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ABSTRACT

Ng, Ka Ki Ph.D., Purdue University, December 2011. Background Subtraction and
Object Tracking with Applications in Visual Surveillance. Major Professor: Edward
J. Delp.

Visual surveillance has been a very active research topic in the last few years due to

its growing importance in security, law enforcement, and military applications. More

and more surveillance cameras are installed in security sensitive areas such as banks,

train stations, highways, and borders. The massive amount of data involved makes

it infeasible to guarantee vigilant monitoring by human operators for long periods of

time due to monotony and fatigue. As a result, video feeds are usually archived for

forensic purposes in the event suspicious activities take place. In order to assist human

operators with identification of important events in videos an “intelligent” visual

surveillance system can be used. Such a system requires fast and robust methods for

moving object detection, tracking, and event analysis.

In this thesis, we investigate methods for moving object detection, tracking, and

event analysis. We consider robustness and computational cost as the major de-

sign goals of our work. Our proposed method detects moving objects in indoor and

outdoor environments under changing illumination conditions and in the presence of

background dynamics. We also present a fast implementation of the method using an

extension of integral images. We propose a method for robust tracking with dynamic

parameter setting for the likelihood model of particle filtering. In addition, we propose

a fast method to construct an appearance model for object tracking using a particle

filtering framework. We also present a method for pedestrian “flow” estimation that

counts the number of persons passing a detection line (trip wire) or a designated

region over a period of time. The method is based on accumulated foreground pixel
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count in the trip wire and texture features in an area enclosing the trip wire. The

method is designed to be robust to varying pedestrian flow rate (crowdedness).
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1. INTRODUCTION

1.1 An Overview of Video Surveillance Systems

The first generation of video surveillance systems (1980’s) is the traditional analog

closed-circuit television (CCTV) network. In the system, analog video cameras are

connected by coaxial cables to surveillance screens for monitoring by human operators

or the cameras could be connected to videotape recorders for archiving purposes.

The second generation video surveillance (1990’s) replaced the videotape recorder

with a digital video recorder (DVR) with the data archived on hard drives. More

recent systems have network connections so the video data can be stored on servers.

The third generation is an IP network system, where the data is continuously being

transmitted over the network. There are some excellent survey papers in the literature

on video surveillance systems, see [1, 2].

The first CCTV system was developed as far back as the 1940’s when it was

used by the military in Germany to observe the launch of V2 rockets [2]. CCTV

systems were also used by the US military to develop and test atomic weapons, as

this allowed one to observe the tests from a safe distance. By the 1970’s, CCTV

had become common in the commercial world. Video surveillance was used in stores

and banks to protect their properties and assets. Today, surveillance cameras are

omnipresent, from security sensitive places, such as borders and military bases for

migating terrorist activities, to private homes for burglary prevention [2].

It has been reported that the United Kingdom has more cameras per person than

in any other country in the world [3]. Approximately 1.85 million surveillance cameras

are installed in United Kingdom, the figure suggests that there is one CCTV camera

for every 32 people [3]. Chicago is considered as the most watched city in the United

States. Chicago has approximately 15,000 surveillance cameras throughout the city,
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both privately and publicly owned. A study of the use of video surveillance has been

conducted by Rajiv Shah [4]. Figure 1.1 shows the locations of surveillance cameras

in Chicago from the project. Some typical scenes of video surveillance are also shown

in Figure 1.2.

Fig. 1.1. Locations of surveillance cameras in Chicago. Image from
Eyeing Chicago [4]

The massive amount of data involved makes it infeasible to guarantee vigilant

monitoring by human operators for long periods of time due to monotony and fa-

tigue. As a result, video feeds are usually archived for forensic purposes in the event

suspicious activities take place. In order to assist human operators with identification

of important events in videos, an “intelligent” visual surveillance system can be used.

Such a system requires fast and robust methods for moving object detection, track-

ing, and event analysis [5, 6]. In this thesis, we propose methods for moving object

detection and object tracking with applications in visual surveillance and consider

robustness and computational cost as the major design goals of our work.

Moving object detection is the basic step for many video analysis tasks [7]. The

performance of this step is particularly significant because subsequent processing of

the video data is greatly dependent on this step. Moving object detection aims at

extracting moving objects that are of interest in video sequences. The problems
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with dynamic environmental conditions make moving object detection very challeng-

ing. Some examples of these problems are shadows, sudden or gradual illumination

changes, rippling water, and repetitive motion from scene clutter such as waving tree

leaves [8]. Commonly used techniques for moving object detection are background

subtraction [9] [10], temporal frame differencing [11], and optical flow [12].

The next step in the video analysis is object tracking. This problem can be formu-

lated as a hidden state estimation problem given available observations [13]. Another

way to look at object tracking is the creation of temporal correspondence among

detected object from frame to frame. Object tracking is an important component

of many vision systems [14]. It is used not only for visual surveillance, but also for

augmented reality, traffic control, medical imaging, gesture recognition, and video

editing [15].

The final step of an “intelligent” visual surveillance system is to analyze the con-

tent of the video and to identify important events in a scene. This step provides

human operators with high level analyses to assist them with making their decisions

more accurately, effectively, and efficiently. Events in a scene can be defined by the

behavior of an individual, several persons, or a crowd. Crowd analysis is the analysis

of the behavior of a crowd, a typical problem is the number of persons walking pass a

region of interest in a time interval. The problem is known as crowd flow estimation.

A common application of crowd density estimation is automatic monitoring of the

crowd density in public places for security control, such as crowd congestion detection

and evacuation detection.

1.2 Thesis Contributions

This thesis describes our methods for background subtraction, object tracking, and

crowd flow estimation for applications in visual surveillance. We consider robustness

and computational cost as the major design goals of our work. and responding to

them in a timely manner. The main contributions of the thesis are as follows.
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Fig. 1.2. Surveillance cameras have become an omnipresent reality
in our daily lives. We are being monitored in places such as school
campus, banks, airports, stores, and streets.

• Moving Object Detection - In the area of moving object detection a tech-

nique robust to background dynamics using background subtraction with adap-

tive pixel-wise background model update is described. A foreground-background

pixel classification method using adaptive thresholding is presented. Another

technique that is robust to sudden illumination changes using an illumination

model and a statistical test is presented. We also propose a fast implementation

of the method using an extension of integral images.



5

• Target Object Tracking - Once a moving object is detected, the foreground

object mask generated is used to initiate object tracking using particle filtering.

We propose a method for robust tracking with dynamic parameter setting for

the likelihood model of particle filtering. We investigate the trade-off between

object tracking performance and computational cost by subsampling the pixels

for color density estimation. In addition, we propose a fast method to construct

appearance model of particle filtering for object tracking application.

• Crowd Flow Estimation - We present a method for pedestrian “flow” esti-

mation that counts the number of persons passing a detection line (trip wire)

or a designated region over a period of time. The method is designed to be ro-

bust to varying pedestrian flow rate (crowdedness). We assume different level of

crowdedness will result in different level of occlusion. We utilize texture feature

to classify different levels of occlusion. Number of foreground pixels estimated

from background subtraction is used as a complementary feature to estimate

the pedestrian flow.

1.3 Publications

Ka Ki’s publications include:

Journal Articles:

1. Ka Ki Ng and Edward J. Delp, “Fast and Robust Object Detection and Track-

ing for Lightweight Visual Surveillance Systems,” IEEE Transactions on Cir-

cuits and Systems for Video Technology, in preparation.

2. Ka Ki Ng and Edward J. Delp, “Robust Crowd Flow Estimation Using Mul-

tiple Visual Features for Scenes with Changing Crowd Densities,” Journal of

Electronic Imaging, in preparation.

Conference Papers
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1. Ka Ki Ng, Satyam Srivastava, and Edward J. Delp, “Segmentation With

Sudden Illumination Changes Using A Shading Model And A Gaussianity Test,”

Proceedings of the International Symposium on Image and Signal Processing and

Analysis, Dubrovnik, Croatia, September 2011.

2. Satyam Srivastava, Ka Ki Ng, and Edward J. Delp, “Crowd Flow Estimation

Using Multiple Visual Features for Scenes with Changing Crowd Densities,”

Proceedings of the IEEE International Conference on Advanced Video and Sig-

nal based Surveillance, Klagenfurt, Austria, September 2011.

3. Satyam Srivastava, Ka Ki Ng, and Edward J. Delp, “Co-Ordinate Mapping

and Analysis of Vehicle Trajectory for Anomaly Detection,” Proceedings of the

IEEE International Conference on Multimedia and Expo, Barcelona, Spain, July

2011.

4. Satyam Srivastava, Ka Ki Ng, and Edward J. Delp, “Color Correction for

Object Tracking Across Multiple Cameras,” Proceedings of the IEEE Interna-

tional Conference on Acoustics, Speech and Signal Processing, Prague, Czech

Republic, May 2011.

5. Ka Ki Ng, Priyanka Agarwal, Nathan Mullen, Dzung Du, and Ilya Pollak,

“Comparison of Several Covariance Matrix Estimators for Portfolio Optimiza-

tion,” Proceedings of the IEEE International Conference on Acoustics, Speech

and Signal Processing, Prague, Czech Republic, May 2011.

6. Ka Ki Ng, and Edward J. Delp, “Background Subtraction Using A Pixel-Wise

Adaptive Learning Rate For Object Tracking Initialization,” Proceedings of the

SPIE Conference on Visual Information Processing and Communication, vol.

7882, San Francisco, CA, January 2011.

7. Ka Ki Ng, and Edward J. Delp, “Object Tracking Initialization Using Auto-

matic Moving Object Detection,” Proceedings of the SPIE Conference on Visual



7

Information Processing and Communication, vol. 7543, San Jose, CA, January

2010.

8. Ka Ki Ng, and Edward J. Delp, “New Models For Real-Time Tracking Using

Particle Filtering,” Proceedings of the SPIE Conference on Visual Communica-

tions and Image Processing, vol. 7257, San Jose, CA, January 2009.

9. Fengqing Zhu, Ka Ki Ng, Golnaz Abdollahian, and Edward J. Delp, “Spatial

and Temporal Models For Texture-Based Video Coding,” Proceedings of the

SPIE Conference on Video Communications and Image Processing, vol. 6508,

San Jose, CA, January 2007.



8

2. VISUAL SURVEILLANCE

Visual surveillance systems can be manual, partially autonomous, or fully autonomous

[16]. Manual systems require video data to be monitored by human observers. Par-

tially autonomous systems analyze video content automatically but still require hu-

man input for some monitoring analysis tasks. Fully autonomous systems are capable

of performing surveillance task on different levels. This includes low-level task such

as motion detection and high-level task such as event detection. With state-of-the-art

techniques, the goal of present visual surveillance systems is to assist human opera-

tors with identification of important events in videos and to manage real-time alarms

in a proactive manner [16, 17].

Visual surveillance has been a very active research topic in the last few years due to

the growing importance in security, law enforcement, and military applications [18].

More surveillance cameras are installed in security sensitive areas such as banks,

train stations, highways, and borders. The massive amount of data involved makes

it infeasible to guarantee vigilant monitoring by human operators for long periods of

time due to monotony and fatigue. As a result, video feeds are usually archived for

forensic purposes in the event suspicious activities take place. In order to assist human

operators with identification of important events in videos, an “intelligent” visual

surveillance system can be used. Such a system requires fast and robust methods for

moving object detection, tracking, and event analysis.

Moving object detection is the basic step for further video analysis tasks [19]. The

performance of this step is particularly significant because subsequent processing of

the video data is greatly dependent on this step. Moving object detection aims at

extracting moving objects that are of interest in video sequences [7]. Commonly used

techniques for moving object detection are background subtraction [9] [10], temporal

frame differencing [11], and optical flow [12]. Background subtraction, in particular, is
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a commonly used technique for foreground segmentation in static scenes because it has

a very low computational cost [20]. The goal of background subtraction 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 [13]. The problems with dynamic environmental conditions make moving

object detection very challenging. Some examples of these are shadows, sudden or

gradual illumination changes, and repetitive motion from scene clutter such as waving

tree branches and leaves [14].

The next step in the video analysis is object tracking, which can be considered as a

hidden state estimation problem given available observations [21–24]. Object tracking

is an important component of many vision systems [25]. It is used not only for visual

surveillance, but also for augmented reality, traffic control, medical imaging, gesture

recognition, and video editing [26]. Another way to look at object tracking is the

creation of temporal correspondence among detected object from frame to frame [27].

The final step of an “intelligent” visual surveillance system is to analyze the con-

tent of video data and to annotate the data with semantic descriptions. The goal

is to assist human operators with identification of important events in videos and to

manage real-time alarms in a proactive manner. One popular problem of interest is

“How many people are there in a crowd?” This problem is a typical problem of crowd

analysis, specifically crowd flow estimation.

A common application on crowd density estimation is automatic monitoring of

the crowd density in public places for security control, such as crowd congestion

detection and evacuation detection. Other examples of applications include urban

planning, resource management, tourist flow estimations, and advertising.

One main challenge of crowd density estimation is occlusion, this problem is in-

evitable in crowd scenes. Occlusion among people usually cause significant underes-

timation in the process because human body parts can be self-occluded or occluded

by other people in the crowd. We present a method that takes occlusion into account

for crowd density estimation and is robust to changing crowd density levels.
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2.1 Thesis Overview

In this thesis we developed several methods for applications in visual surveillance:

• Moving object detection

– Foreground-background pixel classification using adaptive thresholding

– Adaptive pixel-wise background model update techniques

– A technique that is robust to sudden illumination changes using a illumi-

nation model and a statistical test

– A fast implementation of the methods using an extension of integral images

• Object tracking

– Robust tracking with dynamic parameter setting for the likelihood model

for particle filtering

– Investigation of the trade-off between object tracking performance and

computational cost by subsampling the pixels for color density estimation

– A fast method for construction of the appearance model for particle filter-

ing for object tracking

• Crowd flow estimation

– Estimation of the level of crowdedness in a scene

– Estimation of the number of persons passing through a trip wire over a

time period

We present a novel and simple method for moving object detection. The method

is based on background subtraction. The first step, referred to as background model

initialization, is to construct a background model using the initial frames. The step

is based on temporal frame differencing because the background model is not avail-

able at the start of a sequence. A typical example is when a sequence starts with a
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moving foreground object, part of the background model will be covered and hence

the background model will not be available. Once the initial background model is

constructed, with each subsequent frame, we detect if there is any sudden illumina-

tion change. If there is no illumination change, simple background subtraction can

be used to find the foreground pixels. The threshold used for this process is deter-

mined adaptively according to the current frame. After thresholding the difference

of the pixel intensities between the background model and the current frame, a fore-

ground object mask is generated. In the presence of sudden illumination change,

we use the illumination effect, which is expressed as a ratio of pixel intensities. We

determine if the pixel is a foreground or background pixel by the statistics of the

illumination effect of its neighboring pixels. A foreground object mask is generated

according to this statistic. The process of obtaining the foreground mask is referred to

as foreground-background pixel classification. After obtaining the foreground object

mask, the background model should be updated because the scene dynamics are al-

ways evolving. We propose a technique that updates the background model according

to two factors: how long a pixel has been a background pixel, and how large the value

of the pixel is in the difference frame. This process is referred to as the background

model update. An overview of the proposed method is shown in Figure 2.1.

