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Abstract

Autonomous social robots have many tasks that they need to address such as

localization, mapping, navigation, person following, place recognition, etc.

In this thesis we focus on two key components required for the navigation

of autonomous robots namely, person following behaviour and localization

in dynamic human environments. We propose three novel approaches to

address these components; two approaches for person following and one

for indoor localization. A convolutional neural networks based approach

and an Ada-boost based approach are developed for person following. We

demonstrate the results by showing the tracking accuracy over time for this

behaviour. For the localization task, we propose a novel approach which

can act as a wrapper for traditional visual odometry based approaches to

improve the localization accuracy in dynamic human environments. We eval-

uate this approach by showing how the performance varies with increasing

number of dynamic agents present in the scene. This thesis provides quali-

tative and quantitative evaluations for each of the approaches proposed and

show that we perform better than the current approaches.
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Chapter 1

Background

1.1 Introduction and Motivation

Robotics �nds application in a range of di�erent �elds. A key issue in many

potential application areas is the need for the robot to operate within an

environment that is populated by other users (people) who execute inde-

pendent motions thus complicating sensing and planning tasks. To take but

one example, imagine the deployment of an autonomous robot in a hospital

environment. Such a robot would have to be able to navigate in the hospi-

tal corridors autonomously while avoiding moving people, beds, and other

dynamic events that take place in the corridors. The robot might have to

follow a particular nurse/doctor to a speci�c room using a person following

behaviour [1], [6]. The robot would need to address the localization prob-

lem [7], [8] which means knowing its current pose/location with respect

to its environment. The robot might need to have the ability to do place

recognition [9] to know the place it is in currently, perform autonomous
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navigation [10], �nding navigable collision free space [11], generating a

map of the environment the robot is operating in [12], address the problem

of simultaneous localization and mapping [13] and many more capabilities.

Although there are many computational tasks required of such a robot

operating in dynamic environments, one enabling capability is having the

robot to be able to know its current pose in this environment, and it is this

problem that is one of the major components of this thesis. Localization

of a robot in static environments with a known map is much easier [14],

than when the map is unknown and the environment is not static. Basic

localization approaches for known and unknown static environments can be

found in most texts on robots (e.g., [15]) and for properly conditioned robots

and sensors this problem can be considered solved. This thesis addresses a

more complex version of the problem of localization of a mobile robot in

a dynamic environment with a known 2D occupancy map with dynamic

obstacles with unknown trajectories.

Another major contribution of this thesis is the ability for a robot to

be able to follow a given person (the target) in complex dynamic environ-

ments under challenging situations. Basic person following behaviour under

controlled environments is addressed in [16]. Keeping track of the target

under challenging situation and following the target over long periods of

time remains an open problem. In this thesis we address this problem as

well. The robot follows a given target agent (human) and follows it un-

der varying illumination conditions, appearance changes, partial/complete

occlusions, etc. Two approaches are proposed to address this problem. A

convolutional neural networks (CNN) based approach and an Ada-boosting
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Figure 1.1: Pioneer 3AT robot mounted with a Point Grey Bumblebee
stereo camera.

based approach are developed.

In this thesis, we make use of a standard RGBD sensor (a stereo camera)

for environmental sensing and a commercial robot base for locomotion (see

Figure 1.1). This thesis concentrates on two critical issues when operating a

vehicle in a pre-mapped environment occupied with dynamic obstacles: lo-

calization and person following behaviour. Each of these topics is considered

in the thesis and discussed in detail.

We use stereo vision in our work as other sensors are error prone or are

limited by other factors. For example, shaft encoders are not too reliable

because wheels slip or lose contact with the ground and this leads to accu-

mulation of error over time leading to the problem of dead reckoning over

long distances [17]. Other sensors like sonar, radar, lasers could be inappro-
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priate in places like hospitals, schools, universities, hotels, etc. Additionally

these sensors might be deemed inappropriate due to reasons of concealment

or possible confusion with broadcasts of other robots nearby.

1.2 Thesis Outline

The thesis is divided into �ve chapters.

