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Bing Fang

Abstract

The purpose of this dissertation is to present our agent-based human tracking framework,

and to evaluate the results of our work in light of the previous research in the same field.

Our agent-based approach departs from a process-centric model where the agents are bound

to specific processes, and introduces a novel model by which agents are bound to the objects

or sub-objects being recognized or tracked. The hierarchical agent-based model allows the

system to handle a variety of cases, such as single people or multiple people in front of

single or stereo cameras. We employ the job-market model for agents’ communication.

In this dissertation, we will present several experiments in detail, which demonstrate the

effectiveness of the agent-based tracking system.

Per our research, the agents are designed to be autonomous, self-aware entities that are

capable of communicating with other agents to perform tracking within agent coalitions.

Each agent with high-level abstracted knowledge seeks evidence for its existence from the low-

level features (e.g. motion vector fields, color blobs) and its peers (other agents representing

body-parts with which it is compatible). The power of the agent-based approach is its

flexibility by which the domain information may be encoded within each agent to produce

an overall tracking solution.
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Chapter 1

Introduction

Human-body tracking has a wide range of applications, such as surveillance, motion-capture

for animation, video analysis, game interaction and human-computer interaction (HCI) [12,

35, 75]. Generally, there are two ways in which human-body tracking can be performed: one

is using a motion capture system, and the other is performing the vision-based analysis [74].

This disertation is focused on the latter (the vision-based analysis) in human body tracking.

In vision-based tracking, problems arise from variations in the environment, the appearance

of other human beings and the unintended purposes of different tracking tasks. These prob-

lems require vision-tracking to be the target specific. In other words, most vision-tracking

algorithms have to work under pre-defined conditions. Otherwise, the reusability of the

system is rather limited, or it is very difficult to adapt for use in new settings. One key

component of computer vision and machine learning systems is targeted at combining vari-

1
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ous features, which are extracted with image processing techniques (such as skin-color), for

different tracking problems, but it remains an open question to find these combinations.

This dissertation is an attempt trying to address the problems like these by creating a more

general framework for vision-based human tracking tasks.

1.1 Human tracking

The analysis of sequential images involving humans draws more and more attention in the

domains of computer vision and behavior analysis. Various applications, such as Microsoft

Kinect, are known to us in our daily lives. With the ever rapid growth of high-performance

computers, the evolution of high quality digital cameras, and the increasing need for auto-

matic video analysis and real-time tracking, there has been considerable interest in human

tracking. Human tracking research may be targeted at the following applications:

• automatic surveillance - monitoring a scene (or multiple scenes) to detect suspicious

activities or unexpected events [22, 23, 25, 52, 83];

• vision-based motion recognition - human gesture identification based on poses, auto-

matic data registration, etc. [8, 23, 34, 52, 83];

• video analysis - automatic annotation and retrieval of the videos [2, 23, 52, 58, 83];

• human-computer and game interaction - gesture recognition, eye gaze tracking for

information inputs to computers or game stations, etc. [72, 85];
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There are three approaches used in human tracking according to the existing research [23, 51,

52]: 2D approach without explicit shape models; 2D approach with explicit shape models;

and 3D approach. By and large, there are three key steps in analyzing human tracking in 2D

or 3D approaches [52, 83]: detecting the likely object candidates, estimating the properties

of the objects in frame sequences, and analyzing the behaviors of the objects.

Since the degree of accuracy of detecting likely objects can affect the efficiency of registering

and tracking the human body (or body parts), researchers have developed various approaches

to increase detection accuracy, and they also seek a more general feature-detection model to

be easily adjusted to various situations for human tracking. However, the feature-detection

can be complex for the following reasons:

• noise in images, or the insufficiency of the image processing algorithms,

• complex shape of the target object, or articulated nature of the object,

• partial and full object occlusions, disappearance and re-appearance in the camera view,

• scene illumination changes,

• loss of information caused by projection of the 3D world on a 2D image,

• complex object motion,

• camera motion, and

• real-time processing requirements.



Bing Fang Chapter 1. Introduction 4

These issues make it very challenging to create a general framework to handle all vision

problems, however, the efforts to develop a general approach for the human tracking have

never stopped in the research world. Typically, a kinematic model of the human body is

employed for human tracking. For example, Ju et al. [34] defined a “cardboard person model”

in 1996, and Wren et al. [79] introduced a real-time human tracking model as “PFfinder”

in 1997. In these different models, researchers have developed a variety of hypothesis. For

example, PFinder hypothesized that the upper arm, lower arm and hand can be treated

as one object, which is represented with a ellipse in the full body tracking to simplify the

tracking problem. However, it is still impossible to avoid the following questions in human

tracking:

• Which representation of the object is suitable for tracking human body (part)?

• Which features (in both low level and high level) should be used for tracking analysis?

• Which model is more suitable to represent the motion, appearance, and silhouette of

the target?

The variations in context and environment of different tracking algorithms make it difficult to

answer these questions. Moreover, different goals of the tracking problems (such as tracking

the full body gesture or the hand gesture only) lead the researchers to face different problems

and thus call for different approaches to resolve the problems. For example, we are more

concerned about the location of the human in most surveillance video analysis as they do

not require very accurate gesture tracking. But, for human computer interaction analysis,
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people are more concerned with the accuracy of the gesture of each interactive subject.

1.2 Agent-based approach and its motivation

Having introduced the complexity in vision-based human tracking, we come back to discuss

the question, “Can we find any solution so that we can use a more general framework to

deal with protean vision-tracking problems?” The answer to this question is “Yes and No”.

The reason for ‘No’ is that it is fairly hard to find/build a general model to cover every

case in the complex world. However, it is possible to find an alternative solution to this

problem, which is to build a flexible model to allow users to switch between different cases.

The agent-based approach is one of these solutions, which provides a means of modeling that

distributes the complexity of a particular problem domain across a set of agents, thereby

limiting the complexity within each intelligent agent [2, 14, 47]. These will be explained in

greater details in the following chapters.

One of the obvious advantages to employ a generic agent-based architecture for human

tracking for the business, game simulation, remote military control and etc is that it helps

decompose the complex problem into simpler sub-problems.

Agent-based approaches have been extensively studied and the typical approach is to model

the processing components as agents (e.g., edge detection agent, feature matching agent,

color segmentation agent, labeling) [6, 30, 62, 64, 87], to assign different areas in the visual

field to specific agents [63], or to model the entire user interface as an ‘interface agent’
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[64]. The main thrust of this research is to focus on building such a framework using an

agent-based architecture. In a human tracking application, researchers normally treat the

complex human skeleton in a hierarchical structure [13, 30, 34, 79]. Generally, the focus is on

extracting features, such as detecting edges and color blobs, from video frames first. Then,

they address higher level questions like “how to construct a hand from the collections of lower

level features”, “which kinematic model is proper to construct a human being”, etc. This

approach leads us to build a hierarchical structure for our system, which employs low-level

agents and high-level agents. The low-level agents are assigned specific processing tasks to

extract low level image features. Thus, these agents can be implemented independently, and

parallel processing strategies may be applied to improve the performance of the system. The

high-level agents are designed to produce higher level processes, such as creating predictions

for body parts, seeking detection results from body parts, finding relationships between these

body parts and building full body models etc. A flexible framework of high-level agents

considers individual processing, communication, information sharing and decision making.

Our main contribution to this research is to develop the framework which provides a basic

agent framework that users can extend easily for different objectives.

An accurate feature extraction is not always available for various reasons, such as noise and

low resolution images. Based on our research [18], we have shown that it is possible to obtain

more accurate tracking results by using our framework, which provides useful feedback among

different hierarchies, even if we can only obtain low-quality features. Thus, one of the goals

for this research is to improve the accuracy of the tracking results for human body (parts).
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The prediction from the high-level agents provide feedback to help improve the quality of

low-level features, and good quality features support a better tracking result of the high-level

agents. We also evaluate our framework by applying it to various data (the meeting-room

video data and the sports game video data). The evaluation considers the accuracy of the

tracking results and the flexibility in development-time and run-time.

1.3 Contribution of this research

In computer systems, a framework is often defined as a layered structure indicating what

kind of programs can or should be built and how they would interrelate. In this research,

our designed framework is embedded with agent-based architecture, and it is a hierarchical

structure indicating what kind of agents should be built and how these agents would commu-

nicate with each other. The detailed description of this framework is introduced in Chapter

3. Within this framework, we contribute the following:

• We develop an active agent-based architecture for human tracking. Generally, an agent

based system confining the complexity across a set of agents, thereby limiting the

complexity within each intelligent agent. However, existing approaches either assign

different agents to different image processing areas or serve as computing resource

schedulers [30, 62, 87]. A more comprehensive review of such agent-based approaches

will be provided in Chapter 2. Our agent is designed to be an intelligent unit to

represent a high-level abstraction of real objects, such as a hand, instead of just a
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processing unit. This architecture actually helps a developer implement a meaningful

agent, and increases the reusability of developed agents.

• We also employ the job-market model to form the coalition of agents. Typically, there

are two ways of tracking objects: top-down (model-based) and bottom-up (feature

based). However, either approach can be broken easily because of the single direction

searching. The job-market model works from both sides (employer and employee), and

this approach provides a possibility that both sides can ‘correct’ their prior prediction

during updates. Details will be discussed in Chapter 3.

1.4 Research questions

For the purpose of this research, we have investigated some important issues regarding human

tracking systems. They are 1) the range of application of this agent-based tracking system,

2) the design of the agent-based system, 3) the vision tracking approaches being implemented

in the system, 4) the vision-based tracking problems being resolved under the system and

5) evaluation of our tracking system.

1. What range of applications is amenable to this solution? Surveillance, video-based

motion analysis and human computer interaction are three main applications for vision

based human tracking analysis. As the starting point, we focus more on video-based

motion analysis, and meeting-room type video data, which will be used to examine the

efficiency of our system. To evaluate the effectiveness of our system, we will compare
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the visual results. Another valuable question to answer is “How much adjustment of

the architecture is needed to adapt to each problem?” which will provide the evaluation

for the effectiveness and efficiency of this research product. We also apply our system

to track players in a sports game video to demonstrate the use of our system.

2. What is the model of the proposed agent-based architecture? How does one design

a flexible framework for variety of human tracking problems? The second and the

most important question for this research is how to design our agent-based human

tracking system. As we mentioned above, our design employs a hierarchical structure

with low-level agents and higher level agents. Each agent processes individually and

co-operates with one another to accomplish the common goal. The detailed design

will be shown in Chapter 3. Generally speaking, our agent-based system considers

several issues, including individual processing, communication, information sharing

and decision making. Low-level and high-level agents are different because each has

its own characteristics as follows:

(a) low-level agent. In our system, a low-level agent is designed to extract certain

features within the current environment, and generate information for later use. In

human tracking literature, a variety of feature extraction approaches is employed.

In this dissertation, we need to make clear which feature extraction approaches

are going to be used for our low-level agent, and what information should they

provide for high-level agents. These agents do not communicate with each other.

Instead, they are just processing individually. The extracted features are stored
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in shared memory that all high-level agents are able to access.

(b) high-level agent. A high-level agent represents a high-level abstraction of a real

object. For example, when a human agent employs a hand agent, the human

agent only knows that it needs a coherent hand agent to prove its existence, and

it does not need to know whether this hand agent uses skin-color blob or other

features. In our system, these high-level agents seek low-level features to match

their predictions, and also provide feedback to low-level agents to ask them to

improve their results (if necessary). The high-level agent also builds coalitions

with other high-level agents to combine their information as part of the final

analysis results. In this dissertation, we provide a framework to guide people

develop different agents for different tracking purposes (such as the hand tracking

and the head tracking) and organizing these agents together to accomplish a

common tracking goal (such as the full body tracking).

3. What vision algorithms are employed in the system for this flexible use? In our system,

low-level agents are embedded with vision/image processing algorithms to extract var-

ious features from raw image sequences. We introduce several approaches to extract

features, including adaptive skin-color model and vector coherence mapping (VCM).

Our framework also allows developers to create other low-level agents using different

vision/image processing techniques.