Once the moving objects are detected, one can then use the information extracted

from the detected moving objects to track their motion as they move. For object

tracking, we propose a method that is based on the state-of-the-art object tracking

technique known as particle filtering [28]. Particle filtering is a state estimation

technique in a recursive Bayesian framework [24]. It can be used for the object

tracking problem because the problem can be formulated as a hidden state estimation

problem given available observations [24]. To track an object using particle filtering,

an appearance model is required to represent the target object [29]. A popular choice

for the appearance model is color distribution. Potential candidates (at different

locations) in the current frame are evaluated according to how much they resemble

the target object. The evaluation is done based on the distance between the two
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Fig. 2.1. An overview of our proposed method for moving object detection.

appearance models. For example, if color distribution is used, Bhattacharyya distance

can be used as a metric to determine how much a candidate resembles the target

object [29,30]. With this distance measure, a likelihood model can be used to assign

an importance weight to this candidate. The new state can then be estimated using

this set of weighted candidates. We propose a dynamic parameter setting for the

likelihood function used in particle filtering for more robust tracking performance.

We investigate the trade-off between object tracking performance and computa-

tional cost by subsampling the pixels in an area of interest used for color density

estimation. We also propose a fast method to implement color density estimation

using an extension of integral histograms. A block diagram that illustrates one iter-
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ation of object tracking using particle filtering is shown in Figure 2.2. The blocks in

red are the focus of our proposed methods.

Fig. 2.2. A block diagram for particle filtering based object tracking.

For crowd analysis, we address the problem of accurate estimation of crowd flow

using a single view. We propose a feature based method for crowd flow estimation.

Most methods proposed in the literature can be categorized into two types: direct

and indirect approaches. Direct approach is a detection based method that detects

each individual person in a scene using segmentation or human detection. The total

number of persons can then be determined easily. Another category known as the

indirect approach is a map based method that maps some detected visual features to

the number of people.

We propose an indirect method for crowd flow estimation based on two visual

features: number of foreground object pixels and a texture measurement known as

Gray Level Co-occurrence Matrix (GLCM). Our method is designed to be robust to

significant change of crowd density levels. The first feature, foreground pixel count, is

used based on the assumption that the number of foreground pixels is proportional to

the number of persons. Of course, that case is only true when there are not any serious
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occlusions among people. To take different levels of occlusion among individuals into

account, we impose texture as a second feature. The choice of this feature is based

on the fact that images with low density crowd tend to resemble coarse textures, and

images of high density crowd tend to resemble fine textures. Figure 2.3 shows an

overview of our crowd flow estimation method.

Fig. 2.3. An overview of our proposed method for crowd flow estimation.

2.2 Literature Survey

There are examples of visual surveillance systems in the literature that have been

shown to work successfully. Some examples include the one that is developed under

a U.S. government-funded program, which is known as Video Surveillance and Mon-

itoring (VSAM) [31]. It is a system designed to detect moving objects, classify the

moving objects as vehicles or humans, and track them. The VSAM system is also ca-

pable of detecting simple activities and interactions between human subjects. More

recently, Shah et al. [5] propose a real-time automatic surveillance system known

as KNIGHT. The KNIGHT system is capable of object detection and classification,
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tracking, and activity recognition using single and multiple camera systems. The

system also combines object tracking in different cameras with overlapping and non-

overlapping field of views without requiring explicit calibration by human operators.

The IBM Smart Surveillance System (S3) [6] detects and tracks moving objects, it

also has the capability of identifying the activity of objects in a monitored area. Some

examples include license plate recognition and face capture.

Many commercial surveillance systems target sensitive areas and utilize “hot

spots” or “trip wires” in a business environment to identify activities of interest.

Some of the systems are developed by: Acuity, Agent Vi, Avocado, Axis, AxonX,

Cernium, Emza, ioimage, Mate, VideoIQ, Vidient, Vistascape(Siemens).

2.2.1 Moving Object Detection

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

video sequences. Some examples of “interesting objects” include people and vehicles,

but not waving tree leaves. Many methods for moving object detection have been

proposed in the literature, these include background subtraction [9] [10], temporal

frame differencing [11], and optical flow [12].

The goal of background subtraction 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. This technique gen-

erally has a low computational cost. However, one drawback is that it is vulnerable

to scene dynamics and clutter. The most common methods are the intensity based

background subtraction [9, 10], some other background subtraction proposed in the

literature are edge based [32], texture based [7], a combination of color and edge

based [30], and a combination of color and gradient based [33]. A hierarchical frame-

work for background subtraction has also been proposed in the literature [33–36].

They typically have three distinct levels that construct the hierarchical framework,

i.e. pixel level, region level, and frame level. Each level uses a single feature or
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multiple features for moving object detection. Another challenge in moving object

detection is the shadow interference which results in false detection of the foreground

objects. Horprasert et al. [30] use a statistical color model (in RGB color space) and

the ideas of brightness distortion and color distortion to develop a method that is in-

variant to illumination changes. In [37, 38], Cucchiara et al. propose a method that

can detect shadows, and the color representation in the HSV color space is used. The

shadow regions are defined by a small variation of the hue component, and a diminu-

tion of the luminance and saturation components. Cucchiara et al. [39] provide an

excellent survey on shadow detection.

Another challenging problem is sudden illumination changes due to the presence

of photometric distortions. Many 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 for indoor scenes, and moving

clouds for outdoor scenes. These situations alter the background model, and cause

color or intensity-based subtraction methods to fail (having too many false positives,

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 [10] and is robust to gradual illumination changes

as well as moving background regions. However, it fails under sudden illumination

changes where by 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 segmentation

methods proposed in the literature. Vosters et al. [40] described the “eigenback-

ground” method combined with a statistical illumination model to address sudden

illumination changes. The eigenbackground model is determined from training data,

and the model is used to reconstruct the background image for each current frame

which is the testing data. Xie et al. [41] suggested that the spatial ordering of pixel

intensities is preserved even in the presence of large photometric distortions. They

proposed a method using the Phong’s shading model [42], and under the assumption
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of locally constant illumination, the sign of the difference between two pixel intensities

is robust to sudden illumination changes.

Radke et al. [8], McIvor [20], and Piccardi et al. [43] provide some excellent surveys

of moving object detection. Two commonly used methods (i.e. single Gaussian model

and Gaussian mixture model) are described in detail below.

Pfinder - Single Gaussian Model

The single Gaussian method models each pixel of a background scene indepen-

dently by a single Gaussian distribution. For each pixel in a frame, the model uses the

previous n pixel values as samples for a Gaussian probability density function which

is parametrized by a mean and a variance. If all of the previous n intensity values of

each pixel for every frame have to be stored for the mean and variance computations,

the memory requirement of the method would be very high. Wren et al. [9] solve

the problem by using a running average approach which has a much lower memory

requirement.

To accommodate background dynamics, the running average approach for the

update of the background model Bt is described as follows:

Bt = (1− α)Bt−1 + αIt (2.1)

where α is the pre-determined “learning rate” (which will be defined in detail in

Section 3.1.4), It is the current pixel intensity value and Bt−1 is the previous running

average of the background model.

The other parameter of the Gaussian model, the standard deviation σ, can be

updated similarly using the same learning rate α:

σt = (1− α)σt−1 + α(It −Bt)
2 (2.2)

Using this running average approach, the memory requirement is much lower.

Only a mean and a variance are required to be stored for each pixel of the background
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model. Simple thresholding is then used to classify if a pixel is a foreground or

background pixel, and the results are represented using a binary foreground mask

FG(x, y),

FG(x, y) =





1 if |It −Bt| > kσt

0 otherwise
(2.3)

where k is a constant and it is set to be 2.5 [43], It is the pixel intensity of the

current frame, Bt is obtained from Equation 2.1, and σt is obtained from Equation

2.2.

The single Gaussian method allows scene dynamics modeled by a single Gaussian

distribution as shown in Equation 2.3. The method works under the assumption that

the scene dynamics are smaller than the intensity change induce by the foreground

object, as a result, pixels that have intensity values with larger deviations from the

Gaussian mean are considered as foreground pixels. Although the single Gaussian

method is robust to small or gradual variations in the background dynamics of a

scene, the method fails when there are large or sudden changes in the background

scene.

Gaussian Mixture Models

When the background scene involves large or sudden changes, a single Gaussian

model is not adequate, and a multi-model distribution is needed to fully describe

the scene dynamics. Stauffer and Grimson [10] proposed a Gaussian mixture model

(GMM) to address this problem. GMM allows the representation of a background

scene with multi-modal distributions. Here, multi-model distribution means multiple-

Gaussian distribution, which essentially means a “multiple-surface” background rep-

resentation of a pixel.

In GMM, each pixel is modeled parametrically by a mixture of K Gaussians as

the intensity of each pixel evolves over time (temporally). The model is parametrized

by a mean, a covariance matrix, a a priori probability for each of the K components.
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Similar to the single Gaussian method, they can be implemented using a running

average method. The parameters are updated for each frame and hence the method

does not require a large buffer of video frames with high memory requirement.

GMM is a more general approach when compared to the single Gaussian model.

For every pixel, each of the K Gaussian distributions corresponds to the probability

of observing a particular intensity. The probabilities are then evaluated to determine

which are most likely to be resulted from the background scene, and which are most

likely to be resulted from the foreground objects [10].

The probability of observing the pixel intensity It in the current frame is:

P (It) =
K∑

i=1

ωi,tη(It, µi,t,Σi,t) (2.4)

where K is number of distributions, it is chosen to be usually 3 . . . 5, ωi,t is an

estimate a priori probability (what portion of the data is accounted for by this Gaus-

sian) of the ith Gaussian at time t, η(It, µi,t,Σi,t) is the i
th Gaussian model, with mean

µ and covariance matrix Σ of the pixel intensities. For computational simplicity, the

covariance matrix is assumed to be diagonal so that the inverse can be determined

easily.

The distribution of recently observed values of each pixel in the scene is charac-

terized by a mixture of Gaussians. A new pixel in the current frame is represent by

one of the K components of the mixture model.

To update the background model, each new pixel in the current frame, is checked

against the existing K Gaussian distributions, until a “match” is found. A match is

defined as as a pixel value within 2.5 standard deviations of a distribution (out of the

K components), and this matched component can be a background component or a

foreground component which will be verified later. After determining the matched

component, this component in the Gaussian model will be updated as follows:
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ωi,t = (1− α)ωi,t−1 + α (2.5)

µi,t = (1− ρ)µi,t−1 + ρIt (2.6)

σ2
i,t = (1− ρ)σ2

i,t−1 + ρ(It − µi,t)
T (It − µi,t) (2.7)

where α is a pre-determined learning rate, and

ρ = α
P (i|It, µi,t,Σi,t)

ωi,t

(2.8)

with α defined earlier, is a learning rate for parameters update. Suggested by

Power and Schoonees [44], an appropriate choice to approximate ρ would be:

ρ =





α
ωi,t

if the pixel matches the ith component

0 otherwise
(2.9)

For the remaining components that It does not match, the µ and σ parameters of

unmatched distributions remain the same while their a priori probability is reduced.

ωi,t = (1− α)ωi,t−1 (2.10)

µi,t = µi,t−1 (2.11)

σ2
i,t = σ2

i,t−1 (2.12)

If the pixel It does not match any of the K components, then the least likely

(i.e. the component with the smallest
ωi,t−1

σi,t−1
) component is replaced with a new one

which has µi,t = It, large
∑

i,t, and low ωi,t. After the parameters of all Gaussian

components have been updated, the ωi,t are normalized so they sum up to 1:

K∑

i=1

ωi,t

At this point, even though the pixel is classified as the component that it belongs

to, whether or not it is a foreground or a background pixel is still undetermined.

That means the new pixel that belongs to the ith component can be a background or
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foreground pixel, and it depends on if the ith component is a background component or

a foreground component. The information regarding which of the K components that

the pixel belongs to is used to update the mixture model (details will be discussed

below). For example, if K = 3, then 1 of the 3 components can be a foreground

component, and the remaining 2 components are background components. But we

can not determine (yet) which component is the foreground and which component

is the background. It should be noted that they the background model is updated

before the foreground pixel is detected.

In order to determine if the pixel It is foreground or background, we first need

to determine the component that it belongs to is a background component or a

foreground component. All components in the mixture are sorted in the order of

decreasing ω
σ
. So higher importance gets placed on components with the most evidence

and lowest variance, which are assumed to be the background. Let

B = argmin
b

(
b∑

i=1

ωi,t > TB) (2.13)

for some threshold TB, the components 1 . . . B are assumed to be background, and

the remaining components B + 1 . . . K are assumed to be foreground. So if It does

not match one of these components, the pixel is marked as foreground.

2.2.2 Object Tracking

Over the last few decades, many techniques have been described for object tracking

in the literature. Visual object tracking is an important step in many applications

such as human-computer interaction, medical imaging, video analytics, augmented

reality, and gesture recognition [26]. Object tracking problems can be formulated as

a hidden state estimation problem given available observations. One of the best known

methods is the Kalman filter [45], it is an optimal recursive Bayesian estimator under

linear and Gaussian assumptions. Non-linear variations of the Kalman filter include

the extended Kalman filter [46] and the unscented Kalman filter [47]. More recently,
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Kanade-Lucas-Tomasi (KLT) [48], mean-shift [49], and particle filtering based [50]

tracking methods have been proposed and have been shown to be very successful for

object tracking problems [14].

Object tracking methods can be classified into two categories [29]. The first one is

deterministic methods that compares a target model with the current frame, searching

for the most likely (probable) region, and selects it as the target. Two examples in

this category are mean-shift tracking [49] and KLT tracking [48]. The second category

is probabilistic methods which use the state space to model the underlying dynamics

of the tracking process. An example of this method is particle filtering [24,28,51,52].

In recent years, tracking methods based on particle filtering have been extensively

studied [21–24]. Experimental results show that particle filtering outperforms other

conventional state estimation methods such as Kalman filtering for non-linear and

non-Gaussian systems [21–24]. Particle filters generalize the traditional Kalman fil-

tering methods which only provide the optimal solution when the models have linear

functions and Gaussian noise [24, 53]. Particle filtering will be described in more

detail in the next section. To solve object tracking problem in a particle filtering

framework, an appearance model is required to represent the target object visually.

One of the most popular appearance models used for object tracking is color distribu-

tion because it has been shown to be robust to partial occlusion, scaling, and object

deformation [29, 54]. The color distribution of a target object can be estimated by

kernel density estimation which is a non-parametric method for probability density

function estimation [26,55].