� Chapter 1 describes the motivation behind this thesis, and provides

an overview of relevant literature and background.

� Chapter 2 describes one of the approaches used for person following

robots using Selected Online Ada-Boosting, provides empirical evalua-

tion and results obtained from this approach. The material presented

in Chapter 2 is based on and extends the paper \Person Following

Robots using Selected Online Ada-Boosting with a Stereo Camera"

published in the 14th Conference on Computer and Robot Vision.

� Chapter 3 describes the second approach used for person following

robots using Convolutional Neural Networks (CNNs), provides empir-

ical evaluation and results obtained from this approach. The material

presented in Chapter 3 is based on and extends the paper \Integrat-

ing Stereo Vision with a CNN tracker for a person-following robot"

published in the 11th International Conference on Computer Vision

Systems.

� Chapter 4 describes the approach used for Indoor Robot Localization

in Dynamic Human environments using visual odometry and a global

4



pose re�nement technique. It provides an empirical analysis and shows

the results obtained from the work. The material presented in Chapter

4 is based on and extends the paper \Indoor Localization in Dynamic

Human Environments using Visual Odometry and Global Pose Re�ne-

ment" which has been accepted to be published in the15th Conference

on Computer and Robot Vision.

� Chapter 5 provides a conclusion to the thesis and provides some in-

teresting future work that can be done using the components proposed

in the thesis.

1.3 Literature Review

In this section we review existing relevant work in person following robots

and mobile robot localization.

1.3.1 Person Following Robots

Here we provide existing literature about person following robots. We divide

this section into real time trackers being used for person following robots,

provide some literature on object tracking approaches in general and provide

some relevant work on CNN-based trackers.

Real-Time Tracking

Person following robots have been researched as early as 1998 [18] where the

authors used basic color and contour information of the target for tracking.

In 1999, Ku et al. [19] attached a rectangular shape to the back of the

5



person as the interest region with a particular color. Their method could

solve the simple detection problem, but it did not provide any robustness.

In 1998, Piaggio et al. [20] started using optical 
ows for a person following

robot. Similar work was done in [21] and [22] as well. However, optical


ow has the restriction that the person and background must have di�erent

motions which is not always the case. In 2003, Beymer et al. [23] used wheel

odometry to subtract background motion and estimate the person location.

However this only works well on uniform surfaces. In 2003, Tarokh et al.

[24] used colour and shape of the person's clothes as features for detection.

Although their method improved the robustness over Ku et al. [19], they did

not consider situations when the target changes his/her appearance heavily.

In 2006, Yoshimi et al. [25] used feature points (edges or corner points)

detection and combined the pre-registered color and texture of the clothes.

This method provided good robustness when the person is making a turn

or walking in upright poses. In 2007, Calisi et al. [26] used a pre-trained

appearance model to detect and track the person. Their method could pro-

vide a good tracking result if they trained the model well enough with a lot

of data. However, dynamic environments are unpredictable, and the target

might change appearance from time to time. Similarly, in 2007, Chen et al.

[27] used sparse Lucas-Kanade features to track the target. But the features

could be lost if the person is turning, or changing appearance. Again in 2007,

Takemura et al. [28] used the H-S Histogram in hue-saturation-value (HSV)

color space, where HSV is robust to illumination since V (lightness) can be

considered separately. In 2009, Satake et al. [29] used depth templates and

SVM to train a human upper body classi�er to track the person. However,
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this method did not handle cases such as crossing, partial occlusion, etc. In

2010, Tarokh et al. [30] used HSV and controlled the light exposure to han-

dle light variations. An update was made in 2014 to improve the following

speed [31]. Some other fundamental feature tracking algorithms were also

used in later literature, e.g., SIFT feature based [32] in 2012, HOG feature

based [33] in 2013 and [34] in 2014, etc. In the latest work (2016), Koide et

al. [35] applied height and gait with appearance features for person tracking

and identi�cation, but height and gait are only limited to the target walking

in an upright position. The method is not robust when the target changes

its clothes or puts on a backpack ( [36] also has this problem).

