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Abstract

In this work we present a new method for attaining robust baclkground subtraction in
Indoor Environment with variable illumination conditions , re ecting surfaces, shadows,
ickering of light sources and monitors, sensor noise etc. &r the system to be adap-
tive and realtime, each pixel is modelled as a mixture of gausan(GMM). GMM based
background subtraction was able to recognize the foregrouhobject but the noise incor-
porated in the background subtraction results due to the ab@e mentioned factors, made
it a very di cult task to extract the foreground object. We wi |l also talk about few of
the other popular methods in background modelling which faled to give us good results
in varying illumination conditions. To get rid of this noise and improve the background
subtraction, we propose a new Short Memory Gradient(SMG) baed background sub-
traction method. We use the edge information obtained from te frame subtraction of
the present frame from the previously encountered frame andn approximately build
background frame. The edge information obtained from the alove is combined together
and is used to reconstruct a probable Region of Activity(RA). This probable region
is combined with the background subtraction result obtained from GMM to reject the
false positives and extract the actual foreground object. e reason for using frame
subtraction is to incorporate motion as a verifying feature alongside the color.

We also present a digital video recorder(DVR) system which aptures images from an
IP camera and stores them in a structured directory for a certin time period. The
system starts overwriting the previously stored data once he cycle of that time period
is completed. An Online Query Interface is developed for uss to easily browse through
the stored data. Queries are necessarily based on time inteals, where the user is pre-
sented with the frames recorded during that period of time. This process could become
tedious when the query time intervals are big and further mote irritating when there is
no activity happening during that time period. In those cases, the user is provided with
an option to switch on the activity bit which would provide the user with only those
frames where some foreground activity is registered in thecene.
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Chapter 1

Background Subtraction

1.1 Background Subtraction

Background subtraction is a computational vision process bextracting foreground ob-
jects in a particular scene. A foreground object can be desiyed as an object of attention
which helps in reducing the amount of data to be processed aseil as provide impor-
tant information to the task under consideration. Often, th e foreground object can be
thought of as a coherently moving object in a scene. We must ephasize the word
coherent here because if a person is walking in front of movinleaves, the person forms
the foreground object while leaves though having motion assciated with them are con-
sidered background due to its repetitive behavior. In some ases, distance of the moving
object also forms a basis for it to be considered a backgrouneb.g if in a scene one person
is close to the camera while there is a person far away in backgund, in this case the
nearby person is considered as foreground while the persoarfaway is ignored due to
its small size and the lack of information that it provides. ldentifying moving objects
from a video sequence is a fundamental and critical task in m@ay computer-vision ap-
plications. A common approach is to perform background subtaction, which identi es
moving objects from the portion of video frame that di ers fr om the background model.

Background subtraction is a class of techniques for segmeinty out objects of interest in
a scene for applications such as surveillance. There are myarthallenges in developing
a good background subtraction algorithm. First, it must be robust against changes in
illumination. Second, it should avoid detecting non-stationary background objects and
shadows cast by moving objects. A good background model shtshalso react quickly
to changes in background and adapt itself to accommodate cheges occurring in the
background such as moving of a stationary chair from one plae to another. It should
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also have a good foreground detection rate and the procesgjrtime for background sub-
traction should be real-time.

The purpose of our work is to obtain a real-time system which verks well in indoor
workspace kind of environment and is independent of cameralpcements, re ection, il-
lumination, shadows, opening of doors and other similar sawarios which lead to errors
in foreground extraction. The system should be robust to whaever it is presented with
in its eld of vision and should be able to cope with all the factors contributing to erro-

neous results.

Much work has been done towards obtaining the best possibledzkground model which
works in real time. Most primitive of these algorithms would be to use a static frame
without any foreground object as a base background model andise a simple thresh-
old based frame subtraction to obtain the foreground. This B not suited for real life
situations where normally there is a lot of movement through cluttered areas, objects
overlapping in the visual eld, shadows, lighting changes, e ects of moving elements
in the scene (e.g. swaying trees), slow-moving objects, andbjects being introduced
or removed from the scene. Chapter 2 contains the implement&éon of several of these
algorithms.

Stau er and Grimson [ 1] describe method which adaptively models each pixel as a mix
ture of gaussian. This method could deal with slow changes inllumination, repeated

motion from background clutter and long term scene changes.Section 2.1 deals with
the implementation of the this algorithm and the results obtained from it are displayed

in the Section 2.1.1. The results obtained from mixture of gaissian or gaussian mixture
model(GMM) method were very noisy as shown in the Figure 2.2. We consider this
algorithm to be our baseline for comparing improvements. Zvkovic [2] present how the
number of components can be selected on-line and to improvehé algorithm presented
in [1]. Kaewtrakulpong et al [3] present a method which improves the adaptive back-
ground mixture model(GMM) by re-investigating the update equations. Javed, Sha que
and Shah @] present a method which uses both color and gradient featureectors along
with GMM method to make the process of background subtraction more robust towards

sudden illumination changes. Section 2.3.1 is the implemeation of Javed et al [4] al-

gorithm and in the Section 2.3.2 we present the results obtaied from this method.

Zhang et al [B] present an approach which utilizes fuzzy integral to fuse lhe gradient and
color features for background model. Raja et al§] used the hue (H) and saturation (S)
of an HSI color space to obtain a limited level of intensity invariance in an indoor scene.
Ivanov [7] propose a fast background subtraction based upon disparytveri cation which
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is invariant to run-time changes in illumination. Lim and Mi ttal [ 8] do the analysis of
the method proposed by Ivanov [[] and suggest a better sensory placement con guration
which helps in reducing errors in the [/] and improves the results. Hanzi and Suter 9]
evaluate the performance of the GMM method ] and proposes certain modi cation is
color feature vector to help improve the performance of the iorithm. [10] and [11] do
an error analysis of statistical background modeling and ptel labeling, providing both
theoretical analysis and experimental validation.

