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Abstract

In this paper, we present a novel approach in extracting interesting foreground regions from a complex

and largely stationary background scene. The method is a substantial extension to the existing back-

ground subtraction techniques. The advantage of the proposed technique are the following: it removes

false detection due to shadow, due to illumination changes caused by Automatic Exposure Correction

(AEC), and ensures temporal and spatial contiguity in the results. A background pixel is ¯rst statis-

tically modelled by two Gaussian distributions. These statistical estimates are used next as important

parameters in test for spatial and temporal contiguity in the foreground regions. Temporal contiguity of

pixels are ensured by modelling the pixel value as a Markov Random Sequence and the Bayes smoothing

is applied on the result of the foreground/background hypothesis test. Spatial contiguity is ensured by

using Markov Random Fields. We make an analogy of a pixel process in a neighborhood of pixels and

a lattice site in a lattice structure. The spatial constraints are applied by applying the Gibb's energy

distribution function. The segmentation results are quite fast (about 3 frames a second on a desktop PC
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with a 500 MHz Pentium III processor) and comparative analysis shows that it is more accurate than

most existing background-foreground segmentation algorithms.

1 Introduction

Many video analysis applications require the separation of foreground of interest from the back-

ground, before any detailed analysis can be carried out on the foreground. Hence a robust background-

foreground segmentation is a fundamental problem for many vision applications. The problems of image

segmentation and grouping remains a great challenge in Computer Vision. It has been known since the

time of Gestalt movement in psychology [6] that image based segmentation and grouping play a pow-

erful role in human visual perception. It has proven di±cult to develop segmentation algorithms that

are both e±cient and are able to capture non-local characteristics of an image. The idea of clustering

image pixels and segmenting images based on visual coherence leads to features that are usually taken

to be boundaries or contours of the regions rather than the region themselves. In very complex scenes,

such as those containing people or natural objects, this method proves unreliable and di±cult to use.

Further, this method does not yield real-time results required for video frame rate processing of data

in many applications. Hence, most of the system reported in the literature use background subtraction

to obtain the foreground segmented from the scene for realtime processing.

Background subtraction is an old technique for extracting a moving foreground object in front of a

largely stationary background. The principle is to subtract the long time-average background image

from the current image frame. The pixels belonging to the foreground objects is expected to be di®erent

in intensity and chromaticity values, when compared with the background model pixel. These pixels

can be di®erentiated from the other pixels by a heuristic thresholding process. There has been several

approaches, each of which aims to make the segmentation process e±cient, reliable and robust in the

presence of noise and minor changes in the background [5, 7, 22, 23, 14]. The prior work in foreground

background segmentation can be loosely classi¯ed into two main categories:
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² Frame di®erencing approaches.

² Statistical approaches.

Temporal and spatial contiguity is a desirable outcome in any region of interest segmentation process,

however, to our knowledge, none of the prior approaches have addressed this issue.

1.1 Frame di®erencing approaches

Frame di®erencing in W4 [12] is based on a model of the background variation obtained while

the scene contains no people. Their algorithm works on monochrome imagery and infra red camera

imagery. The background scene is modeled by representing each pixel by three values; (1) minimum

intensity (2) maximum intensity and (3) maximum interframe intensity observed during the training

period. Foreground objects are segmented from the background in each frame by a four stage process:

thresholding, noise cleaning, morphological ¯ltering and object detection. W4S [13] is an extension

of the work done in W4 using stereo vision. In W4S the segmentation criteria applied for intensity

image is also applied to disparity image. The range disparity image is obtained by small vision module

developed at SRI International [17]. The foreground object is now the region which overlaps in both

intensity detection and disparity detection. By use of stereo imagery W4S is able to solve the problem of

sudden illumination change and false detection due to shadows to some extent. The use of noise cleaning

and morphological ¯ltering makes the process slow. Beymer and Konolige [2] use stereo disparity maps

obtained by small vision module [17] for background subtraction.

1.2 Statistical Approaches

Changes in scene lighting can cause problems for many background subtraction methods. Ridder

et al.[20] modeled each pixel with a Kalman Filter which made their system more robust to lighting

changes in the scene. While this method does have a pixel-wise automatic threshold, it still recovers

slowly and does not handle bimodal backgrounds well. Koller et al.[16] have successfully integrated this

method in an automatic tra±c monitoring application. P¯nder[24] uses a multi-class statistical model
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for the tracked objects, but the background model is a single Gaussian per pixel. After an initialization

period where the room is empty, the system reports good results. There have been no reports of success

of this segmentation scheme in outdoor scenes.

Friedman[7] used a mixture of three normal distributions to model the pixel value for tra±c

surveillance applications. The pixel intensity was modeled as a weighted mixture of three normal

distribution. An incremental EM algorithm was used to learn and update the parameters of the model.

Although in this case the pixel intensity is modeled with three normal distributions, still the uni-modal

distribution assumption is used for the scene background, i.e. the road distribution.