4. What kind of vision-based tracking issues can be solved? The ultimate goal of this

research is to build a general framework for vision-based tracking, so we need to exam-
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ine the following issues, which are not all resolved properly by any individual existing

tracking system:

• switching tracking model for different tasks or different tracking targets,

• partial and full body-part occlusion,

• change of the environment (e.g., illumination, moving camera), and

• disappearance and re-appearance of the same body (or body part) from the video.

1.5 Dissertation organization

We first review the literature of vision-based human tracking in Chapter 2. In this chapter,

we also review the literature of the agent-based approaches and existing applications for

computer vision and human tracking. We will also discuss our earlier design of a hierarchical

architecture for agent-based tracking [18, 19].

In Chapter 3, we introduce our agent-based framework for human tracking problems. Using

an agent-based architecture for human tracking is a new topic in computer vision, and we

will discuss our agent-based system design for human tracking.

In Chapter 4, we demonstrate the use of our agent-based framework by implementing a

system to track human subjects in meeting-room videos.

In Chapter 5, we discuss about the general use of our system and demonstrate a tracking of

players on a soccer field.
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In the final chapter, Chapter 6, we will discuss the framework and possible future directions

beyond this research.



Chapter 2

Review of vision-based human

tracking literature

A common approach for human tracking is to detect the features of targeted objects through

foreground segmentation and to track and recognize these objects by establishing correspon-

dences in a sequence [23, 52, 84] of consecutive frames. In this chapter, we will review

some commonly used vision approaches for human tracking and review the history of using

agent-based approaches for human tracking.

2.1 Human tracking literature

Generally, human tracking can be categorized by the functional taxonomy presented in the

survey papers by Moeslund and Granum [51, 52] as follows:

13
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• Model initialization, which provides an initial interpretation of the current scene for

subsequent processing.

• Tracking, which extracts features, segments and tracks humans in consecutive frames.

• Pose estimation, which predicts the human pose based on the extracted features in

consecutive frames.

• Recognition, which recognizes the identity of a human and his behaviors in consecutive

frames.

In this dissertation, we focus on the procedures for initialization, tracking and pose estima-

tion.

2.1.1 Model initialization

Vision-based human motion analysis requires the definition of a humanoid model approxi-

mating the shape, appearance, kinematic structure, and initial pose of the individual to be

analyzed [52]. The initialization determines the prior information about the individual or

individuals being tracked. It also requires information be used to constrain the tracking.

In earlier research, a typical approach is to use manual initialization for the length, shape,

color, and kinematic structure of limbs [1, 40, 54]. A few researchers have also investigated

algorithms for automatic initialization (two notable examples can be seen from [36, 37]).

The approach to employ model initialization has a major limitation when the model changes
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during processing. Only limited research has addressed this problem, and a fully automatic

initialization of kinematic structure, shape and appearance remains to be developed by new

research [52]. In this section, we will review the work on the kinematic structure, shape and

appearance initialization, which is directly relevant to our work.

Kinematic structure

A humanoid kinematic structure, which is comprised of a fixed number of joints with specific

degrees-of-freedom (DOF), is widely employed in most human tracking systems. Hard-coded

constraints, such as skeletal symmetry and anthropometric constraints, are commonly used in

a variety of applications. Some approaches, such as [56, 73], have addressed the initialization

of body pose and limb length by manually identifying the joint locations. Krahnstoever et al.

introduced an automatic initializing method for upper-body kinematic structure based on

motion segmentation in [36, 37]. Another recent trajectory of research, such as [7, 50], uses

motion capture data from commercial marker-based systems to train the prior kinematic

model, including limb length, DOF of each joint, and so on. Motion capture databases have

been used to reconstruct three-dimensional poses from image sequences using a priori learned

correspondence between image and pose in databases [73].

Shape

Representations of the humanoid model have employed simple shape primitives, such as

cylinder, cone and ellipsoid, using the kinematic skeleton [51, 52]. Ju et al. [34] presented a
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cardboard person model in 1996 to track human bodies. In this approach, a set of connected

planar patches were used to represent the limbs of the human body. This method performed

vision-based recognition of human activities using optical flow. The PFinder was another

famous human tracking approach introduced by Wren et al. in 1997 [79]. This approach

employes a Maximum A Posteriori Probability (MAP) to detect and track the human body

with simple two-dimensional models. This two-dimensional model uses ellipsoidal blobs for

the kinematic human body skeleton.

Since the two-dimensional skeleton changes because of the perspective of the camera view,

stereo calibration has been used to achieve more accurate and stable shape and appearance

in three-dimensional space. Carranza et al. [4] presented a generic mesh model to detect

multiple view silhouette images of a person with a set of pre-fixed poses to track the whole

body motion. Plänker et al. [57] employed an implicit ellipsoidal meta-ball representation to

fit the upper-body prior to tracking. These model fitting approaches have provided a more

accurate prediction for human body initialization within three-dimensional space.

Appearance

Variations in human body appearance, such as different clothing, call for variability in vision-

based tracking. Statistical color models are commonly used in human tracking [52]. The

color models for skin and cloth texture are also discussed in existing research, such as [65,

66, 80, 82].
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Sidenbladh et al. [65, 66] presented an approach that modeled the likelihood of image

observations for different body parts. The statistical model of the appearance and motion

is learnt based on a set of training images. A Gaussian color model, such as skin-color [82]

and other specific colors [19], is typically used to generate various color blobs. A color blob

is a cluster of pixels that are masked by the same color model. The pixels in the same blob

have to be spatially coherent (typically, connected component labeling approach is applied

to the masked pixels, and a circle or an ellipse is used to represent the component). A

multivariate Gaussian distribution model [82] was also employed to extract modeled color

pixels. However, this statistical model is limited because the model is pre-trained under

known lighting conditions. Thus, lighting changes may potentially break the model. An

extended research of an adaptive skin color model was introduced by Xiong et al. [80].

Although this model was introduced to produce skin-color blobs, we proved that it can be

used for other simple color blobs as well [18, 19].

2.1.2 Tracking

Tracking in visual analysis has been discussed in the literature of computer vision research

[9, 17, 58, 80]. In this dissertation, as per the discussion by Moeslund et al. in 2006

[52], we consider tracking as a two-step process: foreground feature extraction and temporal

correspondence. Feature detection methods focus on separating the objects of interest, which

normally target individuals or focus on objects, from the rest of the image, which consists of

background or motionless objects. These methods also construct the representation of these



Bing Fang Chapter 2. Review of vision-based human tracking literature 18

foreground interests using existing models, such as the skin-color model. The temporal

correspondence approaches focus on finding the coherence between features in the current

frame and the processing results from previous frames and providing temporal trajectories.

Background subtraction

Background subtraction is a powerful and commonly used processing approach in controlled

indoor spaces [52]. Stauffer et al. [69] presented a mixture of Gaussian (MoG) model

which represents the distribution of pixels by a MoG and updates each pixel with a new

Gaussian at run-time. This approach allows us to employ background subtraction with

outdoor environments, and it has become a standard method for background subtraction.

However, researchers, such as [17], have improved the original approach by developing new

method for background initialization, representation, updating and classification.

The MoG representation can be applied in RGB, normalized RGB, YUV and HSV space

[10, 38, 46, 79]. In earlier background subtraction approaches, learning the background

model assumed that there is no moving object in the initial frames, and moving objects were

only admitted after learning the background model. In this model, each foreground object is

described by an individual distribution to be distinguished from the real background. Other

approaches, such as [17, 27], also try to find ‘true background’ pixels by applying a temporal

median filter to the frame. Eng et al. [17] employed a skin-color detector to remove the

human when initializing the background. By measuring the overall changes to the expected

background in the current frame, the changes of the background can be calculated, and the
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MoG model for the background can be updated continuously and automatically at run-time.

When classifying the pixels in each frame, research, such as [10, 24], has demonstrated a

direct classifier to separate each pixel into unchanged background and changed background,

which is caused by moving objects, shadows, and so on [52]. This classifier is mostly built

with color, gradients and thresholding techniques [27, 80, 81].

Motion-based segmentation

Motion-based segmentation approaches are built based on finding the difference in consecu-

tive images to detect the moving objects in the scene. Typically, the difference is measured

using optical flow, motion vector extraction, and image differencing [29, 32, 58].

Research, such as [29, 32, 34], observes the flow vectors in consecutive frames. Since the

optical flow can be noisy, the detection results are then smoothed with temporal and spa-

tial coherence. The optical flow algorithm is robust by handling image sequences that are

quantized coarsely in space and time domains.

Quek et al. [2, 58] presented a vector coherence mapping (VCM) algorithm, which extracts

motion vectors from the source video and clusters them into spatially and directionally

coherent vector clusters. This approach incorporates various local smoothness, spatial and

temporal coherence constraints transparently by the application of fuzzy image processing

techniques to compute an optical flow field (vector field) from a video image sequence.

Image differencing approaches are simple and can adapt quickly to changes in a scene. How-
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ever, it is hard to detect the pixels of the human body, which are similar to their neighbors.

Some researchers [76] have reported that comparing a rectangular area of pixels in consecu-

tive images and calculating the shift of the rectangle can improve the results.

Shape-based segmentation

Shape-based segmentation approaches are commonly used because of the uniqueness of the

silhouette of the human body with respect to other objects. The advantages of shape-

based segmentation for human tracking are that it supports human detection and tracking

in uncontrolled environments, and it also allows detection of the human body in still images

[52]. However, similarities of the silhouettes of humans makes this approach difficult to use

to distinguish different individuals.

Zhao et al. [86] presented a method for extracting the silhouette of the human body by

employing a neural network to train the model of humans’ silhouettes. This model represents

the extracted silhouette of the human body, and it is used to determine whether a silhouette

belongs to the original individual or not at run-time. Other research also employs other

statistical models, such as Markov models or Bayesian networks, to detect silhouettes for

human tracking [51, 52]. By considering the temporal context in processing, shape-based

segmentation can be applied to track people over time.



Bing Fang Chapter 2. Review of vision-based human tracking literature 21

Appearance-based segmentation

Appearance-based segmentation approaches are powerful and benefit from the fact that the

appearance of humans is very different from the background, and the appearances of differ-

ent individuals are probably unique with respect to each other. Some approaches, such as

[80, 81], using appearance-based segmentation employ appearance models and examine each

pixel in frames to decide whether the pixel belongs to the model or not. Other approaches,

such as [49, 55], have built appearance models both for foreground subjects (human being)

and the background, then register each pixel in consecutive frames into each model. How-

ever, appearance models suffer from similarities between foreground and background. As we

discussed in the previous section, the appearance representation might change if the lighting

condition changes.

Xiong et al. [80] presented an adaptive skin-color model for meeting room activity analysis.

In this approach, the authors trained a Gaussian model to represent skin colors with a set

of training samples. The model was used to classify the pixels in the current frame into

skin-color or non-skin-color pixels. The skin-color pixels were then used to update the model

for the subsequent processing. In our research [18, 19], we extended the model to extract

other color blobs.



Bing Fang Chapter 2. Review of vision-based human tracking literature 22

Depth-based segmentation

Shape-based and appearance-based segmentation have limitations when the models of fore-

ground objects are similar to the background (appearance-based segmentation) or are similar

to each other (shape-based model). Depth information can also help build background mod-

els to reduce the effect of lighting changes [52]. Research, such as [26, 41], used depth

information from multiple cameras, which are driven by high-performance computers. This

approach, using multiple cameras, calculates the features with each single camera view and

registers these features to the shared coordinates (2-D to 3-D space). The registered features

identify the tracked object.

In our research [19], we employed Tsai’s calibration model [74] and captured moving subjects

with two stereo cameras. Features extracted from each individual camera view are registered

into a shared 3-D space. The 3-D space analysis was then used for tracking body parts and

other analyses.

Temporal correspondences

Temporal correspondences are mainly used in case of occlusion. Tracking algorithms are

used to establish the connection between prediction and measurement. Moeslund et al.

emphasized in [52] that “One of the primary tasks of a tracking algorithm is to find the

temporal correspondences. That is, given the state of N persons in the previous frame(s)

and the current input frame(s), what are the states of the same persons in the current
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frame(s).”

Occlusion problems occur when new objects appear, existing objects disappear, objects

merge together, or merged objects split. Previous research has been focused on developing

approaches for solving these problems [52]. Quek et al. [58] analyzed the motion vectors

in the current frame and fused them using temporal coherence with previous frames. The

Kalman Filter [77] and the Particle Filter [13, 44] are employed to track multiple objects in

the same scene.