Jwu-Sheng [L2] propose a new 3D cone-shape illumination model (CSIM) and ao-

bust background subtraction scheme involving shadow and lghlight removal for indoor

surveillance. This algorithm deals more speci cally with the indoor environment and
claims to do well in the varying illumination and sudden light changing conditions.

We implemented this algorithm, since it claim to deal with the sudden illumination

changes and shadows e ectively. Section 2.3 discusses thi#gorithm in detail. The

results showed that the classi cation of false positives ito shadows and illuminations
were granular in nature. Due to that, we could not take any corcrete decision to reject
those pixels from the background subtraction frame. 13], [14] also concentrate on de-
tecting the foreground object in varying lighting and shadow removal. Bascle et al 5]

present a new approach for automatic image color correctionbased on statistical learn-
ing. Yokoyama et al [16] describe an approach for the detection and tracking of movwig

objects using lines computed by a gradient-based optical @ and an edge detector.

In our work, we present a system that addresses some of thesagblems in indoor

@

Figure 1.1: Camera(D-Link DCS-G900) used during the course of this work
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environment by considering traditional GMM based background[1] subtraction clubbed
together with Short Memory Gradient(SMG) based frame subtraction method. Mixture
of gaussian algorithm have been proved to be a very succestfone in outdoor scene
but in indoor scene where the illumination changes are very dastic and very frequent,
this algorithm gives a lot of noise or false positives along Wth foreground object after
the background subtraction process. To reduce these falseogitives and to extract the
foreground object correctly, we propose a method which usethe short term history of
the present frame along with gradient based frame subtractin to correctly locate the
Region of Activity(RA) in the present frame. We discuss this method in Chapter 3 along

with the examples of how this is able to handle sudden illumimtion changes in indoor
scenes.

We also present a Digital Video Recorder(DVR) system which fores the data recorded
from the IP camera(gure 1.1) in a certain directory structu re and Online Query In-
terface where the user can browse the stored data of the pastUser query consist of
a time interval which the user wants to view along with certain options. The user can
also choose the option to view only those frames where theres isome sort of activity or

presence of foreground object in a certain time interval. Wediscuss this in more detail
in Chapter 4.



Chapter 2

Experiments in Indoor
Survelllance

In this chapter we present our experiments with some of the eisting algorithms for
background subtraction. Results of these experiments wer@ot that good but the ex-
perience and the knowledge acquired while working on theselgorithms did help us in
proposing our own algorithm, i.e Short Memory Gradient basel background subtraction
method which is described in the next chapter. In the followng sections, we discuss
some of these algorithms and the background subtraction radts obtained from these
algorithms.

2.1 Mixture of Gaussian Model

A common method for real-time segmentation of moving regios in image sequences
involves building a statistical model of the scene and an intuding object or foreground
can be detected by checking the parts of the image that doesn't the statistical model.
Thats the basic idea of background subtraction. In our work we be using the back-
ground model suggested by Stau er et al. 1] where each pixel is modelled as a mixture
of gaussian and an online approximation to update the modelln this work[ 1], the values
of a particular pixel is modelled as a mixture of gaussians rdner than modelling it as
one particular type of distribution. Based on the persisterce and the variance of each
gaussian of the mixture, it is determined which gaussian mayorrespond to background
colors. Pixel values that do not t the background distribut ions are considered fore-
ground. The online update process of this methodl] is described below.
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Consider a pixel, fXp; Yog at any time t with its history fXq;Xo;::::X¢g where X; = f
RGB value at (xo;Yo) attimei: 1 i tg A mixture of K gaussian distribution is used
to model the recent history of each pixel,f X 1; X2;::::X{g. The probability of observing
the current pixel value is

P(Xt) = X Wit (Xeo ity it) (2.1)

i=1
where K is the number of distributions and is usually chosen letween 3 to 5,w;; is
an estimate of the weight of thei" gaussian in the mixture at time t, i is the mean
value of the i gaussian in the mixture at time t, iy is the covariance matrix of the i
gaussian in the mixture at time t, and where is a gaussian probability density function

(Xt 5 )= exp z 0T 040 (2.2)

@) ) |2
The co-variance matrix is a 3X3 matrix and is a diagonal matrix because R, G, B values
are assumed to be independent.

ke = 2 (2.3)

A new pixel value will, in general, be represented by one of th major components of
the mixture model and is used to update the model. A match is dened as a pixel value
within 2.5 standard deviations of a distribution. If none of the K distributions match
the current pixel value, the least probable distribution is replaced with a distribution
with the current value as its mean value, an initially high variance, and low prior weight.
The prior weights of the K distributions at time t, wy., are adjusted as follows

Wie = (1 Wit 1+ (M) (2.4)

where is the learning rate and M. is 1 for the model which matched and O for the
remaining models. 1/ de nes the time constant which determines the speed at which
the distributions parameters change.

The and parameters for unmatched distributions remain the same. The parameters
of the distribution which matches the new observation are uplated as follows

t=(1 ) t 1+t (Xy) (2.5)

=@ ).+ KXo "¢ o) (2.6)
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where

= (2.7)

2.1.1 The Results of Gaussian Mixture Model

The results we obtained from this algorithm on our data had vay high false positives
and some false negatives. The foreground object was gettinggistered but large number
of false positives made it very di cult to extract the foregr ound object. Morphological
operations such as erosion and dilation also failed to helpaiin reducing the false posi-
tives. Even when there are no foreground object in the sceneghe false positives that we
got in resultant background subtraction frame after GMM based classi cation process
were very high. If we look at the Figure (2.1a) there is no forground object in the
scene under consideration but the corresponding backgrouhsubtraction image Figure
(2.2a) shows a lot of background being classi ed as foregrand. Further, if we look at
the next ves gures i.e 2.1(b), 2.1(c), 2.1(d), 2.1(e), 2.1(f), show foreground objects
present in the scene and corresponding background subtraicin images i.e Figure 2.2(b),
2.2(c), 2.2(d), 2.2(e), 2.2(f) show the foreground objectdut the number of pixels which
are falsely classi ed as foreground does not seem to reducéntroduction of foreground
objects in a brightly illuminated scene also lead to lots of poblems due to the shadows
they cast, their re ection on the glasses and monitors and ao sometimes changes the
intensity of the light in that area which leads to lot of these errors. We also experienced
sudden and drastic changes in images obtained after backguod subtraction which cor-
respond to the huge change in illumination factors for the resons like ickering of light
source or opening of a door in the scene under consideratiorif we look at the Figure
2.2(d) and 2.2(e) we notice a sudden change in the backgrounslubtraction images due
to illumination changes. The number of false positives encantered using GMM based
background modelling technique in an indoor environment wee unexpectedly very high
though the same method has given very good results in outdooscenes.
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(e) frame-4334 (f) frame-4335

