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Summary

Estimating human poses from 2D images or video sequences can provide the

moving trajectories of the body joints for the high level processing, human activity

recognition, which is applicable in surveillance, human-computer interaction and

clinical and sport analysis. The underlying concept of a human pose estimation

system is to find the best hypothesis or human model that fits the representation

of the body pose built from the observed image. Hence such a system normally

consists of three parts,

1. human detection for finding the global location of the human inside the image;

2. human representation extraction;

3. model fitting.

All of them are critical to the performance of the pose estimation system. Many

researches have been conducted for each part of the system in recent years but no

optimal solutions were found. This thesis mainly focuses on the last two parts:

human representation extraction and model fitting.

The main contribution of this thesis is the use of a new statistical formulation

v
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called Monte Carlo hidden Markov model (MCHMM). Estimating the human pose

in such a Bayesian framework is equivalent to computing the posterior distribution

in a high dimensional space. The hidden Markov model (HMM) is employed since it

provides an efficient Bayesian inference for estimating the posterior distribution. An-

other issue related to the pose estimation is the integration over a high-dimensional

probability distribution. In such a case, analytic evaluation is computationally in-

tractable. Therefore the Monte Carlo method is incorporated with the HMM for

density approximations. The novelty of the MCHMM algorithm is not only the

combination of the Monte Carlo and HMM but also the approximation techniques

employed. The conventional Monte Carlo methods only use the sample-based ap-

proximation while the MCHMM algorithm uses both sample-based and tree-based

approximations. As a result, the MCHMM algorithm is able to converge to the local

maximum from random initializations.

Another contribution of this thesis is the extension of the MCHMM algorithm by

integrating data-driven method. The original MCHMM algorithm provides a top-

down approach for the model matching. It is incapable to guide the model searching

process to concentrate more on the local maximum or hot spots of the solution space.

Utilizing the data-driven (bottom-up) method is to compute the image likelihood as

the weight for each sampled pose parameters. This approach drastically improves

the efficiency of the Bayesian inference of the MCHMM algorithm and results in a

better convergence.

vi

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



List of Figures

1.1 The structure of a typical pose estimation System . . . . . . . . . . . 6

3.1 The structure of proposed pose estimation system . . . . . . . . . . . 31

4.1 Examples of an upright and 45o rotated rectangles . . . . . . . . . . . 40

4.2 The rectangles in the first row represent edge features. The second

and third rows shows line features and the last one shows center-

surround features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.3 (a)Integral image and (b)calculation scheme of the pixel sum for up-

right rectangles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.4 (a)Integral image and (b)calculation scheme of the pixel sum for 45o

rotated rectangles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.5 (a)Grey-level transition of an ideal edge (b)Grey-level transition of a

practical edge . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.6 The ρη-diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.7 Nonmaxima suppression in the ρη-diagram (a)The two virtual neigh-

bors (b)The pixel is not an edge point (c)The pixel is an edge point . 51

vii

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



4.8 (a)Decision boundary for nonmaxima suppression in ρη-diagram (b)Decision

boundary for hysteresis thresholding . . . . . . . . . . . . . . . . . . 53

4.9 Noisy image: (a)Original image (b)Binary image by Canny detector

(c)Binary image by the edge detector with confidence measure . . . . 54

4.10 Controlled room: (a)Original image (b)Binary image by Canny de-

tector (c)Binary image by the edge detector with confidence measure 55

4.11 Image with grass patch: (a)Original image (b)Binary image by Canny

detector (c)Binary image by the edge detector with confidence measure 55

4.12 Image with sandy ground: (a)Original image (b)Binary image by

Canny detector (c)Binary image by the edge detector with confidence

measure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.13 Eight head-shoulder contour models . . . . . . . . . . . . . . . . . . . 57

4.14 (a), (f), (k)&(p)Original image; (b), (g), (l)&(q)Face detection; (c),

(h), (m)&(r)Binary edge image; (d), (i), (n)&(s)Edge-distance trans-

formation map; (e), (j), (o)&(t)Head-shoulder contour matched . . . 61

4.15 (a)Original image; (b)Face detection; (c)Binary edge image; (d)Edge-

distance transformation map; (e)Head-shoulder contour matched . . . 62

4.16 Head-shoulder sampling regions . . . . . . . . . . . . . . . . . . . . . 62

4.17 (a)Straight lines by Hough transform; (b)Parallel-line sets; (c)Segmented

image; (d)Candidate parallel-line sets for limbs; (e)Candidate sets

represented by ellipse; (f)Limbs detected . . . . . . . . . . . . . . . . 67

viii

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



4.18 Sampling region for (a)left elbow; (b)left wrist; (c)right elbow; (d)right

wrist . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.19 Sampling region for (a)left knee; (b)left ankle; (c)right knee; (d)right

ankle . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5.1 The structure and grow process of the density tree. The domain of

each node is marked by grey color. . . . . . . . . . . . . . . . . . . . 77

5.2 A distribution with an isolated mode. . . . . . . . . . . . . . . . . . . 77

5.3 A data-driven MCHMM framework for human pose estimation. . . . 84

5.4 3D human model (a)front view; (b)profile view . . . . . . . . . . . . . 86

5.5 Orientation in 3D space . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.6 Three angles defined for checking kinematic constraint . . . . . . . . 87

6.1 3D pose models estimated from 2D images. First row: original im-

ages; Second row: projection on 2D images; Third row: profile views . 91

6.2 Sample distribution over the width of the right-knee sampling region

for the image in Figure 6.1a for (a)first MCHMM iteration; (b)first

three MCHMM iterations; (c)first five MCHMM iterations; (d)first

six MCHMM iterations; (e)first eight MCHMM iterations; (f) first ten

MCHMM iterations. The horizontal axis indicates the x coordinates

of the samples while the vertical axis indicates the normalized sample

distribution. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

ix

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



6.3 Sample distribution over the height of the right-knee sampling region

for the image in Figure 6.1a for (a)first MCHMM iteration; (b)first

three MCHMM iterations; (c)first five MCHMM iterations; (d)first

six MCHMM iterations; (e)first eight MCHMM iterations; (f) first ten

MCHMM iterations. The horizontal axis indicates the y coordinates

of the samples while the vertical axis indicates the normalized sample

distribution. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

6.4 Sample distribution over the 2D space of the right-knee sampling

region for the image in Figure 6.1a for (a)first MCHMM iteration;

(b)first three MCHMM iterations; (c)first five MCHMM iterations;

(d)first six MCHMM iterations; (e)first eight MCHMM iterations;

(f) first ten MCHMM iterations. The two horizontal axises indicates

the x and y coordinates of the samples while the vertical axis indicates

the normalized sample distribution. . . . . . . . . . . . . . . . . . . . 96

x

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



List of Tables

4.1 Number of features inside of a 24× 24 window for each prototype . . 43

xi

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



Chapter 1

Introduction

1.1 Background

Increasing attention has been paid to the computer vision area since the late 1970s

when computers are able to process large data sets such as images. The focus of this

area is on the theory and technology for building artificial systems that can obtain

information from images or videos and understand the information. The state of

the art in computer vision can be characterized as immature and diverse. Although

various computer vision systems have been proposed for different applications in

the scope of process control, event detection, information organization, object mod-

eling and interaction, there is no standard formulation or universal approach for

solving computer vision problems. Instead existing systems are designed specifically

for certain tasks such as autonomous vehicle, visual surveillance, medical image

processing, and human-computer interaction, and seldom can be reused for other

1
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1.1 Background 2

tasks. Moreover, many applications are still in their infant stage and far from being

actually applied in real life, though some commercial products based on computer

vision technologies have already shown its effectiveness in reducing human work

load and increasing productivity. For example, fingerprint recognition helps raise

the security standard and ease crime investigation. Some inspection machines in the

semi-conductor industry also employ computer vision technologies to check the pin

connection and help save manpower. Such promising prospects of computer vision

have encouraged people to explore the usage of the computer vision technologies in

more and more application domains.

One significant part of computer vision is human activity recognition. Since

human beings play a dominant role in the world, it is important for machines or

computers to understand human activities that have occurred in images or videos.

The term human activity not only refers to the actions performed by a single person

like the whole body movement [32, 96], gait [90, 39] and arbitrary articulated motions

[51, 50, 80] but also the interaction among people, i.e., multi-agent event [36, 88].

The driving force behind this is the wide spectrum of promising application areas,

which can be categorized into three major aspects, surveillance, control and analysis.

The surveillance aspect involves applications where people are being tracked

and monitored consistently over time so that certain actions can be predicted and

recognized. Such applications can be used to build an ideal security system, which

has the ability to understand the events which have occurred with the monitoring

areas and send alarms automatically when unusual events happen. As a result,
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1.2 Motivation 3

people can be alleviated from watching long and boring security video streams.

Except for event detection, the human gait is even used as biometrics for human

identification [89] since it is non-invasive and effective at a distance.

Secondly, the control aspect covers applications where it provides interfaces be-

tween man and machines. For example, in industrial areas, human beings send

different commands to robots by different poses.

Finally, the analysis aspect enables people to retrieve information from human

activities. These applications can assist us in clinical studies and sports training. For

example, if an activity recognition system is able to extract the movement of human

body joints, then a medical doctor could use this system to monitor the recovery

process of a leg-injured people. Also a football coach could use it to analyze the

skills of a player. Moreover, a system for the multi-agent activity recognition could

assist the football coach to understand the formation strategy his opponent team

uses.

1.2 Motivation

This thesis focuses on analyzing human motions with the aim of providing low

level information for the human activity recognition. According to the degree of

deformation of body parts, the human motion is classified as an articulated motion,

which has the following characteristics: individual rigid parts of an object move

independently of one another and the motion of the whole object is non-rigid in

nature [3]. Since the articulated motion results in a wide range of possible motion
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1.2 Motivation 4

transformations, it is nearly impossible to develop a general solution for interpreting

all articulated structures of the human body. Some researchers try to solve this

problem from an overall concept by using the binary shape of the human body.

Based on the binary shape, several features can be extracted to model different

human activities. These features include the evenly spaced points on the B-spline

that approximates the shape boundary [28], temporal variations of the extracted

binary shapes in nearby frames [35, 22], “star” skeletonization [27] and Hu-moment

[11]. The models of human activities are then be learnt from the training features and

used for recognition. However it is insufficient to describe the complex articulated

human motion using an overall feature. The activity recognition systems built based

on the above features are only capable of classifying specific or periodic motions,

such as gait and are unable to be generalized over the recognition of other activities.

Due to the 2D binary images used, they are not good at handling self-occlusion

either. To overcome the limitation of the 2D images, some researchers attempt to use

stereo images to obtain depth information, for example, the Spfinder (“stereo person

finder”) system proposed in [8] and the work in [52, 23]. The stereo systems bring

the camera calibration problem, which is not easy to be solved in a less-controlled

environment such as a surveillance system. To analyze arbitrary human motions in

2D images, the ideal approach is to estimate the positions or trajectories of human

body joints from images or video sequences. The underlying philosophy is based on

the motion perception behavior of human beings found by Johansson [46]. In his

experiment, a set of bright spots are attached to the body joints of an actor who is
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1.3 Difficulties 5

dressed in black and moving in front of a dark background. People who are watching

the actor can recognize different activities like walking, running, dancing, etc., based

solely on the movement of the spots. Therefore it can be expected that computers

can identify human activities if provided with the position or trajectories of human

body joints. Early works that follow this approach employ markers such as glass

bead reflectors [76] and LED [85] to indicate the positions of human body joints.

However it is impractical for human beings to wear markers in daily life. Hence these

works are only suitable for the applications under the well controlled environment

like the clinical analysis or industrial control. The effort of analyzing the articulated

configuration of the human body in normal conditions leads to the rise of a new

research area, vision-based pose estimation. It aims to determine the human pose,

i.e., the 2D or 3D positions of body joints from the normal images where no markers

are attached to the human body. Over the past decade, a lot of researchers have

devoted themselves to this area and some well-known pose estimation systems such

as the Pfinder (“person finder”) system [91] are proposed.

1.3 Difficulties

To build a pose estimation system is not trivial. Generally speaking, such a system

can be divided into three parts, human detection, pose representation extraction

and model fitting as shown in Figure 1.1. The basic concept is as follows: (1)

find the position of the human inside the image; (2) build a pose representation

of the human detected; (3) find the best hypothesis or human model to fit the
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1.3 Difficulties 6

Figure 1.1: The structure of a typical pose estimation System

representation. Each part forms a critical component for the system and none of

them have been successfully solved.

The motivation of integrating the human detection techniques is to eliminate the

effect of the background of the image as much as possible. In real life, an image

always contains a complex content so that it will be tedious and difficult to estimate

the human pose in the entire image. Thus the human detection is required to

constrain the work in the certain portion of the image. However to find the human

object inside the image is not straightforward [29]. For the moving human body,

the current approach usually uses the background subtraction or motion analysis

methods [62, 82]. The problem is that other moving objects like cars and animals

are also detected. Therefore an object classification is necessary to determine which

moving object(s) is(are) human. The classification can be achieved using some

simple features such as the size of the foreground [59] with the assumption that only

human objects and vehicles are present and the size of human objects is smaller

than that of vehicles. The detection of the moving persons can be reinforced by the

appearance model of the human body [18]. The appearance model is built based on
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1.3 Difficulties 7

the moving object detected in the initial stage. To detect human objects in a more

general case, some complex features like active shape and contour models [9, 94]

are employed. However since the human shape and size vary dramatically with the

human pose and camera view, these approaches are often application-dependent.

For the static human objects or static images, the detection of the human body

relies on a model or template matching basis. For example, the work in [69, 70] use

wavelet or Haar-like features to define the properties of the human objects and detect

people through machine learning techniques. This kind of approaches generally has

no assumption or constraints for the application environment but their accuracy still

needs to be improved. The main reason is that it is hard to extract robust features

for the human body from the image. The focus of this thesis is not on the stage of

human detection but rather on the following two stages.

After the position of human objects is located inside the images or video frames,

the pose estimation system concentrates the work on a portion of the entire image.