In [22, 23] a generalization to the previous approach was presented. Each pixel intensity is

adaptively modeled by a mixture of K Gaussian distributions (K is a small number 3 to 5) to model

variations in the background like tree branch motion and similar small motion in outdoor scenes. Based

on the persistence and the variance of each of the Gaussians of the mixture, it is determined which

Gaussians may correspond to background colors. Pixel values that do not ¯t the background distribu-

tions are considered foreground until there is a Gaussian that includes them with su±cient, consistent

evidence supporting it. Background subtraction is performed by marking any pixel that is more than

2.5 times standard deviation away from any of the B distributions as a foreground pixel. On an SGI

O2 with R10000 processor, this method process 11 to 13 frames per second (frame size 160x120 pixels).

This method does well with time varying lighting conditions but fails when the object is slow moving

especially in indoor scenes with human motions. The system is not capable of di®erentiating between

shadow and real foregrounds.

In [5], the authors present a non-parametric statistical model for background subtractions.

They describe a two stage algorithm ¯rst stage does coarse foreground detection and in the second

stage the detection is improved by using normalized color space and some heuristic assumptions. The

model keeps a N recent samples of each pixel of the scene and estimates the probability that a newly
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Figure 1: The detected foreground and the subsequent bounding box obtained by histogram threshold-

ing.

observed pixel value is from the background. The model estimates these probabilities independently for

each frame.

1.3 Overview of our technique

In this paper we focus on real-time segmentation with special reference to the context of \cheap desktop

cameras ". We present an algorithm with a systematic approach of exploiting the temporal and spacial

dependencies of a pixel process to hypothesize if a pixel belongs to foreground or a background region.

Section 2 discusses the statistical modeling of each background pixel and the detection rule used for

initial classi¯cation of foreground and background. The statistical model of each pixel and the initial

classi¯cation results are used for enforcing the temporal and spatial criterion on the foreground pixels.

This is explained in Section 3. This stage should not be treated as a mere "post processing" of the

initial segmentation results from 2, because some of the parameters used in the Markov models are

closely tied to the statistical models of the pixels. Finally, in Section 4, we presents some results of

our algorithm and compare it with the results of some other commonly used foreground-background

segmentation algorithms. This is followed by a section on conclusions and future directions. The overall

°ow of the algorithm is illustrated in Fig. 1.
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2 Background Modeling

depending upon the nature of the di®erent regions of the background. For example, in a road scene, the

pixels lying in the region of moving leaves and branches will get appropriately modeled by two Gaussian

distributions, while a pixel on the road region can be modeled by unimodal Gaussian distribution.

Stau®er and Grimson's [23] experimental results on the pixel process also show that pixels usually have

a bimodal distribution. The pixel process is a time series of pixel values. These values are scalar for

greyscale image and vectors for color images. There are rare cases where the values of background

pixels may not be completely modeled with two Gaussian distributions. We ameliorate this problem by

using the temporal and spatial constraint which apply to foreground objects. We explain this later in

Subsections 3.1 and 3.2.

Let the random variable corresponding to the pixel value at location (i; j) be Xij . We assume

that it follows a Gaussian probability distribution function de¯ned as follows.

fXij (xij) =
1

(2¼)
n
2 jPij ]

1
2

e
¡1

2 (xij¡¹ij )T
P¡1

ij
(xij¡¹ij) (1)

Note that the number of dimensions n is three, reach corresponding to the R;G; and the B channels

respectively. In the above equation ¹ij is a 3£ 1 vector and is the mean of Xij , which is a 3£ 1 vector.

Also,
P
ij is the covariance matrix corresponding to random variable Xij and de¯ned as

X
ij

=

0
BBBBB@

¾ijrr ¾ijrg ¾ijrb

¾ijgr ¾ijgg ¾ijgb

¾ijbr ¾ijbg ¾ijbb

1
CCCCCA

(2)

In the above equation, ¾ijrr is the autocovariance of the variable associated with the R channel and

¾ijrg is the cross covariance between R and G channels of the pixel process. The other parameters can

be interpreted similarly. For computational reasons, the covariance matrix is assumed to be of the form

X
ij

=

0
BBBBB@

¾ijrr 0 0

0 ¾ijgg 0

0 0 ¾ijbb

1
CCCCCA

(3)
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This assumption implies that there is no cross covariance between red, green and blue channels of a

pixel, they are independent of each other. This is certainly not the case but the assumption allows

us to avoid a costly matrix inversion at the expense of minor loss in accuracy. Stau®er and Grimson

[23] assumed that the standard deviation for all the colors are equal. But this assumption is not valid

for color images. The Band unbalancing characteristic of color images as observed and explained by

Horprasert [14] demonstrate unequal variation among di®erent color bands (channels). Hence we assume

that the values of ¾ijrr;¾ijgg ; and ¾ijbb are di®erent.

For a bimodal Gaussian distribution the probability that a pixel takes an intensity value xij is given

by

fXij(xij) =
X

k=1;2

1

(2¼)
n
2 jPkij j

1
2

e
¡ 1

2(xij¡¹kij )T
P¡1

kij
(xij¡¹kij )

(4)

By empirical study we came to the conclusion that use of normalized color space will solve

the problems due to Automatic Exposure Correction (AEC) [18] and shadow. So we use r;g; and b

values of the pixel for above calculations. Therefore, we use the normalized color values (r;g; b), where

r = R
R+G+B; g = G

R+G+B ; and b = B
R+G+B. Use of r;g; and b brings in some modi¯cations because

r+ g + b = 1. Hence, the random variable corresponding to the pixel at location (i; j) is assumed to

be two dimensional instead(without any loss of generality, we consider the r and the g channels only).