2.1.3 Pose estimation

Pose estimation is used to estimate the kinematic structure of a human body during tracking.

Pose estimation approaches can be classified as model-free and model-based.

Model-free approaches

Model-free approaches have no a priori model in processing. These approaches are frequently

used for pose estimation in two-dimensional space, because the kinematic structure in 2-D

space is unpredictable due to perspective effects. We can categorize model-free approaches

for human tracking into two kinds of approaches [52]: probabilistic assemblies, and example-

based approaches.

Probabilistic assemblies methods perform a direct bottom-up 2-D pose estimation. First,

they detect all the possible body parts and assemble them. Then, the best matches between
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these assemblies and observations are kept. Felzenszwalb et al. [20] presented an efficient

matching approach using pictorial structures to estimate the 2-D body poses in image se-

quences. Ioffe et al. [31] also introduced a pictorial structure, which they called a tree to

track human body poses in 2-D image space.

Example-based approaches learn the mapping from 2-D to 3-D space by training with existing

databases. Rosales et al. [59] estimate 3-D poses by learning a mapping from visual features

of a segmented human body to a static pose using neural networks. This approach will not

be affected by the speed and direction of individual motion.

Model-based approaches

An explicit model of kinematics, shape and appearance in the analysis-by-synthesis frame-

work is widely used for human pose estimation in video processing [13, 57]. Based on the

survey by Moeslund in 2006 [52], the model-based approach is a dominant methodology for

human pose estimation. The main novel research directions include using stochastic sam-

pling techniques with sequential Monte Carlo methods and applying constraints, such as the

physical model, to form a particular learned human motion model.

As described in [57], the extended Kalman filter was applied to human tracking with an ex-

tended deterministic gradient descent-based approach for complex human motion. However,

the gradient descent-based approach suffers from using single pose or state for estimation,

because the pose or state is changing rapidly over time. The Particle filter [13, 44] was
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introduced as one of the stochastic tracking techniques for robust visual tracking, where

sudden motion or a cluttered scene might cause tracking failure. As multiple camera views

are widely used in the model-based algorithms to estimate the 3-D pose of human body

[3, 19, 35, 68], a combination of deterministic and stochastic approaches have been used for

sampling and searching in 3D pose estimation from multi-camera views.

2.2 Existing agent-based approaches

Agent-based approaches have had a long history, dating back to the 1970’s when they were

first introduced within the context of distributed artificial intelligence [16]. Since then,

agent-based approaches have been applied in a wide variety of domains, from business to

game simulations to computer vision architectures [2, 14, 47]. An agent is an intelligent

unit, which uses embedded knowledge to reach its own goal and has the ability to react with

the changing environments [47]. An agent-based system is constructed by these agents and

should support communication between them. Key aspects of agent-based systems are the

agent system architecture, inter-agent communication, and agent design [21, 47, 70, 71, 78].

One way to think about agent-based approaches is that they provide a means of modeling

the distribution of the complexity of a particular problem domain across a set of agents,

by which it limits the complexity of each agent. Thus, the solution is then divided across

the agents and the communication among them. Agent-based systems have often been

compared with standard object-oriented approaches, which also decompose complexity by a
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process of encapsulation within objects and object interfaces. The key difference between

object-based and agent-based systems is that the agents are active and autonomous entities,

which distribute both the process and the representation. However, object-based systems

distribute representation and maintain centralized processing.

2.2.1 Agent-based system for computer vision

Agent-based approaches have been applied in computer vision and human-body tracking for

the past ten years [2, 6, 30, 43, 62, 63, 64, 87]. The typical approach is to model the processing

components as agents (e.g., edge detection agent, feature matching agent, color segmentation

agent, labeling agent) [6, 30, 62, 64, 87], to assign different areas in the visual field to specific

agents [63], or to model the entire user interface as an ‘interface agent’ [64]. Lukenhaus and

Eckstein [43] describe a novel application of agents to support parallel processing by which

the generic agents apply a set of operators to solve the image processing task. The agents

essentially serve as computing resource schedulers. Hence, in a more general sense, the agent

represents the processing operators that they schedule.

The Schema System was introduced in early research [15]. In this approach, a low-level

schema was used to extract low-level image processing features. An intermediate schema

was defined to track an object, such as the sky and the road, in each frame. In this research,

the authors discussed that assigning an intermediate schema to track objects provides a more

general use of the system. Bryll et al. introduced the design in [2], and we improved on the
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model in [18, 19]. Our approach departs from this process-centric model, where the agents

are bound to specific processes, and introduces a model, by which agents are bound to the

objects or sub-objects being recognized or tracked. Our approach provides greater flexibility

using this decomposition by objects, since the agents can apply very specific operations, and

features can be adapted to a variety of sensing environments. In this dissertation, we follow

the work by Bryll et al. [2]. The difference is that [2] takes a rigid bottom-up approach, where

features (blobs) become labeled as specific body parts, and the combination of body parts

are constructed that satisfy certain relational constraints. The problem with this approach is

that if the low-level features are erroneous (e.g, blobs are merged or fragmented), the agents

are unable to recover from the error [19].

Minsky [48] introduced the frame systems that are constructed with related frames, where a

frame is treated as a network of nodes and relations. In this system, the top-level of a frame

is fixed to represent things, and the low-level of a frame has many terminals to represent

data. Based on the earlier discussed schema concept, the frame system specifies the make-up

of a scene in terms of it’s constituent elements, and it then applies a top-down labeling and

constraint satisfaction to match scene features to the frame schema. Our approach is similar

in that it is hierarchical, but it is not the same.

Rosenfeld et al. [60] introduced a relaxation approach for maximizing global consistancy

by applying iterative parallel operations (i.e., relaxation operations) to the global area (the

whole image). A fuzzy model was used to decrease the weights on each object, thereby

eliminating the ambiguities. Research, such as [11, 61, 88], extended this approach to find a
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local maxima for applications. In the relaxation approach, Rosenfeld et al. developed a non-

linear method, which increases the confidence in a target and decreases the possibility of the

ambiguities by using predefined correlations among objects. More details of this approach are

discussed in Chapter 3. In the approach described in this dissertation, the body-part agents

are abstractly defined, and they seek evidence for their existence and location by examining

the low-level features with their predictions. Hence, specific knowledge is embedded within

each agent, and the knowledge about the entire body being tracked is embedded within

the human agent that models the relationships among the body parts. In our research, we

introduce a job-market model to not only decrease the weights of incoherent objects, but

also increase the weight of coherent objects.

2.2.2 Preliminary research on agent-based human tracking system

In our previous work [18], we first introduced our hierarchical agent-based framework to

track a subject’s hands and head in a two-dimensional space (with a single camera). The

framework employed several simple agents and a three-layered hierarchy. The focus of the

study was the agent-as-tracked-object framework itself, and the results represent a proof-

of-concept of our hierarchical agent-based approach. However, since the system operated

in a two-dimensional space, we did not employ 3-D constraints of the human body in the

tracking, which would definitely improve the efficiency of each agent. We further supported

these findings in [19], where we extended the system to three-dimensions by introducing

a 3-D skeleton-based model and employing a two-camera stereo system. Multiple-camera
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techniques are frequently employed to solve the problem of self-occlusion and ambiguous

image segmentation [2, 5, 33]. The system tracked a set of joint locations in the stereo data,

assigning an agent to track each individual joint. Each of the joint agents knew how to seek

evidence for their location in the stereo video, and it also understood its physical constraints

with respect to its neighboring joint-agents. For example, elbow-joints can only bend in one

direction (one degree of freedom). To simplify the evidence-collection process, we used a

special suit with markers attached to each joint, such as wrists, elbows and shoulders. By

applying our system, we were able to estimate full-body motion in 3D space by using two

standard digital cameras.

2.3 Summary of vision-based human tracking with agent-

based approach

Vision-based tracking can be discussed as a processing structure: initialization, detection/registration

and tracking/estimation. Thus, each agent should be capable of these processes.

Initialization in vision-based tracking systems usually provides a correct interpretation of the

scene when the system is initialized. Normally, to initialize the analysis requires the definition

of a human body model, including features such as shape, appearance, kinematic structure

and initial pose to track [52]. Ideally, an agent should be able to self-start automatically.

In feature detection processing, pre-modeled features are extracted with certain extraction
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techniques as we discussed in the previous sections, and objects (or candidate models) are

formed with these features. These candidates are registered to existing objects, new objects

may be created, and objects that disappear from the view may be deleted at this stage. In

existing agent-based systems, sharing information between agents, self-updating, and even

re-processing issues are not fully resolved. This provides us motivation to build such a system

to enable these functionalities.

Normally, human tracking does not only rely on the feature detection because of noise, or

lose-detection for certain reasons, such as occlusion. Moreover, using the detection result

directly might also cause jitter (noise from image processing), which is a common problem in

vision-based processing. Using tracking and estimation approaches, such as trajectory-based

estimation, can help smooth the result, and it can also solve the problem when the system

fails to find any detections in the current frame. However, the tracking/estimation may also

cause problems in that the error may be cumulative. In agent-based systems, creating new

agents and updating existing agents must be addressed when building an intelligent system

for human tracking.



Chapter 3

Agent-based framework for human

tracking

As discussed in the previous chapters, human tracking is a complex task. There are various

approaches that have been developed and used for human tracking. Moreover, we also dis-

cussed the existing use of agent-based architectures for various vision-based human tracking

tasks. In this chapter, we introduce our novel agent-based framework, which simplifies this

complexity and facilitates the development of systems for human tracking.

3.1 A framework for agent-based human tracking

Generally, a framework is defined as a real or conceptual structure intended to serve as a

support or guide for the building of something that expands the structure into something

31
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useful (The American Heritage Dictionary). In agent-based systems, a framework is often

being used as a layered structure indicating what kind of agents can or should be built and

how they would interrelate [39, 45, 53]. Our framework provides such a structure supporting

the development of different intelligent object agents and their coalitions. We also provide a

recruiter/ advertiser agent to assist with communication among agents. Thus, we introduce

our framework on what kind of object agent should be included and how these agents would

collaborate with each other.

In our agent-based framework, we distribute the complexity of human tracking into agents

through multiple layers, and an agent will only function in its layer and collaborate with

agents in connected layers. For instance, low-level agents carry out basic vision-feature

extraction while intermediate agents request a proper combination of the low-level agents to

track a sub-object of a human body. The intermediate agents collaborate with each other

to form a high-level coalition, which combines these correlated intermediate agents into one

body or a part of a body. In this framework, a coalition is defined as a collection of agents

where an agent looks for another coherent agent (other agents) to join together for the same

purpose, and the confidence level of these agents increases as they are grouped by strong

coherence among themselves. More details of these components in this framework will be

discussed in this section and the following sections. In vision-based tracking, this coherence

can be temporal coherence or spatial coherence. The high-level agent uses a coalition or

coalitions of intermediate agents as evidence of its existence to track the targeted human

subject.
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Before introducing the design of our agent-based framework, we review the key properties of

an agent-based system. In any agent-based system, an agent is designed to be an intelligent

unit that uses embedded knowledge to reach its own goal, and this agent is capable of

reacting to the changing environments. An agent is a computational entity which processes

the following properties [47]:

• Autonomy : agents are capable of self-starting, independent processing and making

decisions without any intervention;

• Adaptation: agents are able to change their behavior with the changing of conditions

of the environment;

• Sociability : agents have the ability to interact and communicate with each other, which

provides a method to communicate with different agents.

In this section, we discuss our agent-based approach, including the Existentialist model,

which drives the agent’s main processing, and Job-Market model, which helps agents build

coalitions with each other. The existentialist model focuses on building an autonomous and

adaptive agent, and the job-market model intends to control the sociability of agents.