A pose representation is then built so that the likelihood of the body pose can

be measured quantitatively. The pose representation can be extracted based on the

motion trajectories of each body part [64], shapes [34], silhouettes [50] or user-defined

features [81, 25]. This technique is named as the train-based pose representation,

which normally contains trained or pre-determined models with the information

of joint or body-part positions. Another approach for the pose representation is

called the detection-based pose representation. The basic idea is to detect candidate

positions of body joints based on a set of image cues, such as contour, edge and color.
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1.3 Difficulties 8

2D or 3D human models are then generated given the locations of each body joint for

the next stage of the pose estimation system. The strength and weakness for each

approach will be discussed later. One common problem is that both approaches are

based on low level image cues, which are noisy and weak. Therefore the performance

of the pose representation is easily to be affected by the following factors.

• Background: Although the human detection stage has pruned most of the

background portion, its influence still can not be ignored. Especially for

detection-based methods, which normally relies on the edge detection, a com-

plex background may introduce many trivial edges and decrease the detection

accuracy.

• Lighting: For the pose representations built on the shapes, the changes of

lighting may cause inaccurate foreground segmentation. Also the shadow of

the human body will give abnormal shapes. Approaches like the detection

of abrupt lighting change, Gaussian based segmentation and morphological

operation are proposed to solve this problem but their reliability has to be

further improved.

• Clothing: The cloth normally makes the extracted body shape inconsistent

with their original size and shape. Moreover, the pleat on the cloth makes the

outline of the body look jaggy and results in noisy edge detection.

• Occlusion: Both the environmental and self occlusions block the visual in-

formation of some parts of the body. The environmental occlusion can even
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1.3 Difficulties 9

block the whole body. It is hard to retrieve the positions or trajectories of the

invisible body parts. Eventually, the loss of track will lead to inaccurate pose

estimation. In this case, video indexing methods are usually employed to find

the appropriate moving trajectory of the invisible body parts.

Due to these difficulties, the pose estimation system is often built based on certain

assumptions, such as neat background, constant lighting and tight clothing. This

thesis is not going to provide a powerful solution that can handle all the problems

mentioned above but rather it attempts to find a way that is able to build good

pose representations when the image cues are less-noisy and strong.

Given the pose representations built in the previous stage, the following work is

to find the best fit models. The models could be some trained models with body

configuration information or could be some 2D or 3D human models constructed

from the positions of the body joints detected. To find appropriate models, there

are two usual strategies, top-down or bottom-up approaches. The first strategy,

top-down approach, compares the pre-defined models with the pose representation

and select the model with the highest likelihood. Early works employ template

matching [60] and learning algorithms like hidden Markov Models (HMMs) [65] for

this approach. However, since the articulated structure are capable of forming a

number of different body configurations, the model matching strategy is insufficient

to estimate all possible human poses and is only preferred in some limited applica-

tions like gait recognition. Other researcher choose the stochastic search algorithm

such as particle filter [42, 24] to find the best model in the solution space. The
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1.3 Difficulties 10

exploration is normally taken in an iterative procedure, where the search direction

of the current iteration is determined by the models or hypothesis generated in the

previous iteration. The problem associated with the top-down approach is that the

solution space is usually high dimensional. This is partly due to the articulated body

structure. In 2D space, a human body is normally treated as a stick figure, which

consists of 14 main segments, including head, torso and limbs. These segments are

linked by 14 joints. Suppose one degree of freedom is assigned to the torso and

limbs to define the length of the segment whereas maximum two degrees of freedom

are assigned to the 14 joints to indicate the direction of the rotation. As a result, a

body structure may have 37 degrees of freedom in total. Therefore a robust search

algorithm should be able to explore the entire space and converge to the best solu-

tion but such an approach will impose significant computation load on the system

and in addition, the currently proposed algorithms only support local convergence.

On the other hand, the bottom-up approach doesn’t assume pre-defined models or

follow the requirement of searching a high dimensional space. Instead it finds the

best fitting model by grouping the detected body parts. Ideally, this approach is

able to interpret all human configurations but it is highly dependent on the ac-

curacy for the candidate body parts or joints detected. Moreover, too many false

alarms also increases the difficulties of the grouping procedure and result in wrong

body configurations. Details of the advantages and difficulties for both top-down

and bottom-up approaches will be discussed later. In this thesis, the top-down and

bottom-up approaches are integrated in order to build a system that possesses the
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advantages of each approach. The work focuses on the problem of how to search the

best model in a high dimensional space.

1.4 Objectives of the Research

As mentioned above, the pose estimation system described in this thesis mainly

concentrates on the work of the last two stages, pose representation and model

fitting. However, both stages have their own difficulties and none of them are trivial.

This project does not aim to provide an ultimate solution that can solve all the

problems. Instead, it offers a new framework for the human pose estimation problem

from a different point of view. The objective of this thesis is to develop a pose

estimation system that can recover 3D human configurations from static images.

The system should satisfy the following requirements:

• self-start or initialize automatically;

• able to find arbitrary postures;

• no constraints on background and clothing.

To infer the human pose in a high dimensional space, a new Bayesian framework,

called data-driven Monte Carlo hidden Markvo models (MCHMMs), is proposed.

The underlying concept is as follows:

1. Detect different body parts based on the image cues to find the candidate

sampling region for each body joint.
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2. Sample the image positions of the body joints and convert them to pose pa-

rameters. Build 3D human models given the pose parameters

3. Apply data-driven MCHMMs to find the best 3D model that fits the image

observation.

1.5 Major Contributions

This thesis presents a new system for the human pose estimation. It employs a

detection-based method for the pose representation and integrates the top-down

and bottom-up methods to search the most likely 3D human model given the pose

representation.

The main contribution of this thesis is the use of a new statistical formulation,

Monte Carlo hidden Markov models. Estimating the human pose in such a Bayesian

framework is equivalent to compute the posterior distribution in a high dimensional

space. The hidden Markov models (HMMs) are employed since it provides an ef-

ficient Bayesian inference for estimating the posterior distribution. Another issue

related to the pose estimation is the integration over a high-dimensional probabil-

ity distribution. In such a case, analytic evaluation is computationally intractable.

Therefore the Monte Carlo method is incorporated with the HMM for density ap-

proximations.

The novelty of the MCHMMs algorithm is not only the combination of the Monte

Carlo and HMM but also the approximation techniques employed. The conven-
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tional Monte Carlo methods only use the sample-based approximation, e.g., MCMC

[5, 15, 16] and particle filter [7]. Since the number of samples is quite small com-

pared with the size of the sampling space, the sample-based approximation can

only provide a sparse representation of a complex distribution over a large space.

In order to explore the solution space efficiently, the conventional sample-based

methods draw the samples from a proposal distribution, which can be any form

of distributions for the solution space. Due to the sparse sample set and weak

convergence of the Bayesian inference, the proposal distribution needs to be wisely

constructed beforehand to ensure good convergence. This is not an easy task in

a high-dimensional space. In contrast, the MCHMMs algorithm compensates the

drawback of the sample-based approximation by integrating the sample-based and

tree-based representations for density approximation. The underlying concept is

that even though the randomly drawn samples is unrepresentative, it still contains

certain information about the relative likelihood of other unsampled space [49].

Thus, it is possible to transform the samples into a probability distribution through

a density tree, which forms a recursive representation of a multivariate distribution.

As a result, the MCHMMs are able to converge to the local maximum from random

initializations.

Another contribution of this thesis is the extension of the MCHMMs algorithm

by integrating the data-driven method. The original MCHMMs algorithm provides

a top-down approach for the model matching. It is incapable of guiding the model

searching process to concentrate more on the local maximum or hot spots of the
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solution space. The data-driven (bottom-up) method is integrated by offering con-

strained sampling space through the detection of different body parts. Moreover,

instead of assigning equal weight for each sample, the image likelihood is used as the

weight for each set of sampled pose parameters. This approach drastically improves

the efficiency of the Bayesian inference of the MCHMMs algorithm and results in a

better convergence.

These contributions will be discussed in greater details in the succeeding chap-

ters.

1.6 Outline of the Thesis

The outline for the rest of this thesis is as follows:

Chapter 2 reviews the works that have been proposed so far related to the human

pose estimation system. The revision mainly concentrates on the second and third

stages of the system, i.e., pose representation extraction and model fitting. Different

approaches for each stage are investigated and their advantages and disadvantages

are discussed.

Chapter 3 briefly describes the structure of the pose estimation system proposed

in this thesis. Generally speaking, the system consists of two stages, body-part de-

tection and pose inference. The underlying concepts are presented and the methods

used in each stage are introduced.

Chapter 4 presents the details of the techniques employed in the body-part de-

tection stage. Results for the head-shoulder detection and limb detection are shown
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separately.

Chapter 5 presents the MCHMMs algorithm used for the pose inference. The

integration with the data-driven method is described. Moreover, the framework for

estimating the human pose based on this algorithm is given in details. Finally, the

generation of the 3D human model and image likelihood measurement are presented.

Chapter 6 shows the results of the 3D human models estimated from the image

observations. Both frontal and profile views of the 3D models are given to provide

qualitative measurement. The convergence of the data-driven MCHMMs is also

discussed based on the sample distributions extracted.

Finally, Chapter 7 presents the conclusion as well as the future directions of this

work.
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Chapter 2

Literature Review

A lot of works related to the human pose estimation in 2D images have been pub-

lished. As mentioned above, most of them follow a similar approach: (1) locate

the position of the human object inside the image; (2)build a representation of the

body pose inside the image; (3)find the best hypothesis or the human model to fit

the representation. Since this thesis mainly concentrates on the second and third

stages, this chapter presents a literature survey on the existing works of the last

two stages. In some works, the second stage may not be necessary for the pose

estimation system. For example, in [89], the pose estimation is limited to calculate

the joint-angle trajectories of the gait activity when people are walking parallel to

the image plane. Due to the periodicity of the gait activity, a motion model can be

constructed to describe the distribution of the positions for each joint at any time

phase in a walking cycle. Thus based on the prediction of the global position by

detecting the moving human object, the articulated movement is interpreted under

16
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the Condensation framework [42] that finds the best human model for the image

observations.

2.1 Review on Pose Representation Extraction

Based on the difference in the second stage, the existing approaches can be catego-

rized into two groups, train-based and detection-based.

2.1.1 Train-based Method

The train-based methods extract features such as silhouettes [90], contours [33, 92,

93], stick figures [4] and Hu moments [11] from 2D images and build pose represen-

tations which can represent different human poses based on the extracted features.

Initially, the train-based methods will learn models from the pose representations

for training. The trained models are often integrated with the information of joint

or body-part positions in order to derive human body configurations. Therefore, by

finding the model that matches with the pose representation extracted, the corre-

sponding human posture can be obtained. For example, the Ghost system proposed

in [33] use the silhouettes to represent different human postures with the idea that

each body part should corresponds to a hull vertex detected along the boundary.

In [90], the silhouette is described by the coordinates of a set of points on the bound-

ary with the origin allocated at its shape centroid. As a result, a simple pattern

classification method is employed to identify different postures by measuring the dis-

tance between the extracted shape and the mean shape. Locating the joints along
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the contours or boundary of the silhouette is a bit tedious. Instead, the work in [10]

converts the binary image into stick figures via the medial axis transformation [79].

As a result, the human pose is represented by a set of rigid lines connected with

articulated joints. The methods based on the contours or silhouettes build the pose

representations in the spatial domain in the sense that the contours or silhouettes

contain information about the joint positions or articulated structures. Bobik and

Davis [11] on the other hand model the patterns of the human pose based on the tem-

poral variation of the binary image. Two features, motion-energy images (MEI) and

motion-history images (MHI) are extracted by cumulating a sequence of binary mo-

tion images to represent the human motion in video index. The train-based methods

mentioned so far can’t adapt to the deformability of the human body shape caused

by non-rigid transformation. Hence it becomes difficult to find an optimal model

that matches with the image observation. Recently, more complicated representa-

tions have emerged with the belief that they are able to simplify the computation

and reach a high-level interpretation of human configuration. In [93], the binary

human shape is represented triangulated polygons, which are decomposed into a

set of connected deformable triangles [25]. The boundary of the polygon approxi-

mates that of the human shape and it actually consists of piecewise linear contours.

This special scheme is able to model any deformable shapes and can provide good

matching qualities. The train-based methods have the ability to construct accurate

representation for in-class postures but they can’t generalize out-class postures that

are not dealt with. Thus the applications based on this method are often under
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certain restrictions such as special clothing [10], neat background [24] and parallel

movements with respect to camera plane [93].

2.1.2 Detection-based Method

On the other hand, the detection-based methods have the potential to represent all

possible postures. The idea is to find candidate positions for different body joints or

body parts based on image cues such as edge, color and shape. Subsequently, these

detected candidates can be used to build 2D or 3D human configurations so that the

image likelihood can be measured. A simple approach can refer to Fleck’s work [26],

which uses the skin color and edge information to find cylindrical regions, which

are formed by finding two parallel edges. However the system is implemented with

the purpose of retrieving the image content to determine whether naked people is

presented. The requirement for the accuracy of the pose representation is not high.

Ioffe [40] adopted a similar approach to estimate the postures of naked people. The

detected cylindrical regions are possible to represent the human pose by grouping

nine candidate segments. The problem is that the proposed system is unable to

accurately locate the body segments since the detected segments may not represent

the body parts precisely. In addition, the implementation is limited to the images

with clean background and naked people present. Such an approach is definitely

infeasible in a real world. In [64], the wavelet feature is employed for detecting three

body parts, the head, the lower part of the right leg and the right foot. The training

and localization of the body parts in an image sequence follows the system described
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in [72]. However, the object models of the body parts for training have to be

manually initialized by placing marked rectangles in the first frame. Moreover, the

training for the lower body parts needs to be repeated for different people since they

normally wear different color of clothes. A more advanced detection technique based

on the color cue is done by Ramanan and Forsyth [74]. They use a rectangular edge

template to detect the torso and limbs since the body parts are in cylindrical shapes.

The basic idea is to convolute the image with the rectangular template and find the

image patches that are roughly in rectangle shapes. The image patches overlapped

with the moving objects by background subtraction are extracted. The patches with

consistent appearance in nearby frames are detected as candidate human body parts.