This random variable Xij now is a 2 £ 1 vector. The mean ¹ij is a 2£ 1 vector and
P
ij is a 2£ 2

matrix, de¯ned below.

Xij = [Xijr; Xijg]

¹ij = [¹ijr; ¹ijg]

P
ij =

0
@
¾ijrr 0

0 ¾ijgg

1
A

A sequence of the background scene from static camera is used to formulate the model of the

background. The ¯rst frame of the sequence is used for initialization of the model. In this step the

parameter of the ¯rst Gaussian distributions are initialized. The current normalized intensity of the
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pixel forms the mean of the distribution and the standard deviation is a ¯xed preassigned value for r

and g channels of the normalized color space. In our implementation this initialization value happens

to be 0:02. This number is obtained empirically by calculating the mean and standard deviation of each

pixel for initial 100 frames of the sequence.

Each new pixel at time t will take value, xijt. This is checked against the existing Gaussian

distribution(s). If the pixel matches the existing Gaussian then the Gaussian parameters are modi¯ed.

If the pixel doesn't match the ¯rst Gaussian and if the second Gaussian is not yet formed, then the this

pixel value becomes the seed for development of the second Gaussian. A match is de¯ned as a pixel

value within 2.5 times the standard deviations of either of the two distribution. Note that this threshold

is dependent on the location (i; j) of the pixel and works far better than a global threshold. The mean

and covariance parameters for the unmatched distribution remains the same. The mean and standard

deviation of the distribution that matches the new observation are updated as

(¹kij)t =

" (1¡ ½r) 0

0 (1¡ ½g)

#
(¹kij)(t¡1) +

· ½r

½g

¸
(xij)t (5)

(xij)t = [(xijr)t; (xijg)t]

Similarly the co-variances are updated as

(¾2
kijr)t = (1¡ ½r)(¾2

kijr)(t¡1) + ½r((xijr)t ¡ (¹kijr)t)
2 (6)

(¾2
kijg)t = (1¡ ½g)(¾2

kijg)(t¡1) + ½g((xijg)t ¡ (¹kijg)t)
2 (7)

where ½r = ®

·
1

2¼(¾kijr)(t¡1)
e
¡ 1

2

((xijr )t¡(¹kijr)(t¡1))
2

(¾2
kijr

)(t¡1)

¸
and
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Figure 2: The detected foreground and the subsequent bounding box obtained by histogram threshold-

ing.

½g = ®

·
1

2¼(¾kijg)(t¡1)
e
¡1

2

((xijg)t¡(¹kijg)(t¡1))
2

(¾2
kijg

)(t¡1)

¸

Here ® is the learning constant, and from our experience, the best results are obtained for ® = 0:002.

The equations for update can be interpreted as follows. The formulation of ½ as in the above equation

is a function of the probability of a pixel of intensity xijt to lie in the existing Gaussian distribution. If

the pixel is far away from the mean then the probability of this pixel to belong to the distribution will

be less and hence its contribution in changing the values of ¹ and ¾ will be less.

Every new pixel value xijt is compared with the corresponding background model pixel for

the color channels, r and g. A pixel is classi¯ed as foreground pixel if it doesn't match with either of

the two Gaussian which models the background. A match is de¯ned as a pixel value that lies within

3 times the standard deviation of a distribution. A rectangular bounding box is drawn around this

foreground as shown in Figure 2. The spatial and temporal constraints are This region is then treated

for enhancement by temporal and spatial constrains as explained in following Subsections 3.1 and 3.2.

3 Enhancement of Segmentation

The results of foreground and background segmentation can be enhanced by using the temporal

and spatial constraints. Most algorithms in foreground-background segmentation are pixel based. Indi-

vidual pixels are considered independently and the hypothesis of foreground-background segmentation

tested as in the following [5, 14, 22, 23]. The e±cacy and robustness of segmentation algorithm can be
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improved a lot by using the knowledge of temporal and spatial constraints as pointed out by Friedman

in [7]. The incorporation of temporal and spatial constrains in some of the works have been incidental

and ad hoc without a systematic approach. Temporal contiguity in pixel classi¯cation can be enforced

by the use of simple Markov sequence models. The brightness Iijt and chromaticity Cijt of an image

pixel at location (i; j) and at time t is strongly related with its immediate temporal neighbors. This

relationship becomes weaker as the temporal distance between pixels increase.

In past there have been many work on image segmentation, restoration, enhancement using

Markov Random Fields (MRFs) [4, 8, 9, 11]. The spatial contiguity can be inherently captured by MRF

models and they can be e±caciously used to improve the segmentation results. Following subsections

describes enhancement of segmentation by modeling a pixel process sequence in time by a Markov

process and modeling a pixel by MRF to make use of the spatial contiguity. Each of the digitized frame

consisting of foreground and background, can be modeled as a (N1 £N2) matrix D. The element at

location (i; j) is (dij)t, which is an outcome of random variableDijt taking bilevel values [0,1]. The value

`0'represents a background pixel and the value `1'represents a foreground pixel. The phrase \observed

process" is used loosely to indicate the outcome of the process. Also, fDijtgTt=1 corresponds to a random

process.