3.1.1 Existentialist Model

In our framework, an object agent represents an object being tracked instead of the processes

that track things. Object agents inhabit a hierarchy from low-level features, to tracked
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objects, to coalitions of other agents. The features can be low-level processed results, such

as skin-color blobs. In this dissertation, a color blob, which is represented as a rectangle,

means a group of spatially coherent pixels. The pixels in the same blob must have the same

label by applying connected component labeling approach. The color blob has two features:

the position of this cluster, which is the geometric center of pixels in this cluster; and the size

of the cluster, which is the total number of pixels covered in this cluster. The features can

also be motion vectors, the tracked objects can be objects in the real world, such as a moving

hand or a static head, and the correlated object agents combine together in representing the

tracked objects. The coalition (or a combination of coalitions) of object agents representing

required body parts represents a targeted human body. We call this an ‘existentialist’ model

because each object agent is constantly seeking evidence to justify or prove its own existence

from the feature space, and the high-level agent is also constantly seeking evidence to re-

organize the combination of the coalitions formed by intermediate agents. In the process of

initialization, each agent seeks such evidence by identifying feature groups that support its

presence. The evidence might come from:

• low-level features. e.g., a skin-color blob and the coherent motion vectors around it

becomes an apparently strong evidence for the existence of a hand agent;

• peers that are consistent with the agent. e.g., a hand having a strong coherence with a

head becomes a strong evidence that they belong to the same person, and it is also an

evidence that the person exists. Meanwhile, both the hand agent and the head agent

also find evidence for their own existence through this peer coalition;
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• higher-level coalitions in which it participates. e.g. an unproven hand candidate can

prove its existence by finding a strong coalition with an existing human agent.

Individual agent

Since object agents represent objects being tracked, each agent has to be embedded with

prior knowledge of the pre-defined characteristics of the target object that it represents. For

example, a hand agent represents a real hand in the world, and it knows that a spatial

skin-color blob and coherent motion vectors around this blob are necessary features, while a

human agent knows that it has one head and two hands.

When positive evidence is found, the agent employs the evidence to support its existence

and starts to communicate with its peers and higher-level agents to search for support. (We

will discuss our communication model in Section .) For example, an existing hand agent (we

will discuss about the creation of agents when we describe the agent at each layer) looks

for a skin-color blob with coherent motion vectors around it to provide evidence that it is

possibly a hand. Then, this hand agent starts to look for supports that include:

• spatial proximity. E.g., a hand agent receives support from a human agent close by,

but it won’t receive any support from any human agent far way.

• temporal coherence. E.g., a hand agent receives more support if it has higher temporal

coherence with a proved hand in previous frames.

If the agent receives enough support from its peer agents, the likelihood of its existence
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Figure 3.1: Individual intelligent agent.

increases, and an inter-connection is built between this agent and the agents that provide

supports. However, an agent might compete with other agents for limited positions. For

example, a human agent normally only allows two coherent hands in each frame, but there

are possibly more than two hand agents that want to build a coalition to take the positions

from this human agent. In this case, these hand agents have to compete for the two positions.

If an agent is beaten by another agent, the winner will take the position, and the others have

to search for other opportunities or look for more evidence to win.

An object agent might also receive feedback from higher level agent. For example, a hand

agent employs a skin-color blob as the evidence of its existence, but the spatial or temporal

prediction of the hand agent and the detection result of the skin-color blob might conflict.

Thus, the hand agent will ask the skin-color blob agent to update its detection results.

Theoretically, the interpretation of a real hand and the updated detection result from the

skin-color blob should converge after several feedback-update iterations by removing those
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ambiguities that constantly have conflicts. But, noise or other ambiguities in vision pro-

cessing may cause problems. Figure 3.1 shows the capability of an individual agent in our

framework.

Coalition

A coalition can be treated as an action or process of joining agents with others for a common

purpose. Thus, the coalition in our framework is defined as a process that object agents,

such as a hand agent and an arm agent, actively join together to track a part of a human

body. By joining together, the evidence of existence of each object agent in this coalition is

strengthened, thereby increasing the possibility of being used by a higher-level agent. How-

ever, the confidence of existence of an object agent will decrease when leaving the coalition,

which is similar to the negative correlation in Rosenfeld’s relaxation process [61].

All the object agents in a coalition should have obligations that:

• each agent should constantly seek evidence of its existence thereby increasing the con-

fidence of the whole group;

• agents should be able to take feedback from their confederates and reprocess to enhance

the support of other members;

• agents should be responsible to protect their confederates by preventing any ambiguous

object agent from joining the coalition;
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• agents should be responsible to remove any member that cannot contribute to the

coalition and find other agents for reinforcement.

In this framework, an object agent forms a coalition with other object agents:

• when there is no coalition or no proper coalition to join:

– it seeks for another temporally and spatially coherent agent (other agents) that

does not belong to any coalition to join together;

– if no such agent exists, it will keep seeking and might be used without a coalition.

• if there is a coalition that is suitable for this agent:

– it applies to join the coalition;

– all the members already in the coalition vote to decide whether to accept or to

decline this application;

– the decision is positive if : (1) there is no conflict with members in the coalition;

and (2) the confidence of members in the coalition increases by accepting this

agent.

An agent might leave its current coalition when the others are not being used by the higher

level agents, because it cannot receive any positive support from its peers in the coalition.

An agent will stay in the coalition when it is beneficial to have a high priority to be used by

a higher level agent, or to increase the possibility of being used by preventing ambiguities
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joining the coalition. A stable coalition will not have its members leaving or new mem-

bers joining into frequently. However, members in a coalition may replace one member by

employing a better applicant, when:

• the member in the coalition is not being employed by the higher level agent;

• the applicant with the same type was employed by the higher level agent;

• the coalition might break if no one is employed;

• an individual agent does not have a consistent tracking result (normally noise).

The communication between agents is assisted by the job-market model that we will discuss

in Section 3.1.3.

Low-level agent’s processing

A low-level agent is designed to extract features directly from a video frame. For example,

a skin-color agent clusters all spatially coherent skin-color as its evidence of existence. Typ-

ically, low-level agents are initialized or pre-built before processing starts. The number of

agents and their processing algorithms are predetermined. The low-level agents do not com-

municate with their peers in the same layer except during initialization. Figure 3.2 shows

the processing component of a low-level agent. Generally, a low-level agent seeks results

from image processing (such as color filtering) as its evidence and use its embedded a priori

knowledge to provide detection results (such as a color blob). This agent waits to be used
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by an intermediate agent. If it is selected by an intermediate agent, the intermediate agent

provides feedback that consists the spatial and temporal prediction from this intermediate

agent. The selected low-level agent uses the feedback as a new constraint to reprocess in

the local area, which includes its detected area in previous iterations and the predicted

area provided by the intermediate agent. The reproduced detection result is updated as

the new detection result of this low-level agent, and the new detection result is sent to the

intermediate agent that hires it.

Rosenfeld et al. [60] introduced an iterative processing approach that maximized the global

confidences in assigning labels to image features. In this relaxation approach, a non-linear

operator was defined as:

pk+1

i (λ) = pki (λ) + qki (λ) (3.1)

where pki (λ) represents the probability of labeling the ith object with label λ at the kth it-

eration. qki represents an update based upon confidences in neighboring objects and their

correlations. In our approach, qki is the feedback. In Rosenfeld’s work, a pre-fixed pairwise

correlation between objects is defined, but estimating these correlations and initial prob-

abilities is a known problem with Rosenfeld’s work, as is the enormity of the relaxation

computation. The correlations between object agents in our approach are binary. For exam-

ple, a hand and arm may be correlated, and an arm and torso, but not a hand and a head.

The low-level agent can only be used by an intermediate agent with which it is correlated.

Being employed by an intermediate agent provides a positive value of qi, otherwise, negative.

Positive feedback enhances the agent to keep updating based on current evidence. We will
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show an example in which a skin-color agent updates its result when it receives feedback

from a hand agent in next Chapter. When an agent receives negative feedback, it seeks other

available evidence locally to update.
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Update results

Seeking evidence

Priori knowledge
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Figure 3.2: Processing of a low-level agent.

It is hard to manually assign the exact number of agents and their initial positions. In our

design, each low-level agent is assigned automatically to an extracted feature at the beginning

of processing. For example, a Gaussian color model is applied to classify the first original

frame into skin-color pixels and non-skin-color pixels. A skin-color blob agent clusters all

spatially coherent skin-color pixels and builds a blob. If this blob has been used by another

skin-color agent, the agent will go to check the next available blob in this frame. If the

skin-color blob agent finds an available blob, it uses this blob to initialize itself. Otherwise,
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this agent will keep looking for an available blob in the next frame.

After a low-level agent is initialized, it will search features in a constrained area instead of the

whole image. This constrained area is updated by the temporal prediction of the low-level

agent plus a certain offset allowance. If an initialized low-level agent cannot find any feature

in the current frame, it uses its trajectory to predict a new position. Otherwise, the agent

uses the real detection result and labels the result as ‘detection’. This approach allows us to

handle the merging, splitting and disappearance of features in the frame sequence.

Intermediate agent’s processing

An intermediate agent is designed to associate low-level agents with an object/sub-object

being tracked. In the same way as a low-level agent, an intermediate agent automatically

initializes itself by finding possible associations among candidates provided by the low-level

agents, in the starting frame. For example, we have an intermediate agent to track a hand

of a human. This hand agent looks for an available skin-color blob (with certain size) as its

initial information, and it may also take a set of coherent motion vector agents around this

blob, which indicates that this hand is in motion.

After an intermediate agent is initialized, it starts looking for evidence of its existence in

consecutive frames. Based on the trajectory of the object represented by an agent, the agent

will predict the position and velocity of its object in the current frame, which we call an

estimation. In the rest of this dissertation, when we use the term ‘estimation’, it means a
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spatial prediction combined with a temporal prediction. An intermediate agent will only

consider the coherent candidates (e.g. color blob agents and motion vector agents), and it

will use one or a combination of these candidates. The low-level agents labeled as ‘guess’ will

only be used when there is not a coherent and available one labeled as ‘detection’. When

an intermediate agent finds evidence from low-level agents for its existence, it starts looking

for its peers in the same layer to form a coalition to enhance the evidence of their existence.

For example, a head agent will form a coalition with a torso agent, which is connected or

close enough to this head agent. And a head normally appears on the top of a torso. But it

will never form a coalition with any torso agent that is far away. If an intermediate agent

can build such a coalition, this agent will be labeled as ‘grouped’, otherwise, ‘up-grouped’.

All the agents in this group will be maintained by each agent in this group.

When an intermediate agent uses the processing results of certain low-level agents, it can

send these agents feedback and ask them to update. It also waits to be employed by a high-

level agent. If it is employed, this intermediate agent is going to wait for the feedback from

the high-level agent who hires it. We will discuss this employment-update process further in

a later section. Figure 3.3 shows how an intermediate agent functions.

High-level agent’s processing

A high-level agent is designed to represent a human being tracked. Typically, a high-level

agent uses a coalition or a combination of a set of coalitions to represent a human body.

For example, there is a coalition of a torso agent and a head agent, and this coalition is
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Figure 3.3: Processing of an intermediate agent.

temporally and spatially coherent with the human agent. In this case, the human agent will

use this coalition, which can be evidence of an upper body.

In our approach, a high-level agent is manually initialized at the beginning of processing,

including the skeleton and the expected position of each body part. Each high-level agent is

assigned to one targeted person to track. Figure 3.4 shows how a high-level agent functions.

A high-level agent seeks coalitions of intermediate agents as evidence of existence. However,

it may also need to employ an individual agent that does not form a coalition with any other

agent. When the high-level agent employs any intermediate agent, it can send a request to

this agent to ask for an update.
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Figure 3.4: Processing of a high-level agent.

3.1.2 Our framework

Our framework is constructed with various intelligent agents, which we have introduced

in the previous section. In this section, we introduce our agent-based framework, which

is embedded with three-level agents: low-level agents, intermediate agents and high-level

agents. Figure 3.5 illustrates the design of our framework. In this framework:

• low-level agents represent the basic features extracted from original frames in video
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Figure 3.5: Agent-based framework for vision-based analysis.

analysis. Required processing, such as clustering, is also embedded within these agents.

For example, we might have a skin-color agent to provide skin-color blobs in each

frame. The skin-color agents grab frames and label all possible skin-color pixels in the

current frame, and cluster these pixels into a set of skin-color blobs. The low-level

agents provide the lowest level interpretations, and they do not communicate with

their peers. In the same example, a skin-color agent only knows there is a skin-color

blob, but it doesn’t know whether this blob is a hand, a head or any other object
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that has a similar color. A low-level agent also takes feedback from an intermediate

agent to re-do analysis to improve the results to meet the requirement from a certain

intermediate agent. This feedback between different levels of agents will be discussed

in next section.