Figure 2.1: Original Data from a Highly Illuminated Indoor scene
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(e) bakSub-4334 (f) bakSub-4335

Figure 2.2: Background subtraction results obtained from baseline GMM based
method(Stau er-Grimson)
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2.2 Parameter Optimization for Mixture of Gaussian method

Initially we felt that the noise or the false positives in the background subtraction ob-

tained from GMM method maybe due to inappropriate selectionof parameters involved
in that algorithm. Since the GMM method has worked very well in outdoor scenes, we
felt that if the parameters are ned tuned, the method could handle the errors and help
us in reducing the number of false positives. We next outlineour experiment to obtain

the optimal set of parameters for GMM method using a hand-lakelled set of ground
truth images.

Genetic algorithms are a particular class of evolutionary dgorithms (EA) that use tech-
niques inspired by evolutionary biology such as inheritane, mutation, selection, and
crossover 17]. Genetic algorithms are implemented in a computer simulaton in which
a population of abstract representations (usually calledchromosomesor the genotypeof
the genome) of candidate solutions (calledndividuals, creatures or phenotype$ to an
optimization problem evolves toward better solutions. The evolution usually starts from
a population of randomly generated individuals and happensin generations. In each
generation, the tness of every individual in the population is evaluated, multiple indi-
viduals are stochastically selected from the current popudtion (based on their tness),
and modi ed (recombined and possibly randomly mutated) to form a new population.
The new population is then used in the next iteration of the algorithm. Commonly, the
algorithm terminates when either a maximum number of generéions has been produced,
or a satisfactory tness or improvement level has been reaohd for the population. If
the algorithm has terminated due to a maximum number of geneations, a satisfactory
solution may or may not have been reached.

For the purpose of our work, we would like thank KANGAL(Kanpu r Genetic Algorithms
Laboratory) for making the genetic algorithms code(Singleobjective GA code) available.
Now the parameters under consideration are :

Number of Clusters

Initial Variance

Cluster Membership Threshold

Learning Rate

Vote Threshold

Minimum Blob Size
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Next stage is to choose a function which the GA will take it as a objective function
and based on your criteria try to minimize or maximize the value of that function. The
objective function for our work is:

FP + FN

ObjectiveF unctionf (x) = TP+ EN

(2.8)

We create a small data set of about 125 images and we manually arnk the foreground
objects for this data set. So we have the results of what shodl be the actual output
obtained after the background subtraction and the output from the GMM based back-
ground subtraction. Using these two information, we calcuhte the function f(x) and pass
it on to GA for optimization. GA parameters were as follows

Maximum generation number (100) = 6

Population size (usually 10*number of variables) = 60

0

Number of real-coded variables (n) = 6

Next n entries with lower and upper bounds of each variable (00 10.0)

Are these bounds must be followed (y/n) =y

If niching in constraint handling is desired (y/n) = n

If report.out le with population record is to be printed (y/ n) =y

How many runs (1) = 1

Crossover probability [0.6-1.0] = 0.9

Mutation probability (1/n) = 1/6

SBX and polynomial mutation parameters [2 100] = 2 100

Seed for the random number generator (0.0-1.0) = 0.123

The lower and upper bounds for the variables mentioned abovevere as follows :

Number of Clusters = [3 - 8]
Initial Variance = [2 - 8]
Cluster Membership Threshold = [1 - 9]

Learning Rate = [0 - 1]
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Vote Threshold = [0 - 1]

Minimum Blob Size = [1 - 100]

The data set under consideration had 125 images. The total nmber of runs would
have been 760 = 420. f(x) is an objective function which we need to minimize because
FP+FN represents the incorrect classi cations while TP+FN represents the actual ob-
ject. So basically, we need to minimize FP+FN while maximizing TP+FN, i.e the
number of pixels that are correctly classi ed. The results that we obtained on the given
data set are as follows.

Generation Number Lowest Error Average Error Worst Error

0 0.969489 28.349531 39.452260
1 0.969159 20.721453 39.452260
2 0.956751 12.327669 39.452260
3 0.957614 4.759858 39.452260
4 0.958159 1.058193 3.568634
5 0.958606 0.988737 1.138230
6 0.955072 0.974490 1.031176

The results that we obtained from the above exercise were nothe best as per the
expectations. The average error value of the objective furtion f(x) ( 2.8) after the zero™
generation is 28.35 with the lowest error being 0.97 and wotsrror being 39.45. For the
next generation there is a slight improvement in the lowest eror but not a considerable
change. Average error for this run improves and comes down t@0.72 which is quite an
improvement over the previous one. We can see the GA is impramg the error of the
objective function after each generation run but the one fator in which we are most
interested in is the minimum error which is not improving at t he best of rates. So looking
at the above table, after six generations the lowest error vlue of the objective function
comes down to 0.95 with average error equals to 0.97.

SofLEXEN 1 which gives us FP + FN TP + FN which in turn implies, the number
of false positives approximately equal the number of true peitives. So for every correct
classi cation of the foreground pixel we are getting a backgound pixel being falsely
classi ed as a foreground. This result .9) was quite unexpected and showed us that
we need to incorporate some other module to reduce the errorthat we were getting in

the background subtraction using GMM based algorithm.

