
PONTIFICIA UNIVERSIDAD CATOLICA DE CHILE

SCHOOL OF ENGINEERING

HUMAN DETECTION USING

UNCONTROLLED MOVING CAMERAS

AND NOVEL FEATURES DERIVED FROM

A VISUAL SALIENCY MECHANISM

SEBASTIAN ANDRES MONTABONE BULJAN

Thesis submitted to the Of�ce of Research and Graduate Studies

in partial ful�llment of the requirements for the degree of

Master of Science in Engineering

Advisor:

ALVARO SOTO

Santiago de Chile, July 2008

c
 MMVIII, S EBASTIAN ANDRESMONTABONE BULJAN



PONTIFICIA UNIVERSIDAD CATOLICA DE CHILE

SCHOOL OF ENGINEERING

HUMAN DETECTION USING

UNCONTROLLED MOVING CAMERAS

AND NOVEL FEATURES DERIVED FROM

A VISUAL SALIENCY MECHANISM

SEBASTIAN ANDRES MONTABONE BULJAN

Members of the Committee:

ALVARO SOTO

MIGUEL TORRES

JAVIER RUIZ-DEL-SOLAR

RODRIGO GARRIDO

Thesis submitted to the Of�ce of Research and Graduate Studies

in partial ful�llment of the requirements for the degree of

Master of Science in Engineering

Santiago de Chile, July 2008



For Sarah, my true love



ACKNOWLEDGEMENTS

Many thanks to my advisor Alvaro Soto for his guidance throughout this project. He

always pointed me in the right direction and kept me focused on what was important.

I would also like to thank my girlfriend Sarah, for all her support and the many times

she assisted me writing this document.

iv



TABLE OF CONTENTS

ACKNOWLEDGEMENTS : : : : : : : : : : : : : : : : : : : : : : : : : : : : : iv

LIST OF FIGURES : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : vii

LIST OF TABLES : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : ix

ABSTRACT : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : x

RESUMEN : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : xi

1. INTRODUCTION : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 1

1.1. Human Detection Systems: : : : : : : : : : : : : : : : : : : : : : : : : 1

1.2. Previous Works: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 3

1.2.1. Face Detection Based Works: : : : : : : : : : : : : : : : : : : : : : 3

1.2.2. Complete Human Body Detection Based Works: : : : : : : : : : : : 4

1.2.3. Human Detection by Social Robots: : : : : : : : : : : : : : : : : : 5

1.3. Drawbacks of existing approaches: : : : : : : : : : : : : : : : : : : : : 6

1.4. Hypothesis : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 7

1.5. Proposed Approach: : : : : : : : : : : : : : : : : : : : : : : : : : : : : 7

1.6. Summary of Contributions: : : : : : : : : : : : : : : : : : : : : : : : : 7

1.7. Document Organization: : : : : : : : : : : : : : : : : : : : : : : : : : : 8

2. BACKGROUND INFORMATION : : : : : : : : : : : : : : : : : : : : : : : 9

2.1. Mathematical Models Used: : : : : : : : : : : : : : : : : : : : : : : : : 9

2.1.1. Stereo Vision: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 9

2.1.2. Integral Image: : : : : : : : : : : : : : : : : : : : : : : : : : : : : 10

2.1.3. Aperture Angle: : : : : : : : : : : : : : : : : : : : : : : : : : : : : 11

2.2. Attention Systems : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 12

2.2.1. Introduction : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 12

2.2.2. Computational Models: : : : : : : : : : : : : : : : : : : : : : : : : 13

v



3. PROPOSED SYSTEM: : : : : : : : : : : : : : : : : : : : : : : : : : : : : 20

3.1. Preprocessing Module: : : : : : : : : : : : : : : : : : : : : : : : : : : 20

3.1.1. Recti�cation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 20

3.1.2. Color Constancy: : : : : : : : : : : : : : : : : : : : : : : : : : : : 20

3.2. Object Segmentation Module: : : : : : : : : : : : : : : : : : : : : : : : 22

3.3. Feature Extraction Module: : : : : : : : : : : : : : : : : : : : : : : : : 24

3.3.1. Attention system: : : : : : : : : : : : : : : : : : : : : : : : : : : : 25

3.3.2. Filter Windows: : : : : : : : : : : : : : : : : : : : : : : : : : : : : 26

3.3.3. Feature Calculation: : : : : : : : : : : : : : : : : : : : : : : : : : : 28

3.3.4. Feature Calculation Results: : : : : : : : : : : : : : : : : : : : : : 29

3.4. Object Classi�cation Module: : : : : : : : : : : : : : : : : : : : : : : : 29

4. IMPLEMENTATION AND EXPERIMENTAL RESULTS : : : : : : : : : : : 34

4.1. Implementation: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 34

4.2. Training: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 34

4.3. Experimental Results: : : : : : : : : : : : : : : : : : : : : : : : : : : : 36

4.3.1. Different Poses Detection: : : : : : : : : : : : : : : : : : : : : : : 36

4.3.2. Human Face vs Complete Human Body Detection: : : : : : : : : : : 39

4.3.3. Feature Comparison: : : : : : : : : : : : : : : : : : : : : : : : : : 41

5. CONCLUSIONS : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 45

REFERENCES : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 46

vi



LIST OF FIGURES

2.1 Disparity Map : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 10

2.2 Height Calculation: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 10

2.3 Geometric representation of the aperture angle.: : : : : : : : : : : : : : : : : 11

2.4 Ganglion Cells: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 14

2.5 VOCUS Image Scales: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 15

3.1 System Diagram.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 20

3.2 Calibration software.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 20

3.3 Object segmentation module diagram.: : : : : : : : : : : : : : : : : : : : : : 21

3.4 Disparity of a scene.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 22

3.5 Connected Component Analysis.: : : : : : : : : : : : : : : : : : : : : : : : 23

3.6 Cascade set of �lters. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 24

3.7 Splitting blobs.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 24

3.8 Fixing low texture images.: : : : : : : : : : : : : : : : : : : : : : : : : : : : 25

3.9 Filter windows used: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 26

3.10 Intensity Map calculation.: : : : : : : : : : : : : : : : : : : : : : : : : : : 28

3.11 Comparing Results: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 29

3.12 Image Detail Comparison: : : : : : : : : : : : : : : : : : : : : : : : : : : 30

3.13 Off-Center Surround Differences: : : : : : : : : : : : : : : : : : : : : : : 30

3.14 On-Center Surround Differences: : : : : : : : : : : : : : : : : : : : : : : : 31

3.15 Detection Results.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 31

3.16 Input Images. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 32

3.17 Neural Network Model.: : : : : : : : : : : : : : : : : : : : : : : : : : : : 32

3.18 Normal Detection.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 32

vii



4.1 Training images.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 35

4.2 Different poses detection.: : : : : : : : : : : : : : : : : : : : : : : : : : : : 36

4.3 Environments.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 37

4.4 Human Detection Rates.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : 39

4.5 False Positives comparison.: : : : : : : : : : : : : : : : : : : : : : : : : : : 39

4.6 Person Miss: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 40

4.7 Detection Examples: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 43

viii



LIST OF TABLES

4.1 Poses of training images.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : 34

4.2 Training set details.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 34

4.3 People present in different environments.: : : : : : : : : : : : : : : : : : : : 37

4.4 Human detection in different poses.: : : : : : : : : : : : : : : : : : : : : : : 37

4.5 Detection rate and false positives.: : : : : : : : : : : : : : : : : : : : : : : : 37

4.6 Comparison results.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 39

4.7 Overall comparison results.: : : : : : : : : : : : : : : : : : : : : : : : : : : 39

4.8 Comparison results.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 40

4.9 Detection results. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 41

4.10 Feature comparison.: : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 42

ix



ABSTRACT

Human detection is a key process when trying to achieve a fully automated social

robot. Currently most approaches to human detection by a social robot are based on visual

features derived from the human faces. These approaches have one major impediment, in

order to be detected the user must be facing the camera. This thesis presents a new approach

based on novel features provided by an attention system using the entire human body. A

human detection system is constructed in order to test the proposed features. This system

is composed of four modules: (i) Preprocessing, (ii) stereo-based segmentation, (iii) novel

attention-based feature extraction, and (iv) neural network-based classi�cation. The results

show that the proposed system: (i) Improves the detection rate and decreases the false

positive rate compared to previous works based on differentvisual features. (ii) Detects

people in different poses, obtaining a considerably higherdetection rate than commonly

used human detection modules in social robots which often rely on face detection; (iii)

Runs in real time; and (iv) Is able to operate on board mobile platforms such as social

robots.