• intermediate agents represent objects in the scene, such as hands or heads. These

agents have a higher abstraction than low-level agents. The intermediate agent seeks

evidence from low-level agents to support its own existence (dashed arrow in Figure

3.5). Meanwhile, it also looks for strong coalitions with its peers (peer confirm arrow

in Figure 3.5). For example, a hand agent can seek to validate its existence by finding

evidence of a skin-color blob and coherent motion vectors around it, which are provided

by low-level agents. It can also prove its existence by building a strong coalition with

an arm agent. Additionally, an intermediate agent also looks for coalitions with its own

historical evidence (self confirm arrow in Figure 3.5). For example, with the estimation

from previous frames, a hand agent knows that the hand should appear at a certain

position in the current frame. If this estimation proves true, then it is important

evidence for a hand agent to help validate its own existence.

• high-level agents represent high-level coalitions of objects, such as humans which can

be simply constructed with two hands and a head. The high-level agent seeks evidence

among objects with strong evidence of existence (which are represented by intermediate

agents), and builds coalitions among these objects. A stronger coalition among objects

provides a larger likelihood of the existence of a human body. As with intermediate
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agents, the high-level agent can support its existence by self-confirmation and peer-

confirmation (shown in Figure 3.5).

Within this framework, an agent is not only an intelligent processing unit, but also an active

individual that seeks evidence locally (with its prediction) from lower or higher level existence

and cooperates with its peers to provide strong evidence for its own existence. Although the

relaxation labeling approach provides an iterative algorithm that uses contextual information

to reduce local ambiguities [11, 61, 88], it computes in a global area (the whole image) that

requires much unnecessary computation. In our approach, each agent only searches locally,

instead of in the whole image, which avoids unnecessary computational costs, and the job-

market model, which is introduced in the next sub-section, provides a method for an agent to

select the best candidate. However, it is not guaranteed that the agent representing the real

targeted object will be employed every time because of the similarity between the targeted

object and the object(s) around. We will show these cases with our experiments in next

chapter.

The existing evidence of such an agent also helps higher level units to construct stronger

coalitions. The lower level agents in the bottom layers (Figure 3.5) of this framework focus

more on local processing to provide basic feature evidence. The higher level agents in the

upper layers (Figure 3.5) employ more coalition processing to construct higher abstraction

relationships among coherent objects.
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3.1.3 Communication Model

As we have described in the previous section, our agents are intelligent objects representing

meaningful objects in vision tracking, and the agents are capable of exchanging information

with each other to build coalitions that support their own processing. Then the question

becomes: how should these agents cooperate with each other to accomplish their goal?

Within the existentialist model, when an agent wants to derive evidence form low-level

objects, it generally acts in two ways: (a) the agent is looking around to observe if there

is any existing and coherent group to join to gain higher confidence in its existence, and

(b) an existing group is also looking around to find certain agents to further support the

group’s existence. These activities are quite similar to someone looking for a job and some

companies looking for certain employees to fill open positions. So, we decide to investigate

a ‘Job-Market’ model in social economics to establish the agents’ communication model of

our tracking system.

Job Market Model in Social Economics

There are generally two groups [28, 67] in a job market: (1) individuals (applicants/employees)

with certain productive capabilities, who want to optimize among different offered wages and

investment costs, and (2) employers (firms) with certain conditional probabilistic beliefs, who

want to have qualified employees to fill a set of open positions. In Spence’s model [67], an

individual takes further education as his investment costs, and the offered wage is what he
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will gain. However, more education might not bring more improvement of the productive

capability of individuals. On the other hand, because an employer does not know the pro-

ductive capability of any applicant before observing him after hiring, the hiring decision is

treated as his investment cost. The employer benefits from the productivity of hired indi-

viduals. And both individuals and employers want to maximize their difference between the

investments and benefits [67].

Typically, a job-market model defines employer and employee as following:

• An employer has one or multiple open positions that need to be filled by employing

qualified individuals, and he also wants to have these open positions to be filled quickly.

Moreover, the employer is able to fire current employees if he finds that there are better

applicants existing in the employment market and the current position cannot be filled

with those applicants without releasing the position.

• An employee (applicant) is looking for available positions and applies for what is cur-

rently the best position to get himself employed. And an employed worker is also

capable of changing his job to improve his career development. Moreover, an employee

is able to improve his own ability (such as pursuing higher education) to develop himself

for better positions [28].

The key in a job market is to build an equilibrium between the investment costs and the

benefits for both employer and employee. Spence described this relationship as informa-

tional feedback in a job market over time, as shown in Figure 3.6. In this feedback loop,
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Figure 3.6: Informational Feedback in Job Market, by Spence, 1973 [67]. Used under fair
use guidelines, 2011.

the employer has a prior estimation of the quality of the applicants for the open positions

(conditional probabilistic beliefs), and he posts the descriptions of those positions to attract

qualified applicants (offered wage schedule). When an applicant notices the updated posting,

he evaluates the position by the following equation:

f = f1(requirement, resume) + f2(description, interestrate) + f3(wage, cost) (3.2)

The applicant will decide to apply for a certain position when he believes he can maximize the

benefits from qualification (f1), interest (f2) and salary (f3). An applicant can also choose

to improve his competitiveness for a position, which he has more interest in. The employer
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gets new market information by hiring and observing the productive capabilities, and his

conditional probabilistic beliefs are adjusted. Meanwhile, a new round of adjustment starts.

The employer is self-confirmed when his conditional probabilistic beliefs are not challenged

by the latest updates after certain iterations.
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Figure 3.7: Informational Feedback in Agent-based Framework.

After studying Spence’s job market model, we notice the correspondence between this model

and the coalition we mentioned in Section 3.1.2. In this section, we are going to apply

this model to our agent-based framework for human tracking. Obviously, following the job

market model as described above, we also need to define two kinds of basic coalition agents

in our tracking system, and they perform similar informational feedback shown in Figure

3.7:

• Employer-agent. This agent, which functions in the role of an employer, exists all
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the time during the processing to help individual agents build proper relationships

with each other when they need to have other objects filled in to form up a higher-level

coalition. For example, a human agent has two symmetric arms, two legs and one head

connected to the same torso. When this human agent needs to prove its existence, it

needs to employ two arms, two legs, one head and one torso, which are qualified with

the temporal and spatial correlation. At this point, the human agent assumes the role

of an employer agent to ‘employ’ two coherent arm agents, two leg agents, a head agent

and a torso agent. This agent posts a requirement (such as requesting a head), and

waits for the best fit to this request. When the position is filled, this agent updates its

prediction and performs the next iteration. Moreover, the body part agents can also

perform as employer agents. For example, a hand agent employs a certain connected

skin-color blob to represent a possible hand candidate. An employer agent always has

open positions with special requirements and looks for qualified employees to have

himself best fit to its prediction. When the employer agent is not satisfied with any

current employed agent, it is possible to fire the agent when it finds other more qualified

candidates to fill the position.

• Employee-agent. This is another agent, that functions in the role of an employee

and exists all the time during the processing to help individual agents build proper

relationship with each other when they need to find a job (open position to take) to

form up a higher-level coalition. Different from the employer agent, the employee agent

plays the role of being employed by the employer agent. When this agent is informed
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that there is an open position request, it evaluates the requests and the capability of

itself. If it fits the requirements, it applies for the position. Otherwise, it may perform

more processing to improve the feature of itself to be able to fit the position request. As

in the example above, the hand agent performs as an employee agent and contacts the

the proper human agent when the hand agent believes that it is suitable to be the hand

of the human being. Generally, each employee agent has various abilities/knowledge

and looks for a suitable position to get itself filled into a position, and the employment

will support the existence of the employee agent. When the employee agent believes

that it is not suitable with current position, or that if it receive a better offer from

other employer-agents, it is possible for the employee-agent to switch jobs and joins a

better high-level coalition.

However, we might notice that each agent is changing its role between employer and employee

during the processing. For example, a hand agent is an employer agent when it employs skin-

color blobs to support its existence, but it becomes an employee agent when it is employed

by a human agent to form a high-level coalition. So, we need other job-signaling agents to

help with the role switching. In this job signaling analysis, the recruiter/advertiser agent is

used to assist with hiring activities, and it will not make any decision on hiring or not hiring.

Thus, we define following agents to assist with this processing:

• Recruiter agent. The recruiter agent is an agent that helps employer agents fill the open

positions with qualified employee agents quickly (head hunt), and also helps employee
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agents, who are requesting to be hired, to fill certain open positions (job hunt) quickly.

Although this recruiter agent helps in processing, it incurs a performance overhead

over just having the employer and employee agents communicate directly. Actually,

recruiter agent is not a necessary part during the processing, if there are not too many

idle agents.

• Advertiser agent. The advertiser agent provides a place for employer and employee

agents to post requesting information, especially when they do not know who will

be the proper candidates: an employer agent posts his open positions with specific

requirements; an employee agent submits his ‘resume’ which describes his capability;

and, a recruiter agent monitors the resume pool to help build a connection between

the employer agent and the employee agent, unless they have already created this

connection.

3.2 Implementation of Our Agent-based Framework

In this section, we introduce the implementation of the framework with the agents discussed

in previous sections. Figure 3.8 describes how we implement the framework, which we

introduced in Section 3.1. An intermediate agent seeks evidence from low-level agents and

provides its estimation for its own existence. Then, it checks with the recruiter/advertiser

(R/A) agent to find if there is any open position that it fits. If it fits the requirement, it

applies for an interview (evaluation) from the high-level agent who provides this position.
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Figure 3.8: Implementation of agent-based framework for vision processing.

When it receives the positive confirmation (offer) for the position, it evaluates and decides

whether to take the offer or not. This processing is shown as the flowchart in Figure 3.9. If

there is no open position in the R/A agent, this intermediate agent will post its properties

to the R/A agent and wait for a high-level agent to release a position. If an intermediate

agent receives more than one offer, it will compare them and take the best offer. If the

intermediate agent is rejected after the evaluation from the employer agent, it goes to seek

more evidence to improve its qualification for the position and wait for the next round of

evaluation.

On the other hand, when a high-level agent needs to find an object to fill its open position, it

goes to check with the advertiser agent to see if there are any unemployed individuals that fit
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the position. If so, the high-level agent provides an interview opportunity to this individual

and evaluates its properties. After the evaluation, the high-level agent decides whether to

provide an offer or not. When the applicants accept the offer, the high-level agent updates

its prediction and starts another informational feedback loop (shown as flowchart in Figure

3.10).
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Figure 3.9: Flowchart of the intermediate agent’s processing.
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3.2.1 The agent’s processing

In our framework, knowledge is pre-built in each agent, including the type of object it

represents, the format of results it generates and the processing functions it uses. As an

agent knows what type of evidence (such as a color blob) it needs to support its existence,

the agent has a set of built-in functions to compute this evidence and to provide its own

analysis result. The format of the result produced by an agent can be described by the

ordered pair:

< agt id, < detection >>

< detection >=< frm id, obj type, dat type, < data >,< coa list >>

where agt id identifies the agent that produced this record. frm id indicates the indices of

frames of the video. obj type specifies the type of object that this agent represents. The value

of obj type is an integer, and the value table is pre-defined before processing is initialized.

The pre-defined value table contains all the values used for obj type. dat type is the type

of the result data, e.g. a blob or a vector. This value is also stored as a table of integers.

< data > indicates the processing result, including the position in the current frame and the

vector of the velocity calculated based on the previous frame. < coa list > is a list of all the

agt id of agents that forms the same coalition.

A higher level agent (intermediate or high-level agent) also produces a prediction result that
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can be described by the ordered pair:

< agt id, < estimation >>

< estimation >=< frm id, obj type, dat type, < data >, err >

where agt id, frm id and dat type are the same as before. < data > represents the prediction

results, and err specifies the maximum permissible error. In this approach, we use the

Euclidean distance to compute the spatial difference between the estimation and detection

results, and we use the angle between the vectors to compute the temporal difference.

