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for Lightweight Visual Surveillance Systems
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Abstract

In this paper, we present a novel method for moving object detection using background subtraction

and tracking for lightweight visual surveillance systems.The proposed moving object detection method

using background subtraction is based on a “Gaussianity test” and a shading model. The method has

been shown to be robust to dynamic scenes such as sudden illumination changes and presence of

relatively small scene clutter motion (e.g. waving tree branches and leaves). A fast implementation of

the method using an extension of integral images is presented. A fast implementation of object tracking

using a particle  ltering framework is also presented usinga probability density function of the visual

features of the target object. A weighting scheme based on non-uniform kernel  ltering of the probability

density function is described for better tracking performance. We also show in our proposed background

subtraction method that the construction of the object tracking appearance model has speed improvements

of orders of magnitudes compared to traditional methods such as convolution.

I. I NTRODUCTION

Visual surveillance has been a very active research topic inthe last few years due to the growing need

for security in public places [1]. A typical autonomous visual surveillance system consists of moving

object detection, object tracking, and behavior understanding.

Moving object detection aims at extracting moving objects that are of interest in video sequences

with backgrounds which can be static or dynamic. Some examples of interesting objects include walking

pedestrians and moving vehicles, but usually not waving tree leaves. The moving objection detection

problem can be formulated as a “change detection” problem whereby regions in a frame that have not
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changed (temporally or spatially) are labeled as background regions (or background pixels) and the

changed regions are labeled as foreground regions (or foreground pixels). Changes can be detected using

various approaches to background subtraction. Further analysis, such as object tracking, is then done on the

foreground regions. In this paper we refer to this process asforeground region segmentation or moving

object detection. Our proposed method will be based on a new variation of background subtraction.

There are many common problems encountered in moving object detection in dynamic scenes. Some

examples of these are shadows, sudden or gradual illumination changes, and repetitive motion from scene

clutter such as waving tree branches and leaves. The problemswith dynamic environmental conditions

makes moving object detection very challenging. Many methods for moving object detection have been

proposed in the literature. A popular approach to foreground segmentation is background subtraction

which has a very low computational cost. The goal here is to “remove” the background in a scene by

describing an adequate model of the background, the result is that only “interesting objects” are left in

the scene for tracking and further analysis. However, one drawback of traditional background subtraction

is that it is vulnerable to scene dynamics and clutter. One ofthe most common problems is sudden

illumination changes because of the presence of photometric distortions. Many state-of-the-art methods

can address gradual illumination changes but remain susceptible to sudden changes. Some examples of

sudden illumination changes are turning on/off light sources in a room, or open/close window curtains

or doors. These situations alter the background model, and cause color or intensity-based subtraction

methods to fail (false positive i.e. detecting background pixels as foreground pixels). One of the popular

approaches, the use of Gaussian Mixture Models (GMM), was proposed by Stauffer and Grimson [2]

and is robust to gradual illumination as well as moving background regions. However, it fails under

sudden illumination changes and foreground objects can be integrated into the background model if they

remain static for a long period of time. The GMM approach also has a relatively high computational cost.

There are illumination-invariant foreground segmentationmethods proposed in the literature. Vosters et.

al. [3] described the “eigenbackground” method combined with a statistical illumination model to address

sudden illumination changes. The eigenbackground model is determined from training data and is used to

reconstruct the background image for each current frame. Pilet et al. [4] proposed a method that replaces

the typical statistical background model by a statistical illumination model. They model the ratio of

intensities between a stored background image and an input image in all three color channels using a

GMM to account for illumination effects. The dependence among neighboring pixels is determined using

a spatial likelihood model of!ine based on ground truth data.Javed et. al. [5] use both color and gradient

information in a pixel, region, and frame level framework. They use gradient based background subtraction
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and model the distribution of the gradient magnitudes and directions statistically to eliminate spurious

objects and illumination changes. Xie et. al. [6] suggestedthat the ordering among pixels is preserved

even in the presence of large photometric distortions. They proposed a method using the Phong’s shading

model [7], with slowly spatially varying illumination, in which the sign of the difference between two

pixel measurements is robust to sudden illumination changes. Radke et. al. [8] provides an excellent

survey of image change detection.

As indicated above, once the foreground regions are determined then their motion behavior can be

estimated by object tracking. Two examples of the state-of-the-art object tracking methods are particle

 ltering [9] and mean-shift tracking [10]. Both methods require an appearance model that characterizes the

object of interest that one wants to track. The color histogram is a popular visual feature for an appearance

model. The color histogram is used for object tracking because it is robust to partial occlusion and is

rotation and scale invariant. It is also !exible in the types of object that they can be used to track,

including rigid (e.g. vehicles) and non-rigid objects (e.g. people). To estimate the color histogram of a

region of interestR, each pixel inR is used as a sample for the histogram construction. The samples

used in the histogram are weighted using a kernel  lter. The color histogram is weighted because the

pixels will be more unstable near the edge of a region compared to the center of a region (particularly

when there are partial occlusions and background changes).The weighting process is usually achieved

by convolving the image region with a Gaussian or Epanechnikov kernel [10].

