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Summary

The demand for fully Autonomous Guided Vehicles (AGV) for land, aerial and under-

water environments is increasing day by day. However the applications of these vehicles

are limited due to the lack of their on-board intelligence. This is mainly due to the

limitations of the sensors used and the real-time processing capabilities for interpreting

the captured sensor data and the knowledge of how to process the data correctly in the

first place. Vision sensors are commonly used on AGVs. The amount of information

available in visual data is very high compared to other sources of data. The interpreta-

tion of the data for useful navigation information is a challenging task. Therefore it is

necessary to carry out research to recognize and interpret the visual data enabling the

vehicle to obtain a better understanding of its working environment.

In many applications, it is important to track a visual target in consecutive image

frames. Visual target tracking is one of the center research problems for vision based

autonomous vehicle navigation. It is a challenging task when both the cameras and

objects are moving in an outdoor unstructured environment. In this thesis, problems

such as data fusion, image features extraction, region of interest identification, target

state estimation and tracking have been closely studied. New methodologies have been

developed for vision based target tracking for autonomous vehicles.

The major contribution of this thesis is the whole novel system proposed. In the proposed

system, the sensor data fusion, image segmentation and clustering, template matching

and updating and Extended Kalman Filter based target tracking are improved with the

newly developed methods. All these contributions are explained briefly next.

First, in order that a moving object can be tracked in a moving background, the rela-
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tive speed between the cameras and objects is estimated. This relative information is

captured by optical flow vectors in the image sequence. In this thesis commonly used

optical flow estimation methods are studied and Horn and Schunck’s method is selected

to estimate the optical flow vectors field. At the same time the visual depth information

is estimated using the stereo disparity.

Next, in order to extract the region of interest (ROI) from the image, the image is

clustered and segmented. Different visual features are fused to make the image segmen-

tation and clustering more accurate to find the major motion regions. The K-means

based and the novel unsupervised Bayesian on-line learning based image clustering al-

gorithms are developed in this thesis. Video images segmentation results from different

methods are also compared. Since the unsupervised Bayesian on-line learning based

method gives better performance than the other methods tested in this thesis, it is used

in the proposed visual target tracking system.

Once the image is segmented, the ROI needs to be localized continuously through the

whole image sequence. First the Sum of Squared Differences (SSD) (or correlation)

based template matching method is used to identify the region of interest from the

clustered images. The matching is between the optical flow vectors template and the

clustered optical flow vectors field. Next, in order to improve the matching performance,

a novel Bayesian probability fusion based template matching and updating algorithm is

developed for the proposed visual target tracking system. Different template matching

methods are combined together through the Bayesian probability theory to give more

accurate and robust matching performance.

After the visual features of interest are extracted from the image sequence, it is necessary

to estimate the target’s 3D position and velocity in the world coordinate frame for

tracking. Here, the target’s optical flow vectors, image color information, 2D spatial

locations, and stereo disparities are used as visual features while the vehicle’s inertial

measurements are used to estimate the motion of the cameras. Then a novel sensor data

fusion scheme is proposed. The visual information is fused with the vehicle’s inertial

motion sensors data based on the image processing and velocity compensation methods.

The 3D dynamic information of the target is estimated in the world coordinate system
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and later tracked by using an Extended Kalman Filter.

In this thesis the Extended Kalman Filtering is developed by integrating the Interacting

Multiple Models (IMM) and Out-Of-Sequence Measurements (OOSM) solution algo-

rithms to improve the tracking performance. First, since the normal linear dynamic

models (such as the constant velocity model, constant acceleration model and so on)

are not very accurate in target tracking, several simple and basic linear dynamic models

are combined through the IMM method to approximate the unpredictable, complex or

highly nonlinear dynamics of the moving target for Extended Kalman Filtering. Sec-

ondly, because the tracking system is designed based on multi-sensor data fusion, the

OOSM problem exits. In this thesis the “1-step-lag” OOSM solution is conducted to

solve the OOSM problem. With the IMM approach and OOSM solution, the target

tracking accuracy is improved and the target’s 3D dynamic state estimation becomes

more robust.

In this thesis the proposed visual target tracking scheme has been tested and its per-

formance has been demonstrated through extensive experimental results. It can be

concluded that the proposed system is suitable for autonomous vehicle visual target

tracking.

KEY WORDS: Autonomous Guided Vehicle (AGV), Autonomous Underwater Vehicle

(AUV), Bayesian Learning, Charged Coupled Device (CCD) Cameras, Data Fusion, Dy-

namics Model, Extended Kalman Filtering, Expectation-Maximization (EM), Gaussian

Mixture Models (GMMs), Gradient Descent, Image Segmentation and Clustering, In-

teracting Multiple Models (IMM), K-Means, Kalman Filtering, Kinematic Model, Max-

imum A Posteriori Probability (MAP), Maximum Likelihood Estimation, Moving Cam-

era and Moving Object (MCMO), Occlusion, Optical Flow, Out-Of-Sequence Measure-

ments (OOSM), Pinhole Camera Projection, Probability Distribution Function (PDF),

Sensor Fusion, Sum of Squared Differences (SSD), Sum of Squared Errors (SSE), Sum

of the Absolutely RGB Difference (SAD), Stereo Vision, Target Tracking, Template

Matching and Updating, Unsupervised Learning
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1

Chapter 1

Introduction

1.1 Motivation

At present, the usage of autonomous vehicles is growing especially in applications such

as manufacturing, hazardous materials handling, surveillance, etc. The basic task in

any such application is the perception of the environment through one or more sensors.

Processing of the sensor input results in a particular representation of the unknown

environment, which can then be used for navigating and controlling the vehicle. The

autonomous vehicle navigation in an unknown environment is thus a quest that many

researchers have tackled over the years.

The general sensors used for autonomous vehicles include infra-red, sonar, laser, radar

and so on [134]. Compared to these types of sensors, vision sensors provide a whole new

way for autonomous vehicles to image the environment [43] [54] [119] [174]. Video images

plus the specialized computer vision algorithms can provide high resolution information

concerning the shape or range of the near objects and the environment. Coupled with

the availability of the increased computational power, visual sensor information not

only becomes appealing but also easily attainable in real-time. Thus in this thesis

the computer vision based navigation scheme is proposed for the Autonomous Guided

Vehicle (AGV) navigation.

During the past ten years much research has gone into the area of computer vision
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for autonomous vehicle navigation [43]. Many algorithms and methods have been pro-

posed, all with an ultimate common goal: to give intelligence to autonomous vehicles

to interpret the visual information. If the research goal is to send an autonomous ve-

hicle from one coordinate location to another, there is sufficient accumulated expertise

in the research community today to design algorithms which could do that in a typical

environment. But if the goal is to carry out the function-driven navigation, such as

chasing or following moving targets, avoiding the obstacle which is somewhere in a given

hallway and stopping at a stop sign (e.g. docking) under varying illumination and back-

ground conditions, it is still eons away. It is still the central research problem for the

vision based autonomous vehicle navigation that an autonomous vehicle must be aware

of the position and dynamic information of the certain moving objects encountered in

the environment.

Normally CCD cameras are used as vision sensors for autonomous vehicle navigation.

CCD cameras’ installation and maintenance costs are quite minimal and stereo CCD

cameras can also provide the three-dimensional (3D) scene analysis [54]. The position

and velocity of the target relative to the vehicle can be established continually by pro-

cessing the stream of the camera images, and this information can be used to navigate

the vehicle.

Generally the camera/object states in a tracking system can be divided into 4 categories

[149]: 1)Stationary Camera, Stationary Object (SCSO), 2)Stationary Camera, Moving

Object (SCMO), 3)Moving Camera, Stationary Object (MCSO), 4)Moving Camera,

Moving Object (MCMO). In the case of visual target tracking by autonomous vehicles,

both the camera and object move with respect to each other and it is the MCMO state.

Therefore, the main motivation of this research is to design a CCD camera based visual

target tracking system for autonomous vehicle navigation in the MCMO state.
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1.2 Applications of Visual Target Tracking for Au-

tonomous Vehicle Navigation

The moving target’s position and velocity information can aid the autonomous vehicle

to determine what constitutes its surroundings and what actions if necessary are to

be taken. The potential applications of such visual target tracking systems are: the

autonomous vehicle navigation, map building, robot localization, path planning, obstacle

avoidance, surveillance systems, intelligent transportation systems and human assistance

mobile robots and so on [43].

1.1.1: 1.1.2: 1.1.3:

Figure 1.1: Some applications of the visual target tracking system for autonomous ve-
hicle navigation. Fig.1.1.1 shows the general high way system (the image taken from
http : //www.tfhrc.gov/humanfac/presentation/). The visual target tracking based
intelligent transportation system can be developed here for road safety, vehicle avoid-
ances and so on. Fig.1.1.2 shows the mobile robots soccer (the image taken from the
web site of Automation Laboratory at University of Mannheim). Fig.1.1.3 shows the
human assistance mobile robots (the image taken from the proceedings cover of IEEE
ICRA 2005). The visual target tracking can help the mobile robots to fulfill the tasks
in all these applications.

In the intelligent transportation systems (Fig.1.1.1), the extraction and tracking of ob-

jects of interest are the necessary prerequisites for the development of intelligent au-

tonomous vehicles or mobile robots. In the case of forward collision avoidance, visual

moving objects tracking helps to distinguish the potential collision threats in terms of

their relevance to the intended path of the vehicle [103]. Apart from such applications

visual target tracking can also provide assistance to human drivers. One such applica-

tion can be in drowsy driver warning systems. The knowledge of moving objects around
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the vehicle enables a driver assistant system to alert a driver of the potential collisions

and dangers [103]. Other applications in the intelligent transportation systems can be

the design of an optimal trajectory for one vehicle under normal conditions, in order to

overtake a single, slower-moving vehicle on a predetermined road [184].

Path planing for autonomous vehicles is to plan in real time a collision-free path in the

presence of dynamically moving objects and with a limited sensing range [167]. Path

planning is a fundamentally important issue in robotics, which also requires the au-

tonomous vehicle to be aware of the objects in the environment. Complete coverage

path planning (CCPP, which is also called region filling or area covering) of cleaning

robots is a special type application of path planning in a two-dimensional (2D) envi-

ronment. Here visual target tracking can help the robot pass through every area in the

workspace and avoid the obstacles [227].

There are other applications where visual target tracking systems are used such as in the

human assistance mobile robotics (Fig.1.1.3). Mobile robots equipped with mechanisms

for communication, interaction, and behaviors are employed more and more outside

traditional manufacturing applications, such as in museums or exposition areas [62] [83].

In order to operate autonomous robots in the same environment as a human, obstacle

avoidance techniques in a dynamic environment are required. Such collision avoidance

problems between human and robot can be called as interaction based on the position

information [100], which can be solved by visual target tracking.

In security or surveillance applications, it is often more important to carefully position

multiple sensors in order to cover a large structured environment. In this content, mobile

robot-based trackers are attractive; they can potentially reduce the number of sensors

needed in the tracking network, and they should be able to adapt to the movements of

the targets or the dynamic changes in an environment by re-positioning themselves in

responses [94].

In the underwater environment visual target tracking can be used for Autonomous Un-

derwater Vehicle (AUV) navigation. For example in order to study the behavioral pat-

terns of unknown underwater life forms, it is necessary to observe them carefully for

a longer period. It is therefore important for AUVs to stay close to the object being
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1.2.1: 1.2.2:

Figure 1.2: Some applications of the visual target tracking system for AUV navigation.
Fig.1.2.1 shows the test bed AUV (Twin-Burger 2) for the underwater cabal following
(the image taken from [4]). Fig.1.2.2 shows the underwater images of AUV docking (the
image taken from [222]).

observed by moving with it such as the fish following. Also, for a reliable functioning

of underwater man-made systems, it is necessary to maintain them by routine obser-

vations. Therefore, the underwater exploration and maintenance requires the AUV to

have proper observations and as a result close tracking and following along or with these

objects is necessary [222]. Arjuna and Tamaki [4] propose a sensor fusion technique for

Autonomous Underwater Vehicle (the test bed vehicle Twin-Burger 2 in University of

Tokyo (Fig.1.2.1)) to track and follow underwater cables through video images. Also Ar-

juna et. al. [5] propose the vision based tracking system for underwater docking. There

are also many other robotics applications requiring the visual obstacle avoidance and/or

object identification in unstructured underwater environments. For example the U.S.

Navy is investigating the use of autonomous underwater vehicles to accurately detect

and classify underwater mines prior to beach landings in the hostile territory [181].

Some other applications of visual target tracking systems for autonomous vehicle navi-

gation can also be in the following areas:

• The mobile robots soccer [132] [191] (Fig.1.1.2).

• Obstacle avoidance for the robot manipulators in the factory automation doing

repetitive and dull work [231].

• Obstacle avoidance for the robotic motion planning [156].
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• The motion control of autonomous vehicles in the car manufacturing industry.

Many car manufacturers plan to equip their vehicles in the near future with

computer-aided visual target tracking capabilities for parallel parking or automatic

stop-and-go mode in traffic jams [112].

1.3 Objective

It is clear that visual target tracking for autonomous vehicle navigation is a very impor-

tant research issue. In order to successfully achieve all the applications, it is very useful

and necessary for the autonomous vehicle to have the knowledge of the 3D dynamic

information of the objects of interest in the environment.

Therefore the objective of this thesis is to develop a robust and efficient visual target

tracking scheme for the AGV navigation by using their onboard sensors. The tracking

system should be able to:

• handle the unknown or changing environmental conditions.

• track the object when both the cameras and objects are moving.

• track the objects in different states (different shape, color, texture, dynamics or any

other properties) and without the specific prior visual information of the object.

Establishing a system that produces quality results while overcoming all the challenges

implicated by operation in the real-time environment is the ultimate goal of the computer

vision based autonomous vehicle target tracking research in this thesis.

1.4 Main Contributions

This thesis develops a novel and robust visual target tracking scheme for autonomous

vehicle navigation. The proposed visual target tracking scheme solves the problems of

tracking the moving object from the moving platform without knowing the prior vi-

sual features of the environment and target. The proposed tracking scheme successfully
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demonstrates a whole new way to integrate different image processing, data fusion and

state estimation algorithms to robustly extract the useful visual features, estimate the

target’s 3D velocity and position and finally track the target’s dynamics in world coor-

dinates. In detail, the contributions of this thesis can be divided into following aspects:

• In order to derive and track the moving target’s 3D dynamics in world coordi-

nates, a novel tracking scheme is developed mainly based on the image motion

vectors. In such a way the target identification is independent of its specific visual

properties, which makes the proposed system track objects under different states

and environmental conditions.

• In order to accurately estimate the motion vectors from the images, three com-

monly used optical flow vectors estimation algorithms are studied and tested.

Among those Horn and Schunck’s algorithm is used for the proposed visual track-

ing scheme. These comparison studies and experimental results can be helpful for

the further research work on optical flow.

• Since the object and background are both moving, there are many visual features

in the image. Therefore it is necessary to classify these visual features and find

the useful ones. In this thesis, data fusion based methods are proposed for im-

age segmentation and clustering. Optical flow vectors are fused with the target’s

color and spatial location information, which greatly improve the segmenting and

clustering performance. The segmentation of the image by visual data fusion also

enables the general target identification when the optical features of the image are

changing continuously or even when the object is moving in a very complex and

cluttered environment or is occluded by other objects.

• In this moving object and moving cameras’ tracking system, the visual features

of the target and background are changing continuously. An unsupervised on-

line learning algorithm based on the Bayesian estimation theory is proposed in

a novel probabilistic way for image pixels clustering. With this on-line learning

algorithm, the image classifier is robustly updated frame by frame and the image

segmentation performance is greatly improved.
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• In order to localize the features of interest in the classified images, a novel Bayesian

probability based fusion algorithm is proposed for adaptive and accurate template

matching. Here, two different template matching algorithms are weighted and

combined by their matching probability functions to give a final robust matching

technique. With the Bayesian fusion of two different template matching methods,

a novel and robust template updating method is also proposed. Here the template

is updated together with its Gaussian Mixture Models (GMMs) parameters and

the matching functions’ PDF parameters.

• After all the visual features and data are obtained from different sensors, the tar-

get’s 3D dynamics is estimated. In this thesis, a novel data fusion algorithm is

proposed for the target’s 3D position and velocity estimation in the world coor-

dinate system. The fusion algorithm is developed by fusing the target’s visual

features with the camera motion parameters based on the velocity compensation

method. Later, with the Extended Kalman Filter measurement equation, data

fusion based target dynamic tracking is achieved.

• Generally, the dynamic properties of natural moving objects are not simple or

linear. In this thesis, a suitable and more flexible object dynamic model is proposed

for the tracking system. Here several simple and basic linear dynamic models are

combined through the IMM approach to approximate the target’s complex, highly

nonlinear or unknown dynamic properties. With the IMM approach the target

dynamics tracking performance is improved.

• In this thesis the proposed system is developed based on sensor data fusion to

estimate and track the target in the 3D world coordinate system. There are delayed

measurement problems when all the data are fused in the fusion center. Here the

1−step− lag Out-Of-Sequence Measurements (OOSM) solution is introduced and

integrated with Extended Kalman Filter in the proposed visual target tracking

scheme. With the 1 − step − lag OOSM solution, the tracking performance is

improved and made robust.
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1.5 Thesis Outline

• Chapter 1 provides the motivation and objective of this thesis. In this Chapter

the major contributions are also concluded.

• Chapter 2 concisely studies and reviews the existing methods for the research

topic of this thesis. Three related research fields (vision target tracking for au-

tonomous vehicle navigation, visual target tracking technologies and sensor fusion

methodologies) are reviewed. Justifications and conclusions are summarized and

the remaining research challenges are presented.

• In Chapter 3, the overview of the proposed vision based target tracking scheme

is presented. Based on literature reviews, this thesis proposes a new methodology

to track the moving targets from a moving platform in an unknown environment.

This Chapter explains the proposed scheme in details. The next chapters are

organized following the flow chart of the proposed target tracking scheme.

• Chapter 4 describes the visual features extraction algorithms. These information

are used in the following steps to estimate the 3D dynamics of the target for

tracking. In this Chapter, first, three optical flow estimation algorithms are studied

and tested. Experimental results compare the performance of different optical flow

estimation methods. Next, the stereo disparity estimation method is described and

used to find the target’s 3D visual depth.

• Chapter 5 presents the image segmentation and clustering algorithms. In order

to identify the major motion regions, the visual features are segmented. In this

Chapter, fundamentals on visual features fusion based image segmentation and

clustering techniques are presented. Then the simple K-means algorithm is de-

veloped for the fusion based image clustering. In addition, the K-means cluster

validity measures method is introduced and it overcomes the limitation of having

to indicate the number of clusters by incorporating a validity measure based on

the intra-cluster and inter-cluster distance measures. Next, in details the unsu-

pervised Bayesian on-line learning is developed and presented for the fusion based

image segmentation. The unsupervised on-line learning based method updates
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the image classifier frame by frame with the previous clustered image pixels in-

formation. Experimental results from different methods are compared. Since the

image clustering with the unsupervised Bayesian on-line learning is better than

other methods such as the K-means or the Maximum Likelihood based probability

methods, it is used in the proposed tracking system.

• Chapter 6 presents the robust template matching and updating algorithms. After

the image is segmented and clustered, the target’s 2D region is localized contin-

uously in the image scene. In this chapter the general SSD (correlation) based

template matching method is described first. Since the matching by the conven-

tional methods have several problems, the novel Bayesian probability fusion based

robust template matching is proposed. The novel template updating strategy

based on this matching method is also proposed. Experimental results are shown

to address the performance improvement from the Bayesian fusion based template

matching.

• After different data from the vision sensor and vehicle’s inertial sensors are ob-

tained, in Chapter 7 the target’s 3D world coordinate velocity and position are

estimated for the tracking purpose. In this Chapter the target’s 3D position and

velocity estimation procedures are developed by fusing the target’s visual features

with the camera motion parameters based on the velocity compensation method.

Next in Chapter 7, the Extended Kalman Filter is formulated for the target dy-

namic state estimation. Since with only the simple linear dynamic models the

tracking performance is not robust, the IMM based multiple linear dynamics model

fusion is proposed to make the approximations of the target complex dynamic mo-

tion properties. Next, the 1 − step − lag OOSM solution is implemented with

the Extended Kalman Filter to solve the out-of-sequence measurements problem

encountered in the sensor fusion based tracking scheme. The IMM approach and

OOSM solution improve the estimation accuracy and robustness.

• Chapter 8 presents extensive experimental results to demonstrate the tracking

system’s performance. The tracking system is tested under different environmen-

tal conditions and different object states. Discussions are made based on these
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experimental results.

• Conclusions of the thesis are drawn in Chapter 9. A technique for “Vision based

Target Tracking for Autonomous Vehicles” is proposed and demonstrated. Future

improvements are suggested for the proposed visual target tracking scheme.
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Chapter 2

Literature Review

2.1 Introduction

In order to make autonomous vehicles accurately sensing, detecting and tracking ob-

jects of interest, research groups around the world have been working towards advanced

navigation algorithms and smart autonomous vehicles (or mobile robots).

In the first part of this Chapter, different algorithms using vision sensors for the au-

tonomous vehicle target tracking are reviewed. Visual target tracking algorithms for the

autonomous land, underwater and aerial vehicles navigation are studied and compared.

The generally well-known visual target tracking algorithms are reviewed in the second

part of this Chapter. The tracking ideas and methodologies from these algorithms can

be introduced into the autonomous vehicle visual target tracking. The whole tracking

scheme can be formulated based on these ideas. Since each tracking method has its

own merits and demerits, it is necessary to have a fusion methodology to combine the

advantages of each method to compensate for their disadvantages. Also autonomous

vehicles are equipped with different sensors. The sensors’ data are redundant and com-

plementary. Fusing these information can lead to a more robust feature extraction and

tracking. So the general approaches for data fusion are reviewed in the third part of this

Chapter.
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2.2 Vision based Target Tracking for Autonomous

Vehicle Navigation

The targets of interest can normally be the moving cars, moving persons or any other

moving objects which autonomous vehicles need to track for navigation purposes. Here

the visual target tracking methods are reviewed in three different categories based on the

applications in the land, underwater and aerial environments. Generally autonomous

land vehicles are more widely used and more algorithms are developed for the land

vehicle’s navigation. So in this section the literature survey focuses more on the visual

target tracking algorithms for autonomous land vehicle navigation.

2.2.1 Visual Target Tracking for Autonomous Land Vehicle

Navigation

In general the applications of visual target tracking for Autonomous Land Vehicle navi-

gation include some sorts of landmarks tracking, people following, multiple mobile robots

cooperation, vehicles localization and map building, visual target tracking with pan-tilt

camera platforms and so on. According to their applications, different methods are

categorized and reviewed as follows. It should be pointed out that the classification in

this part is not absolute because algorithms from different categories can be intergraded

together to achieve the navigation goal.

2.2.1.1 Visual Landmark Tracking for Autonomous Land Vehicles Naviga-

tion

Visual landmark tracking is one kind of vision-based methods for the autonomous land

vehicle navigation. Landmarks are divided into two classes: natural or artificial. Gen-

erally natural landmarks are selected in the scenes in consideration of their particular

characteristics. Autonomous vehicles learn those characteristics or keep the features of

the landmarks in memory and recognize them using the neural network or some matching

techniques while they move [38] [148] [188]. Mosaic images of the outdoor environments
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are also used for the image matching based method in [118].

On the other hand an artificial landmark is often designed with a specific pattern or

color in consideration of its detection algorithm. For example, a landmark that has a

bar code or a specific shape pattern such as the sine waves has been proposed. Recently,

Briggs et. al. [17] use the self-similar gray pattern landmarks for the navigation and

localization aids. In [81] Jang et. al. propose a simple artificial landmark model,

which can be used for the self localization of indoor mobile robots. An effective visual

detection and tracking algorithm for this landmark is proposed. A pair of color points

neighboring each other have been used as a sample to represent the probability density in

the Condensation algorithm. Under the assumption of affine cameras and only with the

information of a single landmark in a single image, they have presented a localization

algorithm to estimate the absolute position accurately. In [217] Wei et. al. propose

a visual landmark tracking algorithm for docking unicycle-like vehicles based on the

hearing-only information. An omni-directional panoramic camera is used to detect visual

landmarks around the docking station and provide bearing (or heading) data for each

observed landmark. In their method a robust and computationally cheap visual blob

detection algorithm is proposed. The artificial landmarks used consist of two adjacent

large color blobs. Using two adjacent color blobs improves the noise rejection over the

single color blob extraction algorithms.

Normally, the robust extraction of natural landmarks is a difficult task. And the artificial

landmark methods that use peculiar contour, color or edge information highly depend

on the low-level image processing results, which are influenced by the noise and de-

focus phenomenon very much. Also, artificial landmark methods are not robust under

the geometrical background variations such as the rotation, camera zoom and viewing

direction changes.

2.2.1.2 Human Following for Autonomous Land Vehicle Navigation

Several approaches are proposed to use visual target tracking for human following by

autonomous vehicles.
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In [70] Hirai et. al. present a visual tracking system for a human collaborative mobile

robot. The robot tracks the human back and shoulder to follow a person. Normally

it is not easy to keep tracking the human back if the background is so complex and

cluttered. They solve the problem by choosing the texture of clothes and the human

shoulder images as the template patterns to be detected and identified. This tracking

system requires to know the special visual features of the target (the texture of the

clothes and human shoulder). Such tracking systems are not suitable to track unknown

objects appearing in an unknown situation.

One kind of research work on the autonomous vehicle human following can be found

from Morioka et. al. [114] [145] [144]. According to Morioka et. al. [145]’s human-

following work, an intelligent space (ISpace), which is an intelligent environment with

many intelligent sensors, is provided. The mobile robot cooperates with multiple intel-

ligent sensors, which are distributed in the ISpace. The distributed sensors recognize

the target human and the mobile robot, and give control commands to the robot. CCD

cameras are used as a kind of sensors of DINDs (Distributed Intelligent Network Devices)

for ISpace. Location information of the human and mobile robots is obtained by stereo

vision processing and human do not need to hold any special tags. However there is a

major drawback with this kind of human-following method. The system strictly needs

the ISpace. Normally for an unknown or unstructured environment, such an ISpace is

not available, thus in order to achieve the visual target tracking, the vehicle’s onboard

sensors should mostly provide the accurate target dynamic information.

In [83] Jensen et. al. design a mobile robot, which at the same time executes a pre-

programmed tour in a public exposition and allows for complex, collaborative interac-

tions with the non-experienced visitors. In their system, they have dedicated two tasks

to gather the information of the human presence in a public environment: a color camera

based face tracking and a motion tracking based on the information from the laser ranger

finder. The main steps of visual face detection and tracking in their system include: the

skin color detection; contour extraction and filtering; tracking. Information gathered

from the face tracking together with the motion tracking helps to verify the presence of

the visitors.
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In [153] Nishiwaki et. al. present a humanoid walking control system that generates

body trajectories to follow a given desired motion on-line. They implement the system by

making the robot track and follow a moving person based on the stereo vision feedback.

The visual tracking consists of 3 parts: a stereo vision processing for target detection

and 3D position estimation in the camera coordinates; a planning of the desired future

torso movements during one step; a camera posture and gaze direction control with the

self-motion compensation. While the mobile robot and human are both moving, the

color segmentation and thresholds are utilized to detect the relative human’s direction.

Then a real-time depth map generation algorithm is employed to measure the distance

to the human.

Kwon et. al. [111] present an efficient human following algorithm for a mobile robot using

two independent moving cameras. In order to control the camera’s pan/tilt motions,

they have presented an image-based PTU control algorithm using a lookup table that

stores the correspondences between the camera pan/tilt angles required to keep a target

in the center of the image frame and the pixel displacements produced by the target

in the image plain. The major problem with this method is that the object tracking is

accomplished with a simple color histogram based algorithm. Using color information

of the person’s specific appearance, it calculates the centers of masses of the segmented

color-blobs in each of the two images that form the conjugate pair of images in a tracking

sequence. The current viewing direction of each camera in their system is adjusted so

that the center of mass becomes the center of the image frame. However, a change in

illumination can induce shifts in the center of mass of the blob being tracked in the two

camera images, which makes the target tracking fail.

Ogata et. al. [155] propose a tracking system employing a visually controlled aerial

robot which recognizes the motion of the specified person. They propose the motion

recognition technique employing MHIs and eigenspaces. The human region is extracted

by its color information.

In conclusion all these methods detect and track human’s motion based on human’s

special visual features or the additional sensors in the environment. It limits the appli-

cations of such algorithms to track unexpected or different objects in an unstructured
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outdoor environment.

2.2.1.3 Visual Target Tracking for Autonomous Land Vehicle Localization

and Map Building

Localization and target-tracking are both challenging yet essential and have a wide

range of applications in mobile robotics. Localization can be defined as determining

the position of an object within a reference coordinate system, and tracking consists

of constructing a trajectory given a collection of spatially and temporally coherent lo-

calizations. Several methods have been proposed using visual target tracking for the

autonomous vehicle localization and map building.

In [65] Hajjawi et. al. present an algorithm for visual position tracking of individual

cooperative robots within their working environment. Initially, they present a tech-

nique suitable for visual servoing of a robot towards its landmark targets. Secondly,

they present an image processing technique that utilizes images from a remote surveil-

lance camera for localization of the robots within the operational environment. In their

algorithm the surveillance cameras can be either stationary or mobile. The supervi-

sory control system keeps tracking of relative locations of individual robots and utilizes

relative coordinates information of the robots to coordinate their cooperative activities.

Burschka et. al. [20] present a real-time mobile navigation system and an approach

for the vision-based Simultaneous Localization and Mapping (SLAM) based on a sec-

ond generation of the image processing library, XVision. They show how the multiple

tracking and low-level image processing primitives for color, texture and disparity can

be combined to produce vision-guided navigation systems. The applications they dis-

cuss make use of XVision capabilities to solve the temporal correspondence problem by

tracking an image feature in a given image domain.

In [35] Dao et. al. present a simple linear method for localizing an indoor mobile robot

based on a natural landmark model and a robust tracking algorithm. The landmark

model consists of a set of three or more natural lines such as baselines, door edges

and linear edges in tables or chairs to take the advantages of fast landmark detection.
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The canny operator and Lucas-Kanade algorithm are used for the effectively detecting

and tracking of the landmark model. Next, a quick localization method for mobile

robots from correspondent lines is proposed by adopting a linear technique. Based on

assumptions on indoor environments, a complex nonlinear problem for the 3D pose

determination using lines is converted to an iterative linear problem, which makes it

possible to apply the proposed algorithm for real-time applications. However, in their

system the line detection methods are not quite accurate and robust and with some

additional condition constraints.

2.2.1.4 Visual Target Tracking with Pan-Tilt Camera Platforms in Au-

tonomous Land Vehicle

Ego-motion estimations or pan-tilt cameras’ motion control are one of the key issues in

autonomous vehicle navigation, especially in demand for moving objects tracking.

In [98] Karlsson et. al. develop a lightweight, robust real-time tracking system used

on an experimental geo-referenced cameras platform. The purpose of their system is

to study the benefits of combining image processing with navigation data that should

be available from the control system of any AGV system. Their experiments show that

by using a Kalman Filter the tracking algorithm can handle objects’ large movements

between images and it becomes more resistant to the occlusions. However, their tracking

system is designed mainly based on the image brightness, which gives much less robust

performance under the environmental lighting changes.

The objective of the research work in [21] is to derive the orientation of a pan-tilt camera

fitting a drone in order to track a target and to maintain its position in the middle of

the image. To ensure the real-time video operation, an algorithmic solution integrating

a successive-step and multi-block search method is implemented, thus allowing track-

ing with complex target displacements. The micro-controller uses this information to

manage the camera orientation. With a certain regularity in the evolution of the tar-

get model, this system is sufficiently robust to track deformable targets in real images.

However their technique has limitations when the target is close to the cameras. Also

only a simple linear interpolation method is carried out. The drone localization and
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attitude are not considered in the algorithm. In addition, the implementation of a 2D

visual camera control requires a priori knowledge of the 3D target model.

Tomono et. al. [208] present a method of planning a path on which the mobile robot with

a pan-tile camera can find the target objects under spatial uncertainties. The object

recognition is normally based on feature matching between models and the image data.

However there are several problems in this method. For example, in the case that the

salient features to identify the target object may center on their particular faces, the

robot has to move around the object to find the features. If the possible locations of

the target object are in a wide area, the robot has to move around the area to search

the object. This paper addresses these problems by a probabilistic approach. Given

an initial roughly-planned path, the proposed method optimizes it with respect to the

travel time, high pass-ability, and a high probability of finding the target. The method

defines a path evaluation function based on these factors and finds a suboptimal path

by solving the nonlinear optimization problem of the path evaluation function. Their

method combines the visibility constraint and the conventional constraints of travel time

and collision avoidance for the mobile robot navigation.

Zhang et. al. [230] develop a pan-tilt visual tracking system to dynamically track moving

targets using vision-based control. The algorithm includes the color-based segmentation,

data pre-processing and active parameters adjustment. Since the computationally ex-

pensive techniques are inapplicable, they focus on the use of specifical color properties

to identify the objects of interest.

2.2.1.5 Visual Target Tracking for Multiple Mobile Robots Cooperation

Multiple mobile robots (autonomous vehicles) cooperation means that each mobile robot

plans its path based on other robots’ navigation information. The robots cooperate with

each other to complete the navigation tasks. Several methods based on the visual target

tracking have been proposed in this area.

In [228] a real-time visual tracking algorithm for MRFS (Multiple Robot Fishes coop-

eration System) is described. They give a description of the operation process for the

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



2.2 Vision based Target Tracking for Autonomous Vehicle Navigation 20

vision subsystem, and propose an adaptive segmentation method based on the color in-

formation. Color information is the foundation of their object identification. In MRFS,

halls, obstacles and robot fishes are equipped with specified colors properties.

In [135] the problem of estimating and tracking the motion of a moving target by a team

of mobile robots is studied. Each robot is assumed to have a directional sensor with

limited ranges, thus more than one robot (sensor) is needed for solving the problem. A

sensor fusion scheme based on the inter-robot communication is proposed in order to ob-

tain the accurate real-time information of the target’s position and motion. Accordingly

a hierarchical control scheme is applied, in which a consecutive set of desired formations

are planned through a discrete model and low-level continuous controls are executed to

track the resulting references.

Betser et. al. [14] describe a tracking system relying on active contours for the target

exaction and an Extended Kalman Filter for the relative pose estimation. Their work

represents the first step towards treating the general problem for the control of several

unmanned autonomous vehicles flying in formulation using visual information. The Ex-

tended Kalman Filter is improved by introducing additional image information available

to the vehicle with a fixed forward-pointing monocular camera. Active contours are used

to track the follower in the image plain and provide the Kalman Filter with the required

input. There are several drawbacks in this kind of methods. They ignore the additional

angle measurements found in the equivalent 3D range estimations and also they do not

consider the target’s acceleration effects.

In [150] Ng et. al. have formulated an algorithm that has coordinated the movements

of multiple robots to follow a search tactic collectively in an unknown and cluttered

environment. First they develop the individual robot reactive behavior that make their

coordinated movement possible. Their algorithm requires every robot to be programmed

with the same set of primitive behaviors: (1) obstacles negotiation; (2) homing; (3)

flocking and (4) searching, with obstacles negotiation being the most important and

searching being the least important. According to different environment stimulants, the

robots adopt one of these behaviors at a time according to their order of importance for

the cooperation purposes.
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2.2.1.6 Other Visual Target Tracking Methods for Autonomous Land Vehi-

cle Navigation

Traditional visual target tracking techniques usually ignore the presence of obstacles

and focus on imaging and target recognition issues. The papers [60] [113] introduce a

new visual tracking algorithm for autonomous vehicle navigation when the target moves

unpredictably and no prior map of the environment exists. Their algorithm computes

a motion strategy based exclusively on the current sensor information, while no global

map or historical sensor data is required. The algorithm is based on the notion of escape

risk and the computation of an escape-path tree. Their proposed algorithm governs the

motion of autonomous vehicles based on current measurements of the target’s position

and the location of the local obstacles. Their approach is combinatorial in the sense that

the algorithm explicitly computes a description of the geometric arrangement between

the target and observer’s visibility region produced by the local obstacles. The algorithm

computes a continuous control law based on this description. However most failures of

this system are due to the shortcomings of their simple visual target detection algorithms.

Their method is also limited to a 2D workspace without considering the problems in the

3D space.

Tracking targets robustly by vision is very difficult for autonomous vehicles running

on irregular terrain in the natural environment, because the image deformation caused

by rolling and pitching of the camera, as well as the relative movement between the

target and camera, affect the tracking ability greatly. One approach to cope with such

problems is matching the target image with many affine transformed candidate images

while tracking. But when the number of candidate images gets larger, such an approach

is not available to the real-time tasks due to the computational cost. In [44] Ding et. al.

propose a new Robustness Analysis for Tracking (RAT) to improve the tracking ability.

RAT is the analysis based on features of the object image, where three parameters:

‘Detectability’, ‘Robustness for Depth (RBD)’ and ‘Robustness for Rotation (RBR)’ are

defined. Much more robust templates can be found by analyzing the object image using

RAT before the tracking task is performed.

In [19] Burschka et. al. present an approach for scene classifications in dense disparity
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maps from a binocular stereo map. The classification result is used for the indoor mobile

robot tracking and navigation purposes. The 3D model of the scene is also derived

directly from the disparity image. The classification of the scene helps to decide, which

objects are interesting and should be monitored as well as which behavior is appropriate

depending on the current structure. The robot can switch from the wall following in

hallway environments to localization based on the corner structures, etc. However,

the shortcoming of this system is that the applied algorithms used for the dynamical

composition of tracking primitives are highly dependent on the current environmental

structures.

In [142] Mori et. al. propose a ball tracking and catching strategy called GAG (short for

“Gaining Angel of Gaze”) that enables a mobile robot to track and catch a ball flying in

the three-dimensional space. The mobile robot receives a visual feedback control scheme

based on GAG and then the proposed scheme enables the robot to track and catch a

ball flying in the three-dimensional space by using a monocular vision system.

In [229] Yu et. al. propose a correspondence based method, which applies the Iterative

Closest Point (ICP) algorithm to match feature points on ground plain. Since the outliers

in the scene contribute false measurements for estimation, they introduce a stereo vision-

based method to detect free-space on the road plain. They extract the edge points in

the free-space as primitives, which avoid the limit of the rigid scene hypothesis.

Other visual target tracking methods for the autonomous land vehicle navigation are:

The paper [147] deals with the problem of computing the motions of a robot observer

in order to maintain the visibility of a moving target; Taking inspiration from the vi-

sual system of the fly, the paper [69] describes and characterizes a monolithic analog

very large-scale integration sensor, which produces control signals appropriate for the

guidance of an autonomous robot to visually track a small moving target; The visual

vehicles following systems are also presented in [34] [201].

Generally all the above methods have several common drawbacks: they normally do not

take into account the complex 3D motions of the cameras; they do not have appropriate

target dynamic models for the tracking estimation; the target visual features excitations

from the images are based on simple low-level image processing methods or the target’s
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special visual features, which are less accurate and robust; they can not track the target’s

3D dynamics in the world coordinate.

A common problem in all the land navigation systems is caused by the environmental

shadows, changing illumination conditions, changing colors, etc. This can impose serious

limitations on the performance of a navigation system.