Keywords: Social Robots, Human Detection, Attention Systems, Stereo,Neural Net-

work.
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RESUMEN

La deteccíon de humanos es un proceso clave cuando se quiere obtener un robot so-

cial totalmente autónomo. Actualmente la mayor�́a de los ḿetodos para detectar humanos

para robots sociales están basados en caracter�́sticas visuales derivadas de las caras hu-

manas. Estos ḿetodos poseen un gran impedimento, el usuario tiene que estar mirando

la cámara para ser detectado. Esta tesis presenta un nuevo método basado en nuevas ca-

racteŕ�sticas provistas por un sistema de atención usando el cuerpo humano entero. Un

sistema de detección de humanos es construido para probar las caracter�́sticas propuestas.

Este sistema está compuesto de cuatro módulos: (i) preprocesamiento, (ii) segmentación

basada en estéreo, (iii) un novedoso extractor de caracter�́sticas basado en atención y (iv)

un clasi�cador basado en una red neuronal. Los resultados muestran que el sistema pro-

puesto: (i) Mejora la tasa de detección y disminuye la tasa de falsos positivos comparado

con trabajos previos basados en caracter�́sticas visuales diferentes. (ii) Detecta personas en

distintas poses, obteniendo una tasa de detección considerablemente mayor que módulos

de deteccíon de humanos en robots sociales, los que normalmente se basan en deteccíon

de caras; (iii) Funciona en tiempo real; y (iv) puede operar sobre una plataforma ḿovil tal

como un robot social.

Palabras Claves:Robots Sociales, Detección de Humanos, Sistemas de Atención,

Est́ereo, Red Neuronal, Pan-Tilt.
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1. INTRODUCTION

Human detection is a key ability to any autonomous machine that operates in a hu-

man inhabited environment or needs to interact with a human user. As an example, Social

Robots (Fong, T. et al., 2003) are a growing area of research due to the increasing inter-

est in using robots to perform tasks that need human-machineinteraction, such as aid for

rehabilitation in hospitals (Mataric, M. J. et al., 2007), assistance in of�ces (Asoh, H. et

al., 2001), or even guides for museum tours (Burgard, W. et al., 1999). Among the many

sensors modalities that can be used for human detection, vision appears as one the most

attractive options. In particular, in the context of the typical sensors used by current mobile

robots, vision is more adequate than laser or ultrasonic sonar based methods because of

their low cost and versatility (Fong, T. et al., 2003).

1.1. Human Detection Systems

The purpose of a human detection system is to be able to identify all the people, if

any, when given an image or video sequence. The system shouldbe able to detect a human

regardless of its scale, position, viewing angle, or illumination. Accurate human detec-

tion is the �rst step in many advanced applications such as pedestrian collision detection,

Human-Computer-Interaction (HCI), active surveillance, and mobile robots, among other

areas.

Most works that detect humans using a vision system can be separated in two main

groups: (i) works that are based on static cameras, and (ii) works that are based on mobile

cameras (Ogale, 2006).

Usually, works that involve people detection in a static scenario use background sub-

traction methods. Systems using background subtraction methods �rst build a background

model of the controlled environment. This has been done in many different ways (Ogale,

2006); one example is generating a Gaussian distribution ofthe background as seen in

(Wren, C. R. et al., 1997). In general terms, the system comparesthe actual data from

its sensors with the background model. If there is a difference, that portion of the image

1



becomes a candidate corresponding to a human passing by. Then the system extracts some

features from the selected candidates and uses these features to perform the human/non-

human classi�cation. This technique yields acceptable results with a low computational

load.

When the platform is mobile, the task becomes more dif�cult because none of the

background subtraction methods can be applied. In this scenario most works present four

main modules: (i) preprocessing (ii) segmentation, (iii) feature extraction and (iv) object

classi�cation which are described below.

In the preprocessing module, images are prepared in order tobe used by the next

modules. Some examples of preprocessing includes stereo recti�cation, color balancing,

or contrast equalization.

In the segmentation module, the boundaries of the objects present in the image are

located. A common approach to foreground segmentation is the use of a sliding window,

which scans every possible window in the image, at every possible scale. This brute force

approach is computationally expensive, but an intelligentfeature selection and fast classi-

�cation as the ones proposed by (Viola & Jones, 2001) may allow faster computations.

Skin color segmentation has proven to be a good cue in the facedetection area. It is

invariant to rotation and poses, dif�cult problems for manycomputer vision techniques.

The �rst step is to detect skin colored pixels, after that, connected components that are

large enough are treated as face candidates (Yang, M. et al.,2002).

Another common approach is to segment objects that move differently than the ex-

pected background motion. Although this method can give valuable cues for human detec-

tion, it is more commonly used in static backgrounds due to the complexity of subtracting

egomotion of the camera.

Finally there is stereo vision segmentation, which appearsto be the most prosperous

approach, as it can segment solid objects from a scene and provide useful real world mea-

surements (Geronimo D. et al., 2007).
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In the feature extraction module, the original data received from the segmentation mod-

ule is transformed into a reduced set of features containingonly relevant information. Some

examples of common features are edge or corner detectors (Gavrila, D.M. et al., 2004), in-

tensity gradient (Zhao, L. & Thorpe, C.E., 2000), and SIFT (Dalal, N. & Triggs, B., 2005),

among others (Geronimo D. et al., 2007).

In the object classi�er module, each set of features that represent an object is fed

into a classi�er. This classi�er decides based on these features whether the object is a

human or not. There are different approaches for this, such as machine learning (Viola &

Jones, 2001)(Zhao, L. & Thorpe, C.E., 2000), symmetry ( Bertozzi,M. et al., 2004), and

human knowledge rules (Sidenbladh, H. et al., 1999). The best results are obtained using

machine learning methods, since they provide more robust results in real world scenarios.

Among machine learning techniques, the most common ones aresupport vector machines,

AdaBoost, and neural networks (Geronimo D. et al., 2007).

1.2. Previous Works

One of the most commonly used visual features is derived fromthe human face. Usu-

ally facial features present a low degree of variability, a high degree of texture, and a dis-

tinctive color, making it easier to differentiate from other objects. The general problems

of face detection have been studied in vision literature fordecades (Yang, M. et al., 2002).

A more general approach for human detection is to use the complete human body. This

approach has the advantage that humans can be detected in anyposition, even if they are

not facing the camera. Next, there is a review of some relevant works in human detection

based on human face and complete human body. After this, examples of human detection

by social robots are presented.

1.2.1. Face Detection Based Works

Early applications of face detection techniques in mobile robots rely on recognizing

and accepting skin colored areas as faces. Unfortunately, this method, as seen in (Asoh, H.

et al., 2001), (Sidenbladh, H. et al., 1999), and (Waldherr,S. et al., 2000), yields too many

3



false positives, especially when the environment containssome sort of wood tone or other

skin-colored object. Also, it is not robust to illuminationchanges.