Once the human pose is derived from these candidates, the appearance models for

the corresponding body parts are built and used for later detection of the possible

body parts. The approach may fail when there are too many rectangular-shaped

objects in the background or when the appearance of the human objects varies with

the change of the orientation. To eliminate the false detection that may appear

in the above approach, Ramanan [75] proposed an approach based on the template

matching. In his approach, a 2D human model for the lateral-walking pose is defined

and represented by a set of connected rectangles. Each rectangle corresponds to one

body part. The human model is also convoluted with a sequence of images and

the human object and its corresponding body parts are detected by finding the

image patch with the maximum image likelihood. Finally the appearance model

for each body part is built and used to detect the body parts in other frames.
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The pose representation extracted based on this detection method is accurate and

robust but it only works under the assumption that the lateral-walking pose will

surely emerge in a long video sequence. Both the approaches mentioned above are

able to provide accurate detection for the human body parts. However, the two

approaches can only work with a enough long video sequence. To find the human

pose representation in a single frame or static images, it is not easy to build the

appearance model for each body part. Instead a set of candidate segments for

different body parts or candidate positions for different body joints are detected by

different techniques based on one image feature or on the integration of multiple

image cues. For example, in [56], three detection techniques are employed to find

the positions of head, hands and torso given the silhouette of the moving human.

The head position is determined by matching a predefined contour model along

the contour boundary of the extracted silhouette while the positions of both hands

are detected along the boundary by extracting the peaks of convex curvature. The

positions of the head and hands can be further refined based on the human body

structure and tracking information. Finally, the torso position is retrieved by the

medial axis transformation. To detect the body parts in static images, Hua [38]

combines four image cues including appearance, edge, color and shape. In this

approach, face detection is employed to locate the position of the head. The lower

arms and upper legs are detected using the skin color [61]. On the other hand, the

detection of the torso, upper arms and lower legs is not straight forward since they

don’t have salient image cues. Therefore, geometric positions of the head, lower arms
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and upper legs are combined with the edge and segmented blob information to detect

the rest body parts. The problem with this application is that it is limited to images

where the skin of the lower arms and upper legs is visible. Lee [55, 57] proposed

another approach that lifts away the clothing constraint. The arms are allowed to

be covered with sleeves but the hands still need to be exposed. The skin color and

clothing model are then used to generate hypothesis for the position of arms [37].

Since the skin of legs are usually not visible, the medial axis is employed to represent

the legs with the assumption that they are seldom horizontal. Compared with the

train-based pose representation methods, the detection-based methods can work

under less restrictions. Normally, they can cope with complex background, different

human orientation and clothes. However, due to the weakness of the low-level image

cues employed, the detection accuracy still needs to be improved. Another problem

is that the detection of different body parts is often not independent. The failure

of one body-part detection may lead to the failure of other body parts. Hence the

system built is vulnerable.

2.2 Review on Model Fitting

After obtained the pose representations, the human postures are estimated by find-

ing the best model that fits with the pose representation. In general, these ap-

proaches can be divided into two categories, namely, top-down approach and bottom-

up approach. The top-down approach is normally implemented together with the

train-based pose representation while the bottom-up approach is implemented with
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the detection-based method.

2.2.1 Top-down Approach

The top-down approach performs the pose estimation task based on a comparison

between a predefined model and the pose representation given. The best fitting

model can be found by the model matching or model searching methods.The first

method often tries to optimize an objective function, which measures the feature

correspondence between the object model and the image features extracted such as

optical flow [12] and edges [47]. This method makes the estimation system be able

to handle the self-occlusion since the models of self-occlusion configurations can be

constructed offline. A lot of early works that follow this method have been reviewed

by Aggarwal [2]. A model can be a set of simple equations [21] or a braided walk-

ing pattern [68] that describes the periodicity of gait activities, such as, walking,

running and marching. It is quite obvious that these simple models are incapable

to deal with more complex human activities. To make the pose estimation sys-

tem independent of activities, a common approach is the use of kinematic models,

which specify the translation, rotation and relative position for different body seg-

ments and joints. The kinematic model can be a 2D stick figure [17, 44]. The

problem of using this model is that the changes of the viewing camera angle may

greatly affect the extraction of the stick figure and subsequently affect the match-

ing score. The use of a 3D volumetric human model [78, 87] won’t bring such a

problem. However, more parameters are required to describe the 3D model and the
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computation load also increases during the matching process. Moreover, 3D models

bring the kinematic singularities which could cause lost of tracking. Morris and

Rehg [67] proposed a novel kinematic model, called 2-D Scaled Prismatic Model,

to minimize the occurrence of the singularities during the tracking process. Except

the use of the kinematic model, some special models are proposed. In the Ghost

system [33], silhouette models are built to specify the order of different body parts

along the boundary of the silhouette and the relative distance between each body

part. The philosophy behind this approach is that the order of body parts along

the silhouette differs greatly among four different main postures (standing, sitting,

crawling-bending and laying down) and any other posture is typically a variation of

one of the main postures. As a result, a deterministic approach is applied to find

the most similar posture for the observed silhouette and allocating them according

to the order constraints and relative distances. However, since the body movement

is continuous, the discrete models used above are unable to provide accurate esti-

mation for the activities occured in the transition regions between different models.

To solve this problem, Agarwal and Triggs [1] first partitions the solution space into

continuous regions. Each region contains a single model which gives information

about the body pose parameters of a modified Scaled Prismatic Model. Finally, a

linear autoregressive process is learnt to cover the whole space of each region. Simi-

larly, Zhang et al. [93] built a set of shape models which are equivalent to connected

piecewise linear contours. This special representation enables the deformability of

the shape model and provides good matching results for the body pose. The built
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shape models are learnt from certain human postures that appear during the hu-

man dynamic motion. The parameters that describe the shape model are able to

be re-adjusted to model the human postures that lie in between those have been

modeled. The solution space is explored by the method of Sequential Monte Carlo

based on the prior distribution of shape models. However, even with the deformable

models, the performance of the pose estimation is still constrained by learned priors.

Due to the articulated structure of the human body, it is impossible to generalize

a few fixed models to cover the whole solution space. To search all possible human

configuration, Deutscher et al. [24] built a framework based on a kinematic chain

consisting of 17 segments, among which the head, torso and limbs are represented by

conical sections with elliptical cross-sections. A stochastic search algorithm, called

annealed particle filter [48], was introduced to look for the global maximum in a

high dimensional configuration space because of its ability to counter the distrac-

tion effect of many local extremes. However, using a kinematic model often requires

the search for the best solution to be in a high dimensional space since the struc-

ture of human body has many degrees of freedom. Therefore, to simplify the search

process some researchers impose additional models, such as motion models [71, 43]

in order to prune the search space and reduce the computation cost. As discussed

above, both the model matching and model searching strategies employed in the

top-down approach have the difficulties to estimate all possible human postures due

to the articulated body structure. Another common problem associated with the

top-down approach is the requirement of a strong pose prior. The reason is that
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the current pose state highly depends on the previous one. A bad initialization may

lead to poor estimation or lost of tracking. Some work solve this problem by man-

ual initialization [71], which is inapplicable in a real-life application. As a result,

the top-down approach is only implemented for certain human activities or under

certain restrictions.

2.2.2 Bottom-up approach

On the other hand, bottom-up approaches show the potential capability of signifi-

cantly reducing search spaces and accurate self-initialization. A typical bottom-up

approach would first detect the body parts and then assemble them into the best

configuration. A grouping procedure has to be carefully designed since the detection

accuracy is often not very high and the false alarms are relative big. Fleck et al.

[26] used skin color and edge information to find cylindrical regions. A brute force

grouping procedure was then employed to assemble these cylinders into human fig-

ures constrained by the geometry relationship between body parts. Obviously, such

an approach is insufficient to deal with all possible configurations. Currently, a lot

researchers prefer to estimate the human postures in a statistical framework. Ioffe

[40] employed a pure sampling algorithm to find the appropriate body configuration,

which consists of nine body parts. The nine-segment assemblies are built incremen-

tally from single-segment ones. At each sampling stage, additional segments that

correspond to one body part are sampled and combined with the existing assembles.

Resampling is applied to the new set of assembles and those with high likelihood are
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kept for the next sampling stage. Ramanan and Forsyth proposed a more robust

grouping procedure in [74]. The grouping procedure based on video index is mod-

eled in a Bayesian network. The Bayesian network models the appearance of each

body part, the kinematic constrains and the motion constrains. Finally, estimating

the human configuration is equivalent to find the maximum a posteriori (MAP) of

a video sequence computed via dynamic programming [20]. In [75], a similar MAP

estimation is adopted to find the human configuration in a single frame. Both the

approaches mentioned above demonstrate their capabilities in identifying the correct

configurations of multiple people in one frame and recovering when losing track, but

since their approaches rely on the appearance models, the background should be

different from the human object. A major concern associated with the bottom-up

approach is the reliability of the body-part detectors. If the positions of body parts

are incorrectly located, it is impossible for the grouping algorithm, no matter how

robust it is, to produce correct clusters. Therefore in most cases, the capability of

the bottom-up approach is hard to be realized since there may be so many candidate

segments that the grouping procedure fails to cope with them.

2.2.3 Integration of Top-down and Bottom-up

From the above discussion, we can see that both top-down and bottom-up ap-

proaches have their own advantages and limitations. The state-of-the-art pose esti-

mation technology integrates the top-down and bottom-up approaches in the sense

that the estimation system could possess advantages of both approaches. A typ-
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ical system that follows this approach consists of two stages, detection and pose

inference. Some constraints such as kinematic and position constraints are imposed

in the second stage in order to prune the search space.The detection stage builds

the pose representation by detecting the candidate positions of human body parts

in images. It provide a good means to achieve self-initialization, but different re-

searches may select different methods, e.g., skin color detection [6], edge detection

[41] and face detection [66]. After finding possible body parts, a solution space

is often defined and a number of hypothesized postures which are normally 2D or

3D kinematic models can be generated by sampling the solution space. A search

process is then performed to identify good configurations by comparing the gener-

ated hypothesized postures with the image observations. Due to the large degree

of freedom associated with the articulated body structure, the solution space often

has high dimensionality. As a result, the exact inference employed in the bottom-up

approach may not be suitable, researchers prefer the approximation inference based

on the sampling scheme. The pose inference sounds similar to the top-down ap-

proach proposed by [24]. The difference is that the detection stage provides analytic

inference and hereby greatly prunes the search space. Recent works [56, 55, 38]

show good results by estimating the posterior distribution in a Bayesian framework.

Data-driven techniques are utilized to guide the dynamic search in the solution space

and increase the search efficiency and convergence rate. The idea is inspired by the

work in [95]. Particle filtering, also known as Condensation algorithm [42], is one

of the popular search algorithms for visual tracking. It provides an effective way to
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handle the multi-modal distribution. In [56], Lee et al. described a detailed particle

filter framework in which the likelihood of the observed image is estimated given the

human model. Body-part detection, which is based on the matching of the bound-

ary of the foreground, provides analytic inference for updating state parameters and

hence constrains the sampling process. This approach has the advantage of han-

dling track initializations and self-occlusion. However, the tracker requires a simple

background to accurately extract the foreground boundary. Lee and Cohen [55] pro-

posed another human pose estimation system for static images in 2004. Instead of

using background subtraction for the system initialization, four detection techniques

including , face detection, head-shoulders contour matching, elliptical skin blob de-

tection and ridge detection, were employed to find candidate positions of different

body parts. The search algorithm they implemented is similar to the one mentioned

in [56], called Data-Driven Markov Chain Monte Carlo (MCMC).The two tracking

systems discussed above require the present of the full human body without the

environmental occlusion. Roberts et al. [77] proposed a pose estimation system,

which is able to handle the occlusion caused by a cluttered environment. This is

done by combining learnt likelihood ratios computed only from the parameterized,

visible parts. The method for body part detection is quite different from previous

work because the authors perceive that in real world scenes, edge responses are not

discriminating enough so that a description taking account of colour or texture is

necessary. The basic idea is to measure the dissimilarity between the appearance of

the foreground and background of a transformed probabilistic region. Except the
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single part likelihood, a likelihood for paired body parts with similar appearances

and a model of inter-part distances are also learnt in order to encode the structure

of foreground appearance and the spatial relationship of body parts. As it is im-

possible to generate a set of samples to cover the entire high dimensional solution

space, the sampling processing in [56, 55] is taken in the sub-space sequentially. In

other words, the pose parameters are inferred consecutively for each body part. In

contrast, Hua et al. [38] propose a statistical framework called data-driven beief

propagation which can carry out the inference tasks in parallel. In this approach,

the human body pose is intepreted in a graph-based structure where the nodes rep-

resent the body parts and the edges encode constraints among them. Although the

samples are still generated from sub-spaces, the inference of the pose parameters for

one body part doesn’t require to fix the pose parameter for the other body parts. In

this way, the computation speed can be increased dramatically if multiple computers

are available.

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



Chapter 3

System Structure

This thesis presents a new statistical framework for inferring 3D pose parameters

of the human body from static images by integrating the top-down and bottom-

up methods. In general, the proposed pose estimation system can be divided into

two stages, body-part detection and configuration inference. The second stage is

constrained by the kinematic structure of human. The system structure is depicted

in Figure 3.1 below.

Figure 3.1: The structure of proposed pose estimation system

The overall approach relies on an assembly of detectors, which attempt to find

31
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the candidate regions of different body joints from image cues including edges and

segmented color blobs. By sampling different sets of the joint positions from the

candidate regions, the corresponding 3D human models are built and are used for

calculating the likelihood based on the image observation. To search for the best

model, the Bayesian framework called the data driven Monte Carlo hidden Markov

models (MCHMMs), employs both sample-based and tree-based techniques for den-

sity approximations. A brief introduction for each stage will be given in the following

paragraphs.

3.1 Body-part Detection

One problem that has perplexed researchers for many years in the area for the vision-

based human pose estimation is the ability to extract robust features to represent

different human body parts. So far none of the feature representation methods are

able to easily distinguish and detect human body parts from image background.

One possible approach to detect different body parts is to combine several low-level

features. In this project, we use three types of image cues, Haar-like feature, edges

and segmented color blobs to find the positions of the head, shoulders and limbs.