3.1 Enhancement Using Temporal Constraints

A pixel will either be a foreground or a background, hence the outcome of the random process

fDijtgTt=1 is a sequence of [0,1] . The pixel process corresponding to the observed process is Yijt, as

shown in Figure 3. The outcome is a sequence of [0, 1].

Yijt = g(Dijt; Wijt) (8)
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Figure 3: The pixel process corresponding to the observed process Yijt a function g of the actual ground

truth Dijt and noise Wijt

Here Wijt is the random process corresponding to the noise term and is assumed to be independent

of signal sequence Dijt and g, which is an arbitrary measurable function. Askar and Derin [1] gave a

recursive algorithm for the Bayes solution for the smoothing problem for a Markov modeled sequence.

They obtained a posteriori smoothed density of Dijt, given the observation sequence (yij1; yij2; ::::yijT )

for (T > t). Please note that yijt is the outcome of Yijt. We use their Bayes solution for smoothing of

discrete bilevel signal to obtain estimate ofDij(t+1) given the observation sequence (yij1; yij2; ::::yij(t+1))

The process fDijtgTt=1 of each pixel, which is to be estimated is a Markov sequence with

following initial and transitory probability distribution

P(Dijt = a) = ½a+ (1¡ ½)(1¡ a) a= 0; 1: (9)

Here a = 0 corresponds to a background pixel and ½ corresponds to the probability that the pixel

belongs to the background. Also, a= 1 corresponds to a foreground pixel. Using the statistical models

introduced in the previous section, the parameter ½ is computed as follows

½ = 1¡Max[½1; ½2; :::::; ½K] (10)

where

½k = 1¡ 1

(2¼)
n
2 jPkij j

1
2

e
¡1

2(xijt¡¹kij )T
P¡1

kij(xijt¡¹kij) (11)

For our implementation K = 2. Note that ½k is the probability that the pixel does not belong to the

kth Gaussian model introduced in the earlier section.
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Figure 4: The di®erent possible transitions in the pixel process and their corresponding probabilities

Next, we assume the following transition probability values as shown in Figure 4 in the actual

process Dijt.

P(Dijt+1 = a=Dijt = b) =

8
>>>>>>>>><
>>>>>>>>>:

¼1 for a = 1 and b = 1 ,

1¡ ¼1 for a = 0 and b = 1,

1¡ ¼0 for a = 1 and b = 0 ,

¼0 for a = 0 and b = 0.

(12)

The observed process fYijtgTt=1, which is random sequence of 0's and 1's, is de¯ned in terms

of the actual process fDijtgTt=1 and the noise process fWijtgTt=1 as follows

Yijt =

8
<
:

0 if Dijt +Wijt · 0,

1 if Dijt +Wijt ¸ 1.
(13)

In the above equation, fWijtgTt=1 is an independent sequence taking values -1, 0 and 1 with probabilities

(1 ¡ p0 ¡ p1); p0; p1;, respectively. Note that the possible outcomes of (Dijt +Wijt) are in the set

f-1,0,1,2g. Next the conditional probability values of the observed process Yijt given the ground truth

Dijt, is computed as

P(Yijt = a=Dijt = b) =

8
>>>>>>>>><
>>>>>>>>>:

(p0 + p1) for a = 1 and b = 1,

(1¡ p0¡ p1) for a = 0 and b = 1,

p1 for a = 1 and b = 0,

(1¡ p1) for a = 0 and b = 0.

(14)
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The speci¯c statistics of fWijtgTt=1 and its relationship to fYijtgTt=1 as given in Equation 13 is not

essential. Any structure yielding P(Yijt = a=Dijt = b) as given in Equation 14 and fWijtgTt=1 being an

independent process, is su±cient for the rest of the formulation in this subsection. The probabilities

given in Equation 14 can be interpreted as detection, miss and false alarm probabilities corresponding

to f(a = 1; b = 1); (a = 0; b = 0)g; f(a = 0; b = 1)g and f(a= 1; b = 0)g, respectively.

To obtain a Bayesian-type estimate of fDijtgTt=1 by using fYijtgTt=1, it is necessary to determine

the conditional distributions P(Dijt = a=Yijt) and P (Dij(t+1) = a=Yijt). Since D0sijt are 0-1 random

variables, it follows that the conditional distributions P(Dijt = a=Yijt) and P(Dij(t+1) = a=Yijt) can be

written as

P(Dij(t+1) = 1=fYijtgTt=1) = qt+1=t

P (Dij(t+1) = 0=fYijtgTt=1) = 1¡ qt+1=t

(15)

P(Dijt = 1=fYijtgTt=1) = qt=t

P(Dijt = 1=fYijtgTt=1) = 1¡ qt=t
(16)