People have been using various other sensors for person following robots

like laser based approaches [37], [38] and RGBD camera based approaches,

e.g., Kinect [39], [40]. Kinect has the drawback of only working indoors.

Laser based approaches might not be suitable for places like hospitals,

schools, or retail stores which might have a restriction on the usage of laser.

Object Tracking

Real-time object tracking is an important task for a person-following robot.

Many state of the art algorithms exist that can achieve high accuracy (ro-

bustness), e.g., MGbSA [41], CNN as features [42], Proposal Selection [43],

deep learning [44], Locally Orderless tracking [45], etc. However, these ap-

proaches do not target real-time performance. Some other works that focus

on computation speed include (Struck SVM with GPU) [46], (Structure pre-

serving) [47], (Online Discrimination Feature Selection) [48],(Online Ada-

Boosting) [2], etc. Recent work from Camplani et al. [4] (DS-KCF) used
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RGBD image sequences from a Kinect sensor to track objects under severe

occlusions and rank highly on the Princeton Tracking Benchmark [49] with

real-time performance (40fps). One of the earliest works using convolutional

neural networks (CNNs) for tracking appeared in 2010 by Fan et al. [50].

They considered tracking as a learning task by using spatial and temporal

features to estimate location and scale of the target. Hong et al. [51] used

a pre-trained CNN to generate features to train an SVM classi�er. Zhai et

al. [44] also used a pre-trained CNN, but added a Naive Bayes classi�er

after the last layer of the CNN. Zhang and Suganthan [52] used one single

convolutional layer with 50 4-by-4 �lters in the CNN structure. The network

was trained from scratch and updated every 5 frames. Gao et al. [42] used a

pre-trained CNN as a feature generator to enhance the ELDA Tracker [53].

Held et al. [54] proposed deep regression networks with which they were

able to track with high accuracy and their approach could run at 100 fps.

However their network had to be trained with huge amounts of data in order

to have a good performance.

CNN Using RGBD images

Training a CNN model with RGB and stereo depth images is another ap-

proach proposed for the person following behaviour. Previous work includes

using RGBD CNNs for object detection [55] and object recognition [56].

Couprie et al. [57] used RGBD images to train a single stream CNN clas-

si�er to handle semantic segmentation. Eitel et al. [56] trained RGB layers

and D layer separately in two CNN streams. These two streams were com-

bined in the fully connected layer.
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1.3.2 Robot Localization

Localization of mobile robots refers to the ability of the robot to know

its pose at any given time instance. Essentially this requires the robot to

answer the question,\Where am I?" . To answer this question, the robot

may rely on a variety of sensors, techniques such as wheel odometry using

shaft encoders [58], laser odometry using LIDAR [59], inertial navigation

systems using gyroscopes and accelerometers [60], visual odometry using

cameras [61], global positioning systems [62] and Sonar / Ultrasonic sensors

[63]. Each of these approaches have their own strengths and weaknesses. For

instance wheel odometry su�ers from accumulation of errors due to slippage,

lasers provide long range depth information but provide no visual context

about the scene and do not work with glass walls, cameras provide good

visual information about context but are not be able to provide long range

depth information, GPS does not work in indoor environments or its signal

might degrade in city environments. Often approaches rely on techniques

known as sensor fusion to leverage data from multiple devices and provide

an accurate estimate about the pose of the robot. One of the current state

of the art techniques for localization is based on a sensor fusion approach

using data from a 3D laser and monocular camera by Zhang and Singh

[14]. Their approach ranks at top of the KITTI visual odometry benchmark

[64]. Another interesting sensor fusion based localization technique is that

of Tsotsos et al. [65] where they used data from an IMU and monocular

camera and performed better than the current state of the art Systems.
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Their technique, when �rst presented, performed better than Google Tango1

visual odometry for smart phones.

In this section we focus primarily on localization using visual sensors

particularly stereo vision. The process of estimating ego-motion (translation

and orientation of an agent (e.g., vehicle, human, and robot)) by using only

the input of a single or multiple cameras attached to it is called Visual

Odometry [66]. The work of Aqel et al. [61] provides an overview on

the di�erent techniques for addressing localization using visual odometry.