The reasons for using the three features are given in the following paragraphs. The

detection of these body parts is achieved by two separate approaches, head-shoulder

contour matching and limb detection.

For the head-shoulder contour matching approach, the Haar-like feature and

edge are employed. The human head-shoulder contour is probably the most salient
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feature for representing humans due to its unique structure. Intuitively, the edges

extracted should contain the head-shoulder contour as long as the human head and

shoulders have distinct boundary compared with the background. Hence they are

employed for the detection of the head and shoulders. The basic concept is to

use the gradient descent approach to match the trained contour models with the

edges and search for the positions with minimum edge distance. The initial position

for the search process is determined by a face detection technique based on the

Haar-like feature, which is an extension of the wavelet features. Compared with

the raw pixels, the Haar-like feature is more representative and can well encode the

face structure. Another reason for using this feature is that it can be computed

efficiently for different scale of images in constant time. Further explanations for

using the Haar-like feature can be found in [58].

In contrast to the head-shoulder contour, the features that represent the limbs

are less obvious. Although the skin color is a robust feature to detect the arms and

legs, it is not applicable in situations where the limbs are covered with clothes. The

limb-detection technique proposed here tries to lift away the dependency on the skin

color. One common observation for both of the arms and legs is that they can be

roughly modeled by cylinders. This suggests that in an ideal case each limb should

be detected by finding two approximately parallel edges. Therefore the parallel-line

detection based on the edges can be employed for the detection of limbs. The edges

are first converted into straight lines through the Hough transform. A number of

parallel-line pairs can then be found by grouping two lines with the similar slope.
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Due to the spurious edges, a lot of the parallel-line pairs are redundant. To dis-

tinguish the true pairs from noise, the color blobs need to be included. Naturally

it can be assumed that the limbs are only represented by one or a few complete

blobs whereas the parallel-line pairs of the background usually consist of partial

blobs. Therefore the image likelihood of the limbs measured based on the color

blobs are bigger than other pairs. To further distinguish the limbs from the back-

ground, additional geometric information is employed to measure the likelihood.

The implementation details for the two detection approaches will be given in the

next chapter.

3.2 Configuration Inference

The body-part detection in the first stage gives us the candidate locations for the

body joints including the head, shoulders, elbows, wrists, knees and ankles. How-

ever, these candidate locations are still not enough to figure out the exact posture.

Instead the candidate locations actually define a high dimensional space in which

each point corresponds to one human configuration. The point is represented by

a vector of pose parameters which specify the 2D coordinates of every body joint

in the image and the size of every body part. Given the geometry information,

the 3D positions for all joints are derived by kinematic transformation and a 3D

human configuration is built subsequently. Eventually, the likelihood for the person

in that configuration or pose is measured by the image likelihood obtained by pro-

jecting the 3D model to the 2D image. With the likelihood for all possible human
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configurations, the high dimensional space can be regarded as a probability density

function. Normally the probability density here is a multi-mode distribution. As a

result, the pose estimation problem is formulated as estimating the density function

over the solution space and finding the peak mode or local maximum. The Bayesian

framework, data-driven MCHMMs, is employed for the density estimation. The

hidden Markov model involved is efficient in inferring the posterior distribution but

it is designed for model learning problem. As there are no training examples for

the pose estimation, Monte Carlo methods are combined with the HMMs so that it

is able to perform model search tasks in a high dimensional space. The integrated

Monte Carlo method provides an approximation for the probability density. A typ-

ical Monte Carlo based Bayesian inference such as the Markov Chain Monte Carlo

(MCMC), uses samples for the density approximation. The samples are generated

from the proposal distribution which is usually represented by a mixture of distri-

butions, such as Gaussian distributions. Although it is claimed that the proposal

distribution will not affect the final convergence except the rate of convergence [30],

in the high dimensional space a poor proposal distribution will normally lead to ill-

fitted postures. To ensure convergence, the proposal distribution has to be designed

to closely approximate the stationary probability distribution. This often requires

a careful selection of the parameters that describe the mixture of distributions. In

the detection-based pose estimation system, the parameters are inferred analyti-

cally from the body parts detected. On the other hand, the MCHMMs algorithm

tries to generate samples from the uniform distribution to lift away the necessity

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



3.2 Configuration Inference 36

of constructing a delicated proposal distribution. But sampling from the uniform

distribution will result in a sparse representation in the large space. To overcome

the drawback of the sample-based approximation method, the MCHMMs integrates

the sample-based and tree-based representation for the density approximation. The

tree-based method utilizes the generated samples to approximate the probability

distribution of the solution space. The distributions of the unsampled regions are

determined by the relative likelihood of the existing samples. To build a density

tree for the density approximation, the whole solution space is firstly divided into

subspaces. Each subspace maps to a single leaf in the tree. The distribution within

each leaf is uniform while the distributions between different leaves depends on the

weight of each leaf and its parent node. With the density approximation technique

mentioned above, the MCHMMs is able to learn the stationary distribution over

the high-dimensional space through multiple iterations of Expectation and Maxi-

mization (EM). The data-driven method is implemented to estimate the probability

distributions more efficiently. An annealing process is also employed to avoid the

overfitting problem when learning the HMMs. To improve the computational effi-

ciency and convergence, the search space is pruned by kinematic constraints. By

kinematic constraints, it refers to the information about impossible configurations

for human beings, such as the configuration where hands penetrate into the torso.

Details of the configuration inference stage and the kinematic constraints will be

given later.
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Chapter 4

Body-Part Detection

The purpose of integrating the body-part detection into the pose estimation system

is to provide analytic inference for the model searching stage. As there are no obvious

features representing all human body parts, multiple low-level image cues are fused

for the detection task. Here three image cues including the Haar-like features, edges

and segmented blobs are employed to detect the head, left and right shoulders,

and four limbs. Based on the body parts detected, the sampling regions for the

associated joints can then be constructed. Two detection techniques, namely head-

shoulder contour matching and limb detection, are implemented to find the positions

of the head and shoulders and the positions of the limbs respectively. To ensure the

effectiveness of the two detection techniques, the minimum human size should be

150x50. Because otherwise, the face structure may not be obvious and the edges of

limbs may be noisy.

37
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4.1 Head-shoulder Contour Matching

The human head-shoulder contour is quite obvious in a binary edge image due to

its unique structure. Hence a head-shoulder contour matching method is employed

to locate the positions of head and shoulders. The idea is adopted from the contour

matching procedure proposed in [54]. The basic concept is to align the exemplar

contours to the edges extracted and select the one with minimum matching error.

Each exemplar contour can be transformed into a number of different contours by

specifying different translation parameters, rotation angles and scaling coefficients.

As a result, each contour is modeled by five parameters, the number of the exemplar

contour, translation in x and y directions, rotation angles and scaling coefficients.

The gradient descent approach is chosen to search for the best model parameters.

Since the gradient descent approach tends to be easily trapped in a local maximum, a

face detection method based on the Haar-like features is employed in order to provide

a good initialization of the transformation parameters. With the discussion above,

it can be seen that the head-shoulder contour matching approach actually employs

two detection methods, face detection and edge detection. A brief description for

each detection method will be given followed by the gradient descent approach and

the detection result.

4.1.1 Face Detection

The human face is probably one of the most unique symbols for representing human

beings in 2D images. Its structural appearance offers the possibility of detecting
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the face based on the feature extraction method. Generally speaking, two main

problems need to be considered to build a face detection framework. One is the

ability to represent the human face based on image information. Another one is the

ability to distinguish them from other objects based on the known representations.

To handle the two problems, we employ a rapid object detection scheme [58], which

uses an extended set of Haar-like features for the face representation and a boosted

multi-stage classifier for the classification.

The reason for using features instead of raw pixel values as the input to a learn-

ing algorithm is to reduce the intra-class variability while increasing the inter-class

variability and thus making the classification easier. The Haar-like features are

originated from the quadruple Haar wavelet features used by Papageorgiou et al.

[70].

The basic unit of the feature pool is the sum of pixels located in an upright

rectangle or 45o rotated rectangle. Assume an object can be covered by a fixed-

size window of W×H pixels. A rectangle is then expressed as r=(x,y,w,h,α) with

0 ≤ x,x+w ≤ W, 0 ≤ y,y+h ≤ H, x,y≥0, w,h>0, and α ∈ {0o, 45o} and its pixel sum

is denoted by RecSum(r). Fig 4.1 shows the sample for each rectangle. Note that

the w and h indicate the number of columns and rows of pixels inside the rectangle

respectively but not the width and height of the rectangle.

The raw feature set is the set of all possible features defined by the equation:

featureI =
∑

i∈I{1,...,N}

ωi ·RecSum(ri) (4.1)
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Figure 4.1: Examples of an upright and 45o rotated rectangles

where the weights ωi ∈ <, the rectangles ri, and N are arbitrarily chosen.

According to Eq 4.1, the feature set could be infinitely large and not all of the

features are meaningful. Therefore, it is reduced as follows:

1. The features are calculated based on the pixel sums of two rectangles, i.e.,

N=2.

2. In case the two rectangles have different area size, we set −ω1 · Area(r1) =

ω2 · Area(r2).

3. The features mimic Haar-like features and early features of human visual path-

way such as center-surround and directional responses.

With reference to these critera, 14 feature prototypes are proposed as shown in

Fig 4.2, including four edge features, eight line features, and two center-surround

features.

There is no constraint on w and h as long as each of them equals to the multiples

of the number of columns or rows shown in every feature. Thus, these prototypes are
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(a) (b) (c) (d)

(a) (b) (c) (d)
(e) (f) (g) (h)

(a) (b)

Figure 4.2: The rectangles in the first row represent edge features. The second and
third rows shows line features and the last one shows center-surround features

scaled independently in vertical and horizontal direction in order to generate a rich,

over-complete set of features. For example, Fig 4.2(a) has two columns but one row

meaning that w should be the multiples of 2, i.e., ω = 2 × n, with 0 ≤ x+w ≤ W

and h can be any integer number as long as the rectangle lies within the image

window. The smallest edge feature for Fig 4.2(a) has two pixels in width and one

pixel in height. Note that the line features actually have three rectangles but we

can still perceive the features are calculated by two rectangles only. In this case, it

is assumed that the first rectangle r1 encompasses the black and white rectangles

while the second rectangle r2 only contains the black area. For instance, line feature

(a) with total rows of 2 and columns of 6 at the top left corner (5,3) can be written
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as

featureI = −1 ·RecSum(5, 3, 6, 2, 00) + 3 ·RecSum(7, 3, 2, 2, 0o) (4.2)

The number of features for each prototype is quite large and differs from pro-

totype to prototype. The following paragraph shows the procedure for calculating

the number of features for an upright feature. Let X=[W /w ] and Y =[H /h] be the

maximum scaling factors in x and y direction. Each sub-window with the size of

iw × jh has a unique feature, with 1 ≤ i ≤ X and 1 ≤ j ≤ Y. Therefore, along

the x direction the number of sub-window is
∑X

i=1(W − i · w + 1) and along the y

direction it is
∑Y

j=1(H − j · h + 1). Since these two numbers are independent, an

upright feature of size w× h then generates

(
X∑

i=1

(W − i · w + 1)) · (
Y∑

j=1

(H − j · h + 1)) (4.3)

By simplifying the above equation, we obtain

XY · (W + 1− w
X + 1

2
) · (H + 1− h

Y + 1

2
) (4.4)

features for an image of size W× H.

The process to calculate the number of 45o rotated features is similar to the

upright features. From Fig 4.1, we observe that a 45o rotated feature occupies

a (w + h) × (w + h) square. Hence, by defining z = w + h, The expression for
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calculating the number of 45o rotated features is

XY · (W + 1− z
X + 1

2
) · (H + 1− z

Y + 1

2
) (4.5)

where X=[W /z ] and Y =[H /z ].

Table 4.1 lists the number of features for a window size of 24× 24.

Feature Type w/h X/Y #

Ea; Eb 2/1; 1/2 12/24; 24/12 43,200
Ec; Ed 2/1; 1/2 8/8 8,464
La; Lc 3/1; 1/3 8/24; 24/8 27,600
Lb; Ld 4/1; 1/4 6/24; 24/6 20,736
Le; Lg 3/1; 1/3 6/6 4,356
Lf; Lh 4/1; 1/4 4/4 3,600
Ca 3/3 8/8 8,464
Cb 3/3 3/3 1,521
Total 117,941

Table 4.1: Number of features inside of a 24× 24 window for each prototype

Since the number of features are quite large, it is inefficient to calculate the

RecSum one by one. Thus an intermediate representation for the image, called

integral image, is used to save the computation cost. The integral image for an

upright rectangle at (x,y) is defined as the Summed Area Table SAT (x,y), which is

the sum of pixels of the upright rectangle ranging from the top left corner at (0,0)

to the bottom right corner at (x,y) (see Fig 4.3(a)) , i.e.,

SAT (x, y) =
∑

x′≤x,y′≤y

I(x′, y′) (4.6)

where I (x,y) is the pixel value of original image.
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(a) (b)

Figure 4.3: (a)Integral image and (b)calculation scheme of the pixel sum for upright
rectangles

It can be calculated with one pass over all pixels from left to right and top to

bottom by means of

SAT (x, y) = SAT (x, y − 1) + SAT (x− 1, y) + I(x, y)− SAT (x− 1, y − 1) (4.7)

with SAT (-1,y)=SAT (x,-1)=0. Based on Eq 4.7, the pixel sum of any upright

rectangle r=(x,y,w,h,0) can be determined by four table lookups as shown in Fig

4.3(b):

RecSum(r) = SAT (x− 1, y − 1) + SAT (x + w − 1, y + h− 1)

−SAT (x− 1, y + h− 1)− SAT (x + w − 1, y − 1) (4.8)

For 45o rotated rectangles the integral image is denoted as Rotated Summed Area

Table RSAT (x,y). Fig 4.4(a) describes the sum of the pixels of the rectangle rotated

by 45o with the right most corner at (x,y) and extending till the boundaries of the
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image. Mathematically, it can be expressed as:

RSAT (x, y) =
∑

x′≤x,x′≤x−|y−y′|

I(x′, y′) (4.9)

(a) (b)

Figure 4.4: (a)Integral image and (b)calculation scheme of the pixel sum for 45o

rotated rectangles

Similar to the procedure of calculating the pixel sum of upright rectangle, the

RSAT (x,y) is estimated with two passes. The first pass from left to right and top

to bottom determines

RSAT (x, y) = RSAT (x− 1, y − 1) + RSAT (x− 1, y)

+I(x, y)−RSAT (x− 2, y − 1) (4.10)

with RSAT (-1,y)=RSAT (-2,y=RSAT (x,-1)=0, whereas the second pass from the

right to left and bottom to top calculates

RSAT (x, y) = RSAT (x, y) + RSAT (x− 1, y + 1)−RSAT (x− 2, y) (4.11)
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From this the pixel sum of any rotated rectangle r=(x,y,w,h,45o) can also be deter-

mined by four table lookups as shown in Fig 3.4(b):

RecSum(r) = RSAT (x + w − 1, y + w − 1) + RSAT (x− h− 1, y + h− 1)

−RSAT (x− 1, y − 1)

−RSAT (x + w − 1− h, y + w − 1 + h) (4.12)

4.1.2 Learning Algorithm

With such a large feature pool, the difficulty appears in the way of obtaining a

classifier that is robust and computationally efficient. Based on the assumption

that a very small number of these features can be combined to form an effective

classifier, Viola and Jones [86] proposed a boosted cascade classifier to find these

features. The underlying philosophy of a cascade of classifiers is that at each stage

a classifier is able to detect almost all objects of interest while rejecting a certain

fraction of the non-object patterns. Suppose each stage is trained to eliminate 50%

of the non-object patterns while only falsely eliminate 0.2% of the object patterns.