In this paper we present a novel and simple method for moving object detection using background

subtraction based on a shading model (SM) and a Gaussianity test. We also present a fast implementation

of the method using an extension of integral images [11]. Ourwork is an extension of some initial

work proposed in [12]. We tested our proposed method on several sequences. These included indoor

scenes under extreme sudden illumination changes, outdoorscenes under strong sunlight, waving tree

leaves, walking pedestrians casting shadows, and fast moving bicycles. Experimental results indicate our

approach is robust to small or repetitive motions the scene clutter in dynamic scenes and extreme sudden

illumination changes. Fast implementation of the method has signi cant speed improvements over naive

implementations with several orders of magnitude performance gain.

Another contribution in this paper is the fast computation of the object tracking appearance model using

an extension of traditional integral images based on the work by Bhatia et al. [12]. Convolution using a

uniform kernel  lter can speed up the use of integral images [11]. However, non-uniform kernel  lters

give better performance in many applications. Fast computation of the  lter cannot be achieved using

traditional integral images. Dalal and Triggs [13] proposed the use of the histogram of oriented gradients
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(HOG) for human detection using non-uniform  ltering. Zhu et al. [14] proposed a fast implementation

of their human detector using integral images with a uniform lter, the performance is sacri ced for

speed improvement. Heckbert [15] proposed a method known asrepeated integration. The main idea

is that repeated convolution of a uniform  lter generates more complex and higher order  lters such

as a triangular  lter, quadratic  lter, cubic  lter. This approach will eventually converge to a Gaussian

 lter. The main drawback of the method is that it requires very high precision arithmetic due to the

multiple convolutions which is not desirable for lightweight system design. Experimental results show

that our proposed method for the use of integral images has signi cant speed improvements and low

computational complexity that can be implemented on current embedded processors used with mobile

devices.

II. M OVING OBJECTDETECTION - FOREGROUNDSEGMENTATION

Background subtraction is a widely used method to detect moving objects. The ultimate goal is to

“subtract” the background pixels in a scene leaving only theforeground objects of interest. If one has a

model of how the background pixels behave, the “subtraction” process is very simple. Of course in real

world scenes the situation will be more challenging. A background subtraction method usually consists of

the following steps: background initialization (construction of the initial background model), background

maintenance (updating the background model to account for temporal changes in subsequent frames),

and foreground/background pixel classi cation. For background initialization, we use a simple method

known as selective averaging [16]. LetBM L (x; y) be the intensity of pixel(x; y) of the background

model (or background frame) at timet = L , and letI m (x; y) be the intensity ofmth frame of the video

sequence. The background model is constructed as follow:

BM L (x; y) =
P L

m=1 I m (x; y)
L

;

where L is the number of frames used for background model construction. It has been shown exper-

imentally thatL = 100 is a good choice forL [16]. This method works under the assumption that

the sequence starts in the absence of moving objects. We use amethod known as running average for

background model maintenance. Let� be the “learning rate” which is an empirically determined weight

often chosen as a tradeoff between stability and backgroundupdate rate. The background maintenance

is described as follow:

BM t (x; y) = (1  � )BM t  1(x; y) + �I t (x; y)
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Let D t (x; y) be the pixel(x; y) of the difference frame at timet,

D t (x; y) = jI t (x; y)  BM t  1(x; y)j : (1)

Traditional background subtraction [17] classi es a pixel as a foreground pixel if the difference frame is

greater than an empirically determined threshold� D :

D t (x; y) > � D

In this paper, we describe a novel method for foreground/background pixel classi cation. Instead of

thresholdingD t (x; y), we “test” the statistical distribution of the neighboringpixels in D t (x; y) to

determine if a pixel is a foreground or background pixel.

A. Gaussianity Test

The Gaussianity test developed by Ojeda et. al. [18] measureshow closely a set of data is Gaussian

distributed. The use of the test is inspired by Chien et. al. [19] who used it for determining the optimal

threshold for change detection under the assumption that the camera noise is Gaussian distributed. We

also assume that the camera noise is Gaussian distributed. In addition, we assume that this Gaussian

noise is temporally uncorrelated and hence, independent across the frames. Hence only Gaussian noise

and foreground objects remain in the difference frameD t (x; y) in Equation 1 (because the sum of

independent Gaussian random variables is Gaussian). Underthese assumptions, the foreground pixels in

D t (x; y) should be non-Gaussian distributed, and the background pixels in D t (x; y) should be Gaussian

distributed.

We use the Gaussianity test in a block-based manner to detectnon-Gaussianity. We consider awb � hb

block centered at pixel(x; y), and the test is based on the estimation of the  rst four moments of the

pixel intensity differences given by,

Jk (x; y) =
1

wb � hb

w b  1

2X

m=  w b  1

2

h b  1

2X

n=1  h b  1

2

[D t (x + m; y + n)]k (2)

for k = 1 ; 2; 3; 4. In our experiments, we use65 � wb = hb � 17. A metric H (x; y) for how closely the

neighboring pixels of(x; y) are Gaussian distributed is de ned as:

H (x; y) = J3(x; y)+ J4(x; y)  3J1(x; y)(J2(x; y)  J1(x; y)2)  3J2(x; y)2  J1(x; y)3  2J1(x; y)4: (3)
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If H (x; y) is greater than an empirically determined threshold� , then a pixel(x; y) is considered as a

foreground pixel:

(x; y) =

8
<

:

foreground pixel ifH (x; y) > �

background pixel otherwise.
(4)

An example of the test is shown in Figure 1. Figures (a) and (b) are the background frame and current

frame respectively, (c) is a 2D plot ofH (x; y) using Equation 3, and (d) shows the foreground pixels

determined by Equation 4 in white.