2.2.2 Visual Target Tracking for Autonomous Underwater Ve-

hicle

In the underwater environment visual target tracking can be broadly used for the Au-

tonomous Underwater Vehicle (AUV) navigation. For example in order to study the

behavioral patterns of unknown underwater life forms, it is necessary to observe them

carefully for a longer period. It is therefore, important to stay close to the object being

observed by moving with it such as the fish following. Also, for a reliable functioning of

underwater man-made systems, it is necessary to maintain them by routine observations.

Therefore, the underwater exploration and maintenance require proper observations and,

as a result the close navigation along or with these objects is necessary [222]. The visual

target tracking system can be used for these autonomous underwater vehicle navigation

applications.

Underwater pipe inspection is one example of a class of problems that bear many similar-

ities with visual target tracking for autonomous land vehicles. Extracting the contours of

a pipe is equivalent to extract and track the landmarks. In [174] Rives et. al. take a vi-

sual servoing approach and devise a controller that take the inputs as the lines extracted

from the image of a pope and uses this information to generate steering commands for

the ROV Vortex vehicle. In [4] Arjuna and Tamaki propose a sensor fusion technique for

the Autonomous Underwater Vehicle to track underwater cables. They propose a sensor

fusion scheme using the dead reckoning position uncertainty with a 2D position model

of the cable to predict the region of interest in the image. They solve two practical prob-

lems encountered in the optical vision based systems in underwater environments: first,

the navigation of AUV when the cable is invisible in the image; second, the selection of
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the correct cable (interest feature) when there are many similar features appearing in

the image.

Arjuna et. al. [5] also propose the vision based tracking system for the underwater

docking using correlation based underwater image template matching.

One of the most recent underwater visual target tracking methods is proposed in [222] for

AUV navigation. In Yang’s work the objects of interest are extracted from the images by

using the dynamic properties (optical flow techniques) and their optical features (color,

texture, shape and so on). The consecutive dynamic behavior of the objects of interest

is then estimated based on the current dynamics. By using this predicted dynamics,

the amount of data for the region of interest identification can be reduced. This also

increases the speed of processing for the hardware available in the small and limited

hulls of AUV. After the image dynamics and feature position information are fused with

the AUV’s other onboard sensor data, the navigation commands are derived for AUV

to track the object.

2.2.3 Visual Target Tracking for Autonomous Aerial Vehicle

Development of the Autonomous Aerial Vehicle (AAV) (such as the unmanned heli-

copters) has been an active area of research for several years. AAVs have been used as

test beds to investigate problems ranging from control, navigation, and path planing to

object tracking and following [178].

An early approach to the AAV landing [139] decouples the landing problem from vision-

based target tracking. Nowadays several techniques have been implemented for vision

based landing of an AAV on stationary or moving targets [139]. The problem of landing

as such is inherently difficult because of the instability of the AAV near the ground [189].

Also, since the dynamics of a helicopter is nonlinear, only an approximate model of the

helicopter can be constructed [178].

In [182] a vision-based target tracking approach to AAV landing is presented. Their

landing pad has a unique shape which makes the problem of identification of the landing

pad much simpler. In [57], a vision-based solution is given for the safe landing-site
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detection in the unstructured terrain, where the key problem is for the onboard vision

system to detect a suitable place to land without the aid of a structured landmark, such

as a helipad. The University of California, Berkeley (UC Berkeley) team has proposed

a real-time computer vision system for tracking a landing target [185] [189] and have

successfully coupled it with a helicopter controller to achieve landing [183].

In [177] Saripalli et. al. have presented the design and implementation of a real-time

vision-based system for detecting a landing target (stationary or in intermittent motions)

and a controller to autonomously land the AAV on the target. Their method relies on

the assumptions that the landing target has a well-defined geometric shape, and all the

feature points of the landing target are coplanar. In [177] they use invariant moment

descriptors for detecting and landing the AAV on the target. They do not impose any

restriction on the shape of the landing pad except that it is planar. However there

exists the problem of safely and precisely landing the AAV in the unstructured harsh

3D environment.

The visual target tracking approach from [178] differs from the prior approaches in two

ways. First, they impose no constraints on the design of the landing pad except that

it should lie on a two-dimensional plain. Secondly, they use moment descriptors to

determine the location and orientation of the landing target. Their algorithm is not

only able to detect and land on a given target, but also able to track a target which

moves intermittently, and land on it.

In [179] Saripalli et. al. present a vision-based algorithm designed to enable the AAV

to land on a moving target. The AAV is required to identify a target, track it, and

land on it while the target is also in motion. They use Hu’s moments of inertia for

the precise target recognition and a Kalman filter for target tracking. Based on the

output of the tracker a simple trajectory controller is implemented which (within the

given constraints) ensures that the AAV is able to land on the target.

In [196] it has been shown that Unmanned Air Vehicles equipped with a 2-degree-

of-freedom pan-tilt camera can be used for the long-term autonomous observation of

stationary ground targets. The environmental aspects such as wind and sunlight have

an influence on the quality of the images taken by the camera. These influences can set
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limits to the time span of continuous target observation, especially when the range of

camera motion is mechanically limited. Two different camera limit specifications with

the realistic applicability have been analyzed for these potential problems. Solutions

to these problems have been found by applying circle-based flight maneuvers including

commanded sideslip for heading adjustment.

In conclusion several limitations exist with the above visual target tracking algorithms

for AAVs: Some of their estimators can only track the target in a single dimension;

Some of them can not track the targets in all the six degrees of freedom; They all use

the algorithm based on the intensity of the image for object detection; Some of them

assume that the object is planar, which is quite restrictive in nature. A better object

detector and a camera calibration routine can be integrated with these algorithms so

that the coordinates of the tracked object obtained during the vision processing stage

are much more accurate; These algorithms can only track single object and can not

pursue and land on evasive targets.

2.3 Visual Target Tracking Technologies

In recent times a vast number of algorithms have been proposed in the field of visual

target tracking. According to the recent literature review paper of [73], the prerequisites

for effectively tracking moving target using CCD cameras generally include the following

stages: detection of motion and target tracking.

2.3.1 Motion Detection

Nearly every visual target tracking system starts with motion detection. Motion detec-

tion aims at segmenting the regions corresponding to the moving objects from the rest of

an image. Subsequent processes of target tracking are greatly dependent on it. The pro-

cess of motion detection usually involves environment modelling, motion segmentation,

and object classification, which intersect each other during processing.

• The active construction and updating of environmental models are indispensable

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



2.3 Visual Target Tracking Technologies 27

to target tracking. Environmental models can be divided into 2D models in the

image plain and 3D models in the real world coordinates. Due to their simplicity,

2D models have more applications. 2D models normally include the environment

modelling for the fixed cameras [55] [104] [172] [199]; the pure translation (PT)

cameras [186]; the mobile cameras [207]. Regarding the 3D environmental models

[232], the current work is still limited to the indoor scenes because of the difficulty

of 3D reconstructions of outdoor scenes.

Autonomous vehicles are working in an unknown or unstructured 3D situation

with the continuous environmental changes. In such a situation it is quite difficult

to model the environment continuously and accurately. Therefore the environment

modelling is not suitable for motion detection for autonomous vehicle visual target

tracking.

• Motion segmentation in image sequences aims at detecting the regions correspond-

ing to the moving objects such as the vehicles and human. Detecting moving

regions provides a focus of attention for the later processes such as tracking and

estimation because only these regions need to be considered in the later processes.

At present, most segmentation methods use either the temporal or spatial informa-

tion in the image sequence. Several conventional approaches for motion segmenta-

tion are temporal differencing [123] [210]; background subtraction [68] [136] [195];

optical flow vectors [137] [138] and so on [29] [55] [198].

Both the background subtraction and temporal filtration methods offer the so-

lutions to the problem of motion based image segmentation but they do have a

number of drawbacks. Neither of these methods succeed in an environment where

there is a dynamically changing background. Examples of such situations could

include when the camera itself is moving or where areas of non-salient motions are

apparent. Background subtraction has the added limitation of requiring a repre-

sentation of a scene absent of moving objects. This representation requires either

the prior knowledge of the environment or the construction of such a background

scene based on the average of possibly hundreds of motion filled the frame shots.

Optical flow technologies do not have the above mentioned problems. Optical flow

methods can work in an unknown or changing background and it does not require
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a prior information about the environment or the object. However optical flow

methods may require more computational time.

• Different moving regions may correspond to different moving targets in the nat-

ural scenes. For instance, the image sequences captured by the moving cameras

mounted on the autonomous vehicle probably include humans, vehicles and other

moving objects. To further track objects and analyze their behaviors, it is essential

to correctly classify moving objects. Object classification can be considered as a

standard pattern recognition issue. At present, there are two main categories of

approaches for classifying moving objects: motion-based classification [33] [122]

and shape-based classification [29] [123] [110]. These two common approaches can

also be effectively combined for the classification of moving objects [194].

Shape based classification methods always require to have the priori knowledge of

the objects. However motion based classification methods are usually independent

of the object’s other visual features.

After motion detection the target tracking systems track moving objects from one frame

to another through an image sequence. The target tracking algorithms are reviewed

next.

2.3.2 Target Tracking

The visual target tracking algorithms usually have considerable intersections with the

motion detection during image processing. Tracking over time typically involves match-

ing objects in consecutive frames using features such as points, lines or blobs. Useful

mathematical tools for tracking include the Kalman filter, the Condensation algorithm,

the dynamic Bayesian network, and the geodesic method, etc.

Tracking methods can be commonly divided into several major categories: region-based

tracking, active-contour-based tracking, feature-based tracking, model-based tracking,

template-matching-based methods and so on. It should be pointed out that this clas-

sification is not absolute in that algorithms from different categories can be integrated

together [82].
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• Region-based tracking algorithms track objects according to the variations of the

image regions corresponding to moving objects. For these algorithms, the back-

ground image is maintained dynamically [102], and the motion regions are usually

detected by subtracting the background from the current image.

Although these methods work well in scenes containing only a few objects (such

as highways) [136] [218], region-based tracking algorithms cannot reliably han-

dle occlusions between objects. Furthermore, as these algorithms only obtain the

tracking results at the region level and are essentially procedures for the motion

detection, the outline or 3D dynamics of objects cannot be acquired. (The 3D

dynamics of an object consists of the position and velocity of the object). Accord-

ingly, these algorithms cannot satisfy the requirements for the autonomous vehicle

target tracking against a cluttered moving background or with multiple moving

objects.

• Active contour-based tracking algorithms track objects by representing their out-

lines as bounding contours and updating these contours dynamically in successive

frames [11] [56] [141] [219]. These algorithms aim at directly extracting shapes

of subjects and providing more effective descriptions of objects than region-based

algorithms [107] [159] [164]. In contrast to the region-based tracking algorithms,

active contour-based algorithms describe objects more simply and more effectively

and reduce the computational complexity [77] [130] [234]. Even under the dis-

turbance or partial occlusion, these algorithms may track objects continuously.

Another advantage of the above mentioned system is that it inherently contains

information of a global structural nature which makes it less sensitive to weak or

missing image features.

However contour-based tracking systems suffer from the limitations of their seg-

mentation techniques. The tracking precision is limited at the contour level. The

recovery of the 3D dynamics of an object from its contour on the image plain

is a demanding problem. A further difficulty is that the active contour-based al-

gorithms are highly sensitive to the initialization of tracking, making it difficult

to start tracking automatically. Another problem with the purely contour-based

systems is that they neglect the information contained within the body of an ob-
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ject [76], focusing purely on its external area. In the deformable contour methods

once an area is chosen (manually) for tracking, the template is deformed via at-

tractions to areas of the high intensity gradients (edges), motion boundaries and

color/grayscale similarity in the future frames. Another limitation is that due to

the temporal based segmentation a fixed background environment is often required.

• Feature-based tracking algorithms perform recognition and tracking of objects by

extracting elements, clustering them into higher level features and then matching

the features between images. Feature-based tracking algorithms can further be

classified into three subcategories according to the nature of selected features:

global feature-based algorithms [160] [166] [180]; local feature-based algorithms [28]

[130]; and dependence-graph-based algorithms [49]. The above three methods can

also be combined in [80]. In general, as they operate on 2D image plains, feature-

based tracking algorithms can adapt successfully and rapidly to allow real-time

processing and tracking of multiple objects which are required in heavy thruway

scenes, etc. Feature-based tracking algorithms can handle partial occlusion by

using information on the object motion, local features and dependence graphs.

However, there are also several serious deficiencies in the feature-based tracking

algorithms. The recognition rate of the objects based on 2D image features is

low, because of the nonlinear distortion during the perspective projection and the

image variations with the viewpoint’s movement. These algorithms are generally

unable to recover the 3D dynamics of objects. The stability of dealing effectively

with occlusion, overlapping and interference of unrelated structures is generally

poor. Some feature-based target tracking methods only track objects containing

the specific visual features such as the skin colors. However skin-color-like areas

in the background may be confused with the real regions of interest in such a

situation.

As the visual target tracking system for autonomous vehicles works in an unknown

or unstructured situation, the target’s specifical features are generally unavailable

or unpredictable. Also the environment conditions are changing, the visual features

may also change. Thus it is not suitable to develop a tracking system mainly based

on the target special visual features.

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



2.3 Visual Target Tracking Technologies 31

• Template matching based systems use the algorithms that allow a measure of

coherence between templates and their possible matches in the images. It is the

goal of such matching systems to identify the features of objects of interest and

localize it in the images [75] [76].

The underlying assumption behind template matching is that the appearance of

the object remains the same throughout the entire image sequence. This assump-

tion is generally reasonable for a certain period of time, but eventually the tem-

plate is no longer an accurate model of the appearance of the object (appearance

changes or occlusion problems). If without an priori object appearance model, the

target’s appearance model has to be updated during tracking. A “naive” solution

to this problem is to update the template every frame (or every t frames) with

a new template extracted from the current image at the current location of the

template [133] [187]. The problem with this “naive” algorithm is that the template

may drift or have some appearance changes. The “naive” updating will also fail at

the presence of occlusions or abrupt changes in the lighting condition [133]. An-

other major limitation of template matching methods is their great computational

time. Also to implement a template based tracking system it is always necessary to

perform some form of preprocessing or manual user interaction to acquire the re-

gion of interest for tracking. Often the image segmentation is based on background

subtraction, inherently involving the limitations mentioned earlier.

• Model-based tracking algorithms track objects by matching projected object mod-

els, produced with prior knowledge, to image data. The models are usually con-

structed off-line with the manual measurements, CAD tools or computer vision

techniques. As the model-based rigid object tracking and model-based nonrigid

object tracking are quite different and also normally there are usually two kinds of

objects of interest tracked by autonomous vehicles, the model-based human body

tracking (nonrigid object tracking) and model-based vehicle tracking (rigid object

tracking) are reviewed separately.

As to the model-based vehicle tracking, 3D wire-frame vehicle models are mainly

used [58] [162]. The research groups at the University of Reading [201] [202] [203]

[204], the National Laboratory of Pattern Recognition (NLPR) [126] [225] and the
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University of Karlsruhe [64] [106] [108] have made important contributes to 3D

model-based vehicle localization and tracking.

The general approach for the model-based human body tracking is with the fol-

lowing steps. First, the pose of the model for the next frame is predicted ac-

cording to the prior knowledge and tracking history. Then, the predicted model

is synthesized and projected into the image plain for the comparison with the

image data. A specific pose evaluation function is needed to measure the simi-

larity between the projected model and the image data. According to different

search strategies, this is done either recursively or using sampling techniques until

the correct pose is finally found and is used to update the model. Pose estima-

tion in the first frame needs to be handled specially. Generally, the model-based

human body tracking involves three main issues: construction of human body

models [1] [36] [37] [93] [97] [154] [165] [175] [192] [212]; representation of prior

knowledge of motion models and motion constraints [16] [26] [152] [187] [233];

prediction and search strategies [12] [37] [78] [79] [72] [127] [212].

Compared with other tracking methods, model-based tracking algorithms have

the following main advantages. By making use of the prior knowledge of the

3D contours or surfaces of objects, the algorithms are intrinsically robust. The

algorithms can obtain better results even under occlusions (including the self-

occlusion for humans) or interference by nearby image motions. As far as the

model-based human body tracking is concerned, the structure of human body,

the constraint of human motion, and other prior knowledge can be fused. As

far as the 3D model-based tracking is concerned, after setting up the geometric

correspondence between 2D image coordinates and 3D world coordinates by the

camera calibration, the algorithms naturally acquire the 3D pose of objects. The

3D model-based tracking algorithms can be applied even when objects greatly

change their orientations during the motion.

Ineluctably, the model-based tracking algorithms have the disadvantages such as

the necessity of constructing the models, high computational cost, etc. Normally

a prior model of the object is not quite available for autonomous vehicle target

tracking in the unknown environment.
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2.3.3 Optical Flow Vectors Based Target Tracking Systems

Optical flow based tracking systems are mainly using optical flow motion vectors for

the target identification and tracking. Optical flow vectors estimate the motion of the

image gradients within an image sequence. The ultimate goal of this estimation is then

to interpolate the 3D motion of an object.

Okada et. al. [157] propose a system where the generalized gradient estimation method

is used to extract optical flow vectors. From the optical flow vectors field the object’s

motion localization can then be achieved. The motion field is then interpreted with

the knowledge of the object’s shape such as human to predict and track a moving

object’s position. By the use of an iterative optical flow algorithm and the parallel DSP

hardware, Okada et. al. [157] implement a single target tracking system in real time.

Further incorporations of an active camera head also allow tracking over a wider field of

view.

While several tracking methods have been proposed, tracking using a single cue such

as the optical flow vectors [220], depth [30], or edge [75], may fail when the target

cannot be exactly identified based on the employed cues. By integrating various cues

it is possible to increase the reliability of target tracking. Okada et. al. [157] integrate

optical flow and depth to extract the target region, and Yamane et. al. [221] integrate

optical flow and uniform intensity regions. In these methods the target that cannot be

correctly extracted from one cue can be tracked using other cues. In Yamane’s tracking

system [221] in order to overcome the problems associated with optical flow (or lack of)

in the homogeneous regions, a method of integration is designed such that optical flow

and spatial segmentation (similar to [210]) work in union. By integrating various cues it

is shown that a more reliable object tracking system could be designed and that due to

an increase in the information of the object, the extension could also be made to track

multiple objects.

Since all the above methods assume that optical flow vectors in the target region are

almost uniform, implying that the target translates almost parallel to the image plain,

tracking may fail when the target moves with the general 3D motion. In 3D tracking

the translation along the optical axis is less sensitive to optical flow than the translations

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



2.3 Visual Target Tracking Technologies 34

parallel to the image plain. Also the rotation upon an axis perpendicular to the optical

axis generates the flow vectors similar to the ones generated from the translation parallel

to the image plain. Therefore it is still difficult to reliably estimate every component of

the general 3D motion from optical flow alone [143]. On the other hand the translation

along the optical axis can be directly estimated from the depth. The rotation angle

upon an axis perpendicular to the optical axis could also be computed if the resolutions

of the depth map are high enough and the 3D target shapes are known. Although such

a depth map with sufficient resolutions cannot be obtained by conventional methods,

since the change of this rotation angle causes the shape change of the target region in

the image, it can be an effective cue for estimating this rotation. Thus in order to solve

the above 3D tracking problems, Okada et. al. [158] propose a method to extract the

reliable target region by integrating optical flow and depth and then estimate the target

state (3D position, posture and motion) using the shape of the target region, optical

flow and depth. Although none of them alone can estimate the 3D target state reliably,

they compensate for each other to make the better tracking performance.

One example of the optical flow based visual target tracking system used in autonomous

vehicle navigation can be referred to Doi et. al. [45]. They propose a real-time navigation

system which observes the human behavior and reacts to those actions. The system

detects body parts as the moving areas, and a face region or region specific to human

is then extracted in the detected area based on the skin color or the cloth color of the

human.

Optical flow vectors can also be used to implement the idea of motion compensation for

visual target tracking. In [23] Chang et. al. propose an image stabilization system using

optical flow techniques. A computational scheme that facilitates the local motion vector

field to estimate the global disturbing translational and rotational motions is derived.

In addition to suppressing the translational disturbance, they develop the DIS system

which is also capable of removing the rotational disturbance. From [23] they integrate

the image velocity optical flow vectors (local motion) and the camera motions (global

motion) together for the motion compensation.

However there are also some drawbacks in the previous optical flow based visual target
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tracking systems. First the computational time required for the optical flow estimation

is quite large. Although nowadays the computer hardware is more powerful, this is still a

major problem in the real-time performance. Secondly, many optical flow based tracking

systems use some previous target models (such as the human models) [158] or special

visual features [45] for tracking. They can only track certain objects. The tracking

estimation models used in these systems are complex and the estimation takes quite a

lot of time and also is not accurate. Thirdly, the target identification procedures from

the optical flow vectors often rely on the simple low-level image processing algorithms,

which are less accurate and robust.

2.4 Multiple Sensor Data Fusion

Since each tracking method has its own merits and demerits, it is necessary to have a

fusion methodology to combine their advantages and also compensate for their disad-

vantages. Also autonomous vehicles are equipped with different sensors (such as inertial

sensor, camera, laser scan, sonar, radar and so on). The sensors data are redundant and

complementary. Fusing these information can lead to a robust feature extraction and

target tracking performance. Therefore in this part the general methods of sensor data

fusion are reviewed.

The potential advantages of data fusion and integration are concluded by [129] as follows:

• The integration or fusion of redundant information can reduce the overall uncer-

tainty and thus serve to increase the accuracy with which the features are perceived

by the system. Multiple sensors providing redundant information can also serve

to increase the reliability in the case of sensor errors or failures.

• Complementary information from multiple sensors allows the features in the envi-

ronment to be perceived that are impossible to be perceived using just the infor-

mation from each individual sensor operating separately.

• More timely information may be provided by multiple sensors due to either the

actual speed of operation of each sensor, or the processing parallelism that may
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Estimation methods Non-recursive:
*Weighted Average
*Least Squares
Recursive:
*Kalman Filter
*Extended Kalman Filtering

Classification methods *Parametric Templates
*Cluster Analysis
*Learning Vector Quantization (LVQ)
*K-means Clustering
*Kohonen Feature Map
*ART, ARTMAP, Fuzzy-ART Network

Inference methods *Bayesian Inference
*Dempster-Shafer Method
*Generalized Evidence Processing

Artificial intelligence methods *Expert System
*Adaptive Neural Network
*Fuzzy Logic

Table 2.1: The Classification of Data Fusion Algorithms from [129]

be possible to be achieved as part of the integration process [129].

2.4.1 Data Fusion Methodologies

In Table.2.1 Luo et. al. [129] review the general data fusion methodologies. Data

fusion algorithms can be broadly classified as follows: estimation methods, classification

methods, inference methods, and artificial intelligence methods (Table.2.1).

• Estimation Methods. One of the simplest and most intuitive general methods

of data fusion is to take a weighted average of the redundant information provided

by a group of sensors and use it as the fused value. While this method allows

for the real-time processing of dynamic low-level data, Kalman Filter is predom-

inantly preferred because it provides a method that is nearly equal in processing

requirements and, in contrast to a weighted average, results in the estimates for the

fused data that are optimal in a statistical sense [129]. The Kalman Filter uses

the statistical characteristics of the measurement model to determine estimates

recursively for the fused data [88].
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• Classification Methods. The multidimensional features space can be parti-

tioned into distinct regions, each representing an identification or identity class [67].

The location of a feature vector is compared to the pre-specified locations in the

feature space. A similarity measure must be computed, and each observation is

compared to a priori class. The multi-dimensional features space may be normally

partitioned by the geometrical or statistical boundaries.

The cluster analysis methods try to establish the geometrical relationships on a

set of sample data in a training process. Cluster analysis methods include the

hierarchical agglomerative, hierarchical divisive, iterative partitioning methods,

etc [129]. The cluster analysis is a powerful tool to classify multi-sensor data. The

data scaling, selection of similarity metric, and clustering algorithms will affect the

resulting clusters.

Unsupervised or self-organized learning algorithms such as the learning vector

quantization (LVQ), K-means clustering, Kohonen feature map can be used for

classification [105]. The K-means clustering algorithm is one of the commonly

used unsupervised learning algorithms [89]. An adaptive K-means updating rule

forms the basis of the Kohonen feature Map. There are also the ART, ARTMAP,

and Fuzzy ART networks which do sensor fusion in the adaptive manner and

automatically adjust the granularity of the classifier and are stable against the

category proliferation in the presence of drifting inputs and changing environments.

• Inference Methods. The Bayesian inference allows multi-sensor information to

be combined according to the rules of the probability theory [46]. Bayesian for-

mulas provide a relationship between the a priori probability of a hypothesis, the

conditional probability of an observation given a hypothesis, and the a posteriori

probability of the hypothesis [66]. The Bayesian inference updates the probabilities

of the alternative hypotheses, based on the observational evidence. New informa-

tion is used to update the a priori probability of the hypothesis. Dempster-Shafter

evidential reasoning is an extension to the Bayesian approach [206].

• Artificial Intelligence Methods. High-level inferences require human reason-

ing such as pattern recognition, planning, induction, deduction, and learning. A
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large number of expert systems have been developed for the industrial and mili-

tary applications. The inference process utilized by the expert system begins with

an initial data set and the rule-based knowledge base comprising rules, frames,

scripts, or semantic nets [66]. A neural network [129] consists of layers of pro-

cessing elements that may be interconnected in a variety of ways. Neurons can

be trained to represent sensor information and, through associate recall, complex

combinations of the neurons can be activated in response to the different sensory

stimuli. Fuzzy logic, a type of the multiple-valued logic, allows the uncertainty in

multi-sensor fusion to be directly represented in the inference process by allowing

each proposition, as well as the actual implication operator, to be assigned a real

number from 0.0 to 1.0 to indicate its degree of truth [61] [197].

In conclusion data fusion can be performed at different levels: the signal level, the

pixel level, the feature level and the symbol level. Appropriate fusion algorithms can

be accordingly developed to fuse the data from multiple sources at different levels. In

general, estimation methods have been successfully used for the signal-level sensor fusion.

Classification methods can be used to extract features and fuse data at the pixel and the

feature level. Inference methods can be effective for the symbol-level sensor fusion due to

their capabilities of evidential reasoning. As for the artificial intelligence methods, they

can be regarded as the advanced versions of the estimation, the classification, and the

inference methods. Artificial intelligence methods can be model-free, rather than model-

specific, and have sufficient degrees of freedom to fit complex nonlinear relationships,

with the necessary precautions to properly generalize. As a result, artificial intelligence

methods can effectively conduct data fusion at different levels.

2.4.2 Applications of Data Fusion for Autonomous Vehicles

Redundant and complementary sensor data can be fused and integrated using the multi-

sensor fusion techniques to enhance the system capability and reliability. In recent years,

benefits of multi-sensor fusion have motivated the research in the autonomous vehicle

(mobile robotics) areas.
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Mobile robotics presents one of the most important application areas for the multi-sensor

data fusion and integration [96] [129]. When operating in the uncertain or unknown

dynamic environments, integrating and fusing data from multiple sensors enables the

mobile robots to achieve quick perceptions for the navigation. In conclusion the data

fusion and integration of the vision, tactile, thermal, range, laser radar, and forwards

looking infrared sensors play a very important role for the autonomous vehicle systems.

2.4.2.1 Fusion based Visual Target Tracking for Autonomous Vehicle Nav-

igation

Multiple sensors data fusion or multiple algorithms fusion have been widely used in the

visual target tracking for autonomous vehicle navigation.

In the article of [27] a multi-sensor fusion approach between an omnidirectional vi-

sion system and a panoramic range finder is presented to dynamically localize a mobile

robot. These two sensors provide some complementary and redundant data which en-

able to construct a robust sensorial model which integrates an important number of

significant primitives. Based on this model, they treat the problem of maintaining a

matching and propagating uncertainties on each matched primitive. In details their

localization method is based on the tracking of significant landmarks of the environ-

ment and integrating a multi-level uncertainty propagation stage based on the usage

of the Dempster-Shafer theory. For this purpose, they have developed a robust multi-

criteria method which solves two problems linked to the tracking: the propagation of

an uncertainty concerning the landmark tracks and the treatment of the apparition and

momentary disappearance of a track.

In [42] Derrouich et. al. present a new hybrid approach for range estimation that com-

bines inertial and visual based technologies, which allows them to calculate the image-

space distance between the mobile robot and the edge lines of the 3D environment. Two

frames obtained from the moving CCD video cameras and the outputs of the inertial

tracking system which report the relative changes of orientations and accelerations be-

tween the two frames are integrated to estimate the image-space distance of different

3D points.
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Using the Cellular Nonlinear Network (CNN) tracking method, with a combination of

inertial and visual tracking technologies, Derrouich et. al. [41] have presented a direct

trigonometric range estimation method from a stream of images in the static scene for

the visual target tracking.

Marin-Hernandez et. al. [131] describe how to integrate tracking functions on a mo-

bile robot in different situations: landmark tracking to guarantee the real-time robot

localization, target tracking for a sensor based motion or obstacle tracking to control an

obstacle avoidance procedure. These objects such as landmarks, targets, and obstacles

have different characteristics. Moreover, normal tracking methods are not robust enough

to work under varying environmental conditions. Tracking often fails when illumination

undergoes significant changes. Some other situations where tracking methods fail are

due to the cluttered background, changes in the model pose, occlusions of the target

image or motion discontinuities in the object dynamics. Thus under the real-world en-

vironmental conditions, a single tracking method cannot deal with all the different tasks

and situations presented in it. Several methods must be integrated on the mobile robot.

In their paper a tracker controller is in charge to activate a specific method with respect

to the subject type and a transition model used to recover the tracking failures. This

method is validated using four trackers based on: template differences, set of points,

lines and snakes. This method requests the tracker to switch, either if a target is lost,

by one quick but not so robust method, and a more robust method is activated to find

again the target using local image measurements, or if a target switch is necessary, for

example when the robot must turn around an edge after a corridor following execution.

In such a way every target is associated with the more adapted tracker and with a

recovery procedure in case of failures.

In the paper of [47] a multiple-sensor multiple-target tracking (MS-MTT) approach for

the Autotaxi system is proposed. The system consists of two basic components: the

sensor-level tracking and multiple-sensor track fusion center. Each sensor in the sensor

level is considered as an intelligent one which generates its own track files. Thus, the

task of the fusion center is to fuse the local track files to produce a more accurate and

reliable single system track file. This is performed in three stages: data alignment,

track-to-track association and track fusion. In their paper a decentralized sequential
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data association and fusion structure, referred to as the SMNDNN with MDWOR logic

method, has been considered for the Autotaxi application.

Another example of the implementation of sensor fusion algorithms for the mobile robot

target tracking is proposed by [129]. The experimental setup of their system consists

of one autonomous mobile robot and one multi-sensor based electrical wheelchair. The

mobile robot (Nomad 200 platform) is a three-wheel mobile platform equipped with a

vertical sliding manipulating arm and other sensory modules. The experimental target

is the multi-sensor based electrical wheelchair which is developed by them. Their system

contains two major agents for the local decisions. One is the target-tracking agent whose

inputs are the target position measurements from the fusion of the ultrasonic and vision

sensors and the other is the collision-avoidance agent whose inputs are the surrounding

range measurements from the fusion of the 16 ultrasonic sensors. The final decision

calculated by fusion of these two local decisions is the absolute driving velocity of the

mobile robot.

2.5 Summary

The focus of this thesis is mainly on the vision based autonomous vehicle navigation.

The challenge is that normally in an unstructured environment there are no regular

properties that could be perceived and tracked for navigation (such as landmarks). In

such cases the vision system may only make use of at most a generic characterization

of the possible obstacles in the environment as described in [43]. The obstacles’s 3D

dynamic information together with its visual features are then tracked for navigation.

Therefore visual target tracking algorithms can be an alternative better solution than

the other navigation methods.

Although numerous researchers have made efforts to develop visual target tracking sys-

tems for autonomous vehicle navigation, there are still several remaining research chal-

lenges.

First, as the visual tracking system designed for autonomous vehicles works mainly

in an unknown environment, the target’s specific features are generally unavailable or
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unpredictable. Also as the cameras are moving with the vehicle, the visual features

of the environment may also change continuously. For example as the light attenuates

exponentially with the distance in the air in an outdoor environment, it makes the

quality of the camera images poor. In such a situation the color of the object of interest

will be attenuated and the normal tracking algorithms will meet great difficulties. Also

there may be many unknown colorful objects in the same environment, which can be

misinterpreted for the object of interest. So it is not suitable to develop a tracking

system mainly based on the target’s special visual features or models such as the color

or shape.

Secondly, in the normal visual target tracking systems the target’s relative dynamics to

the cameras is estimated for navigation purposes. This relative information is obtained

from the vehicle’s onboard sensors without considering the vehicle’s self movement. The

relative information is not available for other applications in the same environment.

Also the relative information is less accurate due to the vehicle’s self rotational and

translational motions, which are normally ignored in the estimation processes. Instead

of using the relative information, in this thesis the target’s 3D dynamic information

in the world coordinate can be estimated to give better results for autonomous vehicle

navigation.

From the work of [23], Chang et. al. propose the idea of velocity compensation. In

their work, they integrate the image velocity optical flow vectors (local motion) and the

camera motions (global motion) together for the motion compensation. This velocity

compensation idea is very helpful to estimate the target’s 3D world coordinate dynamics

from a moving camera platform, which will be discussed later in this thesis.

Thirdly, as the autonomous vehicle is working in both the structured and unstructured

environment, it is not always applicable to put additional sensors in the environment to

help autonomous vehicles track the objects and navigate the environment. Therefore to

make more general applications in different environments, the tracking system can only

rely on the vehicle’s onboard sensors to detect and track the object’s 3D dynamics.

Generally, the object’s motion properties are independent of the object’s other visual

features or models. Since the target tracking system in this thesis is proposed to track
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the object in an unknown environment without any priori knowledge, the motion based

algorithms can be used to detect and track the moving target. According to the literature

reviews, the prerequisites for effectively tracking moving targets using CCD cameras

generally include the following stages: detection of motion (motion estimation, motion

segmentation and classification) and target tracking. Therefore the tracking scheme

proposed in this thesis should also follow these procedures. First, the tracking system

needs to detect the motion vectors from the images. Secondly, the classification methods

are used to segment and cluster the images to find the major motion regions. Thirdly,

the target’s visual features are localized from the classified images through the whole

image sequence. Finally, target tracking algorithms are used to estimate the target’s

dynamic states for every time stamp.

Concluded from literature reviews of visual target tracking technologies, optical flow

based tracking algorithms have a number of advantages over the other tracking tech-

niques. These include tracking with the moving cameras and minimal prior knowledge

of the environment and target (no special features and no special tracking models) [89].

Optical flow methods can distinguish different objects by their different motion proper-

ties [88]. Since both the objects and the cameras are moving, optical flow vectors can

be used for motion compensation to estimate the target’s 3D world coordinate velocity

from the relatively 2D motion fields [90]. By integrating these advantages with other

techniques such as the motion classification, template matching or the object’s motion

models, it is possible to implement a robust tracking system working under different

conditions. Also by fusing various visual cues and various sensor data a more reliable

object tracking system could be designed for autonomous vehicle navigation and due to

the increase in the object information the extension could be made to track 3D objects

with stereo images [90].

One major limitation of the optical flow based tracking systems is the high computa-

tional cost of the algorithms and specialized hardware may be necessary for the com-

plex real-time solutions. However nowadays the computer hardware technologies have a

tremendous development, the computational time issue will effect the tracking system

design less and less. So in this thesis the optical flow vectors can just be used as the

main source for identifying and tracking the moving objects.
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From the literature reviews each target tracking method has its own advantages and

disadvantages. It is necessary to integrate the merits and ideas of each method into

one tracking scheme to make a robust target tracking. In this thesis the target tracking

scheme is proposed mainly based on the image motion vectors (optical flow vectors).

With the motion vectors the tracking scheme can be developed based on the ideas and

methodologies from different target tracking methods.

Data fusion will improve the system performance significantly and make robust estima-

tions for both the motion detection and target tracking. Normally data fusion algorithms

can be developed in two different ways: (1) fusing data from different sensors or differ-

ent data from one sensor; (2) integrating different methods. So in the proposed target

tracking scheme the ideas of data fusion can be introduced into the following stages.

• Fusion methodologies from the classification and inference methods can be in-

troduced into the development of the motion segmentation and localization algo-

rithms.

• Fusion methodologies from the estimation methods can be introduced into the

development of the target’s 3D dynamics estimation and state tracking algorithms.

With the successful data fusion the tracking system can easily and accurately achieve

the tracking requirements for autonomous vehicle navigation.

2.5.1 Remaining Research Challenges

The following specific research challenges are identified for this thesis.

• In order to deal with both the structured and unstructured environments, a navi-

gation algorithm based on visual target tracking should be developed as a better

solution for autonomous vehicle navigation. Some of the applications of such a sys-

tem are the autonomous vehicle target following, obstacle avoidance, path planning

and so on.
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• The tracking system should work in both the structured and unstructured situa-

tions. There are usually no additional sensors equipped in these environments. The

proposed target tracking scheme can only rely on the vehicle’s onboard sensors.

• Due to large amount of the visual data, it is very difficult to realize the real-time

processing on the hardware placed in small limited hulls in autonomous vehicles.

Fast and robust tracking algorithms are required for the real-time performance.

• In most visual tracking algorithms the camera system is stationary. Here a dy-

namically changing background is considered. Both the object and autonomous

vehicle are moving. The target tracking system proposed in this thesis should be

developed in the MCMO state.

• Instead of using the target’s dynamics relative to the cameras, a tracking algorithm

which can accurately derive the target’s 3D dynamic information in the world co-

ordinate should be developed to give more applicable and accurate target tracking

results.

• At present, many tracking algorithms are achieved by placing a specific visual

property on the objects of interest. The limitation is mainly due to the finite

object features or the models information. The research in this thesis aims at

tracking the targets without placing any special property on the objects of interest

for the autonomous vehicle navigation tasks.

• Since optical flow vectors are chosen as the main source to identify and track

the object in the proposed target tracking scheme, it is important to solve two

following problems.

1. Optical flow vectors reflect the image motion properties. Different objects will

have different motion regions and also there are background motions. Then

the image processing algorithms which can accurately identify the region of

interest from the optical flow vectors field should be developed.

2. The system needs to gain an understanding of the target’s real world 3D

dynamics from the target’s estimated 2D visual features. The 2D optical

flow vectors field can give the velocity and position information of the object
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relative to the moving cameras. At the same time the autonomous vehicle’s

inertial sensors detect the vehicle’s velocity and position in the world coordi-

nate. So it is necessary to develop a fusion method to fuse the visual sensor’s

data with the vehicle’s motion sensor data for estimating the target’s 3D

position and velocity in the world coordinate.

• The tracking system works in a Moving Camera and Moving Object (MCMO)

state. The visual features of the object and the background are changing con-

tinuously. It is necessary to make the system have the ability to adapt to these

changes, which means that the tracking algorithms should have some learning or

adaptive estimation strategies.

• Finally in order to accurately track the object’s 3D dynamics in different situations,

there are several well-known tracking problems to be solved.

1. First, normal objects do not have uniform or simple linear dynamic properties.

The tracking will be difficult when the objects are with highly nonlinear

or unpredictable motion properties. More complex and adaptive dynamic

models should be developed to approximate the target’s motion properties.

2. Secondly, the proposed system is based on sensor data fusion. The vehicle’s

inertial motion sensors and vision sensors have different data capturing rates.