The recognition of facial contour, in addition to the previously mentioned skin color

method, is shown in an investigation by (Schlegel, C. et al., 1998). However, there is a

crucial drawback to his work, to initialize the detection, the person to be detected needs to

be presented �rst to the robot.

In 2001, (Viola & Jones, 2001) constructed a fast frontal face detection system that was

later used by others. (Hollinger, G. et al., 2006), (Bennewitz et al., 2005), and (Wilhelm, T.

et al., 2004) all selected this system as either their principal or secondary detection process.

An extended review of face detection methods can be found in (Yang, M. et al., 2002).

1.2.2. Complete Human Body Detection Based Works

(Zhao, L. & Thorpe, C.E., 2000) presented an interesting workwhere human detection

is accomplished using the complete human body. It uses a neural network fed with the

intensity gradient of the objects. The reported detection rate of 85.4% shows that there is

need for improvement in order for the system to be used in realworld scenarios (Geronimo

D. et al., 2007).

(Gavrila, D.M. et al., 2004) proposed a pedestrian protection system for moving ve-

hicles. Human bodies are detected using a shape-based method known as the Chamfer

system. Every detected shape is then passed to a previously trained neural network as a

veri�cation step using texture as the feature. As stated by the authors, this system requires

more accuracy for use in the real world.

In (Papageorgiou, C. & Poggio, T., 2000), human detection is performed using Haar-

like features over a previously trained support vector machine classi�er. Haar-like features

are intensity differences at user de�ned rectangular regions. The size for these rectangular

regions is object dependent. The authors manually select itbased on their training data

obtaining a detection rate of 90%.
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For a detailed review of complete human body detection systems, please refer to

(Gandhi, T. & Trivedi, M.M., 2007) and (Geronimo D. et al., 2007).

1.2.3. Human Detection by Social Robots

(Mataric, M. J. et al., 2007) developed a social robot dedicated to help post-stroke

rehabilitation patients. This particular system primarily assisted patients by using sound,

encouraging them to achieve their rehabilitation goals. The study showed that having this

kind of interaction with a robot makes a patient more willingto do their recovery exercises.

Human detection in this study is accomplished by using a pan-tilt camera mounted on the

robot that detects speci�c preprogrammed colors. The person, in this case a patient, who

interacts with the robot must wear speci�c colored markers in order to be detected properly.

Jijo-2 (Asoh, H. et al., 2001) is a fully functioning of�ce robot that detects and recog-

nizes people. It has a dialog manager to communicate with people and also autonomous

navigation capabilities for an of�ce environment. Human detection in this project consists

of two steps. First, the user has to verbally salute the robot, then the pan-tilt camera moves

toward the origin of the sound searching for the largest skin-colored blob in the image.

BIRON (Lang, S. et al., 2003) is a mobile robot that makes direct eye contact with a

person when talking, thus emulating natural human behaviorin a conversation. The human

detection used in this work is similar to Jijo-2, once the robot identi�es someone talking,

it directs the camera towards the origin of the sound and starts searching for a face using a

frontal face detector. The system keeps eye contact with theperson until a pre-determined

amount of time in silence has passed. After this, the robot can renew its eye contact with

the original subject or it can �x its gaze on another object.

(Hollinger, G. et al., 2006) presents another social robot and it is speci�cally designed

to express emotions to humans. The robot roams until a personis detected using a frontal

face detector. To avoid false positives, the robot then stops completely and uses background

subtraction techniques to check if the detected face corresponds to a human or to a distract-

ing object. After the positive detection of a person, it takes two variables into account
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before responding. The �rst being its internal emotional state and the second, the color

of the individual's shirt. The robot's internal emotional state is then adjusted according to

studied human responses to color. Finally, the robot communicates a verbal sentence to the

person and waits for a �xed amount of time before it starts searching for another human.

1.3. Drawbacks of existing approaches

The presented human detection systems have a range of limitations. Some of them can

be used more effectively than others depending on the application. Below is a description

of the constraints these human detection systems have when operating in a social robot

scenario.

Background subtraction methods rely on static cameras or controlled environments.

Due to the movement of the robot and the less structured environments they operate in,

background subtraction methods cannot be applied. Some social robots try to overcome

this setback by stopping completely to take proper measurements due to the complexity to

remove the ego motion of the camera. However, this approach yields a very non human-like

behavior, which is a key aspiration for a social robot.

The main drawback of using the face as a feature is that the human has to be facing the

camera in order to be detected. This leads to a loss of severalsocial aspects. For instance,

if the robot wants to initiate a conversation, the user has toalready be paying attention to it,

which is not always the case. Similar problems arise when therobot has to avoid a human

that is right in front of him, but not facing the camera, or in the case that a robot wants to

follow another human.

One drawback to the use of skin color cue is that it can yield too many false positives.

Very often there are other skin colored objects in the robots�eld of view that are mistakenly

identi�ed as skin. An additional negative aspect is that to some extent these systems are

not robust to illumination changes.

Another approach to human detection relies on wearable sensors that are much too

invasive on the user. A fully autonomous social robot shouldnot need any arti�cial markers
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in order to detect human presence. Users that interact with the robot should not need

preparation of any kind.

1.4. Hypothesis

Using a human detector that is able to detect humans in different poses instead of the

commonly used face detector in a mobile platform in real world scenarios, would improve

the human detection rate of the system. Also, the use of the biologically based visual

saliency in order to obtain features, is expected to performbetter than previously used

features, which are user de�ned.

1.5. Proposed Approach

The system is mounted on top of a mobile robot to allow it to detect nearby humans us-

ing the complete human body detection approach. This work relies on stereo segmentation

using a stereo camera. Relevant features are obtained based on center-surround differences.

These features are fed into a neural network, which classi�es the objects as humans or non

humans.

1.6. Summary of Contributions

In this work novel features for human detection are proposed: center-surround dif-

ferences. These are commonly used in visual attention systems for preprocessing, but in

this work they are going to be used as features. A complete human detection system is

constructed in order to test the proposed features. Results show that the proposed features

improved the detection rate and lowered the false positive rate compared to commonly used

features such as intensity gradients. The system can detectpeople in different poses, even

if they are not facing the camera and runs in real time. In addition, due to the segmenta-

tion method used, the system allows free movement of the camera in any given direction,

making it suitable to mobile applications, such as social robots.
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1.7. Document Organization

This document is organized as follows: Chapter 2 addresses background information:

Sec. 2.1 explains relevant mathematical models and Sec. 2.2presents the most common

attention systems. Then, Chapter 3 describes in detail the proposed method. After that,

Chapter 4 shows the implementation and results obtained using the proposed system. Fi-

nally, Chapter 5 presents an in depth discussion of the conclusions that can be drawn from

this investigation, a comparison to previous solutions anda description of further research

topics.
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2. BACKGROUND INFORMATION

2.1. Mathematical Models Used

This section introduces some preliminary notions and mathematical background.

2.1.1. Stereo Vision

Stereo systems commonly use triangulation in order to obtain range information. The

input is two images from different points of view of a scene. The SRI Stereo Engine

(Konolige, K., 1997) generates a disparity map which represents the difference of both

images. In this system, both cameras are positioned in a speci�c con�guration so that both

images are coplanar as shown in Fig.2.1. This con�guration enables a faster computation

of the stereo information.

The horizontal distance from the image center to the object image isdl for the left

image, anddr for the right image. The distance between the center of both used cameras

is de�ned asb. The focal length of the lenses isf . For each pixel, the disparity value is

calculated. This is de�ned as the sum ofdl anddr. It is directly related to the distance

r of the object, because more distant objects present a smaller disparity value than closer

objects. The actual distance to the object can be calculatedusing:

r =
bf

(dl + dr)
(2.1)

Also, as seen in Fig.2.2, the object's height (H ) and width (W) can be calculated using

the following equations:

W =
wr
f

(2.2)

H =
hr
f

(2.3)

Wherew andh represent the width and the height of the object's image respectively.
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FIGURE 2.1. Disparity Map. This diagram shows the geometric representation of
dr anddl, which are used in order to compute the disparity map. They represent
the distance from each image center to the object projection. Also,brepresents the
baseline,f is the focal length andr is the perpendicular distance from the lenses to
the object.