Note that the Gaussianity Test can be used for other visual features for foreground segmentation under

the assumption that the visual features are Gaussian (non-Gaussian) distributed in the absence (presence)

of foreground objects.

(a) Background frame. (b) Current frame.

(c) 2D Plot ofH (x; y). (d) Detection results.

Fig. 1. An example showing the Gaussianity test results on the backgroundsubtraction frame. (a) Background frame. (b)

Current frame. (c) 2D plot ofH (x; y ) using Equation 3. (d) The foreground pixels determined by Equation 4 are white.
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B. Sudden Illumination Change

Many background subtraction methods [2], [20] can address gradual illumination changes very well but

remain vulnerable to sudden illumination changes. The assumption of Gaussian distributed background

regions used above does not hold because there is large photometric distortion in the case of sudden

illumination changes. The increase of intensities is not a constant even when the illumination change is

global. This results in a drastic increase in false positive detections of foreground pixels. Sometimes the

entire frame is labeled as consisting of foreground pixels.We use a simple method based on the frame

level maintenance mechanism of Wall!ower [21] to detect sudden illumination changes and then we use

the shading model described below to detect the foreground (object) pixels.

Skifstad and Jain [22] proposed an illumination-invariant method for change detection using a shading

model. The model relates the intensities between a current frameI 1(x; y) and a reference frameI 2(x; y)

in a given area of interest. A pixel intensityI (x; y) is “decomposed” into a product of illumination$ i

and a shading coef cientS(x; y). The model is de ned by:

I (x; y) = $ i S(x; y): (5)

The assumption of the model is that if there is no physical change (e.g. an object moving) between two

frames, then the ratio expressed in Equation (6) is constant and independent of the shading coef cients

S(x; y):
I 1(x; y)
I 2(x; y)

=
$ i; 1

$ i; 2
: (6)

In our proposed method, we determine this intensity ratio for each pixel of the background and current

frames. It is assumed that when there is no foreground objects in the scene, the ratios of pixel intensities

in a block should be Gaussian distributed. The derivation of the assumption is discussed in Section VII.

We use the Gaussianity test described above (Equations (3) and (4)) along with the shading model for

illumination-invariant foreground segmentation. We determine the intensity ratio for each pixel of the

current frameI (x; y) and the background modelBM (x; y) as shown in Equation 7,

Jk (x; y) =
1

wb � hb

w b  1

2X

m=  w b  1

2

h b  1

2X

n=1  h b  1

2

hBM (x; y)
I (x; y)

(x + m; y + n)
i k

(7)

C. A Fast Gaussianity Test

DeterminingH (x; y) in Equation 2 and 3 for the Gaussianity test is computationally expensive. In this

section we describe a fast method for the Gaussianity test based on integral images.
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Integral images were  rst proposed by Crow [23] for texture mapping in computer graphics. He called

his method summed area tables. The method was then introducedto the image processing community

by Viola and Jones [11]. They called their technique integralimages and used them for fast computation

of Haar wavelet coef cients for face detection. Integral images have been used for fast computation

for various image analysis applications. Porikli [24] usedthis idea for feature histograms known as

integral histograms. Feature histograms have been used for content based image retrieval [25], object

segmentation [25] and object tracking [10]. Tuzel et al. [26] proposed region covariance [26] as a visual

feature descriptor using integral images. Huang et al. [27]use integral images for fast implementation

of eye localization in an automatic face recognition system. Zhu et al. [14] also used this idea for fast

computation of the histogram of oriented gradients. The SURF descriptor proposed by Bay et al. [28] is

based on sums of approximated 2D Haar wavelet coef cients using integral images.

The integral image is an intermediate representation for thefast computation of the “sums of values”

in a rectangular region of an image. In this paper, we refer tothis sum as the rectangular region sum.

The original de nition in [11] of an integral imageii (x; y) at pixel location(x; y) is the sum of all pixels

to the left and above the pixel(x; y) (inclusive) of the original imagei (x; y).

ii (x; y) =
X

x0� x;y 0� y

i (x0; y0) (8)

wherei (x; y) is the original image. This uses a single-pass recursive approach. The row cumulative sum

is de ned as,

s(x; y) = s(x; y  1) + i (x; y) (9)

The integral image can then be described as:

ii (x; y) = ii (x  1; y) + s(x; y) (10)

Computational Cost:Only two additions are required to determine a pixel of an integral image

ii (x; y) (except those pixels in the  rst row and  rst column). Hence forthe entireW � H integral

image, the computational cost is approximately2WH additions using Equation 9 and 10. Compared

to the naive way to determine a pixel(x0; y0) of an integral imageii (x0; y0) which requires(x0y0)  1

additions. Hence, for the entire image, the total number of additions required is:

WX

x=1

HX

y=1

(xy  1) �
1
4

W 2H 2;

which grows quadratically with the image size.
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We can useii (x; y) to represent the rectangular region sumS(x1 : x2; y1 : y2) bounded by four pixels

(x1; y1), (x2; y1), (x1; y2) and (x2; y2) as:

S(x1 : x2; y1 : y2) = ii (x2; y2)  ii (x2; y1  1)  ii (x1  1; y2) + ii (x1  1; y1  1) (11)

The intuition of Equation 11 is explained in Figure 2. The value ofthe integral image at(x1; y1) is

the sum of all pixel values in region A; at(x2; y1) it is region A+B, at(x1; y2) it is region A+B+C, and

at (x2; y2) it is region A+B+C+D. We use Equation 11 to obtain the sum of region D in the  gure.