The term visual odometry was �rst introduced by Nister et al. [67]. Nister

provided a basic approach to compute ego-motion of a vehicle based on stereo

and monocular images. The basic steps for estimating the motion are (i )

Match features between left and right images (ii ) Track features for a certain

number of frames and use RANSAC for outlier rejection to further re�ne

the pose, (iii ) Triangulate all new feature matches and repeat step(ii) a

number of times to estimate the pose. The concept of visual odometry (VO)

was also used in 1987 by Matthies and Shafer [68] where they used stereo

cameras to model errors during navigation. They perform stereo matching

and solve for motion estimation by �nding out the rotation and translation

matrix between each successive frame. Matthies and Shafer's work [68]

and Nister et al. [67] form the basis of most approaches of visual odometry

today. Most VO approaches today try to optimize these approaches in an

e�cient manner to produce optimal results. Visual odometry approaches are

primarily based on features, appearance or a combination of both feature

and appearance based. Howard's work [69] is one of the seminal works in

1https://developers.google.com/tango/
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the �eld of stereo visual odometry. Howard's approach makes a modi�cation

in the inlier detection stage during feature matching. They use the fact that

a pair of feature matches is consistent if the distances between two features

in frame a is identical to the distance between the corresponding features in

frame b. Any pair of matches for which this does not hold true are rejected.

By improving the quality of features being selected for motion estimation the

performance of the algorithm is greatly improved. Kitt et al. [70] used an

iterated sigma point Kalman Filter together with a RANSAC-based outlier

rejection approach to estimate ego motion of the vehicle. They bucketed

their features to extract information from most parts of the image. Feature

based approaches have been used by NASA on the Mars rovers in Maimone

et al. [71].

In 2007, Klein and Murray [72] presented a SLAM approach known

as PTAM (Parallel Tracking and Mapping) to create a map of the scene

and in parallel estimating the pose of the camera. They separated the

mapping and pose estimation techniques into two parallel threads one for

mapping and the other for tracking of features for pose estimation. They

were able to map and estimate motion of a hand-held camera with high

accuracy and speed. Following the approach of PTAM, Pire et al. [73]

proposed S-PTAM in which they overcame the limitations of the PTAM

approach. They used a stereo camera for doing localization and mapping

in seperate threads minimizing the inter-thread dependency. They used

binary features to describe visual point landmarks thereby reducing storage

requirements and improving speed. They also have a maintenance process

which iteratively re�nes the map. Other details and empirical results about
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SPTAM can be found in [74] where they compare their localization accuracy

to other Visual odometry based techniques like ORB SLAM 2 [75] and LSD-

SLAM [76].

Cvi�si�c and Petrovi�c [77] proposed a visual odometry technique SOFT

to estimate vehicle pose. They extract features in an intelligent manner

by carefully selecting features based on its age, strength, initial descriptor,

re�ned current position in image, etc. and track the reliable features. They

also use a 3 point RANSAC scheme fused with IMU Measurements to further

re�ne the pose. Geiger et al. [5] proposed the libviso SLAM algorithm to

compute the pose of the robot and construct 3d maps from high resolution

stereo images in real time. Their approach runs successfully on a CPU at 25

fps for the localization part and 3-4 fps for the map construction. Similar to

PTAM [72] they also separated localization and mapping into two di�erent

threads which does not limit the computation of the localization to be bottle-

necked by the costly mapping operation. Their approach takes as input a

pair of stereo images. For feature extraction they �rst pre-�lter their image

with a 5x5 blob and corner masks and then employ non-maximum and non-

minimal suppression on these �ltered images. When they get the feature

candidates, features are matched in a circular fashion. Starting from the

current left image, a match is searched in the previous left image, next

in the previous right image, next in the current right image and �nally

in the current left image again. All features that successfully match the

initial feature in current left image are retained as good features. They also

employ a bucketing technique which ensures features are extracted from

most parts of the image. The ego motion is estimated by minimizing the
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sum of re-projection errors and re�ning obtained velocity estimates by a

Kalman �lter. A RANSAC approach is used to estimate the inliers and

reject the outliers in the process of estimating the rotation and translation

matrices which describe the motion between each frame. We build on top

of this localization approach in this work by making some modi�cations

to their visual odometry approach and integrating wheel odometry and a

global re�nement based on the 
oor plan in our approach. Their approach

performs well on the KITTI Odometry benchmark and is able to handle

sparsely populated dynamic scenes quite well.