FP TP (2.9)
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(d) frame-2123 (e) frame-2124 (f) frame-2125

"

(9) groundtruth-2120 (h) groundtruth-2121 (i) groundtruth-2122

() groundtruth-2123 (k) groundtruth-2124 () groundtruth-2125

Figure 2.3: Input data and its corresponding manually marked ground truth images
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(a) bakSub-2120 (b) bakSub-2120

(c) bakSub-2120 (d) bakSub-2120

(e) bakSub-2120 (f) bakSub-2120

Figure 2.4: Background subtraction using the variable values correspoding to the
minimum error
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2.3 Gradient based Background Modelling

2.3.1 Introduction

The previous sections gave us a preview of the problems anddonsistencies in results
that we were facing. Genetic Algorithm experiment con rmed that GMM method alone
won't be able to handle the bright illuminated scenes. Thus ve switched our attention
towards background subtraction algorithms which were moretolerant towards illumina-
tion variation.

Gradient is considered as an important feature in backgroud subtraction methods while
dealing with sudden and variable illumination changes. Thelack of gradient informa-
tion associated with illumination helps in rejecting the regions a ected by illumination
changes. A lot of work has been done in the eld of achieving terance towards illumina-
tion variations. We review some of these works in the next samn. We also implement
the gradient based background subtraction algorithm propsed by Javed et alff] in the
Section 2.3.2

Lim et al. [8] talk about how the use of multiple cameras along with the utiization
of geometric information leads to better handling of shadowg, specularity and illumi-
nation changes. The result of stereo matching can be used asfaature for detection,
and Ivanov et al. [7] show that the detection process can be made much faster by a
simple subtraction of the intensities observed at stereo-gnerated conjugate pairs in the
two views. Ivanov et al. [7] assume the scene is Lambertian and that the images have
been color calibrated, the intensities for both pixels of a onjugate pair will change in
the same way if they both view the background (which may becore shadowed or illumi-
nated di erently), but di erently if only one of them is the i mage of a foreground object.
Segmentation is performed by checking color intensity vales at corresponding pixels, if
the values match and the background disparity is validated,the pixel in the key image
is assumed to belong to the background. Otherwise, it is labled as foreground object.

Because the basis of comparison is background disparity warbetween two images taken
at the same time, illumination or re ectance can vary without signi cantly a ecting the
results. The complete method consists of the three stages afomputing - the o ine
disparity maps, verifying matching background intensities, and eliminating occlusion
shadows. But the algorithm inherently su ers from both missed and false detections
(occlusion shadows) generated by homogeneous foregroundbjects which [g] tries to
analyze and o ers a solution in terms of placement of the cameas. Using a two-camera
con guration, in which the cameras are vertically aligned w.r.t. a dominant ground
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plane i.e. the baseline is orthogonal to the plane on which fi@ground objects will ap-
pear. This con guration provides an initial foreground det ection free of false detections.
By sampling a small number of pixels from this initial foreground detection and gener-
ating stereo matches for them, 8] show that the missed detections can then be reduced.
But both these works couldn't be used in our case due to the rddction imposed in
terms of speci ¢ con guration of sensory placement.

Javed et al. [] present a background subtraction method that uses both car and

gradient information as features to make the background sutraction process more ro-
bust towards the changes that occur suddenly and drasticajl a ect the scene under

consideration. The algorithm consists of three distinct levels of processing i.e pixel level,
region level and frame level. At the pixel level, statisticd models of gradients and color
are separately used to classify each pixel as belonging to bleground or foreground. In

region level, foreground pixels obtained from the color basd subtraction are grouped
into regions and gradient based subtraction is then used to rake inferences about the
validity of these regions. Finally frame level analysis is grformed to detect global illu-

mination changes.

This e ort of combining the gradient as a feature with color or intensity values of the
pixel makes sense because gradients of image are relativédgs sensitive to changes in il-
lumination. For the color based subtraction, mixture of gaussian method [] is used with
a slight variation by putting in a threshold on weight component of individual gaussians
rather than their sum. Any distribution with the weight grea ter than a threshold, Ty, ,
is incorporated in the set of distributions belonging to bakground.

2.3.2 Gradient based Background Subtraction method

Next we discuss the statistical model based on gradient at ezn pixel described by the
Javed 4. = m; 4] is used as a feature vectar for gradient based background

di erencing, where |, is the gradient magnitude i.e. f2+ fy2 and 4 is the gradient
direction i.e. tan 1(]f—i). The gradient values are calculated for the grayscale imag. The

distribution of gradient to model the gradient of backgrou nd intensities, is computed
in the following way.

For a given pixel xj; at time t, where x{; = [R,G,B] and let the highest weighted
gaussian distribution, say ky, distribution models it. The grayscale value of this pixel
is computed asgit;j = R + G + B . Assuming the color independence between the
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di erent channels, git;j will be distributed as

2
g NCH:CE) (2.10)
where
— tkiR tk;G tkB .
|t,] = m i;j + m iij + mi;j ’ (211)
2 ‘KR |2 kG2 R 2
()= 2057+ 2097+ 205°) (2.12)

fxis denedasfx = gf,;; ¢ andfy =g}, d. Assuming the independence of
the grayscale levels at each pixel, its concluded that

fo NCro( ) (2.13)
fy NCri( ) (2.14)
where
TR (2.15)
S objer o (2.16)
(102=( )+ 5)° (2.17)
()= )+ ()2 (2.18)

Note that the grayscale value are assumed to be independentdm each other, f, and
fy are not independent. The covariance is given by,

COV(fX;fY) = Cov(git+l i git;j ;git;j +1 git;j )
_ t .oty tky2
= Cov(g; ;i) =( ij) (2.19)

]

Knowing the distribution of fy and fy, and using the standard distribution transforma-
tion method[18], we determine the distribution of feature vector [ ; 4]

F(Omi )= B exp( ) (2.20)

z
2 1,1 1 2 21 2

m Sin ¢

fy )2

2 .
7 :( mCOS ¢ fx) 2 ( mCOSfXd fo)( m Slnfyd fx)+( -
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(a) frame-4331 (b) frame-4332

