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Ability to learn human context in an environment could be one of the most desired fun-
damental abilities that a robot should possess when sharing workspaces with human co-
workers. Arguably, a robot with appropriate human context awareness could lead to a
better human robot interaction. This thesis addresses the problem of learning human
context in indoor environments by only looking at geometrics features of the environ-
ment. The novelty of this concept is, it does not require to observe real humans to learn
human context. Instead, it uses virtual human models and their relationships with the

environment to map hidden human affordances in 3D scenes.

The problem of affordance mapping is formulated as a multi label classification problem
with a binary classifier for each affordance type. The initial experiments proved that the
SVM classifier is ideally suited for affordance mapping. However, SVM classifier recorded
sub-optimum results when trained with imbalanced datasets. This imbalance occurs be-
cause in all 3D scenes in the dataset, the number of negative examples outnumbered
positive examples by a great margin. As a solution to this, a number of SVM learners that
are designed to tolerate class imbalance problem are tested for learning the affordance-
map. These algorithms showed some tolerance to moderate class imbalances, but failed to

perform well in some affordance types.

To mitigate these drawbacks, this thesis proposes the use of Structured SVM (S-SVM)
optimized for Fl-score. This approach defines the affordance-map building problems as a
structured learning problem and outputs the most optimum affordance-map for a given
set of features (3D-Images). In addition, S-SVM can be learned efficiently even on a
large extremely imbalanced dataset. Further, experimental results of the S-SVM method

outperformed previously used classifiers for mapping affordances.

Finally, this thesis presents two applications of the affordance-map. In the first applica-
tion, affordance-map is used by a mobile robot to actively search for computer monitors
in an office environment. The orientation and location information of humans models
inferred by the affordance-map is used in this application to predict probable locations of
computer monitors. The experimental results in a large office environment proved that the
affordance-map concept simplifies the search strategy of the robot. In the second applica-

tion, affordance-map is used for context aware path planning. In this application, human



v

context information of the affordance-map is used by a service robot to plan paths with

minimal distractions to office workers.
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Chapter 1

Introduction

1.1 Human Context

Human Robot Interaction (HRI), which is the study of interactions between humans and
robots, has gained significant attention over recent years. This is due to the fact that many
robotics applications require robots to work alongside humans in a safe and acceptable
manner, as opposed to conventional robotics where robots operate in isolation. Therefore,
it is believed that the ability of a robot to understand the human context in its surrounding

environment is of paramount importance for a better human-robot interaction.

In robotics, learning human context often involves tracking humans to learn their motion
patterns [3], human activity detection [4, 5] and modeling relationships between humans
and their surroundings [6]. Almost all of these techniques require robots to detect and track
humans for a considerable amount of time before being used to model human context. On
the other hand, detecting, tracking and activity detection of humans in a cluttered envi-
ronment are still largely open problems. Further, these tasks become more challenging and
complicated when robots have to accomplish them while moving in a socially acceptable
manner. Often these existing techniques require a considerable amount of re-engineering

when they are introduced into new environments.
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Ficure 1.1: A 3D living room scene

1.2 Affordances

Introduced by Gibson in 1977 [7] affordance theory defines the word “affordance” as all
action possibilities latent in the environment, objectively measurable and independent of
the individual’s ability to recognize them [1, 7, 8]. Affordance theory argues that action
possibilities are motivated by how the environment is arranged. For example, chairs and
sofas support the activity ‘sitting’ and they are physically designed to support that affor-
dance which encourages the actor for sitting. Therefore, we believe this strong relationship
between human context and environmental affordances could be used to learn human con-
text even when humans are not observable. The rationale here is that it is possible to
learn environmental affordances by only looking at geometric features of the environment
and this forms the basis for the concept called affordance-map which is introduced in this

thesis.

1.3 Motivation to Learn Hidden Human Context

The human context becomes ‘hidden’ when humans are not observed in a new environment.
For example, consider the living room scene shown in Fig. 1.1. The humans have an
amazing ability to look at the scene in Fig. 1.1 and infer the human context in the

environment.
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If someone asked you to place a TV on this environment, you would probably place it in
front of the sofas . For this you would imagine a few sitting humans and decide the final
position of the TV based on the pose of these imagined humans so most of them could view
the TV screen properly. If a service robot is required to locate the TV in this room, first
it could infer sitting humans on sofas using their geometric features, and then it could use
the human pose information to estimate the location of the TV. Such an approach would
considerably reduce the robot’s search space for the TV. This observation motivates us to
learn the hidden human context in 3D scenes using the concept,‘affordance-map’, which
involves mapping possible human affordances in 3D scenes though virtual human models.
This affordance-map learns the human context in a given environment without observing

any real humans and bypasses challenges associated with human detection.