Besides color features [56], contour [28], gradient direction [57], texture [58], or

a combination of them (e.g. color and contour [59, 60]) have also been proposed for

object tracking. In some cases, a single feature does not provide enough information

about the object being tracked and multiple features can be combined for tracking to

provide more information about the object [61]. Higher level feature descriptors can

also be used for object tracking. Some examples of successful descriptors for visual
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tracking include covariance matrix [62, 63] and Spatial-color Mixture of Gaussians

(SMOG) [64]. A comprehensive survey on object tracking is provided by Yilmaz [14].

2.2.3 Paritcle Filtering

Filtering

The “filtering” problem is the process of estimating a system’s current state which

is hidden, based on past and current observations [65]. This is represented by the

probability density function p(xt|xt−1, z0:t). Depending on the application, the state at

time t, xt and observation at time t, zt 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, edge orientation histogram, or contours

of the image data.

In general, the object tracking problem can be modeled by the state-space repre-

sentation:

1. State Equation:

xt = ft(xt−1, vt) (2.14)

2. Measurement Equation:

zt = ht(xt, nt) (2.15)

where ft is the function that describes how the state evolves (also known as transition

function or dynamic function) at time t, and ht is the function that describes the mea-

surement of the state (also known as observation function) at time t. The functions

are non-linear and time varying in general. The system noise and the measurement

noise are denoted by vt and nt respectively.
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Recursive Filtering

A recursive filter is a repeated application of a two-stage procedure [22] consisting

of prediction and update. The first stage is the current probability density function

being propagated to the future to produce the prediction density and is described by

the system model. The second stage is finding the hidden state based on the only

the observation can be described by the measurement model. If the recursive filter is

Bayesian, the update step is performed using Bayes’ rule.

Bayesian Recursive Filtering

The optimal estimator x̂t (optimal in the minimum variance sense) of the state xt

is provided by the conditional expectation E[xt|z1:t]. In order to determine E[xt|z1:t],
we need to estimate the posterior probability density function p(xt|z1:t) at each time

instant t, and this estimation can be done by using Bayesian filtering which is a

recursive filtering technique in a Bayesian framework.

The goal of Bayesian filtering is to construct the posterior probability density

function p(xt|z1:t), of the state xt at time t given all available observations z1:t up to

time t (all available information, including the current observation). It is assumed

that the initial probability density function of the state (prior probability density

function) p(x0) is known. Then the posterior probability density function p(xt|z1:t)
can be obtained recursively with a two-stage process: prediction and update. The

process is described as follows:

• Prediction: Assume that the posterior probability density function p(xt−1|z1:t−1)

is available, the prior probability density function p(xt|z1:t−1) can be determined

by the prediction step using the Chapman-Kolmogorov integral equation:

p(xt|z1:t−1) =

∫
p(xt|xt−1)p(xt−1|z1:t−1)dxt−1 (2.16)
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where xt is the state at time t and z1:t−1 is the observation sequence from time

1 to time t− 1. The probability density function p(xt|xt−1) expresses the state

model (transition model).

• Update: Since the state is usually subject to unknown disturbances, the predic-

tion step generally translates, deforms, and spreads the state probability density

function. The update stage uses the latest observation of the current state to

modify the prediction probability density function. At time t, the new obser-

vation zt is available, and the prior probability density function p(xt|z1:t−1) is

updated according to Bayes’ rule:

p(xt|z1:t) =
p(zt|xt)p(xt|z1:t−1)∫
p(zt|xt)p(xt|z1:t−1)dxt

(2.17)

where xt is the state at time t and z1:t is the observation sequence from time

1 to time t. The probability density function p(zt|xt) expresses the observation

likelihood function that describes the measurement model.

One iteration of this recursive process is shown in Figure 2.4. In general, Equa-

tion 2.16 and Equation 2.17 can not be evaluated in closed form. In some special

cases, such as linear and Gaussian state-space models, which can be analyzed using

a Kalman filter, closed form solutions are available. To solve this Bayesian filtering

problem without the assumptions on the transition and observation models being

non-linear and non-Gaussian, particle filtering is used to approximate the closed-

form solution. Particle filter generalizes the traditional Kalman filtering methods

which solves for the optimal solution only when the models have linear functions and

Gaussian noise [24].

Particle Filtering

The Particle filter, also known as the condensation algorithm, bootstrap filter,

Monte Carlo filter, sequential importance sampling, interacting particle approxima-
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Fig. 2.4. One iteration of prediction and update of Bayesian recursive
filtering. The goal is to find the posterior probability density function
at time k.

tions, and survival of the fittest [21,24,52,66] is a sequential Monte Carlo method for

state estimation problems within a Bayesian framework.

The key idea of particle filtering is to represent the posterior probability density

function 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 the

probability density function. Each particle represents a hypothesis of the state and is

randomly drawn from the prior density. After a particle is drawn, it is then propagated

according to the transition model. Each propagated particle is verified by a weight

assignment using the likelihood model. The weight characterizes the likelihood of

a specific particle being the real state. A large weight will be assigned to a good

particle, and a small weight will be assigned to a bad particle.
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The posterior probability density function is constructed recursively by the set of

weighted random samples {x(i)
t , w

(i)
t ; i = 1, . . . , N}, where N is the total number of

particles. At each time t, the particle filtering method repeats a two-stage procedure:

prediction and update:

• Prediction: Each particle x
(i)
t evolves independently according to the state

model, including the addition of random noise in order to simulate the un-

known disturbance. This prediction step yields an approximation of the prior

probability density function:

p(xt) ≈
1

N

N∑

i=1

δ(xt − x
(i)
t ) (2.18)

• Update: Each particle’s weight is evaluated based on the latest measurement

according to the measurement model (likelihood model). The posterior proba-

bility density function at time t in the form of a discrete approximation can be

expressed as

p(xt|z1:t) ≈
N∑

i=1

w
(i)
t δ(xt − x

(i)
t ) (2.19)

where

w
(i)
t =

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

(i)
t |x(i)

t−1)

q(x
(i)
t |xt−1,zt)

(2.20)

where q(· ) is the importance density, L(· ) is the observation likelihood function,

and the set of importance weights satisfies

N∑

i=1

w
(i)
t = 1. (2.21)

An illustration showing how a set of particles and their corresponding weights

evolve is shown in Figure 2.5. In each iteration, the set of unweighted particles

is assigned a set of weights according to a likelihood model and the estimation is

finished. The weighted particles are then resampled, i.e. a particle with a larger

weight is “split” into many unweighted particles, and a particle with a smaller weight
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is “split” into fewer number of particles. Then each of them is evolved (propagated)

according to the state equation.

Fig. 2.5. An illustration of how particles evolve in each iteration. Image from [51].

Particle filter can solve non-linear and non-Gaussian state estimation problems

and manage multi-model density function effectively [24]. It is a Bayesian sequential

importance technique. The hidden state at time t denoted by Xt and observation at

time t, Yt. It estimates the posterior density, p(Xt|Y1:t) recursively using a finite set

of N weighted samples, {s(i)t , w
(i)
t ; i = 1, . . . , N}. Each s

(i)
t represents a hypothetical

state at time t and it has a corresponding weight w
(i)
t which is determined by the

likelihood observation model.
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2.2.4 Integral Image

Integral images were first proposed by Crow [67] for texture mapping in computer

graphics. He called his method summed area tables. The method was then intro-

duced to the image processing community by Viola and Jones [68]. They called their

technique integral images and used it for fast computation of Haar wavelet coefficients

for face detection. Integral images have been used for fast computation for various

image analysis applications. Porikli [69] used this idea for feature histograms known

as integral histograms. Feature histograms have been used for content based image

retrieval [70], object segmentation [70] and object tracking [49]. Tuzel et al. [62]

proposed region covariance [62] as a visual feature descriptor using integral images.

Huang et al. [71] use integral images for fast implementation of eye localization in an

automatic face recognition system. Zhu et al. [72] also used this idea for fast com-

putation of the histogram of oriented gradients. The SURF descriptor proposed by

Bay et al. [73] is based on sums of approximated 2D Haar wavelet coefficients using

integral images. Instead of the typical rectangular sum, Lienhard and Maydt [74]

propose an adoption of the integral image representation for 45 degree rotated rect-

angular features. Their method yields an area sum of a 45 degree rotated rectangular

region. A three dimensional generalization, named integral video, is proposed by Ke

et al. [75].

The integral image is an intermediate representation for the fast computation of

the “sums of values” in a rectangular region of an image. We refer to this sum as the

rectangular region sum. The original definition in [68] of an integral image ii(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 image i(x, y).

ii(x, y) =
∑

x′≤x,y′≤y

i(x′, y′) (2.22)

where i(x, y) is the original image. This uses a single-pass recursive approach. The

row cumulative sum is defined as,
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s(x, y) = s(x, y − 1) + i(x, y) (2.23)

The integral image can then be described as:

ii(x, y) = ii(x− 1, y) + s(x, y) (2.24)

We can use ii(x, y) to represent the rectangular region sum S(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) (2.25)

The intuition of Equation 2.25 is illustrated in Figure 2.6. The value of the

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 2.25 to obtain the sum of region D in the figure.

Fig. 2.6. Integral Image ii(x, y) used to determine the rectangle region sum of D.
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Computational Cost of Integral Image Construction Only two additions are

required to determine a pixel of an integral image ii(x, y) (except those pixels in

the first row and first column). Hence for the entire W × H integral image, the

computational cost is approximately 2WH additions using Equation 2.23 and 2.24.

Compared to the naive way to determine a pixel (x′, y′) of an integral image ii(x′, y′)

which requires (x′y′)− 1 additions. Hence, for the entire image, the total number of

additions required is:
W∑

x=1

H∑

y=1

(xy − 1) ≈ 1

4
W 2H2,

which grows quadratically with the image size.

Computational Cost of Finding an Area Sum According to Equation 2.25,

only three additions with four array references are required, regardless of the size of

the region.

2.2.5 Crowd Analysis

Crowd monitoring and behavior understanding using visual methods is important

in many surveillance applications. A number of methods for crowd analysis have been

proposed in the literature [76]. Crowd density estimation is one of the most interesting

problems in crowd analysis. A common application on crowd density estimation

is automatic monitoring of the crowd density in public places for security control

such as crowd congestion detection and evacuation detection. Other examples of

applications include urban planning, resource management, tourist flow estimations,

and advertising. Most methods proposed in the literature can be categorized into

two types: direct and indirect approaches. Direct approach is a detection based

method that detects each individual person in a scene using segmentation or human

detection. The total number of persons can then be determined easily. Some of these

methods involve explicit detection, tracking, and monitoring of individuals in the

scene such as the use of histogram of oriented gradients (HOG) features for person
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detection [77]. Another category known as the indirect approach is a map based

approach that maps some detected visual features to the number of people. Marana et

al. [78] show that different crowd density levels can be represented by different texture

features. For example, images of low density crowds tend to resemble coarse textures;

likewise, images of high density crowds tend to resemble fine textures. Ma et al. [79]

determine the crowd density based on a linear relationship between the number of

foreground pixels and number of persons. The method takes into account geometrical

distortion from the ground plane to the image plane. It is assumed that the number

of foreground pixels is proportional to the number of persons, which is only true when

there are not serious occlusions between people. Kong et al. [80] use edge orientation

and blob size histograms as feature, the relationship between the features and the

number of people is related using a linear model. Normalization of the features is

done by taking into account viewing geometry in the scene which makes the method

viewpoint invariant. Kim et al. [81, 82] use number of foreground pixels and motion

vectors to find the number of people passing through a gate. Feature normalization is

used to make the method viewpoint invariant and robust to different moving speeds

of pedestrians. Chan et al. [83] segment crowds with dynamic texture motion models

and estimate pedestrian count using several geometric, edge, and texture features.

They also point out that such indirect methods are better at preserving the privacy

of observed individuals.

One of the biggest challenges of crowd density estimation is occlusion, and this

problem is inevitable in crowd scenes. Occlusion among people usually cause signifi-

cant underestimation in the process because human body parts can be self-occluded

or occluded by other people in the crowd. Other challenges include perspective distor-

tion. The problem comes from the optical equipment of the cameras, especially those

with wide angle views. Images take with these cameras make people far from the

camera appear smaller while the people closer to the cameras appear bigger. Some

feature based methods can suffer more significantly from perspective distortion. For

example if number of foreground pixels is used as a feature to estimate crowd density,
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one person can be represented by 50 foreground pixels when he/she is close to the

camera while the same person can be represented by 10 foreground pixels if he/she

is far from the camera. Hence perspective distortion can deteriorate the accuracy of

a method significantly. Another note is that it is highly desirable that a method can

work with uncalibrated cameras with simple training processes.

There are some excellent surveys on behavior analysis in the literature, for exam-

ple, recognition of human activity and motion is studied extensively by Aggarwal et

al. [84, 85], and Turaga et al. [86].
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3. PROPOSED METHODS

3.1 Moving Object Detection

Background subtraction is a widely used for detecting moving objects. The ulti-

mate goal is to “subtract” the background pixels in a scene leaving only the foreground

objects of interest. If one has a model of how the background pixels behave the “sub-

traction” process is very simple. Of course, in real world scenes, the situation will be

more challenging.

Background subtraction usually consists of three attributes besides the basic struc-

ture of the background model: background initialization (construction of the initial

background model), background maintenance (updating the background model to ac-

count for temporal changes in subsequent frames), and foreground/background pixel

classification. The process is shown in Figure 3.1.

Fig. 3.1. Background subtraction.
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3.1.1 Background Model Initialization

In order to avoid the assumption of a sequence starting in the absence of fore-

ground objects, simple temporal frame differencing is used for the initial phase of

background model initialization until the background pixels are “stable” (which will

be defined later in this section). The temporal frame difference FDt(x, y) at time t

is defined as:

FDt(x, y) = |It(x, y)− It−1(x, y)| (3.1)

where It(x, y) is the intensity of pixel (x, y) in the frame at time t.

The foreground binary mask FGt(x, y) is determined by comparing FDt(x, y) to

a threshold T1 which is empirically determined and set to be 20, a pixel is considered

as having significant motion, and labeled as a foreground pixel, if the difference is

greater than a threshold,

FGt(x, y) =





1 if FDt(x, y) > T1

0 otherwise.
(3.2)

A pixel is considered as a “stable” background pixel if there is no significant

motion detected (i.e. FDt(x, y) < T1) for a certain number of frames (denoted by

Tfr). Consider a frame count Cfr that is incremented by 1 each time FDt(x, y) < T1,

when this frame count Cfr > Tfr (the consecutive background frame count Tfr is

empirically determined and set to be 100), we can use this pixel in the current frame

to construct the background model:

BMt(x, y) =





It(x, y) if Cfr > Tfr,

0 otherwise.
(3.3)

As soon as background information is available for a pixel (i.e. BMt(x, y) is

constructed using Equation 3.3), the foreground mask is determined using background

differencing instead of temporal frame differencing. The background difference frame

(or image) is defined as follows:
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Dt(x, y) = |It(x, y)− BMt−1(x, y)| (3.4)

The foreground binary mask is determined by comparing the background differ-

ence frame to a threshold T2:

FGt(x, y) =





1 if Dt(x, y) > T2,

0 otherwise.
(3.5)

The threshold T2 is empirically determined and set to be 50 in our experiments.