Also since the target’s 3D visual features need to be obtained from differ-

ent image processing algorithms, the computational time for each method is

different and usually quite large. Therefore for the fusion algorithm all the

sensor data can not arrive at the same time. There is the Out-Of-Sequence

Measurements “OOSM” (or called delayed measurements) problem. In order

to make the accurate estimation, the OOSM problem must be considered.

3. The occluded object tracking is one of the challenging problems in visual

target tracking. In this thesis solutions need to be provided to solve the

occlusion problems for the autonomous vehicle target tracking.

In this thesis all the above research problems have been carefully studied. Solutions are

also proposed to solve these problems to some extent, which make the proposed system

perform well for the autonomous vehicle target tracking.
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Chapter 3

Proposed Tracking System

3.1 Introduction

Based on the previous literature reviews, a novel visual target tracking scheme is devel-

oped in this thesis for autonomous vehicle navigation. The proposed tracking scheme

solves the remaining research problems and meets the autonomous vehicle navigation

requirements.

First compared with other methods the tracking system is designed with following two

advantages:

1. Only the vehicle’s onboard sensors are used to measure the target features.

2. The tracking system does not put any burden on the moving target.

Now with the use of the vehicle’s onboard sensors, there are several major issues to

be considered for the autonomous vehicle visual target tracking [43]. (These problems

have been summarized in the previous Chapter. They are listed here to reemphasize the

proposed tracking strategies.)

• First, as the vision sensors (CCD stereo cameras pair) are moving with the vehicle,

the background changes continuously. With a changing background it is hard to

identify the object’s dynamics based only on the vision sensors.
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• Secondly, for autonomous vehicles in the outdoor environment, the optical prop-

erties of the target may be unpredictable or inconsistent (such as the changes in

the environmental lighting condition). As within the image, the target is to be

identified using specific visual properties, changes in the environment pose great

difficulties.

• Thirdly, previous visual target tracking systems estimate the relative position and

velocity of the object to the vehicle. In order to make more general applications

with the target’s dynamic information and obtain more accurate estimation results,

the target’s 3D velocity and position need to be estimated in the world coordinate

system.

• Fourthly, natural moving targets often have unpredictable, complex or highly non-

linear motion dynamics. The normally used linear dynamic models can not make

an accurate target dynamics tracking.

• Lastly, different sensors have different data capturing and processing time. As a re-

sult, the fusion algorithm receives different measurements in different time stamps.

In order to make the accurate target state estimation, this Out-Of-Sequence Mea-

surements (OOSM) problem must be solved.

In the next section the novel target tracking methodology of the proposed scheme is

explained and the step by step solutions are presented to solve the remaining problems.

3.2 Proposed Tracking System

The proposed tracking scheme has the ability to track the target’s 3D dynamics in an

unknown environment in the MCMO state. From the literature reviews, the prerequisites

for effectively tracking the moving target using CCD cameras generally include detection

of features (feature segmentation and classification) and target tracking. In such a way

the tracking system is designed based on the follow strategies.

• First, in order to accurately identify the target from the image sequences with

a changing background, the image motion properties (optical flow vectors) are
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extracted from the image sequence. The system is designed to track the target’s

3D dynamics, so the target’s 3D visual depth is estimated from the stereo images.

• Secondly, different objects have different visual features, for example the motion

properties. There are also background features together with the target’s features.

In the proposed visual target tracking scheme, these visual features are classified

and localized by the image processing algorithms such as image clustering and

template matching to find the useful ones.

• Thirdly, in order to track the target’s 3D dynamics in the world coordinate, the

target 3D visual features are fused with the vehicle’s motion data. With the tar-

get’s velocity and position estimates, the tracking filters such as Extended Kalman

Filter are used for target tracking.

In detail, this thesis proposes a data fusion based target tracking scheme to solve the

remaining problems mentioned in the previous section. Data fusion can be normally

achieved either by using multiple (redundant) sensors or by combining several measure-

ments of a single sensor [173]. In this thesis different data fusion strategies are formulated

as follows for the proposed target tracking scheme.

• Initially, different visual features are fused to accurately extract the region of

interest (ROI) from the image sequence with a changing background.

• Then, the idea of optical flow based motion compensation [23] is applied in the

proposed target tracking scheme. Here the kinematic model of the autonomous

vehicle is used to estimate the velocity of the cameras based on the vehicle’s inertial

sensors. Then optical flow vectors are fused with the moving camera’s motion

parameters based on the motion compensation approach. In such a way the target’s

3D velocity and position are estimated in the world coordinate for the MCMO

target tracking.

• Next, several simple and basic linear dynamic models are fused together through

IMM to make the approximation of the target complex and nonlinear dynamic

motion properties [90]. The fusion of different linear dynamic models through

IMM makes the target dynamics estimation more robust.
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Finally, for the OOSM problem the 1−step− lag solution from [6] is integrated with the

Extended Kalman Filter for the proposed tracking system to make better estimations.

Figure 3.1: The Proposed Tracking System

The proposed visual target tracking scheme is described schematically in Fig.3.1. The

following chapters are organized in the order of this system flow chart. Each chapter

(from Chapter 4 to Chapter 8) describes one component of the system and solves some

of the remaining research problems. The experimental results are also shown in each

Chapter to demonstrate the performance of the proposed approaches.

In the second step of the process (Chapter 4), the image optical flow vectors and stereo

disparity are extracted from the image sequence. Then in the third step (Chapter
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5), these visual features are fused for the motion field segmentation and clustering.

The segmentation can be done with the simple K-means or the proposed unsupervised

Bayesian on-line learning based segmentation algorithm. From the experimental testing

the unsupervised Bayesian on-line learning based method gives better performance than

the other methods.

In the fourth step (Chapter 6), the template matching and updating algorithm is de-

veloped to localize the region of interest from the clustered optical flow vectors fields.

The template matching is between the target’s optical flow vectors region and the whole

image flow vectors field. Here the matching template is updated frame by frame. The

template matching can also be done with color images using the methods such as the

Bayesian fusion based template matching proposed in this thesis. With color images the

matching is more accurate than the matching using only the motion vectors.

In the fifth step (Chapter 7), optical flow vectors are fused with the target’s depth

disparity information and then combined with the kinematic model of the camera sys-

tem to estimate the target’s 3D position and velocity in the world coordinate. These

information is used later for the target dynamics tracking.

In the final step (Chapter 7), the target 3D dynamics is estimated with Extended Kalman

Filter. Through the Extended Kalman Filter measurement equation the sensor data

fusion is achieved for the proposed visual target tracking scheme. Here several simple and

basic linear dynamic models with the IMM approach are used to make the approximation

of the target complex motion properties. With the target tracking dynamic model, the

1−step− lag OOSM estimation solution is integrated with the Extended Kalman Filter

to solve the delayed measurement (OOSM) problem. The IMM approach and OOSM

solution make the target dynamics tracking more robust.

Chapter 8 presents the experimental results obtained under different situations with

nature image sequences. Chapter 9 concludes the research work in this thesis and makes

the suggestions for future work.
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Chapter 4

Visual Feature Extraction

In this Chapter visual feature extractions from the images are presented as the first step

for the whole visual target tracking scheme. There are many visual features available

from the images, such as color, texture, motion and so on. It is necessary to extract the

useful ones from the images. The proposed tracking scheme in this thesis is mainly based

on the object’s dynamic properties, so first optical flow vectors estimation algorithms

are explained. Next, the stereo disparity algorithm is described to obtain the target’s

3D visual depth. Other useful visual features such as the image color or pixels’ spatial

location information can be read directly from the images.

4.1 Optical Flow Estimation

Motion estimation, which may refer to the image-plain motion (2D motion) or the object-

motion (3D motion) estimation, is one of the fundamental problems in the computer

vision and image processing research areas. Optical flow is one of the main solutions for

the motion estimation. Optical flow vectors are defined as the temporal rate of changes

of the image-plain coordinate, (v1, v2) = (dx1/dt, dx2/dt) at a particular point (�x, t)

in the image as determined by the spatio-temporal variations of the image intensity

pattern.

Numerous methods for optical flow vectors estimation have been developed in the last 20
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years. Barron et. al. [10] analyze and compare several techniques that had been proposed

before 1994, including four differential-based methods, two region-based methods, one

energy-based method and two phase-based methods. More recent techniques can be

found in [51] [52]. Among them, the three-dimensional (3D) structure tensor technique

has been shown to have the low systematic error and low noise sensitivity and to yield

very good results.

Despite the differences in all these methods, many of these techniques can be viewed

conceptually in terms of three stages of processing:

• Pre-filtering or smoothing with the low-pass/band-pass filters in order to extract

the signal structure of interest and to enhance the signal-to-noise ratio.

• The extraction of basic measurements, such as the spatio-temporal derivatives (to

measure normal components of velocity) or the local correlation surface.

• The integration of these measurements to produce a 2D flow field, which often

involves assumptions about the smoothness of the underlying flow field [10].

In this thesis, several commonly used techniques are tested for the estimation of optical

flow vectors.

4.1.1 Horn and Schunck’s Method

The first instances of the optical flow vectors estimation use the first-order derivatives

and are based on the image translation [10] [71], i.e.

I(�x, t) = I(�x − �vt, 0) (4.1)

where �v = (u, v)T and �x corresponds to the 2D pixel’s coordinates. From a Taylor expan-

sion of Eq.(4.1) or more generally from an assumption that the intensity is considered,

dI(�x, t)/dt = 0, the gradient constraint equation is easily derived:

�I(�x, t) · �v + It(�x, t) = 0 (4.2)
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where It(�x, t) denotes the partial time derivation of I(�x, t), �I(�x, t) = (Ix(�x, t), Iy(�x, t))T

and �I ·�v denotes the usual dot product. In effect, Eq.(4.2) yields the normal component

of motion of spatial contours of the constant intensity, �vn = s�n. The normal speed s

and normal direction �n are given by

s(�x, t) =
−It(�x, t)

|| � I(�x, t)|| �n(�x, t) =
�I(�x, t)

|| � I(�x, t)|| (4.3)

There are two unknown components of �v in Eq.(4.2), constrained by only one linear

equation. Further constraints are therefore necessary to solve for both the components

of �v. Some developed methods like Horn and Schunck’s method are based on how to

make further constraints to calculate the optical flow vectors.

Horn and Schunck’s gradient-based optical flow estimation method [10] combines the

image gradient constraint as given in (4.4)

�I(�x, t) · �v + It(�x, t) = 0 (4.4)

with a global smoothness term to constrain the estimate of the optical flow vectors field

�v = (u(�x, t), v(�x, t)) minimizing

∫
D

(�I · �v + It)
2 + λ2(|| � u||22 + || � v||22)dx (4.5)

which is defined over a domain D, the magnitude of λ reflects the influence of the

smoothness term, It(�x, t) denotes the partial time derivative of the image intensity matrix

I(�x, t), �I(�x, t) = (Ix(�x, t), Iy(�x, t))T and �I · �v denotes the usual dot product.

Then Horn and Schunck’s optical flow iterative estimation equations are given by Eq.(4.6)

and Eq.(4.7).

uk+1 = uk − Ix[Ixu
k + Iyv

k + It]

α2 + I2
x + I2

y

(4.6)

vk+1 = vk − Ix[Ixu
k + Iyv

k + It]

α2 + I2
x + I2

y

(4.7)

where k denotes the iteration number, Ix and Iy denote the x and y direction derivations
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of the image intensity matrix, u0 and v0 denote initial velocity estimates which are set

to zero and uk and vk denote neighborhood averages of uk and vk.

Here the image intensity derivation matrixes Ix, Iy and It can be calculated by ap-

proximating them through the respective forward or backward finite difference. Horn

and Schunck’s method [71] is averaging four finite differences to obtain Ix, Iy and It as

follows:

∂I(x, y, t)
∂x

.=
1
4
{I(n1 + 1, n2, k) − I(n1, n2, k) + I(n1 + 1, n2 + 1, k) − I(n1, n2 + 1, k) +

I(n1 + 1, n2, k + 1) − I(n1, n2, k + 1) + I(n1 + 1, n2 + 1, k + 1) − I(n1, n2 + 1, k + 1)}
∂I(x, y, t)

∂y

.=
1
4
{I(n1, n2 + 1, k) − I(n1, n2, k) + I(n1 + 1, n2 + 1, k) − I(n1 + 1, n2, k) +

I(n1, n2 + 1, k + 1) − I(n1, n2, k + 1) + I(n1 + 1, n2 + 1, k + 1) − I(n1 + 1, n2, k + 1)}
∂I(x, y, t)

∂t

.=
1
4
{I(n1, n2, k + 1) − I(n1, n2, k) + I(n1 + 1, n2, k + 1) − I(n1 + 1, n2, k) +

I(n1, n2 + 1, k + 1) − I(n1, n2 + 1, k) + I(n1 + 1, n2 + 1, k + 1) − I(n1 + 1, n2 + 1, k)}
(4.8)

The original method described [71] by Horn and Schunck uses first-order differences

to estimate intensity derivatives. Because this is a relatively crude form of numerical

differentiation and can be the source of considerable errors, the methods with spatio-

temporal pre-smoothing and 4-point central differences for differentiation (with mask

coefficients) are also implemented here. A spatio-temporal Gaussian pre-filter is used

with a standard deviation of 1.5 pixels in space and 1.5 frames in time (1.5 pixels-frames),

sampled out to three standard deviations. And this is the so-called modified Horn and

Schunck’s method [222].

4.1.2 Lucas and Kanade’s Method

Following Lucas and Kanade [128] and others [10] methods, a weighted least-squares

(LS) fit of the local first-order constraints Eq.(4.2) is implemented to a constant model

for the optical flow vectors field �v in each small spatial neighborhood Ω by minimizing

∑
�x∈Ω

W 2(�x)[�I(�x, t) · �v + It(�x, t)]2 (4.9)
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where W (�x) denotes a window function that gives more influence to the constraints at

the center of the neighborhood than those at the periphery. The solution to Eq.(4.9) is

given by

AT W 2A�v = AT W 2b (4.10)

where, for n points in x ∈ Ω at a single time t,

A = [�I(�x1), ...,�I(�xn)]T , W = diag[W (�x1), ...,W (�xn)], b = −(It(�x1), ..., It(�xn))T

(4.11)

The solution to Eq.(4.11) is

�v = [AT W 2A]−1AT W 2B (4.12)

which is solved in the closed form when AT W 2A is nonsingular, since it is a 2×2 matrix:

AT W 2A =

[ ∑
W 2(�x)I2

x(�x)
∑

W 2(�x)Ix(�x)Iy(�x)∑
W 2(�x)Iy(�x)Ix(�x)

∑
W 2(�x)I2

y (�x)

]
(4.13)

where all sums are taken over the points in the neighborhood Ω.

Equations (4.9) and (4.10) may also be viewed as the weighted least-square estimates of

�v from the estimates of normal velocities �vn = s�n; i.e. Eq.(4.9) is equivalent to

∑
�x∈Ω

W 2(�x)ω2(�x)[�v · �n(�x) − s(�x)]2 (4.14)

where the coefficient ω2(�x) reflects the confidence in the normal velocity estimates; here

ω(�x) = || � I(�x, t)||.

4.1.3 The Three-Dimensional (3D) Structure Tensor Technique

for Optical Flow Estimation

In the recent publication [125], the 3D structure tensor technique has been shown to

have the low systematic error and low noise sensitivity for optical flow vectors estimation.
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Extending the constant optical flow model to a parametric model can further improve

the accuracy of optical flow estimates. In [125] the optical flow estimation problem is

converted to the generalized eigenvalue analysis. Moreover, the confidence measures

defined by the generalized eigenvalues can be used to adaptively adjust the coherent

motion region and achieve a more accurate and robust result.

The main assumption underlying the 3D structure tensor technique is the brightness

change constraint, which assumes that the image brightness changes only due to motion.

To regularize the results, it constructs the tensor for each pixel within its neighborhood,

in which the local optical flow is assumed to be constant. It then converts the optical

flow estimation problem to an eigenvalue analysis problem. The following method is

taken from the optical flow estimation algorithm developed in [125].

According to the commonly-used assumption that the image brightness g(�x, t) at a point

�x = [x, y]T and the time t change only due to motion, there is

dg

dt
=

dg

dx

dx

dt
+

dg

dy

dy

dt
+

dg

dt
= 0 (4.15)

Let the optical flow �f = [fx, fy]
T = [dx/dt, dy/dt]T ,

(��xtg) = [gx, gy, gt]
T = [dg/dx, dg/dy, dg/dt]T , Eq.(4.15) leads to the optical flow con-

straint equation

[gx, gy]
T �f + gt = 0 ⇒ [gx, gy, gt][fx, fy, 1]T = 0

⇒ v−1
t [gx, gy, gt][vx, vy, vt]

T = 0 ⇒ [gx, gy, gt][vx, vy, vt]
T = 0

⇒ (��xtg)T�v = 0 (4.16)

where

fx =
vx

vt

, fy =
vy

vt

, �v = [vx, vy, vt]
T (4.17)

Here, �v is the 3D flow in the �xt − space. It can be solved by minimizing the following

energy function in the least-squares sense:

E(�x) =

∫ ∞

−∞
ω(�x − �x′)[(��xtg)T�v]2d�x′ (4.18)
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where ω(·) is a window function that defines the neighborhood N around �x.

Define the mean operation “〈·〉” as follows

〈f〉 =

∫ ∞

−∞
ω(�x − �x′)fd�x′ (4.19)

The energy function in Eq.(4.18) can be expressed as

E(�x) = 〈[(��xtg)T�v]2〉 = 〈�vT (��xtg)(��xtg)T�v〉 (4.20)

Instead of assuming that the 3D flow �v is constant within the neighborhood N , the

affine model is used as the parametric model of the 3D flow �v:

�v =

[ a′
1 a′

2 a′
3

a′
4 a′

5 a′
6

a′
7 a′

8 a′
9

][ x

y

t

]
+

[ a′
10

a′
11

a′
12

]
(4.21)

For a particular frame, t is a constant and the last two terms of each of the above

equations can be combined into one term. The affine model can be simplified as follows:

�v =

[ a1 a2

a3 a4

a5 a6

][
x

y

]
+

[ a7

a8

a9

]

=

[ x y 0 0 0 0 1 0 0

0 0 x y 0 0 0 1 0

0 0 0 0 x y 0 0 1

][ a1

...

a9

]
= B�p (4.22)

Noting that within the neighborhood N the parameter �p rather than �v is constant, and

substituting �v in Eq.(4.22) into Eq.(4.20), it has

E(�x) = 〈[(��xtg)T B�p]2〉 = 〈�pT (BT (��xtg)(��xtg)T B)�p〉
= �pT 〈(BT (��xtg)(��xtg)T B)〉�p = �pT T�p (4.23)
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where

T = 〈BT (��xtg)(��xtg)T B〉 (4.24)

is the parametric structure tensor (affine in this case).

To avoid the trivial solution �v = 0 for Eq.(4.20), an additional constraint is needed.

Noting that �v = B�p,

�vT�v = 1 ⇒ �pT BT B�p = �pT D�p = 1 where D = BT B (4.25)

Other options include setting a9 = 1 in Eq.(4.22). By using Lagrange multipliers, the

combined energy function becomes

L(�p, λ) = �pT T�p + λ(1 − �pT D�p) (4.26)

Solving Eq.(4.26) it shows

∂L(�p, λ)

∂pk

= 0 ⇒ T�p = λD�p (4.27)

subject to
∂L(�p, λ)

∂λ
= 0 ⇒ �pT D�p = 1 (4.28)

where �p = [pk] and k = 1, 2, ..., 9. Therefore, the minimization problem Eq.(4.18) is

converted to the generalized eigenvalue problem as in Eq.(4.27).

Where the optical flow is constant within the neighborhood, the generalized eigenvalue

problem reduces to an ordinary eigenvalue problem

T�v = λ�v (4.29)

subject to

�vT�v = 1 (4.30)

where T = 〈(��xtg)(��xtg)T 〉.

The motivation for formulating the optical flow estimation problem as a generalized
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eigenvalue problem rather than an ordinary linear square problem is that it essentially

provides a total least-squares (or error in variables) solution, which assumes that both

the spatial and temporal image solutions are noisy.

Notice that in Eq.(4.27) both the matrixes T9×9 and D9×9 are real, symmetric, and

nonnegative-definite. According to the simultaneous diagonalization theorem, when D

is nonsingular, there exists a matrix P = [�p1, �p2, ..., �p9] that diagonalizes both

P T TP = diag(t1, t2, ..., t9), P T DP = diag(d1, d2, ..., d9) (4.31)

In addition, T �pi = λiD�pi for i = 1, 2, ..., 9 where λi = ti/di. When D is singular, only n

of the dis are nonzero, where n is the rank of D. In the problem of this method , n = 3,

i.e., there are only three defined eigenvalue/eigenvector pairs.

Left-multiplying both sides of Eq.(4.29) by �pi
T and using Eq.(4.22), it has

�pi
T T �pi = λi�pi

T D�pi

⇒ λi =
�pi

T T �pi

�pi
T D�pi

=
�pi

T 〈BT (��xtg)(��xtg)
T B〉�pi

�pT
i BT B�pi

=
||〈(��xtg)T B�pi〉||2

||B�pi||2 =
||〈(��xtg)

T �vi〉||2
||�vi||2 ≥ 0 (4.32)

Here λi is defined only when �vi = B�pi �= 0, which is guaranteed by the constraint

Eq.(4.28).

Without the loss of generality, let’s first order the eigenvalues as

0 ≤ λ1 ≤ λ2 ≤ λ3 (4.33)

with their corresponding eigenvectors denoted by �p1, �p2 and �p3.

Substituting Eq.(4.27) into Eq.(4.23), and with the constraint that �vT�v = 1, it shows

E(�x) = �pT T�p = λ�pT D�p = λ�vT�v = λ

⇒ min(E(�x)) = min(λk)k=1,2,3 = λ1 (4.34)
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i.e., the energy function E is minimized when the affine parameter �p is the generalized

eigenvector �p1 of the affine structure tensor T that corresponds to the minimum general-

ized eigenvalue λ1. Once �p1 is obtained, the optical flow can be calculated from Eq.(4.17)

and Eq.(4.22) by substituting �p1 for �p.

The method from [125] is an adaptive optical flow vectors estimation approach. In

their method the confidence measure derived from the generalized eigenvalues is used to

adaptively adjust the coherent motion region to further improve the accuracy.

4.2 Visual Depth from Stereo Imaging

4.2.1 Introduction

Extraction of the three-dimensional (3D) structures of a scene from stereo images has

been studied by the computer vision community for decades [18].

Stereo refers to the problem of determining the 3D structure of a scene from two or

more images taken from distinct viewpoints [54]. The fundamental basis for stereo is

that a single 3D physical location projects to a unique pair of image locations in two

observing cameras. As a result if the two cameras images are available and the image

locations that correspond to the same physical point in space can be determined, then

it is possible to estimate its 3D location.

The primary problems to be solved in stereo are the calibration, correspondence, and

reconstruction [18]. Here the correspondence problems are normally the main research

topics in the research community. In practice given two images and from the informa-

tion contained in these images, the disparities must be calculated. The correspondence

problem consists of determining the locations in each camera image that are the pro-

jections of the same physical point in space. No general solution to the correspondence

problem exists, due to ambiguous matches (e.g., due to occlusions, secularities, or lack

of texture). Thus, a variety of constraints (e.g., epipolar geometry) and assumptions

(e.g., image brightness constancy and surface smoothness) are commonly exploited to

make the problem tractable.
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As noted previously, stereo disparities may be estimated in a number of ways and by

exploiting a number of constraints. All of these methods attempt to match pixels in

one image with their corresponding pixels in the other image. For simplicity, the con-

straints on a small number of pixels surrounding a pixel of interest are referred as local

constraints. Similarly, the constraints on scan-lines or on the entire image are loosely

referred as global constraints. Local methods can be very efficient, but they are sen-

sitive to locally ambiguous regions in images (e.g., occlusion regions or regions with

uniform textures.). Global methods can be less sensitive to these problems since global

constraints provide additional supports for regions difficult to match locally, but these

global methods are more computationally expensive.

The local methods fall into three broad categories: block matching, gradient methods

and feature matching. The global correspondence methods exploit nonlocal constraints

in order to reduce the sensitivity to local regions in the image that fail to match, due to

the occlusion, uniform texture, etc. The use of these constrains makes the computational

complexity of global matching significantly greater than that of local matching. By far,

the most common approach to global matching is the dynamic programming, which uses

the ordering and smoothness constrains to optimize the correspondences in each scan

line. Two variants of dynamic programming are the standard method and the one based

on Tomasi and Manduchi’s intrinsic curves [18]. More recent graph cut, diffusion, and

belief propagation methods, all of which incorporate more general two-dimensional local

cohesion constraints, can also be used.

After roughly 30 years of research on computational stereo (in the computer vision

community), many elements of stereo algorithms are well understood, especially for the

accurate stereo calibration and efficient algorithms for the local correspondence. As a

result during the past decade, the focuses have been turned from the fundamentals of

stereopsis to more difficult problems, such as the global correspondence and methods

for handling occlusions [18]. Perhaps the most practically significant advance in the

last decade has been the appearance of real-time stereo systems, for example on special-

purpose computers. Due to the large part to these real-time implementations, researches

on real-time stereo applications have blossomed in the latter part of this decade. Real-

time algorithms, however, are still relatively simplistic, and most of the global matching
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and occlusion handling methods discussed do not currently run in real-time. More

demanding potential applications (e.g., virtual reality) require both the real-time algo-

rithms and very precise, reliable, and dense depth estimates. Solving the problems of

stereo timing, precision and reliability jointly remains a challenging research topic that

the rapid process can be predicted and seen in the coming decade.

4.2.2 Depth from Stereo

In this thesis, the image stereo disparity is estimated to obtain the target’s 3D visual

depth information. Here the basic stereo disparity theory and the commonly used SAD

disparity estimation method are described.

The stereo images sequence is recorded using two CCD cameras. As shown in Fig.4.1

Figure 4.1: The Simple Camera Geometry for Stereo Images from Horn’s book [71]

the two cameras are rigidly attached to each other so that their optical axes are parallel

and separated by a distance b1. Here f is the camera’s focal length. The difference of the

same point in the left and right image coordinates x′
l − x′

r is known as disparity which

is denoted by d. Thus a point with (X,Y, Z) in the world coordinate can be obtained
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from Eq.(4.35) as shown in Fig.4.1.

X = b1
(x′

l + x′
r)/2

x′
l − x′

r

; Y = b1
(y′

l + y′
r)/2

x′
l − x′

r

; Z = b1
f

x′
l − x′

r

(4.35)

4.2.3 Disparity Estimation

For every image pixel in the left image the disparity estimation is to find the correspond-

ing pixel in the right image (a match). Matching each single pixel between two images

requires much more computational time. Therefore a small region containing the im-

age pixels, called the correlation window, is used to make the correspondence matching

faster. The window in this thesis is chosen to be the region of interest from the image

segmentation and template matching results. This kind of choice may also have some

drawbacks. A discussion of how to overcome them is beyond the scope of this thesis,

seeing for example [18].

Without the loss of generality this research assumes the already calibrated cameras

system in the sequel, i.e. the epipolar lines are parallel to the image rows. To obtain

a first estimate of the disparity, an area based matching algorithm is used. For that

purpose image blocks of the left and right stereo images are compared along the epipolar

lines.

In this thesis the Sum of the Absolute RGB Difference (SAD) algorithm given in

Eq.(4.36) is used to estimate the disparity d. The Sum of Absolute RGB Difference

(SAD) performs better than the normally used Sum of Squared Difference (SSD) or the

Zero-mean Sum of Squared Difference (ZSSD) in the presence of outliers. According

to [146], using the color information instead of gray values improves the signal to noise

ratio by 0.2 − 0.5.

SAD(x, y, d) =

1/2(winx−1)∑
i=−1/2(winx−1)

1/2(winy−1)∑
j=−1/2(winy−1)

(
|Rl(x + i, y + i) − Rr(x + i + d, y + j)|

+|Gl(x + i, y + i) − Gr(x + i + d, y + j)|

+|Bl(x + i, y + i) − Br(x + i + d, y + j)|
)

(4.36)
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here R, G and B are the color components of the respective pixels, index l stands for the

left image, and index r for the right one. The dimensions of the correlation window winx

and winy have to be uneven numbers, otherwise there would be an offset of half a pixel

between the disparity and the left image. In this thesis the correspondence matching is

done only by matching the region of interest from one image onto the other to estimate

the disparity value, which can reduce the computation time by ignoring the whole image

matching.

4.2.4 Some Stereo Images

Here are the stereo images captured by the CCD cameras in both the indoor and outdoor

environments.

4.2.1: 4.2.2: 4.2.3: 4.2.4:

Figure 4.2: Some Stereo Images in Both the Indoor and Outdoor Structured and Un-
structured Environments. These images are used later to test the proposed target track-
ing system in Chapter 8.

The disparity calculation is obtained from these stereo images. The computation of

the stereo disparities is done with Matlab. Some other existing softwares (commercial

or free) also provide the stereo disparity estimation functions and can be used for the

testing. Since in the proposed tracking scheme the disparity calculation is based only

on the extracted region of interest, the whole disparity estimation result is not shown

here. The estimated disparity is directly used to obtain the target’s depth information,

which is shown in Fig.(4.3).

The estimated stereo disparity is used later for the target’s 3D dynamics estimation in

Section 7. The estimated distance will be compared with the ground truth measured

distance in the experimental section of this thesis to demonstrate the stereo disparity
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Figure 4.3: The distance estimation result. This figure shows the estimated visual depth
vs. the frame number for the stereo images of Fig.(4.2.1) and Fig.(4.2.2). The x axis is
the image frame number. The y axis is the estimated distance (cm) between the cameras
and the object.

estimation performance.

4.3 Experimental Results of Optical Flow Estima-

tion

Now after all the three commonly used optical flow algorithms are described as above,

the experimental comparisons are done in this part.

The first step in calculating the optical flow vectors is to compute the gradient of the

image sequence in the 3D �xt − space. However, the commonly-used first-order discrete

difference operators, such as the forward/backward/centered differences, are only very

crude approximations to an ideal first-order derivative operator. Such operators intro-

duce large errors in the gradient, and thus propagate large deviations to the optical flow

estimates. Better derivative operators include series-designed and B-spline based deriva-
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tive operators. Both of them provide larger support regions for the accurate derivative

computation. In the experiments here, a filter of radius 5 is used.

D =
1

250
[−225,−150, 600,−2100, 2100,−600, 150, 225] (4.37)

This helps improve the accuracy of optical flow vectors estimation.

It is well known that appropriately smoothing the image frames improves the optical flow

estimation [10]. In the experiments, a Gaussian filter with the standard deviation of 1.5

on the spatial axis and 1.5 on the temporal axis is used to smooth the image sequences

to alleviate the aliasing problem. With the Gaussian filtering, first, the optical flow

estimation accuracy will be improved. Secondly, this smoothing can reduce the textured

object effects and make the following image segmentation and clustering more accurate.

Normally the gray level images are used for optical flow vectors estimation. Because

when the color information of the images is discarded, the time for optical flow vectors

calculation can be greatly reduced.

4.4.1: 4.4.2: 4.4.3: 4.4.4:

Figure 4.4: One person moving in the outdoor unstructured environment. The first
three figures are the color images. Fig.(4.4.4) is the gray level image for the optical flow
estimation.

Fig.(4.5) shows the optical flow vectors field estimated from Lucas and Kanade’s method.

From Fig.(4.6) the optical flow vectors field from Horn and Schunck’s method is very

dense. The 100% dense optical flow vectors field is good for the following image clustering

and segmentation calculation. The movement of the person in Fig.(4.6) is also much

clearer than the one in Fig.(4.5). It is one of the main reasons why Horn and Schunck’s

method is considered better than Lucas and Kanade’s method for the proposed tracking
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4.5.1: 4.5.2:

Figure 4.5: Optical flow vectors fields estimated from Lucas and Kanade’s method

4.6.1: 4.6.2:

Figure 4.6: Optical flow vectors fields estimated from Horn and Schunck’s method.

system.

As shown in Fig.(4.7) the platform carrying the camera is moving towards the moving

target (the blue color target is pointed in Fig.(4.7.1)), and as a result the size of the

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



4.3 Experimental Results of Optical Flow Estimation 69

4.7.1: 4.7.2: 4.7.3: 4.7.4: 4.7.5:

Figure 4.7: Indoor moving target with moving background. A blue color object is moving
in the image sequence. It can be seen that the background is changing frame by frame.

object appearing in the scene increases from left to right. This image sequence is also

used to test different optical flow estimation methods.

Fig.(4.8) shows the optical flow vectors fields estimated from Horn and Schunck’s method.

The optical flow field is 100% dense, which reflects the movements of the target and its

background. Each vector reflects the image pixel’s velocity. From these figures the op-

tical flow vectors from Horn and Schunck’s method are also very accurate to reflect the

major motions in the image.

Some other comparisons of the three different optical flow estimation methods are pre-

sented next.

Fig.(4.10.1) shows the optical flow vectors field from the structure tensor method.

Fig.(4.10.1) enlarges the optical flow vectors from Fig.(4.10.1). From this figure the

flow vectors all point to one direction, which is the target moving direction in the image.

Fig.(4.11.2) enlarges the optical flow vectors field from Horn and Schunck’s method

(Fig.(4.11.1)). From this figure the optical flow vectors point to different directions. The

image optical flow vectors cannot accurately reflect each image pixel’s correct moving

direction and velocity in the images.

Next the above experimental results are discussed. Based on the experimental compar-

isons and theoretical discussions, Horn and Schunck’s method is selected for the proposed

target tracking scheme in this thesis.
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4.8.1: 4.8.2:
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4.8.4:

Figure 4.8: Optical flow vectors fileds from the image sequence of Fig.(4.7) with the
modified Horn and Schunck’s method. Figures (4.8.3) and (4.8.4) are two of the enlarged
ones for clarity.

4.4 Summary

In this section experimental results on optical flow estimation are discussed. The reasons

of selecting Horn and Schunck’s method for the proposed visual target tracking system

are explained.

It is clear from Horn and Schunck’s method as shown in Fig.(4.11) that the optical flow
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4.9.1: 4.9.2: 4.9.3: 4.9.4: 4.9.5:

Figure 4.9: The black area is moving in the images to test the optical flow estimation
algorithms.

4.10.1: 4.10.2:

Figure 4.10: Optical flow vectors estimated from the structure tensor method for the
image sequence of Fig.(4.9).

vectors in Fig.(4.10) are accurately estimated showing the moving target in the image

sequence. This is because the structure tensor method solves the aperture problem

better than Horn and Schunck’s method [125]. However as seen in Fig.(4.10) there

are more noises in the optical flow vectors field. And the biggest problem with the

structure tensor method is that it computes the optical flow vectors very slowly. The

structure tensor method calculates the eigen-value of each pixel from the image, which

requires many iterations. For the optical flow estimation of one frame from [125], it takes

about four minutes for the calculation. Even after some optimization and simplification

of the optical flow vectors estimation program, the speed can only be reduced to 2 −
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4.11.1: 4.11.2:

Figure 4.11: Optical flow vectors estimated from Horn and Schunck’s Method for the
Image Sequence of Fig.(4.9).

3mins/frame, which is still much slower than that by Horn and Schunck’s method. So it

is really difficult to do the fast or real-time processing using the structure tensor method.

The estimation results from Horn and Schunck’s method is not as accurate as those

from the structure tensor method to reflect the motion of the target pixels due to its

sensitivity to the aperture problem. There are few noises in the optical flow vectors

fields as shown in Fig.(4.11). There are also apparent optical flow vectors in the moving

regions from Horn and Schunck’s method and also much smaller or no motion vectors

in the stationary parts. As in the proposed visual target tracking scheme, the optical

flow vectors are only used to find the major motion regions in the images. The flow

vectors field form Horn and Schunck’s method is good enough for the proposed visual

target tracking scheme to conduct the following image segmentation and clustering step.

Also since the following image processing steps are developed with the visual features’

data fusion, the little inaccuracy from Horn and Schunck’s method slightly affects the

features’ extraction and identification.

Compared with other gradient-based optical flow estimation methods, Horn and Schunck’s

algorithm is more suitable for the proposed visual target tracking scheme due to the fol-
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lowing reasons [10] [71]. First, Horn and Schunck’s method is a global estimation method

which aids the regions having insufficient local constraints benefit from the estimates at

surrounding regions, while Lucas and Kanade’s method is a local one. Secondly, Horn

and Schunck’s method uses the iterative Gauss-Seidel equations to prevent the propaga-

tion of roundoff errors and allow the minimization to be solved (whereas the Gaussian

elimination would fail badly). Thirdly, Horn and Schunck’s method is an iterative pro-

cess which refines the optical flow estimation result. Finally and most importantly,

Horn and Schunck’s method is faster in computation from the experimental testing in

this thesis.

If the optical flow estimation accuracy accepted by the tracking system, its faster compu-

tational speed and 100% estimated dense optical flow vectors field are considered, Horn

and Schunck’s method is chosen as the better one than the other optical flow estimation

algorithms for the proposed visual target tracking scheme in this thesis.

However one issue is necessary to be considered for the implementation of Horn and

Schunck’s estimation method. Normally 20 iterations for Horn and Schunck’s method is

not enough to give good results, but at least 100 would be better. With 100 iterations

it is better yet to check if the convergence has been obtained by seeing if the norms of

the last and second last flow field difference are less than some threshold.
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Chapter 5

Visual Features Classification:

Image Segmentation and Clustering

After the visual features are extracted from the image sequence, it is necessary to classify

these features and find the useful ones from the images, which is the third step of the

proposed visual target tracking scheme. In this Chapter, the image segmentation and

clustering methods are presented and the novel unsupervised Bayesian on-line learning

based image clustering method is presented as a better solution for the proposed tracking

scheme.

5.1 Introduction

The moving object’s segmentation in the video images is a key process in a large number

of multimedia and computer vision applications. It is also a major step in the proposed

visual target tracking scheme. Here the image segmentation aims at detecting the regions

corresponding to the moving objects. Detecting moving regions provides a focus of

attention for the later processes such as the tracking and estimation because only these

regions need to be considered in the later processes. Also different moving regions may

correspond to different moving targets in the natural scenes. For instance, the image

sequences captured by the moving cameras mounted on the autonomous vehicle probably
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include humans, vehicles and other moving objects. To further track objects and analyze

their behaviors, it is essential to correctly classify moving objects.

However, in the MCMO state presented in the proposed visual target tracking scheme,

most of the difficulties associated with the image segmentation and clustering are due

to the presence of a relative motion of the observer with respect to the motion of the

objects and background. The segmentation of moving objects becomes difficult when

the video is acquired by a moving camera with an unconstrained and a priori unknown

motion. In this case, the segmentation by computing visual motion alone is not always

reliable, and other features must be exploited such as the color, shape, texture and so

on.

Several researchers have approached these problems of the object based image segmen-

tation acquired by the moving cameras. The proposed solutions can be mainly differen-

tiated into three classes:

1. based on the egomotion computation: these methods initially compute the egomo-

tion and, after the compensation of the camera motion, they apply an algorithm

defined for the fixed camera. [33];

2. based on the motion segmentation: the objects are mainly segmented by using the

motion vectors computed at the image pixel level. [24];

3. based on the region merging with motion: the objects are obtained with a segmen-

tation using several visual features, and then merged on the motion parameters

computed on a region-level. [32] [193]

As discussed earlier the image segmentation algorithm in this thesis is considered as a

classification approach, which is mainly in the second and third groups of the above

methods. Given a set of image pixels the classification is to find the best correspondence

of the image pixels with some property of the image visual features clusters (color, mo-

tion vectors, spatial locations, etc.). The segmentation is considered good if the clusters

computed are homogeneous with respect to the feature vector, with the additional con-

straint that no two clusters should be similar (otherwise their pixels might be grouped

together into the same cluster).
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The most popular visual features used for the image clustering and segmentation are

the motion vectors, color. At the same time texture [25] and geometric properties [116]

are also widely used. Some of the techniques considered so far [31] [215] try to solve the

image segmentation problem using only the motion information. This, however, ignores

the wealth of the additional information that is present in the image intensity structure.