Localization has also been addressed using Place Recognition based tech-

niques as in [78] and [9]. Recently in 2017, Zhu [79] proposed an approach

GDVO (gradient dense visual odometry) for visual odometry using a stereo

camera. They extract features in the gradient domain which makes their

system robust to illumination changes. The main contribution of their ap-

proach was using a dual Jacobian based optimization which is integrated

with a multi-scale pyramid scheme while estimating the ego motion of the

vehicle. Their approach ranked as 2nd on the KITTI benchmark using vi-

sion only algorithms at the time of publication. Another interesting work

for estimating pose of the vehicle was proposed by Mur-Artal et al. [80]

which they termed as ORB-SLAM. They proposed a SLAM approach using

a monocular camera and used ORB features to estimate pose with high ac-

curacy. Engel et al. [76] proposed LSD-SLAM in which they estimate pose

accurately using direct image alignment and construct a pose graph of the

key-frames. Their approach is featureless and they track key-frames based

on image alignment and depth estimation techniques.
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Pink [81] and Pink et al. [82] proposed an approach to estimate the pose

of the vehicle by visually matching local features with a global feature map

obtained from geo-referenced aerial imagery. They matched lane markings in

the global map to local lane markings to estimate ego-motion of the vehicle.

Chu et al. [83] used a similar concept to estimate the pose of the vehicle by

using GPS measurements and a 2D city plan. They re�ne the position of

the GPS location and estimate the camera pose, based on detecting vertical

corner edges from a single image by mapping the cuboidal buildings to a 2D

city map with building outlines. For doing so they compute TICEP (Tilt-

Invariant Corner Edge Position) features by estimating vanishing points,

identifying vertical buildings' corner edges and normalizing the tilt angles.

After TICEP feature extraction, LOHs (location orientation hypothesis) are

used to choose the location that best geometrically corresponds between the

corners on the 2D map and extracted TICEP features. Our work also used

a similar re�nement stage to re�ne poses obtained from Visual Odometry

which we correct using information from the global map. We do re�nements

at points where we can do a geometric matching between the interest points

in our map to the image that the robot might see when its traversing a path

around that area.

In the context of indoor localization, Chu et al. [84] used 
oor plans to

address localization. They do matching of the video stream of the camera

to estimate the pose of the camera. They do piece-wise point cloud and

free space matching to align the geometric structure with the given 
oor

plan. Their localization technique is similar to that of a particle �lter based

localization approach [85] where initially all poses are equally likely and
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gradually weaker particles die out and the pose can be estimated with high

accuracy.

In 2002, Wang and and Thorpe [86] introduced the concept of detection

and tracking of moving objects in SLAM (Simultaneous Localization and

Mapping). They divide the map into stationary object map and moving ob-

ject map and do not consider the moving objects while map generation and

localization. They used laser scans obtained from the objects to segment out

moving objects. Yang and Wang [87] estimated ego motion of the vehicle in

highly dynamic environments using laser information. They were able to ad-

dresses the pose estimation problem even when more than 50% of the scene

was covered with the dynamic agent. They used a multi-model RANSAC

approach to classify the motion of the feature belonging to either static, un-

known or moving type. They did not employ any geometric features which

might sometimes not be reliable in urban settings. They also did not use

odometry information, only laser data. In 2016, Sun et al. [88] proposed a

localization technique for dynamic environments. Their approach was based

on a bayesian estimation process and used laser data and odometry informa-

tion. They addressed the localization problem by means of a particle �lter

integrated with a distance �lter and a scan matching approach which helps

them handle dynamic obstacles in the environment. They compared their

approach with the AMCL (Adaptive Monte Carlo Localization) technique

in the ROS framework [89]. They did not provide information about the

quality of the dataset nor about the dynamic nature of the environment.