After 13 stages, a false alarm rate of about 0.513 ≈ 1.2e − 0.4 and a detection rate

of about 0.99813 ≈ 0.97 can be expected. AdaBoost algorithm is used for boosting

the performance of the cascade of classifiers. It is a powerful machine learning

algorithm, which can learn a strong classifier by weighted combination of a set of

weak classifiers. The set of weak classifiers or base classifiers are all classifiers which

perform a simple binary thresholding decision based on one feature from the feature
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pool:

hj =


1 when if pjfj(x) < pjθj

0 otherwise

(4.13)

where hj(x) represents a weak classifier, which consists of a feature fj, a threshold

θj and a polarity pj indicating the direction of the inequality sign. Details of the

boosting process can be found in [86].

In order to detect the human face at multiple scales, the scaling process is applied

at the detector rather than the image. This process makes sense because the features

can be evaluated at any scale with the same cost. The detector is also shifted across

the image to find the human body at different locations. At each time, the base

window is shifted by some number of pixels ∆. The distance of movement relates

to the scale of the detector, i.e., the size of the window. If the current scale is s

the window is shifted by [s∆], where [] is the rounding operation. The detection

algorithm was implemented using the existing Haar cascade classifier in OpenCV

library. Its detection performance has been widely tested and it is able to detect

the multi-scale faces in both frontal and profile views accurately.

The human localizer gives a good initialization for obtaining the locations of

different body parts in the sense that it provides the region of interest for the body-

part detectors to search rather than search in the whole image. The body-part

detectors employ three detection techniques including edge detection, head-shoulder

contour matching and skin color detection to find candidate locations for head,
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shoulder and limbs.

4.1.3 Edge Detection

Background

Edge detection is employed to calculate the edge distance of each contour so that

the matching quality can be measured. It is arguably the most important operation

in low-level image processing. The reason is that it significantly reduces the amount

of data and filters out useless information, while preserving the important structural

properties in an image. Generally speaking, the edges in images are defined as the

areas with meaningful gray-level transitions [31]. An ideal edge is a set of connected

pixels, each of which is located at an orthogonal step transition in gray levels as show

in Fig 4.5(a). However, in practice, optics, sampling, and other image acquisition

imperfections yield edges that are blurred. As a result, the transitions are more

likely to be a ramp like as depicted in Fig 4.5(b).

(a) (b)

Figure 4.5: (a)Grey-level transition of an ideal edge (b)Grey-level transition of a
practical edge

Plenty of techniques have been published to perform edge detection [13, 53]. The

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



4.1 Head-shoulder Contour Matching 49

majority of them may be grouped into two categories: gradient and Laplacian. The

gradient method detects the edges by looking for the maximum and minimum in the

first derivative of the image. On the other hand, The Laplacian method searches for

zero crossings in the second derivative of the image to find edges. In this project,

we employ a gradient-based edge detector integrated with confidence measures [63].

The detection procedure is quite similar to a famous edge detection algorithm, called

Canny edge detector [14], which consists of three steps

1. Estimation of the gradient vector. The value of the gradient magnitude ĝ and

orientation θ̂ is obtained by using two differentiation masks.

2. Nonmaxima suppression. This step is to trace along the edge in the edge

direction and suppress any pixel value (set it equal to 0) that is not considered

to be an edge.

3. Hysteresis thresholding. It is a means of eliminating streaking, which ap-

pears in an edge when the output of the mask fluctuates above and below the

threshold.

The detection procedure described above only employs the gradient magnitude in-

formation. To further enhance the detection performance, a confidence measure is

incorporated with all three steps to measure the similarity between the data pattern

and an ideal edge template using information not employed in the gradient magni-

tude. The details of the gradient estimation and confidence measurement are given

in the appendix. Later section will focus on the integration with the confidence
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measure for the nonmaxima suppression and hysteresis thresholding.

Integration with Confidence Measures

The confidence measurement will result in a ρη-diagram as shown in Fig 4.6.

Every pixel of an image can be converted to a point in this diagram. Let f(ρ, η) = 0

be the implicit equation of a curve in the ρ-η plane. Every point (ρo, ηo) is then

associated with a value f(ρo, ηo), which is called the algebraic distance of the point

from the curve. As depicted in Fig 4.6, all the points “inside” have negative algebraic

distances, whereas all the points “outside” have positive algebraic distances. Similar

Figure 4.6: The ρη-diagram

to the Canny edge detector, it is possible to define the nonmaxima suppression and

hysteresis thresholding in the context of the ρη-diagram.

The implementation of nonmaxima suppression is based on the sign of the al-

gebraic distance. Firstly, two virtual neighbors Q1 and Q2 are generated given the

estimated gradient orientation (see Fig 4.7(a)). The ρ and η values of the two vir-

tual neighbors are then determined by linear interpolation from the existing ρ and

η values of P12, P13 and P31, P32, respectively. The prototype curve f(X)(ρo, ηo) = 0
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is inflated to pass through P (ρo, ηo), defining the decision boundary

f (X)(ρ, η)− f (X)(ρo, ηo) = 0. (4.14)

The pixel is classified as an edge point only when both virtual neighbors have neg-

ative algebraic distances as depicted in Fig 4.7(c).

(a) (b) (c)

Figure 4.7: Nonmaxima suppression in the ρη-diagram (a)The two virtual neighbors
(b)The pixel is not an edge point (c)The pixel is an edge point

To perform hysteresis thresholding two decision boundaries f(L)(ρ, η) = 0 and

f(H)(ρ, η) = 0 are defined in the ρη-diagram. They divide the ρ-η plane into three

regions. The pixel (ρo, ηo) is then determined by hysteresis thresholding as follows

if f (L)(ρo, ηo) > 0 and f (H)(ρo, ηo) ≥ 0 retain for edge map

if f (L)(ρo, ηo) · f (H)(ρo, ηo) < 0 retain if neighbor in edge map

if f (L)(ρo, ηo) ≤ 0 and f (H)(ρo, ηo) < 0 discard

The second condition is being applied recursively.

The decision boundaries for both nonmaxima suppression and hysteresis thresh-
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olding can have arbitrary shapes. Moreover, the two decision boundaries for hys-

teresis thresholding can even intersect with each other if necessary. Indeed, if all the

decision boundaries are vertical lines

f (L)(ρ, η) = ρl f (H)(ρ, η) = ρh f (X)(ρ, η) = ρ (4.15)

both nonmaxima suppression and hysteresis thresholding will be exclusively based

on gradient magnitude and, thus, the new method defaults into the Canny edge

detection approach.

Comparison with Canny edge detection

As mentioned above, the edge detection algorithm is actually an extension of

the Canny edge detector. So similar to the Canny edge detector, the detection

performance still depends on the thresholds chosen initially. In this approach, the

thresholds are represented by the decision boundaries used in the ρη-diagram. The

following options are available:

• horizontal or vertical line;

• A corner of a rectangle, which consists of a horizontal and a vertical line;

• The first quadrant of an ellipse with the center in the origin;

• arbitrary polygonal curve.

Here an ellipse which passes through the points (0.5, 0) and (0, 0.5) in the ρη-

diagram is chosen for the decision boundary of nonmaxima suppression (see Fig
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4.8(a)). For hysteresis thresholding, the lower decision boundary is an ellipse passes

through (0.99, 0) and (0, 0.91) while the higher boundary is a corner of a rectangle

located at (0.93, 0) and (0, 0.96) as shown in Fig 4.8(b).

(a) (b)

Figure 4.8: (a)Decision boundary for nonmaxima suppression in ρη-diagram
(b)Decision boundary for hysteresis thresholding

Although the performance for both edge detectors are subjective, generally speak-

ing the edge detection algorithm we selected outperforms the Canny edge detector.

Comparison between these two approaches are given in both Fig 4.9 and 4.10. The

thresholds for the Canny detector have been adjusted to achieve the best perfor-

mance for individual images. As we can see that in noisy images, the Canny edge

detector (see Fig 4.9(b)) gives too many details when the clothes have many pleats.

On the other hand, the edge detector with the confidence measure (see Fig 4.9(c))

shows more structural information and eliminate those trivial edges. For the head-

shoulder contour matching, the trivial edges is useless and may even degrade the

performance of localizing head and shoulders. However, in a well-controlled envi-

ronment, for example a room with clean background and constant illumination, the
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performance of the Canny edge detector is comparable with the detector selected.

The selected detector also has better performance in dealing with high texture im-

ages as shown in Figure 4.11 and 4.12. The grass patch in Figure 4.11(a) is a high

texture image portion. It introduces a lot of trivial edges for the Canny edge de-

tector while the high texture effect is greatly eliminated by the selected detector.

Moreover, it can be observed that the tree on top of the head also brings a lot of

noise via the Canny edge detector. The noisy edges may probably lead to poor

matching quality for the head-shoulder contours. In contrast, the selected detector

gives more structural information for the tree and better matching quality can be

expected. Similarly, the sandy ground in Figure 4.12(a) is also well handled by the

selected detector.

(a) (b) (c)

Figure 4.9: Noisy image: (a)Original image (b)Binary image by Canny detector
(c)Binary image by the edge detector with confidence measure

4.1.4 Gradient Descent Approach

Given the initial search position and the binary edge image, a gradient descent

approach is used to match the contour models with the edges and search for the
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(a) (b) (c)

Figure 4.10: Controlled room: (a)Original image (b)Binary image by Canny detector
(c)Binary image by the edge detector with confidence measure

(a) (b) (c)

Figure 4.11: Image with grass patch: (a)Original image (b)Binary image by Canny
detector (c)Binary image by the edge detector with confidence measure

positions with minimum edge distance. The details of this algorithm are shown

below.

Totally eight contour models are used in this approach as shown in Fig 4.13.

The models are the same as the ones used in [54]. They are learnt from a set of 100

training data by using the K-means clustering algorithm and have different shapes

in order to sufficiently cover all possible head-shoulder contours. Each of them

is represented by a set of connected points {ui, vi} in 2D. The coordinate values
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(a) (b) (c)

Figure 4.12: Image with sandy ground: (a)Original image (b)Binary image by Canny
detector (c)Binary image by the edge detector with confidence measure

of u and v are normalized into floating values rather than using integer values to

represent the position of each point. The image position of head and shoulders are

also defined for every trained model.

Based on the transformation equations below, the normalized coordinates {ui, vi}

can be converted into the pixel location (xi, yi) inside an image,

xi = s(ui cos α + vi sin α) + Tx (4.16)

yi = s(−ui sin α + vi cos α) + Ty, (4.17)

where Tx and Ty are the translation parameters, s is the scaling coefficient and

α is the rotation angle. Edge-distance transformation is implemented to generate

a floating image with each pixel value, denoted as D(xi, yi), equal to the nearest

distance to the image edges. Hence our target is to find a set of {Tx,Ty, s, α} such

that it minimize the error function, i.e., the summation of the edge distance along
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(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure 4.13: Eight head-shoulder contour models

the positions of the transformed points

E =
∑

i

D(xi, yi) (4.18)
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The updating of these parameters by the gradient descent algorithm is as follows,

∆Tx = −γ
∂E

∂Tx

= −γ
∑

i

(
∂E

∂xi

∂xi

∂Tx

+
∂E

∂yi

∂yi

∂Tx

)
(4.19)

∆Ty = −γ
∂E

∂Ty

= −γ
∑

i

(
∂E

∂xi

∂xi

∂Ty

+
∂E

∂yi

∂yi

∂Ty

)
(4.20)

∆s = −γ
∂E

∂s
= −γ

∑
i

(
∂E

∂xi

∂xi

∂s
+

∂E

∂yi

∂yi

∂s

)
(4.21)

∆α = −γ
∂E

∂α
= −γ

∑
i

(
∂E

∂xi

∂xi

∂α
+

∂E

∂yi

∂yi

∂α

)
(4.22)

where γ is the step size and can be different for different parameters. The partial

derivatives with respect to parameters involved in the updating process are com-

puted as follows:

∂xi

∂Tx

= 1
∂yi

∂Tx

= 0

∂xi

∂Ty

= 0
∂yi

∂Ty

= 1

∂xi

∂α
= s(−ui sin α + vi cos α)

∂yi

∂α
= s(−ui cos α− vi sin α)

∂xi

∂s
= ui cos α + vi sin α

∂yi

∂s
= −ui sin α + vi cos α

(4.23)

The partial derivatives of the error function can be converted to other formats

∂E

∂xi

=
∂D(xi, yi)

∂x
= Dx(xi, yi) (4.24)

∂E

∂yi

=
∂D(xi, yi)

∂y
= Dy(xi, yi) (4.25)

where Dx(xi, yi) and Dy(xi, yi) are computed using finite difference based on the

edge-distance transformed map.
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4.1.5 Results for Locating Head and Shoulders

The face detection technique involved normally results in an accurate position for the

center of the face and a rectangle that closely bounds the face region. Thus it is able

to provide a good initialization for the transformation parameters, Tx,Ty, s. The

rotation angle α, is initially set at zero with the assumption that the upper body

is in the up-standing pose. Fig 4.14 shows the head-shoulder contour matching

process for different images with different head scales and poses. The matching

process is illustrated by a sequence of images. The faces detected in the second

column of Fig 4.14 show a good starting point for the matching process. The results

of the edge-distance transform are shown in the forth column of Fig 4.14. The

edge-distance values are quantized into gray levels. The pixels that are near to the

edges looks much darker than those pixels that are far away from the edges. From

the four distance transformation map, it can be observed that the areas where the

true contours lie are all fall into the dark regions. That means the starting points

are already closed to the local modes or the positions with minimum matching cost.