FIGURE 2.2. Height Calculation. This diagram shows the geometric relationship
of the object's height and the height of the projection in the image. Object's width
is calculated in a similar manner.

2.1.2. Integral Image

This concept was �rst referred to as summed-area tables in the �eld of graphics and

more speci�cally as texture mapping (Crow, 1984). Later, this idea was brought to image

processing in the work of (Viola & Jones, 2001). They presented a revolutionary investi-

gation in the object detection area, producing results up to15 times faster than previous

works.
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Given a grayscale imagei , each pair(x; y) of the integral imageI of i represents the

sum of the image values above and to the left of x,y:

I (x; y) =
X

x0� x;y 0� y

i (x0; y0): (2.4)

Therefore, given any particular rectangular area de�ned byP1 = ( x1; y1) and P2 =

(x2; y2) its sum can be calculated in constant time using the integralimage:

rectSum(x1; y1; x2; y2) = I (x2; y2) � I (x1; y2) � I (x2; y1) + I (x1; y1): (2.5)

2.1.3. Aperture Angle

The camera is modeled as a pinhole camera, therefore we can calculate the aperture

angles with these equations:

� M = 2 � arctan
w

2 � f
(2.6)

� M = 2 � arctan
h

2 � f
(2.7)

Wherew andh represent the image sensor width and height respectively and f represents

the camera focal length. Equations (2.6) and (2.7) can be deduced using the geometric rep-

resentation of the aperture angle of the camera lenses as shown in Fig. 2.3. For controlling

FIGURE 2.3. Geometric representation of the aperture angle. Left diagram shows
the spatial placement of image sensor, focal point F and horizontal aperture angle
� M . Right diagram shows the relation between image sensor width, focus length,
and horizontal aperture angle.
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the camera point of view, sporadic movements of the pan-tiltsystem are used. Once the

person of interest has been detected at image plane coordinates(Px ; Py), the required pan

and tilt angles to center the detected person in the image plane, named� and� respectively,

are calculated using the following equations.

� = ( Px � Cx ) �
� M

w
(2.8)

� = ( Py � Cy) �
� M

h
(2.9)

WhereCx ; Cy represents the coordinates of the image center.

2.2. Attention Systems

2.2.1. Introduction

Attention systems are used to compute interesting areas of agiven image or video.

This is done because of the vast amounts of information that acomputer vision system

receives. It is impractical for those systems to exhaustively search through all the data.

Therefore, only the interesting regions computed by the attention systems are used, consid-

erably decrementing the complexity of the tasks.

The most common attention systems are based on biological models (Itti, L. et al.,

1998), (Frintrop, 2005). These models suggest that the visual system uses only a portion

of the received information in order to achieve faster results when dealing with complex

scenes. This portion is known as the Focus of Attention.

One of the most accepted theories about the focus of attention is the Treisman's Feature-

integration Theory of Attention (Treisman, A. M. & Gelade, G. A , 1980). Basically, he

proposed that a saliency map is built by mixing parallel feature maps. Most attention sys-

tems build upon that base.

The retina of the human eye contains ganglion cells which receive the visual informa-

tion from photo receptors through the bipolar cells. The receptive �elds of the ganglion
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cells are composed of two areas, the surround and the center.There are two types of gan-

glion cells: (i) On-center ganglion cells which respond to bright areas surrounded by a dark

background and (ii) off-center ganglion cells which respond to dark areas surrounded by a

bright background (Palmer, 1999).

Computer models often try to mimic the behavior of these cellsin order to achieve

similar results. In order to calculate the on-center and off-center differences, expensive

computations have been used. Commonly, there is a trade-off between accuracy and speed

of computation. Often, attention systems only deliver coarse grained information due to the

complexity of the computation of the feature maps. In this work a new method is proposed

achieving not only fast but also highly detailed feature maps. Therefore, using this method

�ne grained attention systems can perform the feature maps calculations in real time.

2.2.2. Computational Models

One of the most accepted and widely used computational models of attention was

proposed by (Itti, L. et al., 1998). The system has a solid theoretical background, based on

feature integration (Treisman, A. M. & Gelade, G. A , 1980) and performs relatively well.

In addition to this, a completely documented and supported implementation of the system,

the iLab Neuromorphic Vision C++ Toolkit (iNVT), is publiclyavailable for download at

http://ilab.usc.edu/toolkit/downloads.shtml.

Over the past few years, iNVT (Itti, L. et al., 1998) was improved in VOCUS (Frintrop,

2005). Retaining the same theory from the work of (Itti, L. et al., 1998), but implement-

ing it in a different manner, Frintrop managed to deliver more accurate results, but at the

expense of more computation time.

The center-surround differences calculated by iNVT and VOCUS are slow. To increase

the speed of the systems, both adopted two approximations: (i) squared regions and (ii) an

image pyramid approach to calculate the features faster. Center-surround regions that are

present in the human eye are circular (Palmer, 1999). For simplicity, these regions are

approximated to a square in both works (Itti, L. et al., 1998), (Frintrop, 2005) (See Fig.
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2.4). No substantial difference is presented in the resultswhen using circular areas instead

of squared ones (Frintrop, S. et al., 2007). On the other hand, the use of an image pyramid

produces a pixelized output, with far less resolution than the original image. This normally

leads to poorly de�ned borders of the objects in the resulting feature map. Although VO-

CUS uses the same concept of image pyramids as iNVT, the particular method used by

Frintrop yields better results (Frintrop, 2005).

(a) On Center (b) Off Center

(c) On Center
Approximation

(d) Off Center
Approximation

FIGURE 2.4. On-center and off-center ganglion cells and their approximation on
computational models.

Very recently the speed issue of VOCUS was solved, using integral images in conjunc-

tion with image pyramids, in order to calculate the center-surround differences in real time

(Frintrop, S. et al., 2007). Although, the output quality ofthe feature maps still remain the

same as the original version of VOCUS.

Center-surround differences are used in order to calculate every feature map. For sim-

plicity, only intensity map computation will be described next for each system. The use of

center-surround differences in the calculation of other feature maps is analogous.

14



2.2.2.1. iNVT

This system �rst generates a grayscale version of the input image. Then, it calculates

an image pyramid of eight grayscale images, each one of them scaled to one quarter of the

previous one.

After that, center-surround differences are calculated asan across-scale difference be-

tween coarse and �ne scales. Fine scales are de�ned as a scales 2 f 2; 3; 4g and coarse

scales are de�ned as a scales 2 f 5; 6; 7; 8g.

An across-scale difference is calculated by scaling the coarse scale into the �ne scale

and then executing pixel by pixel subtraction. Next, all themaps are summed up to obtain

the �nal intensity map. This yields fast but very poor feature maps (Itti, L. et al., 1998).

Also, the center-surround differences are calculated as absolute values, in other words,

no difference exists between on-center and off-center differences for this system. This can

be calculated faster, but lacks the �exibility of separatedmaps (Frintrop, 2005).

2.2.2.2. VOCUS

In VOCUS, the intensity map is calculated as follows: �rst, the original color image is

converted into grayscale. Then, a Gaussian image pyramid iscreated. This is achieved by

applying a 3x3 Gaussian �lter to the grayscale image, and after that, scaling it down by a

factor of two on each axis. The �ltering and scaling are repeated four times, yielding �ve

images:i 0, i 1, i 2, i 3, andi 4. From this moment on, the system only takes into account the

information present in the smallest scales; imagesi 2, i 3, andi 4.