The image structure and pixel motion can both be considered at the same time by

assigning a combined score to each pixel and then finding the optimal segmentation

based on all these properties. Several researchers have proposed the use of multiple

features for the image segmentation [2] [13] [86] [89] [95] [193] [226]. These multiple

visual features fusion algorithms solve the only motion or color based segmentation

problems ( [24] [31] [215]) and lead to robust image pixels clustering and segmentation.

Thus this thesis proposes to use the pixel’s color values, motion flow vectors and other

visual features as the segmentation components and then combines their strengths by

adjusting their weights for the accurate image pixels clustering.

In this Chapter two different image segmentation methods are presented and compared.

The first one is the simple K-means image segmentation and the second one is the

unsupervised Bayesian on-line learning based image pixels clustering.

One thing to be mentioned here is that a number of color spaces exist such as the RGB,

YUV, HSV and so on, in which the segmentation of images can be performed. In this

thesis the methods described next and the results reported later are all based on the

use of the RGB (Red, Green, Blue) color space. The reason using the RGB color space

is because the RGB colors can be easily and directly read from the images and each

image pixel’s RGB color values can be easily used for programming. However the image

segmentation methods proposed in this Chapter could also be easily extended to any

other color space.

Another thing to be mentioned is that some modern computer vision techniques use the

image descriptors for image processing. If the algorithm proposed in this Chapter is

also considered in the categories of the image descriptors techniques, then it probably

belongs to the global image descriptors. The whole image’s color, motion and spatial

information are considered as a whole for processing. It is different from the local
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descriptors techniques. The local descriptors are based on the selected interested points

from the images for processing, which can only reflect some portions of the images.

5.2 Image Clustering and Segmentation Using the

K-means Algorithm

If the segmentation of an image into K classes (clusters) is considered, the segmentation

label (l) field assumes each image pixel vector �x with one of the K values, i.e., �x,

l = 1, ..., K. In the case of the scalar features, such as the pixel intensities, the image

clustering can be considered as a method of determining the K − 1 thresholds that

define the decision boundaries in the 1D feature space. With the M -dimensional vector

features, the segmentation corresponds to partitioning the M -dimensional features space

into K regions. A standard procedure for clustering is to assign each sample to the class

of the nearest cluster mean. In the unsupervised mode, this can be achieved by an

iterative procedure, known as the K-means algorithm, because the cluster means are

also initially unknown.

In the following, the K-means algorithm is described that an image is segmented into

K clusters based on the fusion of the optical flow vectors, spatial location and color

intensity values of the pixels.

Let �x denote the feature vector of an image pixel. A translational motion model mod-

elling the object motion in the image sequence is used, and thus it is able to use the

optical flow estimates vx and vy directly as the motion parameters. The K-means clus-

tering algorithm is used with the feature vector:

�x = [vx, vy, x, y, R,G,B] (5.1)

where x, y are the pixel’s locations to add the spatial information to the vector, and R,

G, B are the intensities of the color components at that point. Here the moving target’s

optical flow vectors are fused with the position and color information into one feature

vector. Fusing all these different components, the segmentation and clustering will be
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more precise and can also reflect the different components clusters.

The K-means method aims to minimize the performance index

J =
K∑

l=1

∑
c
(i)
l

||�x − µi+1
l ||2 (5.2)

where c
(i)
l denotes the set of samples assigned to the cluster l after the ith iteration, and

µl denotes the mean of the lth cluster. This index measures the sum of the distances of

each sample from their respective cluster means. The K-means algorithm, given by the

following steps, usually converges to a local minimum of the performance index J .

5.2.1 K-means Algorithm

1. Choose K initial cluster means, µ
(1)
1 , µ

(1)
2 , ... , µ

(1)
K arbitrarily.

2. At the ith iteration assign each pixel’s vector, �x, to one of the K clusters according

to the relation

�x ∈ c
(i)
j if ||�x − µ

(i)
j || < ||�x − µ

(i)
l || (5.3)

for all l = 1, 2, ..., K, l �= j, where c
(i)
l denotes the set of samples whose cluster

center is µ
(i)
l . That is, assign each sample to the class of the nearest cluster mean.

3. Update the cluster means µ
(i+1)
l , l = 1, 2, ..., K, as the sample mean of all samples

in c
(i)
l

µ
(i+1)
l =

1

Nl

∑
x∈c

(i)
l

�x, l = 1, 2, 3, ..., K (5.4)

where Nl is the number of samples in c
(i)
l .

4. If µ
(i+1)
l = µ

(i)
l for all l = 1, 2, ..., K, the algorithm has converged, and the procedure

is terminated. Otherwise, go to step 2.

The distance between two feature vectors is measured using a Mahalanobis distance,

defined by

d(�x1, �x2) =
∑

(�x1 − �x2)
T S−1(�x1 − �x2) (5.5)
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where
∑

= diag(1, 1, 1, 1, 2, 2, 2). S−1 is the inverse of the variance-covariance matrix

of �x. The purpose of the matrix
∑

is to weight the color intensities since they are of

different scales (and units) from the other 4 components in the feature vector. Here

after some trial-and-error,
∑

= diag(1, 1, 1, 1, 2, 2, 2) is found to give good results.

The K-means clustering algorithm is thus implemented as follows:

1. Threshold the magnitude of the image velocities (optical flow vectors) to determine

approximately the regions of interest (the object’s region). The threshold is set to

a predefined number (for example 2 pixels/frame)

2. Perform the K-means clustering on the entire region extracted in (1).

3. For each region segmented by the K-means clustering, further segment by connec-

tivity and remove unconnected regions with the size less than a threshold, which

is set to a certain number of pixels.

The K-means algorithm normally requires the number of clusters to be known before-

hand. Next in this Chapter the K-means cluster validity measures method is described

and it overcomes this limitation of having to indicate the number of clusters by incorpo-

rating a validity measure based on the intra-cluster and inter-cluster distance measures.

5.2.2 K-means Cluster Validity Measures

Many criteria have been developed for determining the cluster validity, all of which have

a common goal to find the clustering which results in compact clusters well separated.

The Davies-Bouldin index [170], for example, is a function of the ratio of the sum of the

within-cluster scatter to the between-cluster separation. The objective is to minimize

this measure as to minimize the within-cluster scatter and maximize the between-cluster

separation. Bezdek and Pal [15] have given a generalization of Dunn’s index [170]. By

considering five different measures of the distance between clusters and three different

measures of the cluster diameter, they obtain fifteen different values of the generalized

Dunn’s index.
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Since the K-means method aims to minimize the sum of squared distances from all

points to their cluster centers, this should result in compact clusters. The distances of

the points from their cluster centers can therefore be used to determine whether the

clusters are compact. For this purpose, the intra-cluster distance measure is used, which

simply calculates the distance between a point and its cluster center and the average of

all of these distances, which is defined as

intra =
1

N

K∑
i=1

∑
�x∈ci

||�x − µi||2 (5.6)

where N is the number of pixels in the image, K is the number of clusters, and µi is the

cluster center of cluster ci. It is obviously necessary to minimize this measure. Meanwhile

the inter-cluster distance should be measured, or the distance between clusters, which

is required to be as large as possible. The distance between cluster centers is then

calculated, and taking the minimum of this value, defined as:

inter = min(||µi − µj||2), i = 1, 2, ..., K − 1 j = i + 1, ..., K (5.7)

The minimum of this value is taken as the smallest of this distance to be maximized,

and the other larger values will automatically be bigger than this value.

Since both of these measures Eq.5.7 and Eq.5.8 are required to be estimated if there is

a good clustering, these two can be combined in some way. The obvious way is to take

the ratio, defined as:

validity =
intra

inter
(5.8)

Since the intra-cluster distance is to be minimized and this measure is in the numerator,

this validity measure is continuously to be minimized. The inter-cluster distance measure

is also to be maximized, and since this is in the denominator, the validity measure is

again to be minimized. Therefore, the clustering which gives a minimum value for the

validity measure will tell what the ideal value of K is in the K-means procedure.
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5.2.2.1 Description of the K-means Cluster Validity Measures Method

The K-means cluster validity measures method presented here is taken from [170], which

is based on the K-means algorithm. It overcomes the limitation of having to indicate

the number of cluster by incorporating a validity measure based on the intra-cluster and

inter-cluster distance measures.

The segmented images here are produced with 2 up to Kmax clusters, where Kmax is

an upper limit on the number of clusters, and then calculate the validity measure to

determine which is the best clustering, and therefore, what is the optimal value of K.

The first thing is to form one cluster containing all the pixels in the image. Then an

iterative process begins where, unless the number of clusters is equal to Kmax, the cluster

having the maximum variance is split into two. Once the cluster is split into two, the

K-means procedures are used to obtain the clustering for this new number of clusters.

Once all the clusters have been formed, the validity measures can be calculated for each

of them to estimate what the optimal value of K is.

Since the K-means algorithm aims to minimize the average intra-cluster distance, it

is most likely that the cluster having maximum variances will be separated by the K-

means procedure when the number of clusters is increased. Therefore, when the number

of clusters is required to be increased, the cluster having the maximum variance is split,

so the K-means procedure gives the good starting cluster centers. The variance of the

three components for the cluster ci is calculated as

σ2
ij =

1

Ni

∑
�x∈ci

(�x − µij)
2 i = 1, 2, ..., K j = 1, 2, 3 (5.9)

where Ni is the number of pixels in the cluster ci and �x is the vector representing each

pixel’s red, green and blue components as x1, x2, and x3, respectively. Here Eq.5.9 is

not for the K-means mean estimation but is the biased estimator for the variances of

the three components for the cluster ci. This equation gives the three variance values,

but only one value is ultimately wanted, which can be used to compare the variance of

each cluster. So the average variance of the three components is taken by adding them
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up and dividing the sum by 3. This gives the following variance value

σ2
i =

1

3

3∑
j=1

σ3
ij i = 1, 2, ..., K (5.10)

When splitting a cluster, all the Red, Green and Blue components are taken into account.

Given the cluster ci whose cluster center is µi, two new cluster centers µ′
i and µ′′

i are

required to be obtained. The cluster ci is split by creating two new values for each

component, which are centered around the cluster center value. The two new clusters

centers are calculated as:

z′i = (µi1 − a1, µi2 − a2, µi3 − a3)

z′′i = (µi1 + a1, µi2 + a2, µi3 + a3) (5.11)

where a1, a2 and a3 are constants. The values for these constants are estimated by taking

into account the minimum and maximum values for each color component occurring

in the cluster. The constants aj will be the values which are half of the smaller of

(µij − minj) and (µij − maxj), where minj is the minimum value for the jth color

component and maxj is the maximum value for the jth component. These result in the

two new clusters centers, which are well separated but also still well within the original

cluster.

With the above method any validity measures such as the Davies-Bouldin index or

Dunn’s index can be used [170]. For Dunn’s index the clustering which maximizes this

index is just required to be found.

By incorporating the validity measures based on the intra-cluster and inter-cluster dis-

tance measures, the number of clusters present in an image can be determined automat-

ically. There is a tendency to select smaller cluster numbers for natural images, which

is due to the inter-cluster distance being much greater and greatly affecting the validity

measures. This can be overcome by looking for a local maximum for the validity mea-

sure and then by finding the minimum value after the local maximum. By using this

modified rule, the normal smallest number of clusters that can be selected is 4 [170].

This is not a real problem because natural color images can be expected to have more
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than two or three clusters. The modified rule still allows the optimal number of clusters

to be selected for the synthetic images, except for the image with only two clusters as

two clusters cannot be selected by this modified rule. The other methods such as the

Davies-Bouldin index and Dunn’s index could not detect the correct number of clusters

for all the natural images. However, the validity measure presented in this Chapter

performs more consistently for all of the natural images, producing good segmentation

results.

As minor modifications to this algorithm, the median cluster center representation can

be used instead of the mean cluster center representation, and the absolute distance

can be used instead of the Euclidean distance to calculate the distance between a pixel

and its cluster center or between the cluster centers. It can also be used in any of

the numbers of different color spaces available. As an improvement can be done by

incorporating the context of the image, a given pixel is expected to be highly correlated

with its neighboring pixels values. This could be achieved by taking into account the

values of the neighboring pixels.

The method from [170] is not restricted to the color images. It can be easily extended

to cope with any dimensionality, so this method may also be used for multi-spectral

images. Similarly, there is no reason why this method cannot be used for grey scale

images, which have only one dimension.

5.3 Fusion Based Video Images Segmentation Using

Unsupervised Bayesian On-line Learning

5.3.1 Introduction

In this part a novel algorithm is developed for video images clustering and segmentation.

Video segmentation is different from a series of single image segmentations (such as

the previous K-means image segmentation). Single image segmentation can yield very

different results for two very similar images [89]. Video image segmentation demands

that for a given image, the segmentation achieved should relate to segmentation of the
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previous images, provided that they belong to the same shot. In such a way the clustering

function should have the ability to update its classification parameters to adapt to the

image visual features’ changes.

Here the video images segmentation is developed in a probabilistic framework based on

the multiple visual features fusion. In the probability based algorithm, the prior prob-

abilities of each cluster P (ci) and the cluster-conditional density for each pixel P (x|ci)

should be known. Unfortunately, normally pattern recognition applications rarely have

the complete knowledge about the probabilistic structure for the real-time updating.

Then the solution to this problem is to use some design samples or training data to esti-

mate these unknown probabilities and probability densities, and then use the resulting

estimates as if they are the true values. Here if assuming that P (x|ci) is a normal density

with the mean µi and covariance matrix σi, then the above assumption simplifies the

problem from one of estimating an unknown function P (x|ci) to one of estimating the

parameters µi and σi [46] [101].

Currently some work have been done on the probability based image segmentation using

multiple visual features fusion. Khan et. al. [101]’s approach of combining multiple

features for the segmentation involves finding the weights of each feature at a pixel.

Khan et. al. use the maximum likelihood estimate for classification. In their work it

is assumed that the visual feature’s PDF parameters between two consecutive images

are the same. However this assumption is not quite accurate when the target’s visual

features and motions have great or uncertain variations. Li et. al. [117] present a color

image segmentation method that aims for the content-based image retrieval systems.

Their method combines the region growing and Bayesian learning approaches. The

parameters of the distribution for a region are learned by an on-line learning procedure

based on a variation of the Bayesian learning. Once the regions have been grown, a

merging operation is carried out to merge the small regions into their most similar large

neighboring region.

Concluded from the previous work, there are two common and reasonable parameter esti-

mation approaches, namely, maximum-likelihood estimation [46] [101] [224] and Bayesian

estimation [46] [117] [86] [200] for the probability-based image segmentation. The re-
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sults obtained with these two procedures are frequently nearly identical, but the ap-

proaches are conceptually quite different [46]. Maximum-likelihood and several other

methods view the PDF parameters as quantities whose values are fixed but unknown.

The best estimate of their value is defined to be the one that maximizes the probability

of obtaining the samples actually observed. However with the fixed PDF parameters,

the maximum-likelihood estimation algorithm is not quite accurate under the situation

when the distributions have some great changes between two consecutive images [101].

In contrast, the Bayesian methods view the parameters as random variables with some

known prior distributions. Observation of the sample converts this to a posterior density,

thereby revising the opinion about the true values of the parameters. In the Bayesian

case, a typical effect of observing additional samples is to sharpen the a posteriori density

function, causing it to peak near the true values of the parameters. This phenomenon is

then known as the Bayesian learning [46] [140]. Compared with Maximum-Likelihood,

the Bayesian method is an adaptive and learning-based approach, which updates the

parameters’ estimates with new samples. In general, the Bayesian method uses more of

the information brought to the problem than the maximum-likelihood method. If such

information is reliable, the Bayesian methods can be expected to give better results.

In this Chapter the Bayesian estimation method is developed as the unsupervised on-line

learning approach for the features clusters’ PDF parameters identification. This con-

tributes the proposed algorithm as a novel method for the probability based image pixels

clustering. The Bayesian estimation is to use the image’s prior clustering information

to design a classifier and then use the decisions of the classifier to label the new image

pixels, which is also called the decision-directed approach to unsupervised learning. In

this Chapter the decision-directed approach is applied sequentially on-line by updating

the classifier each time when a new image frame is clustered.

There are many references to the Bayesian estimation method [46], but during the past

few years there are too few on using it for video images segmentation. Several recent and

representative algorithms using the Bayesian estimation for video images segmentation

are reviewed here. Wang et. al. [216] propose a unified probability based framework for

spatio-temporal segmentation of video sequences. The spatial and temporal consistency

is expressed in terms of interactions between the motion field, the intensity segmentation
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field, and the video segmentation field through a Bayesian network. The notions of

distance transformation and Markov random field are used to express spatio-temporal

constraints. Given consecutive frames, an optimization method is proposed to maximize

the conditional probability density of the three fields in an iterative way. In their method

in order to simplify the computation, they ignore the localization properties in the image

sequences. Moreover, adaptively and automatic determination of the number of layers

and selection of the parameters are not considered in their method.

Sista et. al. [99] [190] present another solution to the problems of intensity image seg-

mentation using Bayesian estimation in a multiscale setup. Their approach regards the

number of regions, the data partition and the parameter vectors that describe the prob-

ability densities of the region as unknown. They compute the MAP estimates jointly by

maximizing their joint posterior probability density given the data. Since the estimation

of the number of regions is also included into the Bayesian formulation, they have a fully

automatic or unsupervised method of segmenting images. They provide a descent algo-

rithm that starts with an arbitrary initial segmentation of the image when the number

of regions is known and iteratively computers the MAP estimates of the data partition

and associated parameter vectors of the probability densities. However the descent algo-

rithm is an iterative estimation method, which requires much more computational time

for it to converge.

Jojic et. al. [92] propose a technique for automatically learning layers of “flexible

sprites”-probabilistic 2D appearance maps and masks of moving, occluding objects.

The model explains each input image as a layered composition of flexible sprites. A

variational Expectation Maximization (EM) algorithm is used to learn a mixture sprites

from a video sequence. For each input image, the Bayesian probabilistic inference is

used to infer the sprite class, translation, mask values and pixel intensities. The EM

algorithm is an iteratively estimation method, which also requires more computational

time. Learning by the EM algorithm in a frame by frame rate is not suitable for the

real-time on-line video images segmentation.

Different from the above methods, the algorithm proposed in this Chapter is more sim-

ple and faster to implement. Different visual features are easily combined through the
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Bayesian probability theory with a weighting algorithm. No Bayesian network nor

Markov random field is required. Also the method in this Chapter adaptively learns

and updates the classification function’s PDF parameters through the image sequence.

At the same time the image localization information is included into the classification

function by using the spatial distribution function. The learning process in the pro-

posed algorithm just uses the previous classification information to update the current

parameters. In such a way no iterative estimation methods such as the descent or EM

algorithms are required, which thus greatly reduce the computational time. All these

have made the proposed method a better solution for the probability based video images

pixels clustering.

The proposed unsupervised Bayesian on-line learning based image pixels clustering pro-

cedures are as follows: Multiple visual features are first extracted from the video images.

Each feature’s cluster is assigned with a Gaussian Distribution Function. They are fused

together in a Bayesian probability framework with a weighting algorithm. Then the im-

age clustering is carried out by assigning each image pixel the cluster number with the

maximum value from the posterior likelihood. The first image from the video file is

segmented using the EM algorithm as the feature clusters’ PDF parameters initializa-

tion. Then with the previous image features clusters’ PDF parameters and the image

pixels classification information, the unsupervised Bayesian on-line learning approach

is developed to update the features clusters’ PDF parameters for the next image clus-

tering. Using this on-line learning process, the segmentation algorithm can handle the

problems such as the large or uncertain object’s visual and dynamic motion variations

or the object occlusion problems in the image sequence.

5.3.2 Probability Based Multiple Visual Features Fusion Seg-

mentation Theory

5.3.2.1 Different Image Visual Features

In this part different image visual features are assigned with a probability distribution

function (PDF). First, for every pixel It(x, y) in the image It (t denotes the time index)
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there is a 7-dimensional feature vector for the pixels clustering, which is given by:

�x = [x, y, R,G,B, vx, vy] (5.12)

where (x, y) denote the spatial locations, [R,G,B] denote the 3D color components and

[vx, vy] denote the two-dimensional optical flow vectors at the pixel. All these values

can be measured separately at each pixel. Here the spatial location and spread of each

segment is used as a feature to make least changes in location of segments. The location

(x, y) and the color [R,G,B] are given directly by reading the image file. In this method

the optical flow component [vx, vy] is computed using the modified Horn and Schunck’s

method [71].

Assuming the image sequence is segmented into K clusters (classes), denoted by ci (i = 1

to K). Then first the Gaussian PDF is assigned for the clusters of color and optical

flow components. The idea of using Gaussian PDFs here is based on the algorithms

developed by Khan et. al. [101]. The Gaussian distribution is normally used to indicate

the distributed noise around the color or flow mean of a class, which is suitable for the

probability based image pixels clustering.

Pc,m(�xt(x, y)|ci) =
1

(2π)
d
2 |Σi| 12

e−
(�xt−µi)

T Σ−1
i

(�xt−µi)

2 (5.13)

In this equation, d is 2 for the two dimensional optical flow vectors PDFs. 3 is for the

three color components R, G and B PDFs. In Eq.(5.13) µi and Σi refer to the mean

and covariance matrix of the feature vectors belonging to the segment ci.

For the spatial component however, a Gaussian PDF is not quite reasonable. Segments

in the image can be of any arbitrary shape and not necessarily elliptical. Thus the PDF

is estimated from the actual data, rather than a parametric model (Khan et. al. [101]):

Ps(X) =
m−1

(2π)d/2σd
s

m∑
i=1

exp

{
− (X − Xki)

T (X − Xki)

2σ2
s

}
(5.14)

where Xki is the ith data point from the cluster k, m is the total number of data points,

σs is a smoothing parameter and d is the dimensionality of the space (in the case of
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spatial PDF it is 2). This PDF (Eq.(5.19)) is generated using the method from [101]. A

Gaussian distribution is first generated for each point in the image cluster. Each point

is the mean of its own Gaussian distribution. Then all these distributions are added

together in Eq.5.19 to form a distribution for the spatial component of this image cluster.

This PDF can be efficiently implemented by convolving the binary mask of a class with a

Gaussian kernel. The smoothing parameter σs governs the width and smoothness of the

resulting PDF. The values of σs effectively limit the amount of motion allowed between

two consecutive frames, and if a large movement is expected within two frames (due to

fast objects close to the camera or low frame-rate) a larger σs should be used.

5.3.2.2 Multiple Visual Features Fusion for Probability based Video Images

Segmentation

After each visual feature’s PDF has been decided, this part proposes the algorithm to

fuse them for the image clustering and segmentation. The segmentation problem can

be expressed in the Bayesian framework as [40]. First let the cluster assignments of

each pixel in It be denoted by lt, i.e. for all pixels It(x, y), 1 ≤ lt(x, y) ≤ K. Let the

probability of a pixel (x, y) in the image It belonging to cluster ci(1 ≤ i ≤ K) be given

by P (ci|�xt(x, y)), where �xt(x, y) is the feature vector of pixel (x, y) at time t.

P (ci|�xt(x, y)) =
P (�xt(x, y)|ci)P (ci)

P(�xt(x, y))
(5.15)

This pixel is assigned the cluster number with the maximum probability as shown in:

lt(x, y) = arg max
i

{
P (�xt(x, y)|ci)P (ci)

P (�xt(x, y))

}
(5.16)

where 1 ≤ i ≤ K. The denominator can be ignored because it does not depend on i and

is always positive. Then with a log function, the likelihood relationship is:

lt(x, y) = arg max
i

{ln(P (�xt(x, y)|ci)) + ln(P (ci))} (5.17)
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Here the prior term ln(P (ci)) in Eq.(5.17) has the same value for each cluster since all

clusters are equally likely to be observed. So the prior ln(P (ci)) can be considered not

affecting the image segmentation and clustering and omitted in the following equations.

Since the spatial, color and optical flow terms are assumed to be the mutually inde-

pendent visual features and estimated separately, the probability P (�xt(x, y)|ci) can be

broken down into a product of three probability terms. This assumption is valid be-

cause given the spatial location of a segment, its color or optical flow vectors can not

be predicted. Similar, a particular color may occur anywhere in the image and that

segment might be moving with any velocity. Since the space, color and flow terms are

considered separately, individual weights ω can be assigned to each of the terms, if one

of the features needs to be emphasized more than the others. Then the log-likelihood

equation can be written as Eq.(5.18)

lt(x, y) = arg max
i

{ωs
t (x, y)lnPs(X)+ωc

t (x, y)lnP (xc
t(x, y)|ci)+ωf

t (x, y)lnP (xf
t (x, y)|ci)}

(5.18)

where s, f and c denote space, optical flow and color components.

In order to get the maximum value of Eq.(5.18), each feature’s cluster-condition function

P (�xt(x, y)|ci) should be known with every frame. Here the first frame of each shot from

the video file is segmented using some clustering scheme which is called the initial image

segmentation. Then the segments of the image sequence are computed iteratively using

the learned features clusters’ PDF parameters.

5.3.2.3 Weighting Algorithm for Probability based Multiple Visual Features

Fusion

Individual weights are used for each set of features for each pixel in frame (Eq.(5.18)).

The weights can be computed based on the methodologies developed by [101].

The motion and color components are the factors affecting the tracking mostly. If the

flow is ‘reliable’, then the flow term is weighted more, and correspondingly decrease the

weight of the color term, and vice versa. Thus the weights here are adaptively estimated

based on the motion estimation. Here the value of the optical flow likelihood with each
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cluster lnP (xf
t (x, y)|ci) is observed to estimate the weights. The higher the probability

lnP (xf
t (x, y)|ci) is, the better this pixel matches to one of the existing clusters. If the

probability lnP (xf
t (x, y)|ci) is low, it indicates that a higher weight should be given to the

color term in those areas. Secondly, if an object moves with respect to the background

but then stops, it should not be immediately made the part of the background, but

should still be segmented out. This effect is catered by computing the absolute difference

between the maximum value of lnP (xf
t (x, y)|ci) and the second maximum value from

amongst the significant neighbors of this cluster. If the difference in their probabilities

is low, then this means that the optical flow is not providing enough discriminatory

information. In such a scenario, the color component should also be weighted more.

Next the details about how to automatically obtain the weights are explained.

Based on the above explanations and from the formulas developed in [101], the log

likelihood Lf
t (x, y, i) can be normalized between 0 − 1 by multiplying it with a sigmoid

function. This yields the confidence measure ρ1.

ρ1 = {1 + exp(−a(maxi(L
f
t (x, y, i)))) (5.19)

where a is a positive number defining the slope of the sigmoid function. Here a = 0.5 is

used in all the experiments. Then

d = |max(Lf
t (x, y)) − max2(L

′f
t (x, y))| (5.20)

where max2 is the highest probability value returned from the neighbors of the cluster

which returned the highest probability value. Since d is always positive, it is normalized

between 0-1 by multiplying it with a shifted sigmoid function

ρ2 = {1 + exp(−a(d − t))} (5.21)

where t is an appropriate shift parameter for the sigmoid function.

Having computed ρ1 and ρ2, the weights ωf (optical flow component) and ωc (color
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component) as compliments of each other can be computed automatically next:

ωf = ρ1ρ2 (5.22)

ωc = 1 − (ρ1ρ2) (5.23)

5.3.3 Initial Image Segmentation Process

This part describes the algorithm for the initial image frame segmentation. The ini-

tial image segmentation is to accurately generate the classification function’s PDF pa-

rameters. Some methods like the K-means algorithm proposed previously can be used

here. However disregarding the computational cost, in this thesis the recursive method-

the “EM” (Expectation-Maximization) algorithm is selected. The EM algorithm is a

well-known and accurate parameter estimation methods, which can give satisfactory

initial estimates for the unsupervised Bayesian on-line learning based image segmenta-

tion [86] [101]. The K-means algorithm is simpler and faster, but it is not an accurate

method to estimate the initial parameters.

The first step of the initial image segmentation is to apply the EM algorithm on the

color, spatial geometric and optical flow data of the image to essentially find the Gaus-

sian distribution functions that fit the 7D image pixel vector (Eq.(5.12)). The central

equation of the EM algorithm in this thesis is developed from [46]. If let i be an itera-

tion counter, then the parameter vector θi is the current (best) estimate for the assigned

clustered feature distribution; θ is a candidate vector for an improved estimate for the

next step. Given such a candidate θ, the likelihood of the data P (θ; θi), including the

image feature points D marginalized with respect to the current best distribution (θi), is

estimated. Different candidates θs will lead to different such likelihoods. The algorithm

will select the best such candidate and call it θi+1-the one corresponding to the greatest

P (θ; θi). Now if let T1 be a preset convergence criterion, the EM algorithm is as follows:

1. begin initialization θ0, T, i = 0

2. do i ← i + 1
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3. E STEP: compute P (θ; θi)

4. M STEP: θi+1 ← arg maxθ P (θ; θi)

5. until P (θi+1; θi) − P (θi; θi−1) ≤ T

6. return θ̂ ← θi+1

7. end

Next it is to take the regions generated by the first step and use them to compute

clusters in the likelihood equation to compute the new regions. This process is repeated

a number of times for the same frame, until the clustered regions are stable. The clusters

thus obtained are suitable to be used for the next frame clustering.

5.3.4 Unsupervised Bayesian On-line Learning for Gaussian

Distribution Case

Since the target’s visual feature clusters’ PDFs are assigned to be the Gaussian PDF,

the unsupervised Bayesian on-line learning algorithm is developed next for the Gaussian

distribution parameters estimation. The learning is based on the previous image only not

on the complete set of the already computed images from the video sequence. But since

the updating is carried out at a frame by frame rate, all the previous image classification

functions and parameters will slowly adapt to the current images’ visual features. In

this section the step by step parameters estimation is explained in details.

Here the learning process for each visual feature cluster’s Gaussian PDF parameters is

the same, so x is used to represent the image pixel in the clustering function instead of

using the image pixel’s 7-dimensional feature vector �x from Eq.(5.12).

Let D denote the set of pixels in the previous segmented frame, then the Bayesian

classifier Eq.(5.15) becomes

P (ci|x,D) =
P (x|ci, D)P (ci|D)∑c
j=1 p(x|cj, D)P (cj|D)

(5.24)
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As this equation suggests, the information provided by the previous clustered image

pixels can be used to help estimate both the cluster-conditional densities and the prior

probabilities of the classifier for the next frame. Here the data points can be separated

by clustering into K subsets D1, ..., DK , with the data in Di belonging to cluster ci.

Then when addressing maximum-likelihood methods for Eq.(5.17), the data points in

Di have no influence on P (x|cj, Dj) if i �= j. There are two simplifying consequences.

First it allows the classification algorithm to work with each cluster separately, using

only the samples in Di to estimate P (x|ci, Di). Then Eq.(5.24) can be written as

P (ci|x,Di) =
P (x|ci, Di)P (ci)∑c

j=1 P (x|cj, Dj)P (cj)
(5.25)

Secondly, because each cluster can be treated independently, needless cluster distinctions

can then be dispensed to simplify the notation.

Although the desired probability density P (x|ci, Di) for the next image frame clustering

is unknown, it can be assumed that it has a known parametric form. The only thing

assumed unknown is the value of a parameter vector θi for this known parametric form.

Any information about θi prior to observing the samples is assumed to be contained in

a known prior density P (θi). Observation of the samples converts this to a posterior

density P (θi|Di), which is sharply peaked about the true value of θi. Because the

selection of xi and that of the previous pixels in Di is done independently, thus

P (xi|ci, Di) =

∫
P (xi, θi|ci, Di)dθ =

∫
P (xi|ci, θi)P (θi|ci, Di)dθ (5.26)

This equation links the desired cluster-conditional density P (xi|ci, Di) to the posterior

density P (θi|ci, Di) for the unknown parameters.

Here each image cluster is equally estimated thus ci and i can be omitted in the following

formulas.

To indicate explicitly the number of previous segmented image frames in a set for a

single category, En = {I1, ..., In}. Then with the image’s independence assumption

P (En|θ) =
n∏

m=1

P (Im|θ) (5.27)
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it can be obtained

P (En|θ) = P (In|θ)P (En−1|θ)
P (θ|En) =

P (In|θ)P (θ|En−1)∫
P (In|θ)P (θ|En−1)dθ

(5.28)

Through the above equations it is called the recursive Bayesian approach to the param-

eter estimation for the image segmentation. This is an incremental or on-line learning

method, by which the learning goes on as the data are collected.

5.3.4.1 The Unsupervised Bayesian On-line Learning Algorithm

In this thesis Bayesian estimation techniques for the probability based image segmen-

tation are developed to learn the features clusters’ PDF parameters with the previous

classified image information. The learning algorithm calculates the a posteriori density

P (θ|D) and the desired probability density P (x|D) for the case where P (x|θ) ∼ N(θ, σ).

Following assumptions have been first made:

1. The number K of classes is known.

2. The prior probabilities P (cj) for each class are known, j = 1, ..., K.

3. The forms for the class-conditional probability density P (x|cj, θj) are known, j =

1, ..., K, but the full parameter vector θ = (θ1, ..., θK) is not known.

4. Part of the knowledge about θ is contained in a known prior density P (θ).

5. The rest of the knowledge about θ is contained in a set D of n samples x1, ..., xn

drawn independently from the familiar mixture density

P (x|θ) =
n∑

j=1

P (x|cj, θj)P (cj) (5.29)

Based on the above assumptions first the image frame It segmentation is based on the

priori distribution parameters µt−1, σt−1 from the frame It−1. Then with the clustered
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n pixels information of the frame It, the Bayesian iterative learning algorithm is used to

estimate the parameters µt and σt for the next frame It+1 segmentation.

Here using the Bayesian learning to estimate the covariance and mean simultaneously

is difficult since they are coupled with each other [46] [117]. Since the variance is often

at the same order of the magnitude, compared with the mean θ, the variance σ is a

less effective factor for the probability based image classifier. Thus for the It+1 frame

segmentation, it is reasonable to assume that only the mean θ is unknown. The prior

knowledge about µt is then expressed by a known prior density p(θ) which is

P (θ) ∼ N(θ0, σ
2
0) (5.30)

where both the θ0 and σ0 are known. θ0 represents the best prior guess for the µt

and σ0 measures the uncertainty about this guess. Here the assumption that the prior

distribution for θ is normal will simplify the subsequent mathematics [46].

Having selected the prior density for θ, let D = {x1, ..., xn} from the previous clustered

pixels in the frame It−1 then

P (θ|D) =
P (D|θ)P (θ)∫
P (D|θ)P (θ)dθ

= α
n∏

m=1

P (xm|θ)P (θ) (5.31)

where α is a normalization factor that depends on D but is independent of θ. Because

of P (xm|θ) ∼ N(θ, σ) and P (θ) ∼ N(θ0, σ
2
0), it is shown that

P (θ|D) = α

n∏
m=1

1√
2πσ

exp

[
− 1

2

(
xm − θ

σ

)]
︸ ︷︷ ︸

P (xm|θ)

1√
2πσt−1

exp

[
− 1

2

(
θ − θ0

σ0

)]
︸ ︷︷ ︸

P (θ)

= α′exp

[
− 1

2

( n∑
m=1

(
θ − xm

σ

)2

+

(
θ − θ0

σ0

)2)]

= α′′exp

[
− 1

2

[(
n

σ2
+

1

σ2
0

)
θ2 − 2

(
1

σ2

n∑
m=1

xm +
θ0

σ2
0

)
θ

]]
(5.32)

where factors that do not depend on θ have been absorbed into the constants α, α′ and
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α′′. Thus, P (θ|D) is an exponential function of a quadratic function of θ. Because this

is true for any number of previous clustered image pixels, P (θ|D) remains normal as the

number of n of samples is increasing, and P (θ|D) is said to be a reproducing density and

P (θ) is said to be a conjugate prior [46]. Then P (θ|D) can be written as N(θn, σn). θn

and σn can be found by equating coefficients in Eq.(5.32) with corresponding coefficients

in the generic Gaussian of the form

P (θ|D) =
1√

2πσn

exp

[
− 1

2

(
θ − θn

σn

)2]
(5.33)

With the θ̂n is the n sample mean

θ̂n =
1

n

n∑
m=1

xm (5.34)

it is shown that

θn =

(
nσ2

0

nσ2
0 + σ2

)
θ̂n +

σ2

nσ2
0 + σ2

θ0 (5.35)

and

σ2
n =

σ2
0σ

2

nσ2
0 + σ2

(5.36)

Here σ is the previous covariance matrix σt−1. These equations (Eq.(5.35) and Eq.(5.36))

show how the prior PDF information (θ0, σ0) is combined with the empirical information

(θ̂n, σt−1) in the current segmented frame to obtain the a posteriori density p(θ|D).

Roughly speaking, θn represents the best guess for θ after observing n clustered pixels

from the image frame It, and σ2
n measures the uncertainty about this guess.

Having obtained the a posteriori density for the mean, P (θ|D), all that remains is to

obtain the “cluster-conditional” density P (x|D) for the It+1 image frame clustering.

From Eq.(5.26), (5.30) and (5.33) it is shown

P (xt|D) =

∫
P (xt|θ)P (θ|D)dθ

=

∫
1√
2πσ

exp

[
− 1

2

(
xt − θ

σ

)2]
1√

2πσn

exp

[
− 1

2

(
θ − θn

σn

)2]
dθ

=
1

2πσσn

exp

[
− 1

2

(xt − θn)2

σ2 + σ2
n

]
f(σ, σn) (5.37)
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That is, as a function of xt, P (xt|D) is proportional to exp[−(1/2)(xt − θ)2/(σ2 + σ2
n)],

and hence P (xt|D) is normally distributed with the mean θn and variance σ2 + σ2
n

P (xt|D) ∼ N(θn, σ
2 + σ2

n) (5.38)

So to obtain the cluster-conditional density P (xt|D), whose parametric form is known

to be P (xt|µ) ∼ N(µt, σ
2
t ), then

µt = θn → µj,t = θj,n 1 ≤ j ≤ K

σ2
t = σ2

t−1 + σ2
n → σ2

j,t = σ2
j,t−1 + σ2

j,n 1 ≤ j ≤ K (5.39)

where θn can be obtained from Eq.(5.35) and Eq.(5.36), and σ2
n can be obtained from

Eq.(5.36). Here j is one of the cluster numbers in the image.

This is the final result for the PDF parameters learning: for the feature cluster j the den-

sity P (xt|D) is the desired cluster-conditional density P (xt|cj, Dj), then together with

the prior probabilities P (cj) it gives the probabilistic information needed in Eq.(5.17)

and Eq.(5.18) to do the clustering for the It+1 image frame. This is in contrast to the

maximum-likelihood methods that only make the previous frame point estimates for µj,t

and σj,t, rather than estimate a distribution for p(x|D) in real-time learning.

5.4 Experimental Results

To evaluate the performance and adjust the parameters of the proposed methods, the

clustering and segmentation algorithms have been tested on several real image sequences.