Thus it ensures the gradient descent approach searches in the nearby locations of

the starting points and results in the good matching quality. In the fifth column, it

can be seen that the contours are well fitted to the head-shoulder boundaries. The

positions of the head and shoulders have been predefined for each contour model.

Through the translation, rotation and scaling process, the new positions can be

obtained given the best model parameters selected and are highlighted by green

spots. Sometimes, the green spots deviates a bit from the true positions as depicted

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



4.1 Head-shoulder Contour Matching 60

in Fig 4.14e. This is probably due to the inflexibility for the curvatures of the

contour models. The performance of the head-shoulder contour matching based on

the Canny edge detection is also investigated. Fig 4.15(d) shows one of the best

matchings between the contours and head-shoulder boundary. It shows that the

alignment of the contour is indeed affected by the trivial edges.

Since the procedure to detect the head and shoulders is through the contour

matching process, the detected positions will usually align with the boundary of the

head and shoulders. A single position is not accurate enough to determine the true

position of the neck or shoulder joints. Thus the first 50 candidate positions with

the smallest edge distance for each image are used to calculate the mean positions

and the sampling regions for the neck and shoulders are then defined using three

rectangles centered at the corresponding mean positions as shown in Figure 4.16.

The values for the width, height and rotation angle for the rectangles are determined

empirically in order to cover the true positions with smallest possible regions. Here

both the width and height are set as 8 pixels since the height of the persons inside the

images ranges from 150 pixels to 200 pixels. The width and height of the rectangles

can adapt to the size of the face rectangles detected for large human size but large

sampling regions may increase the sampling complexity. The rotation angle is again

set to zero since it is assumed the upper body is in the upstanding pose.
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

(k) (l) (m) (n) (o)

(p) (q) (r) (s) (t)

Figure 4.14: (a), (f), (k)&(p)Original image; (b), (g), (l)&(q)Face detection; (c),
(h), (m)&(r)Binary edge image; (d), (i), (n)&(s)Edge-distance transformation map;
(e), (j), (o)&(t)Head-shoulder contour matched

4.2 Limb Detection

Compared to the detection of the head and shoulders, the limb detection is much

more difficult due to the lack of the salient features for representing them. The
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(a) (b) (c) (d) (e)

Figure 4.15: (a)Original image; (b)Face detection; (c)Binary edge image; (d)Edge-
distance transformation map; (e)Head-shoulder contour matched

(a) (b) (c) (d)

Figure 4.16: Head-shoulder sampling regions

approach proposed here is an extension of the body-part detection method presented

in [41].

4.2.1 Parallel Line Detection

Since the shape of the limbs in 2D images can be approximated by rectangles, the

parallel-line detection is employed to find the positions of limbs. The binary edge

used in the head-shoulder detection method doesn’t provide the information of the

straight lines but they can be found by simply finding the subset of the edge points

that lie on them. To detect the straight lines in the binary edge image efficiently,

the Hough transform is used. The basic idea is to represent a single line by the slope
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a and the intercept b instead of two different points in the x-y plane. By quantizing

the a and b values into discrete values, the a-b plane is subdividing into square cells.

Then, every edge point falls into a number of cells, which means every edge point is

passed through by a number of straight lines. So for the edge points lie in the same

cell, they can be represented by a single line with the discrete slope and intercept

value for that cell. To handle the infinity slope problem, the normal representation

is select to replace the slope-intercept representation. Thus every line is equivalent

to a point in the ρ − θ plane. The general approach for the Hough transform is as

follows:

• subdividing the ρ− θ plane into cells;

• check the number of edge points on every cell and choose the cells with high

point concerntrations for line representation;

• check the connectivity of the points in a chosen cell and link the points with

small gaps into one line.

Finally, two lines are grouped into a parallel-line set if the slopes for both lines are

more or less the same.

4.2.2 Candidate Selection by Maximum Likelihood

The parallel-line detection results in a large number of redundant parallel-line sets

due to the complex image content and noisy edges. To find the corresponding

parallel-line set for each limb, the likelihood of each parallel-line set being the limb
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is measured. Denote PLn as the n-th parallel-line set of N parallel-line sets and Lm

as the m-th limb of M limbs. Since human beings only have two types of limbs, i.e.,

arms and legs, M should equal to 2. The framework for computing the likelihood

p(PLn|Lm) is formulated as follows.

p(PLn|Lm) = p(dn|Lm) · p(bn) · p(Rn), 1 ≤ n ≤ N 1 ≤ m ≤ M (4.26)

The first component p(dn|Lm) in Equation 4.26 represents the probability dis-

tribution of the distance dn between the two lines in the n-th parallel-line set given

the m-th limb. Intuitively, the distribution is approximated as Guassians:

p(dn|Lm) ∝ N(µm, σ2
m) (4.27)

where µm and σ2
m are the mean and variance of the width of the m-th limb respec-

tively.

The second component p(bn) represents the distribution for the parameter bn,

which gives the overlap ratio between the two lines in the n-th parallel-line set by

projecting one line to another. The distribution is defined by:

p(bn) = exp−c(1−bn), 0 ≤ bn ≤ 1 (4.28)

where c is a constant determined empirically.

The last component p(Rn) represents the region likelihood based on the image
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segmentation proposed in [19]. The parameter Rn denotes the set of segmented

regions that overlap with the n-th parallel-line set. The region likelihood is calcu-

lated using the approach similar to the one in [55]. Assume the area covered by

the parallel-line set belongs to the foreground and the rest belongs to the back-

ground. For a region r inside Rn, denote Nrf as the number of pixels classified as

the foreground within the region r and Nrb as the number of pixels classified as the

background. The region r is then labeled as foreground if Nrf > Nrb and back-

ground if Nrf ≤ Nrb. As a result, the cost of the region r for being the foreground

or background is defined as:

fr =


Nrb/Nr if r is foreground

Nrf/Nr if r is background

(4.29)

where Nr is the total number of pixels in the region r. The total cost of Rn is then

calculated as:

fRn =
∑
r∈Rn

fr (4.30)

Finally, the region likelihood is computed as:

p(Rn) = exp−h·fRn (4.31)

where h is a constant.

Given the p(PLn|Lm) calculated for each parallel-line set, the first five parallel-

line sets with the maximum likelihood are selected as the candidates for the m-th
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limb. If the number of the parallel-line sets is less than five, then the current

available parallel-line sets are used as candidate. In the worst case, if the number of

the parallel-line sets is less than two, then the limb detection fails and the image will

be discarded. Due to the similar color of the arm pair and leg pair, the histogram of

each candidate is compared with another candidate and two candidates which have

the highest histogram similarity are selected to represent the arm pair or leg pair.

The left and right arms and legs are distinguished with the assumption that the

centroid of the parallel-line set representing the left arm or leg is on the left hand

of that of the right arm or leg. The sampling regions for the the elbow, wrist, knee

and ankle are then determined from the detected limbs.

4.2.3 Results for Locating Arms and Legs

Figure 4.17a to Figure 4.17e show a sequence of images that result from the limb

detection. Each limb is represented by an ellipse constructed given the length and

width of the corresponding parallel-line set. The sampling regions for the joints are

bounded by rectangles as depicted in Figure 4.18 and 4.19.

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



4.2 Limb Detection 67

(a) (b) (c) (d) (e) (f)

Figure 4.17: (a)Straight lines by Hough transform; (b)Parallel-line sets;
(c)Segmented image; (d)Candidate parallel-line sets for limbs; (e)Candidate sets
represented by ellipse; (f)Limbs detected
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(a) (b) (c) (d)

Figure 4.18: Sampling region for (a)left elbow; (b)left wrist; (c)right elbow; (d)right
wrist
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(a) (b) (c) (d)

Figure 4.19: Sampling region for (a)left knee; (b)left ankle; (c)right knee; (d)right
ankle
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Chapter 5

Human Pose Inference

5.1 Data-Driven MCHMM in Human Pose Esti-

mation

The motivation of integrating Monte Carlo methods with hidden Markov models is

that HMM is an efficient Bayesian inference for estimating the posterior distribution

P (x|Y ), where x denotes the vector of the pose parameters and Y denotes the image

observations. By employing Monte Carlo methods, MCHMM is able to approximate

all probability density functions required by HMM. The approximation is achieved

using samples, along with density trees generated from these samples. This algo-

rithm was first proposed by Thrun and Langford [83] with the objective of learning

non-parametric hidden Markov models with continuous states and observation space

and running HMMs in an any-time fasion. Here we apply the MCHMM algorithm

in a searching problem and extend it by integrating the data driven technique in

70
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order to explore the solution space more efficiently.

5.1.1 Hidden Markov Models

This section gives a brief introduction to the conventional hidden Markov models.

HMMs are widely used in the area of temporal signal processing due to its out-

standing performance in learning the statistical characteristics of partially observed

stochastic time sequences. Rabiner presents a detailed description of HMMs in [73].

In most applications, HMMs are represented by a first order Markov chain, which

assumes that the current state only depends on the previous state and the state tran-

sitions are time-invariant. Though the states in HMMs are unobservable, another

set of stochastic processes associated with the state sequences can be observed by

measuring the likelihood of the observation at time t conditioned on the state of

the HMM. Thus, training an HMM is equivalent to estimating three probability

densities denoted by:

λ = {A, B, Π} . (5.1)

A = {aij} defines the set of the state transition probability distributions.

B = {bj(k)} represents the set of observation densities given the states of the

HMM.

Π = {πi} is the set of the initial state distribution.

Denote xt as the state at time t, S = {s1, s2, · · · , sN} as the set of N individual

states in the HMM and V = {v1, v2, · · · , vM} as the set of M observation symbols.
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The three probability distributions can be expressed mathematically as follows:

aij = P (xt+1 = sj|xt = si), 1 ≤ i, j ≤ N. (5.2)

bj(k) = P (vk at t|xt = sj), 1 ≤ j ≤ N, 1 ≤ k ≤ M. (5.3)

πi = P (x1 = sj), 1 ≤ i, j ≤ N. (5.4)

These distributions are derived from a sequence of observations denoted as

O = {o1, o2, · · · , oT}, where ot is the observation at time t and T is the total

number of observations. As a result, the problem for estimating the model param-

eters λ = {A, B, Π} is to find the model parameters that maximize the likelihood

P (O|λ). The most well-known algorithm for solving this problem is the Baum-

Welch method, which provides a computationally efficient approach based on the

Expectation-Maximization (EM) method. A brief description of this algorithm is

presented below.

In E-step, to ease the computational load, a set of additional distributions needs

to be defined as follows. In the n-th E-step,

α
(n)
t (i) = P (xt = si|o1, · · · , ot, λ(n)) (5.5)

β
(n)
t (i) = P (ot+1, · · · , oT |xt = si, λ(n)) (5.6)

γn
t (i) = P (xt = si|O, λ(n)) (5.7)

ξn
t (i, j) = P (xt = si, xt+1 = sj|O, λ(n)) (5.8)
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The discrete version of the Baum-Welch algorithm is described in [73]. The

continuous case is analogous. The procedure for the estimation of the parameters of

an HMM is shown below. At each iteration of the E-step, firstly the forward variable

α at time 1 and the backward variable β at time T are initialized as follows:

α
(n)
1 (s) = π(n)(s) (5.9)

β
(n)
T (s) = 1 (5.10)

while all other αt and βt are calculated as

α
(n)
t (s) =

∫
α

(n)
t−1(s

′) a(n)(s|s′) b(n)(ot|s) ds′ (5.11)

β
(n)
t (s) =

∫
β

(n)
t+1(s

′) a(n)(s′|s) b(n)(ot+1|s′) ds′ (5.12)

where s and s′ are the points in the state space. Hence, the conditional density γ

at time t can be derived from αt and βt based on the Bayesian rule.

γ
(n)
t (s) =

α
(n)
t (s) β

(n)
t (s)∫

α
(n)
t (s′) β

(n)
t (s′) ds′

(5.13)

Similarly, the state transition density ξ at time t is computed as

ξ
(n)
t (s, s′) =

α
(n)
t (s) a(n)(s′|s) b(n)(ot+1|s′) β

(n)
t+1(s)∫ ∫

α
(n)
t (s̄) a(n)(s̄′|s̄) b(n)(ot+1|s̄′) β

(n)
t+1(s̄) ds̄ ds̄′

(5.14)

where s̄ and s̄′ also represent the points in the state space.
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Based on the γ
(n)
s and ξ

(n)
t (s, s′) derived above, the M-step computes a new

HMM λ at iteration n + 1 as follows:

π(n+1)(s) = γ
(n)
1 (s) (5.15)

A(n+1)(s′|s) =

∑T−1
t=1 ξ

(n)
t (s, s′)∑T−1

t=1 γ
(n)
t (s)

(5.16)

B(n+1)(v|s) =

∑T
t=1 I(ot = b)γ

(n)
t (s)∑T

t=1 γ
(n)
t (s)

(5.17)

where I(x) is an indication function, which equals to 1 if x is true and 0 otherwise.

5.1.2 Density Approximation

In contrast to the conventional HMMs, the MCHMM estimates the HMM param-

eters via the density approximation. This section describes the sample-based and

tree-based methods for density approximation.