Fig. 2. Integral Imageii (x; y ) used to determine the rectangle region sum of D.

Computational Cost:Only three additions with four array references are required, regardless of the

size of the region.

D. Gaussianity Test Using Integral Images

We employ the use of integral images for fast computation of the Gaussianity test for foreground

segmentation. To determineJk (x; y) with Equation 2 forH (x; y) in Equation 3 using a fast method, we

de ne thekth integral momentIJ k (x; y) of an imagei (x; y) as:

IJ k (x; y) =
X

x0� x;y 0� y

[i (x0; y0)]k (12)

To determine Equation 12, the same single pass implementation described in Equation 9 and 10 for the

integral image is used. Consider awb � hb block centered at pixel(x; y), the kth moment of the pixel
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intensity differences expressed in Equation 2 is now given by,

Jk (x; y) = IJ k (x2; y2)  IJ k (x2; y1  1)  IJ k (x1  1; y2) + IJ k (x1  1; y1  1)

wherex2 = x1 + wb and y2 = y1 + hb in this case. Finally, Equation 3 is used to determineH (x; y)

for the Gaussianity test. It will be shown in Section V that theintegral moment implementation has

signi cant speed improvements over the naive implementation.

III. PARTICLE FILTERING

An object tracking problem can be formulated as a state estimation problem given available observation.

Particle  ltering [29], [30] can be used as a mathematical tool in object tracking to estimate the target state.

Particle  ltering is popularly used for object tracking because it has been shown to be very successful for

non-linear and non-Gaussian dynamic state estimation problems and is still very reliable in cases with

clutter and occlusions.

A. Filtering

The “ ltering” problem is the process of estimating a system’scurrent state which is hidden, based

on past and current observations [31]. This is represented bythe probability density function (pdf)

p(x t jx t  1; z1:t ) wherex is the state,z is the observation, andt is time. Depending on the application, the

statex t and observationzt at timet can be different entities. For the case of visual tracking, the state can

be position, velocity, orientation, or scale of an object, and the observation can be the color histogram

or some other visual features of an object. In general, the object tracking problem can be modeled by

the state-space representation

1) State Equation:

x t = f t (x t  1; vt ) (13)

2) Measurement Equation:

zt = ht (x t ; nt ) (14)

where f t is the state equation (transition equation) at timet, and ht is the measurement equation

(observation equation) at timet. These are non-linear and time varying in general. The system noise

and the measurement noise are denoted byvt andnt respectively.
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B. Bayesian Recursive Filtering

The optimal estimatorbx t (optimal in the minimum variance sense) of the statex t is provided by the

conditional expectationE[x t jz1:t ]. To obtainE[x t jz1:t ], we need to estimate the posteriorpdf p(x t jz1:t )

at each time instantt, and this estimation can be done by using Bayesian  ltering. The goal of Bayesian

 ltering is to construct the posterior probability density functionp(x t jz1:t ), of the statex t at timet given

all available observationsz1:t up to timet. It is assumed that the initialpdf of the state (prior probability

density function)p(x0) is known. Then the posteriorpdf p(x t jz1:t ) can be obtained recursively with a

two-stage process: prediction and update. Recursive  ltering means that the received or observed data

can be processed sequentially rather than as a batch:

� Prediction: Assume that the posteriorpdf p(x t  1jz1:t  1) is available, the prediction step yields

p(x t jz1:t  1) using the Chapman-Kolmogorov integral equation:

p(x t jz1:t  1) =
Z

p(x t jx t  1)p(x t  1jz1:t  1)dxt  1 (15)

wherex t is the state at timet andz1:t  1 is the observation sequence from time1 to time t  1. The

pdf p(x t jx t  1) expresses the state model (transition model).

� Update: At timet, the observationzt is available, the priorpdf p(x t jz1:t  1) is updated via Bayes’

rule:

p(x t jz1:t ) =
p(zt jx t )p(x t jz1:t  1)R

p(zt jx t )p(x t jz1:t  1)dxt
(16)

wherex t is the state at time t andz1:t is the observation sequence from time1 to time t. The pdf

p(zt jx t ) expresses the likelihood function that describes the measurement model.

In general Equations (15) and (16) cannot be evaluated in closed form. In some special cases, such as

linear and Gaussian state-space models (which can be analyzed using a Kalman  lter), and hidden  nite-

state space Markov chains, closed form solutions are available. To solve this problem, particle  ltering

is used to approximate Bayesian  ltering when a closed-form solution cannot be obtained (i.e. when the

transition and observation models are non-linear and non-Gaussian).

The key idea of particle  ltering is to represent the posteriorpdf by a set of discrete samples known

as particles. A sample is also referred to as a particle because of its discrete nature and its discrete

representation by thepdf. Each particle represents a hypothesis of the state and it is randomly drawn

from the prior density. After a particle is drawn, it is propagated according to the transition model.