However these approaches use a laser scanner which may not be permitted

in places like hospitals, schools, etc.
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1.4 Objective of the Work

The objective of the thesis can described below:

� Person Following Robot : To have a robot system equipped with

a stereo camera to follow a given target under challenging situations.

The robot should be able to follow the target in di�cult situations like

appearance changes, pose changes, illumination changes, following the

target even when the target is transiently out of the robot's camera

view. Two approaches are developed which are successfully able to

achieve this aim.

� Indoor Robot Localization in Dynamic Indoor Environments:

To have a visual system which allows the robot to localize in challeng-

ing dynamic environmwnts. We aim to provide a wrapper to tra-

ditional visual odometry algorithms, so they can use our proposed

approach and work with a higher accuracy in dynamic environments.

1.5 Signi�cance and Contributions

Today with the increasing trend of Arti�cial Intelligence, the world is build-

ing a lot of autonomous agents in the form of robots, autonomous cars,

autonomous driving assistants, drones, underwater robots, etc. We have

focused on the aspect of indoor robots in this thesis particulary robots that

are deployed among humans.

The outcome of this thesis is a system which enables a robot to follow

a given person under challenging situations and a system which enables
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an autonomous agent to localize in crowded spaces in an e�cient manner.

This has wide application today. Person following robots can be used as

autonomous carts in grocery stores [90], personal guides in hospitals, or

airports for autonomous suitcases [91]. It can also be used in hotels to

welcome guests and escort their luggage to their respective rooms, the robot

follows the person while the luggage is kept on top of the robot. This can be

used in hospitals for autonomous following behaviour to help hospital sta�

transport heavy objects, in corporate o�ces to transfer small objects from

one location to another, in factories to transfer equipment from one point

to another and many more such places. The localization approach proposed

in the thesis can be integrated with standard navigation approaches which

makes the applications of this thesis even wider.

In this thesis we propose three approaches for two key components in-

volved in navigation of robots. We propose a convolutional neural netowrk

based tracker and an online ada-boosting approach for person following

robots. We deployed this robot in the real world and showed that the robot

was able to successfully follow a given target under challenging situations.

We also present a localization framework which estimates the robots pose

using an approach which integrates wheel and visual odometry and further

uses a global re�nement stage to get rid of error accumulation. We tested

this component by deploying our robot in a university corridor and reported

empirical results in the thesis.

Parts of thesis have been published or will be published in the following

articles and conference papers:
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� B.X. Chen, R. Sahdev and J.K. Tsotsos, "Person Following Robot

using Selected online ada-boosting with stereo camera", in14th Con-

ference on Computer and Robot Vision (CRV), pp 48-55, IEEE, 2017.

(Best Robotics Paper Award.)

� B.X. Chen, R. Sahdev and J.K. Tsotsos, "Integrating Stereo vision

with a CNN tracker for a person-following robot", in International

Conference on Computer Vision Systems (ICVS), pp. 300-313, Springer,

2017. (Finalist for the Best Conference paper award.)

� R. Sahdev, B.X. Chen and J.K. Tsotsos, "Indoor Localization in Dy-

namic Human Environments using Visual Odometry and Global Pose

Re�nement ", in 15th Conference on Computer and Robot Vision

(CRV) , IEEE, 2018. (accepted to be published)
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Chapter 2