The recursive relationship between the coe±cients qt+1=t and qt=t is obtained as follows. For t = 0,

the conditional distribution P(Dijt = a=fYijtgTt=1) is given by

P (Dij1 = a=Yij0)
4
= P(Dij1 = a) a= 0;1 (17)

because Yij0 can be interpreted as no observation. Hence, it follows that

q1=0 = ½ (18)

where ½ is as given in Equation 9. The conditional distribution P(Dij(t+1) = a=fYij(t+1)g) can be

expressed as
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P(Dij(t+1) = a=fYij(t+1)g) = P(Dij(t+1) = a=Yij(t+1) = 1; fYijtgTt=1) or

= P(Dij(t+1) = a=Yij(t+1) = 0; fYijtg) (19)

The probabilities P(Dij(t+1) = a=Yij(t+1) = b;fYijtg) for b=0,1 can be computed using Bayes' rule

and fact that, given Dij(t+1); Yij(t+1) is independent of fYijtgTt=1 as

P (Dij(t+1) = a=Yij(t+1) = b;fYijtg) =
P (Yij(t+1) = b=Dij(t+1) = a)P (Dij(t+1) = a=Yijt)P1

m=0 P(Yij(t+1) = b=Dij(t+1) = m)P(Dij(t+1) =m=Yijt)
(20)

Substituting Equations 14 and 15 into Equation 20, we get

qt+1=t+1 =
(p0+p1)qt+1=t

p1(1¡qt+1=t)+(p0+p1)qt+1=t
forYij(t+1) = 1

=
(1¡p0¡p1)qt+1=t(1¡yij(t+1))

(1¡p1)(1¡qt+1=t)+(1¡p0¡p1)qt+1=t
forYij(t+1) = 0 (21)

Thus qt+1=t+1 is obtained in terms of qt+1=t and Yij(t+1). Now we need to determine qt+1=t in terms of

qt=t. By making use of the total probability theorem [19], and conditional distribution P(dij(t+1)=fYijtg)

can be written as

P(dij(t+1)=fYijtg) =
1X

b=0

P (dij(t+1) = a=dijt = b; fYijtg)P (dijt = b=fYijtg) (22)

Since fDijtg is a Markov and Wijt are independent, given Dijt;Dij(t+1); andYij(t+1) are all indepen-

dent. Hence Equation 22 can be written as

P(dij(t+1)=fYijtg) =
1X

b=0

P(dij(t+1) = a=dijt = b)P(dijt = b=fYijtg) (23)

Substituting Equations 12 and 16 into Equation 23 and comparing the resulting Equation 23 with

Equation 15, we get the following relationship.

qt+1=t = 1¡ ¼0¡ (1¡ ¼0¡ ¼1)qt=t: (24)
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Figure 5: Example of cluster regions which may appear as Foreground

Thus, using Equations 18, 19,and 24, the coe±cients qt+1=t and qt+1=t+1 are obtained recursively for

t running from 1 to T . From Equation 15, it follows that a reasonable estimate
^
dij(t+1)=(t+1) of dij(t+1)

given fYij(t+1)gTt=1
, is

^
dij(t+1)=(t+1)=

8
<
:

1 if qt+1=t+1 ¸ ²

0 if qt+1=t+1 · ²
(25)

where ² is a speci¯ed threshold level.

We use Equation 25 to obtain smoothed estimate of the pixel value for a sequence of past pre

decided number of frames. A ¯xed interval smoothed estimate of pixel classi¯cation is obtained using

Bayesian approach under the assumption that the signal is Markov and corrupted by independent noise.

Although we model the noise to be additive but this need not be so, it can be of more general form as

in Equation 8.

3.2 Enhancement Using Spatial Constraints

In order to derive a robust segmentation procedure, it is logical to impose the natural spatial

constraints associated with foreground objects. Pixels belonging to the foreground appear in connected

subsets or as blobs as shown in Figure 5. Such distributions of classi¯ed pixels in an image can be

modeled by Markov Random Fields(MRF). Assuming the support for this ¯eld to be limited to a pixel's

four nearest neighbor, the MRF can be characterized by the transition probabilities.
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P (dijt=@t(i; j)) = P(dijt=di¡1;j;t; di+1;j;t; di;j¡1;t; di;j+1;t) (26)

Here @t(i; j) is the neighborhood of pixel at (i; j) at time t. This model is fairly general in nature. It

is direction invariant and can be used to model a large class of clusters. Unfortunately it is di±cult to

identify appropriate conditional probabilities. Literatures in the past have used suboptimal algorithms

[4, 11, 3] to solve this problem. Geman and Geman [9] exhausted the equivalence between Gibbs

distribution and Markov processes to ameliorate this problem. Their work was inspired by the methods

of statistical physics for investigating the time-evolution and equilibrium behavior of large, lattice-based

systems. The algorithm proposed by them takes hundreds of iteration before producing good results. So

many iterations will certainly make the system slow and will not lead to realization of real time system.

We propose a method of o²ine calculation of these conditional probabilities based on the equivalence

of MRF and GRF as established by Hammersley-Cli®ord theorem [10]. The model for MRF used is

auto-models as proposed in [15].

3.2.1 Gibbs Random Field

A set of random variables F is said to be GRF, on a discrete set of sites S with respect to

neighborhood @ i® its con¯guration obey a Gibbs distribution.