Each propagated particle is veri ed by a weight assignment using the likelihood model. The weight

characterizes the quality of a speci c particle. A large weight will be assigned to a “good” particle, and
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a small weight will be assigned to a “bad” particle. The posterior pdf is constructed recursively by the

set of weighted random samplesf x(i )
t ; w(i )

t gi =1 ;:::;N p whereNp is the total number of particles. At each

time t, the particle  ltering process repeats a two-stage procedure: prediction and update:

� Prediction: Each particlex(i )
t evolves independently according to the state model, including the addi-

tion of random noise in order to simulate the unknown disturbance. This step yields an approximation

of the priorpdf:

p(x t ) �
1

Np

N pX

i =1

� (x t  x(i )
t ) (17)

� Update: Each particle’s weight is evaluated based on the latest measurement according to the

measurement model (likelihood model). The posteriorpdf at time t in the form of a discrete

approximation is a weighted average of all particles:

p(x t jz1:t ) �
N pX

i =1

w(i )
t � (x t  x(i )

t ) (18)

The weight of thei th particle is:

w(i )
t =

L(zt jx
(i )
t )p(x(i )

t jx(i )
t  1)

q(x(i )
t jx t  1;zt )

(19)

whereq(� ) is the importance density andL (� ) is the observation likelihood model.

IV. OBJECTTRACKING USING PARTICLE FILTERING

This section provides a brief overview of the object trackingmethod we developed previously [32].

A particle  ltering framework in conjunction with a color histogram is used for object tracking. Color

histograms are used for object tracking because they are robust to partial occlusion and are rotation and

scale invariant. They are also !exible in the types of object that they can be used to track, including

rigid (e.g. vehicles) and non-rigid objects (e.g. people).Spatially weighted normalized color histograms

are used to estimate the observation likelihood model of theparticles.

A. Target Appearance Model

Target appearance model (or appearance model) for object tracking refers to how the object to be

tracked is modeled. Popular models for the target object include the object contour [33] and the color

histogram [34], [35], [9]. Let a set of pixels in a region of interestR be S = f x i gi =1 ;:::;N 2 R, and let
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q(x) = f q(x)(u)gu=1 :::m be a m-bin color histogram. The color histogram constructionfor R centered

at x is described as:

qu(x) =
X

(x i )2 S

� [b(x i )  u]

whereb(x i ) is the bin index which the color component atx i falls into, and� is the Kronecker delta

function. One problem with this target appearance model is that pixels near the edge ofR are unreliable

compared to the center ofR (e.g. when there is a partial occlusion or background changes). A widely

used remedy is the use of kernel weighted color histograms. The kernels used are usually convex and

monotonically decreasing, e.g. Epanechnikov and Gaussian kernels [10]. LetK (�) be the kernel, and

kd(x i )k be the distance of the pixelx i to the centerx. The construction of the weighted color histogram

is described as follow:

qu(x) = C
nX

i =1

K (kd(x i )k2)� [b(x i )  u]

whereC = 1P n
i =1 K (kd(x i )k2 ) is the normalization factor that ensures

P
qu(x) = 1 . In order to integrate

this idea into object tracking using particle  ltering, the weighted color histograms of the target object

qu(x) and each particle candidatepu(st ) are determined and compared.

B. Similarity Measure

To evaluate the similarity between the model histogram,q and the particle’s histogram,p(s(i )
t ), where

s(i )
t is the i th particle at timet, we employ the Bhattacharyya coef cient� [10].

� [p(st ); q] =
mX

u=1

p
pu(st )qu (20)

whereu is the histogram bin index andm is the number of bins. The larger� is, the more similar the two

distributions are. For instance, if two normalized histograms are identical, then� = 1 . The observation

likelihood function uses� to assign a weight to each particle, a sample with larger� is assigned with a

larger weight. The weighting process is described as:

w = e 1  � [p;q ]
2 � 2

where � is set dynamically for each frame using the method we proposed previously in [32]. Let ~wt
( i )

be the normalized weight, and the current state can be estimated by the weighted average of all particles:

E[St ] =
N pX

i =1

~wt
( i )s(i )

t
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C. Fast Computation of the Appearance Model

An target appearance model, a color histogram for our method, characterizes the object of interest that

one wants to track[9]. In this section we present a fast computation of the appearance model for object

tracking using an extension of the traditional integral images which is based on the work by Bhatia et

al. [12]. The “sum of area” using integral images can be formulated as a kernel  ltering problem in the

special case of a uniform  lter kernel. Convolution using a uniform kernel  lter can speeded up using the

integral image [11]. However, non-uniform kernel  lters give better performances in many applications,

and a fast computation of it can not be achieved using the traditional integral image. There are many

applications that require  ltering using non-uniform kernels such as Gaussian and Epanechnikov kernel

[10] for better performances.

For object tracking, kernel density estimation is used for constructing appearance models [20], [10],

[36]. Kernel density estimation is a technique to estimate the statistical representation of data points using

kernel  ltering. The appearance models for object tracking (i.e. color distribution or color histogram) can

be estimated by kernel density estimation. Because the pixels will be more unstable near the edge of a

region compared to the center of a region (i.e. when there arepartial occlusions and background changes).

To remedy this problem, a convex and monotonically decreasing kernel  lter function is used [34], [35],

[9]. For human detection, Dalal and Triggs [13] use bilinearinterpolation and Gaussian weighted pixels

to construct histograms of oriented gradients features. Zhuet al. [14] proposed a fast implementation of

Dalal and Triggs’s human detector using the traditional integral images, with only the uniform  lter, the

performance improvement is sacri ced for the speed improvement.