Two sampling techniques which are the special cases of importance sampling

are employed by the MCHMM, namely, likelihood-weighted sampling and uniform

sampling. The importance sampling method approximates a density f by generating

samples s from a non-zero support density distribution g and setting the sample

weight ωs proportional to f(s)
g(s)

.

In likelihood-weighted sampling, the support distribution g is set to g ≡ f .

Thus, a set of N samples S = {〈s1, ωs1〉, · · · , 〈sN , ωsN
〉} can be obtained as

follows:

sn ∼ f(s), 1 ≤ n ≤ N (5.18)
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ωsn = N−1 (5.19)

In uniform sampling, g is a uniform distribution U over the domain of the

density f. As a result, the sampling process is shown below.

sn ∼ U, sn ∈ dom(f) (5.20)

ωsn = f(sn)

[
N∑

i=1

f(si)

]−1

(5.21)

where dom(f) represents the domain of the density f.

It has been approved that both likelihood-weighted sampling and uniform sam-

pling are asymptotically consistent since for N → ∞, S converges to the density f

with probability 1 when integrated over the system of half-open Borel sets, i.e.,

lim
N→∞

∑
〈s, ωs〉∈S

I(s ∈ dom(f)) =

∫
dom(f)

f(s) ds w.p. 1 (5.22)

However, in a high dimensional space, only using the sampling method is not

enough for representing a complex distribution. Hence a tree-based approximation

method, called density trees, is employed to transform the sparse sample set into

the density functions. Another advantage associated with density trees is that they

can approximate the combination of different densities. For example, f · g is the

multiplication of two density functions f and g defined over the same domain. Using

the sampling method, two sets of samples Sf and Sg are drawn from the two densities

respectively. Intuitively, it can be proved that none of the samples in Sf and Sg are
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identical with probability 1 since the samples are discrete.

Not all density trees are asymptotically consistent in approximating distribu-

tions. A simple tree growing method is described here. The asymptotic consistency

of this algorithm is proved in [84] . First of all, the root node of the tree is initial-

ized to cover all samples. The space of the root node is set to the entire domain

of f denoted by D. At each level of the tree, a node i need to be divided into two

sub-nodes if the following two criterions are satisfied.

• At least
√

N samples fall into the space of the i -th node denoted by Di.

• Its distance from the root node is less than
[

1
4
lg2 N

]
.

The division results in two equal-space sub-nodes by cutting the longest dimension

of the space of the i -th node equally. A node becomes a leaf node of the density

tree if the splitting process can’t be continued. Consequently, it is observed that the

entire solution space is partitioned into mutually exclusive sub-space represented by

the leave nodes in the tree. A typical structure of the density tree and its growing

process is shown in Figure 5.1.

The weight for an arbitrary node i denoted by σi is calculated by summing the

weight of all the samples which fall into the region of this node Di, i.e.,

σi =
∑

〈s, ωs〉∈S

I(s ∈ Di)ωs (5.23)

Since the probabilities of all the K nodes in the same level sum to 1, the weight of
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Figure 5.1: The structure and grow process of the density tree. The domain of each
node is marked by grey color.

each node is then normalized.

σ̄i =
σi∑K
1 σj

(5.24)

Thus, the stationary distribution of the solution space can be approximated by

the weight of the leaf nodes. Such an approximation method may cause incorrect

convergence of the MCHMM. As shown in Figure 5.2, the distribution contains an

Figure 5.2: A distribution with an isolated mode.
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isolated mode q0. With the random initialization, the number of the sparse samples

may not be sufficient to cover the isolated mode. In such a scenario, the MCHMM

probably converges to the mode q1, which has a wide support and a relatively high

probability distribution. Another reason for the incorrect convergence is the splitting

rule of the density tree. As mentioned above, a tree node is equally divided into

two sub nodes by cutting the longest dimension of the space of the parent node.

Hence it is possible that the isolated mode q0 in Figure 5.2 will be divided into

two sub nodes with the probability distribution spread out and degraded. On the

other hand, the splitting process has little effect on the the distribution of the mode

q1. Eventually more samples are generated from the mode q1 rather than from q0

and incorrect convergence occurs. To handle the two problem mentioned above, an

annealing technique is implemented. The weight of each leaf node is recalculated by

mixing the weight of each node along the path from the leaf node to the root node.

As shown in Figure 5.1, node i, j, k, l and m are the nodes along the path from the

leaf node m to the root node i. Denoting the normalized weight as σ̄i, σ̄j, σ̄k, σ̄l and

σ̄m for node i, j, k, l and m respectively, the mixing rule is defined as follows:

σ̂m = ρ4σ̄i + (1− ρ)ρ3σ̄j + (1− ρ)ρ2σ̄k + (1− ρ)ρσ̄l + (1− ρ)σ̄m (5.25)

where ρ is a constant annealing factor with 0 ≤ ρ ≤ 1. The re-estimate weight

σ̂ is then normalized in the leaf level. According to Equation 5.25, it can be seen

that when the value of ρ is close to 1, the root node contributes more to the weight

estimation at the leaf node. Hence a relatively flat distribution is obtained at first.
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In the Baum-Welch algorithm, at each iteration, the value of ρ is decreased through

Equation 5.26:

ρ = ρρ̄ (5.26)

where ρ̄ is a constant less than 1. Thus, as the value of ρ is reduced from 1 exponen-

tially, the influence of the nodes above the leaf node also decays. The further the

node is away from the leaf node, the less the influence it has. The initial relatively

flat distribution is also evolved to a more representative distribution.

5.1.3 Data-Driven MCHMM Algorithm

With the integration of the HMM and two density approximation methods, a general

framework of the data-driven MCHMM for the pose estimation can be formulated

as shown below.

At the initialization stage, denote the HMM as λ(0) = {A(0), B(0), Π(0)}

a. Randomly draw three sets of N samples:

sA
i ∼ U, sA

i ∈ dom(A(0)) 1 ≤ i ≤ N (5.27)

sB
i ∼ U, sB

i ∈ dom(B(0)) 1 ≤ i ≤ N (5.28)

sΠ
i ∼ U, sΠ

i ∈ dom(Π(0)) 1 ≤ i ≤ N (5.29)

b. Set the respective sample weight with ωsA
i

= 1/N , ωsB
i

= p(O|sB
i ) and ωsΠ

i
=

1/N , where p(O|sB
i ) is the image likelihood given the current state of the
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human pose sB
i . Note that in the original MCHMM, the sample weight ωsB

i

is set to 1/N. The reason is that the algorithm is initially designed for model

learning problem. Since the training samples used for model training are all

positive, it is reasonable to set their sample weights identical. However, for a

model searching problem, there are no positive or negative training samples.

Equal sample weights are informationless and will lead to poor convergence in

most times. Hence to guide the search process, the image likelihood has to be

measured and used as the sample weight.

c. Generate three density trees tr(A(0)), tr(B(0)) and tr(Π(0)) from the three

sample sets respectively. The symbol tr(f) denotes the density tree for the

density f.

In the k -th E-step, three distributions α(k), β(k) and γ(k) are calculated for T time

sequences.

Initialize α(k) by tr(α
(k)
1 ) ≡ tr(Π(n)), α

(k)
t for 1 < t ≤ T can be computed through

the following procedure.

a. Generate N samples at time t-1 : {st−1, i}N
i=1 ∼ tr(α

(k)
t−1).

b. For each sample st−1, i, construct a child-tree for the conditional density A(st, i|st−1, i)

from tr(A(k)). Draw the i -th sample at time t : st, i ∼ tr(A(st, i|st−1, i)).

c. Set ωst, i
∝ B(O|st, i), where B(O|st, i) is obtained from tr(B(k)).

d. Build tr(α
(k)
t ) based on the new sample set {〈st, i, ωst, i

〉}N
i=1.
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The computation of β(k) is similar to that of α(k). Let β
(k)
T = 1, i.e., represent

tr(β
(k)
T ) only by the root node, tr(β

(k)
t ) for 1 ≤ t < T are computed as follows.

a. Generate N samples at t+1 : {st+1, i}N
i=1 ∼ tr(β

(k)
t+1).

b. Draw the i -th sample at time t : st, i ∼ tr(A(st+1, i|st, i)).

c. Set ωst, i
∝ B(O|st+1, i).

d. Build tr(β
(k)
t ) based on {〈st, i, ωst, i

〉}N
i=1.

Based on the tr(α
(k)
t ) and tr(β

(k)
t ) estimated above, the computation of γ

(k)
t for

1 ≤ t ≤ T is described below.

a. Generate N/2 samples at t : {st, i}N/2
i=1 ∼ tr(α

(n)
t ) and set ωst, i

∝ β
(k)
t (st, i).

b. Generate N/2 samples at t : {st, i}N
i=N/2+1 ∼ tr(β

(n)
t ) and set ωst, i

∝ α
(k)
t (st, i).

c. Build tr(γ
(k)
t ) based on {〈st, i, ωst, i

〉}N
i=1.

In the k -th M-step, The new HMM λ(k+1) is calculated based on the {α(k)
t }T

t=1,

{β(k)
t }T

t=1 and {γ(k)
t }T

t=1 estimated in the k -th E-step.

For the state transition density A(k+1),

a. Sample N time indexes: t ∼ U , t ∈ [1, T − 1].

b. Given each time t, st, i ∼ tr(γ
(k)
t ) and st+1, i ∼ tr(γ

(k)
t+1).

c. Set ωst, i, st+1, i
= 1/N .

d. Group the new N samples with the existing sample set that forms tr(A(k))

and build tr(A(k+1)) from the new sample set.

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



5.1 Data-Driven MCHMM in Human Pose Estimation 82

For the observation density B(k+1),

a. Sample N time indexes: t ∼ U , t ∈ [1, T ].

b. Given each time t, st, i ∼ tr(γ
(k)
t )

c. Set ωst, i
∝ p(O|st, i).

d. Group the new N samples {〈st, i, ωst, i
〉}N

i=1 with the existing sample set that

forms tr(B(k)) and build tr(B(k+1)) from the new sample set.

For the initial state distribution Πk+1, group the sample set representing γ
(k)
1

with the existing sample set that forms tr(Π(n)) and build tr(Π(n+1)) from the

new sample set.

The annealing factor for the k+1 iteration is updated as defined in Equation 5.26.

To ensure the convergence of the MCHMM [84], the sample set size N is increased

to ηN , where η is a constant bigger than 1.

5.1.4 Computational Complexity Analysis

Based on the data-driven MCHMM algorithm described above, the algorithm mainly

requires to compute six distributions. For each of them, the computation basically

requires the generation of a new sample set from existing distributions and the con-

struction of a new density tree. To generate N samples, the computation cost mainly

concentrates on the generation of N random numbers. Hence the computation time

for sampling increases linearly with the number of samples. In other words, the sam-

pling process has a time complexity of Ω(N). For the construction of the density
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tree, since the annealing technique is employed here, The weight of each node in each

level of the tree needs to be computed. For each level, the time complexity is Ω(N).

As the distance from the root node is less than
[

1
4
lg2 N

]
, the time complexity for

building the entire density tree is Ω(N lg2 N), i.e., the computation time increases

loglinearly with the number of samples. Therefore the overall time complexity for

computing each distribution is Ω(N lg2 N).

5.1.5 Implementation Issues

As mentioned before, the human pose estimation problem is actually a search prob-

lem in a high dimensional space. Given the sampling regions constructed in the

body-part detection stage, the human model can be represented by a 22D vector of

pose parameters which specify the image positions of the main body joints including

neck, shoulders, elbows, wrists, knees and ankles. In addition, a 3D vector is em-

ployed to describe the global positions and size of the human model. To determine

the image positions of the hips, an additional parameter which defines the inclina-

tion of the torso with respect to the image plane is also employed. Thus the high

dimensional space is described by 26 dimensions and one human model is actually

equivalent to a point in the 26D space. So when applying the data-driven MCHMM

framework into the human pose estimation, a single MCHMM is not enough to infer

the pose. Instead, a series of MCHMMs is employed to sequentially estimate the

pose parameters of different body parts. The reason is that using a single MCHMM

requires a very large number of samples to sufficiently cover the high dimensional so-
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lution space even for a sparse representation as the number of samples is increased

exponentially with the increase of the space dimension. The sequential approach

can dramatically reduce the total number of samples and achieve computationally

efficient. As depicted in Figure 5.3, totally five data-driven MCHMMs are used to

Figure 5.3: A data-driven MCHMM framework for human pose estimation.

iteratively estimate the pose parameters of different body parts in the order of head,

left arm, right arm, left leg and right leg. The pose parameters for the head are

just the image positions for the neck joint. While the pose parameters for the arm

include the image positions for the shoulder, elbow, and wrist and for the leg consist

of the torso inclination and the image positions for the knee and ankle. As the head

is only represented by a 2D vector, the pose parameters for the global positions and

size are combined with the head and are inferred together by the same MCHMM.

The sequential approach is as follows. At first, an initial human pose, which fit the

kinematic constraints are sampled from the entire space. The five MCHMMs are

then initialized by randomly generating samples from the sub-sapces. In the iterative

process, each MCHMM only conducts one EM run and updates the corresponding

partial parameters for the next MCHMM. The partial pose parameters for update is

obtained via the following procedure: find the leaf node with the maximum weight
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in tr(B(n)) and then select the sample with the maximum observation likelihood

among the set of samples lying in the leaf node. With this framework, the initial

annealing factor ρ should not be set to 1 otherwise the weight of each leaf node is

the same and the sample selected for updating may not be kinematically possible.

Hence, ρ is set to 0.95. To determine the sample size for each EM run, both the

computational efficiency and coverage of the solution space need to be taken into

consideration. As discussed above, the computation time increases loglinearly with

the increase of the sample size. The number of the samples should remain as low as

possible. On the other hand, the number of the samples should be as big as possible

to give sufficient coverage of the sample space and maximize the convergence rate.

