt
qs = 1.

On the contrary, in the proposed scheme we have modeled
the difference image with GMRF and thus a modified form of
connection weight is considered. In addition, in the proposed
work we used the expression in (16), through the equivalence
of the energy expression of the HTNN in (19), for estimat-
ing the MAP of the GMRF modeled difference image [as
expressed in (7)]. Again, HTNN is a robust and fast opti-
mization technique. Unlike the ICM algorithm (Besag 1986)
which can be seen as a local search algorithm, the stochastic
nature of the HTNN helps to avoid getting trapped to a local
optimum (Manjunath et al. 1990). Thus it may improve the
quality of solution and therefore GMRF with HTNN is found
to be effective. Hence, the proposed scheme uses an HTNN
in a different and new way of performing object detection.

6 Conclusion

In this article, we propose a moving objects detection tech-
nique using GMRF and HTNN in EM framework. In the con-
sidered technique, initially a background image or reference
frame is built by considering running Gaussian average over
few past frames. The CVA scheme is followed to generate the
difference image from the constructed reference frame and
the target frame. The moving objects in the scene are detected
by segmenting it into two classes: changed and unchanged,
where the changed class represents the moving object and
the unchanged class represents the background regions. For
segmentation, we have modeled the difference image with
GMRF and the segmentation problem is solved using the
MAP estimation principle. The MAP estimator of the GMRF
used to model the difference image is found to be expensive,
and thus a modified HTNN is exploited for estimating the
MAP. An EM is used to estimate the GMRF model parame-
ters. Experiments are carried out on three video sequences.
Results of the proposed change detection scheme are com-
pared with those of the codebook-based BgS and GMRF
model with graph-cut techniques and it is found that the pro-
posed technique provides better results than those of the con-
sidered methods. To show the effectiveness of the proposed
scheme, we have evaluated it with three ground truth-based
performance evaluation measures: precision, recall and F-
measure.

In this paper, we have formulated the MAP estimation
under the assumption that the prior probability follows Gibbs
distribution (multilevel logistic model). As the change detec-
tion map usually have spatial regularity or region continuity,
it is expected that use of a Gauss MRF model may also pro-

vide better change detection output. In this article we have
presented all the results considering it as a two class seg-
mentation task. However it can be extended for multiclass
segmentation problem by considering the multiple stability
analysis of the HTNN network to take into account other
vegetation changes or multiple background.
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