Figure 2.5: Gradient based background subtraction using the data showrin Figure
2.1

2.3.3 Results from Gradient based background subtraction

The basic idea of this work was to get the prominent foregroun object using the mixture
of gaussian method and use the information from gradient basd background model to
reject the regions of the background a ected by the illumination change. GMM method
is very susceptible to the illumination changes. So those @mnges are discarded based
upon the information passed from the gradient based backgnend subtraction. The
results obtained from the above method dint give us the much gpected output. It
was recording some edge information but most of those were atic. We checked our
implementation throughly but the algorithm results could n ot be improved. The edges
corresponding to the moving objects were not present to makeny inference regarding
the foreground or illumination presence and utilize it for further processing along with
GMM background subtraction image.
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2.4 Cone Shaped lllumination Model for lllumination and
Shadow Removal

2.4.1 Introduction

After Javed et al[4] method dint yield the expected results, we came across verinter-
esting work which claimed to provide robust background subtaction in indoor scenes
along with Shadow and Highlight classi cation and removal. Jwu-Sheng et al [L2] work
describes a method which uses mixture of gaussians to constt a color based prob-
abilistic background model which contains a short term cole based model(STCBM)
and a long term color based model(LTCBM). STCBM and LTCBM are than in turn
used to create a Gradient based background model similar to aved et ald]. Once the
color based model and gradient based model are created, audts present a 3D cone-
shaped illumination model(CSIM) which clubbed together with background subtraction
scheme leads to the removal of shadow and illumination in thescene under consideration.

LTCBM is created in a similar fashion described by Stau er et al[1] which has been
presented in the earlier sections. Unlike LTCBM, STCBM is dened to record changes
occurring in the background over a short time interval B. First of all, the gaussian dis-
tribution in which this pixel falls in computed using the LTC BM. Given a pixel value

the LTCBM. The histogram of CG is than computed and a threshold B1 is placed on
it. This threshold B1 is used to determine the short term tendencies of the background
changes. If the value ofH g (k) exceeds 0.8, k is used as the representative background
component in the STCBM, otherwise STCBM doesnt provide no futher information.

Further, Javed et. al[4] method of combining color and gradient information to solve the
problem of rapid intensity changes is utilized in this work as well with a slight variation
from the original method. Originally Javed et al[4] used the ky, gaussian component
of LTCBM to obtain the gradient information where the ky, gaussian component is the
highest weighted gaussian distribution. But Jwu-Sheng et &4[12] argue that this way of
choosing the gaussian component leads to the loss of shortrte tendencies of the back-
ground changes since when a new gaussian distribution is add into the background
model, it is not selected owing to its low weighting value. Casequently the accuracy
of the gradient based model is reduced. In order to solve thiproblem, authors suggest
using both STCBM and LTCBM to select the value of k. When STCBM can provide
a representative background component (say theks th bin in STCBM), k is set to ks
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(a) CSIM in the RGB color space. (b) 2D projection of the 3D cone
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Figure 2.6:

rather than the highest weighted gaussian distribution. The gradient-based background
model(Javed et all]) is already been described in the previous section.

2.4.2 3D Cone Shaped Illumination Model

Jwu-Sheng et. al L2] present a 3D cone-shaped illumination model(CSIM) to tacke
the problems induced due to shadows and sudden illuminatiorvariations. In the RGB
space, a gaussian distribution in the LTCBM becomes an ellipoid whose center is the
mean of the gaussian component, and the length of each pringie axis equals 2.5 stan-
dard deviations of the gaussian component. A new pixel | (R, G B) is considered to
belong to background if it is located inside the ellipsoid. The chromaticities of the pixels
located outside the ellipsoid but inside the cone (formed bythe ellipsoid and the origin)
resemble the chromaticity of the background. The brightnes di erence is then applied
to classify the pixel as either highlight or shadow. Figure 2.6(a) shows the proposed 3D
based cone model in RGB space.

Since the standard deviations of the R, G and B color axes are icerent, it is dif-
cult to classify the pixel using the angles in the 3D space. Therefore, the 3D cone is
projected onto the 2D space to classify a pixel using the slopand the point of tangency.
Figure. 2.6(b) illustrates the projection onto the R-G space where a = 2.5* g and b
= 2.5* g form the major and minor axis. The center of the ellipse is (r; ) and the
equation of the ellipse would look like

(R R, (G o)

ot =1 (2.21)
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If the equation of the tangent is assumed to be G =mR and solving the (2.21) gives us:

q
2roc) (@ 3 42Rr )PP 2)

22  2)

Mio =

(2.22)

A matching result set is given by F, = fyi;i =1;2;3 wherefy, is the matching result of
a speci c 2D space. Now given background mean vector E = [r; ¢; g] and current
pixel | = IRr;lg;lg which is projected on to a 2D spaces of R-G, G-B and B-R, is
considered as a background if slope of the projected pixelds betweenms., and if it lies
within ellipse. There is further classi cation of pixel int o illumination and shadow for
which the thresholds |ow; nhigh and the brightness distortion 1 are computed.

8
% Shadow; Fb=3: ow < b< 1
C(i) = §Highlight; Fb=3:1< b< high; (2.23)
" Foreground; otherwise
where
b = Kl kcoqj arctan(qL arctan(q%))j):kEk (2.24)
R B R B
and
a 2 2 2
highjlow = 1 (N R)*+(Ng ) +(Ng B)7icos L (2.25)
where
=jeg sj=jarctan(g—=-——) arctan(g—>-)j:L = g !
24 2 24 2 24 24 2
R B R B R G B
(2.26)

2.4.3 Results from the CSIM based approach

The results presented by Jwu-Sheng et al12] were pretty good. The data on which
these results were presented, was very similar to the indooenvironment data we are
working with. The result we obtained from this work are presented in Figure 2.7 below.
Our results were very unconvincing in terms of classi cation of false positives into illu-
mination and shadows which was the main purpose the work. We lao found the work
to be little ambiguous in terms of description. e.g if we congler, the roots my., were
not satisfying the equation of the ellipse presented and it s not described how they
achieved that result. For the projection in R-G space, if Xg; Yo are the points on the
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ellipse, solving the equation we obtained thexg;yo as below:

¥ ( 6 @ sat(c o at (@ Z+P ) (@ 3.

yO:( G)+ (a2 é+b2 2R)
(2.27)
Xo= R +(i) (& © Yo o) (2.28)
(& R)
Hence themj; m> came out to be
M1z = tan *(yo=xo) (2.29)

The output result as shown in Figure 2.7, gives us a granular gstribution of illumination
and shadow pixels along with actual background subtractionobtained from the color
based model. Green color shows the regions which are classd as highlights. Red col-
ored regions are shadows. Given the present state of output@vcannot take any concrete
decision regarding the illumination and shadow regions. Ithe region of illumination and
shadow had been more compact in terms of their shape to be calll a blob or a connected
region, this method would have helped us a lot in terms of acldving the nal goal of
illumination invariant background subtraction.
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(e) CSIM-4334 (f) CSIM-4335

Figure 2.7: Result from the CSIM method using the data set presented in Fgure 2.1



Chapter 3

Short Memory Gradient(SMG)
based background subtraction

3.1 Short Memory Gradient(SMG) based background sub-
traction

In the previous sections, we worked on several methods whiathealt with sudden illumi-
nation changes in di erent scenarios. Though the results okained were not that good
still these methods gave us an idea of how this problem of suash illumination can be
handled. The results obtained from the background subtracion using the mixture of
gaussian method were erroneous but the foreground object skrved in the scene was
still being registered with lot of false positives or noise grrounding it.

The main task on our hands was to isolate this foreground objet from the false posi-
tives and extract it. The gradient based methods introducedthe idea of extracting the
boundaries of the foreground object since they are very proiment for a foreground ob-
jects. The illumination changes occuring due to lighting ofa bulb or opening of a door
etc do not have such boundaries as these changes fade away dpally from its source.
The workspace under consideration in our case had lot of edgeand most of the above
methods failed to acquire the edge information of the foregound object present in the
scene and mostly captured the edge information of the statimbjects.

The main purpose of this process is to capture edges of the mimg target and uti-
lize this information to get rid of sudden illumination changes. The indoor scenes are
less dynamic in terms of constant background changes and wetilize that fact in our
guest to make the background subtraction much more e cient in variable lighting. The

24
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mixture of gaussian method(GMM) is used to statistically model the scene but back-
ground subtraction obtained from this process captures a Ibof noise induced due to
light source ickers getting captured by camera, sudden ilumination changes occuring
due to lighting getting switched on/o, opening of doors also lead to huge change in
illumination in the scene, movement of people in the scene ab cast shadows, monitor
ickers, re ections etc. We propose a new method of tackling these problem using a
small time window B 1, immediate frame subtraction and image gradient.

Given a scene, rst of all the grayscaled static backgroundSB) image is registered.
From than on, for every new framel; at time t - the change occurred is recorded in a
change detectiorfCD) image which equals the frame subtraction of (SB -1;). SB is a
vector image with three elds - grayscale pixel value, changd detection bit(CDB) and
history counter(HC). For any pixel x,y of CD

8

CD(x:y) <255 ifjCD(x;y)j > threshold cp and setCDB = 1;reduce HC by some factor
X\y)= .
"0 else otherwise, and HC++

(3.1)
when HC reaches its threshold yc, the value of SB(x,y) is replaced by the current
pixel value, i.e grayscale value of ((x;y) . History counter helps in updating the static
background image, i.e SB.

The frame subtraction of (I - ¢ 1 ) gives us the immediate changesoccured in this
small time interval and let this resultant image be called IC. This frame subtraction
helps in negating the illumination e ects as well as recordng the movement of the fore-
ground object during this interval. This step helps us in rejecting the short term changes
appearing in the scene and a ecting the background subtradbn results.

Now, given the images CD and IC, gradient of these two imagesra computed. For
computing the gradient, we use a 3X3 Sobel Operator. Using tese two gradient im-
ages, we obtain the cue regarding the area of attention i.e,lte portion of image that
is more probable of having the foreground object. This cue isiot complete in terms of
information it provides about the region of activity but it i s su cient enough to help
us extract the foreground object from the noisy background sbtraction result obtained
from GMM method. The basic idea here is to extract the slightest of hint or clue, re-
garding the region of activity without being a ected by the n oise due to illumination
and other contributing factors. Once we have the resultant gadient images of CD and
IC, we compute the Region of Activity(RA) image which is basically the AND operation
over the two gradient images. Now, the RA image is a small cluevhich when clubbed
together with the background subtraction image received fom GMM method, yield us
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the correct foreground object with minimal errors or noise @ false positives in the output
binary images. We will discuss the method of how RA image and ackground image of
GMM method are clubbed together a little later.

First, let us describe the CD and IC images in a little detail. The CD image is the
result of (SB - |¢), which basically gives us the foreground object along withall the
errors induced to illumination, re ection and all the other factors. Now the IC image
which is basically the frame subtraction of (; - I; 1) records the movement of the object
from time t-1 to time t while rejecting most of the changes that are induced due to tke
factors other than objects motion. Now the intersection of these two images gives us the

abrupt region of activity.

high

Static Object

GMM Image

low

low high

RA image

@

Figure 3.1: Pictorial representation of cases involving RA and GMM images

The problem arises when there is minimal movement of the forground object, i.e it
comes into picture and becomes static or has the least of the avement. So the GMM
model is recording this object as a foreground but RA image ig't providing us any in-
formation since (I; |; 1) will be empty. In that case, we propose to maintain a bu er
image of RA encountered at timet-1 and keep track of the pixels that were foreground
at time t-1. If there is a huge loss in the number of foreground pixel, itsgives us a
clue of the situation being that the object has become staticor has the least movement.
So we pass the previous bu ered RA image to be clubbed togethewith background
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subtraction image from GMM method. Figure 3.1 explains the @ses we can encounter.
If RA has a high region of activity and background subtraction from GMM has a high
foreground presence, implies there is high probability of dreground activity. Second
case when GMM background frame has high foreground pixels wie RA image has low
activity pixels, implies presence of static foreground obg¢ct(not necessarily but mostly)
in which case the bu ered RA image is used for foreground extaction. If both GMM
background frame and RA image has low pixels presence, im@sé the scene does not
have any foreground activity at present. Fourth case of RA haing high activity pixels
and GMM having low foreground pixels, implies the object hasleft the scene. This
occurs because there is a sudden drop in foreground pixels @$MG model assumes the
object has gone static, so the bu ered RA image kicks in. Evenif RA is high, GMM
background image is not providing it any foreground object hnformation because it has
left. The SMG model utilizes the fact that, even if GMM based background subtraction
frame has lots of false positives, the detection of foregrowd object is also very strong.