By applying the job-market model, it is possible that multiple applicants apply for the same

position, and multiple positions may be offered to the same applicant. If more than one

applicant applies for the same position, the provider of this position will evaluate these

candidates with the difference between the estimation of itself and the provided result from

each applicant. Similarly, an applicant evaluates the error to the estimation from the job

position provider, when it receives more than one offer (interest and salary, which are f2 and

f3 in Equation 3.2).

3.2.2 The agent’s communication through R/A agent

As we apply the job-market model to our framework, we have to build a format for agents to

exchange their prediction and results, including posting an open position and sending request
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for a position. All the agents are registered to the R/A agent before processing, including the

ID and the layer information of each agent. Stacks (LIFO) are used in advertiser/recruiter

agents to store the posting requests. We use stacks (LIFO) because we assume that the

more qualified candidates always come late, because they require more processing, which is

the same as Spence’s theory that higher education normally takes extra time (cost). When

an object agent is looking for a vacant position, it sends its current processing result to the

R/A agent:

< agt id, < detection >,< rqt list >>

where < rqt list > is a list that indicates the suitable types of positions for which it can

apply. The rest is the same as before. When a higher-level agent has an open position

and wishes to hire an agent at the lower layer, it sends its prediction and a list of suitable

candidates to the R/A agent, as follows:

< agt id, < prediction >,< rqt list >>

The applications for a position are stored in resume stack, and the requests for an employee

are stored in job stack, both of which are maintained by R/A agent. If neither of these two

stacks is empty, the R/A agent starts to find possible applicants in resume stack based on the

requirement in job stack. For example, a hand agent has posted its resume to the R/A agent

(resume stack) as < agt 1, < frm 30, hand, circle, x0, y0, r0 >,< null >>, which indicates

that a hand agent (agt 1) finds evidence in the 30th frame and generates a hand object (as a
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circle < x0, y0, r0 >). It does not have any coalition yet. A human agent also posts a position

to the R/A agent (job stack) as < agt 10, < frm 30, han, circle, x1, y1, r1 >,< err >>),

which indicates that a human agent (agt 10) has an open position for a hand at the 30th

frame, and its prediction is a circle (< x1, y1, r1 >) with an error of err. Then, the R/A agent

evaluates these two posts by: (1) if the frm id and obj type matches; and (2) if the distance

between < x0, y0, r0 > and < x1, y1, r1 > is less or equal to err. When both (1) and (2) pass

the evaluation, the R/A agent will send the ID of these qualified agents (qualification, which

is f1 in Equation 3.2) to each other to build a direct connection between them.

When an agent wants to construct a coalition with other agents at the same layer, it sends

request to the R/A agent, and the R/A agent will send correlated information from agents at

the same layer back. The only difference is, to find an applicant or a position, the R/A agent

will help building a connection between agents at different layers, and to form a coalition,

the R/A agent will help build a connection between agents at the same layer.
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Figure 3.10: Flowchart of the high-level agent’s processing.



Chapter 4

Application of an agent-based

framework for human tracking

In the previous chapter (Chapter 3), we introduced the theoretical model of our agent-based

framework. In this chapter, we introduce our application of this framework to real processing

problems. First, we will use one of the AFIT (Air Force Institute of Technology) datasets

(AFIT-06012004) to demonstrate the use of our framework. We will then discuss more results

with other data sets.

4.1 AFIT-06012004 data description

The AFIT dataset contains meeting room-type data, typically involving 5 to 7 individuals

in discussion around a table. Figure 4.1 shows the 5-people configuration of the meeting

63
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room. The five participants are labeled as C, D, E, F , G in the meeting video. Ten

cameras, labeled C1, C2, C3, C4, C5, C6, C7, C8, C9 and C10, are permanently installed in

the ceiling to record the meeting events simultaneously. This setting is guaranteed to have

each participant captured by at least two cameras at any time in the meeting video data.

Eight Vicon infrared cameras are installed in fixed positions on the ceiling in the meeting

room, which are not shown in the figure. These infrared cameras track reflective markers

worn on targets to provide 3D motion data as ground truth for vision analysis. T1 and T2 are

two table microphones to record speech. In this example, our goal is to track torso, hands

and head of target E.

E

C D

G F

T1 T2C1

C2

C3 C4
C5

C6

C7

C8C9

C10

E

F G

C D

Figure 4.1: Meeting room configuration of AFIT data capture.
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The AFIT data was captured for the Video Analysis and Content Extraction (VACE) R&D

Program. The data was captured synchronized multimedia data (10 pair-wise stereo cali-

brated cameras, wireless fixed-distance directional microphones, table-mounted microphones,

and a system of Vicon infrared 3D motion trackers) of the proceedings in the meeting room.

The subjects in the meeting were instrumented non-obtrusively with infrared-reflective mark-

ers so that we have truth data for upper-body motion, including head orientation, shoulder

orientation, torso orientation and hand motion.

Subject E

Figure 4.2: Frame from camera 3 (C3) of AFIT data 06012004.
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4.2 Use of our agent-based framework

We use the video captured from camera 3 (C3, shown as Figure 4.2) to illustrate the frame-

work implementation. We analyze the motion of subject E in this video. In this section, we

explain the design of the low-level agents, intermediate agents and high-level agents for this

video.

4.2.1 Low-level agents

We introduced various feature extraction approaches in Chapter 2. In this demonstration,

we use three kinds of features: skin-color blobs, blue-shirt blobs and motion vectors. In this

part, we introduce these three low-level feature agents.

Skin-color agent / Shirt-color agent

Gaussian color models are commonly used to generate various color blobs, such as skin-color

[82], and other specific colors [18, 19]. A multivariate Gaussian distribution model [82] was

applied to extract skin-color for facial recognition. However, this model is limited because the

model is pre-trained under fixed lighting conditions. Lighting changes can break the model

in the course of a long data capture session vision processing. An adaptive modification of

this color model was introduced by Xiong et al. [80]. Although this model was introduced to

produce skin-color blobs, we showed that it can be used for other color blobs as well [18, 19].

The adaptive color model adds an automatic adaptive strategy that uses the sampling,
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filtering and automatic updates to solve the lighting-change problem. Typically, a Gaussian

color model (N(µ, σ)) must be trained with a sample set of required color pixels. As discussed

in [80], signal noise can affect the modeling results. Furthermore, since we use the Gaussian

distribution to process image frames, some areas, which have strong correlation with the

color model, may also be treated as skin color even with careful sampling.

Based on the skin color model presented by Yang et al. [82], the color model is built in

normalized RGB space, where r = R
R+G+B

, g = G
R+G+B

, and r+ g + b = 1. Thus, the model

takes the form of a two-dimensional Gaussian distribution as Equation 4.1 in normalized

r − g space presented by N(µ,Σ).

p(x) =
1

2π|Σ|1/2
exp[−

1

2
(x− µ)TΣ−1(x− µ)] (4.1)

where x represents (r, g)T in sample sets, µ is the mean vector, and Σ is the covariance

matrix of the color model. The modeling follows Equation 4.2 to learn the initial model

using maximum likelihood estimation (MLE).



















µ = 1

n

∑n
k=1 xk

Σ = 1

n

∑n
k=1(xk − µ)(xk − µ)T

(4.2)

When we learn the color model, we separate each pixel into a pixel contained or not contained

in the color model in the current frame in the normalized color space according to the
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Gaussian probability filtering:

P (x) = exp[−
1

2
(x− µ)TΣ−1(x− µ)] (4.3)

where x is a (r, g)T value of each pixel, and P (x) represents the likelihood that this pixel fits

the model. We use the Monte Carlo method based on these probabilities to gain the interest

points in each frame. After this filtering, we separate the pixels into two groups depending

on whether they belong to the color model or not. Then, we use the pixels that belong to

the color model to update the previous color model. In our experiment, we use all the pixels

that fall within two standard deviations.

The skin-color agent and shirt-color agent are built upon this adaptive Gaussian model. The

agent takes the consecutive frames as input, and filters and clusters the pixels into blobs.

The skin-color agents are shown in Figure 4.3 (a), and the shirt-color agents are shown in

Figure 4.3 (b).

(a) (b) (c)

Figure 4.3: Low-level feature agents. (a) The skin-color agents; (b) The shirt-color agents;
(c) The VCM agents.

In the processing, a skin-color blob agent and a shirt-color agent process their result and
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save them as:

< agt id, frm id, skin, circle, < x, y, r >, null >

< agt id, frm id, shirt, circle, < x, y, r >, null >

Motion vector agent

The vector coherence mapping (VCM) algorithm extracts motion vectors from the source

video and clusters them into spatially and directionally coherent vector clusters [2, 18, 58].

VCM is a parallel algorithm for motion tracking, which can extract spatially and temporally

coherent vector fields from raw video. VCM falls into a category of vector field computation

that are deemed to be region-based [2, 58]. This approach transparently incorporates the

various local smoothness, spatial and temporal coherence constraints by the application of

fuzzy image processing techniques to compute an optical flow field (vector field) from a

video image sequence. A weighted voting process in local vector space is applied to obtain

the vector field. The fuzzy voting process permits the addition of a variety of constraints to

the flow field by applying a set of biasing-templates to influence the vote. Such templates

may be derived from motion history (temporal templates) or color distribution in the video

frame. VCM applies an agglomerative clustering procedure that groups vectors into sets

that are spatially close and directionally coherent.

Figure 4.4 illustrates how our VCM agent applies a spatial-coherence constraint to minimize

the directional variance. Suppose we have three interest points detected across two con-
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Figure 4.4: Vector Coherence Mapping [2].

secutive frames, shown as P1, P2 and P3 in Figure 4.4. The shaded squares at the top of

the figure represent the locations of three feature points at time t, and the shaded circles

represent the corresponding position of these feature points at t+1. If we assume that these

three interest points have equal correspondence in the frame t + 1, the matching based on

correlation of these interest points would provide three possible candidates, shown as the

middle frames in Figure 4.4, which are marked as N(p′1), N(p′2), and N(p′3) (each frame,

called a normal correlation map (NCM) is centered on the corresponding interest point). By
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using this weighted summation of neighboring NCMs, the vector that minimizes the local

variance of the vector field can be obtained [58], shown as the bottom frame in Figure 4.4.

Meanwhile, by maintaining a history of vectors extracted from previous frames, VCM is able

to estimate the termination point of the next vector by applying a constant acceleration

assumption [58]. Quek and Bryll used this temporal estimate to bias the vote to pick a

vector that maximizes both spatial and temporal coherence from the resulting vector field.

The final step in the VCM approach is an agglomerative process, by which vectors computed

in each video frame are grouped into spatially clustered and directionally similar groups.

Our motion vector agent employs the VCM algorithm, and uses the grouped vectors to

represent the candidates for the motion vectors in each frame, shown as Figure 4.3 (c). In

the processing, a VCM agent processes its result and save them as:

< agt id, frm id, vcm, vector, < sx, sy, ex, ey >, null >

4.2.2 Intermediate agents

We have torso agents, hand agents and head agents as our intermediate agents. As we

explained in the previous chapter, these agents represent possible objects in the real world.

In this section, we explain how we define these agents and their coalitions.
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Figure 4.5: Applying agent-based framework for human tracking.
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Hand agent

The human’s hand can be described as a skin-color object. When it starts moving, a set of

coherent motion vectors should be detected around this object. A hand is a part of a human

being, so it should have certain coherence with the human body. Thus, we define our hand

agent as an object, which has a pre-defined size, covered by a skin-color blob and probably a

set of motion vectors around this blob. Meanwhile, this object should have a temporal and

spatial coherence with a torso or a head.

In the processing, a hand agent evaluates all of the skin-color blob candidates, which are

provided by the R/A agent (as we introduced in the previous chapter), for its evidence of

existence. Before the evaluation, the hand agent predicts its position and velocity vector for

the current frame as:

< agt id, frm id,< circle, vector >,< x, y, r, sx, sy, ex, ey >, err >

The hand agent compares the difference between its prediction and the results from all

the candidates. During the evaluation, the job-market model is applied. The hand agent

searches the list of all the proper blob candidates and decides whether to hire or not to hire.

The candidate with the minimum error will be employed. If there is no candidate fit for

the requirement, the hand agent waits for a proper one to be provided from the R/A agent.