The system now calculates on-center and off-center differences in the three images

that represent scaless 2 f 2; 3; 4g respectively. Centers are represented as a pixel and

two surround values,� , are used: 3 and 7, based in the work of (Itti, L. et al., 1998).

Therefore, 12 intensity sub maps are generated. The processof calculating these sub maps
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(a) Original Image (b) i 0 (c) i 1

(d) i 2 (e) i 3 (f) i 4

FIGURE 2.5. VOCUS Image Scales. In VOCUS, the original image is converted
into grayscale. Next, four different image scales are created. The system then
works with the smallest scales, represented in the bottom images

is as follows: �rst, center and surround are de�ned:

surround(x; y; s; � ) =

x0= �X

x0= � �

y0= �X

y0= � �

i s(x + x0; y + y0) � i s(x; y)

(2� + 1) 2 � 1
(2.10)

center(x; y; s) = i s(x; y) (2.11)

Then, every pixel of each intensity sub map is calculated:

Int On;s;� (x; y) = max f center(x; y; s) � surround(x; y; s; � ); 0g (2.12)

Int Off;s;� (x; y) = max f surround(x; y; s; � ) � center(x; y; s); 0g (2.13)

Wheres 2 f 2; 3; 4g represents the image scale,� 2 f 3; 7g, the surround, andOn,

Off , the on-center and off-center differences respectively.

After that, an on-center intensity map is calculated. This is done scaling the six on-

center intensity sub maps into the largest scale;i 2, and then summing pixel by pixel. An
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off-center intensity map is generated the same way, using the off-center sub maps.

Int On = � s;� Int On;s;� (2.14)

Int Off = � s;� Int Off;s;� (2.15)

Where� denotes the across-scale sum previously explained.

2.2.2.3. Real Time VOCUS

Very recently, VOCUS has been adapted to use integral images in conjunction with im-

age pyramids, achieving real time feature calculations (Frintrop, S. et al., 2007). Nonethe-

less, the output still remains exactly the same as the original version of VOCUS.

The steps for calculating the intensity map are the same as the classic VOCUS. The

main difference is that the system uses integral images instead of calculating the sum pre-

sented in eq.(2.10) yielding a speedup in the whole process.Note that in this system,

multiple intensity images need to be created, one for each scale of the image pyramid.

2.2.2.4. Comparison

The are two main differences between VOCUS and iNVT: The �rst one is that VOCUS

generates independent on-center and off-center differences, whereas iNVT only calculates

the absolute difference between center and surround. This gives VOCUS the advantage to

distinguish between bright and dark areas (Frintrop, 2005).

The other main difference is that when iNVT calculates the center surround differ-

ences, it subtracts images from �ne and coarse scales, resized to the �nest scale, therefore

yielding less de�ned borders. VOCUS instead, �rst calculates center surround differences

in every scaled image and then resizes the images to the largest scale, adding all the com-

puted intensity sub maps pixel by pixel. This technique yields better results than the work

of (Itti, L. et al., 1998) but the feature computation is slower (Frintrop, 2005).

With the publication of a real time VOCUS system, the issue of speed is now solved

(Frintrop, S. et al., 2007). On the other hand, the output quality of the results still needs
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improvement. It is important to notice that no improvementsin the quality of the feature

maps were done in the real time VOCUS system.

The main drawback of the previous works is that the resultingfeature maps are very

poor. They calculate the center-surround differences using a lower resolution image instead

of the original.

Previous works �rst scale down the image by a factor of 16 resulting in considerable

detail loss (Frintrop, 2005), (Itti, L. et al., 1998). Then,they proceed to build an image

pyramid, further decreasing the details.

Generating good quality feature maps is needed in order to obtain �ne grained infor-

mation of the environment. Until now, all attention systemsonly provide coarse grained

information in their feature maps.

Attention systems often present a trade-off between accuracy of results and speed of

computation. This is because of the complexity of center-surround differences calculations.

Image pyramids are often used in order to speed up the process, degrading the output

quality. Very recently, an attention system achieved real time computation of feature maps

using integral images, but preserving the use of image pyramids, therefore the quality of

the calculated feature maps remained as poorly as before.

In this work, an integral image is used directly with the original image grayscale, with

no image pyramids, in order to calculate highly accurate feature maps computed at real

time. Therefore, this method allows attention systems to perceive the environment in a

�ne grained mode. All the details present in the original image are preserved and used for

feature map calculation, achieving high accuracy and stillrunning in real time.

The method proposed here is general, therefore it can be usedfor any attentional sys-

tem that uses center-surround differences. The implementation is not tied to any particular

image scales, any window sized �lters can be used in order to adapt the system to other

uses.
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This work solves the common trade-off between accuracy of results and speed of com-

putations in the attention systems, yielding highly accurate feature maps in real time.
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3. PROPOSED SYSTEM

The proposed system implements the common framework presented in Sec. 1.1: (i)

Color constancy and Stereo Calibration are used in the preprocessing module, (ii) Stereo-

scopic vision is used for segmentation, (iii) An attention system is used in a novel way as

the feature extraction module, and (iv) An arti�cial neuralnetwork is used as the human

classi�er. An overview of the system is shown in Fig.3.1. A detailed description of each

module is presented below.

3.1. Preprocessing Module

3.1.1. Recti�cation

The original images taken from the stereo camera are �rst recti�ed using the calibration

parameters obtained using the SVS (Konolige, K., 1997) calibration routine. A standard

chessboard printed image was used to calibrate the device ascan be seen in Fig. 3.2.

3.1.2. Color Constancy

Camera exposure and gain were set to be automatically controlled. In addition to this,

the system uses the gray world assumption for color constancy. Using this procedure leads

to a more natural image, subtracting up to a certain degree, any colored light present in the

environment.

Color constancy is a very complex topic. For humans, it is relatively simple to perceive

the same color of a given object under different illumination conditions; Grass is green at

midday where the light of the sun appears white and it remainsgreen at sunset, where the

main light turns reddish. This is not true for computers. Theprocess involved in color

constancy in humans include components of the retina and thevisual cortex, inside the

brain. Several algorithms try to emulate human perception of color, yielding a whole area of

research called Retinex Theory (Land, E.H. & McCann, J.J., 1971). These algorithms can

produce good results, but the complexity of computation is high. Therefore, they cannot

be added to a real-time system. On the other hand, simpler approximations have been
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FIGURE 3.1. General diagram of the system.

FIGURE 3.2. Calibration software. Interface of the SVS calibration procedure
showing the chessboard pattern used and corners detected.

made, using basic assumptions that relax the problem so it can be treated ef�ciently with

acceptable results.

The Gray World Assumption proposes that given any color image of a scene with

only white light present, the average color of this image should be gray (Buchsbaum, G.,

1980)(Funt, B. et al., 1998). Therefore the average of every channel: R, G and B should

be the same. The idea is to impose this assumption into the input image. The result of

doing this is that the image will no longer have any dominant color, often caused by in-

door lighting. The implementation of the algorithm is reduced to just a matrix multiplica-

tion and can be calculated ef�ciently. An example of this procedure is available online at

http://grima.ing.puc.cl under robotic projects.

21



FIGURE 3.3. Object segmentation module diagram. First, layers are obtained
through depth segmentation using stereo analysis. Then, connected components
analysis is used in order to extract blobs from each layer. Each blob is then �ltered
using size and shape constraints.

3.2. Object Segmentation Module

Stereo information obtained from SVS (Konolige, K., 1997) is used to segment objects

from the scene. The system uses a segmentation approach based on the work of (Huang,

Y. et al., 2005). There are three steps involved in this module: (i) depth segmentation, (ii)

connected components analysis on each previously segmented layer, and (iii) a cascade set

of �lters. A diagram of this module can be seen in Fig. 3.3. Thedetails of the different

steps in Fig. 3.3 are presented next.