P (f) = Z¡1£ e ¡1
T empU(f) (27)

where Z =
P
f2F e

¡1
Temp

U(f)

Z is the normalizing constant called the partition function

Temp is a constant called the temperature and is equal to 1 unless otherwise stated

U(f) is energy function U(f) =
P
c2C Vc(f). The energy is a sum of clique potentials Vc(f) over all

possible cliques C . A clique is de¯ned as a subset of sites in sample space. It consists either of a single

site c = flg or of a pair of neighboring sites c = fl; l0g, or of a triple neighboring sites c = fl; l0; l00g and

so on. The collections of single-site, pair-site and triple-site cliques will be denoted by C1;C2; and C3

respectively. The value of Vc(f) depends on the local con¯guration on the clique c.
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U(f) =
X

flg2C1

V1(fl) +
X

fl;l0g2C2

V2(fl; f
0
l) +

X

fl;l0 ;l00g2C3

V3(fl; f
0
l ; f
00
l ) + ::: (28)

Above equation implies a homogeneous Gibbs distribution because V1;V2; V3 are independent of the

location l; l0; l00. This is desirable as there in no directionality in the images we will process. Special

case when only cliques of size upto two are considered. We are considering only four neighbors so this

case applies to ours.

U(f) =
X

flg2S
V1(fl) +

X

l2S

X

l02@
V2(fl; f

0
l) (29)

Condition probability can now be written as

P (fl=f@l) =
e¡[V1(fl)+

P
l02@ V2(fl;f0l )]

P
fl2¶ e

¡[V1(fl)+
P

l02@ V2(fl;f
0
l )]

(30)

3.3 Auto-Models

Contextual constraints on two labels are the lowest order constraints to convey contextual in-

formation. They are widely used because of their simple form and low computational cost. They are

encoded in the Gibbs energy as pair-site clique potentials. With clique potentials of up two sites, the

energy takes the form

U(f) =
X

flg2S
V1(fl) +

X

l2S

X

l02@
V2(fl; f

0
l) (31)

When V1(fl) = flGl(fl) and V2(fl; fl0 ) = ¯l;l0fl ; f 0l , where Gl(:) are arbitrary functions and ¯l;l0

are constants re°ecting the pair-site interaction between l and l0, the energy is

U (f) =
X

flg2c1
flGl(fl) +

X

fl;l0g2c2
¯l;l0flf

0
l (32)

This is called auto-models [15]. The auto-models can be further classi¯ed according to assumptions

made about individual fl 's.

An auto model is said to be an auto-logistic model, if the fl 's take on values in the discrete label set
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Figure 6: Di®erent permutations and combintation of neighbors and their corresponding conditional

probabilities.

¶ = f0;1gor¶ = f¡1;+1g). The corresponding energy is of the following form

U(f) =
X

flg2c1
®lfl +

X

fl;l0g2c2
¯l;l0flf

0
l (33)

where ¯l;l0 can be viewed as the interaction coe±cients. Please note that ®l used here is quite di®erent

from the learning constant ® used in Subsection 3.1. When @ is the nearest neighborhood system on a

lattice (4 nearest neighbors on 2D lattice or 2 nearest neighbors on a 1D lattice), the auto-logistic model

is reduced to the Ising model. The conditional probability for the auto-logistic model with ¶ = f0;1g is

P(fl=f@l ) =
e

[®lfl+
P

l02@l
¯l;l0flf

0
l ]

P
fl2f0;1g e

[®lfl+
P

l02@l
¯l;l0flf

0
l ]

(34)

®l = p(fl) (35)

Here fl is the foreground pixel corresponding to xijt therefore

p(fl) = 1¡Max[½1; ½2; :::::; ½K] (36)
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where

½k = 1¡ 1

(2¼)
n
2 jPkij j

1
2

e¡
1
2(xijt¡¹kij )T

P¡1
kij(xijt¡¹kij) (37)

¯l¯l0 = p(fl)p(fl0) (38)

Here fl0 is the neighborhood pixel of fl de¯ned by @l and p(fl0) is the probability of neighborhood pixel

being foreground and is calculated as in Equations 36 and 37.

With the initial probability estimates as used in Subsection 3.1 we compute the clique potential

and hence the conditional probability, for all permutations and combinations of the ¯rst order neighbors

of pixels. This can be done fast by a look-up table for calculation of exponential functions and another

table of all possible combination of the ¯rst order neighbors of a pixel which in our case happens to

be 16, see Figure 6, 'x' indicates the site whose neighbors are being considered . If the directionality

is neglected than the number of di®erent combinations can be further reduced to ¯ve. In Section 4 we

present the results of this algorithm. We also compare the results of the proposed enhancement schemes

to some of the recent algorithms in terms of false detection, miss in detection, correct detection, time

required in processing the frames and also the memory requirements in processing of frames of size

320x240 for color video sequences.

4 Experimental Results and Discussions

One of our primary objectives is to design a perceptual user interface (PUI) using cheap desktop

cameras as the input sensor. The images captured by these cameras are often corrupted by noise and

other artifacts. We performed a comparative test of background foreground segmentation using video

sequences captured by cameras which costs less than hundred dollars.