Heckbert [15] proposed a method known as repeated integration. The main idea is that repeated

convolution of a uniform  lter by itself generates more complex and higher order  lters such as triangular

 lter, quadratic  lter, cubic  lter, and eventually it approaches a Gaussian  lter. He uses the following

identity,

f � g = (
Z n

(f (x)dx) � (
dng
dxn ))

it is equivalent to  rst integrating the imagef (�) n times and then convolving thenth integral image

with the nth derivative of the  lter g(�). If g(�) is a uniform  lter, the nth derivative ofnth order box

 lter is a train of impulses, the  nal convolution amounts to evaluation of thenth integral image at

the selected samples. Although this approach is very elegant, there are two major drawbacks with the

method. The precision (arithmetic precision) required (will be shown in Section V) is very high. And the

cost of computing the repeated integrationn times can be very high. As shown in Section V, for current
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64-bit CPU architectures, the fourth order integral image is impossible to determine even for medium

size images. Some kernel functions even require an in nite number of expansions.

A more recent method known as the kernel integral was proposed by Hussein et al. [37]. Non-uniform

 ltering is achieved by “splitting” the  ltering function into multiple  ltering functions. The  ltering

function for bilinear interpolation kernel is “split” intofour  ltering functions, and four integral images

are required to perform the non-uniform  ltering. Another  ltering function resolved is the Gaussian

kernel, they use the  rst two terms of the Euler expansion of Gaussian  ltering kernel to approximate

the Gaussian  ltering kernel, and nine integral images are required to perform the non-uniform  ltering.

Bhatia et al. [12] proposed a very simple method known as stacked integral image for a fast computation

of non-uniform  ltering utilizing integral images. It approximates  ltering kernels using “stacking” of

uniform kernel  lters usually with the number of stacked uniform  lters N = 3 to 6. We will refer

to the “stack” as the “staircase function” in this paper. The advantage of this method is that only one

integral image has to be constructed (i.e. Equation 8 is determined once only) regardless of what the

kernel function is (compared to kernel integral method [37]that requires four for bilinear and nine for

Gaussian). The number of array references depends on the number of “stacks” which isN � 4 using

Equation 11.
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Fig. 3. (a) An Epanechnikov kernel. (b) Approximated EpanechnikovKernel usingN = 4 .

A larger N (number of stacked uniform  lters) approximates the kernel function more accurately,

with the tradeoff between the approximation accuracy and the computational cost. The accuracy of the

approximation also depends on the parameters of the staircase function, i.e. the widths, heights, and

weights. In order to optimize the parameters in the minimum mean square error (MMSE) sense, we

de ne the cost function:

C =
wfX

m=1

h fX

n=1

(K (m; n)  K̂ (m; n))2 (21)
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whereK (�; �) is the originalwf � hf kernel function,K̂ (�; �) is the staircase function that approximates

K (�; �). There is no indication on how to optimize the parameters in [12]. In this paper we describe a

method to optimize the parameters that utilizes a method that was developed in 1957 by Lloyd (and

1960 by Max) [38], [39] for quantizer design. We will also compare our optimized parameters (the

weights, widths, and heights of the staircase functionf ai ; wi ; hi gi =1 :::N ) and approximation errors to

those reported in [12].

Our proposed method is superior over other methods discussed above in several ways: 1) It is simple

and has lower computational cost (only one integral histogram is required and low precision requirement)

which is important for resource-limited systems, and 2) themethod works for any arbitrary kernel  lter.

Note that the parameters of the staircase are pre-determined for each kernel.

1) Parameters Optimization:In order to  nd the parameters of the staircase functionK̂ (�; �) that

minimize the cost function in Equation 21, let the mean squareerror (MSE) and the staircase function

as:

MSE =
1

wf � hf

wfX

m=1

h fX

n=1

(K (m; n)  K̂ (m; n))2 (22)

where

K̂ (m; n)
NX

i =1

ai [u(m; n)  u(m  wi ; n  hi )] (23)

andu(�; �) is the 2-dimensional step function.

A 1-dimensional case of this problem is illustrated in Figure4, it is the Epanechnikov kernel and

the staircase function that is used to approximate it. The shaded part represents the approximation error

which is the entity we want to minimize.

As noted above we view this kernel  lter approximation problem as a scalar quantization problem

in digital communication theory. We employ Lloyd’s algorithm which is an iterative method for scalar

quantization that minimizes mean square error. The method has two forms, one based on thepdf of the

signal, another one based on training data. For our application, since we already have the all the values of

the kernel functionK (�; �), we can use these values as the training data and use the latter form. Lloyd’s

algorithm using training data is described in Algorithm 1 shown below.

As stated previously, a largerN approximates the kernel function more accurately, Figure 5 below

shows the plots of the approximation error with increasingN using the Gaussian kernel and the Epanech-

nikov kernel.

December 29, 2010 DRAFT



17

Fig. 4. The shaded part represents the approximation error of the kernel function using a staircase function.
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Fig. 5. A plot of the approximation error with increasingN , the kernel function used to generate the plot is (a) Gaussian

kernel and (b) Epanechnikov kernel.

V. EXPERIMENTAL RESULTS

A. Object Detection

In our experiments, we use test sequences of indoor scenes under extreme sudden illumination changes,

and outdoor scenes under strong sunlight, waving tree leaves, walking pedestrians casting shadows, and

fast moving bicycles. These are considered the most challenging cases for foreground segmentation. The

sequences were recorded at a spatial resolution of 640� 480 pixels and 30 frames/s.