Person Following Robots

using Selected Online

Ada-Boosting
1

2.1 Introduction

Person following robots need a robust and real-time algorithm to solve the

tracking problem in a dynamic environment which may encounter unex-

pected circumstances; for example, the tracking target might be occluded

by other instances, the lighting condition in the scene might change rapidly,

and the target might change its pose dramatically (eg: squat down and pick

up something from the 
oor or removing a bag from the person (see Fig-

ure 2.1)). To the best of our knowledge this is the �rst work which can

1 this chapter is an extended version of the paper which appeared in 14th Conference
on Computer and Robot Vision in [1]
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Figure 2.1: Di�erent cases that our approach (Selected Online Ada-
Boosting) can handle. (a) picking bag. (b) wearing bag. (c) sitting. (d)
squatting. (e) illumination. (f) side facing. (g) partial occlusion. (h) com-
plete occlusion. (i) standing side-by-side with the same clothes. (j) front
crossing with the same clothes. (k), (j) appearance changed.
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handle situations when two people are wearing the same clothes and the

tracker can still track the correct target under partial and complete occlu-

sions; it can also deal with appearance changes, like removing a jacket, the

tracker still tracks the target (human) and not the jacket. Another chal-

lenge is maintaining a given distance from the robot to the target, a natural

consequence of following behaviour of the robot. The robot being used here

is the Pioneer 3AT robot as shown in Figure 1.1. The main contributions

of this chapter are as follows: (i ) a novel approach building on the Online

Ada-Boosting tracker, (ii ) a novel algorithm named Selected Online Ada-

Boosting which can run in real-time to follow a given target and is more

robust than the current state of the art (see Figure 2.1), (iii ) a novel stereo

dataset of di�erent indoor environments for person following. This chapter

is organized as follows. In Section 2.2, we describe our proposed approach

which modi�es the Online Ada-Boosing algorithm to make it more robust.

Section 2.3 describes the system design of the proposed approach. In Sec-

tion 2.4, we provide the experimental results of our approach and describe

the dataset. Finally, Section 2.5 concludes the chapter and provides possible

future work.

2.1.1 Depth Detection

In this work, we use depth to assist the tracking model for improving the

reliability. Yoon et al. [92] gained aid from depth information to improve the

computational speed and accuracy. Depth could also help with background

and foreground issues by eliminating the sudden depth changing pixels, e.g.,

occlusion. Doisy et al. [39] used the Kinect camera and a laser sensor to
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propose an algorithm which solves the person depth information for person

following.

Nowadays, there are many di�erent types of depth sensors in the market.

In the modern publications, researchers prefer RGB-D cameras, eg: Kinect

[40], ASUS xTion [36] and [92]. These cameras provide very good depth

information only if the robot is running indoor without strong sunlight.

Our approach uses a Point Grey Bumblebee 2 stereo camera which can be

used both indoors and outdoors. Laser sensors provide another approach

to detect depth [33] and [34]. But a laser sensor is expensive and often

not permitted in places like hospitals, universities, malls and other similar

places.

To obtain the depth information of each pixel in an image, we use a

stereo image based algorithm to compute the depth. Since focal length and

baseline are constants in a single stereo camera, we are only interested in

disparity [93].

2.1.2 Online Ada-Boosting (OAB) Tracker

Boosting algorithms have been used in many areas in machine learning and

computer vision ( [95], [96], [97], [98]). Boosting usually trains with o�ine

datasets. Online Ada-Boosting algorithm for tracking an object in real-time

has been described by Grabner et al. in [94] and [2]. To achieve real-time

tracking, Grabner et al. used Haar wavelet features to improve robustness

when appearance changes gradually, which was described by Wang et al. in

[99].

In OAB, the tracking target is assumed to be given in the �rst frame
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(a) (b) (c)

(d) (e) (f)

Figure 2.2: OAB updating process: (a) yellow box is the target region,
the red box is the search region. (b) is the next frame. (c) is searching and
evaluating the patches in the search region. (d) is the con�dence map of the
evaluation. (e) is the best matching with minimum error. (f) update the
classi�er with positive and negative patches. After (f) then go back to (a)
to search in the next frame. Similar to [94], [2]

(selected by human or detected by an o�-line detection algorithm). The

selected patch is used as a positive example to train the classi�er. Then

random patches are extracted from four regions (upper right, upper left,

bottom right, bottom left, see Figure 2.2(f)) in the search area as negative

examples. These random patches contain negative features, e.g., windows,

wall, furniture, etc. An initial classi�er is trained from these positive and

negative patches. In the second frame, the target is detected using the
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Figure 2.3: Proposed Approach: Tracking Module and the Control Module
24



classi�er. The patch in the search region with minimum error is the best

responding example. This patch is used as a positive example and the

surrounding random patches from the four regions as negative examples to

update the classi�er. The steps performed on the second frame are continued

on the subsequent frames (see Figure 2.2).