This background model initialization method assumes every pixel of the background

will be uncovered at some time.

3.1.2 Adaptive Threshold for Background Subtraction

To obtain the adaptive threshold discussed above, an iterative technique proposed

by Rilder and Calvar [87] is used. The histogram of the difference image Dt(x, y) is

segmented into two parts. The initial threshold is set to be the middle value of

the range of intensities (for example, the middle value would be 127 for an 8-bit

grayscale image), and then the image is thresholded with this middle value. For each

iteration, the sample means of the intensities associated with the foreground pixels

and the sample means of the intensities associated with the background pixels are

determined. Then, a new threshold value is determined as the average of the two

sample means. The iteration stops when the threshold stops changing.

This method for finding the threshold will be used in Equation 3.6 which is back-

ground subtraction for foreground/background pixel classification, the threshold is

denoted as ThAd,t in Equation 3.6.

3.1.3 Intensity-Based Foreground/Background Pixel Classification

After initializing the background model using the method described in Section 3.1.1,

the next step is to use background subtraction for foreground/background pixel classi-
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fication using the current frame and the background model. Background subtraction

was described above in Equation 3.4.

A foreground mask representing regions of significant motion in the scene is pro-

duced by the threshold, ThAd,t. This threshold is determined adaptively for each

frame using the current difference image, Dt(x, y), using the method described pre-

viously in Section 3.1.2. If the difference between two pixel values is greater than

the threshold, the movement of that pixel is considered as significant. A foreground

binary mask FGt(x, y) is generated according to:

FGt(x, y) =





1 if Dt(x, y) ≥ ThAd,t

0 otherwise
(3.6)

This mask indicates where moving pixels are located. This process is the same as

the background subtraction described in Equation 3.5, except that above one assumes

the entire background model frame is available, hence only background subtraction

is used for every pixel in a subsequent frame. Also an adaptive threshold ThAd,t is

used instead of a pre-determined threshold T2.

3.1.4 Adaptive Pixel-Wise Background Model Update

After a background model is constructed using the initial frames, the background

model evolves because of the existence of background dynamics. Hence a background

model must be updated every frame in order to accommodate for background dynam-

ics. For example, we have a video sequence of sunset, the initial background model

frame that is constructed before sunset would be a lot brighter than the actual back-

ground after sunset. If the background model is not updated, there would be many

false detections because of the intensity change. So the next question is, how “fast”

do we want to update the background model? One can think of a simple solution of

using the current frame as the background model frame. This method is the fastest

way it can possibly be used to update the background model because the newest cur-

rent frame is used. Consider the example of the sunset sequence again, one can use
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the frame after sunset as a background model. It would work perfectly fine if there is

no foreground object in the new after-sunset frame, however, if there is a foreground

object, and this fast background update method is used, the foreground object would

not be detected because it is “absorbed” into part of the background resulted from

this fast update. One can update the background model in a more “gentle” manner

(suggested by Stauffer and Grimson [10]), consider the equation:

BMt(x, y) = αIt(x, y) + (1− α)BMt−1(x, y),

The background model is updated using α% of the intensity in the new current

frame, and (100 − α)% of the intensity from the previous background model. This

α is referred to as the “learning rate” for the background model update [10]. One

can observe the importance of the value of α and how it affects the performance

on background subtraction. Consider another case when the change of background

dynamics becomes smaller (for example the waving tree leaves move slower), this is

also referred to as “background model is converging” [88]. The learning rate for the

tree leaves pixels in this case can decrease to avoid absorbing foreground objects into

the background model and results in missed detections. An example like this would

require different learning rates in different regions of the background.

The background subtraction method proposed by Stauffer and Grimson [10] use

the above background updating method with a constant learning rate for the entire

sequence. In [88], an update method using two learning rates for the background

update is described, one learning rate in the beginning of the sequence (before the

Lth frame is available) and a different rate for the rest of the sequence (when the

Lth frame is available) using a Gaussian mixture model (GMM). Using this method,

the GMM learns faster and more accurately at the beginning, however it does not

improve the convergence rate of the background model if the change of background

dynamics becomes smaller.

We propose an effective scheme for updating the background and adaptively model

dynamic scenes. Unlike the traditional methods that use the same learning rate for

the entire frame or sequence, our method assigns a learning rate for each pixel in a
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frame using two parameters. The first parameter depends on the difference between

the pixel intensities of the background model and the current frame. The second

parameter depends on the duration of the pixel being classified as a background

pixel.

Each pixel in the frame has an adaptive learning rate, αad,t(x, y). The background

mode is updated according to:

BMt(x, y) = αad,t(x, y)It(x, y) + (1− αad,t(x, y))BMt−1(x, y), (3.7)

where 0 ≤ αad,t(x, y) ≤ 1. The learning rate αad,t(x, y) depends on two weighted

parameters, α1 and α2 (note that the subscript t and (x, y) are dropped for simplicity),

αad,t(x, y) = w1α1 + w2α2, (3.8)

where w1 and w2 are the weights empirically determined for α1 and α2 respectively.

The first parameter α1 depends on the magnitude of Dt(x, y) (from Equation 3.4).

A larger value for α1 is assigned for a smaller Dt(x, y).

α1 =





e
− 1

2
Dt(x,y)

2

σ2
1 if Dt(x, y) < Thad,

0 otherwise,
(3.9)

where σ1 = 10 is empirically determined. This parameter ensures the group of pix-

els with the smallest Dt(x, y) have the largest values for α1. Figure 3.2 shows the

histogram of a difference frame Dt(x, y), the threshold Thad associated with the his-

togram, the σ1 is a pre-determined threshold, and the plot of α1 which is a function

of σ1.

The second parameter α2 is obtained depending on the temporal duration of a

pixel in the background. We assume the longer a pixel is in the background, the more

stable and reliable a background pixel is. The stability and reliability is measured

by the temporal background count Cbg, which is incremented by 1 each time when a

pixel is classified as a background pixel consecutively. The parameter α2 is determined

according to:
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Fig. 3.2. Histogram of pixel values in frame Dt(x, y). Thad = 52 is the
adaptive threshold determined using the method described in Section
3.1.2. Consider Equation 3.9, σ1 = 10 is empirically determined, and
the plot of α1 as Dt(x, y) increases is shown.

α2 =





e
− 1

2

(ζmax−C′

bg
)2

σ2
2 if Cbg ≥ ζmin,

0 otherwise,

(3.10)

where σ2 = 15, ζmax = 150, and ζmin = 30 have been empirically determined, and

C ′
bg = min(ζmax, Cbg). If a pixel remains as a background pixel for more than ζmin

frames, a non-zero α2 is assigned to that pixel. The parameter α2 increases with

Cbg until Cbg is greater than ζmax (i.e. Cbg is clipped at ζmax), it has a small value

for pixels of objects with small and repetitive motion such as waving tree leaves

and water ripples (because these pixels have small values of Cbg). This works under

the assumption that if the pixel switches between foreground and background states

frequently (that is the pixel does not retain its background status for more than

ζmin frames), then it is not a “reliable” background pixel and hence it has a smaller
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learning rate. Note that the temporal background count Cbg is reset to zero if the

pixel is detected as a foreground pixel, it is because of the consecutive nature of the

temporal background count defined above. The parameters α2 and α2 are used to

update the background model frame using Equation 3.7 and Equation 3.8.

3.1.5 Statistical-Based Foreground/Background Pixel Classification

Many state-of-the-art approaches [10,89] can handle gradual illumination changes

well but remain vulnerable to sudden illumination changes. The assumption that

the pixel intensities of background regions are Gaussian distributed does not hold

because there is photometric distortion in the case of sudden illumination changes.

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

global causing a drastic increase in false positive detections which in many cases the

entire image is detected as foreground.

In this section, we describe a method for foreground/background pixel classifi-

cation under sudden illumination change. The key differences between the method

described previously in Section 3.1.3 and this approach is that the previous method

uses the difference of pixel intensities as opposed to the illumination effect described

later in this section. Another difference is that instead of thresholding the differ-

ence frame with an adaptive threshold, we “test” the statistical distribution of the

neighboring pixels in the difference frame to determine if a pixel is a foreground or

background pixel. This statistical test is referred to as “Gaussianity test” and will be

described below in detail.

Gaussianity Test

A Gaussianity test determines if a set of samples are from a Gaussian distribution.

The use of the test is inspired by Gurcan et al. [90, 91] who used it for detection

of microcalcifications in mammogram images. This test was developed by Ojeda

et al. [92] for causal invertible time series data. Gurcan et al. [90, 91] made the
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assumption that when the microcalcification is absent, the difference image between

the original image and the filtered image using a Least Mean Square adaptive filter

are samples from a Gaussian distribution. If a region has a “Gaussianity test value”

higher than a pre-determined threshold, then the region is classified as a region of

microcalcification cluster. Otherwise, the Gaussianity test value (or statistic) should

be close to zero. The test was also used by Chien et al. [93] for change detection

under the assumption that camera noise is Gaussian distributed. We use this same

assumption here.

Our proposed method is based on the assumption that the camera noise is spatially

Gaussian. 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 frame (because the sum of independent Gaussian

random variables is Gaussian). Under these assumptions, the foreground pixels in

the difference frame should be non-Gaussian distributed, and the background pixels

in the difference frame should be Gaussian distributed.

Consider the moment generating function of a random variable X that is Gaussian

distributed with mean µ and σ2:

M(t) = eµt+
1
2
σ2t2 . (3.11)

The kth order moment of distribution Jk, is defined in terms of the moment generating

function as:

Jk = E[Xk] =
dk

dtk
M(t)|t=0 (3.12)

If a set of samples is Gaussian distributed, the sample moments converge to their

theoretical values (as shown below) as the sample size increases under the ergodicity

assumption, i.e.

J1 → µ

J2 → σ2 + µ2

J3 → µ3 + 3σ2µ

J4 → µ4 + 6µ2σ2 + 3σ4 (3.13)
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Similar to [90, 91] we construct our Gaussianity test by defining the Gaussianity

test statistic as:

H(J1, J2, J4) = J4 + 2J4
1 − 3J2

2 (3.14)

If we substitute the limit values in Equation 3.13 into Equation 3.14, then:

H(J1, J2, J4) = (µ4 + 6µ2σ2 + 3σ4) + 2µ4

−3(σ2 + µ2)2

= 0 (3.15)

Hence, the Gaussianity test statistic is expected to be close to zero if the set of samples

is Gaussian distributed.

The Gaussianity test can be used in a block-based manner in a frame to detect

non-Gaussianity. Consider a M ×M block centered at pixel (x, y), the test is based

on the sample estimates of the first four moments of some values x in a frame given

by:

Jk(x, y) =
1

M2

M−1
2∑

m=−M−1
2

M−1
2∑

n=−M−1
2

[x(x+m, y + n)]k (3.16)

for k = 1, 2, 3, 4. In our experiments, we use M = 6 for each non-overlapping block

in a frame. Note that in the rest of the thesis, we will drop the pixel location (x, y)

when representing the first four moments J1, J2, J3, J4 for simplicity.

If a set of samples in a block has a Gaussinity test statistic greater than a thresh-

old τ (which is empirically determined), then the group of pixels in that block is

considered as Gaussian distributed.

Sudden Illumination Change

To address the problem of sudden illumination change, we utilize the “illumination

effect” of an image along with the Gaussianity test for robustness to sudden illumina-

tion change. Consider an image, we assume all surfaces in an image are Lambertian
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(i.e. there is no specular reflection in the scene). The luminance depends only on

the irradiance (light reaching the surface) e(x, y) and its albedo (diffuse reflectance

coefficient) a(x, y) [94–97]. Irradiance e(x, y) is a function of visible light sources

and surface normal. If the surface is Lambertian (perfectly diffuse) [94,95], the pixel

intensity value can be expressed as:

I(x, y) = ei(x, y)ai(x, y).

Similarly, we have the same assumption for the background model:

BM(x, y) = em(x, y)am(x, y).

We express the illumination effect as a ratio of pixel intensities:

R(x, y) =
I(x, y)

BM(x, y)
, (3.17)

Assuming the pixel is not occluded by a foreground pixel, with the same surface, two

values of albedo will be equal:

am(x, y) = ai(x, y)

Combining with the assumption of Lambertian surface above, Equation 3.17 becomes:

R(x, y) =
I(x, y)

BM(x, y)
=

ei(x, y)ai(x, y)

em(x, y)am(x, y)
=

ei(x, y)

em(x, y)
. (3.18)

The ratio R(x, y) is independent of the albedo and only depends on the irradiance

(i.e. light source and surface orientation). This ratio is expected to be constant at

different locations in a frame as long as the irradiance at those locations is the same.

If the irradiance is constant throughout the entire frame, then the ratios for every

pixel are expected to be constant. The assumption implies the case when there is

no shadow in the scene, it is because the existence of shadows implies a change in

irradiance.
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Gaussianity of Pixel Intensities Ratio

If the camera noise is assumed to be Gaussian distributed, then ratio of intensities

R(x, y) can also be assumed to be Gaussian under certain assumptions.

Let the pixel intensities of a current frame ai and a background frame bi with

Gaussian noise be ai+X and bi+Y respectively, where the camera noiseX ∼ N(0, σx
2)

and Y ∼ N(0, σy
2) are Gaussian distributed. The ratio of pixel intensities is expressed

as:
ai +X

bi + Y
=

ai
bi
+ X

bi

1 + Y
bi

= (
ai
bi

+
X

bi
)(

1

1 + Y
bi

)

Let r be ai
bi

which is a constant under our assumptions on a Lambertian surface.

Assuming the camera noise Y is smaller than the intensities of the pixels bi:

‖Y
bi
‖ < 1

then using the geometric series to expand the ratio of pixel intensities (with the higher

order terms ignored):

(r +
X

bi
)(

1

1 + Y
bi

) = (r +
X

bi
)[1− Y

bi
+ (

Y

bi
)2 + . . .] ≈ r +

X

bi
− rY

bi

Since X and Y are Gaussian distributed and independent, r + X
bi
− rY

bi
in the above

expression is also Gaussian because the sum of Gaussian distributed random variables

is also Gaussian.

Foreground/Background Pixel Classification

In our new technique, we combine the Gaussianity test together with the illu-

mination effect for an illumination-invariant foreground pixel detection method. We

determine the intensity ratio for each pixel of the current frame and the background

model. It is assumed that when there is no foreground objects in the scene, the ratios

of pixel intensity should be Gaussian distributed.