When a hand agent finds sufficient evidence to suggest its presence, it confirms with the

hand agents from previous frames to find temporal coalition evidence (self-confirm), and it
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also confirms with the torso agents to get spatial coalition evidence (peer-confirm), which is

shown in Figure 4.5. When a hand agent finishes finding this feature evidence and coalition

evidence, it completes the first round building of itself. Figure 4.6 (a) illustrates the hand

agents after the first round estimation. Then, the hand agent looks in the R/A agent to find

a torso agent to form up a coalition. To form up this coalition, the hand agent and the torso

agent should be temporally and spatially coherent with a head or torso agent. If it builds

the coalition, the IDs of these agents are added to the coalition list. Otherwise, the coalition

list is empty.

At this point, the hand agent starts looking for the R/A agent to see if there is any open

position from some human agent to which it can apply. If there are no open positions, it

will post its processing results to the R/A agent and wait for an open position. The hand

agent posts its possessing result as:

< agt id, frm id, hand,< circle, vector >,< x, y, r, sx, sy, ex, ey >,< agt id0, agt id1, ... >>

If there is a proper position, but the hand agent does not fully meet the requirement, it will

seek more evidence from its peers or the lower level feature agents to improve its estimation.

For example, a human agent requires a moving hand with certain spatial and motion direction

estimation. If a hand agent has enough evidence for the position requirement, it needs to

seek evidence from motion-vector agent for support to fully meet the requirement for this

open position requirement. However, it is still possible for this hand agent to be employed
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even though it did not find motion vector support. We will discuss this case in the high-level

agent’s section.

(a) (b) (c)

Figure 4.6: Intermediate agents. (a) The hand agents; (b) The head agents; (c) The torso
agents.

Informational feedback

In Spence’s job market model, an important issue is informational feedback. Generally

speaking, there are two kinds of feedback in this process. By observing the capabilities of the

employee, the employer changes its prediction. The other is the requirement from employer

for certain positions that probably require the applicant to improve his qualification status.

Figure 4.7 illustrates one use of this informational feedback.

In this example, a hand agent has an open position that needs a skin-color blob to cover most

of this area, shown as Figure 4.7 (a). A skin-color blob agent has its original detection result

shown as Figure 4.7 (b). At this moment, this skin-color blob agent does not fully meet

the requirement for the position, so it takes more analysis (such as re-processing with the

same Gaussian model) to see if it can improve the strength of its evidence. When the skin-

color blob agent finds enough evidence, shown as Figure 4.7 (c), it fully meets the position
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requirement and applies the position. This provides a higher probability for this skin-color

agent to win the competition for this job.

(a) (b) (c)

Figure 4.7: Informational feedback of agent’s re-processing. (a) The open position for hand;
(b) The evidence of a color blob agent; (c) The re-processing result of the color blob agent.

Head agent

As with the hand agent, a head agent also seeks all the skin-color blobs, which are spatially

and temporally coherent with its history, for its feature evidence of existence. However,

unlike hands, a head normally will only appear on the top of the torso agent, and this

spatial condition normally does not change (unless there is perspective effect). Thus, the

head agent has to find enough peer-evidence provided by torso existence. Another difference

in this meeting analysis between hand agent and head agent is that a hand can move rapidly,

but a head will not.

When the job-market model is applied, the head agent searches the job wanted postings for

proper blob candidates and decides whether to hire or not to hire. If no candidate fits the

requirement, it posts its prediction for the required skin-color blob to the board, and waits

for a proper one to apply. Meanwhile, this head agent also requests a correlated torso to form
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up a tight coalition. When the head agent provides supporting evidence for its existence after

the first round estimation, it posts its information to the job-wanted postings, and waits for

a high-level agent to release an open position. Figure 4.6 (b) illustrates the head agents after

the first round. In the processing, a head agent provides its prediction result and processing

result to the R/A as:

< agt id, frm id,< circle, vector >,< x, y, r, sx, sy, ex, ey >, err >

< agt id, frm id, head,< circle, vector >,< x, y, r, sx, sy, ex, ey >,< agt id0, agt id1, ... >>

Torso agent

We will just briefly introduce the torso agent because it is similar to the head agent except

for the feature part. A torso agent seeks the shirt-color blob for its feature evidence and at

least an adjacent hand and a head as its coalition evidence. Figure 4.6 (c) illustrates the

torso agents after the first round processing. When it finishes its first round processing, it

also posts its information onto the job-wanted postings and waits for employment. It posts

the prediction and processing result to the R/A agent as:

< agt id, frm id,< circle, vector >,< x, y, r, sx, sy, ex, ey >, err >

< agt id, frm id, torso, < circle, vector >,< x, y, r, sx, sy, ex, ey >,< agt id0, agt id1, ... >>
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4.2.3 High-level agents

The high-level agents should know how to combine the information for body part tracking

results and use the coalitions among them. For example, a head agent and a torso agent may

form up a coalition. A human agent knows to use this coalition and combines two hands

to build a simple skeleton for the upper body of a human, shown as Figure 4.5. Generally,

the high-level agents are initialized at the beginning of the process. In the AFIT data,

participants are normally not starting with any pre-designated pose, so we have to manually

initialize the targeted body parts. In the view from camera 3 of AFIT-06012004 (shown

as Figure 4.2), the high-level agent is defined as a human being (subject E) which has a

head, a torso, a left hand and a right hand. After the initialization, this agent has four open

positions to be filled in each frame. Each position with prediction is presented as:

< agt id, frm id,< circle, vector >,< x, y, r, sx, sy, ex, ey >, err >

When the human agent starts looking for applicants on the job-postings, if there are no

qualified candidates, the human agent will wait for proper applicants to apply. When there

is more than one applicant for the same position, the human agent uses the following equation

to evaluate each applicant:

Qapp = w1 ×Espatial(Pobj − Papp) + w2 × Etemporal(Pobj − Papp) (4.4)
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where Qapp is the qualification of the applicant, Espatial is the spatial error and Etemporal is

the temporal error between the prediction of the object (Pobj) and the tracking result of the

applicant (Papp). w1 and w2 are the weights of the two errors, which represent the beliefs of

the employer.

Under certain circumstances, the human agent might not find any proper applicant. For

example, the illumination changes might cause the failure of Gaussian color model, so that

there is no applicant to apply for the job, which posted by the human agent. In this case,

the human agent will use its prediction as a ‘virtual applicant’ to fill this position. When the

human agent gets all the positions filled, it finishes the first round of processing. The next

loop starts, and when there is no significant improvement of the qualification of applicants,

the process ends.

Processing results

In this part, we present our tracking results for the view of camera 3 of AFIT-06012004. The

total length of the video is 17,990 frames (10 minutes). We are tracking the head, torso and

both hands of subject E. In this video, the person put his hands together in the beginning,

and during the meeting, he made a series of gestures, including pointing, putting his right

hand onto his face, etc. In this video analysis, a tracking loss is defined as the wrong tracking

result of any body part of subject E. If the tracking analysis corrects itself in 5 frames, we

record this wrong process as a tracking loss and mark the recover (2nd column in Table 4.1)

as ‘yes’. Otherwise, we manually correct the tracking result and mark the recover as ‘no’. In
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Table 4.1: Tracking failure reports of AFIT-0601 (camera 3).

Frame Recover Description
2510th yes The right hand of subject E was blocked by the head of

subject C (the person on the bottom of the view).
2600th no The left hand of subject E started pointing to the front,

and the right hand took this evidence of its own.
5643rd no Both hands of subject E were blocked by the subject D

(when the person moved back to her seat).
8740th yes The right hand of subject E took the wrong blob when

the hand moving downward (the ground color was sim-
ilar to skin-color).

10165th no The left and right hand of subject E were together, and
doing gestures, which caused wrong prediction.

12143rd yes A person moved in to the view, and sit behind subject
E, his head was recognized as the head of subject E for
a few frames.

19331st yes The right hand of subject E took the wrong blob when
the hand moving downward (the bear arm was taken as
evidence of hand).

the processing of this video, we have a total of 7 tracking losses, and the result is shown in

Table 4.1. In this table, the first column shows the first frame number when the tracking loss

occurs, the second column shows whether it automatically recovers to the correct tracking

position or not, and the third column shows the reason that causes this processing error.

4.3 More results for meeting-room videos

We also applied this framework to other data sets: AFIT data, NIST (National Institute of

Standard Technology) data, and a set of interview data. Figures 4.8 (a) and (b) show the

first frame of AFIT-06012004 (camera 6 and camera 8), in which the targeted subject was
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presenting, and he moved around and made various gestures; Figure 4.8 (c) shows the first

frame of AFIT-06012004 (camera 4), in which the targeted subject behaved similarly to the

subject E; Figure 4.8 (d) shows the first frame of NIST data, in which, the targeted subject

moved around; and Figure 4.8 (e) shows the first frame of the interview data, in which the

targeted subject was interviewed and performed some rapid gestures. In Figure 4.8 (a - d),

the subject with the red circular marker is our analysis target.

(a) (b) (c)

(d) (e)

Figure 4.8: More experiments using our agent-based framework. (a) AFIT-06012004, cam
6; (b) AFIT-06012004, cam 8; (c) AFIT-06012004, cam 4; (d) NIST; (e) The interview data.

Table 4.2 shows the tracking failure reports of these five videos. The first column shows the

name of the dataset, the second column shows the total number of frames of the video, the

third column shows the total number of tracking failures (a tracking failure is a tracking loss

that cannot automatically recover itself), and the fourth column describes the changes we

made to our tracking system.
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Table 4.2: Tracking failure reports of more experiments.

Data Total
Frames

Recover
Failures

Un-recover
Failures

Changes of agents

AFIT-
06012004
(C6)

18080
(10min 2s)

10 22 Low-level feature agents (color
model and VCM parameters
changed).

AFIT-
06012004
(C8)

13444
(7min 28s)

3 17 No changes.

AFIT-
06012004
(C4)

18071
(10min 2s)

5 15 Low-level feature agents (color
model and VCM parameters
changed).

NIST data 8465 (4min
42s)

4 41 Low-level feature agents (color
model and VCM parameters
changed).

Interview
data

10194
(5min 39s)

3 18 Low-level feature agents (color
model and VCM parameters
changed). And the knowledge of
hand agent changed to accept fast
motion.
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When switching cases, we did not change the implementation of our system, where the

framework was kept the same. However, the implementations of some individual agents

were changed. For example, we needed to re-sample the skin-color and shirt-color for low-

level color feature agents. We also needed to change some knowledge of the agents, such

as the hand agent, which knows it is far away from the camera, will accept much smaller

skin-color blobs, and a hand agent, which knows it is close to the camera, will accept larger

skin-color blobs. In the interview video, the person always moves much faster than the

persons in the other video. Thus, we have to change the evaluation formula to trust more

on the detection results on the current frame than the predictions based on previous frames

(w2 increases and w1 drops in Equation 4.4).

From all these results, we have a failure rate of 113 unrecoverable failures over 68,245 frames

(almost 38 minutes) in total. Generally, there are two reasons for these tracking failures: 1)

the ambiguities of the targeted body part and the similar nearby body parts, such as the

hand and the bare arm, or the similarities between a body part and an object close by, such

as the hand and the yellow table (Figure 4.8 (d)); and 2) the disappearance of the targeted

body part. In our system, when the targeted body part is occluded, the agent of this body

part will assume it will reappear close to where it disappears. This is the reason that the

tracking loss cannot always recover automatically.



Chapter 5

General use of our agent-based

framework

In the previous chapter (Chapter 4), we introduced our agent-based framework to track

humans in meeting-room videos. In this chapter, we explain another use of this framework

and demonstrate an application of tracking players on a soccer field.

5.1 Use of our framework

Our agent-based framework is designed with a three-layer hierarchy, and agents at different

layers are designed to target different objects. In the experiments that we showed in the

previous chapter, a low-level agent at the bottom layer built an object (such as a skin-color

blob) from extracted features (such as skin-color pixels) directly, an intermediate agent at the

84
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middle layer built an object (such as a hand) form low-level agents and form coalitions with

other intermediate agents, and a high-level agent at the top layer tracked targeted subject

by employing intermediate agents. We also have a R/A agent to assist with communication

between agents.