The video image sequences used in these testings are about 30 − 50 frames long.

5.4.1 K-means Image Segmentation Results

First, the K-means algorithm is tested on the normal moving target and moving back-

ground image sequence. The image size is 256 × 220 pixels.

From Fig.(5.1) a blue target is moving in the image sequence in a cluttered background.
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5.1.1: 5.1.2: 5.1.3: 5.1.4:

5.1.5: 5.1.6: 5.1.7:

Figure 5.1: Moving object with moving background in the indoor situation

As it can be seen directly from the images, the background is changing frame by frame.

The K-means segmentation and clustering algorithm is implemented to segment the

image sequence into several regions as shown in Fig.(5.2). The K-means clustering

5.2.1: 5.2.2: 5.2.3:

5.2.4: 5.2.5: 5.2.6:

Figure 5.2: The motion vectors field segmentation and clustering results from the image
thresholding and the K-means clustering.

algorithm is sensitive to slight movements in the images, such as movements due to wind.

Therefore, it is necessary to eliminate these vectors due to wind etc. by thresholding.
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Fig. (5.2.1), Fig. (5.2.2) and Fig. (5.2.3) show the motion regions after the thresholding.

The motion vectors smaller than this threshold are removed from the optical flow vectors

field. Next the clusters with smaller areas are removed with the use of another threshold.

In this way only the significant movements in the image sequence are extracted. This

process can be explained in a few steps as follows:

1. All the image pixels are labelled according to their assigned cluster numbers. The

labelling indicates the connected motion regions from the clustered images.

2. The size of each region is compared with a preset threshold. If the region size is

smaller than this size threshold, it will be removed from the clustered images.

3. Once all the small regions are removed, the “close” morphological operations (di-

lation followed by erosion) are implemented on the clustered images. The “close”

morphological operations [171] smoothen the contours of the segment. That is, it

eliminates small holes, and fills gaps in the contour.

Fig.(5.2.4), Fig.(5.2.5) and Fig.(5.2.6) show the K-means clustering results. Here, differ-

ent colors represent different movements. From the results it can be seen that the region

of the target has the same color within one image, which makes the identification of the

region of interest (ROI) an easy task. However it can be also seen that the same ob-

ject’s regions in different images have different colors, thus the object’s assigned cluster

number is changing in different frames. This reflects that the K-means algorithm is not

very robust to update the classifier functions when the target and background’s visual

features are changing. The object can not be classified into the same cluster using the

K-means algorithm.

5.4.2 Unsupervised Bayesian On-line Learning based Video Im-

ages Segmentation Results

Different from the K-means algorithm, in the unsupervised Bayesian on-line learning

based image segmentation the EM iteration algorithm is first used for the image’s initial

segmentation (the same image sequence of Fig.(5.1)).
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With the EM algorithm, the visual feature clusters’ Gaussian PDF parameters are ini-

tialized.

Fig.(5.3) and Fig.(5.4) show the PDF parameters initialization process (PDF’s mean

and variance) from the EM iteration process. Five different colors represent five differ-

ent image clusters. Several initial values are first assigned to the features clusters’ PDF

parameters. With the EM algorithm, the clusters’ PDF parameters converge to some

values after certain times of iterations. The final converged values are used as the initial-

ized visual features clusters’ PDF parameters for the next image frame segmentation.

In Fig.(5.3) the cameras and objects are both moving, so sometimes the object has no

movement in the images. In such a situation, the optical flow vectors field only has the

background motion. Normally the motion based segmentation algorithm like [89] can

not accurately cluster and segment such stationary objects from the image sequence.

However in the algorithm proposed in this Chapter, with the adaptive visual features

weighting algorithm, the target’s color components are weighted more when the object

stops moving. And with the unsupervised Bayesian on-line learning, the visual features

clusters’ PDF parameters are updated. In this way the object can still be clustered out

from the image sequence (Fig.(5.6)).

After initializing the visual features clusters’ PDF parameters, the probability based

algorithms with the unsupervised Bayesian on-line learning is implemented to segment

and cluster the image sequence.

First Fig.(5.5) shows the image clustering and segmentation results without the Bayesian

on-line learning. The image features’ clusters PDF parameters are estimated from the

Maximum-Likelihood algorithm. From the images, when the blue object moves close to

the cameras, its visual features have some variations (the object’s size looks bigger and

bigger from left to right.). If without learning, the image clustering and segmentation

results are not good. The blue object in the clustered images is not within one unique

color and its shape is not accurate.

Fig.(5.6) shows the image clustering and segmentation results with the unsupervised

Bayesian on-line learning. Different colors represent different image clusters. The blue

moving object in the clustered images has the same color through the whole image
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Figure 5.3: The image clusters’ PDF parameters initialization (mean) with the EM
algorithm for the Fig.(5.1) segmentation.
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Figure 5.4: The image clusters’ PDF parameters initialization (variance) with the EM
algorithm for the Fig.(5.1) segmentation.

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



5.4 Experimental Results 104

5.5.1: 5.5.2: 5.5.3: 5.5.4:

5.5.5: 5.5.6: 5.5.7:

Figure 5.5: The image clustering and segmentation results without the Bayesian learn-
ing. The results shown here correspond to the original figures in Fig.5.1.

5.6.1: 5.6.2: 5.6.3: 5.6.4:

5.6.5: 5.6.6: 5.6.7:

Figure 5.6: The image clustering and segmentation results with the unsupervised
Bayesian on-line learning (5 Clusters). The results shown here correspond to the original
figures in Fig.5.1.

sequence. The boundary of the blue target is also quite accurate to reflect the shape of

the object. This reflects that the image clustering and segmentation is very accurate.

Here the color of the object’s region is the same as some part of the background colors

in the clustered image. This is because five clusters are implemented for the clustering

algorithm. The background is in a cluttered environment. Some background parts

are clustered into the object’s cluster, which makes them have the same color. However
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from the image clustering results, the object can be easily distinguished from its neighbor

areas and it has the same color within its body through the whole images sequence to

reflect its shape.

5.7.1: 5.7.2: 5.7.3: 5.7.4: 5.7.5:

Figure 5.7: The image segmentation results with the unsupervised Bayesian on-line
learning. Only one cluster from the clustered images is shown in these figures. The
results shown here correspond to the original figures in Fig.5.1.

Fig.(5.7) shows one cluster of the segmentation results. These images have only one

color. Here the blue target is segmented out into the same image cluster through the

whole image sequence. The shape of the target is also quite accurate.

5.8.1: 5.8.2: 5.8.3: 5.8.4:

5.8.5: 5.8.6: 5.8.7:

Figure 5.8: Image clustering and segmentation results with 3 clusters. The results shown
here correspond to the original figures in Fig.5.1.

If let the image cluster number be 3, Fig.(5.8) show that the image clustering and

segmentation results are also very accurate.

Compared with the previous K-means image clustering results, the region of the target in

the clustered images from the learning algorithm has the same color through the whole
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image sequence. This reflects that although the image visual features are changing

continuously, the target is always accurately clustered into the same image cluster. This

also reflects the learning and updating results of the features clusters’ PDF parameters

through the images sequence.

In this thesis, 5 and 3 clusters are generally set to test the clustering algorithm. These

values are selected based on the previous discussion on how to automatically select the

image cluster’s number for video images sequence segmentation. From the previous K-

means validity measures method in [170], 3 − 5 image clusters are generally better for

the natural video images sequence segmentation. Also the number of the clusters in the

experiments can be adaptively set to the contents of the video frames. For example a

small number of clusters for the object based image segmentation of the frames with

10 moving objects are too ambiguous, even though the object of interest can be well

covered. So when the background is very cluttered and there are more objects in the

image, 8 − 9 clusters would be more appropriate. But if only one or two objects are

moving in the image scene, 3 − 5 image clusters can well do the work.

From the experimental testing, the computational time for 5 clusters are larger than

3 clusters. With less clusters the computational time will decrease. But with less

image clusters, the clustering and segmentation results will be less accurate. With the

unsupervised Bayesian on-line learning the computational time is nearly the same as the

one without learning and there are small differences between them. The learning does not

put any more computational burden. In the proposed method the computational time

for one frame using Matlab (P4-2.4G and 1G Memory PC) is about 10 seconds. Although

Matlab programming is very time consuming, with 5 clusters the computational time is

only reasonable. Thus it can be seen that the image cluster’s number can not be too

large. If the algorithm is implemented using C language, the image segmentation will

be a little faster.

The following figures (Fig.(5.9)) show the features clusters’ PDF parameters (Mean and

Variance) learning process.

In the figures (Fig.5.9 and Fig.5.9), the “-*” lines are the image features clusters PDF

parameters with the unsupervised Bayesian on-line learning. The “-o” lines are the
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Figure 5.9: The image visual features clusters’ parameters learning (Mean) for the
Fig.(5.1) segmentation.
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5.10.5:

Figure 5.10: The image visual features clusters’ parameters learning (Variance) for the
Fig.(5.1) segmentation.
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parameters from the Maximum Likelihood algorithm without learning (the algorithm

from [101]). In each figure five different colors mean five different image clusters. From

the calculation with the unsupervised Bayesian on-line learning, the clusters’ PDF pa-

rameters (mean and variance) have little variation, which is about 10%. Without learn-

ing the parameters diverge fast and have large variations, which is up to 40− 50%. Also

it shows that without learning the features clusters may be conflicted with other clusters’

parameters. In this way, the image clustering and segmentation has large error, which

is not able to segment out the object with its accurate shape as shown in Fig.(5.5).

5.11.1: 5.11.2: 5.11.3: 5.11.4: 5.11.5:

Figure 5.11: The image sequence with a car driving along the road. The background is
changing continuously.

In Fig.(5.11) a car drives along the road with the image view from the front window.

As it can be seen directly from the images, the background is changing frame by frame.

5.12.1: 5.12.2: 5.12.3: 5.12.4: 5.12.5:

Figure 5.12: The car driving image sequence with 3 clusters segmentation results. The
results shown here correspond to the original figures in Fig.5.11.

The unsupervised Bayesian on-line learning based clustering and segmentation is im-

plemented with 3 clusters for this car driving image sequence. From the above images,

the background buildings and the landmarks along the road are accurately clustered

and segmented out from the images. Especially for the yellow car moving along the

horizontal direction in the front, it is very accurately segmented out with its exact car

shape. For the last few images, the small car almost has no movement, but it is still
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accurately segmented out (Fig.(5.12.5)).

Two people are moving towards each other in an outdoor cluttered environment (Fig.(5.13)).

5.13.1: 5.13.2: 5.13.3: 5.13.4:

5.13.5: 5.13.6: 5.13.7:

Figure 5.13: Two persons are moving towards each other.

In such a cluttered environment the unsupervised Bayesian on-line learning based algo-

rithm gives accurate video image segmentation.

5.14.1: 5.14.2: 5.14.3: 5.14.4:

5.14.5: 5.14.6: 5.14.7:

Figure 5.14: The two persons moving image sequence segmentation results without
the unsupervised Bayesian on-line learning. The results shown here correspond to the
original figures in Fig.5.13.
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5.15.1: 5.15.2: 5.15.3: 5.15.4:

5.15.5: 5.15.6: 5.15.7:

Figure 5.15: The two persons moving image sequence segmentation results with the un-
supervised Bayesian on-line learning. The results shown here correspond to the original
figures in Fig.5.13.

From the above figures (Fig.(5.14) and Fig.(5.15)) the segmentation results with the

unsupervised Bayesian on-line learning are much better than those without learning.

This is because with the learning, the person’s visual features clusters’ PDF parameters

are adjusted frame by frame. Although in an outdoor very cluttered environment, the

different features’ clusters PDF parameters are updated to converge to the values for

the major image clusters, which results in robust images segmentation. Here, since the

moving persons have no regular shapes, the segmentation results can only reflect the

rough body shapes of the two moving persons.

In the figures (Fig.(5.15)), using the optical flow information alone may also give good

results since the background appears to be more or less fixed. The moving persons’

apparent motion can be easily segmented out from the background motion field. This

situation is already considered in the previous weighting algorithm. Here the optical

flow term can be weighted more than the others and become the dominant one, then

it is just like only using optical flow vectors to conduct the image segmentation and

clustering.

With the unsupervised Bayesian on-line learning, as the target leaves the image view

(Fig.(5.16)), the proposed algorithm can make the accurate object segmentation. The
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5.16.1: 5.16.2: 5.16.3: 5.16.4:

5.16.5: 5.16.6: 5.16.7:

Figure 5.16: A blue object moving out of the image scene.

5.17.1: 5.17.2: 5.17.3: 5.17.4:

5.17.5: 5.17.6: 5.17.7:

Figure 5.17: The image segmentation results with the unsupervised Bayesian on-line
learning when the object leaves the image view. The results shown here correspond to
the original figures in Fig.5.16.

object’s region in the images are always with the black color, which reflects that although

the object’s shape has some changes it can still be segmented out and clustered into the

same image cluster in the image sequence.

Fig.5.18 shows that the blue object is occluded by another black color object. Fig.5.19

shows the segmentation results. Here the segmentation algorithm makes an accurate

segmentation with accurate shapes of the two objects when they are occluded by the
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5.18.1: 5.18.2: 5.18.3: 5.18.4:

5.18.5: 5.18.6: 5.18.7:

Figure 5.18: The object is occluded by another object.

5.19.1: 5.19.2: 5.19.3: 5.19.4:

5.19.5: 5.19.6: 5.19.7:

Figure 5.19: The image segmentation results with the unsupervised Bayesian on-line
learning when the object is occluded by the other object. The results shown here
correspond to the original figures in Fig.5.18.

other. Each object is clustered into its cluster constantly through the whole image

sequence.

In all the experimental results presented in this section, the object’s region in the clus-

tered images has the same color throughout the whole image sequence. Although the

image visual features are changing continuously, the target is still accurately clustered

into the same cluster. This reflects the learning and updating results of the cluster’s

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



5.5 Summary 114

PDF parameters, which make the video image segmentation algorithm adapt to these

visual changes. As it can be seen from the above results, this also gives the better image

segmentation and clustering performance than the recent methods such as [46] [89] [101].

Some other situations like after the initial image segmentation is done, if another object

enters the image scene, the image segmentation and clustering using the conventional

methods like [89] [101] will have problems because they can not generate a new cluster

or change the existed cluster to fit the new object. However using the unsupervised

Bayesian on-line learning based image segmentation and clustering, the image clusters’

parameters are adaptively learned and updated frame by frame to adapt to the changes

of the image scene. In such a way after some frames, the newly entered object can be

accurately clustered out from the images.

5.5 Summary

In this Chapter in order to make the accurate object-based video images segmentation,

different image segmentation algorithms are developed and tested in this Chapter.

First, the K-means method is developed for the fusion based image segmentation. From

the above experimental testing, it can be seen that the K-means algorithm is a simple

and efficient method for clustering the images. However, the biggest challenge in the K-

means clustering procedure is the determination of the correct number of clusters, which

is assumed to be known. In this thesis the value of K is determined by a simple validity

measures method based on the intra-cluster and inter-cluster distance which allows the

number of clusters to be determined automatically [170]. Based on this method, the

cluster number for natural image sequences segmentation and clustering are usually set

to be 3 − 5.

Secondly, the unsupervised Bayesian on-line learning algorithm is developed for the

probability based multiple visual features fusion based image segmentation. In the

Bayesian approach different visual features are combined with an adaptively weighting

algorithm. Each visual feature cluster’s PDF is assigned to be the Gaussian Distribution.

Next the unsupervised Bayesian on-line learning algorithm is implemented for the image
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features clusters’ PDF parameters estimation. The learning goes on with every image

by using the previous image segmentation information to compute the desired density

P (x|D).

Through the development procedures of the unsupervised Bayesian on-line learning

approach, the Bayesian estimation method has more advantages than the Maximum-

Likelihood estimation approach [46]. The Bayesian approach reflects the remaining

uncertainty in the possibility models. The maximum-likelihood solution P (x|θ̂) is of the

assumed parametric form, which is not for the Bayesian solution. In general, through

the use of full P (θ|D) distribution the Bayesian methods use more of the information

brought to the problem (such as more information about the P (θ|D) and the prior P (θ))

than do the maximum-likelihood methods. If such information is reliable, the Bayesian

methods can be expected to give better results. Furthermore, the Bayesian methods

make more explicit the crucial problem of the bias and variance tradeoffs-roughly speak-

ing, the balance between the accuracy of the estimation and its variance, which depend

upon the amount of training data.

From the experimental results the unsupervised Bayesian on-line learning based algo-

rithm is more accurate than other methods to segment the moving target from the image

sequence with a changing background. The object in the clustered image is within the

unique color and its shape is very accurate. The image segmentation algorithm can

also well deal with the situations such as the target stopping, leaving the image scene

or the object moving in the very cluttered environment and also the object’s occlusion

problem.

However there are also some obvious dangers associated with the decision-directed ap-

proach. If the initial image clustering is not reasonable good or if an unfortunate se-

quence of image pixels is encountered, the errors in clustering the unlabelled image

pixels can drive the classifier into the wrong way, resulting in a solution corresponding

roughly to one of the less peaks of the likelihood function. Even if the initial cluster-

ing is optimal, in general the resulting labelling will not be the same as the true class

membership; the act of clustering will exclude the image pixels from the tails of the de-

sired distribution and will include image pixels from the tails of the other distributions.
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Thus if there are significant overlaps between the component densities, one can expect

biased estimates and less-than-optimal results. Despite these drawbacks, the simplicity

of decision-directed procedures makes the Bayesian approach a good choice for the pa-

rameters estimation. If the conditions are favorable, performances that is nearly optimal

can be achieved at far less computational expense.

Considering the above dangers, it is found from the experimental testing that most

of the unsupervised Bayesian on-line learning based image segmentation procedures

work well if the following requirements are met. The parametric assumptions are valid

(reasonable Gaussian Distribution Functions for the visual features clusters), and there is

little overlap between the component densities (the clusters number can’t be too small.),

and the initial classifier design is roughly correct (the EM algorithm converges well.).

The learning process in the proposed algorithm uses the previous classification informa-

tion to update the current parameters. Then it is possible for any errors to accumulate

and hence to lead to situations that can be recovered from. This is one of the limitations

of the proposed system. In fact this is also one of the limitations of the normal Bayesian

estimation methods. The learning process uses the current clustered image’s information

to update the classification function. So if the current image’s classification is correct,

then the accumulated errors will be reduced and if the current image’s segmentation is

not accurate, then it will increase the errors. In fact this has been already considered as

the future work, how to robustly set some criterions to update the classification functions

with only the correct and useful information.

The video sequences tested in this Chapter are not quite long. In about 30− 50 frames

situations, from the experimental testing the stability of the segmentation algorithm is

satisfactory. However the long-term stability should be studied and this is also considered

as one of the future work.

In conclusion the unsupervised Bayesian on-line learning algorithm is simple to imple-

ment, robust to initial parameters and has a linear complexity. The linear complexity

and good results from experiments make it a good choice for the object-based image

segmentation system. Since the algorithm can make the accurate object based video

images sequence segmentation when the cameras are also moving, it is suitable for the
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proposed visual target tracking scheme in this thesis [43].
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Chapter 6

Visual Features Localization:

Template Updating and Matching

After the image visual features segmentation and clustering, the target’s 2D positions in

the images should be localized from the classified images, which is the third step of the

proposed visual target tracking scheme. In this Chapter the research work on template

matching is described. Two methods are presented here. One is the conventional Sum of

Squared Difference (SSD) (correlation) based template matching method and the other

is the novel template matching and updating approach based on the Bayesian probability

fusion.

Template matching is a filtering method of detecting a particular feature in an image.

Provided that the appearance of this feature in the image is known accurately, one can

try to detect it with an operator called a template. This template is, in effect, a sub-

image that looks just like the image of the object of interest. A similarity measure is

computed which reflects how well the image data matches the template for each possible

template location. The point of maximal match can be selected as the location of the

feature.

Template matching techniques have many applications in image processing, pattern

recognition, and video compression. For example, it is used for comparing different

views of an object in pattern recognition, and for the motion estimation in video com-
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pression algorithms. Strengths of template matching include its ease of implementation

and efficient calculation over the entire set of locations. However, template matching is

sensitive to changes in the object’s shape, size, orientation, and change in the image in-

tensities [53] [59]. In the proposed visual target tracking scheme, since both the cameras

and the objects are moving, there are different motion regions in the classified images.

In order to accurately localize the target’s features in the 2D images, template matching

methods are used here.

6.1 Normal Template Matching Method

In this thesis the template can just be obtained from the target’s region in the clustered

optical flow vectors field. In such a way the template consists of only the optical flow

vectors of the moving target. The template does not contain any other special visual

character or any model of the target. Template matching is normally used in the situ-

ations when there are several objects moving in the image scene. If assuming that the

sizes of these objects are almost the same, the simple template matching methods can

be used to find the required target.

6.1.1 SSD (Correlation) based Template Matching

One standard similarity measure between an image function f(X) and a template T (X)

is the Sum of Suqared Difference (SSD) using the Euclidean distance d(Y ), which is

given by [222]

d(Y ) =
∑
X

[f(Y − X) − T (X)]2 (6.1)

where
∑

X =
∑M

x=0

∑N
y=0 and M , N are the sizes of the template.

If the image at the point Y is an exact match to the template, then d(Y ) = 0. Otherwise,

d(Y ) > 0.
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Expanding Eq.(6.1), it shows

d(Y ) =
∑
X

[f 2(Y − X) − 2f(Y − X)T (X) + T 2(X)] (6.2)

where
∑

X T 2(X) is a constant term. When
∑

X f 2(Y − X) is approximately constant,

these two terms can be neglected. Then the left part of Eq.6.2 is called the cross

correlation between the f and T , shown as below

RTf =
∑
X

f(Y − X)T (X) (6.3)

which is maximized when the portion of the image “under” T is identical to f .

Next the template matching calculation can be visualized as imagining the template

being shifted across the image to different offsets, then the superimposed values at this

offset are multiplied together, and the products are added. This result of the sum of

products forms an entry in the “correlation array” whose coordinates are the offsets

attained by the template.

If the template is allowed to take all the offsets with respect to the image so that some

overlap may take place, and the correlation array is larger than either the template or

the image. An n × n image with a m × m template yields a (n + m − 1) × (n + m − 1)

correlation array. If the template is not allowed to shift off the image, the correlation

array is (n − m + 1) × (n − m + 1), here m < n. Another form of correlation results

from computing the offsets modular the size of the image, i.e., the template “wraps

around” the image. Being shifted off to the right, its right part will reappear on the left

of the image. This kind of correlation is called the periodic correlation; otherwise, those

without “wrap around” properties are called the aperiodic correlation.

6.1.1.1 Advantages and Shortcomings of the Correlation based Template

Matching

Fig.(6.1) provides an example of the aperiodic “shift, add, multiply” template matching.

Here the correlation is only calculated for offsets that leave the template entirely within
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Figure 6.1: Correlating an Image With Noise from [226]

the image. The correct peak is the upper left one at (0, 0) offset. The “false alarm”

at offset (2, 2) is caused by the bright “noise point” in the lower right of the image.

This figure illustrates some difficulties with this simple correlation measure of similarity.

Many advantages and shortcomings of this measure result from the fact that it is linear.

The advantages have to do with the existence of algorithm for performing the calculation

efficiently (in a transform domain) for the entire set of offsets. The disadvantages have

to do with the fact that the metric is sensitive to properties of the image that may vary

with the offset, such as its average brightness, slight changes in the shape of the object,

its size, orientation, or intensity values can also disturb the match [226].

The correlation based template matching is very important, especially if Eq.(6.3) is

viewed as a filtering operation instead of an algorithm that does all the work of object

detection. Choosing one or more templates (filters) that transform the image, certain

features of an object are more apparent. These templates generally highlight the sub-

parts of the objects. One example is the edge template.

In this thesis the correlation based template matching can be used to localize the position

of the object of interest in the 2D images. The coordinates of the ROI are considered

as the 2D position of the target in the image, which are used in the next Chapter for

estimating the target’s 3D dynamics in the world coordinate. In the SSD matching the
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template consists of only optical flow vectors, thus the extraction of the ROI is carried

out only with the target’s dynamic features, which can make the tracking system robust

to track targets independent of their other visual features such as shape or color. For

example, if a target is moving in the images and its color changes, template matching

using color information will go wrong. In such a situation, the target’s motion is still the

same so template matching by optical flow vectors can give better results. Also using

the 2D motion vectors instead of the image’s 3D RGB color information reduces the

whole system’s computational cost.

At present, the initial template can be automatically identified from the clustered optical

flow motion field if there is only one target moving or only one new object entering the

image scene for tracking. If there are several objects moving together in the image,

then the initial template must be selected manually from the first clustered optical flow

vectors field. Since the matching template is initialized, the matching value should be

very small when the target is moving in the image scene. If the matching value is too

large than a preset threshold, it means that the target has exited and the tracker can

then be automatically terminated. The tracker’s automatic initialization, termination

or multiple people tracking have been discussed with experimental results in Chapter

8. During the SSD matching process, the template is updated in real-time with the

target’s previous estimated 3D dynamic information. This updating process is known

as the “naive update” template updating algorithm [133].

6.2 Bayesian Probability Fusion based Template Match-

ing and Updating

The above part discusses the normal correlation based template matching. There are

several problems with the simple correlation based template matching. The experimental

performances from the correlation based template matching are normally not robust

[91]. So in this Chapter a more accurate and robust template matching and updating

algorithm, the Bayesian probability fusion based template matching, is proposed.
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6.2.1 Introduction

Normally the object tracking is also the process of updating the object visual features

over time. The complete set of the object’s visual features includes position, motion,

shape, appearance and so on. The appearance comprises of a set of visual features

representing the object’s region in a frame. To suppress noise and achieve the tracking

stability, the visual features should be learned and updated during the tracking process.

One problem remains in the general template matching based target tracking. The

underlying assumption behind template matching is that the appearance of the object

remains the same throughout the entire image sequence. This assumption is generally

reasonable for a certain period of time, but eventually the template is no longer an

accurate model of the appearance of the object. If without a priori object appearance

model (like the robust appearance model from [85]), the template has to be updated

during matching. A “naive” solution to this updating problem is to update the template

every frame (or every t frames) with a new template extracted from the current image at

the current location of the template [133] [187]. The drawback existing in this “naive”

template updating algorithm is that the template may drift away. Or if there exists any

large shape rotation or appearance change of the tracked target, the template matching

will fail. The “naive updating” will also fail at the presence of occlusions or abrupt

environmental changes such as lighting conditions [133].

To make the tracking robust to the above factors, a more persistent template updating

and matching scheme should be developed. The method needs to be capable of memo-

rizing the template’s appearance features and adjusting the matching functions through

the image sequence. In such a way the template matching can be insensitive to sudden

changes of the object appearance and, at the same time, be able to adapt to slow ap-

pearance changes. The problems in template matching such as template drifting, shape

rotation, appearance change or occluded matching can then be solved.

Most recently Ross et. al. [120] [121] [176] have addressed the above target tracking

problems. They have also concluded that most visual tracking algorithms are operating

on the premise that the models of the objects being tracked are invariant to internal

appearance changes or external variations such as lighting or viewpoint. Consequently
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these tracking algorithms can not update the models once they are built or learned at

the outset. Instead of using a simple contour to enclose an image region or color pixels

to represent the moving object for target tracking, they use an eigenbasis to represent

the object being tracked. Their methods incrementally learn and adapt a low dimen-

sional eigenspace representation to reflect the appearance changes of the target, thereby

facilitating the tracking tasks. Their methods well tackle the problems in handling the

appearance variability of a target. However there are some drawbacks. First, the target

will be drifted off by some pixels before recovering in the later frames. Secondly, their

methods can’t handle occlusion well.

In [235], Zhou et. al. present an approach that incorporates appearance-adaptive models

in a particle filter to realize robust visual tracking and recognition algorithms. To stabi-

lize the tracker, they propose the following modifications: an observation model arising

from an adaptive appearance model, an adaptive velocity motion model with adaptive

noise variances, and an adaptive number of particles in the particle filter. However in

their method all the models are adaptive ones. Adaptiveness means a lot of tuning

parameters and less robustness due to the complexity. Also as far as the computational

load is concerned, the stochastic algorithms in general are more intense. The stochastic

approaches often lead to optimization problems too. Appearance-adaptive modes and

particle filters are time-consuming stochastic methods, which make their whole system

run very slowly.

In this Chapter a fusion based template matching and updating algorithm is developed

to solve the above problems [91]. The idea of combining different methods for target

tracking has been proposed in [131]. From [115] it is clear that multiple information

can be easily and efficiently combined according to the rules of the Bayesian probabil-

ity theory [129] by using Probability Distribution Functions (PDF). Through Bayesian

probability based fusion, different methods can combine the advantages of each one

and compensate their drawbacks with a weighting algorithm. Thus in this Chapter the

Bayesian probability theories are used to combine different template matching methods.

Concluded from the previous work on Bayesian based template matching [46] [95] [115]

[209], the Bayesian probability theory is flexible to incorporate different template match-
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ing methods, if the probability function of each method is correctly chosen. Here the

different template matching methods can be obtained by matching individual features

such as the object’s size, image texture, colors, etc. Also Bayesian theory provides the

way to fuse two independent probabilities into one equation to give the joint probability

for the Maximum Likelihood estimation [46], which is rather simple in implementation

and faster in calculation and also allows the fusion method to result in an efficient and

better template update in the presence of rapid illumination and shape changes.

In this Chapter the method based on the Bayesian probability theory is proposed to fuse

two commonly used matching methods for a robust template matching. Two different

template matching methods (Sum of Squared Errors and Gaussian Mixture Models)

are combined through the Bayesian probability theory. Each method is assigned with

a Gaussian PDF to denote the probability of matching in the image. The joint PDF

is then used for the Maximum Likelihood algorithm to find the maximum matching

probability, which gives the template’s best matched region in the images.

The Sum of the Squared Errors (SSE) template matching is to locate the template

in the image with the minimum Sum of the Squared Difference (SSD) between the

image and the template’s pixel intensity value. SSE method is normally considered as

the basic and accurate template matching method, which is also simple to implement.

In this tracking system in order to get the Bayesian based fusion, the probability of

this template matching is assigned with a distribution function. Here the idea is that

the ratio between the template’s SSE matching value in the template’s each possible

location in the image and the sum of the template’s pixels intensity value obeys an

Gaussian Distribution Function. (The details of this distribution will be discussed later

in the chapter.) The maximum value of this PDF means a best template matching in

the image by SSE.

If the SSE method is used, another method incorporating with it should be able to

memorize the template appearances and should also be easy to find the template matched

region through the Bayesian probability theory. Here the second template matching

method is selected based on the template appearance modelling or learning. Now some

work have been done on the object tracking methods by smoothing or learning the
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object’s appearance features. The appearance feature types range from the gray value of

pixels [205], phase data from wavelet filters [85], to global statistics like mean color [219]

or histogram [211]. From the most recent work of [151], the target’s appearance template

can be smoothed temporally by a robust Kalman Filter during tracking. With the robust

Kalman Filtering, outliers due to the partial occlusions can be downweighted by an

observation model using a robust error norm like “the Mahalanobis distance”. However

these kinds of smoothing or filtering methods are assumed with a tracking filter to update

and smooth the template pixel by pixel. They require a lot of computational time and

are not easy to implement. And the robust Kalman Filter does not accept the long time

partial occlusion problems, because the template filter will slowly accept the data at the

occluded area.

Instead of smoothing the template, in the proposed template matching scheme the Gaus-

sian Mixture Models (GMMs) is used as the proposed template representation scheme.

Gaussian Mixture Models (GMMs) is among the most statistically mature methods for

clustering (though they are also used intensively for the density estimation) [63] [163].

GMMs can also be employed to model the visual features of an object in order to per-

form tasks such as the real-time target tracking [168] [195]. GMMs also provides the

mixture Gaussian distribution functions for the matching probability estimation, which

can be used later for the Bayesian fusion part.

In this Chapter GMMs is used to represent the template’s appearance as a mixture of dif-

ferent Gaussian models (the 3 color components [169]). Since the template is modelled

by GMMs, its appearance changes can be measured by the PDF parameters. These

parameters (usually known as the mean and variance) can be used to remember and

constraint the template to its original or past appearances when updating the template.

Thus GMMs has the ability to remember the target’s visual features whenever the orien-

tation, zoom factor or brightness of the tracked object changes. In this way it can solve

the template’s shape rotation, appearance changes and occlusion matching problems.

In this Chapter the EM algorithm [63] [163] is implemented to initialize the template’s

GMMs parameters in the first image frame.

In order to make the accurate template matching, the template needs to be updated
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between two consecutive image frames. In this Chapter the updating uses not only the

previous template but also its previous matching probability parameters. The updating

can recognize the changes of the template throughout the image sequence and make the

template matching more robust. In this Chapter the object’s template is represented by

the Gaussian Mixture Models. During the matching, the template GMMs parameters

are updated frame by frame, which learn the template’s appearance changes and make

robust matching. The updating algorithm here improves the work of [133] by solving

the problems of the template shape rotation, appearance change and occluded template

matching.

6.2.2 Bayesian Probability based Two Template Updating and

Matching Algorithms Fusion

6.2.2.1 Bayesian Probability based Template Matching Algorithms Fusion

This part proposes the algorithm to fuse two different methods for template matching in

the images. First let the template’s location in It (t denotes the time index) be denoted

by Lt, 1 ≤ Lt(x, y) ≤ k. k is the total number of the template’s possible locations in the

image It. Let the probability of the template Tt in the frame It belonging to one of the

possible locations lt,i(1 ≤ i ≤ k) be given by P (lt,i|Tt). Here if the template is Tt, when

each region lt,i is matched to this template, P (lt,i|Tt) is the matching probability value.

Now from the Bayesian theory,

P (lt,i|Tt) =
P (Tt|lt,i)P (lt,i)

P (Tt)
(6.4)

This equation relates the posteriori probability P (lt,i|Tt) to the product of P (Tt|lt,i) and

P (lt,i) with the scale factor P (Tt). This equation is used to find the probability of the

template belonging to each of the possible region lt,i and then assign the template to

the region that returns the maximum probability. So the template is assigned with the
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maximum probability as shown in:

Lt = arg max
i

{
P (Tt|lt,i)P (lt,i)

P (Tt)

}
(6.5)

where 1 ≤ i ≤ k. Here P (Tt|lt,i) is called the likelihood of lt,i with respect to Tt, a term

chosen to indicate that, other things being equal, the possible lt,i for which P (Tt|lt,i) is

large is more “likely” to be the best matched region. Next the denominator in Eq.6.5

can be ignored because it does not depend on i and is always positive. Then with the

log function, the likelihood relationship is:

Lt = arg max
i

{ln(P (Tt|lt,i)) + ln(P (lt,i))} (6.6)

Here the effects of the prior term ln(P (lt,i)) in Eq.(6.6) may be ignored if all the tem-

plate’s possible locations are equally likely to be observed.

Since the two matching algorithms used in this Chapter (Sum of Squared Errors (SSE)

template matching and Gaussian Mixture Models (GMMs) template matching) are done

in the individual and separate matching processes, their matching probabilities are as-

sumed to be independent. Individual weights ω are used for each template matching

component. Then the log-likelihood equation can be written as (Eq.(6.7))

Lt = arg max
i

{ωSSE
t lnP (Tt|lt,i, SSE) + ωGMMs

t lnP (Tt|lt,i, GMMs)} (6.7)

where ωSSE, ωGMMs denote the weights for the matching components of SSE, and

GMMs. P (Tt|lt,i, SSE) denotes the matching PDF from the SSE template matching.

P (Tt|lt,i, GMMs) is the matching PDF from the GMMs matching algorithm. Individual

weights ω are used for each set of matching PDFs (Eq.6.7).

Here the weights are estimated from the experimental test and trial, which are mainly

based on the understanding about the desired template matching performance. If the

matching by SSE is ‘reliable’, then the SSE term is weighted more, and correspondingly

decrease the weight of the GMMs term, and vice versa. Thus the weights can be automat-

ically selected based on the computation of lnP (Tt|lt,i, SSE) and lnP (Tt|lt,i, GMMs).
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The higher the probability lnP (Tt|lt,i, SSE) is, the better the template matches to the

images by SSE. If the probability lnP (Tt|lt,i, SSE) is low, it indicates that a higher

weight should be given to the GMMs for template matching. For examples, when the

object’s visual features such as RGB colors do not change greatly, GMMs can have large

weights. If the environmental condition is changing, the lighting change makes the ob-

ject look different in different frames, then the SSE needs to be weighted more. The

weights here can be estimated using the same procedures from the previous Chapter

5.3.2.3, because the fusion strategies in these two methods are some kind of the same.

In order to get the maximum value of Eq.(6.7), each matching algorithm’s probability

function P (Tt|lt,i, SSE) and P (Tt|lt,i, GMMs) should be known with every frame. Here

the first frame from the video file is matched by using the matching scheme which is

called the initial template matching. Then the matching for the whole image sequence

is computed iteratively by using the updated template information from the previous

images.

6.2.2.2 Sum of Squared Errors Template Matching

The Sum of the Squared Errors is a normally used method to measure the degree of the

matching between the template and the image frame.

First let φt−1 be the possible template’s transformation matrix (also can be called

“warp”) from the template region Ω to the object region and pt−1 be the parameter

vector of this transformation at time t − 1. x′ = φ(x; pt−1) denotes the transformation

of the point x ∈ Ω. Generally the template’s motion of skew, aspect ratio change,

translation, rotation and scaling are considered, so the vector p has six parameters

{p1, p2, p3, p4, p5, p6}. The transformation equation can be written as:

φ(x; p) =

[
x′

1

x′
2

]
=

(
(1 + p1) · x1 + p3 · x2 + p5

p2 · x1 + (1 + p4) · x2 + p6

)

=

(
1 + p1 p3 p5

p2 1 + p4 p6

)( x1

x2

1

)
(6.8)
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The transformation φ decides the template’s possible shift or shape transformation be-

tween two consecutive images. This transformation φ is included in the next section to

develop the template updating algorithm.

To reduce the system complexity, the motion types of the object’s shape transforma-

tion in the image plain is restricted by a global transformation known as the affine

transformation (Eq.6.8). This assumption is justified for a large range of tracking ap-

plications where the object motion is rigid or the object is sufficiently distant from the

camera [151]. By doing so, a separate model for the object shape is not required since

this can be determined from the object motion. Here the 2D affine warp is only valid

when only 2D translations or in-plane 3D rotations of planar objects (which is located

far from the camera) are considered, but not valid for the general 3D rigid motion of

general 3D objects.

Next the matching can be performed by finding the image region that yields the sum

of squared errors with respect to the template of Tt [133]. This is achieved with the

minimization:

p̂t = arg min
p

∑
x∈Ω

[It(φ(x; p)) − Tt)]
2 (6.9)

where It(φ(x; p)) is the feature vector observed in the current image at the point φ(x; p).

It(φ(x; p)) can be considered as the template possible location in the image. The sum-

mation
∑

x∈Ω is over all the pixels in the template region. Target matching using robust

error functions has been used and has been more heavily studied in [3]. The minimiza-

tion can be efficiently performed by the gradient descent algorithm in a coarse-to-fine

manner.