4.1 Comparative Results

In this section segmentation results of the proposed algorithm is compared with the results of

other techniques of foreground segmentation using background subtraction. These techniques have
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appeared recently in the literatures. The results are compared with \Adaptive background Gaussian

mixture model "as proposed by Stau®er and Grimson in [22, 23], \A statistical approach for Real-time

Robust background subtraction and shadow detection "as proposed by Thanarat et. al in [14] and with

the two pass algorithm as proposed by the author in [18]. The segmentation results of the Gaussian

mixture approach is obtained using three Gaussian to model the background pixels. The proposed

algorithm is able to cope up with local illumination changes, such as shadows and highlights due to

Automatic Exposure Correction. The proposed algorithm gives good segmentation results for both

indoor and outdoor scenes.

Figure 7 shows the results of the di®erent algorithms on image sequences. The background of the

test image sequence is captured using Creative Webcam II. On this background a synthetic colorful

rectangle is superimposed as a foreground, designed to cover maximum range of colors. The rectangle

gradually moves from the left of the frame to the right of the frame. For a slow moving object results of

Stau®er algorithm are not impressive. Gradual improvement in the quality of segmentation results can

be observed in Figure 7. Table 1 shows the number of correct detection of foreground pixels, number of

false detection, i.e. detection of background pixel as foreground and number of misses, i.e. classifying

a pixel as background when actually it is a foreground pixel.

4.2 Indoor Scene Example

Figure 8 shows the segmentation results for image sequence captured using the desktop camera

Creative Web cam II. The sequences are taken in a lab situations where illumination due to °orescent

tube lights have the 50 Hz °icker. The sunlight from the windows also contribute to minor °uctuations

in the illumination. The incorporation of relative inter-dependencies of the pixel processes both in

temporal and spatial domain leads to signi¯cant improvement in the segmentation results.

The table for the requirements of time and memory in processing of each frame, Table2 reveals
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Algorithm Correct Detection Miss False Detection

Adaptive Background Mixture

Models [23, 22] 2795 1405 748

Two Pass Algorithm [18] 4078 132 9

Statistical Approach [14] 4163 37 74

Temporal Enhancement 4175 25 0

Spatial Enhancement 4183 17 4

Table 1: Comparative Results

that the proposed approach of segmentation is not a time consuming process. For desktop camera,

which gives variable rate videos and are usually in the range of 5-10 frame per second the achieved

frame rate of processing is e±cient and reasonable. With the use of speeding techniques and look up

tables for exponential functions in calculation of conditional probability, the time of processing per frame

can be further reduced. Parallel computing can be easily applied for the proposed algorithm hence the

computation time can be further reduced. With the increasing computing capacities of computers the

algorithm can certainly give video rate processing of the frames1.

The method at present work on color images using the normalized "rgb" space. This method

can be extended to HSV or YUV space as well. The method will also work with gray scale images but

then the removal of shadow and highlights will not be possible.

4.3 Tra±c Scene Example

Figure 9 illustrates some tra±c images taken from a stationary camera. The background image is

¯rst learnt when there are no moving objects on the highway. The segmentation results for di®erent

algorithms is illustrated in Figure 9. As before, we note that the temporal and spatial enhancements

1The software developed for each algorithm are available for use and veri¯cation, and can be obtained by e-mailing the

request to eleks@nus.edu.sg.
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Algorithm Processing Time per Frame Memory Requirement

Adaptive Background Mixture

Models [22, 23] 180 ms 5.53 MBytes

Two Pass Algorithm [18] 50 ms 3.22 MBytes

Statistical Approach [14] 40 ms 1.84 MBytes

Temporal Enhancement 180 ms 5.53 MBytes

Spatial Enhancement 160 ms 2.45 MBytes

Table 2: Comparative Statistics of the Algorithms running on Pentium III 500 MHz 128 MBytes machine

lead to crisper foreground regions. In this particular example, our two pass algorithm also performs

well.

The preliminary stage of the proposed algorithm were used in the design of computer vision games

where the player gets submerged in the virtual world and has interactions with the computer. A few

examples can be seen in the papers linked from http://www.ece.nus.edu.sg/stfpage/eleks/pui.htm. In

these games the interactions with computer is visual and communication is based on visual gestures

and motions.

Specular re°ection is another problem yet to be solved for good segmentation results. Polished

surfaces or glass surfaces exhibit the phenomena of specular re°ection. The surfaces which are specular,

re°ect the color of light falling on them. In presence of foreground object due to multiple re°ections

from the surfaces of foreground object the light re°ected by specular surfaces change a lot and hence

the cause false detection. Use of bimodal background model ameliorate the problem to a certain extent

but it does not solve the problem completely.

The proposed algorithm is to be used in capture of human images from multiple cameras. The

human ¯gure will be segmented as foreground from the static background. From the foreground human
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(a) (b) (c) (d)

(1.a) (1.b) (1.c) (1.d)

(2.a) (2.b) (2.c) (2.d)

(3.a) (3.b) (3.c) (4.d)

(4.a) (4.b) (4.c) (4.d)

(5.a) (5.b) (5.c) (5.d)

Figure 7: a,b,c, and d are the frames for which di®erent segmentation results are shown. 1.a,b,c and

d are the segmentation results by Adaptive background mixture model as proposed in [22, 23]. 2.a,b,c

and d segmentation results of the algorithm proposed in [14]. 3.a,b,c and d segmentation results of the

two pass algorithm as proposed in [18]. 4.a,b,c, and d segmentation results after temporal enhancement.