In the nal step of the process, we discuss the collaborationof RA image and the
background subtraction image from GMM method to give the improved background
subtraction. Given the pixel (x,y) of the background subtraction image(Bgmm) ob-
tained from GMM method, the 8-connected neighborhood of tha pixel is computed.
Similarly the 8-connected neighborhood of RA is also compued for a given pixel (x,y).
Further, the neighborhood of (x,y) is shown in the below matrix. Neighborhood of (x,y)
in Bgmm and RA are represented adNgmm (X,y) and Ny (X,y) and let their threshold be
Tgmm and Ty, respectively. The bit registering the sudden drop in the foeground pixels
is called the dropbit(DP).

2 3
1 2 3
§4 X,y Sé
6 7 8

The above matrix shows the neighbors of pixel (x,y).
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for x in range(1 imgHeight-2):
for y in range(1 imgWidth-2):
If(Ngmm (X,y)  Tgmm & Nra(X,y) Tra & DP !=1)
Output(x,y) = 255;
RA[5,6,7,8] = 255;
else:
if(DP=1)
Repeat Above using Bu ered RA;
else
Output(x,y) = 0;
end
end

Basically when we encounter an edge pixel in RA and there is atong neighborhood
evidence in theBgmm image, we call that to be a foreground. Further we predict tha
the future pixels of RA i.e, RA[5,6,7,8] to be foreground as wll. These pixels are veri ed
with the Tgmm threshold value when the iteration reaches that pixel. In smple language,
we are basically lling up the region of activity based on the edge information of RA
and background information from Bgmm. The results obtained from this show massive
improvement over the previously discussed methods. They a& displayed and discussed
in the upcoming section.

3.1.1 Results obtained from the SMG method

We nd considerable improvement combining background subtaction with gradient
based activity detection method. The results re ect the bene ts of having a slow adapt-
ing background model along with a fast and strictly motion based region of activity
generator. GMM based background subtraction image incorpmates a lots of errors in-
duced due to many factors varying to switching on/o of light sources to noise presence
in the frame due to highly illuminated scene capture by the sasor. The GMM based
model adapts slowly to the changes occuring to the backgrowh So when a light is
switched on/o, the region aected by this change gets class ed as foreground. But
the fast SMG model rejects that region of change immediatelyunless that light source
is repetitive in natural or has motion associated with it. Since SMG is a pure motion
based region of attention predictor so when the motion is mimmal, it switches to bu ered
region of activity image for help. SMG based model doesnt a et the adaptive nature of
the GMM. Its a tool to get rid of the unnecessary errors incorporated in the background
subtraction results from the GMM method.
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The results presented in the Figure 3.3, show the foregroundbjects with very low
granular noise compared to previously mentioned algorithns. The foreground objects
are registered or detected as blobs and the number of false pitives has decreased sig-
ni cantly. Figure 3.2, shows the region of activity or RA ima ges corresponding to each
of the output image obtained in Figure 3.3. As we can see, regn of activity images
do not provide us the complete information about the activity region but its su cient
enough to extract the foreground belonging to that portion of the image. Figure 3.4
shows the implementation of above method on the data used intte Genetic Algorithm
section and the results obtained over this set of data are ats very good. In the Figure
3.5, we have a foreground object in a highly illuminated scea. The foreground object
switches o the light in the frame-1714, and we can see the a et of it in the very next
output frame 1715, but the SMG method helps it recover quick @ough as can be seen
in the output frame 1716. Figure 3.5 further elaborates the &tend of usefulness of the
SMG module. As we can see due to fast adaptive nature of the SM@&odule, it rejects
the regions a ected by illumination which are classi ed as foreground. As described by
Jwu-Sheng [L2] we need a long term model which is the GMM based background nuel
because of its adaptive nature but along with it we need a shdrterm model which takes
care of short term tendencies of the scene, which is the proped SMG model.
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(a) prop-4200 (b) prop-4331

(c) prop-4332 (d) prop-4333

(e) prop-4334 (f) prop-4335

Figure 3.2: Region of Activity frames for data used in Figure 2.1
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-

(a) prop-4200 (b) prop-4331

(c) prop-4332 (d) prop-4333

(e) prop-4334 (f) prop-4335

(g) bakSub-4333 using baseline GMM (h) bakSub-4334 using baseline GMM

Figure 3.3: Results of background subtraction for frames in Figure 2.1 ging the
proposed SMG method. Comparing gure (d) and (e) with (g) and (h), we can see vast
improvement in reducing false positives.
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=% =%

() GA-2120 (b) GA-2121

(c) GA-2122 (d) GA-2123

(e) GA-2124 (f) GA-2125

Figure 3.4: Background subtraction obtained from the SMG method using the Ge-
netic Algorithm section data
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(a) frame-1670 (b) bakSub-1670 (c) frame-1675 (d) bakSub-1675
(e) frame-1680 (f) bakSub-1680 (g) frame-1685 (h) bakSub-1685
(i) frame-1690 () bakSub-1690 (k) frame-1695 () bakSub-1695

&

(p) bakSub-1705

(m) frame-1700 (n) bakSub-1700

d

(r) bakSub-1710 (s) frame-1714 (t) bakSub-1714

(u) frame-1715 (v) bakSub-1715 (w) frame-1716 (x) bakSub-1716

Figure 3.5: Other results using SMG method where a person is switching o lights
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(a) bakSub-1670 (b) bakSub-1675 (c) bakSub-1680 (d) bakSub-1685
(e) bakSub-1690 (f) bakSub-1695 (g) bakSub-1700 (h) bakSub-17005
(i) bakSub-1710 () bakSub-1714 (k) bakSub-1715 () bakSub-1716

Figure 3.6: Actual Background subtraction images from optimized GMM method
without using SMG module. Note the high rise in false posities once the light is

switched o in frame 1714.