In this thesis the SSE matching is assigned with a probability distribution function

to find the best template matched region in the image. This PDF is used laster as

P (Tt|lt,i, SSE) for the Bayesian probability fusion in Eq.6.7. Here the idea is that it

is assumed that the ratio of the template matching SSE value
∑

x∈Ω[It(φ(x; p)) − Tt)]
2

from Eq.6.9 and the sum of pixels intensity value of the template
∑

Tt obeys a Gaussian
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Distribution, which means

p(Tt|SSE) = N(

∑
x∈Ω[It(φ(x; p)) − Tt)]

2∑
Tt

, µSSE,t, σSSE,t)

=
1√

(2π)σ2
SSE,t

e
− 1

2σ2
SSE,t

(
∑

x∈Ω[It(φ(x;p))−Tt)]
2∑

Tt
−µSSE,t)

2

(6.10)

where µSSE,t and σSSE,t are the PDF mean and variance parameters. In this Chapter

these parameters are first initialized through the initial template matching. Then they

are updated frame by frame using the template updating algorithm developed in this

Chapter. The maximum value of Eq.6.10 means the best template matching by SSE.

The use of SSE in this thesis is slightly different from the standard SSD approach mainly

treating the SSE divided by the sum of the template image pixels as a Gaussian prob-

ability distribution function (PDF). This different way using SSE is quite necessary for

the Bayesian probability based fusion. The Gaussian assumption in Eq.6.10 is justified

with the following reasons. First, for the template matched to the image It, its sum

of the pixel’s intensity value
∑

Tt should be proportioned to the first template’s
∑

T1.

This is because the templates in different image frames always have roughly the same

visual appearance. Secondly, since the template is always matched to the region with

the mostly same appearance as itself, the sum of the matched region’s pixels intensity

value is close to the sum of the template’s pixels intensity value. Their difference has the

smallest SAD value and is also roughly proportional according to the template’s changes

in images. Thus when the template is matched to the image, the minimum value of SSE∑
x∈Ω[It(φ(x; p))−Tt)]

2 (best matched area) should also be proportioned to the previous

template best matched region’s SSE value. The above two proportions have the same

proportion parameter (according to the template’s changes). Now based on the above

explanations it can be just written as:

∑
Tt = κ

∑
T1 + α∑

x∈Ω

[It(φ(x; p)) − Tt)]
2 = κ

∑
x∈Ω

[I1(φ(x; p)) − T1)]
2 + β

(6.11)
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Here κ is the proportion parameter between the sum of the pixels intensity value of the

template Tt and the first template T1. The same κ is also the proportion parameter

between the two matching SSE values. As the proportion is only the rough approxima-

tion, α and β are added here as the noise parameters (Eq.6.11). Now divide the two

equations from Eq.(6.11) in both sides, it gives:

∑
x∈Ω[It(φ(x; p)) − Tt)]

2∑
Tt

=
κ

∑
x∈Ω[I1(φ(x; p)) − T1)]

2 + β

κ
∑

T1 + α

=
κ

∑
x∈Ω[I1(φ(x; p)) − T1)]

2

κ
∑

T1

·
1 + β

κ
∑

x∈Ω[I1(φ(x;p))−T1)]2

1 + α
κ

∑
T1

≈
∑

x∈Ω[I1(φ(x; p)) − T1)]
2∑

T1

(6.12)

α

κ
∑

T1

≈ 0
β

κ
∑

x∈Ω[I1(φ(x; p)) − T1)]2
≈ 0 (6.13)

Here since α and β are much smaller values considered as the noise effect, their value

can be approximated to be zero and then the ratio values in Eq.6.13 are zeros. Thus

from Eq.6.12 the matching probability parameter
∑

x∈Ω[It(φ(x;p))−Tt)]2∑
Tt

should have roughly

the same value through the whole image sequence (approximately equal to the first

template’s
∑

x∈Ω[I1(φ(x;p))−T1)]2∑
T1

value) whenever the template is updated or the image

frame is changing. Other possible template region in the image will give quite different∑
x∈Ω[It(φ(x; p))− Tt)]

2 values, which thus can not give the ratio value close to the pre-

vious matched region’s ratio value. So if
∑

x∈Ω[It(φ(x;p))−Tt)]2∑
Tt

is assumed with a Gaussian

Distribution (The mean and variance can be obtained from the initial template match-

ing process.), the region with the maximum value of this PDF (Eq.6.10) means a best

template matching in the image by the SSE algorithm.

Also from the experimental testing, the use of SSE in a Gaussian distribution framework

can provide the similar template matching results as the standard SSD approach. Thus

based on both theoretical and experimental justifications, in this Chapter the SSE is

treated in a PDF way for the Bayesian fusion based template matching and updating.
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6.2.2.3 Gaussian Mixture Models for Template Matching

At this stage, the image pixels are grouped into homogeneous regions known as the

template. Here it is assumed that the template’s color distributions are generated by a

mixture of Gaussians. Then the object’s template appearance model is modelled as the

Gaussian mixture distributions in the 3D RGB feature space. The GMMs distribution

of a random point x in the image template TGMMs is a mixture of 3 color Gaussians if

its density function is:

TGMMs(x|θ) =
3∑

j=1

αj
1√

(2π)d|σj|
e−

1
2
(xj−µj)

T σ−2
j (xj−µj) (6.14)

where αj is the mixing proportion, the parameter set θ = {αj, µj, σj}3
j=1 consists of

1. αj > 0,
∑3

j=1 αj = 1

2. µj ∈ Rd and σj is a d × d positive definite matrix (here d = 1 for the case of the

pixel’s each color component Gaussian Distribution Function.).

Now with GMMs the template can be represented as a combination of three color ellipses,

each of which centers at the mean µj. The variance matrices σj determine the geometric

characteristics of the ellipses [63]. Since the template’s color features are modelled by the

GMMs, no matter how the target’s visual features changes, the GMMs has the ability

to remember the visual features by using the GMMs mean and variance parameters. In

such a way, GMMs can help the other matching method (SSE) to solve the template

matching problems such as the template’s drifts, shape rotations, appearance changes

or occlusions.

The template matching by GMMs can be obtained through the combination of matching

by each color’s Gaussian Probability Distribution function. In this Chapter since the

three colors are separately extracted from the images as the R, G, B colors and they

can be independently matched, the GMMs matching probability can be defined as the

joint product of each different Gaussian Distribution Functions. Image colors can be

normally represented in several different color spaces such as RGB or Y UV . Here the

RGB color space is selected. The RGB colors of each image pixel are unpredictable and
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can be randomly mixed so it is reasonable to assume that the RGB colors distributions

are independent for each color channel. Here the mean µj and variance σj’s value from

Eq.6.14 can be used to estimate the matching accuracy with the Bayesian probability

theory for P (TGMMs|GMMs).

P (TGMMs|GMMs) = P (TGMMs,1|GMMs1) ∗ P (TGMMs,2|GMMs2) ∗ P (TGMMs,3|GMMs3)

(6.15)

P (TGMMs,i|GMMsi) = N(µIt(φ(x;p)),i, µGMMs,i, σGMMs,i)

=
1√

(2π)σ2
GMMs,i

e
− 1

2σ2
GMMs,i

(µIt(φ(x;p)),i−µGMMs,i)
2

(6.16)

where 1 ≤ i ≤ 3. TGMMs,i denotes different component of the color GMMs. In the

above equation, µItφ(x;p) is one of the template’s colors’ PDF means from the template’s

possible region (It(φ(x; p))) in the image. The region with the maximum value from

Eq.6.16 means the best template matching result by GMMs.

The GMMs’ PDF parameters in Eq.6.16 are initialized iteratively with the EM algorithm

[39] during the template initialization process. These parameters are then used for the

next image template matching.

6.2.2.4 PDF Parameters Initialization for GMMs

The initial template is selected manually from the first image, and at the same time the

GMMs’ PDF parameters are initialized iteratively with the EM algorithm [39]. These

parameters are then used for the next image template matching. Now given a set of

feature vectors x1, ..., xn, the maximum likelihood estimation of θ is:

θML = arg max
θ

L(θ|x1, ..., xn) = arg max
θ

∑
i=1

n log TGMMs(xi|θ) (6.17)

Here the parameter θ consists of the mean µj and covariance σj of the GMMs. The

Expectation-Maximization (EM) algorithm is used to estimate these maximum likeli-

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



6.2 Bayesian Probability Fusion based Template Matching and Updating 135

hood parameters for the first template GMMs’ PDF parameters initialization.

Given the current estimation of the parameter set θ, each iteration of the EM algorithm

re-estimates the GMMs parameter set according to the following two steps:

1. Expectation Step:

ωij =
αj

∑
xn∈Ωi

TGMMs(xn|µj, σj)∑3
l=1 αl

∑
xn∈Ωi

TGMMs(xn|µl, σl)
(6.18)

Here j = 1, ..., 3, i = 1, ..., k, n = 1, ...,m, and i indicates the template’s possible

locations in the image. xn is the nth point in the possible template region Ωi in

the image. Here the template is assumed to have m points in the image. The term

ωij is the posterior probability that the feature vector xi is sampled from the jth

component of the mixture distribution.

2. Maximization Step:

α̂j ← 1

3

3∑
i=1

ωij

µ̂j ←
∑3

i=1 ωij

∑
xn∈Ωi

xn

m∑3
i=1 ωij

σ̂j ←
∑3

i=1 ωij(
∑

xn∈Ωi
xn

m
− µ̂j)(

∑
xn∈Ωi

xn

m
− µ̂j)

T∑3
i=1 ωij

(6.19)

In this study, the convergence is based on the log-likelihood measure, and a 1 percent

threshold is selected. Other possible convergence options include using a fixed number of

iterations of the EM algorithm or defining the target measures. It is found experimentally

that the above convergence methodology works well for the experimental purpose.
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6.2.3 Minimization of the Bayesian Fusion Equation

Now after the two different template matching PDFs are obtained (Eq.6.10 and Eq.6.16),

the maximization of the Bayesian fusion equation from Eq.6.7 can be calculated as:

Lt = arg max
i

{ωSSE
t lnP (Tt|lt,i, SSE) + ωGMMs

t lnP (Tt|lt,i, GMMs)}

= arg max
i

{
ωSSE

t (−
(

∑
x∈Ω[It(φ(x;p))−Tt)]2∑

Tt
− µSSE,t)

2

σSSE,t
2

)

+ ωGMMs
t (−(µIt(φ(x;p)),1 − µGMMs,1)

2

σGMMs,1
2

)

+ ωGMMs
t (−(µIt(φ(x;p)),2 − µGMMs,2)

2

σGMMs,2
2

)

+ ωGMMs
t (−(µIt(φ(x;p)),3 − µGMMs,3)

2

σGMMs,3
2

)

}

= arg min
i

{
ωSSE

t

(
∑

x∈Ω[It(φ(x;p))−Tt)]2∑
Tt

− µSSE,t)
2

σSSE,t
2

+ ωGMMs
t (

(µIt(φ(x;p)),1 − µGMMs,1)
2

σGMMs,1
2

)

+ ωGMMs
t (

(µIt(φ(x;p)),2 − µGMMs,2)
2

σGMMs,2
2

)

+ ωGMMs
t (

(µIt(φ(x;p)),3 − µGMMs,3)
2

σGMMs,3
2

)

}
(6.20)

The minimization of Eq.(6.20) is obtained from the template warp parameter p (Eq.(6.8)).

Here the gradient descent method can be implemented to find the minimization value

of Eq.(6.20) by

p ← p + �p (6.21)

The available gradient descent approaches for the convergence estimation of parameter

p have been reviewed in [3]. All the methods available in [3] are equivalent in the

sense that they take the same steps in each iteration to the first order in �p. Here

the inverse compositional approach can be selected because it is simpler and far more

computationally efficient than the other methods according to the review paper.

In the experiments as the gradient descent algorithm finds a local minimum only, it may
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result in a wrong location when the warp parameter p is too large. To overcome this

disadvantages, the gradient descent method is repeated with a set of initial values of p

with different components and the best resulting location is selected. Once p has been

obtained, the target’s location in the image can be defined as It(φ(x; p)).

6.2.4 Template Updating Strategy

The template updating problems have been studied in [133]. In this Chapter the algo-

rithm is extended to make more robust template updating with the Bayesian probability

fusion theory.

First let the template be updated with the normal “naive update” method (the corre-

lation based template matching also uses this updating strategy.), which sets the new

template to be the region of the input image that the template is tracked in It−1(x)

T̂t(x) = It−1(φ(x; pt−1)) t ≥ 1 (6.22)

From [133] with the “naive updating” method, the template may eventually drift away

from the original object. Small errors in the previous warp parameter pt−1 mean that the

new template It−1(φ(x; pt−1)) is always a slighted transformed version of what it ideally

should be. These errors accumulate and, after a while, the template drifts away from

the object that it is initialized to track. Note that simple variants of this strategy such

as updating the template every few frames, although more robust, also eventually suffer

from the same drifting problem. In the method of [133] they retain the first template

and use the first template aligned with the template updated from the “naive update”

to solve the template drift problem and late give the final matching.

In this Chapter the template updating method is done with the Bayesian probabil-

ity theory. The template updated from the “naive update” T̂t(x) (Eq.6.22) with the

SSE and GMMs matching PDF parameters from the image It−1 (µSSE,t−1, σSSE,t−1,

µGMMs,t−1,i and σGMMs,t−1,i) is first matched to the current image It. The maximum

matching probability is obtained through Eq.6.20. Next the original first image tem-

plate T1 with the same matching PDF parameters from the image It−1 is matched
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to image It, which gives another matching probability. Here these two probabilities

arg maxi P (T̂t(x)|lt,i, SSEt−1, GMMst−1) and arg maxi P (T1|lt,i, SSEt−1, GMMst−1) are

compared, the higher value means a better matching. Thus the template with the higher

matching probability value is selected as the template for the current image template

matching. At the same time the SSE and GMMs matching PDF parameters with this

template are estimated for the next image frame template updating and matching.

Through this updating, the template’s SSE matching and GMMs matching are consid-

ered at the same time. Their joint matching probability gives a solution to the template

drifting problems and also the template’s shape rotation, appearance change or occlusion

problems. Here the two matching PDF parameters are also updated frame by frame.

The matching PDF parameters adjust the matching requirement with the template’s

appearance changes in the image sequence.

The template updating method proposed here needs a two-step template matching (first

the matching is done with the template from the ”naive” update and then the matching

is done with the first image template) to decide a better template for updating. It re-

quires more computational time. In order to reduce the computational time, a threshold

can be set beforehand to decide whether the naive updated template can be kept or not.

Here according to the experimental testing, the best matched region’s matching proba-

bility value from the proposed method is almost at the same order of magnitude. The

template’s other possible locations will give much smaller matching probability values

compared to the best matching value. Thus a threshold can be set close to this nor-

mal best matching value. If the template matching probability value is larger than this

threshold, thus the matched region can be just kept and used for the next image frame

template matching (“naive update”). If the matching result is smaller than this thresh-

old, then the template should be updated with the Bayesian fusion based algorithm

developed in this Chapter.

6.2.5 Initial Template Matching

The initial template is selected manually from the first image frame and it roughly

indicate the target’s region in the image. Then the template GMMs’ PDF parameters
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(the mean µ and variance σ) are estimated from the EM algorithm. The SSE matching

PDF parameters are estimated iteratively as follows. First the initial SSE parameters

µSEE is assumed zero and σSSE is set by the experimental trial and test (normally it is

set to be 0.01.). Then the template is matched to the image with the Bayesian algorithm

developed in this Chapter. After the first time matching, the best matched area gives the

SSE matching probability parameter µSSE from the calculations of
∑

x∈Ω[It(φ(x;p))−Tt)]2∑
Tt

.

The estimated parameters and the matched region are thus used for template matching

of the same image for a second time. The matching continues in the same way iteratively

until µSSE and σSSE converge to some values. The converged parameters and the target’s

located region are used later for the second image frame template matching.

6.3 Experimental Results

After the image segmentation and clustering from the previous Chapter, the major

motion regions in the whole optical flow vectors field are clustered into several clusters.

So here first, the SSD based template matching is carried out to identify the target by

calculating the Euclidean distance between the template’s optical flow vectors region

and the clustered optical flow vectors field.

Here the SSD matching is between the template’s optical flow vectors region and the

clustered optical flow vectors field. The template is not matched to the whole optical

flow vectors field. The clustered field from the image segmentation and clustering results

is used here because it contains the major motion regions and removes the small noise

areas. In such a way, the SSD template matching is more accurate and faster.

A template from the segmented optical flow vectors field is shown as Fig.6.2.1. The

template contains only the optical flow vectors from the ROI. The matching values of

the template are shown graphically in Fig.6.2. Here for the Euclidean distance based

matching, the template is updated frame by frame by using the previous estimated ROI.

This “naive template update” [133] process is: using the estimated 3D position of the

target at time k, the flow vectors region (i.e. ROI) in the whole optical flow vectors field

at time k is then extracted by an pinhole camera projection model. This flow vectors
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6.2.1:

6.2.2:

Figure 6.2: The template from the clustered optical flow vectors field and the Euclidean
distance based matching result. The smallest value in Fig.6.2.2 indicates the template’s
best matched region in the images.

region is used as the template for the image template matching at time k + 1.

Next in order to evaluate the performance and adjust the parameters of the proposed

method, the Bayesian fusion based template matching algorithm has been tested on

different image sequences and also compared with other methods.

From Fig.6.3 a blue target is moving in the image sequence. Later it is occluded by an-

other stationary object. From the experimental results, the template matching performs

well and the object is correctly tracked.

In Fig.6.4 the blue object is occluded by another moving object. The template matching

results are also good and the object is precisely tracked.

The matching results in Fig.6.5 are bad because the template drifts away from the orig-

inal template due to the “naive” template updating. Fig.6.6 shows the results when the

template is updated with the robust Bayesian fusion based template updating algorithm.

The first template and the template updated from the “naive” updating algorithm are

considered at the same time for template updating, which solves the template drifting
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6.3.1: 6.3.2: 6.3.3: 6.3.4:

6.3.5: 6.3.6: 6.3.7:

Figure 6.3: The template matching results when the moving object is occluded by
another stationary object. The blue object in the first frame is considered as the initial
template.

6.4.1: 6.4.2: 6.4.3: 6.4.4:

6.4.5: 6.4.6: 6.4.7:

Figure 6.4: The template matching results when the object is occluded by another
moving object. The blue object in the first frame is considered as the initial template.

problem.

Fig.6.7 shows good results of the proposed algorithm when the object has great rotational

motion in the 2D images. Here the target (the black object) is rotating in two different

directions. In such situations, the template matching is really difficult since even be-

tween two consecutive image frames the template’s shape and appearance change a lot.

If only using the normal methods like SSE template matching (the algorithm in [133]) or
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6.5.1: 6.5.2: 6.5.3: 6.5.4:

6.5.5: 6.5.6: 6.5.7:

Figure 6.5: The template matching results when the black object is moving towards the
camera. Here the template is not updated with the Bayesian fusion algorithm developed
in this Chapter. Thus finally the template drifts away. The matching results are not
good. The black object in the first frame is considered as the initial template.

6.6.1: 6.6.2: 6.6.3: 6.6.4:

6.6.5: 6.6.6: 6.6.7:

Figure 6.6: The template matching results when the object is moving towards the cam-
era. The template matching performance is improved with the proposed robust template
updating algorithm.

GMMs template matching, it is impossible to accurately locate the object because the

object rotates a lot. The minimal value from SSE may only be the local minimal which is

not the global minimal value for the object’s correct region with the rotations. However

in the proposed Bayesian fusion based algorithm, the GMMs is able to remember the

template’s visual features properties. Although its shape rotates, its other visual fea-
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6.7.1: 6.7.2: 6.7.3: 6.7.4: 6.7.5:

6.7.6: 6.7.7: 6.7.8: 6.7.9: 6.7.10:

6.7.11: 6.7.12: 6.7.13: 6.7.14:

6.7.15: 6.7.16: 6.7.17: 6.7.18: 6.7.19:

Figure 6.7: The template matching results when the object’s shape has some changes.
Here the black target is rotating greatly in two different directions. The black object in
the first frame is considered as the initial template. The proposed template matching
algorithm is to locate the template’s most matched region in the images when the object
has great rotations. The proposed Bayesian fusion based method gives good result.

tures properties (such as RGB color properties) remain the same throughout the image

sequence. Thus combined SSE with GMMs, the Bayesian fusion based algorithm makes

weighting between these two matchings and gets the best template matching results.

As shown in Fig.6.7 the template’s matched region in the image sequence is adjusted

frame by frame. Finally the template matched region changes its own shape and good

matching performances are achieved.
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6.8.1: 6.8.2: 6.8.3: 6.8.4:

6.8.5: 6.8.6: 6.8.7: 6.8.8:

Figure 6.8: The template matching results when the object has some rotations. Com-
pared with Fig.6.7, the template matching performance is bad if the template is not
matched and updated by the algorithm developed in this Chapter.

Fig.6.8 shows the bad template matching results of the same image sequence of Fig.6.7.

Fig.6.8.1, Fig.6.8.2, Fig.6.8.3 and Fig.6.8.4 are the results from the “naive” template

updating. The template finally drifts away. Fig.6.8.5, Fig.6.8.6, Fig.6.8.7 and Fig.6.8.8

are the results when the GMMs component weights more and becomes the dominant

factor of the matching. In such a way the matching results may converge as shown from

Fig.6.8.5 to Fig.6.8.8. When the GMMs weights more, the algorithm tries to converge

to the areas with less color changes. Thus it becomes a line as shown in Fig.6.8.8. With

such a line, the GMMs matching probability values are always the same. Compared with

these figures, the results from Fig.6.7 show good performances of the proposed Bayesian

fusion method in this difficult matching situation.

Some other experimental results are presented in different situations in Fig.6.9, Fig.6.10

and Fig.6.11. Fig.6.9 deals with the situation when the object is leaving the image

scene. Fig.6.10 gives the result when both the camera and object are moving. Fig.6.11

solves the occlusion tracking problem. The backgrounds in Fig.6.10 are cluttered and

continuously changing.

In the multi-color persons matching results shown in Fig.6.10 and Fig.6.11, the GMMs

models the templates’ complex color properties accurately and the template matching
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6.9.1: 6.9.2: 6.9.3: 6.9.4:

6.9.5: 6.9.6: 6.9.7:

Figure 6.9: The template matching results when the blue object leaves the image scene.
The blue object with its full shape from the first frame is considered as the initial
template. The template matching performance is good with the proposed method. The
template matched region is changing due to the changes of the object’s size in the image
scene.

6.10.1: 6.10.2: 6.10.3: 6.10.4:

6.10.5: 6.10.6: 6.10.7:

Figure 6.10: The person is moving with a moving camera. The person in the first
image frame is considered as the initial template. The proposed Bayesian fusion based
algorithm is used to locate the person in the image sequence. Through the whole image
sequence the appearance and size of the target person in the images change a lot. Here
with the proposed method the template is updated robustly and the person is correctly
tracked. The template’s size is scaled due to the distance changes between the person
and the camera.

is still accurate compared with the simple color objects such as Fig.6.4 or Fig.6.7. In
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6.11.1: 6.11.2: 6.11.3: 6.11.4:

6.11.5: 6.11.6: 6.11.7: 6.11.8:

Figure 6.11: The template matching result when two persons are moving in the clut-
tered outdoor environment. The two persons are moving around each other and one of
them is tracked. Here the tracker is lost when the person is occluded by another one
(Fig.(6.11.2)). With the proposed Bayesian fusion based algorithm, when the occlu-
sion is finished, the template is updated together with the first template and after the
occlusion, the previously tracked person is still correctly tracked.

some situations when there are similar colored regions around the object, the GMMs

matching may fail. However, the SSE matching remembers the template’s spatial and

shape information. Combined SSE with GMMs, it is thus possible to solve the matching

problem in this case.

Compared with other methods the Bayesian probability fusion based algorithm gives

good results in different situations. For example in the image sequence of Fig.6.10

there are about 45 image frames. With the proposed Bayesian fusion based method in

only about 5 frames the tracker is lost. If without template updating, there are about

20 frames with the lost tracker. With the “naive template updating” there are also

about 16 frames of lost tracking. With the algorithm of [133] there are about 11 frames

of tracking lost. Also the algorithm from [133] or the algorithms from SSE, GMMs

template matching can not deal with the situations of Fig.6.7, Fig.6.9 and Fig.6.10. In

these three cases the tracked object has large shape deformations. The full comparison

of different methods can be seen in Table.6.1.
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Table 6.1: The comparison results of different template matching and updating methods.
The proposed algorithm can achieve an average accuracy above 90% for the target
tracking in different situations.
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From the experimental testing, the new template updating algorithm has satisfied two

qualities: simplicity and robustness. Simplicity implies that the algorithm is easy to

implement (the basic Bayesian and Gaussian Distribution theories) and has the mini-

mum number of parameters (only the warp parameter p and matching PDFs’ mean and

variance in Eq.6.20 for the matching estimation). Robustness implies the ability of the

algorithm to track objects under difficult conditions which include: 1. severe occlusions

(Fig.6.3, Fig.6.4 and Fig.6.11). 2. changing of object shape appearance (Fig.6.7 and

Fig.6.9). 3. background clutter and the presence of other moving objects in the scene

(Fig.6.11). 4. a moving camera (Fig.6.10). 5. non translational object motion like

zooms and rotations (Fig.6.6, Fig.6.7, Fig.6.9, Fig.6.10 and Fig.6.11).

6.4 Summary

In this Chapter the normally used SSD (correlation) based template matching method is

presented first. The basic theory and the advantages and disadvantages of this method

are discussed. The correlation based template matching is used to match the template’s

optical flow vectors field to the image’s clustered optical flow vectors field. This matching

is based on the motion vectors, which makes the target features 2D localization in the

images independent of its other specific visual properties and also more robust.

Since the SSD (correlation) based method is quite simple and there are several problems,

the algorithm with the Bayesian probability based fusion is proposed to improve the

template matching performance. In the proposed method the SSE template matching

is first selected as the basic matching method. Then the GMMs is combined with SSE

to solve the problems of the template’s appearance changes and the object occlusions.

In this Chapter with the Bayesian fusion of two different template matching methods,

a robust template updating method is also proposed. Here the template is updated

together with its GMMs parameters and the matching probability PDF parameters to

make robust template matching.

In this Chapter the SSE and GMMs methods are fused together with the assumption

that they are independent. However in fact these two methods are statistically not inde-

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



6.4 Summary 149

pendent. They both use the template intensity values and are conditioned on almost the

same data when trained. Fusing their outputs with an empirically determined weighting

factor may overlook this fact. However in this Chapter, for the sake of template mod-

elling, it can be just assumed that they are independent. This simplifying modelling

assumption may have some drawbacks. But from the experimental results the template

can be accurately matched and tracked, so it is suitable to keep this assumption.

Through the experimental results the fusion of two different template matching methods

solve the template matching problems such as the template drifts, shape rotations, ap-

pearance changes or occlusions. The average tracking accuracy of the proposed Bayesian

fusion based method in different situations is above 90%. Since the algorithm can

make accurate template matching and target tracking when the cameras are also mov-

ing (Fig.6.10), the potential application of the proposed algorithm can be used for the

vision-based mobile robot navigation [43].

The research work in this Chapter improves the existing template matching methods,

which makes contributions to the computer vision research.

Updating the template dramatically increases the computational cost of matching; and

when updating the template every frame, it is hard to do the real-time image processing

and target tracking. In the experimental test in this Chapter, the computational time

for each frame using the Bayesian fusion based algorithm is about 2 − 3 minutes based

on the Matlab programming. In fact the image template can be just updated whenever

necessary instead of updating it every frame, thereby reducing the average computational

cost. In this Chapter the template updating with a preset threshold has been developed

to solve the problem.
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Chapter 7

Target Tracking System

Once the target’s 3D visual features are identified in the image scene, it is then nec-

essary to estimate the target’s 3D velocity and position in the world coordinate for

autonomous vehicle target tracking. This chapter first presents the sensor data fusion

based target’s 3D velocity and position estimation procedures, which is the fourth step

of the proposed visual target tracking scheme. Then as the final step, the Extended

Kalman Filter is carried out for the target dynamics estimation. Here the IMM ap-

proach and OOSM solution are developed with Extended Kalman Filter to improve the

tracking performance.

7.1 Sensor Data Fusion based Target 3D Dynamics

Information Estimation

In this thesis, the target’s 3D position and velocity in the world coordinate are estimated

for the visual target tracking system. In the previous autonomous vehicle target tracking

systems, the target’s relative dynamic information from CCD cameras is used directly

for the navigation purpose. There are several drawbacks using the relative information.

First, these data are only relative from the vision sensors to the target, which are not

available for other applications in the same environment. Secondly, in such a situation

the vehicle’s self rotational and translational motion in the world coordinate are always
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not considered, which makes the target dynamics estimation less accurate. So in the

proposed visual target tracking scheme in order to make more general applications and

get more accurate estimation results than other methods like [34] [43] [223], the target’s

3D velocity and position are estimated in the world coordinate for tracking.

7.1.1:

7.1.2:

Figure 7.1: Experiment Setup with the Target’s 3D World Coordinate Velocity Estima-
tion Procedures

Let’s first consider the cameras mounted on an autonomous vehicle moving in the 3D

world coordinate as shown in Fig.7.1.1. Estimation of the target’s velocity can be

achieved using the algorithm explained in Fig.7.1.2. Here, the motion of the target

in the image stream is obtained as optical flow vectors �V O.F.
T . Then �V O.F.

T is transformed

into the image coordinate frame as �V IM
T . Next �V IM

T is transformed into the camera

frame to get the target velocity relative to the cameras �V C
T .
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Here because the cameras are moving in the world coordinate, its axis has the rotational

motion RW
C and translational motion TW

C relative to the world coordinate. The velocity

of the moving cameras in the world coordinate �V W
C (consists of RW

C and TW
C ) can be

estimated based on the kinematic model of the autonomous vehicle. Then the target’s

velocity in the world coordinate �V W
T can be estimated as:

�V W
T = RW

C · �V C
T + TW

C (7.1)

This equation shows how the visual features can be fused with the cameras’ motion

parameters for estimating the target’s velocity.

Following section first explains how �V C
T is estimated. Here, the 2D visual cues are fused

with the disparity information using a pinhole camera projection model (Fig.7.2) with

Eq.7.2 to obtain the target’s 3D velocity relative to the cameras.

Figure 7.2: The Pinhole Camera Projection Model

[
x

y

]
=

f

Z

[
X

Y

]
(7.2)

The time derivation of Eq.7.2 gives the velocity.

X =
Z

f
x ⇒ Ẋ =

ẋ · Z + Ż · x
f

(7.3)
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where Ẋ is the target’s velocity relative to the camera frame known as �V C
T and ẋ is the

target’s image pixel velocity �V IM
T , which can be estimated from the optical flow vectors

�V O.F.
T (Eq.7.4).

�V IM
T = S · �V O.F.

T (7.4)

where S is the effective size of the pixels in the image. In Eq.7.3 Z is the target depth

information, which can be estimated from the disparity d (Eq.4.35). The deviation of

the depth Ż is obtained as Ż = −b1f
∆d
d2 , ∆d is the difference of the disparity d between

the time intervals. From Eq.7.2 and Eq.7.4 �V C
T can be obtained as in Eq.7.5

�V C
T =

( V C
T x

V C
T y

V C
T z

)
=

( 1
f
(Ż · x + V IM

T x · Z)

1
f
(Ż · y + V IM

T y · Z)

Ż

)
=

( 1
f
(−b1f

∆d
d2 · x + Sx · V O.F.

T x · b1
f
d
)

1
f
(−b1f

∆d
d2 · y + Sy · V O.F.

T y · b1
f
d
)

−b1f
∆d
d2

)

(7.5)

where (x, y) is the target 2D image coordinate, which can be estimated from the previous

ROI identification.

In order to get the cameras’ rotation and translation matrix RW
C and TW

C , the cameras’

movement in the world coordinate should be known. In this thesis a simple two wheels

kinematic model of the autonomous vehicle is used for the experimental testing (Fig.7.3).

Two tachometers sensors measure the wheels velocities v1 and v2. Here u1, u2 are the

Figure 7.3: Kinemics Model of Autonomous Vehicle

tachometers’ output voltages, and kT is the linear parameter between the tachometers’
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output voltages and the wheels velocities, which gives the simple relationship v1 = kT ·u1

and v2 = kT ·u2. In order to simplify the tracking system, in this paper it is just assumed

that the wheels’ slippage is ignored, because in fact more complicated models considering

the wheels’ slippage effects can only give similar results as the simple models. Then the

vehicle’s velocity along X and Z directions in Fig.7.3 can be estimated as Eq.(7.6).

( vX

vZ

θ̇

)
=

( (v1+v2) cos(θ)
2

(v1+v2) sin(θ)
2

v2−v1

2b

)
=

( (kT ·u1+kT ·u2) cos(θ)
2

(kT ·u1+kT ·u2) sin(θ)
2

kT ·u2−kT ·u1

2b

)
(7.6)

where b is the distance between two wheels and θ is the angle between the X axis and

the vehicle’s velocity in Fig.7.3.

In this experiment, the velocities in the X and Z directions (Fig.7.1.1) are considered

as the most effective movements of the vehicle. The vehicle’s velocity can be estimated

in all the 3D directions, but this will make the whole system much more complex.

So in the thesis, it is just assumed that the vehicle’s velocity in the Y -coordinate is

too small compared with the other two directions and it can be ignored. The target’s

position and velocity is still estimated in the 3D world coordinate, only obtained from

the moving vehicle without considering the vertical motion. In fact with this assumption,

the experimental results are still good.

Based on the above assumption, the camera coordinate has only the Y axis rotation

relative to the world coordinate and the rotational velocities in the other two directions

can be just assumed very small and neglected. Thus, the whole computation is simplified

in a reasonable way. Let θ denote the angle between the camera velocity and X direction,

then the camera axis rotation matrix RW
C can be estimated as:

RW
C =

( cos(θ) 0 − sin(θ)

0 1 0

sin(θ) 0 cos(θ)

)
; θk = θk−1 + ∆t · θ̇ (7.7)

Here ∆t is the time interval from the time k−1 to time k to estimate θ from θ̇ in Eq.7.6.

In the following equations, the time k for θ is just omitted because all the estimations are
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done for the same time stamp k. Now with the kinematic model of the vehicles, problems

involving the cameras’ 3D motion can be solved for this target tracking system.

At the same time the vehicle’s translational vector in the world coordinate can be esti-

mated as TW
C . Because the vehicle only has velocities in the X and Z directions, based

on the autonomous vehicle’s kinematic model, TW
C can be written as Eq.(7.8):

TW
C =

( TW
C x

TW
C y

TW
C z

)
=

( (kT ·u1+kT ·u2) cos(θ)
2

0

(kT ·u1+kT ·u2) sin(θ)
2

)
(7.8)

Finally from Eq.(7.1), (7.5), (7.7) and (7.8), the target’s 3D velocity �V W
T in the world

coordinate can be estimated as

( V W
T x

V W
T y

V W
T z

)
=

( 1
f
(−b1f

∆d
d2 · x + Sx · V O.F.

T x · b1
f
d
) · cos(θ) − b1f

∆d
d2 · sin(θ) + (kT ·u1+kT ·u2) cos(θ)

2

1
f
(−b1f

∆d
d2 · y + Sy · V O.F.

T y · b1f
1
d
)

1
f
(−b1f

∆d
d2 · x + Sx · V O.F.

T x · b1
f
d
) · sin(θ) + b1f

∆d
d2 · cos(θ) + (kT ·u1+kT ·u2) sin(θ)

2

)

(7.9)

The target’s 3D position in the world coordinate �PW
T can also be obtained from Eq.(7.10).

�PW
T = RW

C · �PC
T + TW

C (7.10)

Here RW
C is the camera axis’s rotational matrix (Eq.7.7). �PC

T is the target position

relative to the cameras in the camera frame. TW
C is the translational vector between the
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camera coordinate and the world coordinate (Eq.7.8). So �PW
T can be written as:

�PC
T =

( PC
T x

PC
T y

PC
T z

)
=

( Sx·x·Z
f

Sy ·y·Z
f

Z

)

�PW
T =

( cos(θ) · Sx·x·Z
f

− sin(θ) · Z + t · (kT ·u1+kT ·u2) cos(θ)
2

Sy ·y·Z
f

sin(θ) · Sx·x·Z
f

+ cos(θ) · Z + t · (kT ·u1+kT ·u2) sin(θ)
2

)

(7.11)

These equations (Eq.7.9 and Eq.7.11) show the data fusion of the target’s optical flow

vectors (V O.F.
T x, V

O.F.
T y), visual disparity d, image coordinates (x, y) and motion sensors

data (u1, u2) into one equation to estimate the target’s 3D velocity and position in the

world coordinate. These two equations are used later to obtain the Extended Kalman

Filter measurement function for estimating the target dynamics, which is the proposed

data fusion scheme to track the target dynamic states.

7.2 Extended Kalman Filter based Target Tracking

System

At this stage, the position and velocity of the target are estimated together using a

Kalman Filter. Several other tracking filters can also be used here such as particle fil-

ters in [74]. Here Kalman Filter is chosen because of its fast estimation speed and easy

implementation. Since the velocity and position measurement models of the target are

nonlinear, the derived Kalman Filter will always contain nonlinear components. There-

fore, an Extended Kalman Filter (EKF) is used to cater for the non-linear properties.

Let X denotes the target’s dynamic state, X =

(
�P

�V

)
. Then the state equation for its

movement can be written as Eq.(7.12).

Xk+1 = ΦrXk + vk (7.12)
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where Φr denotes the target dynamic models, �P = (Px, Py, Pz) denotes the 3D position

of the tracked point, and �V = (Vx, Vy, Vz) denotes its velocity. vk is the Gaussian white

noise. vk has a 6× 6 covariance matrix and over the increment from the time k to time

k − 1 this process noise enters into both the position and velocity states.

Next, the coordinates of the tracked object in the 2D image can be obtained by (7.13)

(
Px

Py

)
k

= Π(�Pk) (7.13)

In this equation Π denotes the transformation of a 3D point into the 2D image point

(Px, Py) and its visual depth Pz.

The resulting measurement vector �Z for the system can be obtained as given in Eq.(7.14)

�Zk = H(k,Xk)k + wk
�Zk =

{
VO.F.x

VO.F.y

u1

u2

d

x

y

}
(7.14)

�Zk represents the measurements of the target from different sensors. Hk is the measure-

ment function, which can be obtained from Eq.7.9 and Eq.7.11. It is worth noting that

�Zk comprises of the optical flow vectors (V O.F.
T x, V

O.F.
T y), disparity d, tachometers sen-

sors data (u1, u2) and image spatial information (x, y) into one vector for target tracking.

wk is the measurement noise, which has a covariance matrix of 7 × 7. This equation

(Eq.7.14) provides a scheme to fuse these different visual cues with the cameras’ motion

parameters as the inputs to EKF for tracking the target’s 3D dynamics as the outputs

from EKF.

In the next two sections, the IMM approach and OOSM solution are described together

with the Extended Kalman Filter to improve the target 3D dynamics estimation per-

formance.
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7.3 IMM Approach for Target Tracking

7.3.1 Introduction

In visual target tracking, the dynamic information aids the tracking process in the

presence of occlusions and measurement noises [84]. However, the tracking is complicated

by the fact that natural moving targets do not exhibit just one type of motion but

complex, unknown and highly nonlinear and time-varying dynamics. The single model

approaches do not make full use of the information available and often rely on somewhat

ad hoc methods of incorporating uncertainty about the mode estimates (like adjusting

the filter noise covariance in proportion to the variance in the model estimate [89]), so the

traditional single target linear dynamic models are not quite applicable. Tracking of such

targets thus falls into the area of adaptive state estimation (multiple models) [48] [88].