First, the system calculates the disparity image(Ref. Sec.2.1.1) for the entire frame

and a disparity histogram is generated. Each local maxima ofthe disparity image repre-

sents the existence of one or more solid objects at a particular depth. The original depth

image is segmented intoi layers, wherei is the number of local maxima in the histogram

of disparities. Closer objects often present more variable depth values than distant ones.

When extracting thei th layer from the depth map a depth dependent value� di is generated

�rst. This value is calculated using a polynomial �t on previously obtained correct human

segmentation values at different depths. Only values that lie inside the depth range de�ned

by (di � � di ; di + � di ) are present in thei th layer. Every layer is separated from the orig-

inal depth map generating isolated images of different objects at different distances. An

overview of this step can be seen in Fig. 3.4.
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(a) Original Image (b) Disparity Map

(c) First Layer (d) Second Layer

(e) Disparity Histogram

FIGURE 3.4. Disparity of a scene. 3.4(b) shows the disparity map of the original
scene. Higher values mean closer objects. Areas that lack texture and donot have
a valid disparity value are shown as zero. Notice how the two local maxima at
the disparity histogram shown in 3.4(e) are used to segment the original imagein
different layers.

Then, every layer is segmented using standard connected components analysis. An

example of this procedure can be seen in Fig. 3.5. Missing parts due to low texture are

�lled calculating the most external contour of the blob. A morphological opening operation

is then applied to the blob in order to smooth the foreground region. This procedure can be

seen in Fig. 3.8.

After this, every blob is passed through a cascade set of �lters. The system �lters out

candidate blobs using size and shape constraints. An estimate of the object's real height,
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(a) Segmented Layer (b) Connected Components

FIGURE 3.5. Connected Component Analysis. Each layer is processed with con-
nected components technique yielding candidate blobs.

width and depth can be obtained using stereo vision. Also, the object's bounding box

provides aspect ratio information. Therefore, the system �lters out blobs that: (i) present

a real world height that is less than 40 cm, (ii) are wider thanits height, or (iii) its height

is more than three times its width. An example of this procedure can be seen in Fig. 3.6.

Filtered out blobs are split using a simple method. This method consists in measuring the

valid height for every line in the blob, yielding a maximum valid height. Every line that is

shorter than half of the maximum height is eliminated, splitting the blob. This procedure

can be observed in Fig. 3.7

This method allows the free movement of the camera as opposedto other segmentation

methods that rely on a �oor plane which needs a static camera height and tilt angle (Huang,

Y. et al., 2005).

3.3. Feature Extraction Module

An attention system is used in a novel way as features for the object detection module.

An improvement made to general attention systems is presented and then an example of at-

tention systems as features is explained. For background information on attention systems,

refer to Sec. 2.2.
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(a) Layer 1 candidates (b) First �ltering (c) Filtering done

(d) Layer 2 candidates (e) First �ltering (f) Filtering done

FIGURE 3.6. Cascade set of �lters. Each layer is processed with a cascade set
of �lters. The system �lters out candidate blobs using size and shape constraints.
Only one �ltering stage is needed in this example.

(a) Line heights calculated (b) Object correctly segmented

FIGURE 3.7. Splitting blobs. Each �ltered blob is split obtaining the embedded
objects if any.

3.3.1. Attention system

The proposed method produces the feature maps in the same conceptual way as those

in the work of (Frintrop, 2005), but it does not scale the images; instead, it uses the concept

of a unique integral image(Ref. Sec.2.1.2) in a novel way in order to calculate the center-

surround differences more accurately while still running in real time.
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(a) Original Image (b) Stereo Masked
Image

(c) Filled Image

FIGURE 3.8. Fixing low texture images. Most works either keep the original im-
age or mask it with the present stereo information, as shown in the leftmost and
center images respectively. In the proposed method, missing parts due to lowtex-
ture are �lled calculating the most external contour. A morphological opening op-
eration is then applied to the image. The results can be observed in the rightmost
images.

First, a Gaussian �lter with a 3x3 window is used twice, in order to smooth the image

and obtain the same robustness to noise as the previous works(Frintrop, 2005), (Itti, L. et

al., 1998). The system then calculates on-center and off-center differences separately using

a unique integral image with variable size �lter windows over the original grayscale image.

This method differs from the real time VOCUS, it only creates one integral image

instead of one per scale. Instead of scaling the image and keeping the �lter windows �xed,

a variable size �lter window is used in the original grayscale image (see Fig.3.9).

Although the proposed method calculates less integral images, real time VOCUS is

slightly faster. This is explained because real time VOCUS reduces its input image by a

factor of 16, speeding up its process but with a considerableloss in the feature map quality

output.

3.3.2. Filter Windows

VOCUS �lter windows are de�ned by the scales 2 f 2; 3; 4g and the surround� 2

f 3; 7g. Therefore there are 6 different sized �lter windows in VOCUS. Using them in order
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(a) VOCUSi 2 (b) VOCUSi 3 (c) VOCUSi 4

(d) Proposed system emulating
VOCUSi 2

(e) Proposed system emulating
VOCUSi 3

(f) Proposed system emulating
VOCUSi 4

FIGURE 3.9. Filter windows used in VOCUS (top) and in the proposed method
(bottom). In VOCUS, red windows (larger) represent� = 7 , and green (smaller),
� = 3 . Also, the three shown images represent the scales 2, 3, and 4 respectively.
In the proposed method, red windows represent&values of 28, 56, and 112 respec-
tively. Green windows represent&values of 12, 24, and 48 respectively.
Notice how the �lters in VOCUS loose detail as the size of the �lter window grows
larger, but the ones in the proposed method preserve all their detail at any size

to calculate on-center and off-center differences yield the 12 intensity sub maps previously

referred to.

This system implements all of the same �lter windows used in VOCUS. The main

difference is that the �lter is applied to the entire original image, instead of scaled down

versions.

Therefore, the system uses only a single parameter to de�ne all the �lter windows that

will be calculated on a single integral image:

&= � 2s: (3.1)
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Where� represents the surround ands, the scale, both used in the VOCUS system. Also,&

denotes the surround to be used in the proposed system in order to cover the same window

as the VOCUS window.

3.3.3. Feature Calculation

In order to calculate the intensity sub maps, �rst, center and surround are de�ned:

surround(x; y; &) =
rectSum(x � &; y� &; x+ &; y+ &) � i (x; y)

(2&+ 1) 2 � 1
(3.2)

center(x; y) = i (x; y) (3.3)

Then, every pixel of each intensity sub map is calculated as follows:

Int On;&(x; y) = max f center(x; y) � surround(x; y; &); 0g (3.4)

Int Off;& (x; y) = max f surround(x; y; &) � center(x; y); 0g (3.5)

Where& 2 f 12; 24; 28; 48; 56; 112g represents the surround, andOn, Off , the on-

center and off-center differences respectively. Note thatthe values of&are specially cal-

culated using eq.(3.1) in order to process the same windows as the VOCUS system (see

Fig.3.9).

Then, an on-center intensity map is calculated. This is donesumming the six on-center

intensity sub maps pixel by pixel. An off-center intensity map is generated the same way,

using the off-center sub maps.

Int On =
X

&

Int On;& (3.6)

Int Off =
X

&

Int Off;& (3.7)

All the details of the image are preserved because the surround window varies accord-

ing to the surrounding and scaling values proposed in VOCUS. This is done in order to

calculate the same features but in a highly accurate way.
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FIGURE 3.10. Intensity Map calculation. For every pixel in the image an on-
center and off-center difference is calculated. This is done in constanttime using
an integral image.