Under the assumption that camera noise is Gaussian distributed, i.e. the pixel

intensity of a frame is Gaussian distributed. As shown in Section 3.1.5, the illumina-
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tion effect which is a ratio of pixel intensities in two frames should also be Gaussian

distributed.

We first determine the pixel intensity ratio frame using Equation 3.17. Then

we determine the first four moments of the pixel intensity ratios R(x, y) (similar to

Equation 3.16):

Ĵk(x, y) =
1

M2

M−1
2∑

m=−M−1
2

M−1
2∑

n=−M−1
2

[R(x+m, y + n)]k, (3.19)

and we then construct the Gaussianity test by defining the test statistic as:

H(Ĵ1, Ĵ2, Ĵ4) = Ĵ4 + 2Ĵ4
1 − 3Ĵ2

2 (3.20)

In our experiments, if a set of samples in a block has a Gaussinity test statistic

greater than a pre-defined threshold τ , then the pixel is considered as a foreground

pixel.

FG(x, y) =





1 if H(Ĵ1, Ĵ2, Ĵ4) > τ

0 otherwise.
(3.21)

where τ is empirically determined and is set to be 50 in our experiments.

3.1.6 Fast Implementation Using an Extension of Integral Images

Determining H(x, y) in Equations 3.13 and 3.14 for the Gaussianity test is com-

putationally expensive. In this section we describe a fast method for the Gaussianity

test based on integral images discussed in Section 3.1.5.

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

To determine Jk(x, y) with Equation 3.19 for H(x, y) in Equation 3.14 using a fast

method, we define the kth integral moment IJk(x, y) of an image i(x, y) as:

IJk(x, y) =
∑

x′≤x,y′≤y

[i(x′, y′)]k (3.22)
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To determine Equation 3.22, the single pass implementation described in Equa-

tions 2.23 and 2.24 for the integral image is used. Consider a wb × hb block cen-

tered at pixel (x, y), the kth moment of the pixel intensity differences expressed in

Equation 3.14 is now given by,

Ĵk(x, y) = IJk(x2, y2)− IJk(x2, y1 − 1)− IJk(x1 − 1, y2) + IJk(x1 − 1, y1 − 1)

for k = 1 to 4, where x2 = x1+wb and y2 = y1+hb in this case. Finally, Equation 3.20

and Equation 3.21 are used to determine H(Ĵ1, Ĵ2, Ĵ4) for the Gaussianity test.

3.2 Object Tracking

We use moving object detection to obtain a binary foreground mask for every

frame. This indicates where the moving objects are located. Morphological filters are

used to post-process every binary foreground mask. Connected component labeling

is used to determine the number of moving objects in a scene [98]. The centroid and

size (which is modeled by the smallest rectangle that encloses the moving segment)

are determined for each component, and the information is used to initialize object

tracking.

A special case occurs when an object enters a scene from one of the four boarders

of a frame. In this case, it is very likely that there are frames where only part of an

object appears in (has entered) the frames, in this case the foreground binary mask

will be “touching” the frame boarder. Object tracking is only initialized when an

object has completely entered a frame. In this case the foreground binary mask will

“not be touching” the frame boarder. This “not touch” scenario is expressed in the

following in terms of a binary foreground mask FGt(x, y) at time t, with frame width

and height W ×H, which was defined previously in Equation 3.5. If the binary mask

has a value of 1 a pixel is classified as a foreground pixel and 0 if it is classified as a

background pixel.

FGt(x, y) = 0, if x = 0 or x = W − 1 or y = 0 or y = H − 1
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When an object completely enters a scene, object tracking is initialized. The

position and size of the moving objects can be extracted easily. The position is

determined as the centroid of the moving segment in the foreground mask, and the

size is modeled by the smallest rectangle that encloses the moving segment in the

foreground mask.

Once object tracking is initialized, moving object detection will terminate hence

no further foreground object masks will be generated.

In recent years, tracking techniques based on particle filtering has been exten-

sively studied [24]. Experimental results show that particle filtering outperforms other

conventional state estimation method such as Kalman filter for non-linear and non-

Gaussian systems. Particle filters generalize the traditional Kalman filtering methods

which provide the optimal solution only when the models have linear functions and

Gaussian noise [24].

As mentioned previously in Section 2.2.3, particle filtering is an iterative process

and each step consists of three major components. The first is state transition us-

ing the motion model, the second is the computation of particle weights (likelihood

estimation) using the observation likelihood function, and the third is resampling.

The focus of our study is based on likelihood estimation. We will describe in

detail:

• which visual features we use for object tracking

• how we represent the features as density functions

• how we assign weights to particles using the likelihood function discussed in

Section 3.2.1

• how we set parameters dynamically for the likelihood function discussed in

Section 3.2.2
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• how we investigate the trade-off between object tracking performance and com-

putational cost by subsampling the pixels for color density estimation in Sec-

tion 3.2.3

• how to construct the appearance model (density functions) using the fast im-

plementation discussed in Section 3.2.4.

3.2.1 Object Tracking with Particle Filtering

Particle filter 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 such as clutter and occlusions [24]. Experimental

results show that particle filtering outperforms other conventional state estimation

method such as Kalman filter for non-linear and non-Gaussian systems [21–24].

Object tracking can be considered as a hidden state estimation problem given

observations. The state can be the position, velocity, scale, or orientation of the

interesting object. The observation can be visual features such as color features or

edge features. Many techniques have been proposed for object tracking that rely on a

single feature [26,29,50]. Color distributions have been widely used as the appearance

model for tracking problems [26, 29, 50] because they are robust to partial occlusion

and are rotation and scale invariant. The use of color is flexible in the types of object

that they can be used to track, including rigid (e.g. vehicles) and non-rigid objects

(e.g. people). Color has limitations in the area where the background has a similar

color as the target object in that the tracker can be confused and lose track of the

object. Color distributions also have poor performance when the illumination varies.

Other features have been proposed in the literature for object tracking including

shape [28] and gradient direction [57] or a combination of multiple features such as

shape and color [61]. A single feature does not provide enough information about the

object being tracked and hence using multiple features can provide more information

about the object. For our approach, we use color (details will be discussed in Section
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3.2.1) and also introduce an edge feature (details will be discussed in Section 3.2.1)

for the observation likelihood function. The edge feature is useful for modeling the

structure of the object to be tracked. The edges are described using a histogram

based on the estimated strength and orientation of the edges.

The features are represented as probability density functions. To do this, con-

sider the case for color feature. We obtain a “weighted” color histogram using kernel

density estimation (details will be discussed in Section 3.2.1). This “weighted” color

histogram is known as the color density function. The target object to be tracked

and a particle (candidate as described previously in Section 2.2.3) is represented by

color density functions. The candidate will then be evaluated according to how much

its color density function resembles the color density function of the target object.

The Bhattacharyya distance is used for the metric of comparison, described in Sec-

tion 3.2.1. According to the likelihood model, more weights are assigned to candidates

with smaller Bhattacharyya distances (details are discussed in Section 3.2.1 and Sec-

tion 3.2.2). To illustrate this idea of the likelihood model, consider the example in

Figure 3.3, the candidate in red will be assigned a higher weight, and the candidates

in yellow will be assigned lower importance weights. At the end of each iteration, the

estimated state is the weighted average of all the candidates.

Color Features

This section describes how we model color features of a region R, where R can

be a region surrounding the object to be tracked or region surrounding one of the

hypothetical regions represented by a particle.

The color distribution is expressed by a m-bin histogram, whose components are

normalized so that the total count of all bins equals one. For a region R in an image,

given a set of nR pixels in R, denoted by S = {xi, i = 1, 2, . . . , nR} ∈ R, the m-bin

color histogram H(R) = {hj, j = 1, 2, . . . ,m} can be obtained by assigning each pixel,

xi to a bin, by the following equation:



51

Fig. 3.3. An example of particle weight assignment using visual fea-
tures. The candidate in red will be assigned a higher weight, and the
candidates in yellow will be assigned lower weights.

hj =
1

nR

∑

(xi)∈S

δj[b(xi)] (3.23)

where b(xi) is the bin index where the color component at xi falls into, and δ is

the Kronecker delta function.

In our experiment, HSV color space is used to construct a 8×8×4-bin histogram

for each region R. Less bins are used for V in order to reduce the sensitivity to

lighting conditions [50].
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Edge Features

Color is a powerful feature for target tracking, using only color features is suffi-

cient for most tracking tasks, including cases such as occlusion and rotation. However,

problems arise when the target object and background have similar color distribution.

It may be difficult to distinguish the object from background. To solve this prob-

lem, multiple-feature tracking is used because it provides more information about the

object. Edge features are introduced as a complementary feature to our appearance

model because it is useful for modeling the structure of the object to be tracked. The

edge features are used with a histogram based on the estimated strength and orien-

tation of the edges. Figure 3.4 and Figure 3.5 show the edge orientation histograms

of some persons and vehicles. The four examples for edge orientation histogram of

vehicle have peaks at the 4th and the 5th bins. The four examples of person have

significantly more counts at the 1st, 4th, 5th, and 8th bins. One can observe the

consistency in performance and reliability of such a simple low level visual feature.

Edges are detected using a simple horizontal and vertical Sobel operators Kx and

Ky, which are convolved with the original grayscale image I(x, y). The gradient

components of pixel xi in horizontal and vertical orientations, represented as Gx(x, y)

and Gy(x, y), have magnitudes:

Gx(x, y) = Kx ∗ I(x, y) (3.24)

Gy(x, y) = Ky ∗ I(x, y) (3.25)

where

Kx =




−1 0 1

−2 0 2

−1 0 1


 , Ky =




−1 −2 −1

0 0 0

1 2 1


 (3.26)

The strength and the orientation of the edges are defined as:

1. Strength

S(x, y) =
√
G2

x(x, y) +G2
y(x, y) (3.27)
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Fig. 3.4. Examples of edge orientation histogram of people.

2. Orientation

θ(xi) = arctan(Gy(x, y)/Gx(x, y)) (3.28)

A pre-determined threshold Tedge is used to remove noise, by discarding any edge

orientation with strength less than a threshold for the histogram construction. The

threshold is set to 100 in our experiments. The process is defined as:

θ′(xi) =





θ(xi) if S(x, y) > Tedge

0 otherwise
(3.29)

θ′(xi) instead of θ(xi) is used to construct the histogram.

For a region R in an image, given a set of nR pixels in R, denoted by S =

{(xi), i = 1, 2, . . . , nR} ∈ R, the k-bin edge orientation histogram EOH(R) = {ej, j =
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Fig. 3.5. Examples of edge orientation histogram of vehicles.

1, 2, . . . , k} is computed by assigning each pixel, (xi) to a bin, by the following equa-

tion:

ej =
1

nR

∑

(xi)∈S

δj[b(xi)] (3.30)

where b(xi) is the bin where θ′(xi) falls into.

Kernel Density Estimation

The probability density function of the visual features can be estimated using

the set of pixels S = {xi, i = 1, 2, . . . , nR} ∈ R by kernel density estimation. Kernel

density estimation is one of the most popular non-parametric methods for probability

density function estimation [26,55]. The features will be more unstable at peripheral

points in the region than its center when the object is suffering from partial occlu-

sions and background changes. To avoid this instability, assigning larger weights for
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the central points of the region is achieved by applying a convex and monotonically

decreasing function [50,99,100].

For a region R centered at pixel xc, a density estimator with kernel K(xc) is

defined as:

pr(xc) =
1

nR

nR∑

i=0

K
( |xi − xc|

h

)
(3.31)

where h is the size (also known as bandwidth) of the kernel, and |·| is the L2 norm.

A popular choice for kernel K(·) (for object tracking application) is the Epanechnikov

kernel, Ke(·), which is a convex and monotonic decreasing function, and it is defined

as:

Ke(x) =





3
4
(1− |x|2) if |x| < 1

0 otherwise
(3.32)

We estimate the probability density function by using every pixel in the region R

as a sample for the histogram (color histogram or edge orientation histogram) followed

by using a wk × hk Epanechnikov kernel filter (a weighting scheme for the histogram

construction). The probability of the quantized color vector (bin count of the kernel

filtered histogram) u in the object model is given by:

qu(xc) = C

nR∑

i=1

K(
|xc − xi|√
wk × hk

)δ[b(xi)] (3.33)

where C is the normalization factor

C =
1

nR∑

i=1

K(
|xc − xi|√
wk × hk

)

(3.34)

that ensures
∑

qu(·) = 1.

This “weighted histogram” obtained from the kernel density estimation is also

referred to as the appearance model in the remaining context of this thesis.
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Distance Measure

A target appearance model and a candidate appearance model are represented by

edge or color distributions described previously. A distance metric known as Bhat-

tacharyya distance is used to measure the dissimilarity. A observation likelihood

function is then used to assign a weight associated to a specific particle (new obser-

vation) according to the Bhattacharyya distance. To evaluate the similarity between

the appearance model of the target q, and the appearance model of the ith particle

at time t, denoted by p(s
(i)
t ), we employ the Bhattacharyya coefficient ρ(·) which is

defined as:

ρ[p(s
(i)
t ), q] =

m∑

u=1

√
pu(s

(i)
t )qu (3.35)

where m is the total number of quantized color vectors (histogram bins). Using

the above function, the larger ρ(·) is, the more similar the two distributions are. For

two identical normalized histograms we obtain ρ(·) = 1, indicating a perfect match.

To quantify the distance between two distributions, the distance dfeature is defined as:

dfeature(p(s
(i)
t ), q) =

√
1− ρ[p(s

(i)
t ), q] (3.36)

which is known as the Bhattacharyya distance. The observation likelihood func-

tion uses this distance to assign a weight to each particle. A sample with small

Bhattacharyya distance corresponds to a larger weight; similarly, a sample with large

Bhattacharyya distance corresponds to a smaller weight. The weights are approxi-

mated using a Gaussian distribution of the Bhattacharyya distances.

The distance dcolor(·) is determined from the color distribution, while dedge(·) is

determined from the edge orientation distribution. They are combined by:

d(p(s
(i)
t ), q) = 0.5× dcolor(p(s

(i)
t ), q) + 0.5× dedge(p(s

(i)
t ), q)

Note that the distance and the importance weight of the ith particle at time t,

d(p(s
(i)
t ), q) and w

(i)
t respectively, are represented as d and w for simplicity. After
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d is determined, it can be used to assign a weight to the particle. An observation

likelihood function that is typically used for this process is:

L(z|x) ∝ e−
d2

2σ2 (3.37)

The weights are assigned according to the likelihood function except that it must be

normalized and sum to 1:

w =
1

cw
e−

d2

2σ2 (3.38)

where cw is the normalizing constant that ensures:

∑

i

w
(i)
t = 1,

and the value of the parameter σ will be discussed in detail in the next section.