The distinguishing feature of the multiple models approaches is a stochastic (typically

Markov) switching process between the models and the simultaneous filtering of the

observations through all of the possible systems. The final state estimate is obtained as

a weighted combination of the outputs of the estimates from each different model. This

is in contrast to single model algorithms which tend to use one model at any given time.

Currently Forsyth et. al. [54] review the linear dynamic models for target tracking. These

dynamic models are quite simple and easy to implement and they cover all the target’s

linear dynamic properties. Thus in this thesis these simple linear dynamic models are

combined together with the multiple models algorithm to represent the target’s complex

motion properties.

Now some work have been done in target tracking using the Multiple Models (MM)

filtering [9]. Bar-Shalom and Li [9] review the models in which both the state dynamics

and the output matrices switch, and where the switching follows the Markovian dynamics

(IMM). They have also presented several different methods for approximately solving the

state-estimation problem in the switching models. Some other multiple models tracking

systems use the Bayesian network based multi-model fusion methods ( [50] and [124]).

More recently, switching linear dynamic system (SLDS) models have been studied in [16].
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SLDS models and their equivalents have also been studied in the statistics, time-series

modelling, and target tracking since early 1970’s in [161]. Here it is concluded by Bar-

Shalom [9] that the IMM approach performs significantly better than the other multiple

models methods. The IMM algorithm computes the state estimate under each possible

current model using several filters, with each filter using a different combination of

the previous model-conditioned estimates (mixed initial condition). The mixed initial

condition of IMM can reduce the estimation errors by adjusting the initial condition

for each estimate. IMM is also faster in computation than the other multiple models

algorithms. For example IMM requires only r filters to operate in parallel while the

generalized pseudo-Bayesian(GPB) multiple models algorithm requires r or r2 to operate

in parallel. Furthermore, the IMM has been shown to be able to keep the estimation

errors not worse than the raw measurement errors and provide significant improvements

(noise reduction).

Thus in this thesis the IMM approach is developed to fuse several simple and basis linear

dynamic models for the target dynamics tracking.

Here the interacting multiple linear dynamic models algorithm provides an approxima-

tion of the types of the target employed motion, and then the target dynamic states

estimation is obtained with the combination of the weighted different models’ Extended

Kalman Filter estimates, which can greatly improve the tracking performance. The in-

teracting multiple models (IMM) algorithm here also allows the system to minimize the

tracking errors by adjusting the gain of the Extended Kalman Filter.

7.3.2 Linear Dynamic Models for Extended Kalman Filter

There are several simple and basic linear dynamic models available for Extended Kalman

Filtering to cover the normal dynamic situations of the moving target [54]. Here the

dynamic model is achieved by multiplying the state by some known matrix Φ as in the

motion state equation (Eq.(7.12)), and then adding a normal random variable of zero

mean and known covariance.
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1. Drifting Points Model. If the dynamic model is

Φk = I (7.15)

then the point’s new position is its old position, plus some white Gaussian noises

term. This dynamic model can be commonly used for objects for which no other

better dynamic model is known.

2. Constant Velocity Model. �P gives the position and �V gives the velocity of a

point moving with the constant velocity. The constant velocity model is given in

Eq.(7.16).

X =

(
�P

�V

)
, Φk =

(
I (�t)I

0 I

)
(7.16)

3. Constant Acceleration Model. �a is the acceleration of a point moving with the

constant acceleration. Then the constant acceleration model is given in Eq.(7.17).

X =

( �P

�V

�a

)
, Φk =

( I (�t)I 0

0 I (�t)I

0 0 I

)
(7.17)

4. Periodic Motion Model. It is assumed that a point is moving on a line with a

periodic movement. Then stack the position and velocity into a vector �u = (�P , �V )

and with the time interval �t, the motion model can be obtained with a forward

Euler method as shown in Eq.(7.18).

�uk = �uk−1 + �t
du

dt
= �uk−1 + �tS�uk−1 =

(
1 �t

−� t 1

)
�uk−1 (7.18)

Now with the above 4 simple and basic linear dynamic models for the target state

estimation, one cycle of the IMM algorithm is described next [9].
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7.3.3 Interacting Multiple Models Approach

In the Interacting Multiple Models approach (IMM), it is assumed that the system obeys

one of a finite number of models. A Bayesian framework is used here starting with the

prior probabilities of each model being correct. The model, assumed to be in effect

throughout the process, is one of r possible models (the system is in one of r modes) as

shown {Φj}r
j=1.

Then the prior probability that Φj is correct (the system is in mode j) is shown in

Eq.(7.19).

P{Φj|Z0} = µj(0) (7.19)

where Z0 is the prior information and
∑r

j=1 µj(0) = 1.

1. Calculation of the mixing probabilities (i, j = 1, ..., r). The probability that the

mode Φi was in effect at k − 1 given that Φj is in effect at k conditioned on Zk−1

is Eq.(7.20) and Eq.(7.21).

µi|j = P{Φi(k − 1)|Φj(k), Zk−1}
=

1

c̄j

P{Φj(k)|Φi(k − 1), Zk−1}P{Φi(k − 1)|Zk−1} (7.20)

µi|j(k − 1|k − 1) =
1

c̄j

pijµi(k − 1), c̄j =
r∑

i=1

pijµi(k − 1) (7.21)

Here it is assumed that the model jump process is a Markov process (Markov

chain) with the known model transition probabilities pij

pij = P{Φ(k) = Φj|Φ(k − 1) = Φi} (7.22)

2. Mixing (j = 1, ..., r). Starting with X̂ i(k−1|k−1) one computes the mixed initial

condition for the filter matched to Φj(k) as

X̂0j(k − 1|k − 1) =
r∑

i=1

X̂ i(k − 1|k − 1)µi|j(k − 1|k − 1) (7.23)
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The covariance corresponding to the above is

P 0j(k − 1|k − 1) =
r∑

i=1

µi|j(k − 1|k − 1){P i(k − 1|k − 1) +

[X̂ i(k − 1|k − 1) − X̂0i(k − 1|k − 1)]

·[X̂ i(k − 1|k − 1) − X̂0j(k − 1|k − 1)]′} (7.24)

3. Model-matched filtering (j = 1, ..., r). The estimate Eq.(7.23) and covariance

Eq.(7.24) are used as the inputs to the filter matched to Φj(k), which uses z(k) to

yield X̂j(k|k) and P j(k|k). The likelihood functions corresponding to the r filters

Λj(k) = p[z(k)|Φj(k), Zk−1] (7.25)

are computed using the mixed initial condition Eq.(7.23) and the associated co-

variance Eq.(7.24) as:

Λj(k) = p[z(k)|Φj(k), X̂0j(k − 1|k − 1), P 0j(k − 1|k − 1)] (7.26)

4. Model probability update (j = 1, ..., r). This is done as follows:

µj(k) = 1
c
Λj(k)c̄j, c =

∑r
j=1 Λj(k)c̄j (7.27)

where c̄j is the expression from Eq.(7.21).

5. Estimate and Covariance combination. Combination of the model-conditioned

estimates and covariances is done according to the mixture equations

X̂(k|k) =
r∑

j=1

X̂j(k|k)µj(k) (7.28)

P (k|k) =
r∑

j=1

µj(k){P j(k|k) + [X̂j(k|k) − X̂(k|k)][X̂j(k|k) − X̂(k|k)]′} (7.29)

Note that this combination is only for output purposes. It is not part of the algorithm
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recursions.

7.3.4 Interacting Multiple Models For Extended Kalman Filter

Estimation

Recall the basic model equations for the Extended Kalman Filter Eq.(7.30).

X(k) = Φ(k − 1) ∗ X(k − 1) + v(k − 1)

Z(k) = H(k) ∗ X(k) + w(k)
(7.30)

where Φ is the state transition matrix, X is the state vector (the

(
�P

�V

)
in Eq.(7.12)), v

is the process noise, Z is the measurement vector, and H(k) is the measurement function

based on the Jacobian computation of H(k) = ∂Hk

∂Xk
from Eq.7.14 for the Extended

Kalman Filtering, and w is the measurement noise. The actual state estimation and

prediction equations are given as Eq.(7.31):

X(k|k − 1) = Φ(k − 1) ∗ X(k − 1|k − 1)

X(k|k) = X(k|k − 1) + G(k) ∗ residue(k)

residue(k) = Z(k) − H(k) ∗ X(k|k − 1)

P (k|k − 1) = Φ(k − 1) ∗ P (k − 1|k − 1) ∗ Φ(k − 1)T + Q(k − 1)

S(k) = H(k)P (k|k − 1)H(k)T + R(k)

(7.31)

where residue(k) is the measurement residue, a Gaussian random variable with the zero

mean and covariance S(k), and R(k) is the covariance of the measurement noise w.

The equation for the filter gain, G, and the covariance matrix, P , of the state prediction

are then as Eq.(7.32):

G(k) = P (k|k − 1) ∗ H(k)T ∗ (H(k) ∗ P (k|k − 1) ∗ H(k)T + R(k))−1

P (k|k) = (I − G(k) ∗ H(k)) ∗ P (k|k − 1) (7.32)

where Q(k) is the covariance of the process noise v, H(k) is the measurement matrix
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from Eq.(7.30) and Φ(k) is the state transition matrix from Eq.(7.30).

Here according to the Interacting Multiple Models (IMM) approach, several simple lin-

ear dynamic models Φ introduced in the previous sections are used as the different

state transition matrix (Eq.7.12) for the Extended Kalman Filtering. In the interacting

multiple dynamic models algorithm, the likelihood of each mode-conditioned estimate

Λj(k) as shown in Eq.(7.26) is generated with the Extended Kalman Filter measurement

residue residurej(k) (Eq.(7.31)) as Eq.(7.33).

Λj(k) = N [residuej(k); 0, Sj(k)] (7.33)

Now with the different model’s Extended Kalman Filter state estimate Xj together

with the covariance estimate P j and based on the above recursive IMM procedures, the

interacting multiple linear dynamic models for the Extended Kalman Filter based target

tracking can be achieved.

7.4 The OOSM Problem and Solution for Extended

Kalman Filtering

7.4.1 Introduction

Recently the delayed measurements problem for multi-sensor fusion based tracking sys-

tems has been theoretically studied and solved by Bar-Shalom in [6] [8]. In normal target

tracking systems, different sensors’ measurements are typically collected discretely and

then processed in the fusion algorithm. Each measurement is provided with a “time-

stamp” for the tracking filter estimation. In multi-sensor fusion based tracking systems

operating in a centralized manner [6], measurements from each sensor reach the fusion

center in different time stamps. There are usually different time delays in transmitting

and processing the measurements from various sensors, which results in that the tar-

get’s measurements arrive out of sequence. When the Out-Of-Sequence Measurement

(OOSM) arrives and is associated with the time stamp κ, the system has already been
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processed to the time stamp t > κ. Thus there exits the problem of using the “older”

measurement from the time stamp κ to update the state at the time stamp of t. In

Bar-Shalom’s paper [6], it is also known as the “negative-time measurement update”

problem (because κ − t is negative and in the standard filtering problem it is supposed

to be nonnegative). The OOSM target tracking problems can also be found in some real

multi-sensor systems [214].

Currently some work have been done with the OOSM target tracking problems. Bar-

Shalom [6] first presents the exact state update solutions to this problem. In the work

of [6] one optimal algorithm together with two approximately suboptimal techniques are

compared and discussed to solve the OOSM estimation problem. These methods solve

the OOSM estimation problem where the OOSM lies between the two last measurements,

i.e., its lag is less than a sampling interval-the 1 − step − lag case. The real world

has, however, OOSMs with the arbitrary lag. Subsequently, the suboptimal algorithm

is extended to the case of an arbitrary (multistep) lag, but the resulting algorithm

requires a significant amount of storage. Later in the work of [8] they just show how the

1 − step − lag algorithm can be generalized to handle an arbitrary (multistep) lag (the

problem mentioned in [6]) while preserving their main features of solving the update

problem without iterating. This is accomplished by defining an equivalent measurement

at the current time that represents all the measurements with the time stamps later

than the OOSM. This yields algorithms that carry out in one step that updates the

current state with the l − step − lag OOSM instead of the conventional way of using

an algorithm that requires l steps. Their method leads to a very small (a few percent)

degradation of MSE performance. Also Challa et. al. [22] formulate and solve the OOSM

problem in a Bayesian framework. They establish that the OOSM solution involves the

joint probability density of current and past states. Based on this, AS-KF (Augmented

State Kalman Filter) is proposed as the fundamental solution to this problem in the

linear Gaussian case. Their new augmented state algorithms in [22] handle the process

noise-target state cross correlation implicitly and can be readily extended to handle the

clutters. AS-PDA is also proposed in [22] to deal with the data association issues arising

from the presence of the clutters in the OOSM problem.

Previously Kosaka et. al. [109] propose another kind of system solving the delayed mea-
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surement problems for mobile robot navigations. In their method the position updating

using vision is retroactive in the sense that the robot does not wait for the results of

vision processing to become available. While the computer is engaged in vision calcu-

lations, the robot continues to proceed towards its goal. When the vision results do

become available, the robot then retroactively updates the positional uncertainties. In

fact the scheme proposed in [109] is rather complex. There are also several drawbacks.

First, only when the accumulative measurement errors exceed a certain threshold, the

delayed measurements are considered and the mobile robot then stops to capture im-

ages for replanning the path. It is not a good way to solve the delayed measurement

problem. This system can not continuously correct the target state estimates based on

the measurements, which limits the whole system’s estimation accuracy. Secondly, it

also requires a lot of system memory to store the images. Thirdly, the method pro-

posed in [109] is too simple to deal with the target’s 3D complex movements. Different

from this method, the algorithm proposed in this thesis solves the delayed measurement

problem right in the Extended Kalman Filter, which gives continuous corrections to the

errors and noises. At any given point in time, the estimates of target’s position and

velocity incorporate information from all measurements received, even if received out

of sequence and the system always gives the best estimates based on the data. Also

the OOSM solution from Bar-Shalom is fast in computation. It does not put any more

computational burden on Extended Kalman Filter, which is suitable for the real-time

testing. So in this section the OOSM solution from Bar-Shalom is developed as the

better solution for the sensor fusion based target tracking system.

In this thesis the tachometers sensors and vision sensors have different data capturing

rates. Also since the target’s 3D visual features are obtained from separate image

processing algorithms, the computational time for each measurement is quite different.

Even assuming that all the data are arriving within one time interval, there is also the

measurements’ time discretization problem, which means that the delayed measurements

are associated with different time stamps. In such a situation, the fusion algorithm

receives the measurement information in different time stamps, which leads to the OOSM

problem. In the previous multi-sensor fusion based target tracking systems, the OOSM

problem is often ignored or just simply solved by using some human reasoning methods
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like [109]. However in this thesis in order to make an accurate target dynamic state

estimation, the 1 − step − lag solution from Bar-Shalom [6] is used for the Extended

Kalman Filter to solve this problem.

In this thesis in order to simplify the OOSM problem, the measurement delays from

different sensors are assumed to be within one time interval. In such a way, there is no

multistep OOSM tracking problem (l − step − lag OOSM) but only the 1 − step − lag

OOSM problem [87]. Next the solution from Bar-Shalom [6] is used to estimate the

target state and solve the OOSM problem.

In this thesis the IMM approach and OOSM solution are presented together with Ex-

tended Kalman Filter to improve the target tracking performance. In fact combining

the OOSM solution with the IMM approach is rather complicated. In this thesis the

experimental testings are done off-line, so the OOSM solution can be just assumed to

be independent of the previous IMM approach and they are applied separately to test

the tracking performance. However most recently Bar-Shalom et. al. [7] just present the

algorithm for incorporating the OOSM into an IMM estimator. The work comes out in

January 2005, after the date when the research work in this thesis have already been

done. The IMM-OOSM algorithm in [7] is considered as the future improvement for the

proposed visual target tracking scheme.

In the OOSM solution presented next the dynamic model used in Extended Kalman

Filter is the constant velocity model.

7.4.2 Formulation of the OOSM Problem

Based on the formulations in Bar-Shalom’s [6], the OOSM problem for the Extended

Kalman Filter estimation is explained as follows.

First, in the Extended Kalman Filter the system’s states and measurements are modelled

by

X(k) = F (k, k − 1)X(k − 1) + v(k, k − 1); Z(k) = H(k)X(k) + w(k) (7.34)
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where F (k, k − 1) is the state transition matrix from the time tk−1 to the time tk (the

nearly constant velocity dynamic model in Eq.7.12) and v(k, k − 1) is the process noise

for this interval. x(k) is the target state estimated by the Extended Kalman Filter (the(
�P

�V

)
in Eq.7.12). z(k) represents the sensors’ measurements estimated from Eq.7.14.

The time τ for the OOSM is within one time interval as:

tk−l ≤ τ < tk−l+1 (7.35)

This is called the 1 − step − lag problem, even though the lag l = 1 is really a fraction

of a time step. The noises in Eq.7.34 are assumed as zero mean, white with covariances

E[v(k, j)v(k, j)′] = Q(k, j), E[w(k)w(k)′] = R(k) (7.36)

and mutually uncorrelated.

Next, the state equation corresponding to the OOSM time τ is

X(k) = F (k, κ)X(κ) + v(k, κ) (7.37)

Here κ is the discrete time notation for τ . The above equation can be rewritten backward

as

X(κ) = F (κ, k)[X(k) − v(k, κ)] (7.38)

where F (κ, k) = F (k, κ)−1 is the backward transition matrix.

Then, the OOSM problem is explained as follows. Without the OOSM, the system is

updated to t = tk by the Extended Kalman Filter as (assuming Gaussian noises)

X̂(k|k) = E(X(k)|Zk), P (k|k) = cov(X(k)|Zk) (7.39)

where the cumulative set of measurements at tk is

Zk = {z(i)}k
i=1 (7.40)
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When the earlier measurement from the discrete time κ,

z(κ) ≈ z(τ) = H(κ)X(κ) + w(κ) (7.41)

arrives after Eq.7.39 has been calculated. The state estimate has to be updated with

the earlier measurement from Eq.7.41, namely, to calculate

X̂(k|κ) = E[X(k)|Zκ], P (k|κ) = cov[X(k)|Zκ] (7.42)

where

Zκ = {Zk, z(κ)} (7.43)

7.4.3 Summary of The OOSM Solution Algorithm

As explained earlier the time interval between two estimation states is set to make all the

measurements arrive only within one time interval, which transfers the OOSM problem

from a multiple-lag OOSM to a simple 1 − step − lag OOSM [6]. In such a way the

estimation can be greatly simplified and the estimation accuracy can also be sustained.

The 1−step− lag solution used in this Chapter is proposed by Bar-Shalom in [6], which

consists of following steps: 1. The state from the latest time k is retrodicted to the earlier

time κ, accounting in full for the process noise v(k, κ), the last term in Eq.7.38, which

has a non-zero conditional mean given Zk. 2. Evaluate the corresponding covariance.

3. Calculate the filter gain for updating the state X(k) with the earlier measurement

z(κ). 4. Update the state estimate X̂(k|k) to X̂(k|κ) and calculate the corresponding

covariance.

First, the state from k is retrodicted to κ as

X̂(κ|k) = F (κ, k)[X̂(k|k) − Q(k, κ)H(k)′S(k)−1v(k)] (7.44)

Next, the covariances for the OOSM estimation are calculated sequentially as follows:
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• The state retrodiction’s covariances

Pvv(k, κ|k) = Q(k, κ) − Q(k, κ)H(k)′S(k)−1H(k)Q(k, κ) (7.45)

Pxv(k, κ|k) = Q(k, κ) − P (k|k − 1) × H(k)′S(k)−1H(k)Q(k, κ) (7.46)

P (k|k) = P (k|k − 1) − P (k|k − 1)H(k)′S(k)−1 × H(k)P (k|k − 1) (7.47)

Here Pvv = cov{v(k, κ)|Zk} and Pxv = cov{X(k), v(k, κ)|Zk}.

• The state retrodiction’s covariance

P (κ|k) = F (κ, k)[P (k|k) + Pvv(k, κ|k)−Pxv(k, κ|k)−Pxv(k, κ|k)′]F (κ, k)′ (7.48)

• The retrodicted measurement’s covariance

S(κ) = H(κ)P (κ|k)H(κ)′ + R(κ) (7.49)

• The covariance between the state at k and the OOSM measurement at κ

Pxz(k, κ|k) = [P (k|k) − Pxv(k, κ|k)F (κ, k)′H(κ)′] (7.50)

Then, the gain used for the update is

W (k, κ) = Pxz(k, κ|k)S(κ)−1 (7.51)

Finally, the system is update with the OOSM z(κ) of the most recent state estimate

x̂(k|k) as

X̂(k|κ) = X̂(k|k) + W (k, κ)[z(κ) − H(κ)X̂(κ|k)] (7.52)

The covariance of the updated state estimate is

P (k|κ) = P (k|k) − Pxz(k, κ|K)S(κ)−1Pxz(k, κ|k)′ (7.53)

Now with the above procedures, the 1 − step − lag OOSM estimation solution can be
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achieved for the fusion based Extended Kalman Filtering.

7.5 Summary

In this Chapter, the novel sensor data fusion algorithm is proposed to estimate the

target’s 3D dynamics in the world coordinate. Then an Extended Kalman Filter based

tracking scheme is described in details. Next the IMM and 1−step− lag OOSM solution

algorithms are applied and developed to be integrated with the Extended Kalman Filter

to improve the target tracking performance.

The target’s final 3D world coordinate dynamics tracking performance is demonstrated

and evaluated through experiments under different situations in the next Chapter. The

discussion commenting the tracking achievements is also presented in the next Chapter.
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Chapter 8

Target Tracking Experimental

Results

In order to evaluate the performance and tune the parameters of the proposed system,

the proposed visual target tracking scheme is tested under different situations. Extensive

experimental results are presented in this Chapter.

In this experiment, a moving platform is designed with several sensors (Tachometers

sensors, Attitude Heading Reference System (AHRS) and a CCD stereo cameras pair)

as shown in Fig.8.1 to simulate an autonomous vehicle. Tachometers sensors measure the

speeds of the rear wheels of the platform. AHRS measures the acceleration and velocity

heading angle between the two motion directions of the platform. The heading angle

and acceleration data can be used as the noise information or acceleration measurement

for the tracking filter. Two color CCD cameras (the focus length f = 5.4mm) are

connected with the Hitachi IP5005 image processing cards for video images capturing

and processing. The captured image size is 256 × 220 pixels. The capturing rate is 15

frames/s. All the sensors are connected with the embedded CPU (low CPU), and then

through TCP/IP the low CPU is connected with the industry PC (high CPU) for the

data capturing and processing.

The processing of the video images takes a lot of computational time. The images are

captured at a 15Hz rate, but the optical flow vectors estimation and stereo disparity
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8.1.1: 8.1.2:

Figure 8.1: The moving platform with different sensors. In this experiment the moving
platform is designed based on a man-push trolley. On this trolley, two PCs (industry
PC and embedded PC) and three sensors (AHRS, tachometers and CCD Cameras) are
mounted together to do sensors data capturing and processing for the target tracking
system.

calculation can not be done at the same time at such a high rate using the current

computer hardware. Also in order to simplify the OOSM problem into a 1 − step − lag

problem, the time interval between two consecutive states is assumed to be large enough

to make all the measurements arrive within one time interval. All these make the target

tracking system difficult to work in real-time, so the following experiments are done

off-line. However with the rapid development of the hardware especially the image

processing cards (FPGA) available, in the future it is quite reasonable to make this

tracking system perform well in real-time.

First the noise identification procedures for the tracking system are described.

8.1 Noise Identification for the Tracking System

The noise identification for a tracking system can be divided into three major categories

[9]:
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1. Noise Identification for the Continuous State Space Model.

2. Noise Identification for the Discrete State Space Model.

3. Noise Identification for the Direct Discrete Time System.

In this thesis data are obtained in discrete time from different sensors. The tracking

model in this thesis is considered as the discrete state space model. So the noise identi-

fication procedures for the discrete state space model are described here. The following

procedures are taken from [9].

8.1.1 Noise Identification for the Discrete State Space Model

Since, in general, the state observations are done in discrete time, the corresponding

discrete-time state equations are needed. The (dynamic) model for the discrete time

linear stochastic systems can be written with the simplified index-only time notation as

X(k + 1) = Φ(k)X(k) + G(k)u(k) + v(k) (8.1)

where the input is assumed known along with the matrices Φ(k) and G(k) and the

process noise v(k) is a zero-mean, white random sequence with the covariance matrix

Q(k). Any (known) nonzero mean of the process noise v can be incorporated into the

input.

The discrete time measurement equation is, with a similar notation

Z(k) = C(k)X(k) + ω(k) (8.2)

where C(k) is the measurement matrix, ω(k) is the measurement noise-a random se-

quence with moments:

E[ω(k)] = 0

E[ω(k)ω(j)′] = R(k)δkj (8.3)
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The process and measurement noise sequences are (usually) assumed uncorrelated, that

is

E[v(k)ω(j)′] = 0 ∀k, j (8.4)

The discrete time state equation with the sampling period T is

X(k + 1) = ΦX(k) + v(k) (8.5)

The covariance of the discrete time process noise is v(k) and assuming q̃ to be constant.

For the second order models, such as the white noise acceleration state model (the nearly

constant velocity model), there is:

Q = E[v(k)v(k)′]

=

∫ T

0

[
T − τ

1

]
[T − τ, 1]q̃dτ

=

[
1
3
T 3 1

2
T 2

1
2
T 2 T

]
q̃ (8.6)

The changes in the velocity over a sampling period T are of the order of

√
Q22 =

√
q̃T (8.7)

This equation can serve as a guideline for the process noise intensity choice, the choice

of the power spectral density q̃ of the process noise in this model. A nearly constant

velocity model is obtained by the choice of a “small” intensity q̃ in the following sense:

the changes in the velocity have to be small compared to the actual velocity.

If the dynamic model of the system is the third order model (such as the Wiener process

acceleration state model (the nearly constant acceleration model),

Φ =

[ 1 T 1
2
T 2

0 1 T

0 0 1

]
(8.8)
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and the covariance matrix of v(k) in this situation is then given by:

Q = E[v(k)v(k)′]

=

[ 1
20

T 5 1
8
T 4 1

6
T 3

1
8
T 4 1

3
T 3 1

2
T 2

1
6
T 3 1

2
T 2 T

]
q̃ (8.9)

The changes in the acceleration over a sampling period T are of the order of

√
Q33 =

√
q̃T (8.10)

This can also serve as a guideline in the process noise intensity choice-the choice of the

power spectral density q̃ of the continuous time process noise ṽ for “tuning” this model

to the actual motion of the object of interest. A nearly constant acceleration model is

obtained by choosing a “small” intensity q̃ in the following sense: the changes in the

acceleration should be small relative to the actual acceleration levels.

8.1.2 Measurement Noise

The basic idea to identify the measurement noises is to do some sensor testing before the

experiments. From the testing, the error orders can be defined. In the experiments, the

measurements noise can be assumed to be the normal zero-mean Gaussian white noise.

The noise order can be decided with the previous experimental data trial and error.

8.1.3 Noise Initialization of the State Estimator

A state estimation filter is called consistent if its estimation errors are “commensu-

rate” or “compatible” with the filter-calculated covariances. At initialization, it is just

as important that the covariance associated with the initial estimate reflects the real

accuracy.

According to the Bayesian model, the true initial state is a random variable, assumed to
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be normally distributed with a known mean-the initial estimate-and a given covariance

matrix

X(0) ∼ N [X̂(0|0), P (0|0)] (8.11)

The norm (“chi-square”) test for the initial estimation error is

X̃(0|0)′P (0|0)−1X̃(0|0) ≤ c1 (8.12)

where c1 is the upper limit of the, say, 95% confidence region from the chi-square distri-

bution with the corresponding number of degrees of freedom.

Sometimes one has to choose the initial covariance. The “choice” has to be such that

Eq.(8.12) is satisfied. A large error in the initial estimate, if the latter is deemed highly

accurate, will persist a long time because it leads to a low filter gain and thus the new

information from the measurements receives weighting that is too low.

For the one-dimensional case Eq.(8.12) can be stated as follows: The initial error should

be not more than two times the associated standard deviation, which is called a “2σ”

error. If the initial variance is such that the initial error is “1σ” and the subsequence

measurements are accurate, then the initial error will decrease rapidly [9].

8.1.4 Root-Mean-Square Error

The model estimation performance can be evaluated by the Root-Mean-Square Error

(RMSE).

RMSEm =

√√√√ 1

N

N∑
i=0

[F̂m(zi) − Fm(zi)]2 (8.13)

where the subscript m indicates the m − th profile. When a group of profiles are con-

sidered, the mean value can be computed,

RMSE =
1

M

M∑
m=1

RMSEm (8.14)
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where M is the total number of profiles. If the model is perfect, (F̂m(zi) − Fm(zi)),

RMSEm should be zero. Usually, the model is not perfect. The smaller the RMSE is,

the better the performance of the model is.

Now after all the noises are identified, the tracking system is tested in both the indoor

structured and outdoor unstructured situations.

8.2 Experimental Results in the Structured Envi-

ronment

8.2.1: 8.2.2: 8.2.3: 8.2.4: 8.2.5:

Figure 8.2: The image sequence of a moving target with the moving background in a
structured indoor environment. A blue color object is moving from left to right in the
image sequence. It can be seen that the background is changing frame by frame.

As shown in Fig.(8.2) the platform carrying the cameras is moving towards the moving

target, and as a result the size of the object appearing in the scene increases from left

to right. As explained earlier, the tracking system, proposed in this thesis, can handle

the changes in the visual depth as well as the varying background conditions.

This image sequence in the indoor structured environment is processed with the image

processing steps of visual features extractions (optical flow vectors and 3D disparities

estimation), image segmentation and clustering and template matching. The step by

step results can be seen from the previous chapters’ experimental results sections (optical

flow estimation results from Chapter 4, image segmentation and clustering results from

Chapter 5 and template matching results from Chapter 6).

In these experiments the stereo images are captured as the vision sensor data. The

image processing is done only with one of the stereo images sequences and the 2D
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visual features are estimated in one image sequence. The stereo images are only used

to estimate the disparity depth. In such a way, the double image processing is avoided,

which can reduce the total image processing cost.

At the same time the target’s 3D depth is estimated from the stereo images based on

the image disparities. Here the disparity is estimated only for the previously extracted

Left Camera

Right Camera
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8.3.2:

Figure 8.3: The stereo images and distance estimation results. One pair of stereo images
are shown in Fig.(8.3). Fig.(8.3.2) shows the estimated visual depth vs. the frame
number. In Fig.(8.3.2) the x axis is the image frame number. The y axis is the estimated
distance (cm) between the cameras and the object.

region of interest (ROI). In such a way the whole image matching is avoided and the

system computational time can be reduced. It can be seen from Fig.8.3.2 that the

distance between the target and cameras are decreasing as the platform moves towards

the target. The estimated depth results are compared with the measured distances

(ground true data). The estimation results are satisfactory.

In the indoor laboratory experiments, a controlled environment is built for testing. The

cameras platform’s movement is measured and marked on the ground, so the ground

true data like the depth and the following moving platform’s trajectory can be obtained.

While capturing the images, the two tachometer sensors measure the motion parame-
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ters of the moving platform. Fig.(8.4.1) shows the moving platform’s velocity in the 2D
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8.4.2:

Figure 8.4: The motion sensors data and cameras’ platform movement trajectory in
the 2D plain. Fig.(8.4.1) shows the estimated two wheels velocities. Here the x axis is
the frame number. The y axis is the velocity (cm/s). From the estimated velocity of
the moving platform, the platform’s movement trajectory can be plotted as shown in
Fig.(8.4.2). The x and y axes are the 2D positions in the plain (cm).

(X,Z) plain (Fig.(7.1.1)). The platform’s velocity is estimated using the two tachome-

ters sensors’ readings based on the vehicle’s kinematic model. Fig.(8.4.2) presents the

estimated trajectory of the moving platform compared with the ground truth trajectory

in the 2D plain, which also agrees that the cameras are moving towards the target. The

difference between the estimated trajectory and the ground truth data is not large (only

centimeters). This reflects that the tachometers sensors can give the satisfactory moving

platform’s velocity estimation results for the indoor experimental testing.

Now the cameras’ velocity is fused with the optical flow vectors and visual disparity

values for the target’s 3D position and velocity estimation in the world coordinate. The

velocity of the target in the world coordinate frame is estimated based on Eq.(7.9). After

the target’s 3D world velocity and position is estimated, the Extended Kalman Filter is

carried out for target tracking.

The vector (�P , �V )T in Eq.7.12 is rewritten as (px, vx, py, vy, pz, vz)
T to make the tracking
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estimation more easy to be implemented, where (px, py, pz) represents the target’s 3D

position and (vx, vy, vz) represents the target’s 3D velocity. Then the state estimation

noise v(k, k−1) in Eq.7.12 can be considered as zero mean, white with covariance, which

is obtained based on the previous noise identification procedures from [9]. The noise in

each coordinate axis is assumed independent, then it has:

Q = E[v(k, k − 1)v(k, k − 1)′] =

[ Q1 0 0

0 Q1 0

0 0 Q1

]
, Q1 =

[ �t3/3 �t2/2

�t2/2 �t

]
q̃ (8.15)

where �t is the sampling interval. Q1 is the process noise covariance matrix component

for each direction of the target’s 3D movements. The choice of the power spectral density

q̃ of the process noise is selected based on the previous experimental testings. Here the

process noise variance matrix for the EKF is taken as Q1 =
( 1e − 3 0

0 1e − 3

)
.

The measurement noise w(k) in Eq.7.14 is independent of v, and zero mean, white with

covariance

E[w(k)w(k)T ] = R (8.16)

where R is the measurement noise covariance, which is a 7 × 7 matrix. R is selected

based on the different sensors’ characteristics and also the optical flow vectors estimation,

stereo disparity calculation and all the other image processing’s accuracies. In this thesis,

the disparity and displacement fields are computed for each time step and superimposed

with the additive Gaussian white noise with a variance 1/12.

The estimation starts with the initial covariance P (1|1) (a 6× 6 matrix) of the state at

k = 1 (based on the 2-point differentiation)

P (1|1) =

[ P11 0 0

0 P11 0

0 0 P11

]
, P11 =

[
r r/ � t

r/ � t 2r/ � t2

]
(8.17)

and proceeds to k = 2. P11 is the covariance matrix component for each direction of the

target’s 3D movements. r can be normally set based on the measurement noise w(k)
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and its covariance R.

Here in order to show the performance of the target’s 3D tracking in a reasonably easy

and clear way, a white rectangle is plotted to represent the target’s tracked region in

the 2D images. This rectangle is obtained by projecting the 3D position of the target

in the world coordinate frame onto the 2D image using a pinhole camera projection

model (Eq.7.13). If the target’s 2D position can be precisely localized through the

image sequence, then the target’s 3D world coordinate dynamics is accurately tracked.

8.5.1: 8.5.2: 8.5.3: 8.5.4: 8.5.5:

Figure 8.5: The target’s 3D tracking results without template updating in the structured
indoor environment. The target tracking results are not good in these figures.

Fig.(8.5) shows the tracking result without template updating. The sizes of the target’s

region in different images are the same. From these images, the tracking results can not

reflect the exact shape of the object.

8.6.1: 8.6.2: 8.6.3: 8.6.4: 8.6.5:

Figure 8.6: The target tracking results with template updating in the structured indoor
environment. The target’s 3D position is projected into the 2D images to show the
performance. The IMM method is implemented with the Extended Kalman Filter to
improve the tracking performance. The size of the template is changing due to the
distance changes. The rectangle can accurately fit the target region which shows the
tracking system performs well.

Fig.(8.6) shows the 3D target tracking results with the updating template. The target

tracking is done based on the Extended Kalman Filtering with the IMM estimation.
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Figure 8.7: The target position tracking results in the 2D images. The target’s 3D
position is projected into the 2D images to show the performance. In Fig.8.7 the mea-
surement target 2D position and the estimated target 2D position along the trail are
compared.

Fig.(8.7) shows the projected horizontal position of the target in the image along the

x-axis of the plot and the estimated height of the target in the image along the y-axis.

As the cameras are moving closer to the target, the target appears bigger and bigger

in the images from left to right. The “o − ” lines are the target’s marked positions

along the trail (ground true data). In the indoor laboratory experiments the target’s

movements along the trail are marked and in such a way the ground truth measurements

are obtained. The “ + −” lines are the target’s estimated positions from the proposed

algorithm. The differences between them are not large (only several centimeters). When

the estimated 3D positions are projected into the 2D images as shown in Fig.8.6.1, the

target is precisely localized and the differences can be just neglected. It is clear from

the figures that the proposed scheme tracks the 3D position of the target accurately in

the world coordinate.

In this thesis for the IMM based Extended Kalman Filtering, the Markov chain transition

matrixes between different linear dynamic models (Eq.(7.22)) are taken from [9]. The

matrix for the second order models (Drifting Points Model, Constant Velocity Model
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and Periodic Motion Model) is:

[pij] =

[
0.95 0.05

0.05 0.95

]
(8.18)

The final results are not very sensitive to these values (e.g., p11 can be set between 0.8

and 0.98). For the three order model (Constant Acceleration Model) the Markov chain

transition matrix can be

[pij] =

[ 0.95 0.05 0

0.33 0.34 0.33

0 0.05 0.95

]
(8.19)

As explain early in the previous Chapter, the combination of IMM and OOSM is not

considered in this thesis, so the IMM and OOSM solution algorithms are tested sepa-

rately. Thus in the following estimation figures, the position and velocity estimates from

the IMM and OOSM algorithms are in different ranges and they are not corresponding

to the same time states, because they are obtained from different set of experiments.

The results of the target’s first 20 states are shown to demonstrate the estimation per-

formance with the IMM algorithm. From Fig.8.8 the target has quite different dynamic

motion properties. In the target velocity estimation figure (Fig.8.8.2), the target’s ve-

locity is hardly following any simple linear dynamic model. The velocity is changing

continuously. In these figures the estimates from the four simple linear dynamic models

and IMM are compared together with the measurements (ground truth data). It is clear

that the IMM estimates are the best among all the dynamic models. Some models like

the periodic model even diverge very fast. The RMS errors are based on the multiple

repetitions of experiments. The RMS error is a better way to demonstrate the tracking

performance and show better comparison results. Compared with other models the RMS

errors from the IMM estimation are also relatively smaller with the smallest peak error.

Fig.8.10 shows the estimation results when the target moves with a direction turn. In

such a situation, other linear dynamic models poorly track the target since the velocity

changes too much. There are large estimation lag errors at the motion direction turn

point. The periodic model even diverges very fast. However the IMM algorithm still
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8.8.2:

Figure 8.8: Target’s position and velocity estimation results from different models. The
estimates along the x dimension of the target’s 3D world coordinate position and velocity
are shown here. The estimation results with the IMM algorithm are relatively more
accurate than those from other models. In this figures the target position measurements
are the ground truth values.
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8.9.2:

Figure 8.9: Multiple repetitions of the experiments are performed and the RMS errors
are compared. The estimates along the x dimension of the target’s 3D world coordinate
position and velocity are shown here. Here the RMS errors from the estimation results
with the IMM algorithm are relatively smaller.

gives quite accurate position estimates. Without the maneuver detection decision, the

IMM algorithm is able to accurately track the target motion with the direction turn.
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8.10.2:

Figure 8.10: Target dynamic information estimation results from different models when
the target is moving with a direction turn. The estimates along the x dimension of the
target’s 3D world coordinate position and velocity are shown here. In such a situation,
the estimation results with the IMM algorithm are still quite accurate. In these figures
the target position measurements are the ground truth values.
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8.11.2:

Figure 8.11: Multiple repetitions of the experiments are performed and the RMS errors
are compared. The estimates along the x dimension of the target’s 3D world coordinate
position and velocity are shown here. Here the RMS errors from the estimation results
with the IMM algorithm are relatively smaller.