3.3.4. Feature Calculation Results

The results shown in Fig. 3.13 and Fig. 3.14 demonstrate the positive effects of not

scaling the images when calculating the center-surround differences. Some examples of

feature sets calculated for both humans and different objects can be seen in Fig. 3.16.

The proposed method provides �ne grained feature maps. Other systems, such as

VOCUS, only generate coarse grained feature maps. This can beseen in Fig. 3.12. The

proposed method also provides much more de�ned borders thanprevious systems (see Fig.

3.11).

3.4. Object Classi�cation Module

The system uses a feedforward neural network trained with backpropagation in order

to classify objects. The inputs of this module are the features computed by the attention

module, scaled into 18 x 36 pixels. Example images can be seenin Fig. 3.16. The neural

network is composed of three layers: (i) the input layer with648 neurons, one for each

pixel, (ii) the hidden layer with 5 neurons, and (iii) the output layer with 2 neurons, where

the likelihood of being a human or non human is stored. The criteria for human accep-

tance is calculated by comparing both output neurons. The one that has the largest value
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(a) Original Image

(b) VOCUS Off-Center Surround(c) Proposed Off-Center Surround

(d) VOCUS On-Center Surround(e) Proposed On-Center Surround

FIGURE 3.11. Comparing Results of VOCUS and the proposed method. Notice
how the detail is preserved in the proposed method (right) and how the VOCUS
results are poorly de�ned (left).

represents the output of the neural net. An example of this module is shown in Fig. 3.17.

In order to obtain faster calculations Sigmoid activation functions were used. Therefore

every pixel in the input image has to be scaled into the[� 1::1] range. The values selected

are similar to standard ones used in other works that rely on aneural network for object

classi�cation (Geronimo D. et al., 2007). Examples of humanclassi�cation can be seen in

Fig. 3.15 and Fig. 3.18.
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(a) Original Image (b) VOCUS Off-Center Surround(c) Proposed Off-Center Surround

FIGURE 3.12. Image Details. VOCUS (center) only calculates coarse grained cen-
ter surround differences, loosing important details of the image. Instead,the pro-
posed method (right) uses all the available information to provide a �ne grained
feature map.

(a) Original Image (b) VOCUS Off-Center Surround(c) Proposed Off-Center Surround

(d) Original Image (e) VOCUS Off-Center Surround(f) Proposed Off-Center Surround

FIGURE 3.13. Off-Center Surround Differences computed by VOCUS (center)
and the proposed method (right)
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(a) Original Image (b) VOCUS On-Center Surround(c) Proposed On-Center Surround

(d) Original Image (e) VOCUS On-Center Surround(f) Proposed On-Center Surround

FIGURE 3.14. On-Center Surround Differences computed by VOCUS (center)and
the proposed method (right)

(a) Segmented Objects (b) Classi�cation Results

FIGURE 3.15. Detection Results. The system correctly classi�es each segmented
object as human or non human.

32



(a) Humans feature sets

(b) Objects feature sets

FIGURE 3.16. Input Images. Some examples of the inputs that the neural network
receives. Top row shows feature sets from several humans in different positions and
the bottom row shows feature sets from random objects such as windows,walls and
doors.

FIGURE 3.17. Neural Network Model. The system uses a feedforward neural net-
work with three layers. The input layer is composed by one neuron per pixel.

FIGURE 3.18. Normal Detection.
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4. IMPLEMENTATION AND EXPERIMENTAL RESULTS

4.1. Implementation

The base of the robot is a Pioneer P3-DX, a differential base that supports the whole

system and allows autonomous navigation. A stereo camera isplaced on top of the robot

and it is able to take up to thirty frames per second. The stereo camera is con�gured in

order to deliver valid range data from around 1.5 m to 10 m. Thesystem is expected

to operate in non crowded scenarios. The stereo camera is placed on top of a pan-tilt

system which enables the movement of the robot's head. Two motors are attached to the

camera's structure resulting in two degrees of freedom. A saccadic control to manipulate

the camera's movements is used. The stereo camera is connected via �rewire directly to

a notebook which processes the information in addition to controlling the pan-tilt system.

The system is implemented in C++ on a laptop with an AMD Sempron1.79 GHz, 1.12 GB

of RAM, running Linux Ubuntu 7.04 with a �rewire interface to the stereo camera. This

implementation allows real time operation of the system.

4.2. Training

Several images were acquired from diverse environments segmenting different objects

from these scenes. In order to obtain these images, the system wandered around those

environments and saved every segmented object. Using this output, the author manually

labeled 2,239 object images, where 985 of them represented humans and 1,254 represented

non human objects, such as trees, windows, doors, light posts, etc. Images were taken in

both indoor and outdoor locations, such as of�ces, parks, and streets. Humans are pre-

sented in six different poses: frontal, back and pro�le in a full body or upper body view.

Tables 4.1 and 4.2 present further details of the training images. Example training images

can be seen in Fig. 4.1. Each image has been masked with the available stereo informa-

tion and resized to a common size of 18x36 pixels. The database is publicly available at

http://grima.ing.puc.cl.
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In order to train the system, these training images are used as the input for the sys-

tem, feeding the neural network with the extracted featuresand the corresponding output

whether the image corresponds to a human or a non human. The system then learns which

features represent both classes.

It can be seen in Table 4.1 that the number of training images for frontal poses are

slightly higher than the rest. This is explained because of the social nature of the robot.

While obtaining training data, most people appeared in frontof the robot staring at it.

This difference in proportion that naturally appeared is kept in the training set in order to

represent the real type of interaction expected with people.

Table 4.2 shows that the number of non human examples taken inthe house environ-

ment is considerably lower than the rest. This is because thesystem needs to be general,

therefore general environments such as public parks, the street or an of�ce are more ade-

quate to learn non human examples than a house which may have several speci�c items as

seen in Fig. 4.3(c).

Frontal Back Pro�le
Full Body 194 113 102

Upper Body 351 137 88
TABLE 4.1. Poses of training images. This table shows the number of training
images used for each pose the system can detect.

Environment Type Human ExamplesNon Human Examples
Public Park Outdoor 148 314

Street Outdoor 134 392
House indoor 246 117
Of�ce indoor 457 431

TABLE 4.2. Training set details.
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(a) Human examples

(b) Non human examples

FIGURE 4.1. Training images. Some examples of the training images used. Top
images show humans and bottom ones show non human objects.

4.3. Experimental Results

In order to test the proposed system three experiments were conducted: i) Detection

performance under different human poses, ii) A comparison with a commonly used face de-

tection module and iii) A comparison between intensity gradient and the attention module

used as a feature extraction module in this work.

4.3.1. Different Poses Detection

The idea of this experiment is to test the performance of the system under different

human poses. The robot was exposed to real life scenarios in different human inhabited

environments. Details regarding each one of these environments are presented in Table 4.3

and some visual examples can be seen in Fig. 4.3. Each human detection was archived

in one of the following six categories: i) full body, frontal; ii) full body, back; iii) full

body, pro�le; iv) upper body, frontal; v) upper body, back and vi) upper body, pro�le. An
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(a) Full Body, Frontal (b) Full Body, Back (c) Full Body, Pro�le

(d) Upper Body, Frontal (e) Upper Body, Back (f) Upper Body, Pro�le

FIGURE 4.2. Different poses detection. These images show the different poses
that the system can detect.

example of these poses can be seen in Fig. 4.2 and further examples can be seen in Fig. 4.7.

As this system is designed for a social robot with live video input instead of still images,

every detection is considered only as one per human per pose.This means that, given a

video sequence, a single human can only generate up to six detections in the system, one

for each pose.

Tables 4.4 and 4.5 present detailed information about system performance in this ex-

periment. It can be seen from these results that the system can detect humans regardless

of their pose. As can be seen in Table 4.3, these results were obtained in different types

of environment, therefore the system can be used for both indoor and outdoor applications

although bad illumination can affect the performance of thesystem, mostly in the segmen-

tation module, as stated in previous works with the same hardware (Pszczolkowski, S. &

Soto, A., 2007).