Figures 6 and 7 show the results of processing two sequences under extreme sudden illumination

change, using the shading model. They both have grayscale intensity changes of more than 100. The

sequence in Figure 7 is a very challenging test sequence. A person appears in the scene (as shown in
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Algorithm 1: The Lloyd’s Algorithm (using Training Data)

Given a training set of samples,T = f x0; x1; x2; : : : xkTk 1g, the number of quantization stepsM ;

1 Choose an initial code (a set of cluster centers)C = f x̂0; x̂1; x̂2; : : : x̂M  1g, set the iteration index

j = 1 andd0 = 1 ;

2 The samplex is quantized using the quantizerQ(�) by assigningx to the “closest” center;

Let the subset ofT that falls in theqth step be

Bq = f x 2 T : Q(x) = qg = f x 2 T : (x  x̂q)2 < (x  x̂k )2 8k 6= qgq=0 ;1;:::;M  1;

3 Find sample means (new set of cluster centers);

x̂q = 1
kBq k

X

x2 Bq

x for q = 0 ; 1; : : : ; M  1;

4 Find the MSE;

dj = 1
kTk

X

x2 T

(x  Q 1(Q(x))) 2 =
1

kTk

M  1X

q=1

X

x2 Bq

(x  x̂q)2 ;

5 if dj  1  dj

dj
< � then

stop iteration;

else

go back to step 2;

end

Figure 7b) but it is so dark that even human observers can barely notice the person. Both for GMM and

our proposed methodwithout the shading model fails and detects many false positives (almost the entire

frame). However, using our proposed method with the shadingmodel, the number of false negatives

decreases drastically.

We compared our method with the popular GMM method using a test sequence with sudden illumi-

nation change. The sequence is taken indoors with a person switching off some of the overhead lights.

The average grayscale intensity change in this case is moderate. It decreases from215 to 189, a change

of only 26 (compared to over100 in the previous two experiments). Figure 8 shows the results of the

comparison. GMM fails and detects many false positives (almost the entire frame) in this case. The

reason is that the pixels that have large changes in intensities are detected as foreground because they do

not match any background distribution in the Gaussian mixture. Using our proposed method, majority of

the foreground object is detected.
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(a) Background model . (b) Current frame.

(c) 2D Plots ofH . (d) Detection results.

Fig. 6. (a) Background model with average grayscale intensity = 156. (b) Current frame with average grayscale intensity =

55. (c) 2D Plots ofH . (d) The pixels detected as foreground are white.

1) Computational Cost and Speed Improvement:To  nd the speed improvements for Gaussianity

test using the integral moment implementation over the naive implementation, we use a test image of

512� 512, and determineH (x; y) for every pixel of the image using block sizes range from 17 to65.

The running time for both naive implementation and integral moments implementation, and the speed

improvements determined from both running time are recorded in Table I. The speed improvements are

also plotted in Figure 9 to visualize the trend of the running time as the block size increases.

B. Object Tracking

To consider the computational cost of the entire  ltering process, we will consider the number of

memory accesses, the cost of computing both Equation 8 for thecost to construct the integral histograms,

and the cost to determine the region sum and Equation 8. For simplicity, let the number of memory

accesses denoted byA c, the number of additions beA , and the number of multiplicationsM . The speed

improvements of our proposed method are also plotted in Figure 10 to visualize the trend of the running
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(a) Background model . (b) Current frame.

(c) 2D Plots ofH . (d) SM detection results.

Fig. 7. (a) Background model with average grayscale intensity = 157. (b) Current frame with average grayscale intensity =

32. Note that there is a person in front of the door. (c) 2D Plots ofH . (d) The pixels detected as foreground are white.

TABLE I

RUNNING TIME IN SECONDS

Block Size Naive Implementation Integral Moments Implementation Speed Improvement

17 � 17 9.464206 0.172412 55

33 � 33 29.345497 0.154037 191

49 � 49 47.419024 0.127780 371

65 � 65 86.129788 0.119752 719

time as the kernel  lter size increases. We use the same test image of512� 512, and perform Gaussian

kernel  ltering of  lter size 3� 3 to 512� 512on the image. The running time is recorded and plotted in

Figure 10. The computational complexity of the naive convolution, Hussenin’s method, and our method

is also shown in Table II. Note that since Hussien’s method iskernel-dependent, it is assumed that the

kernel is Gaussian for this table.
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(a) Background model . (b) Current frame.

(c) Our proposed method. (d) GMM.

Fig. 8. (a) Background model with average grayscale intensity = 215. (b) Current frame with average grayscale intensity =

189. Note that the intensity difference is only 26 in this case. (c) Our proposed method detect part of the foreground. (d) The

white areas are detected as foreground, GMM fails in this case.

TABLE II

COMPUTATIONAL COMPLEXITY ANALYSIS OF NON-UNIFORM FILTERING

Methods Total Cost

Naive Convolution W H [wf wh M + wf (wh  1)A ]

Construction ofii (x; y ) Region Sum Computation

Hussein 18W H (A + M ) 3W H A

Staircase 2W H A 3W H A N

C. Precision Arithmetic Requirement

One important requirement for computation of integral image and its extensions is the processor

requirement. It is particularly important because of the cumulative sum nature of the integral image repre-

sentation. The pixel values increase as the pixel coordinates increase. For example, consider a 8-bit image
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Fig. 9. A test image of512� 512 is used, and the running time improvements of theH (x; y ) computation for every pixel of

the image using block sizes range from 17 to 65 are plotted.
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(precision needed for the original framePi = 8 ), with a standard digital resolution720� 480, the precision

requiredPreq for the integral image computation islog2(W � H ) + Pi = log2(720 � 480) + 8 � 26:4.