In the proposed tracking system the tachometers sensors and vision sensors have differ-

ent data capturing rates. Also since the target 3D visual features need to be obtained
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from different image processing algorithms, the computational time for each method is

different and usually quite long. In such a way, the fusion algorithm receives different

measurements information in quite different time stamps. In this thesis all the data can

be synchronized for the previous IMM approach estimation. In such a way the OOSM

problem can just be ignored. However in the real world situation due to different process-

ing time for different features, it is not suitable to have this assumption. Even assuming

that all the data are arriving within one time interval, there is also the measurement’s

time discretization problem, which means that the delayed measurements for the time

k may be associated with the time k − 1. In order to make the accurate target state

estimation, the OOSM problem must be solved. Here with the 1 − step − lag OOSM

estimation algorithm from Bar-Shalom [6], the target state estimation results can be

compared from the following figures.

The results of the target’s first 15 states are shown to demonstrate the estimation per-

formance with and without the OOSM solution. From Fig.8.12 it is clear that with the

1−step− lag OOSM solution, the target’s velocity and position estimation performance

is improved. The target’s position estimation with the 1 − step − lag OOSM solution

is closer to the target’s measurement position, while the estimation without OOSM is

less accurate. The RMS errors comparison of the estimation results with and without

OOSM can be seen in Fig.8.13. In Fig.8.13 more target states are selected to analy-

sis the estimation performance with and without the OOSM solution and the first 15

ones correspond to the states in Fig.8.12. From the figures the RMS errors from the

estimation with the OOSM solution are smaller than those without the OOSM solution.

From the figures (Fig.8.12 and Fig.8.14) sometimes there are the OOSM and sometimes

there are not. If the delayed measurements at the time k arrive, the measurements

which should be associated with the time k may be associated with the time k − 1

due to delayed measurements’ time association problem. In such a way there are the

1−step− lag Out-Of-Sequence Measurements inputs to the Extended Kalman Filter for

the time k. When the delayed measurements for the time k arrive with the time stamp

k − 1, after the state of the target has been already updated to the time k, one faces

the problem of updating the current state at the time k with the “older” measurement

from the time k − 1. The delayed measurements’ time association problem is due to

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



8.2 Experimental Results in the Structured Environment 190

0 5 10 15
0

50

100

150

200

250

300

350
Target Position Estimation Results

Target State

P
os

iti
on

 (c
m

)

Target Position Measurements
Position Estimation Results without OOSM Solution
Position Estimation Results with OOSM Solution

8.12.1:

0 5 10 15
−100

−80

−60

−40

−20

0

20

40

60

80

100
Target Velocity Estimation Results

Target State

V
el

oc
ity

 (c
m

/s
)

Target Velocity Measurements
Velocity Estimation Results without OOSM Solution
Velocity Estimation Results with OOSM Solution

8.12.2:

Figure 8.12: Target dynamic information estimation results with and without the OOSM
solution. One dimensional data along the x axis of the target’s 3D world coordinate
position and velocity are shown here. The estimation results with the OOSM solution
are relatively more accurate than those without the OOSM solution. In this figures the
target position measurements are the ground truth values.
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8.13.2:

Figure 8.13: Multiple repetitions of the experiments are performed and the RMS errors
are compared. One dimensional data along the x axis of the target’s 3D world coordinate
position and velocity are shown here. Here the RMS errors from the estimation results
with the OOSM solution are relatively smaller.

their discretized process, which is in detail explained next.
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8.14.2:

Figure 8.14: Target dynamic information estimation results with and without the OOSM
solution when the target is moving with a direction turn. One dimensional data along
the x axis of the target’s 3D position and velocity are shown here. In such a situation,
the estimation results with the OOSM solution are still quite accurate. In these figures
the target position measurements are the ground truth values.
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8.15.2:

Figure 8.15: Multiple repetitions of the experiments are performed and the RMS errors
are compared. One dimensional data along the x axis of the target’s 3D position and
velocity are shown here. Here the RMS errors from the estimation results with the
OOSM solution are relatively smaller.

In general, the delayed measurement’s time κ doesn’t need to correspond exactly to the

times tk−1, tk−2,...,tk−d., and κ might fall within the interval around tk−i, i ∈ [1, d]. If κ
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falls inside the interval [tk−∆
2
, tk+ ∆

2
) centered at tk, it is approximated that κ = tk. ∆ =

tk − tk−1. Sometimes the delayed measurement for the time k falls into the current time

interval range of tk, which is then the correct measurement and not considered as OOSM.

However sometimes the delayed measurement for the time k falls into the previous time

interval range of tk−1, in this case the delayed measurement from the time k − 1 needs

to be processed, which requires the 1 − step − lag OOSM solution. From the figures

the target’s dynamic estimates without the OOSM solution are relatively inaccurate and

there are larger errors. In this thesis with the 1−step−lag OOSM solution, the estimates

from Extended Kalman Filter are closer to the real measurements, which reflects that

the OOSM solution makes uses of the Out-Of-the-Sequence Measurements information

and improves the estimation accuracy.

8.3 Experimental Results in the Outdoor Unstruc-

tured Environment

In this section, extensive experimental results in the outdoor unstructured environment

are shown to analyze the tracking system performances under different situations. Here

only the final tracking results are shown, while the step by step image processing and

sensor fusion results are omitted.

In the outdoor experiments, the target’s position and velocity are estimated in the 3D

world coordinate. In order to show the tracking results, the same method used in the

indoor situation is applied here. The target’s 3D position in the world coordinate is

projected into the 2D image through the pinhole camera projection model.

The target tracking system can be used to track any object moving in front of the

vehicle. In all the following outdoor experiments the moving objects are people, because

tracking moving people is easier for the implementation of the experiments. Also the

people’s shape is irregular, and it makes the tracking more difficult than the tracking

of regular shape objects like cars. The moving people can also be considered as the

textured objects which have only the uniform motion properties but quite different color

features within their bodies. So if the moving people can be accurately tracked, then
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the tracking system is robust to track any other normal moving object.

Since the outdoor environments are very cluttered and complex and the visual features

between two consecutive images change greatly, the following experiments are done off-

line.

In this experiment, a scene with two people crossing each other is used to analyze

the system performance in the occluded target tracking situation. The 3D tracking is

8.16.1: 8.16.2: 8.16.3:

8.16.4: 8.16.5: 8.16.6:

Figure 8.16: Two persons occluded each other and the segmented optical flow vectors
fields for this image sequence.

performed and the regions closer to the camera have larger image segments. Here the

template size is scaled according to the changes of the visual depth.

However, if the dynamic model of the tracked object is not considered, there is a chance

that the algorithm tracks the wrong objects as presented in Fig.(8.17). From Fig.(8.17),

first the person on the right is tracked. Then when these two people meet and occlude

each other, the tracker is lost. The person moving from left to right is tracked. This

may happen if the algorithm uses only the motion fields for the target identification,

because at the occlusion point both persons have similar motion regions in the image

sequence (Fig.(8.16.5))

In this thesis, the above problem is solved by using a suitable dynamic model for target
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8.17.1: 8.17.2: 8.17.3: 8.17.4: 8.17.5:

Figure 8.17: The tracked target is missed when the two persons cross each other.

tracking, which can estimate and predict the expected direction of the movement of the

target. As explained earlier the IMM based multiple linear dynamic models algorithm

is used to predict the new possible position of the target in the image sequence. The

predicted position of the target with its current position is used to identify the direction

of movement (Fig.(8.18)). With the predicted direction the above mentioned problem

is avoided as shown in Fig.(8.19).

Figure 8.18: Tracking with a dynamic model direction prediction to solve the occlusion
problem.

However there are also several limitations in this occlusion solution by using the motion

direction prediction. After the two persons meet and occlude each other, both of them

turn their directions and move back to their original places. Or if the two persons are

moving with the same motion directions, then one person is moving a little fast and

passing the other one. In such situations the motion direction predications may fail to

indicate the right direction for the tracked person. From the previous part, the IMM

approach can accurately track the person when he is moving with a direction turn, which
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8.19.1: 8.19.2: 8.19.3: 8.19.4: 8.19.5:

Figure 8.19: Tracking performance with the modification for the occlusion situation.

8.20.1: 8.20.2: 8.20.3: 8.20.4: 8.20.5:

8.20.6: 8.20.7: 8.20.8: 8.20.9: 8.20.10:

Figure 8.20: Two persons are moving with a moving camera in a cluttered environment.
Here when these two persons are moving across each other, the tracker is still good. The
person from left to right is tracked through the whole image sequence. There is no missed
tracking problem at the occlusion region. The tracking system can accurately track
the person when there are several similar motion regions in the image. The occlusion
problem is solved using the target’s estimated motion direction in the image sequence.

is only due to the reason of using the correct measurements for this person after the

direction turn point. If the target tracking is not correct right after the motion direction

turn, the system will then track the wrong person continually using the measurements

from the wrong target. In these cases the occlusion problem may be solved alternatively

using the robust template matching and updating developed in this thesis.

Next several image sequences are used to test the tracking system performance under

different situations: the person is moving close to the cameras (Fig.(8.22) and Fig.(8.23));
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the cameras are rotating from left to right (Fig.(8.21)); the tracked object is moving with

the self rotational motion (Fig.(8.22)); the person and the background’s visual features

are changing (different lighting conditions) (Fig.(8.23)); two persons are moving together

and occluding each other (Fig.(8.24)) and three persons are moving in the cluttered

outdoor environment (Fig.(8.25)).

8.21.1: 8.21.2: 8.21.3: 8.21.4:

8.21.5: 8.21.6: 8.21.7: 8.21.8:

Figure 8.21: The target 3D tracking results when a person is moving in the cluttered
environment. Here the camera is rotating from left to right. This is considered as the
cameras’ both rotational and translational motions situation. The person is correctly
tracked with the proposed system.

From this image sequence (Fig.(8.24)), the two persons are moving with the same motion

directions. The previous motion direction predication method can not solve the occlusion

problem here. The occluded target tracking problem is solved using the robust template

matching and updating algorithm developed in Chapter 6.

Several image sequences (Fig.(8.26) and Fig.(8.27)) are shown next to demonstrate the

experimental performance of the tracker automatically initialization, termination and

multiple persons tracking.

The proposed target tracking scheme is based on the image motion vectors. Here if

a new person is entering the image scene, the tracker can be automatically initialized

for this person. When the person is leaving the image scene, the tracker can also be
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8.22.1: 8.22.2: 8.22.3: 8.22.4:

8.22.5: 8.22.6: 8.22.7: 8.22.8:

Figure 8.22: The target 3D tracking results when a person is moving in the outdoor
unstructured and cluttered environment. The person is self-rotationally moving and the
cameras are also moving. The person’s visual features are changing through the image
sequence. Here the person is correctly tracked with its visual features’ changes.

automatically terminated. The tracking results are good as seen in Fig.(8.26).

In Fig.(8.26) and Fig.(8.27), the tracking system is tested under the situations when

several different persons enter and leave the image scene. In such a situation, the tracking

system can track different people at the same time in the same environment. If several

persons are moving in the environment and a new person is entering the image scene,

the target tracking strategy is set so that the pervious tracked person’s appearance is

memorized as the image template, and then a new tracker different from the previous

tracked one is initialized for the newly entered motion region in the images. From the

experimental results the system can accurately initialize or terminate a tracker for each

person. This reflects that the tracking system tracks different objects at the same time

independent of their visual features. In Fig.(8.27) several people have the same color

properties. Here the tracked person’s 3D velocity and position in the world coordinate

are estimated by Extended Kalman Filter. With the estimated person’s position and

velocity, the tracking can be accurately done and there are no wrong tracking with other

persons.
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8.23.1: 8.23.2: 8.23.3: 8.23.4: 8.23.5:

8.23.6: 8.23.7: 8.23.8: 8.23.9: 8.23.10:

Figure 8.23: The target 3D tracking results when the person is moving in the clut-
tered outdoor environment. The person is moving from the dark side to the bright side.
In such a situation the visual features of the person are changing. The person looks
much brighter frame by frame. If the tracking is done without the motion based algo-
rithm developed in this thesis, the tracking results are not good and the tracker is lost
(Fig.(8.23.4) and Fig.(8.23.5)). Here the performance is improved with the proposed
motion based tracking algorithm as shown in Fig.(8.23.6), Fig.(8.23.7), Fig.(8.23.8),
Fig.(8.23.9) and Fig.(8.23.10). The person is accurately tracking with its various visual
features.

In the outdoor unstructured environment the human is tracked by autonomous vehicles.

Compared with the 2D position estimation result of Fig.(8.7) in the indoor structured

environment, Fig.(8.28) shows the person’s 3D position estimation results in the world

coordinate. Fig.(8.29) shows the person’s 3D position estimation results in the world

coordinate, when the person is moving with a direction turn. From these figures the

person’s 3D movement in the world coordinate can still be accurately obtained for

autonomous vehicle navigation.

8.4 Experimental Results Discussion

Fig.(8.19), Fig.(8.20), Fig.(8.21), Fig.(8.22), Fig.(8.23), Fig.(8.24), Fig.(8.25), Fig.(8.26)

and Fig.(8.27) show the proposed target tracking scheme’s performance in different out-

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



8.4 Experimental Results Discussion 201

8.24.1: 8.24.2: 8.24.3: 8.24.4: 8.24.5:

8.24.6: 8.24.7: 8.24.8: 8.24.9: 8.24.10:

8.24.11: 8.24.12: 8.24.13: 8.24.14:

Figure 8.24: Two persons are moving with the moving cameras in a cluttered environ-
ment. Here when the first person is fully occluded by the second person, the tracker
is lost. With the proposed Bayesian fusion based template matching and updating al-
gorithm in Chapter 6, when the occlusion is finished, the tracking template is updated
together with the first template and the right person is still being tracked. In such a
situation the tracking algorithm still can give good performance.

door unstructured situations with both the moving cameras and moving objects. Here

first, the moving object can be seen as the textured object in an outdoor unstructured

and cluttered environment. Also sometimes the visual features of the objects of in-

terest are changing frame by frame. The object identification is accurately done with

the fusion based image segmentation and clustering and the robust template matching

algorithms. Secondly, as the cameras and objects are moving towards each other, the

cameras not only have the pure translational motion but also have the rather complex

3D motions. In this case the target 3D velocity and position in the world coordinates

are estimated with the cameras’ rotational and z-translational motion, which is based
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8.25.1: 8.25.2: 8.25.3: 8.25.4:

8.25.5: 8.25.6: 8.25.7:

Figure 8.25: The target’s 3D tracking results when three persons are moving in the
cluttered outdoor environment. One person is correctly tracked. However when the
tracked person leaves the image scene, the tracker is lost. Since the proposed method
is based on the motion features tracking, then the algorithm tracks the person with the
most similar motion instead. (Fig.(8.25.6) and Fig.(8.25.7))

8.26.1: 8.26.2: 8.26.3: 8.26.4: 8.26.5:

8.26.6: 8.26.7: 8.26.8: 8.26.9: 8.26.10:

Figure 8.26: The target tracking results when several different people enter the image
scene. The cameras are also moving in an indoor environment. Here the tracker is
initialized when one person is entering the image scene and the tracker is terminated
when this person is leaving the image scene.
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8.27.1: 8.27.2: 8.27.3: 8.27.4: 8.27.5:

8.27.6: 8.27.7: 8.27.8: 8.27.9: 8.27.10:

Figure 8.27: The target tracking results when several people are moving in the same
environment. The cameras are also moving. As same as Fig.8.26, the tracker can
be automatically initialed and terminated for each person. Here the tracking can be
accurately done when several people move in the same environment. Even if two persons
have quite similar visual properties (Fig.(8.27.8), Fig.(8.27.9) and Fig.(8.27.10)), the
tracking can still be accurately done.

on the moving cameras’ kinematics model (R from Eq.(7.7) for the rotational motion

and T from Eq.(7.8) for the translational motion.). In these cases the target tracking is

still quite accurate. Thirdly, in Fig.(8.24) the motion of the cameras looks large while

in Fig.(8.25) the cameras look to be moving with a slow velocity. When the cameras’

motion looks large, the changes between two consecutive images are relatively larger

than those with the cameras’ slow motion. In this thesis, all the data processing are

done off-line, so even with a large amount of data to be processed the tracking system

can well deal with the large motion of the cameras. Fourthly, in Fig.(8.23), since the

environmental lighting condition changes greatly, the target’s visual features change a

lot through the image sequence. The proposed tracking system is designed based on

the object’s motion properties, which is independent of other visual features like color.

Fifthly, the tracking system can accurately initialize and terminate a tracker when a new

object enters or leaves the image scene. The previous tracker can also be memorized by

its appearance template and then new trackers can be initialized for the newly entering

objects when there are already several targets moving in the image scene. From the
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8.28.3:

Figure 8.28: The person’s estimated 3D position in the world coordinate. Fig.(8.28.1)
shows the person’s projected 2D position in the X − Y plain. Fig.(8.28.2) shows the
person’s projected 2D position in the X − Z plain.

experimental results, in all these five cases the target tracking is still accurate.

In the proposed target tracking scheme the IMM approach and OOSM solution are used

to improve the target tracking performance. Here several issues need to be discussed for
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Figure 8.29: The person’s estimated 3D position in the world coordinate. Here the
person is moving with a direction tune not along a straight line as shown in the Fig.(8.28).
Fig.(8.29.1) shows the person’s projected 2D position in the X − Y plain. Fig.(8.29.2)
shows the person’s projected 2D position in the X − Z plain.

the IMM and OOSM.

The Interacting Multiple Models (IMM) approach computers the state estimates that

Nanyang Technological University Singapore

ATTENTION: The Singapore Copyright Act applies to the use of this document. Nanyang Technological University Library



8.4 Experimental Results Discussion 206

account for each possible current model using a suitable mixing of the previous model-

conditioned estimates depending on the current model. The algorithms are decision free

so no maneuver detection decision is needed. From the experiments the performance

of the IMM algorithm is not very sensitive to the choice of the transition probabilities.

Thus in this thesis the model transition probabilities (Eq.7.22, Eq.8.18 and Eq.8.19) are

assumed time invariant and independent of the base state which means a homogeneous

Markov chain.

For the general OOSM estimation there are some issues needed to be considered. First

the optimal algorithm for updating the state estimate with an (earlier) OOSM requires

more than the current (latest) state estimates. If the time of the OOSM is within the

last sampling interval, one has to store the last innovation to carry out the optimal retro-

diction to the time of the OOSM. This amounts to a (non-standard version) smoothing,

which always requires preprocessing the measurements. Secondly, in practical systems,

because of the process noise the informational content of a measurement diminishes

rapidly when its age-old data are irrelevant. Only if the measurement is not too old, it

is relevant enough for updating. So here the approximation of 1 − step − lag OOSM

problem in this thesis is necessary to make an accurate performance.

In view of the need to store and reprocess measurements to incorporate optimally an

OOSM, one option is to carry out the reprocessing in the chronological sequence. To

obtain a strict chronological sequence of the measurements is possible, however, only if

there is no data association problem (DAP) to solve simultaneously with the estimation

problem. If there are the DAP and communication delays, one can store sensors scans

and reprocess them in their chronological order after some earlier scans arrive. These

scans can be ordered according to their end-times. However, as shown in detail in [214],

this still leaves room for OOSM, but the “negative times” to consider are less than a

sampling interval if the various sensors have the same sampling rate, i.e., the situation

described in Eq.7.35. This motivates the focus of the present work on this problem.

The proposed visual target tracking system is tested under different situations and

demonstrates good experimental performance. However there are still several limita-

tions in the proposed visual tracking scheme.
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• The autonomous vehicle is assumed to move in the environment with the prior

knowledge of its localization. The vehicle’s localization information is used to

estimate the target’s 3D position and velocity in the world coordinate. Since the

task in this thesis is to design the visual tracking system for autonomous vehicle

navigation, the SLAM (Simultaneously Localization and Map Building) problem

is not considered.

Wang et. al. [213] integrate SLAM and target tracking methods and successfully

demonstrate SLAM with target tracking at high speeds in the large crowded city

environments. So in order to make the vehicle fully autonomously navigate in the

environment and track the object, the SLAM problem can be considered at the

same time with the target tracking problem.

• The cameras are calibrated before the experimental testing. All the calibration

parameters are kept unchanged for the experiments. The cameras are fixed on

the moving platform and the cameras normally can not move, zoom in or zoom

out. There is also no pan/tilt movement for the cameras. However the view of

stereo cameras is limited due to the cameras capability. The object must be seen

by both the two cameras. Sometimes when the object is moving too fast, not far

enough away from the cameras or moving in the opposite or parallel directions

as the cameras, there will be no object seen in the cameras scene. The system

requires the object to be seen in the image scene for tracking. If the objects are

not there, the tracking algorithm will decide that the object exits the image scene,

stop the following image processing and terminate the target tracking.

• The computational time is another important issue to be considered for the track-

ing system. Currently the experiments are done off-line. A moving platform is just

designed with all the sensors and embedded pc available to simulate an autonomous

vehicle. Building a real vehicle with fully autonomous functions is really difficult.

But from the off-line experiments, the results are good under different situations.

And the theories of this thesis are also sound. So after new hardware are pur-

chased and a whole autonomous vehicle is build, the proposed algorithms can be

successfully implemented to get the satisfactory real-time performance under the

complex situations. Another reason is that the real-time part of the experiments
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is only that after the target has been tracked, the target’s dynamic information is

just sent to the vehicle’s motion controller and it will generate commands to con-

trol the vehicle’s movement to track or follow the target. The vehicle’s kinematic

control is really out of the scope of this thesis. This thesis is to design a computer

vision and sensor data fusion based target tracking system, and for this part it has

successfully fulfill the task.

In fact the computational requirement for a normal target tracking system is always

one of the major limitations. The system always wants to have a fast processing

algorithm. But with a fast algorithm the performance will probably be less accu-

rate. There is always a trade-off. It is just assumed that in the near future the

computer hardware will have a tremendous development and the computation will

not be a real problem any more.

Currently, the system is limited to the low speed testing of both the moving vehicle

and objects. In the experimental testing the off-line data processing is done with

Matlab. Matlab programming is quite time consuming. From the images both

the moving platform and the objects are not moving very fast. In such a slow

movement situation, the computational time from Matlab is already very big. It

takes about 1.5 minutes using Matlab to process 1 second of video images. With

much more powerful hardware, the system can be implemented into a very fast

moving situation.

• In the proposed target tracking system, there are the accumulated odometry errors,

and TW
C and RW

C will become increasingly inaccurate as the time goes by. So here

there should be a mechanism to reset these accumulated odometry errors. In the

proposed target tracking system, the experimental testing is limited to a not very

long time performance. After some time, the parameters should be reset to correct

the accumulated odometry errors.

• From the experimental results presented in this Chapter, the tracking system can

accurately and automatically initialize a tracker when an object enters the image

scene. However if there are several objects moving in the same environment at

the same time, the object of interest should be first identified by human. Then
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the moving platform tracks it wherever it moves or stops. In such a situation

it requires the tracking system to have the prior knowledge of which target is of

interest. This knowledge is not the special visual features of the objects but only

the information of which object to be tracked. In the real world applications, this

prior knowledge should also be provided by human beforehand. For example, in

the intelligent transportation system, the system do not have the intelligence to

decide which vehicle to track or which obstacle to avoid if there are a lot of vehicles

or obstacles encountered in the environment. For the video surveillance system,

the system can not yet decide which person is dangerous and needs to be tracked.

All these intelligences must be provided by human. Currently, it is necessary to

initialize the tracking manually in those difficult situations. In the future the high

level image processing algorithms like artificial intelligence or human reasoning can

be developed for the visual target tracking system. The human motion analysis

can be done for the system to recognize the human’s actions and decide which

person is of interest and should be tracked. This is considered as the future work.

• In the proposed target tracking system, there are the accumulated odometry errors,

and TW
C and RW

C will become increasingly inaccurate as the time goes by. So

there should be a mechanism to reset these accumulated odometry errors. In the

proposed target tracking system, the experimental testing is limited to a not very

long time performance. After some time, the parameters should be reset to correct

the accumulated odometry errors.

• From the experimental results the tracking system performs quite well in different

situations. In fact sometimes the tracking system may fail to correctly track the

object. In the 2D images the rectangle can not accurately fit the object’s region

in the images. These failures are due to various reasons.

The tracking scheme developed in this thesis is a bit complex. Several different

image processing algorithms are developed step by step to identify and track the

objects. There are also some parameters in these algorithms. If one image pro-

cessing step or one parameter is wrong, then the whole tracking system can not

correctly track the object. In fact currently the experimental testings are done off-

line, so all the processing steps can be carried out separately. The parameters can
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be adjusted during the processing under different situations. But in the real-world

situation, the whole image processing and fusion steps are conducted continually

and automatically. Human is not supposed to change anything once the tracking

is started.

The performance of the whole tracking system is limited due to its complexities

and the parameters. Because the visual target tracking for autonomous vehicle

navigation is a very difficult research problem, a simple method definitely can not

give accurate and robust results. More complex and adaptive methods are required

to be developed. The trade off here is that more complexity means more chances

to get wrong and less complexity means less accuracy and robustness. In the

near future the systems must be modified and more thoroughly tested to solve the

tracking failure problems and improve its robustness under complex and difficult

situations.
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Chapter 9

Conclusions and Future Work

9.1 Conclusions

At present vision based target tracking has many applications for autonomous vehicle

navigation, which includes the intelligent transportation systems, autonomous vehicle

path planing and obstacle avoidance systems, mobile robots soccer, underwater inves-

tigation systems and so on. The work described in this thesis proposes a visual target

tracking scheme for these potential applications. The entire scheme is designed based on

the fusion of data from the vehicle’s onboard CCD cameras and inertial motion sensors

to estimate and track the target’s 3D dynamics in the world coordinate.

In Chapter 2, literature reviews and research challenges on this topic are summarized.

In Chapter 3, a data fusion based visual target tracking scheme is proposed as a novel

and better solution for the vision based autonomous vehicle navigation. In the followed

chapters, this proposed scheme is described and the remaining research problems are

solved. Good experimental performance is also demonstrated in each Chapter.

The target’s 3D visual features (optical flow vectors and stereo disparities) are first

extracted from the images for target tracking. In this thesis the optical flow motion

vectors field is used as the major source for tracking a moving object. In Chapter 4

three commonly used optical flow estimation algorithms (Horn and Schunck’s method,

Lucas and Kanade’s method and the structure tensors and parametric model method)
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are studied and tested. Based on the experimental testing, Horn and Schunck’s classic

gradient descent based method is selected for the proposed visual target tracking scheme.

Horn and Schunck’s method is easy to implement, fast in computation. The optical flow

vectors field from Horn and Schunck’s method is 100% dense, which is also good to

reflect the target and background motions for image segmentation and clustering. At

the same time, the target’s 3D visual depth information is estimated from stereo images

by using the commonly Sum of Absolute RGB difference Disparity (SAD) estimation

method.

Next, in order to accurately identify the target’s useful 2D features from the images,

two novel fusion based image processing algorithms are developed in this thesis.

• In Chapter 5 the target’s color features, spatial locations and motion vectors are

fused for the region of interest extraction from the image sequence with a changing

background. Different visual features are combined to make a robust image seg-

mentation and clustering. Two different image segmentation methods (K-means

based and unsupervised Bayesian on-line learning based) are presented in this

Chapter. The K-means method is easy to implement and fast in computational

time, but it is less accurate and can not give satisfactory results which meet the

temporal consistency constrain requirements for video images segmentation. In

the unsupervised Bayesian on-line learning based algorithm, the image pixels clus-

tering is done in a probability based framework. Each visual feature’s cluster is

assigned with a Gaussian PDF. Then the unsupervised Bayesian on-line learning

method is developed to learn and update the image cluster’s PDF parameters.

The Bayesian estimation uses all the previous available information to compute

the desired density p(x|D) for the next image clustering. The linear complexity of

the Bayesian parameters estimation and good experimental results make it a good

choice for the object-based video images segmentation, which is suitable for the

proposed visual target tracking scheme.

Here one big challenge in the image clustering is to determine the cluster number.

In Chapter 5 the cluster validity measures based on the K-means image clustering

method are introduced. This method overcomes the limitation of having to indicate
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the number of clusters by incorporating a validity measure based on the intra-

cluster and inter-cluster distance measures. Based on the cluster validity measures,

the cluster number can be normally set to be around 3 − 5 for natural image

sequences segmentation.

• After the image sequence is successfully segmented and clustered, Chapter 5 presents

the template matching methods to localize the region of interest in the clustered

images. In Chapter 5, first, the normally used Sum of Absolute Difference (corre-

lation) based template matching method is implemented to match the optical flow

vectors template to the image’s clustered optical flow vectors field. Next, a more

robust algorithm is proposed to improve the matching performance. The proposed

method is developed based on fusion of different matching methods through the

Bayesian probability theory. SSE template matching method is selected as the

basic method. The GMMs is then combined with SSE to solve the problems of the

template appearance changes or the object occlusion. A robust template updating

method is also proposed based on the Bayesian fusion matching. Here the template

is updated together with both the SSE and GMMs matching PDF parameters.

Through experimental results, the fusion of two different template matching meth-

ods solves the template matching problems such as the template drifting, shape

rotation, appearance changes or occlusions. Since the algorithm can make accu-

rate template matching and target tracking when the cameras are also moving

(Fig.(6.9)), it is suitable for the proposed visual target tracking scheme [43].

After the target’s 2D visual features are identified from the image sequence, the target’s

3D dynamic information in the world coordinate is estimated based on the sensor data

fusion algorithm developed in this thesis. In Chapter 6 the 2D target visual information

is fused with the target’s 3D disparity depth information through the pinhole camera

projection model. Next, the extracted target 3D visual features are fused with the

camera motion parameters for the target’s 3D velocity and position estimation in the

world coordinate.

In Chapter 7 different visual features and sensor data are combined through the Extended

Kalman Filter measurement equation for the target’s 3D dynamics tracking. In Chapter
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7 two estimation methods are developed to improve the Extended Kalman Filtering

performance.

• Since normal moving objects have complex or unknown motion properties, several

simple and basic linear dynamic models are fused in Extended Kalman Filter

through the IMM algorithm, which provides an accurate approximate model for

the target’s complex dynamics. Through IMM, the performance of the target

dynamic state estimation is improved.

• Because the proposed system is based on sensor data fusion, there is the OOSM

(delayed measurement) target state estimation problem. In this thesis the “1-

step-lag” OOSM estimation solution from Bar-Shalom is developed for Extended

Kalman Filtering. With the OOSM solution, the target tracking performance

becomes more robust.

With the object’s 3D velocity and position information, the visual target tracking can

be finally achieved for autonomous vehicle navigation.

Through the final target tracking experiments in Chapter 8, the proposed tracking

scheme demonstrates satisfactory performances under different situations. The system

can well deal with the situations such as: moving cameras and moving objects’ track-

ing; the tracking with the object’s rotational motion; the tracking with the cameras’

rotational or z-translational motion; the target occlusion tracking; moving targets with

highly nonlinear or unpredictable dynamics; the tracking in both the structured and

unstructured environment; the environmental condition changes; the target tracker’s

automatically initialization, termination or multiple targets tracking and so on.

Compared with other methods [43] [88] [145], this tracking system can accurately detect

and track the target’s 3D dynamics in the MCMO state. In conclusion the proposed

visual tracking scheme has the following advantages over the other methods.

1. The tracking system is designed only based on the vehicle’s onboard sensors with-

out any additional ones in the environment to detect and track the object.

2. The object is detected based on its motion properties rather than any special visual
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properties, which makes the tracking system solve the problems of the unknown

or textured object tracking or the multiple objects tracking (automatically tracker

initialization and termination).

3. The image processing algorithms in this thesis are developed based on data fusion.

In the image segmentation section the image color, motion vectors and spatial

location are fused together for robust image clustering. In the template match-

ing section, different template matching algorithms are fused together through the

Bayesian probability theory for robust template matching and updating. Through

data fusion the image segmentation and template matching experimental perfor-

mances are greatly improved.

4. In the image segmentation and clustering section, the target is segmented out

from the 2D image frame with the unsupervised Bayesian on-line learning. The

Bayesian learning updates the image clustering functions frame by frame, which

adapts the image classifier with the visual features changes in the MCMO state.

In such a way the object can be clustered into the same image cluster through the

whole video images sequence, which makes the target identification an easy task.

This is also suitable to meet the temporal consistency constrains requirement for

the video images segmentation.

5. In the image visual features localization section, the Bayesian probability theory is

used to combine different template matching methods. The Sum of the Squared Er-

rors (SSE) template matching is fused with the Gaussian Mixture Models (GMMs)

to conduct the robust image template matching and updating. In this way the

template’s shape rotation, appearance changes and occlusion matching problems

can be accurately solved. Through the experimental results, the combination of

different methods has shown good performance under different template matching

situations.

6. Compared with the previous visual target tracking systems designed for autonomous

vehicles, the target’s 3D dynamics in the world coordinate rather than its relative

dynamic information to the cameras is estimated for tracking. The 3D dynamics

in the world coordinate is more accurately estimated than the relative information
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because the vehicle’s self movement is considered in the 3D world coordinate. Also

the object’s 3D dynamics can be more generally used by other applications in the

same environment.

7. The kinematic model of the autonomous vehicle is included in the tracking sys-

tem. The kinematic model provides the movement information of the cameras.

The cameras’ motion parameters are fused with the target visual features, which

are then used to estimate the target 3D dynamics in the world coordinate. The

inclusion of the vehicle’s kinematic model into the tracking system makes the tar-

get’s 3D dynamics estimation more accurate and also achieves the target tracking

with the cameras’ complex motion.

8. Fusion of several simple linear dynamic models through the IMM approach makes

the target dynamics tracking more robust and accurate than only using the single

linear models. The tracking system can well deal with the situation when the

target is with complex, unknown or highly nonlinear dynamic properties.

9. The proposed algorithm is designed based on sensor data fusion. However there

is generally the Out-Of-Sequence Measurements problem. In this thesis the 1 −
step− lag OOSM solution is developed with the Extended Kalman Filter to solve

the delayed measurements problem and improve the system’s performance.

In conclusion it can be stated that the proposed visual target tracking scheme is suitable

for the target identification and tracking for autonomous vehicle navigation.

In this thesis the proposed system has shown quite satisfactory off-line results through

experimental testing under different situations. However there are also limitations en-

countered in this tracking system.

• Due to the computational cost issue, the system is limited to the low speed testing

of both the moving vehicle and objects. The computational time is rather large

with Matlab programming for the off-line testing.

• The SLAM problem is not considered in this thesis. The knowledge of the vehicle’s

location in the environment is assumed to be known beforehand.
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• The relative movements between the vehicle and target are restricted. If the cam-

eras can not see the object, the tracking scheme will terminate the tracker for this

object.

• The objects of interest must be first initialized by human if there are several

objects together moving in the image scene. The tracking system can automatically

initialize a tracker only if one new object is moving or entering the image scene.

• The tracking system sometimes may fail. The reasons are mainly due to the image

conditions, the robustness of the image processing algorithms and the accumulated

odometry errors. For example, if several similar objects are together moving in the

image scene and they cross each one continuously, in such objects highly occluded

situation, the tracking will probably fail.

When the visual target tracking system is implemented for the real autonomous vehicle

experiments, the real-time performance is the first thing to be considered. Today with

powerful processing computer systems readily available, the real-time target tracking

should not be a problem. The accuracy of the tracking system in very complex exper-

imental environments is another important issue to be considered. All the work to be

done in the future is discussed in the next section.

9.2 Future Work

As for the future work, each part of this tracking system should be modified to improve

the tracking system performance.

• A “smarter” and faster tracker initializing and updating algorithm can be devel-

oped to make the target tracking more accurate and robust. High level image

processing and pattern recognition algorithms can be developed for the visual

tracking system. The tracking system will have the ability to recognize and ana-

lyze the human’s actions. In such a way if there are several persons moving in the

environment, the tracking system can automatically initialize the tracker based on

the human motion analysis.
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• In order to obtain the best IMM based Extended Kalman Filtering, the IMM

algorithm has to be properly improved to meet the following requirements: (1)

design of the target motion models for all modes of movement considering both

the quality and complexity of the model; (2) selection of the model parameters,

such as the noise level; (3) determination of the parameters of the underlying

Markov chain, that is, the transition probabilities.

• The algorithm for incorporating the OOSM into an IMM estimator from [7] can

be introduced into the proposed visual target tracking scheme. Combining the

OOSM solution with the IMM approach makes the system rather more complex,

but the whole system performance can be improved to some extend.

• The accumulated odometry errors should be solved by designing some parameters

resetting strategies. In such a way, the target tracking will not become increasingly

inaccurate as the time goes by.

• Here the tracking system is designed based on data fusion of optical features from

the CCD cameras and the vehicle’s inertial motion sensors data. In the future CCD

cameras fused with other sensors such as RADAR or LASER can be introduced

into this tracking scheme. CCD cameras can be used to derive the target’s 2D

visual information. The RADAR or LASER can help to obtain the target’s 3D

depth information.

• The tracking system developed in this thesis is for the applications of autonomous

vehicle navigation. The tracked object’s 3D velocity and position information

is used for goal seeking, obstacle avoidance or target following applications. So

finally the system should be implemented in the real-time autonomous vehicle

experiments. In the future the proposed algorithm can be further tested in the

land autonomous vehicle and Autonomous Underwater Vehicle (AUV) available

in Nanyang Technological University. They are the Generic Outdoor Mobile Ex-

plorer (GenOME) (Fig.(9.1)) and the Nanyang Technology University-Underwater

Autonomous Vehicle (NTU-UAV) (Fig.(9.2)).

• This visual tracking system is designed mainly based on the optical flow vectors and

has the ability to deal with different tracking conditions. However if to track the
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9.1.1: 9.1.2:

Figure 9.1: Generic Outdoor Mobile Explorer (GenOME) in NTU

9.2.1: 9.2.2:

Figure 9.2: NTU-UAV

objects in the real-world conditions with 7 days and 24 hours accuracy, the optical

flow based tracking system has to overcome a lot of other practical problems.

These problems are also considered as the future work.

1. Image Noise. Image noise discontinuities in the image intensity levels between

frame captures can cause errors in the motion field estimation.

2. Occlusion Problem. This is caused by the partial or complete overlap between

multiple objects in a scene. In this thesis the occlusion problem is solved

in some extent based on the target’s motion dynamic models and also the
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robust template matching and updating methods. However there are still

some difficult and complex occluded object tracking situations to be studied

and solved in the future work.

3. Problem of aperture. This problem occurs when considering only the local

motion of an object. The aperture problem is such that, only the component

of the real velocity, normal to an edge can be detected and estimated with any

form of accuracy. The aperture problem affects the optical flow estimation,

which needs to be studied and solved in the future work .

4. Rotation Problem. In this research the object moving with the simple rotation

velocity is tested. However if the object has a 3D and six degrees of freedom

rotation velocity, the optical flow vectors field cannot accurately reflect its

real movement in the images. Thus the motion based tracking system may

give inaccurate results under this situation. This should also be carefully

studied and solved in the future.
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