Dynamic Model

As mentioned previously, one major component of the particle filtering iteration

is the dynamic model, it is also known as the transition model. Let the ith sample

state of position (xt, yt) at time t be s
(i)
t , i.e. s

(i)
t = [xt, yt]

T . The transition model

that describes the dynamics of the object is given by:

s
(i)
t =


 1 0

0 1


 · s(i)t−1 +


 wxt

wyt


 (3.39)

where wxt and wyt are pre-determined Gaussian noise with zero mean and standard

deviation σx and σy. This model is also known as a random walk model with fixed

noise variance.

State Estimation

After determining the weights of all the samples, the position of the tracking

object at time t is estimated as the weighted average of the samples:
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E[St] =
1

∑N

i=1 w
(i)
t

N∑

i=1

w
(i)
t s

(i)
t (3.40)

3.2.2 Dynamic Parameter Setting for the Likelihood Model

The observation likelihood function (or likelihood model) is used to determine the

importance weights of particles. It is a function of distance between the target object

appearance model and the particle appearance model. If a particle has features similar

to the features of the target, this particle has a smaller distance from the object model,

and it will be assigned with a larger weight according to the observation model. The

observation likelihood function is expressed as L(zt|x(i)
t ) in Equation 2.20. In the case

of the standard implementation, the importance density q(x
(i)
t |xt−1,zt) is chosen to be

the dynamic transition model, p(x
(i)
t |x(i)

t−1). In this case, the observation likelihood

function is the only function that contributes to a particle’s weight. The observation

likelihood function is usually assumed to be a zero-mean Gaussian parametrized its

variance. The function is represented as follows:

L(z|x) ∝ e−
d2

2σ2 (3.41)

Because the observation likelihood function is used to assign importance weights to

particles, the function has a significant impact on the tracking performance in two

ways:

• The weights are used to estimate the state (i.e. location) of the target object

• Particles are re-sampled according to their weights, i.e. a high-weighted particle

will be duplicated and a low-weighted particle will be eliminated for the next

iteration.

The parameter σ of the observation likelihood model determines the “steepness” of

the function, i.e. how fast the function decreases as the distance increases. A similar

likelihood function is proposed in [57]:

L(z|x) ∝ e−
d2

2σ2 + ǫ (3.42)
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Fig. 3.6. Observation likelihood function with ǫ = 0.1 and σ = 0.15.

where σ and ǫ are the model parameters. σ determines the steepness of the function,

and ǫ is set to be a small constant. The function is shown in Figure 3.6, it is an

example of the function with ǫ = 0.1 and σ = 0.15. The figure is separated into 3

regions (R1, R2, and R3) for this discussion. For the good particles with distances

close to zero (R1 in the figure), the model introduces some tolerance for the difference

due to distortion. So particles fall into this region are assigned very high weights. The

plummet in R2 discards the bad samples when there are good particles present in R1.

The worst particles that fall onto R3 are weighted equally and are determined by ǫ.

In [57], the importance of choosing the optimal model parameters of the observation

likelihood function is investigated. The negative effects on the tracking performance

when the model parameters are too large or too small are shown. However, suggestions

on how to set the parameters are not provided.
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We present a technique to set the parameters of likelihood function dynamically

for each particle filtering iteration. From the likelihood function in Equation 3.41, we

rearrange and solve for σ

σ =

√
2

2

√
−dmin

2

logL
(3.43)

Where dmin is the distance of the most reliable particle (the particle with the

minimum distance), and

log(L) = −1

.

By using this σ, the “best” particle (i.e. the one with the minimum distance)

is assigned the highest weight. An adaptive σ always ensures the best particles are

assigned the highest weights and the worst ones are assigned a small value ǫ. For

example, for the case of a fixed σ = 0.15 is used, as shown in Figure 3.6, if all

particles have distances greater than 0.4, then all particles fall onto R3 and they

are all assigned equally low weights ǫ. As a result the likelihood function will not

differentiate the difference between particle with distance equals 0.4 and particle with

distance equals 1. However, by adaptively setting σ according to dmin, there will be

at least one particle that falls onto R1, and the worst particles will still fall onto R3,

making the observation likelihood function more discriminative.

Consider the case where the particle that results in dmin is an outlier. In that case,

the adaptive σ would still have a value that is too small, as a result, majority of the

particles would have small weights using Equation 3.38. For this reason, we determine

the value of σ using the standard deviation of the distances in this case when adaptive

σ is too small. We detect this phenomenon (i.e. majority of the particles having small

weights) by determining if at least a certain percentage of the particles have weights

smaller than a threshold (e.g. 70% of the particles have weights less than 0.05). In

this case, we use σ = 2 × σdist instead, where σdist is the standard deviation of the

distances.
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3.2.3 Effect of Subsampling on Color Density Estimation

In this section we investigate the trade-off between object tracking performance

and computational cost by subsampling the pixels for color density estimation. The

motivation of this section is that each iteration of particle filtering based tracking

system consists of three steps: state transition, likelihood estimation, and resampling.

Generally, likelihood estimation requires the most computational cost among all these

operations [101]. For example, it has been shown that computation of the color

histograms at each iteration is a major bottleneck of the color-based particle filter

object tracking [64]. The traditional way to compute the color density is to construct

the color density using every pixel in the tracker. But in this thesis, we use a subset

of the pixels inside the tracker for the color density construction e.g. subset of pixels

that forms a checkerboard pattern. This pattern is shown in Figure 3.7. Only the

pixels marked by crosses are used to construct the color distribution. This method

takes advantage of the spatial redundancy of natural images since neighboring pixels

are highly correlated.

Fig. 3.7. The pixels marked by a cross are used to construct the
histogram. Left: One half of the pixels are used. Right: One quarter
of the pixels are used.
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In this thesis, we will investigate the trade-off between object tracking performance

and computational cost by subsampling the pixels for color density estimation.

3.2.4 Fast Method For Constructing The Appearance Model

Utilizing the concept of integral images, the integral histogram [69] is proposed as

a fast method to construct histograms over rectangular regions. The idea is the same

as integral image described in Section 2.2.4. To construct the integral histogram,

similar to Equation 2.22, an integral histogram is defined as:

IHj(x, y) =
∑

x′≤x,y′≤y

δj[b(x, y)] (3.44)

where b(x, y) is the bin index where the color component at (x, y) falls into, and δ is

the Kronecker delta function. This is similar to the regular histogram construction in

Equation 3.23 except that it sums every pixel for x′ ≤ x, y′ ≤ y instead of the pixels

in a rectangular region (x, y) ∈ R which can be anywhere in a frame.

The integral histogram is propagated from the top left corner of an image and

at each new visited pixel, one single bin of the integral histogram is updated. To

find the histogram of a rectangular region using the integral histograms, the value of

each histogram bin over any rectangular region R can be obtained with 3 arithmetic

operations, similar to Equation 2.25, as show in the following:

hj(x, y) = IHj(x2, y2)− IHj(x2, y1−1)− IHj(x1−1, y2)+ IHj(x1−1, y1−1) (3.45)

where j is the index of the histogram bin.

Despite the gain in the computational cost, the integral histogram only allows a

fast implementation of uniform kernel filtering (also known as box filtering or uniform

filter), i.e. it constructs a histogram of equally weighted pixels. However, it has been

shown that convex and monotonically decreasing, e.g. Epanechnikov and Gaussian

kernels [49] are required for better performance in object tracking. In this thesis,

we present an extension of the integral histogram for non-uniform kernel filtering. It

approximates filtering kernels using a weighted sum of uniform kernel filters. The
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number of uniform filters used are N = 3 to 6. We will also refer to the weighted sum

of uniform kernel filters as the “staircase function” in this thesis. Figure 3.8 shows

how the non-uniform kernels are approximated by the staircase functions with N = 4.

Fig. 3.8. (a) An Epanechnikov kernel. (b) Approximated Epanech-
nikov Kernel using N = 4.

The advantage of this method is that only one integral histogram has to be con-

structed (i.e. Equation 3.44 is determined once only) regardless of what the kernel

function is. A larger N (number of stacked uniform filters) approximates the ker-

nel function more accurately, with the trade-off 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 (box filter sizes), and

weights (box filter height). In order to optimize the parameters in the minimum mean

square error (MMSE) sense, we define the cost function:

C =

wf∑

m=1

hf∑

n=1

(K(m,n)− K̂(m,n))2 (3.46)

where K(·, ·) is the original wf × hf kernel function, K̂(·, ·) is the staircase function

that approximates K(·, ·). We use a method to optimize the parameters that utilizes

a method that was developed in 1957 by Lloyd (also known as k-means method)

[102,103] for quantizer design.
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Parameters Optimization

In order to find the parameters of the staircase function K̂(·, ·) that minimize the

cost function in Equation 3.46, let the mean square error (MSE) and the staircase

function as:

MSE =
1

wf × hf

wf∑

m=1

hf∑

n=1

(K(m,n)− K̂(m,n))2 (3.47)

where

K̂(m,n)
N∑

i=1

ai[u(m,n)− u(m− wi, n− hi)] (3.48)

and u(·, ·) is the 2-dimensional step function, ai is the height of the box filter, wi and

hi is the size of the 2-dimensional box filter.

A 1-dimensional case of this problem is illustrated in Figure 3.9, it is the Epanech-

nikov 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.

Fig. 3.9. The shaded part represents the approximation error of the
kernel function using a staircase function.
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As stated previously, a larger N approximates the kernel function more accurately,

Figure 3.10 below shows the plots of the approximation error with increasing N using

the Gaussian kernel and the Epanechnikov kernel.
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Fig. 3.10. The approximation error with increasing N , the kernel
function used to generate the figure is (a) Gaussian kernel and (b)
Epanechnikov kernel.

Using this method for color density construction, the weighted sum of histogram

bins hu(x, y) in Equation 3.45 are used. An estimation of the color density is:

p̃u(x, y) =
N∑

i=1

ai[hu(x, y)] (3.49)

3.3 Crowd Analysis

The work presented in this section was done by the author jointly with Satyam

Srivastava.

There are various research topics in video surveillance related to crowds. For

example, crowd density estimation, face detection and recognition in crowds, crowd

abnormal behavior detection. In our work, we focus on the problem of crowd flow

estimation. We address the problem of accurate estimation of crowd flow using a

single view. This analysis can help determine the average pedestrian traffic at a point
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of interest, detect important ingress/egress points and possible bottlenecks, and also

detect panic situations when the crowd motion patterns become anomalous. Our work

extends the related work in crowd density [78] and flow estimation [81, 82]. There

are two main new concepts described in our method – we use two unrelated features

(foreground pixels and texture) to make the analysis more robust and we describe a

complete process of training and deploying the system. Our method highlights the

role of human user input for training which allows it to be flexible and work seamlessly

even when crowd densities change significantly. We tested our methods with crowd

videos from publicly available datasets and obtain good accuracies. Figure 3.11 shows

an overview of our proposed method for crowd flow estimation for testing data. The

training process will be described later in Section 4.3.1.

3.3.1 Flow Estimation by Pixel Accumulation

As stated earlier, our goal is to estimate the number of persons crossing a chosen

area in a given time interval. This is referred to as “flow,” and the designated area

as a virtual “trip wire.” A direct approach would consist of detecting and tracking

every individual in the scene (at least those near the trip wire) and updating the count

when any such tracked individual crosses the trip wire. However, robust simultaneous

tracking of potentially hundreds of targets is not practical.

We use an indirect approach for flow estimation with the working hypothesis that

certain low level image features are closely related to the presence and density of

people in the scene. Specifically, our approach accumulates the number of foreground

pixels in the trip wire region over a period of time. This cumulative pixel count is

then scaled to produce an estimate of the flow. This scaling factor is the typical

number of pixels accumulated when one person crosses the trip wire.

Our approach is based on the weighted pixel counting method described in [81].

In order to estimate the flow (persons per second), we consider a set of consecutive

frames of duration T seconds. The frames are represented as
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Fig. 3.11. An overview of our proposed method for crowd flow estimation.

Fni
= fni

(x, y). (3.50)

Here ni is the frame number with i = 0, 1, . . . , N − 1 where N is the total number

of frames in the segment (related to T through the frame rate). Finally, let the trip

wire be represented as a set ℜ = {f(x, y)|(x, y) ∈ trip wire}.
For flow estimation using pixel accumulation, we consider the RGB color of a

frame at (x, y) to determine the foreground pixels. Background subtraction is a

widely researched topic in image analysis [104]. We use a low complexity adaptive

background subtraction technique [105] to classify the pixels in ℜ. In this technique

the RGB background model is constructed progressively and the decision threshold
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is determined from the scene statistics. Note that the computational cost of back-

ground subtraction in only the trip wire region is much smaller than the cost for the

entire frame. We can represent the foreground mask by an indicator function I(x, y).

Figure 3.12 shows an example of a video frame and the associated foreground mask

in the trip wire region (indicated by red lines).

To classify the foreground pixels in ℜ, the background subtraction method de-

scribed in Section 3.1.3 is used to account for background dynamics in some of the

sequences.

Fig. 3.12. An example of foreground mask generation by background subtraction.

The pixel count in trip wire region ℜ is described as follows:

ST =
N−1∑

i=0

∑

x,y∈ℜ

Ini
(x, y). (3.51)

Note that some weighting scheme is needed to account for the effects of perspective,

velocities, and direction of motion with respect to the normal to the trip wire. Meth-

ods to compensate for these effects were described in [81]. Here, we assume that

the combined effect of these methods can be represented by a single weight factor

wni
(x, y). Thus, the weighted pixel summation is given by:

S̃T =
N−1∑

i=0

∑

x,y∈ℜ

Ini
(x, y)× wni

(x, y). (3.52)

The second step in the estimation process involves scaling the weighted pixel count

S̃T by the number of weighted pixels obtained when an individual crosses the trip wire.
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We represent this quantity by C. The final estimate of the number of persons crossing

the trip wire in time T is:

νT = S̃T/C. (3.53)

It is important to note that the scaling factor C is highly dependent on the se-

quence (size of individuals) and “crowdedness” of the scene. Crowdedness is related

to the crowd density level, that is the number of persons present in the scene. A

scene of high crowd density level has more occlusions with people. Thus, the factor

C is obtained by a training process which is described in Section 4.3.1. Furthermore,

multiple such factors are computed for a sequence and the most appropriate is auto-

matically selected based on the estimated crowdedness. In [81] the variation was not

considered resulting in a single C for a sequence. This approach would not be accu-

rate in cases with occlusion. Later, an improvement was suggested to use foreground

pixel count (in the full frame) for estimating the crowd density levels [82]. In this

thesis, we propose the use of texture features to determine the crowd density level.

This approach is better than the one using foreground pixel counting [82] because

texture features are more robust to small variations in the background and lighting.

We estimate the texture features in a subset of the frame known as the region of inter-

est (ROI). We next describe the computation of the texture features (Section 3.3.2)

used for density estimation. These features are associated with various levels of crowd

densities through a training process described in Section 4.3.1.