Chapter 4

DVR system and an Online
Query Interface

4.1 Introduction

In this section, we provide an overview of the Digital Video Recorder(DVR) system and
an Online Query Interface for the users to browse through thestored data. The cameras
used in our are IP cameras(Figure 1.1) which once con gured an be viewed over the
network. The DVR system grabs the data from these IP cameras ad stores them on
the disk. The Online Query Interface provide the user with the medium to access this
stored data. The main purpose of this work is to provide the ugr easy accessibility and
exibility to access the surveillance data from anywhere at anytime over the network.

4.2 DVR System

For our work, we developed a DVR system which helps us in recoling the surveillance
data in a certain directory structure. We store the data for k days and once the sys-
tem has completed writing for that period of time, its starts from scratch and begins
to overwrite the existing data. We would like to thank Jan Panteltje[ 19] for his open
source IP camera frame grabber code available under the GNU ublic Licence. This
code was used to get the frame from the IP camera. The code wasadi ed to store
the captured frame as per our directory structure which is dscussed later. In our case,
we store the data for 3 days, i.e k = 3. The system starts overwiting the existing data
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after 3 days. The directory structure for the storage of the recorded data follows a tree
structure. The path of the directory in which the data is to be stored is given to the
DVR system. The DVR system than creates further subdirectoiies in it which follow

a structure shown below. The topmost directory is decided fom the current date, i.e
Daygir = Day%k. In this directory, there are further subdirectorie s corresponding to
each hour of the day. The name of this directory is choosen to & the hour component
of the current time in a 24 hour clock. Within each hour directory, we have a directory
for every k; minutes of the data recorded, in our casek; = 4. ky should be a factor
of 60 for uniform distribution of data across each directory The nomenclature of this
directory is done using minute component of current time, ie (int)Minute/ k;. So the
total number of directories in every hour directory would be Hr nax = (60/ k1 - 1).

Daydir
0 1 . 23
0 1 2 ... Hrmax

4.3 Online Query Interface

The Online Query System provides a web interface for the dataecorded using the DVR
system. The user can browse through the stored data over the etwork. This system
provides the users with an interface to query for the data of acertain time interval on
a particular date. The nature of the query inputs are discused later. User can either
choose to view all the frame that that interval or he can further Iter his query by asking
for only those frames where there is some sort of activity in e scene under surveillance.
The user query consists of

Date - within last k days.
Month - if left empty, it is assumed to be the present month.

Starting Time - start time of the time interval [ HH:MM ] forma t

Finishing Time - ending time of that time interval [ HH:MM ] fo rmat
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Frame Skip - to skip every rth frame, wheren is the query input

Activity Bit - the output will consist of only those frames wh ere there is foreground
activity

Minimum Blob Size - user is provided with those frame where tle foreground blob
size is greater than or equal to the query input

The day and time option are essential and returns the frames ecorded in that interval
on that particular day. The frameskip option is to be used when the query interval is
very big. e.g if user wants to view the frames for the whole dayhe can choose to skip
every nth frame. This option helps speed the browsing process as wels aeduce the load
on the webserver processing this query. Activity bit and minmum blob size options help
the users to Iter out unnecessary frames and only provideslhem with the frames where
foreground activity has been registered. The activity bit and the blobsize based queries
are implemented using the size of blobs that are encountereduring the background
subtraction process. If the blob size is greater than thresbld o, le information and
blob size are recorded in a text le(blobInfo) in the directory belonging to the image
le. So when user queries for activity les in a certain time interval, the query system
looks for the information in the corresponding blobinfo les during that interval.

While asking a query the user has to keep in mind few of the fotiwing thing.

Time - is measured in 24-hour clock format.
Day - should be a numerical number rather Sunday or Monday.
Remember - data is only stored for the previous k days, inclughg today.

FrameSkip - use this option if the time interval is very big.
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Figure 4.1: Snapshot of Online Query Interface system
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Conclusion and Future Work

The baseline mixture of gaussian based SMG method that we ha&/proposed works well
in scenes which are highly illuminated. It is able to cope wih the problems occuring
due to light source ickering, shadows, illumination changes, re ection, sensory noise etc.
The basic idea behind our method is to use a slow adapting bagktound model along
with a fast adapting module. This module uses motion featurecombined with gradient
for locating approximate region of activity. Now this method also has few negatives of
its own. The extraction of the foreground object is sometime& not complete in some
frames due to the overlapping of foreground object in consetive frames.(See gure 5.1
a & b) So we are loosing some of the true positives due to oveni@ing. A solution to
this problem would be a better algorithm to extract the connected regions. But this
algorithm should not incorporate more false positives whié trying to recover the whole
connected region. Also when the background is highly illumiated, e.g a glass window
or a door facing the bright sunlight, the shadow of the moving object is classi ed as
foreground. It is recognized as foreground mainly becauseM8s model could not reject
shadow a ected region as a region of inactivity since the shdow is very prominent and
has motion associated with it.(See gure 5.1 ¢ & d) We also noiced false positives getting
incorporated in the foreground due to the re ected light a e cts. (See gure 5.1 e & f)
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(a) Incomplete foreground

(c) Shadow Problem

(e) Re ections

(b) Lose of true positives due to overlapping

(d) False positives due to highly illuminated
background

(f) Part of background gets incorporated as
foreground due to re ection of light

Figure 5.1:
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