A 32-bit processor is suf cient in this case using the staircase functions because only one integral

image is required. Unlike repeated integral method [15] with a nth order approximation that requires

Preq = n log2(W � H ) + Pi . Consider the third order integral image of the same image, repeated

integral requires3 log2(720� 480) + 8 � 63:2. It can barely be determined with the current 64-bit CPU

architectures, and it is impossible to be computed on a mobile device with the current CPU architectures.
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TABLE III

RUNNING TIME ANALYSIS OF NON-UNIFORM FILTERING

Kernel Size

Our Method Bhatia’s Method

55� 115 13� 25 7� 5 55� 115 13� 25 7� 5

w1 � h1 45� 94 11� 20 6� 4 55� 115 13� 25 7� 5

a1 0.0075 0.0126 0.0044 0.0234 0.0388 0.0399

2D
G

au
ss

ia
n

N
=

4

w2 � h2 38� 78 9� 17 5� 4 17� 33 7� 15 5� 1

a2 0.1959 0.3274 0.2450 0.4203 0.2904 0.4158

w3 � h3 34� 72 8� 15 5� 3 23� 79 5� 11 3� 3

a3 0.2848 0.3373 0.3911 0.2679 0.4632 0.3619

w4 � h4 31� 65 7� 14 4� 3 37� 47 9� 7 1� 3

a4 0.3298 0.2673 0.3595 0.2885 0.2076 0.1824

MAE 0.0186 0.0215 0.0618 0.0821 0.0694 0.2388

MSE 0.0021 0.0032 0.0176 0.0253 0.0135 0.1064

Even though the method can determine the third order integralimage with the current 64-bit CPU

architectures, some kernel functions even require in nite number of expansion terms. Another advantage

of using the staircase functions is that the image can be convolved using any arbitrary kernel  lters.

D. Quantitative Performance Comparison with Bhatia’s Method

Table III shows the quantitative results comparison to the results in Bhatia el at. [12], as well as the

optimized parameters (the weights, widths, and heights of the staircase functionf ai ; wi ; hi gi =1 :::N ). We

try to use the same experimental setup using the same kernel type which is Gaussian kernel, with the same

kernel  lter sizes,55� 115, 13� 25, and7� 5. UsingN = 4 , the table shows the optimized parameters

and the corresponding errors using our proposed method, andthe parameters and error reported in [12].

Note that the discrepancy of the weights is because we scale (sum to one as shown in Figure 3 in

[12]) the weights. However, we can not explain the discrepancy of the error without knowing how the

authors [12] determine the error (we determined both mean absolute error (MAE) and mean squared

error (MSE)). So for a fair comparison, we determine all errors (our method and Bhatia’s method) using

MSE (Equation 22) and MAE de ned below,

MAE =
1

wf � hf

wfX

m=1

h fX

n=1

kK (m; n)  K̂ (m; n)k
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Fig. 11. (a) A Gaussian kernel. (b) Approximated Gaussian Kernel using N = 4 , it’s widths, heights, and weights are determined

by Lloyd’s algorithm.
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Fig. 12. (a) A Epanechnikov kernel. (b) Approximated Gaussian Kernel usingN = 4 , it’s widths, heights, and weights are

determined by Lloyd’s algorithm.

VI. CONCLUSIONSAND FUTURE WORK

In this paper, we presented a novel method for fast moving object detection and tracking for lightweight

visual surveillance systems. We show that the proposed moving object detection, based on a new variation

of background subtraction, is robust to dynamic scenes suchas sudden illumination changes and presence

of relatively small scene clutter motion. The method also hasa very low computational cost. We also

show our proposed method for the construction of the object tracking appearance model used in our

object tracker has speed improvements of orders of magnitudes compared to traditional methods such as

convolution.

VII. A PPENDIX - GAUSSIANITY OF PIXEL INTENSITIES RATIO

Let the pixel intensities of a current frame and a background frame with Gaussian noise beai + X and

bi + Y respectively, where the camera noiseX � N (0; � x
2) andY � N (0; � y

2) are Gaussian distributed.
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The ratio of pixel intensities is:

ai + X
bi + Y

=
ai
bi

+ X
bi

1 + Y
bi

= (
ai

bi
+

X
bi

)(
1

1 + Y
bi

)

Let z be ai
bi

which is a constant according to the shading model. Assumingthe noise is smaller than the

intensities of the frame:

k
Y
bi

k < 1

then using the geometric series to expand the ratio of pixel intensities, and the higher order terms are

ignored:

(z +
X
bi

)(
1

1 + Y
bi

) = ( z +
X
bi

)[1  
Y
bi

+ (
Y
bi

)2 + : : :] = z +
X
bi

 
zY
bi

: : :

If the block bi is small, we can make the assumption that the pixel intensities within the blockbi is

constant, and sinceX andY are Gaussian, the ratio of pixel intensities is approximately Gaussian.
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