37



(a) Public Park (b) Street

(c) House (d) Of�ce

FIGURE 4.3. Different environments where the system was run.

Environment Type People Present
Public Park Outdoor 8

Street Outdoor 7
House indoor 3
Of�ce indoor 14

TABLE 4.3. People present in different environments.

F.B.Frontal F.B.Back F.B.Pro�le U.B.Frontal U.B.Back U.B.Pro�le
People Detected 11 5 6 13 13 8
People Missed 1 0 0 2 1 0

TABLE 4.4. Human detection in different poses.

People-poses detectedTotal Det. Rate FP
56 60 93.3% 8

TABLE 4.5. Detection rate and false positives.
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4.3.2. Human Face vs Complete Human Body Detection

In this experiment, the system was tested in order to comparethe overall detection rate

of a face detection system compared to that of the proposed system using live camera input

in the same scenarios as the previous test: a public park, in the street, in a house, and in

an of�ce environment. People appear in the scene naturally,therefore different poses are

presented. Each object detection is counted only once. Consecutive detections of the same

object, whether it is a human or not, are not considered. The Viola Jones face detector

system is selected for the test as it is commonly used in humandetection for social robots.

Detailed results of this experiment are presented in Table 4.6.

Table 4.7 shows that the proposed method provides higher detection rates and less

false positives than the Viola Jones face detector. In Table4.8 can be seen that the largest

difference in performance is obtained in outdoor environments. This can be explained

because people is less restricted in outdoor environments,they can appear in many different

poses and distances to the camera. As face detection systemsare restricted only to detect

humans facing the camera, their detection rate should drop if humans appear in different

poses. Table 4.7 also shows that false positives are very lowfor the proposed method

compared to Viola Jones. This is due in part to the fact that the proposed method uses real

world measurements based on stereo vision and shape constraints in order to �lter out non

human like regions.

In Table 4.6 can be seen that the proposed system only missed one person. This sit-

uation is presented in Fig. 4.6 where an almost full occlusion prevents the system from

correctly detecting both persons.
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FIGURE 4.4. Human Detection Rates. Comparison of the human detection rates
between the proposed method and the Viola Jones face detector.

FIGURE 4.5. False Positives comparison. Comparison of the false positives be-
tween the proposed method and the Viola Jones face detector.

System Used Environment People PD FP
Proposed Method Public Park 7 7 1
Proposed Method Street 7 6 3
Proposed Method House 4 4 6
Proposed Method Of�ce 9 9 2

Viola Jones Public Park 7 0 4
Viola Jones Street 7 2 12
Viola Jones House 4 3 25
Viola Jones Of�ce 9 6 49

TABLE 4.6. Comparison results. The table presents the result of a comparison
between the proposed system and the Viola Jones face detection system.

System Used Det Rate FP
Proposed Method 96.3% 12

Viola Jones 40.7% 90
TABLE 4.7. Overall comparison results. The table presents the general resultsof
the comparison between the proposed system and the Viola Jones face detection
system.
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FIGURE 4.6. Person Miss. An almost full occlusion prevents the system from
correctly detecting both persons.

4.3.3. Feature Comparison

In this experiment, the proposed features are tested against previously used features

for human detection.

One of the earliest features used for object detection are edge detectors. Although

these features can represent the shape of an object, they arenot robust to noise. (Zhao,

L. & Thorpe, C.E., 2000) proposed the use of intensity gradient in order to obtain higher

�exibility. (Viola & Jones, 2001) made popular the use of Haar-like wavelets for object

detection. The main drawback of these features is that �lters size and shape are often

user de�ned. The proposed VSF use prede�ned �lters shape andsize, based on biological

investigations. Therefore, these features capture the most interesting regions of an object

naturally.

System Used Environment Det Rate FP
Proposed Method Indoor 100.00% 8
Proposed Method Outdoor 92.86% 4

Viola Jones Indoor 69.23% 74
Viola Jones Outdoor 14.29% 16

TABLE 4.8. Comparison results. The table presents the result of a comparison
between the proposed system and the Viola Jones face detection system in real
world scenarios considering indoor and outdoor scenarios.
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K-fold cross validation over the training set is used in order to measure the system clas-

si�cation error estimate. The number of folds used in this experiment is ten as suggested in

(Witten, I. & Eibe, F., 2000). Therefore, each test set is conformed of 223 random images

and the other 2,016 images are used as the training set. Detailed results are shown in Table

4.10.

In order to test the impact of the novel features, exactly thesame detection test is done

with other features. Results of the comparison are presentedin Table 4.10. It can be seen

that the proposed features present a higher detection rate and a lower false positive rate

than the previously used features. Also, it can be seen that regular attention features such

as VOCUS, perform very poorly due to the coarse grained feature maps they provide.

Test Set TP TN FP FN Det Rate FP Rate
0 97 118 7 1 98.98% 5.60%
1 89 119 6 9 90.82% 4.80%
2 94 117 8 4 95.92% 6.40%
3 95 119 6 3 96.94% 4.80%
4 92 117 8 6 93.88% 6.40%
5 91 116 9 7 92.86% 7.20%
6 92 115 10 6 93.88% 8.00%
7 92 117 8 6 93.88% 6.40%
8 94 115 10 4 95.92% 8.00%
9 97 124 5 6 94.17% 3.88%

Avg 93 118 7 5 94.73% 6.15%
TABLE 4.9. Detection results. The table presents the result of a 10-fold cross
validation of the data. Therefore, Test Set is a group of randomly selected images
for testing and the rest of the images are used for the training set.
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Feature type Det Rate FP Rate
Edges 89.14% 11.63%

Intensity Gradient 89.95% 10.37%
Haar-like 92.39% 7.26%
VOCUS 79.84% 34.08%

Proposed Features94.73% 6.15%
TABLE 4.10. Feature comparison. The table presents the comparison of results
obtained using different features previously used for human detection against regu-
lar saliency maps (VOCUS) and the proposed features. Note that althoughregular
saliency maps such as VOCUS perform very poorly, the proposed features present
the best results.
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FIGURE 4.7. Detection Examples. These images show different detections made
by the system. Note how it can detect several poses.
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5. CONCLUSIONS

Attention systems have been mainly used as a part of the preprocessing module for

object detection. Under these circumstances, feature mapsdetail is not as relevant as the

speed of computation. Because of this, most of the current attention systems such as VO-

CUS, only produce coarse grained feature maps. This work proposes the use of an attention

system as the feature extraction module. Therefore, instead of using the attention system to

obtain interesting regions of a scene, it is used to obtain interesting regions of a previously

segmented object. Current attention systems do not provide enough information for using

them as a feature extraction module. In order to overcome this limitation, an enhanced

attention system which is capable of generating �ne grainedfeature maps in real time is

presented.

A complete human detection system is constructed using the enhanced attention system

as the feature extraction module. The constructed system: i) detects humans in different

poses, ii) can be mounted on a mobile platform, and iii) worksin real time.

The system was tested under real world conditions obtaininga detection rate of 94.73%

and a false positive rate of 6.15%. The use of this novel feature for human detection pre-

sented better results than previously used features such asintensity gradient.

Social robots can be bene�ted by using this system for human detection instead of the

commonly used face detectors. The detection of humans in different poses increases the

social aspect of the robot, enabling it to perform activities that could not be possible doing

using a face detector. Some examples of these activities areperson following, starting a

conversation when the user is not facing the camera, or people avoidance in autonomous

navigation, among others.

As a future work, detection of humans in crowded scenarios should be considered.

Also, the bene�ts of the use of a �ne grained saliency map in other areas can be investigated.
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