For the original MCHMM, there are no constraints on the image position of each

body joint so the sampling space for each joint turns out to be the entire image

and it is impossible to find the appropriate number of samples which can ensure

sufficient coverage while maintain computationally efficient. By incorporating the

data-driven method, the candidate positions for each joint are narrowed down to a

small rectangle detected. Eventually a small number of samples are enough to cover

the sampling space. Thus compared to the MCHMM, the data-driven MCHMM

can find the correct human pose within a short period of time. Here, the number

of samples N for the first iteration is set to 500 as size of the sub-space is up to six

dimensions. At each round, N is increased by 50.
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5.2 3D Human Model & Image Likelihood

In order to measure the image likelihood for the human model, the 26D vector that

represents the pose parameters is converted geometrically to obtain the orientation

and translation of each body part in the 3D space. A 3D human model which

defines the articulated structure of the human body is then built. It consists of

10 body parts including head, torso, upper arms, lower arms, upper legs and lower

legs. Each of them is represented by a truncated 3D cone as shown in Figure 5.4.

The orientation of each 3D cone is achieved by means of a single rotation around

(a) (b)

Figure 5.4: 3D human model (a)front view; (b)profile view

an appropriate axis. So the orientation parameters needed is the rotation angle

φ and the direction of the rotation axis v as depicted in Figure 5.5. Details of

this orientation method can be found in [45]. Sometimes the 3D model generated

may not be possible in reality. A kinematic constraint is imposed to eliminate the

unfeasible human models. This constraint also prunes the solution space and help

to improve the searching efficiency. Intuitively, the angles between the 3D axes and

the symmetric axis of the 3D cone are used to check whether the position of the

3D cone violate the kinematic constraint. Figure 5.6 shows the three angles defined
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Figure 5.5: Orientation in 3D space

here.

Figure 5.6: Three angles defined for checking kinematic constraint

By projecting the 3D model into a 2D plane, a binary image can be obtained.

Mapping the binary image to the observed image, the hypothesized human region
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and non-human region are obtained. The image likelihood can then be calculated

by measuring the region likelihood and color likelihood. The measurement of the

region likelihood is the same as the approach mentioned in the limb detection while

the measurement of the color likelihood adopts the approach in [55].
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Chapter 6

Experimental Results

6.1 Image Data

The images used in this experiment show various of human poses. In the estima-

tion process, the images are initially scaled to a fixed height in order to ease the

computation of parallel line detection. There are no constraints on the image back-

ground or the position, size and clothing of the human inside the image. However

the whole human body is required to be present and the human face should be

visible. Self-occlusion is allowed as long as the color of the occluded body parts is

distinctive. The above requirement is due to the pose estimation framework em-

ployed. As shown in Figure 5.3, the iterative process for the data-driven MCHMM

involves 5 EM runs for different body parts. So if one body part is severe occluded

or completely invisible, then the candidate positions for different body joints may

be missing or incorrect. Eventually the iterative process cannot work properly and

89
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it leads to the wrong estimation of the human pose.

6.2 3D Pose Result & Analysis

Figure 6.1 presents the 3D poses estimated from the 2D images. The original im-

ages are listed in the first row. The 3D models are projected orthogonally to the

2D images and shown in the second row. The last row gives the profile views of the

3D models in order to show the depth information. The poses varies from sitting

to standing in different orientations. It can be seen that the projections of the 3D

models are well matched with the humans inside the images. Also the depth esti-

mated is similar to the subjective observations by the human eyes. For the image

in Figure 6.1b, the arms and the torso are self-occluded but the poses for both arms

are still interpreted closely with the correct poses since the sample regions for both

the wrists and elbows are well detected. Due to the lack of the ground truth data of

the positions of the joints, the accuracy can not be estimated quantitatively. How-

ever some obvious errors can still be observed. For example, the legs in Figure 6.1c

and Figure 6.1e should be vertical to the ground but they incline slightly backward.

Moreover the tips of the lower arms and legs, i.e., the wrists and ankles may not

match exactly with the images positions such as the left wrists in Figure 6.1d and

Figure 6.1e and the ankles in Figure 6.1b. In Figure 6.1a and Figure 6.1b, the poses

of the right arms are not correct either.

The main reason for these errors is that the human pose estimation is an infer-

ence problem over a multi-mode distribution. Due to the limitation of the image
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(a) (b) (c) (d) (e) (f)

Figure 6.1: 3D pose models estimated from 2D images. First row: original images;
Second row: projection on 2D images; Third row: profile views

segmentation, the human object inside the image is hardly to be segmented as a

whole blob but rather it is segmented into several or even a number of small regions.

As a result, different 3D models may have similar likelihood when projecting back

to the 2D image and the mismatch of the joint positions will occur. Another reason

could be the incapability of the 3D human model designed. In this project, the 3D

model only defines its global size. Therefore if the relative size of the body parts

doesn’t follow the 3D model, the pose may not be estimated correctly such as the

errors occurred in Figure 6.1a and Figure 6.1b. In addition, the shot angle of the

camera may also cause the relative size of the body parts changes and lead to wrong
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estimation as shown in Figure 6.1e.

The pose estimation results shown above are comparable to the work in [55]. The

major difference is that our work estimates the postures from random initialization

instead of proposed initial distributions. To illustrate the process of evolving from

arbitrary postures to the correct ones, three sets of distributions are employed here.

As mentioned above, the sampling region for each joint is represented by a rectangle.

If the rectangle is divided into smaller rectangles, it should be expected that initially

the number of samples falling into each sub-rectangle is more or less the same and

gradually the sampling will concentrate more and more on a few or even one sub-

rectangle. Thus a series of distributions for the x dimension of the left knee in

Figure 6.1a can be constructed as follows: first divide the width of the sampling

region into several equally spaced portions; second for each iteration of the data-

driven MCHMM, find the number of samples falling into each portion given the

total number of samples generated so far; finally normalized the number of samples

for each portion by the total number of samples. Based on this procedure, the

convergence process for the sampling can be observed as shown in Figure 6.2. From

Figure 6.2a to Figure 6.2c, it can be seen that at first few iterations, the distributions

are relative flat and none of the portions contains samples that exceeds 10% of

the total samples. This is because of the annealing technique employed. Such an

initialization ensures that the overall sampling region is covered. However, from

Figure 6.2d, the distribution starts to converge to a local maximum mode. The

underlying concept is that as the annealing factor decreases, the data-driven method
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forces the sampling concentrating more on the portion which can generate postures

with high likelihood. Similar convergence process can be observed in Figure 6.3 and

Figure 6.4 which show the distributions for the y dimension and 2D space of the

sampling region respectively. Based on Figure 6.2, Figure 6.3 and Figure 6.4, it can

be seen that the MCHMM converges to the local maximum after ten iterations. The

computation time required for each image is six minutes on average on a Pentium

IV 1.8GHz computer with 1Gb memory.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.2: Sample distribution over the width of the right-knee sampling region
for the image in Figure 6.1a for (a)first MCHMM iteration; (b)first three MCHMM
iterations; (c)first five MCHMM iterations; (d)first six MCHMM iterations; (e)first
eight MCHMM iterations; (f) first ten MCHMM iterations. The horizontal axis
indicates the x coordinates of the samples while the vertical axis indicates the nor-
malized sample distribution.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.3: Sample distribution over the height of the right-knee sampling region
for the image in Figure 6.1a for (a)first MCHMM iteration; (b)first three MCHMM
iterations; (c)first five MCHMM iterations; (d)first six MCHMM iterations; (e)first
eight MCHMM iterations; (f) first ten MCHMM iterations. The horizontal axis
indicates the y coordinates of the samples while the vertical axis indicates the nor-
malized sample distribution.
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(a) (b)

(c) (d)

(e) (f)

Figure 6.4: Sample distribution over the 2D space of the right-knee sampling region
for the image in Figure 6.1a for (a)first MCHMM iteration; (b)first three MCHMM
iterations; (c)first five MCHMM iterations; (d)first six MCHMM iterations; (e)first
eight MCHMM iterations; (f) first ten MCHMM iterations. The two horizontal
axises indicates the x and y coordinates of the samples while the vertical axis indi-
cates the normalized sample distribution.
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Chapter 7

Conclusions and Recommendation

7.1 Conclusion

In this thesis, we present a new pose estimation system that is able to estimate arbi-

trary human postures in 2D images without the constraints on the background and

clothing. Two main problems have been considered here. One is the initialization

of the system and another is the search of the human pose in the high dimensional

solution space. A top-down and bottom-up approach is adopted to handle the two

problems. The underlying concept is to first find the sampling regions of different

body joints based on several image cues and then search the sampling regions for

the best 3D model using the data-driven MCHMM algorithm. Hence the pose es-

timation system can be divided into two stages, the body-part detection stage and

the pose inference stage.

The first stage of this system focuses the work on the detection of the human
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body parts including the head, shoulders, arms and legs. The candidate regions

for the associated body joints can then be derived. The objective of this stage is

to initialize the system automatically and provide analytic inference for the next

stage. Two detection techniques are implemented based on an integration of three

low-level image cues, the Haar-like features, edges and segmented blobs. The head

and shoulders are found by the head-shoulder contour matching process proposed

in [54]. The basic idea is to first detect the face with the Haar-like features. With

the initial position and size of the face detected, a gradient descent approach is able

to start to search for the contours transformed from eight exemplar ones and select

the one with the minimum edge distance by aligning it to the edge extracted. The

positions of the head and shoulders can be determined by the predefined positions

associated with the exemplar contours. Through this approach, the detection of

the head and shoulders is accurate in most cases except for some contours that are

not well modeled by the exemplar contours. The sampling regions for the neck and

shoulder joints can then be easily constructed. Unlike the detection of the head

and shoulders, the limb detection is relatively hard as there are no salient features

to represent human limbs. The parallel-line detection is employed since the shape

of the limbs in 2D images can be approximated by rectangles. However, due to

the imperfect edge detection, the parallel-line sets are redundant for determining

the limb positions. To select the best parallel-line set for each limb, a framework

based on the maximum likelihood estimation is proposed. The maximum likelihood

is measured by three criterions, the distance between the two lines of the parallel-
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line set, the overlap between the two lines and the portion of the segmented blobs

covered by the parallel-line set. The first few parallel-line sets with the maximum

likelihood are then selected as the candidates for the arms or legs. The similarity of

the histogram for every two candidates is measured and the pair of the candidates

with the highest histogram similarity is chosen as the pair of the arms or legs. A

deterministic approach based on the geometry information is then used to distinguish

between the left and right arms or legs. Finally, with the left and right limbs detected

the sampling regions for the joints associated with each limb can be constructed.

The detection accuracy highly depends on the complexity of the background and

quality of the edge detection.

The second stage tries to find the best 3D human configuration with the sampling

regions for each joint constructed in the first stage. Due to the articulated body

structure, the configuration inference has to be designed to handle the problem of

searching in the high dimensional space. The problem is solved under a Bayesian

framework here. This is equivalent to compute the posterior distribution via the

integration of a high-dimensional probability distribution. In such a circumstance,

the analytic evaluation is computationally intractable. Instead a Monte Carlo based

Bayesian inference method called data-driven Monte Carlo Hidden Markov Model

(MCHMM) is proposed to compute the posterior distribution via density approxi-

mations. In contrast to other Monte Carlo approaches, the MCHMM employs both

sample-based and tree-based techniques for density approximations. Compared with

the large sampling space, the samples generated can only provide a sparse represen-
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tation. To compensate the drawback of the sample based method, the tree-based

technique is employed to approximate the density distribution by the density tree

which is built given the relative likelihood for each sample generated. At every iter-

ation of the Expectation and Maximization, a new set of samples is generated from

the current approximated density distribution and used to construct the density tree

for next iteration. Through this process, the approximated density distribution can

gradually converge to the stationary distribution. Hence the MCHMM is capable

to infer human poses with random initialization and lift away the necessity of the

proposal distribution, which is widely used in other Monte Carlo methods. The an-

nealing and data-driven methods are integrated to further improve the efficiency and

the convergence rate of the probabilistic inference. The experimental results show

that the proposed algorithm works well for images with different human postures

and image contents.

7.2 Future Work

The future research directions based on the work presented in this thesis includes:

Integrating the human detection method

The current pose estimation system is designed for the images with the human

body as the main object. To estimate the human poses for arbitrary images, the

human detection method needs to be integrated in future to first locate the position

of the human body in the image. The purpose is to eliminate most of the background

of the image and minimize its effect on the body-part detection, which is normally
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worked on the basis of a few low-level image cues. For the moving human object

or videos with the static background, the detection is straightforward. The motion

detection or background subtraction is usually sufficient to find the human object.

However, the human detection in static images still remains a big issue due to the

lack of robust features for the human representation. A possible solution to this

problem is to use the Haar-like features and the head-shoulder contours to represent

the human upper body. Similar to the head-shoulder contour matching process

used for the body-part detection, the head-shoulder contours are also modeled by

the type of the exemplar contour, the translation parameters, the rotation angle

and the scale. A Monte Carlo based method like MCHMM or the Markov Chain

Monte Carlo(MCMC) can be used to infer the model parameters. The dimensions

of the solution space are delineated by the parameter. For every sample sampled

from the solution space, the likelihood can be measured by the edge distance and

the similarity of the Haar-like features extracted.

Improving the computation efficiency

Another issue related to the current system is that constructing density trees is

quite time-consuming. The current approach selects the binary sorting algorithm for

constructing the density tree. Hence the computation time increases exponentially

with the number of the samples increased. To improve the computational speed, a

better sorting algorithm may need to be investigated in future. Moreover, we are

also trying to integrate the density tree approximation with the MCMC algorithm.

Thus instead of building the density trees for the six distributions involved in the
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Hidden Markov Model, the MCMC only requires a single density tree for updating

the proposal distribution at each iteration.

Tracking the human body-part movement

The 3D postures estimated by the current system may not carry enough infor-

mation for the human activity recognition. The reason is that the human activity

often happens in a sequence of images rather than a single image. Therefore the

pose estimation system needs to be extend to a body-part tracking system to retrieve

the motion trajectories of different body joints. The pose estimation system may be

only required to be applied in the key frames instead of being applied in every frame.

The key frames can be selected with short intervals apart. Assuming the human

movement is smooth in a short period, the motion trajectory can then be recovered

from the discrete 3D positions in a video index basis. In the tracking system, the

body-part detection can be further enhanced by the appearance model built upon

the successful pose estimation. The appearance models are able to simplify the de-

tection work and increase its accuracy but live updating of the appearance models

is required.
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