3.3.2 Crowd Density Level Estimation with Texture Features

Crowd density level is closely related to the amount of occlusion of persons (by

each other). In a flow estimation problem this becomes important because the number

of pixels accumulated over a period of time does not scale linearly with the number

of persons in presence of occlusion. Typically, an individual contributes more fore-

ground pixels in a sparsely crowded scene than in a densely crowded scene. Therefore,



70

we propose using different scaling factors (C in Equation 3.53) according to crowd

density.

Our approach to crowd density estimation is related to the work by Marana et

al. [78]. This approach is based on the hypothesis that the presence and density of

persons in a scene changes the texture of the scene. More specifically, a crowded scene

typically results in a finely textured image. In contrast, the image of the same scene

with fewer persons would be more coarse-textured or untextured. We characterize the

texture content of the image with features extracted from the gray level co-occurrence

matrix (GLCM).

The GLCM proposed by Harailck et al. [106] is a statistical method to describe

texture feature. A GLCM is, essentially, a two-dimensional histogram of the number

of times that pairs of intensity values occur in a given spatial relationship [106]. This

spatial relationship is defined by a displacement vector, d = (d, θ).

The GLCM Pd(i, j) is 256× 256 (the image is 8-bit and not quantized) and each

entry of the GLCM is the number of times that the intensity values pair i and j which

are separated by a distance d occurs:

Pd(i, j) = |{{(u, v), (u, v) + d}|I(u, v) = i, I((u, v) + d) = j}| (3.54)

where (u, v) are the pixel locations in the image I(·) and | . | denotes the cardinality
of the set. The matrix should be normalized and sum to 1. Several descriptors can

be obtained from GLGM:

1. Energy

f 1
d
=

Ng∑

i,j=1

Pd(i, j)
2 (3.55)

2. Contrast

f 2
d
=

Ng∑

i,j=1

Pd(i, j)(i− j)2 (3.56)

3. Entropy

f 3
d
=

Ng∑

i,j=1

−Pd(i, j) logPd(i, j) (3.57)
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4. Homogeneity

f 4
d
=

Ng∑

i,j=1

Pd(i, j)

1 + |i− j| (3.58)

We construct the GLCM by considering pixel pairs differing by 1 intensity level.

Further, we repeat the process for four spatial orientations corresponding to right (0 ◦),

top-right (45 ◦), top (90 ◦), and top-left (135 ◦) neighbors. These spatial relationships

are also represented in terms of the horizontal and vertical displace as (0,1), (-1,1),

(-1,0), and (-1,-1) and they are shown in Figure 3.13 . For each of the four matrices

P0,1, P−1,1, P−1,0, P−1,−1 we obtain four statistical features defined in above – energy,

entropy, homogeneity, and contrast. We concatenate these features to represent the

texture by a single vector τ in a 16 dimensional feature space.

Fig. 3.13. Four spatial relationships for GLCM.

Consider a video sequence in which crowd densities occur at k levels such as

“sparse,” “low,” and “very high.” We obtain the feature vectors τ1, τ2, . . . , τk through

a training process detailed in Section 4.3.1. While classifying the density level for a
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test frame, we estimate the distance between the test frame’s feature vector τtest and

the k reference vectors. The density level is then determined by a nearest neighbor

rule. Let l represent the crowd density level for a given frame. Then,

l = argmin
i

d(τtest, τi), (3.59)

where d(, ) is the distance function and i ∈ {1, 2, . . . , k}. We use the Euclidean

distance after normalizing the values of each feature to approximately [0.0, 1.0]. The

goal of this scaling process is to make the 16 dimensions comparable rather than

enforce probability-like constraints. Thus, some values may lie outside of the range

which is acceptable. The normalization is achieved using the maximum and minimum

values of the features from the training frames. Since the scaling factor depends

primarily on the crowd density near the trip wire, we estimate the texture features

only in a subset G of the frame such that G = {f(x, y)|(x, y) ∈ ROI}. This region

of interest (ROI) is specified during the training process and contains the trip wire

(ℜ ⊂ G).

Note that for a sequence with k crowd density levels, there should be k scaling

factors C1, C2, . . . , Ck to be used for flow estimation. If the density level for frame ni

is l(ni), then the final flow estimation is obtained by combining the steps in Equa-

tion 3.52 and Equation 3.53 as follows:

νT =
N−1∑

i=0

∑

x,y∈ℜ

Ini
(x, y)× wni

(x, y)

Cl(ni)

. (3.60)

The experimental results of our proposed methods are discussed in detail in the

next chapter.
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4. EXPERIMENTAL RESULTS

4.1 Moving Object Detection

In this section, we will use test sequences with background dynamics such as wav-

ing tree leaves and sudden illumination change to examine the performance of our

moving object detection methods. Sources of the video sequences used in our experi-

ments include publicly available datasets, video sequences obtained from the Purdue

University Police Department, and sequences we acquired in the VIPER labratory.

We will show qualitative results of moving background subtraction using the inten-

sity based foreground/background pixel classification and its comparison with Gaus-

sian Mixture Model (GMM) [10]. We also compare the execution time of our proposed

intensity based foreground/background pixel classification method with GMM.

For sudden illumination change, we will use test sequences under extreme illumi-

nation change (including one of the the most challenging publicly available datasets

for sudden illumination change “Wallflower - light switch”) for our proposed illumi-

nation model based statistical method. We also show the speed gain comparison of

our proposed fast implementation of Gaussianity test with the naive implementation

of Gaussianity test.

4.1.1 Intensity-Based Background Subtraction

Figure 4.1(a) shows a frame in a sequence taken by a surveillance camera installed

in a building on the Purdue University campus. A corresponding binary foreground

mask is shown in Figure 4.1(b). The mask is obtained by the intensity-based back-

ground subtraction method using Equation 3.6. A histogram of the difference image

and the adaptive threshold determined using the method described in Section 3.1.4
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are shown in Figure 4.1(c). Most of the pixel differences in the histogram are close to

zero as a result of differences between the same background region. There is another

peak near pixel value 110 which comes from the differences between the foreground

pixels of the current frame and the background model. It takes 3 - 5 iterations on

average to compute the threshold for each frame to determine the adaptive threshold.

Figure 4.2 and Figure 4.3 show the experimental results and comparisons with

GMM. In both figures, the top row in the figure shows the original current frames, the

second row shows the background models, the third row shows the binary foreground

masks using our proposed method, the fourth row shows the background models using

GMM , and the last row shows the binary foreground masks using the GMM method.

The GMM method requires 1/α number of frames to construct a background that

does not have the foreground contamination. This means, for example, if the learning

rate is 0.01, then GMM will need 100 frames to construct a background that does

not have any “history” of a person passing by.

As shown clearly in Figure 4.2, the background model using our proposed method

is not contaminated by foreground pixels because the learning rates for the back-

ground update for the uncovered region have very small values. This is because the

pixels are just uncovered, which means the number of consecutive frames the pixel

being a background pixel is very small, and hence α2 in Equation 3.10 has a very

small value. This value will increase as the uncovered background pixels become

more stable over time.

Figure 4.3 shows the result of a sequence taken in an outdoor scene, with many

waving tree leaves and bushes. Our proposed temporal background pixel count elim-

inates most, but not all, of the false alarms (false positives) from the moving tree

leaves, as shown in frame 139. This is because there are pixels of tree leaves have

been static (remain as background pixels) for a long period of time and the α2 has a

high value in this case. The pixels are detected as foreground pixels when they start

moving again.
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Fig. 4.1. (a) Current frame (b) Binary foreground mask (c) Histogram
of the difference image and the adaptive threshold
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Fig. 4.2. The 5 columns show frame 75, 85, 96, 110, 120 of a sequence.
Row 1: original frames. Row 2: background models of our proposed
method. Row 3: binary foreground masks of our proposed method.
Row 4: GMM background models. Row 5: GMM foreground masks.

4.1.2 Computational Complexity Comparison

We observe that our method has a much lower computational complexity com-

pared to a typical GMM-based method [10]. Table 4.1 shows the execution time

comparison of our method and a GMM-based method. Execution time is an estimate

of computaional complexity. However, it should be noted that while the actual time

durations depend on the computing platform, their relative magnitudes provide a

direct comparison of their complexity.
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Fig. 4.3. The 5 columns show frame 113, 115, 126, 130, 139 of a
sequence. Row 1: original frames. Row 2: background models of our
proposed method. Row 3: binary foreground masks of our proposed
method. Row 4: GMM background models. Row 5: GMM foreground
masks.

4.1.3 Statistical-Based Background Subtraction

Figure 4.4 shows the results of 4 frames taken from the publicly available dataset

Wallflower [35]. The sequence is known as “light switch” and it is known to be one

of the most challenging sequences for sudden illumination change. The sequence has

a person entering a dark room, switching on the light, and sitting down. The first

column shows the results of our background model which is very dark, the second

column shows the current frames and are taken from shots after the light is switched



78

Table 4.1
Table of execution time of our method and a GMM-based method

Sequence GMM Our Proposed Method

A 1008 191

B 983 189

C 1881 331

D 2150 395

E 2029 393

on. The third column shows the generated foreground mask using our proposed

method. Now consider the first frame shown on the top row, the result has three

sources of false detections, 1) the door slit is detected as a false positive, 2) the

monitor is detected as foreground and is a false positive, and 3) the person’s face is

not detected and is an example of false negative. Our proposed method works based

on the assumption that the surface is Lambertian (perfectly diffuse) and clearly this

does not hold for non-Lambertian surface such as human skin. Another assumption is

that the irradiance should be a constant for every pixel in a frame. This assumption

also does not hold when there is light coming from the other room through the door

slit. The computer monitor is a light source so again it is a non-Lambertian surface.

Our proposed method fails when at least one of these assumptions does not hold.

The results of the wallflower sequence [35] is also compared with the ground truth

that is segmented by hand. Two metrics for characterizing the Detection Rate (DR)

and the False Alarm Rate (FAR) are used and they are defined as follows:

DR =
TP

TP + FN
(4.1)

and

FAR =
FP

TP + FP
(4.2)

where
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Fig. 4.4. Wallflower dataset light switch sequence. Column 1: back-
ground models. Column 2: current frames. Column 3: generated
foreground mask using our proposed method.

• TP (true positive): detected regions that correspond to moving objects

• FP (false positive): detected regions that do not correspond to a moving object,

(also known as false alarms).

• FN (false negative): moving objects not detected. (also known as misses)

The results are shown in Table 4.2.
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Table 4.2
Table of Detection Rate and False Alarm Rate

Our Proposed Method GMM

DR 0.8201 0.7006

FAR 0.0613 0.9425

Figures 4.5 and 4.6 show the results of two other sequences which have extreme

sudden illumination change. Both sequences are acquired in the VIPER lab and both

have grayscale intensity changes of more than 100. The sequence in Figure 4.6 is a

very challenging test sequence. A person appears in the scene (as shown in Figure

4.6b) but it is so dark that even human observers can barely notice the person. Similar

to the previous sequence, human skin in both frames are is missed (not detected).

Other false positive detections in the frames are errors due to specular reflections in

the scene.

4.1.4 Fast Implementation

To investigate speed improvements for the Gaussianity test using an integral mo-

ment implementation, we use a test image of 512 × 512, and determine H(x, y) for

every pixel of the image using block sizes ranging from 5 to 65. The execution time

for both naive implementation and integral moments implementation, and the speed

improvements are shown in Table 4.3. The speed improvement increase as the block

size increases. This is due to the integral image approach always determines the sum

of an area using four memory accesses regardless of the size of the area to be summed.

However, with the naive implementation, the computational complexity increases as

the size of the area to be summed increases.
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Table 4.3
Execution time in seconds

Block Size Naive Implementation Fast Implementation Speed Improvement

5× 5 1.667873 0.208484 8

9× 9 4.376945 0.198952 22

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

(c) 3D Plots of H. (d) Detection results.

Fig. 4.5. (a) Background model with average grayscale intensity =
156. (b) Current frame with average grayscale intensity = 55. (c) 3D
Plots of H. (d) The pixels detected as foreground are white.

4.2 Object Tracking

4.2.1 Effect of Subsampling on Histogram Construction

In order to test the effect of using only a subset of pixels in the color histogram

construction on object tracking performance, we use a still image from a video se-

quence and define a region of interest in the image for histogram construction. The

testing region of interest has a human body that is enclosed by an elliptical tracker. A

color histogram constructed using all pixels in the ellipse is constructed and is used as

a control for comparison. Two histograms using only a subset (i.e. one half and one

quarter) of the pixels are constructed and are compared with the control histogram.
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(a) Background model . (b) Current frame.

(c) 3D Plots of H. (d) SM detection results.

Fig. 4.6. (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) 3D Plots of H. (d)
The pixels detected as foreground are white.

All Pixels Half of the Pixels One Quarter

execution time(sec) 0.1304 0.0498 0.0252

ρ 1 0.9998 0.9993

distance 0 0.0157 0.0258

L(z|x) 1 0.9946 0.9853

Table 4.4
Similarity between histograms with σ = 0.15.

The comparison is done in terms of the Bhattacharyya coefficient ρ using Equation

3.35, Bhattacharyya distance using Equation 3.36, the observation likelihood using

Equation 3.41, and computational time.



84

The results is shown in Table 4.4. For the case with only half of the pixels being

used, the computational complexity was decreased by about 50%. With ρ and the

distance between the histogram with all pixels being used and the histogram with

only one half of the pixels being used were very close to 1 and 0 respectively. For the

case with only one quarter of the pixels being used, the computational complexity

was decreased by about 25%, with ρ and distance very close to 1 and 0 as well.

It is shown in our experiments that this approach works well and takes advantage

of the spatial redundancy of natural images in that their neighboring pixels are highly

correlated.

4.2.2 Experimental Results

In all our experiments, the number of particles N is set to be 500 for each frame.

Sources of the video sequences used in our experiments include publicly available

datasets (CAVIAR dataset [107] taken with one camera with ground truth provided),

video sequences obtained from the Purdue University Police Department, and se-

quences we acquired in the VIPER lab. The dataset has a wide variety and it consists

of:

• Different frame sizes

• Different frame rates

• Moving objects: human or vehicles

• Date time and night time

• Indoor or outdoor

• Scenes with high or low illumination

• Moving and static camera

• Different camera views (aerial, ground, rooftop)
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• With and without occlusion

• Single or multiple objects

Figure 4.7 shows a person walking indoor from right to left in a school classroom.

The sequence is taken with one camera which is static from the ground view. It is a

color video with frame size 384 × 288, and frame rate of 25 fps. The person is tracked

very accurately from the frame he/she enters the scene until he/she leaves the scene.

Figure 4.8 shows a bus traveling on the road approaching the camera. The se-

quences is taken with one camera which also has slightly shaky camera movement

from a rooftop view. It is a color video with frame size 384 × 288 and frame rate of

25 fps. The perspective is changing as the bus is approaching the camera (the scale is

increasing). The vehicle is tracked very accurately from the frame it enters the scene

until it leaves the scene.