5.1.1 Object agents

When applying our framework, the first question to answer is “what is the targeted object

in this case”. Taking the example that we introduced in Chapter 4, we know that we are

going to track the upper body movement of the subject E. We assign a high-level agent (a

human agent) to track the target. Then, we need to decompose this targeted object into

sub-objects. For example, the subject E can be represented as a combination of a targeted

head, a targeted torso and two targeted hands. The intermediate agents are assigned to

track these sub-objects. Then, we need to go to each of these intermediate agents to define

what kind of features can be used to build this object. For example, the feature can be

a skin-color blob, an extracted edge, a motion vector, etc. The low-level agents are then

assigned to detect the features that are necessary. By this step, we know what object agents

at each layer need to be developed.

Each object agent should be developed with following components (an object-oriented design

can increase the reusability of agents):

• The pre-defined objects. The agent should be able to recognize the pre-defined objects,
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such as skinblob, hand and circle, that are used in processing. All the pre-defined

objects (such as ) are maintained by the agent in the data-type-table.

• The input information. For example, a hand agent will take a skin-color blob agent

that has the format as < agt id, frm id, skinblob, circle, < x, y, r >, null >. The agent

should be able to recognize the format of the object that it takes.

• The output information. For example, a hand agent will process its tracking result as

< agt id, frm id, hand,< x, y, r, sx, sy, ex, ey >,< agt0, agt1, ... >>.

• The initial status. If an object agent is designed to start processing automatically, it

should be able to initialize its starting information (such as position) itself when the

system starts. If an object agent is designed to start processing with user’s input, it

should be able to take the user’s input and then start processing. When an object

agent starts processing, it should register with the R/A agent.

• The communication with R/A agent. An object agent should be able to send requests

to and to receive messages from the R/A agent. A request can be a message to ask for

applicants from the lower layer to fill the open position, or applicants from the same

layer to form coalition.

• The communication with an object agent. An object agent should be able to receive or

send feedback (which is its new tracking result) to the object agent that hires him or

is hired by him.
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• The prediction function. An object agent should be able to predict its information by

analyzing its historical information.

• The processing function and updating status. An object agent should be able to fuse

the information, which is provided by the hired applicant, and its own prediction to

provide final tracking result. If an object agent forms a coalition with other agents, it

should record the IDs of these agents in its coalition-list. If an object agent hires or is

hired by another object agent, it should be able to communicate with it.

• The evaluation function. An object agent should be able to select hires from applicants,

and it should also be able to remove an employee that is not suited for the position

from the list.

These components might be slightly changed for different cases. For example, if we apply the

model of the ‘CardBoard’ [34] for human tracking, a body part is represented by a rectangle.

A forearm agent will form a coalition with an upper-arm agent, and it normally does not

form a coalition with any torso agent. But, if we use the model of the ‘PFinder’ [79], a

body part is represented by a ellipse, and there is no forearm or upper arm agent. Instead,

an arm agent is used to represent the whole arm, and it can form a coalition with a torso

agent. Since the feature extraction may vary case by case, the processing function of an

object agent normally has to be developed for the specific application.
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5.1.2 The R/A agent

Typically, the R/A agent maintains all the object agents’ information, including the IDs,

the type of each agent (such as hand), the current request (open position), and the current

post (resume). The R/A agent should be able to receive requests from and send information

to object agents. It should be able to filter the information based on different requests

before sending. For example, suppose there is a request from a hand agent asking only for

a skin-color blob. The R/A agent will only send skin-color agents’ information to the hand

agent, even if it has other types of agents, such as motion vector agents. An evaluation

function can be developed in the R/A agent as part of the filtering function. For example,

an allowed error can be part of the request message. Instead of sending all the skin-color

agents’ information, the R/A agent may remove the ones that have an error larger than the

error limit from the the sending list.

5.2 Tracking players on a soccer field

To demonstrate the use and the flexibility of our framework, we apply it to track players on

a soccer field. We use the video having 345 frames and track the six players (in two teams

ZAR and FCB as shown in Figure 5.1 (c)) appearing in most of these frames, as shown in

Figure 5.2. We change our system described in Chapter 4 to track these targeted players in

this video.
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(a) (b) (c)

Figure 5.1: Agents for soccer-field video processing.

(1st) (35th) (70th) (105th) (140th)

(175th) (210th) (245th) (280th) (315th)

Figure 5.2: Soccer-field video frames.

In this case, a targeted player can be decomposed into an upper-body and an lower-body,

both of which can take different color blobs as its evidence of existence. Thus, in this

experiment, we can re-use the color-blob agents to extract color blobs in each frame. The

color-blob agent takes the image that is processed with the Gaussian model (the Gaussian

model has to be trained for this case). Three kinds of color blobs are extracted: the white

color blob, which is the shirt color of team ZAR (green rectangles in Figure 5.1 (a)); the

blue blob, which is the color of the short pants and parts of the shirt of team FCB (yellow

rectangles in Figure 5.1 (a)); and color blobs that are not grass field (red rectangles in Figure
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5.1 (a)). For instance, a white color blob agent processes a result as:

< agt id, frm id, white, rect, < x, y, w, h >, null >

Since the camera is moving in this case, the motion vector agents are not used.

We define three kinds of intermediate agents: players of team ZAR (ZAR player), players of

team FCB (FCB player) and unknown players. The agents that are used to track head, hand

and torso can be reused. A player agent is a combination of related color blobs provided by

the low-level agents. Obviously, a ZAR player agent is a combination of a white color blob

and a color blob that are not grass field (green rectangle in Figure 5.1 (b)). A FCB player

is a combination of a blue blob and a color blob that are not grass field (yellow rectangle in

Figure 5.1 (b)). An unknown player is a blob with certain size that is neither a ZAR player

nor a FCB player (red rectangle in Figure 5.1 (c)).

The high-level agents are defined to track the six targeted players (shown as Figure 5.1 (c)).

Each of these agents is initialized in the first frame, and it seeks the spatially and temporally

coherent play agent as its evidence. When a high-level agent overlaps with others (the

overlap checking is performed in each frame), it uses the evidence of the existence of the

agent that blocks it, if it cannot find the evidence of its existence. If the player is out of the

camera view, the agent will seek a player agent, which enters into the camera view where it

disappears, with the same coalition of color blobs.

Table 5.1 shows the changes made from the system we used in Chapter 4 to track these
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Table 5.1: Changes made to track players on a soccer field.

Components Low-level Intermediate High-level
pre-defined obj no changes add player object add player object
input no changes no changes targets player agent
output no changes provides results as

player agent
no changes

initialization no changes no changes no change
communicate
R/A

no changes no changes sends request to peers
for evidence of exis-
tence when occlusion
is recognized

communicate
obj agent

no changes a player agent does
not form coalition
with another agent;
instead, it uses the
evidence of existence
of other agent when
occlusion occurs

it uses the evidence
of existence of other
agent when occlusion
occurs

prediction does not predict with
temporal information

does not predict with
temporal information

does not predict with
temporal information

process and up-
date

no changes no changes no changes

evaluation does not evaluate with
temporal information

does not evaluate with
temporal information

does not evaluate with
temporal information

players on the soccer field. In this table, if an agent can be reused, we mark it with ‘no

change’. Otherwise, we describe what changes have been made. In this experiment, the

result shows that our system can track the six targeted players with no tracking loss that

we observed.



Chapter 6

Discussion, conclusion and future

directions

In this final chapter, we summarize our framework using an agent-based architecture for

human tracking, and we discuss the results of the experiments that we have introduced in

the previous chapter, which demonstrates the use of our framework. Finally, we propose

some possible research directions and open issues.

6.1 Discussion and conclusion about our framework

Within this research, we introduced an agent-based framework for human tracking in video

sequences. This framework provides a structure for developers to build a hierarchical ar-

chitecture of agents. In this framework, each agent employes the existentialist model, by

92
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which it seeks required features to prove its own existence. We apply the job market model

to build coalitions between agents. Different from existing agent-based approaches, the job

market model allows the tracking process to start from both high-level object estimation and

low-level feature extraction. The informational feedback loop also provides a way for lower

level agents to improve their tracking results through processing.

In our meeting-room video experiment, we tested our system with 6 sets of meeting-room

videos and one interview video. There is a total of 120 failures over 86,235 frames (around

50 minutes) in these videos. These results demonstrate the effectiveness of our agent-based

framework. In these frames where tracking is lost, we notice that the main reason is that

our agents are not intelligent enough to handle some ambiguities (e.g. an agent cannot

distinguish the object and the similar objects around). For example, at the 2, 510th frame

of AFIT-06012004-Camera3, the right hand of subject E was occluded, but his bare right

arm was so close to the prediction of the human agent for the right hand. And the hand

agent took this similar feature (the same skin-color blob) as its evidence, and this agent was

qualified by the evaluation of the human agent that represents subject E. Thus, it took this

open position originally for the ‘real’ right hand. At the 5, 481st frame of AFIT-06012004-

Camera8, there is a yellow table, which can be mistaken for skin-color (shown as Figure 4.8

(a)), behind the subject. Thus, this similar color appearance also causes ambiguities when

the hand of the subject is moving close to this table.

We also notice that an agent may over-improve its qualification for a open position. As

shown in Figure 4.8 (d), the skin-color is very close to the color of the table and the wall.
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The informational feedback from the hand agent asks the skin-color agent to provide more

evidence when the original evidence is not strong enough. This ‘improved’ evidence might be

even worse than the original tracking result because of the noise from similar objects. Under

this circumstance, when the evaluation from the new loop becomes worse, the higher-level

agent in our system will ignore the updates, and takes the previous tracking result. This

approach solves some problems, but it will also accumulate the error as well.

As we proposed for the framework design, our architecture takes the advantages of an agent-

based system, which distributes the complexity of the entire application. This property is

very powerful for complex vision processing problems. Obviously, one reason is that different

feature extraction techniques might cause significantly different results. Thus, this framework

provides a flexible architecture to guide developers to build their own systems. For example,

a facial detection agent can provide strong evidence of the existence of a human’s head,

when the resolution is good (such as TV news reports), but it will not provide any help

to the head agent in a very poor resolution frame (such as surveillance images). The other

reason is that when applying various feature extraction algorithms, our framework provides

a method for establishing a higher-level coalition of these features, which helps developers

fuse them easily. Moreover, in our architecture, we track the target by finding coalitions of

its sub-objects, which also helps developers solve their problems hierarchically.

Although we proposed this framework for vision-based human tracking, we can apply it to

other tracking problems too. For example, we can apply this framework to help auto-vehicle

driving analysis. In this case, edge detection, line detection, sign detection approaches, etc.,
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can be embedded into low-level feature agents. A road agent, line agent, close-car agent

and sign agent can be employed as intermediate agents. The high-level agent represents the

coalition of these objects on the road that provides the current status around the driven

vehicle, which helps driving systems to make decisions. We can also apply it to a tracking

task, in which the feature does not only come from image processing. We still use human

tracking as an example. Instead of using an image processing approach, we can attach

devices (accelerator sensor, such as a Wii remote) onto humans’ body parts. Then the low-

level agents will use the data from these sensors to compute their results, and the higher-level

coalition hierarchy generally remains the same if no new body parts are added.

6.2 Future directions of this research

In an agent-based system, an agent is designed to have properties of an autonomous and

adaptive processing unit, and it is able to communicate with others to share information.

In our system, we emphasize the adaption and sociability by using the job market model

and an informational feedback loop. It will be interesting to research if an agent is able

to choose various analysis approaches autonomously. For example, the VCM algorithm, as

we described in Chapter 4, handles faster motion better, and the Lucan-Kanade method

[42] employs the image-flow equations that handle smooth-and-slow motion well. It will

be challenging for an agent to automatically choose the VCM for faster motion and the

Lucas-Kanade method for slower motion.
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Another possible direction to follow this research is to optimize the job market model in this

agent-based architecture. Although the current design helps each agent improve its estima-

tion through the informational feedback loop, it is not guaranteed that this ‘improvement’

correctly estimates the real-world situation. Thus, we might need a better optimization

strategy that keeps the improvement on the correct trajectory.

In this dissertation, we mainly apply our agent-based framework to the meeting-room data,

and we also apply our framework to a soccer-field human tracking problem. But, it is neces-

sary to keep researching with other kinds of data, such as surveillance or human interaction

data. Since our framework employs the informational feedback loop to improve the esti-

mation results, it is also necessary to optimize this loop for the requirement of real-time

processing.
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