5.a,b,c, and d segmentation results after spacial enhancement.
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(a) (b) (c) (d)

(1.a) (1.b) (1.c) (1.d)

(2.a) (2.b) (2.c) (2.d)

(3.a) (3.b) (3.c) (3.d)

(4.a) (4.b) (4.c) (4.d)

(5.a) (5.b) (5.c) (5.d)

(6.a) (6.b) (6.c) (6.d)

Figure 8: a,b,c, and d are the frames for which di®erent segmentation results are shown. 1.a,b,c, and d are the

segmentation results by Adaptive background mixture model as proposed in [22, 23]. 2.a,b,c, and d segmentation results of

the algorithm proposed in [14]. 3.a,b,c, and d segmentation results of the two pass algorithm as proposed in [18]. 4.a,b,c,

and d segmentation results after temporal enhancement. 5.a,b,c, and d segmentation results after spacial enhancement.

6.a,b,c, and d segmentation results after application of both temporal and spacial enhancement schemes.
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(a) (b) (c) (d)

(1.a) (1.b) (1.c) (1.d)

(2.a) (2.b) (2.c) (2.d)

(3.a) (3.b) (3.c) (4.d)

(4.a) (4.b) (4.c) (4.d)

(5.a) (5.b) (5.c) (5.d)

(6.a) (6.b) (6.c) (6.d)

Figure 9: a,b,c, and d are the frames for which di®erent segmentation results are shown. 1.a,b,c, and d are the

segmentation results by Adaptive background mixture model as proposed in [22, 23]. 2.a,b,c, and d segmentation results of

the algorithm proposed in [14]. 3.a,b,c, and d segmentation results of the two pass algorithm as proposed in [18]. 4.a,b,c,

and d segmentation results after temporal enhancement. 5.a,b,c, and d segmentation results after spacial enhancement.

6.a,b,c, and d segmentation results after application of both temporal and spacial enhancement schemes.
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(a) (b)

(c)

Figure 10: Three frame captured from same camera with gradually increasing illumination. Image (a) is

captured at normal illumination. Image (b) captured by increase in illumination by one 100W halogen

lamb. Image (c) captured by increase in illumination by two 100W halogen lamp.

¯gure parameter for modeling the human on computer will be extracted. Further more parameters and

features will be extracted to make the human model copy the action of the human in real life.

5 Conclusions and Future Directions

The major contribution of this work has been in the development of an algorithm for segmentation

of background - foreground image sequences. This can be used in accomplishing the goal of Perceptual

User Interfaces (PUI). The focus in this work has been on the use of cheap desktop cameras to aid human

interaction with computer and make use of computer more social and humane. Human movements are

slow when compared to automated machines and vehicles. Human images don't have sharp edges and

corners. Therefore in the design of the system assumptions were made that the foregrounds to be

segmented are slow moving and have soft edges.

The background pixels are modeled as a unimodal or bimodal Gaussian, depending upon the

nature of the background pixel. A pixel is classi¯ed as foreground when it doesn't lie in the range

of the modeled background pixel. After segmentation with the above method, temporal and spacial
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enhancement schemes are applied to improve the segmentation results. Temporal enhancement is done

by Baysian smoothing of the pixel process, which is modeled as a Markov Random Process. For spacial

enhancement the pixels of a frame are modeled as Markov Random Field and Markovian constraints

are used to get better segmentation results.

Implementation of the proposed algorithm on parallel architecture can reduce the time taken

for processing each frame. Also, adaptive background modelling in presence of foreground objects is

essential so that the algorithm works even in when there is a global illumination change. At present the

system can handle small illumination changes of 5%-10% . These changes can be gradual or instanta-

neous. But the system gives false segmentation results when illumination change is more that that. The

reason for this is clipping. The phenomena of clipping can be understood by the following example. Say

a pixel has RGB color intensity (120, 200, 180). Now when the illumination is increased, the brightness

of the pixel will increase by a multiplicative factor. Say the illumination is increased by a factor of 1.5

therefore the new RGB of the pixel will be (180, 300, 270) but because of the phenomena of clipping

it the camera will record the intensity of this pixel as (180, 255, 255). Now, say if the illumination

is increased by a factor of 2.5, then the RGB value of the pixel should be (300, 500, 450). However,

the camera will capture it as (255, 255, 255). Thus the phenomena of clipping make a pixel loose its

chromacity and makes it appear white when the scene illumination is changed. Figure 10 shows three

frames captured at increasing illumination and the corresponding loss of color information of the scene

being captured by the camera.

Also, using additional cues, such as the depth, can enhance the robustness in the foreground-

background segmentation problem. Although computing depth from stereo is a computationally in-

tensive solution, some of our preliminary studies [21] in using less computationally expensive cues

related to depth can be used for e®ective segmentation.
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