Figure 4.9 shows the tracking of a person walking in an indoor scene. The sequence

is taken with one camera which is static from the aerial view. It is a color video with

frame size 640 × 480 and frame rate of 25 fps. The person is tracked very accurately

from the frame he/she enters the scene until he/she leaves the scene.

Figure 4.10 shows a person walking in an outdoor scene during daytime it is from

a real video surveillance dataset. The sequence is taken with one single camera which

is static, from the rooftop view. It is a color video with frame size 704 × 480, and

frame rate of 25 fps. The person is tracked very accurately from the frame he/she

enters the scene until he/she leaves the scene.

Figure 4.11 is a sequence from the publicly available dataset CAVIAR. The se-

quence shows a person walking in an indoor scene. The sequence is taken with one

wide angle camera lens in the entrance lobby of the INRIA Labs at Grenoble, France.

The camera is static and the sequence is from a rooftop view. It is a color video with

frame size 384 × 288 and frame rate of 25 fps. The person is tracked very accurately

from the frame he/she enters the scene until he/she leaves the scene.
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Figure 4.12 shows an example where the tracking method fails when there is a

complete occlusion. The test data is a sequence of an outdoor scene in a real video

surveillance dataset. The sequence is taken with one camera which is static from a

ground view. It is a color sequence with 352×240 (SIF) resolution and frame rate

of 25 fps. The car to be tracked is a white sedan, it is then completely occluded

by a black truck. During this period of occlusion, none of the particles have small

Bhattacharyya distance because not even part of the car is visible. Low importance

weights are assigned to all of the particles according to the likelihood function as a

result of the occlusion. The estimate ended up getting “stuck” in the sky and loses

track because the sky has a relatively similar appearance to the white car. This is a

typical example of particle filter based object tracking failure.

Figure 4.13 shows an example with multiple object tracking. The test data is an

outdoor scene during daytime. The sequence is taken with one camera which is static

from a ground view. It is a color sequence with 640×480 resolution and a frame rate

of 25 fps. Note that the experiment is set up using two individual particle filtering

object trackers and the two trackers work independently.

The effect of the observation likelihood function using dynamic parameter setting

in Equation 3.43 was also investigated. In Figure 4.14, the left column shows three

histograms of distances and three likelihood functions using 3 different σs are overlaid

on the same figure. The three distributions of the importance weights result from the

3 likelihood functions are shown on the right column in the same Figure. The top row

is an example of a likelihood function which has a value of σ which is too small, as a

result, the majority of the particles are considered as bad and are assigned very low

importance weights. The second row shows an example of a likelihood function which

has a value of σ which is too high, as a result, majority of the particles are assigned

with equally high importance weights and hence the likelihood is not discriminative

enough. The bottom row shows the σ that is set dynamically using the method

described in Section 3.2.2. A significant portion of particles are assigned with high
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.7. Tracking results of a low-illumination sequence with a person
walking, the tracked object is circled: frame number (a)45 (b)55 (c)65
(d)75 (e)85 (f)95.
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.8. Vehicle tracking results of a bus; frame number (a)30 (b)40
(c)50 (d)75 (e)102 (f)110.
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.9. Tracking results of an indoor sequence with a person walk-
ing, the tracked object: frame number (a)20 (b)40 (c)60 (d)80 (e)100
(f)120.
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.10. Object tracking of an outdoor sequence with a person
walking; Frame number (a)5 (b)10 (c)15 (d)20 (e)25 (f)30.
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.11. CAVIAR dataset with a person walking and raising his/her hand.
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.12. An example where the tracking method fails when there is
a complete occlusion.
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.13. A sequence with multiple objects being tracked.
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weights and another significant portion of particles are assigned with lo weights. The

likelihood function is more discriminative with a dynamic σ.

Fig. 4.14. Left: Histograms of distances and likelihood function with
3 different σs Right: Histograms of importance weights resulted from
different σs

4.2.3 Implementation on the Nokia N810 Internet Tablet

We implemented our object tracking methods on a hand held device, the Nokia

N810 Internet Tablet. The Nokia N810 is a portable tablet computer with a 400

MHz ARM processor. It runs a Linux-base operating system known as Maemo. The

specifications of the device are:

• Processor: 400 MHz TI OMAP 2420

• Memory: 128 MB Random access memory

• Display: 800 × 480
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• Camera: 640 × 480 VGA

A picture of the device is shown in Figure 4.15.

Fig. 4.15. The Nokia N810 Internet Tablet Computer.

The detail of the implementation is described as follows:

• Particle filtering described in Section 3.2.1 is used

• Only color feature (no edge) described in Section 3.2.1 is used

• Dynamic parameter setting described in Section 3.2.2 is used

• Pixel sub-sampling for color density estimation described in Section 3.2.3 is not

used

• Number of particles used is 100

With the above implementation the device executes our object tracking method

at approximately 5 frame/second.
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4.3 Crowd Analysis

4.3.1 Training and Testing for Crowd Density Estimation

For each test sequence, a trip-wire ℜ and a region of interest G are specified with

graphical user input. Training with user input is required for two purposes – 1) to

associate the texture features extracted from the GLCM of the ROI with different

levels of crowd density and 2) to associate the number of foreground pixels on the

trip-wire with the number of persons for every crowd density level. The ROI is chosen

such that the trip-wire is bounded by it. An example of the trip-wire and the ROI is

shown in Figure 4.16.

Fig. 4.16. An example of the trip-wire and ROI.

Training of Texture Features

To associate the texture features extracted from the GLCM of the ROI with

different levels of crowd density, a training sequence is used and T frames are randomly

selected from it. The ROI from each of the T frames is displayed to the user who
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then assigns a label l to the frame which serves as the ground truth. The ROI of each

labeled frame is used to determine the GLCM and the 16-dimensional texture feature

vectors tni
(where ni is the index of the ith training frame and i = 1, 2, . . . , T )are

extracted from each GLCM. After all T feature vectors are determined, the average

of the set of feature vectors associated with the jth texture class is used as the “model”

of the jth density level:

τj =

T∑
i=1

tni
× δ[l(ni)− j]

T∑
i=1

δ[l(ni)− j]

. (4.3)

Here δ(x) represents an indicator function (or a Kronecker delta function) which is

zero everywhere except at x = 0 where it takes unit value.

Training of Foreground Pixel Counts

After constructing the texture models for different crowd density levels, the crowd

density level of each frame in the entire testing sequence is determined using the

models according to Equation 3.59. A plot of the result of this step is shown in

Figure 4.17. This plot also serves as an illustration for the training of foreground

pixel counts. A “stable” period of the plot is chosen for foreground pixel counts

training of each texture class. A set of consecutive frames is considered “stable” if

they all have the same texture classification.

Background subtraction is used to determine the foreground regions and this pro-

cess is done in the trip-wire region only. Hence the method has a very low computa-

tional cost. The accumulative foreground pixels S̃T are counted for the entire “stable”

period. Simultaneously, the frames are displayed to the user who counts the number

of persons νT crossing the trip wire (which can be fractional). These values are used

to estimate the scaling constant Cl for each texture class (or crowd density level) l.
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Fig. 4.17. A plot of a five-class texture classification on a test se-
quence. The “stable” periods are circled.

Testing: Finding the Number of Persons

Given a frame of a testing sequence the GLCM of the ROI is first determined and

the texture features are extracted from it. The crowd density level is then determined

using the models of different texture classes from the training process. Given a crowd

density level, the number of foreground pixels on the trip-wire is determined using

background subtraction. Finally, the number of persons is determined according to

Equation 3.60. This process is illustrated in Figure 4.18.

4.3.2 Crowd Flow Results

The methods described above were tested on surveillance videos most of which

are obtained from publicly available datasets [108, 109]. The UCF data was used by
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Fig. 4.18. A block diagram illustrating the training process.

Ali and Shah to test their methods for tracking subjects in crowded scenes [110] while

the UCSD dataset is designed for detecting anomalies in pedestrian crowds [111]. We

present the results in two parts. First, we show the effectiveness of texture based

classification for crowd density level estimation. We then present the final output of

our flow estimation system for several sequences.

Figure 4.19 shows examples of video frames of different crowd density levels from

two test sequences. The density levels (estimated and ground truth) are provided in

the captions. Note that bigger labels are used to represent higher density crowds.

Also note that the crowdedness levels are decided relative to each sequence. Thus,

the class 2 frames of the two sequences have very different density of persons.

The results of final flow estimation are presented in Table 4.5. We provide the

length of the test sequence, the number of persons crossing the trip wire (estimated

and ground truth), and the number of crowd density levels seen in the duration of the
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Fig. 4.19. Examples of crowd density estimation on three video se-
quences. The estimated and true (in parentheses) density levels are
(left to right) – Top: 3(3), 1(1), 2(2), Second: 1(1), 3(3), 4(4), Third:
2(2), 3(3), 1(1), Fourth: 1(1), 1(1), 2(2), Bottom: 1(1), 1(1), 1(1).

test. In most cases the estimate is close to the true flow irrespective of the change in

crowd density levels. Furthermore, there is no systematic over- or under-estimation

in our method.
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Table 4.5
Testing results for crowd flow estimation.

Seq Frames Estim

Flow

True

Flow

Density

Levels

1 200 16 19 1,2,3,4,5

2 100 1.0 1 1,2

3 100 7.9 6.5 1,2,3

4 200 25.5 24 1,2,3,4

5 110 9.1 8.5 2,3,4

6 110 4.7 5 1,2

The results above are tested on sequences between 4 and 20 seconds in length.

While our method would work equally well on longer sequences, it has been designed

to be particularly useful in real-time surveillance situations where instantaneous flow

might be more important than an average estimated over a long time. Our test

sequences also capture the difficult cases where crowd density fluctuates heavily (as

shown in column 5 of Table 4.5).

It should be noted that the accuracy of the methods is sensitive to the training

of texture models. More specifically, the random selection of frames affects how well

the texture models represent each class. We observe that choosing more number of

crowd density levels can result in higher accuracy in flow estimation but the gain in

accuracy becomes smaller with very large number of levels. Also the ROI is selected

such that it can represent the texture of the local density near the trip-wire. It should

be large enough to contain multiple persons around the trip wire. However, a very

large ROI would incur unwanted influence from persons far from the trip wire and

would increase computational cost.

Our method obtains the scaling constant for each texture level from training. This

constant can be interpreted as the average pixel per person pass through the trip wire
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for each texture level. Consider the case in a training video, when a person walk pass

a trip wire at an average speed, at a certain frame rate, say 25 fps, for this trip wire of

a fixed size, it requires 1 second (25 frames) for the person to walk pass the trip wire

completely. We would obtain the number of accumulated foreground pixels in these

25 frames, say 500 pixels. If we use only these 25 frames for training, then the scaling

constant would simply be 500. But if a person runs pass the trip wire, it would take

less time (and hence less number of frames) to pass the trip wire completely. Less

number of accumulated foreground pixels (say 200) would be estimated as a result of

this. With our proposed method, the estimated number of persons in this case would

be 200× 1
500

which is 0.4 and is underestimated.
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5. CONCLUSIONS AND FUTURE WORK

In this thesis we developed several methods for moving object detection (specifically

background model initialization, background maintenance, and foreground detection),

particle filtering based object tracking (the appearance model and methods for param-

eter settings for the likelihood model), a fast implementation for appearance model

construction, and crowd analysis (crowd flow estimation).

We consider robustness and computational cost as the major design goals of our

work. Our methods are designed to be proactive and capable of processing the video

stream for event analysis in real-time. Ideally they can assist human operators with

identification of important events in videos and responding to them in a timely man-

ner.

5.1 Thesis Contributions

This thesis describes our proposed methods for background subtraction, object

tracking, and crowd flow estimation for applications in visual surveillance. We con-

sider robustness and computational cost as the major design goals of our work. and

responding to them in a timely manner. The main contributions of the thesis are as

follows.

• Moving Object Detection - In the area of moving object detection a tech-

nique robust to background dynamics using background subtraction with adap-

tive pixel-wise background model update is described. A foreground-background

pixel classification method using adaptive thresholding is presented. Another

technique that is robust to sudden illumination changes using an illumination

model and a statistical test is presented. We also propose a fast implementation

of the method using an extension of integral images.
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• Target Object Tracking - Once a moving object is detected, the foreground

object mask generated is used to initiate object tracking in a particle filtering

framework. We propose a method for robust tracking with dynamic parameter

setting for the likelihood model of particle filtering. We investigate the trade-off

between object tracking performance and computational cost by subsampling

the pixels for color density estimation. In addition, we propose a fast method to

construct appearance model of particle filtering for object tracking application.

• Crowd Flow Estimation - We present a novel method for pedestrian “flow”

estimation that counts the number of persons passing a detection line (trip

wire) or a designated region over a period of time. The method is designed to

be robust to varying pedestrian flow rate (crowdedness). We assume different

level of crowdedness will result in different level of occlusion. We utilize texture

feature to classify different levels of occlusion. Number of foreground pixels

estimated from background subtraction is used as a complementary feature to

estimate the pedestrian flow.

5.2 Future Work

Our methods can be improved and extended in the following ways:

• An important problem that has been over looked in the literature of object

tracking is the integration of contextual/semantic information. For example, in

a vehicle tracking application, the location of vehicles should be constrained to

paths on the ground as opposed to somewhere in the air. Such a problem can

be improved by integrating object recognition into the object tracking process.

• The block size for Gaussianity test is an empirically determined threshold, the

problem of optimal block size should be investigated.

• Futher investigation is need concerning visual features and how they can be

used for object tracking. We use low level visual features such as color and
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edge distributions. Other more complex visual features such as SIFT and re-

gion covariance have been used for object tracking. Multiple features can be

combined as a complementary to each other, some features could be “cascaded”

in a hierarchical framework for more robust tracking.

• The crowd flow estimation technique we propose does not account for pedestrian

velocity. For example, if one person runs pass a trip wire very quickly, the count

will be lower than one because of his/her velocity. Motion vectors determined

using optical flow can be introduced into the method to account for varying

velocity. Our crowd flow estimation technique also does not account for direction

of the movement. For example it can not differentiate a person walking left to

right or right to left.

• We also make assumptions on the perspective of the field of view for the pro-

posed crowd flow estimation technique. Perspective distortion should be taken

into account for scenes with greater angle of view.

5.3 Publications
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1. Ka Ki Ng and Edward J. Delp, “Fast and Robust Object Detection and Track-

ing for Lightweight Visual Surveillance Systems,” IEEE Transactions on Cir-

cuits and Systems for Video Technology, in preparation.

2. Ka Ki Ng and Edward J. Delp, “Robust Crowd Flow Estimation Using Mul-

tiple Visual Features for Scenes with Changing Crowd Densities,” Journal of

Electronic Imaging, in preparation.

Conference Papers

1. Ka Ki Ng, Satyam Srivastava, and Edward J. Delp, “Segmentation With

Sudden Illumination Changes Using A Shading Model And A Gaussianity Test,”
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