In order to achieve real-time boosting, OAB does not use all weak classi-

�ers to calculate a strong classi�er [2]. Instead, it selectsN weak classi�ers

from all M global weak classi�ers. In the following equations,H weak is the

set of all weak classi�ers,H selected is the set of selected weak classi�ers from

H weak , y is the prediction of boosting, and � n is the weight of each selected

classi�ers.

H weak = f hweak
1 ; :::; hweak

M g (2.1)

H selected = f hselected
1 ; :::; hselected

N g (2.2)

hselected
n = hweak

m (2.3)

y =
NX

n=1

� n � hselected
n (2.4)

� n in Equation 2.4 is calculated according to the error of selected weak

classi�er hselected
n .

2.2 Approach

To the best of our knowledge, this is the �rst work that introduces the

Online Ada-Boosting tracking algorithm (OAB) [2] for a person following

robot. On top of the OAB algorithm, we add a depth image as an additional
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tool to assist the Ada-Boosting approach. We call this new modi�cation as

Selected Online Ada-Boosting (SOAB).

2.2.1 Computing Depth From Stereo Images

Assuming that the cameras are parallel, have identical focal lengths identical

pixel aspect ratios and parallel axes and are separated by a distance,B along

the common x axes then the depth of each pixel can be easily calculated

from the following equation [100]:

Z =
fB

x l � xr
(2.5)

f is focal length. B is the baseline.x l and xr are the left and right image

coordinates.

2.2.2 Classi�er Initialization

[94] and [2] initialized the �rst frame with a human to draw the bounding

box. Here we present two ways to initialize the target to the tracker: user

de�ned and a pre-de�ned bounding box.

For the pre-de�ned case, a bounding box was placed in the center of the

image frame. The target has to walk into the bounding box at a particular

distance from the robot. If all these conditions are satis�ed, then the robot

starts to initialize the classi�er and follows the person. In our experiment,

we draw a bounding box at pixel coordinates (272, 19) with the width equal

to 100 pixels and the height as 390 pixels, and the default disparity is 200

(this is the initial disparity for the �rst frame).
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For the user de�ned case, we proceed as follows. Since the initial posi-

tion of the person is known, and the depth image is given by equation 2.5,

we can estimate the initial disparity of the person easily. Here we need to

overcome a big problem: the depth image is very noisy (see Figure 2.4(a)).

Let the initial patch be called I p. We sort the pixels in I p according to

their disparity value (Note: the larger the disparity, the closer the distance.

See equation (2.5)). Then we remove the disparities before 50th percentile

and remove the disparities after 75th percentile. After that, we compute

the mean of the remaining disparities as the initial depth. This method

works, because the body of our target will almost �ll the whole initial patch

from our experiments (see Figure 2.4(b)), and noisy disparities are typically

not be more than 25% in the initial patch. Removing 75% of the dispari-

ties will de�nitely give us a precise result. This was found experimentally

that retaining the disparities in this range gives best performance. We tried

di�erent numbers here and found that for our chosen stereo camera and dis-

parity estimation, 75% was an appropriate number. This would change with

change in choice of the disparity estimation algorithm and stereo camera.

In next subsection 2.2.3, we will discuss when to update the classi�er.

2.2.3 Selected Online Ada-Boosting (SOAB)

In this section, we will describe how to optimize OAB with given the depth

information on each pixel from Section 2.2.1. One of the weaknesses of the

OAB algorithm is that the target might not always maintain the same size

in the scene. The size of the target could be changed when it is occluded,

changing poses, or tracking improperly in the current frame (see Figure 2.1).
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