As robots use grid based maps for localization, path planning and obstacle detection,
affordance-map could be used by a robot to improve the human robot interaction. There-
fore, service robots operating in indoor environments could largely benefit from learning
the hidden human context. For example, a domestic service robot could use the human
context information embedded in an affordance-map to arrange objects in a human pre-
ferred manner before humans arrive from work. Or, it could use pose information of
virtual human models embedded in an affordance-map to search and localize various ob-
jects. Even when humans are present in the environment, an affordance-map could be used
by a robot to carry out its task more efficiently. Firstly, it could use an affordance-map to
infer the possible human locations which could be used by the robot to efficiently detect
humans. Secondly, it could use information from the affordance-map to plan paths that
minimize interferences with humans. The affordance-map could even provide strong priors
for human activity detection when humans are partially observed or the views of them are

completely obstructed.

1.4 Objectives and Problem Statement

The main objective of this thesis is to build the affordance-map for a given 3D scene, which
later can be used to learn the human context of the environment. This affordance-map

consists of two sub-maps as shown in Fig. 1.2. First, it predicts virtual human skeleton
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models in locations that support the tested affordance as shown in Fig. 1.2(a). Then it
outputs a confidence value for each predicted skeleton that indicates how likely the skeleton

model is being supported by the surrounding environment as shown with a contour map

in Fig. 1.2(b).

Decision Function

0.02
0.01
0
-0.01
.‘ -0.02
-0.03
i -0.04
-0.05

300 350 400 450 500 550 600 650 700

(a) Virtual Skeleton Map (b) The contour map of affordance likelihoods

FIGURE 1.2: The affordance-map of a living room

The affordance-map building process can be formulated as a supervised learning problem.
Given a set of 3D pointcloud images {i1, ..., } C I and their associated affordance-map
A, the goal is to learn mapping g : I — A which can be later used to automatically build

an affordance-map in unseen pointclouds.

As some locations of the map could have multiple affordances-labels, mapping g : I —
A becomes a multi label classification problem. As affordance types are not mutually
exclusive, one way to simplify this problem is to divide each 3D image space into four
dimensional grid poses ( (x,y, z) location of the skeleton model and 6 orientation) and
build an independent binary classifier for each affordance type. Each binary classifier
predicts a binary label vector yr = (y1,.Yi..,yn) where y; € {+1,—1} for the feature
vector X = (21, ..., ), x; € RN™ calculated for each grid location of the 3D scene. The

label y; becomes +1 if that location supports the tested affordance and —1 if not.
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1.5 Contributions

This thesis presents the following four contributions to the field of indoor mobile robots.

e The affordance-map concept is proposed as a novel method for learning hidden hu-

man context in indoor environments using 3D pointcloud data.

This task is formulated as a multi-label binary classification problem which assigns
a binary label for each grid location of the map using 3D geometric features ob-
tained through virtual human models. The learned affordance-map consists of vir-
tual skeletons and affordance likelihood values mapped for each grid location of the

3D environment.

e Critically evaluation of existing solutions to the class imbalanced problem associated
with the Support Vector Machine (SVM) based learners when used for mapping

affordances.

As the number of negative examples in the dataset outnumbers positive examples by
a large margin, the dataset of the ground truth 3D scenes is considered to be highly
imbalanced. Consequently, initial tests on affordance mapping showed that the SVM
learners tend to provide sub optimum results when trained with highly imbalanced
data. As the first solution to the problem, a number of widely used SVM based algo-
rithms are experimentally analysed both quantitatively and qualitatively for learning
affordances. However, the experimental results proved that the results could be fur-
ther improved. Therefore, as final practical solutions for affordance learning and
class imbalanced problems, this thesis formulates the affordance mapping process as
a structured output learning problem that can be optimized on Fl-score. Exper-
imental results are presented to show the effectiveness of the proposed structured

output learning over existing methods for mapping affordances.
e The application of human context information embedded in the affordance-map for
active object search.

The active object search involves executing a series of sensing actions in order to

bring the object to the field of view of the sensor. Rather than using common
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object-object relationships to solve this problem, the proposed affordance-map based
approach uses human skeleton information embedded in the affordance map to model
human-object relationships to predict probable locations that give the best views of
the object. Then the derived robot-human-object relationships are used to build
an effective object search strategy. The effectiveness of the proposed approach is
experimentally verified using a mobile robot that actively searches for computer

monitors in an office environment.

e The application of human context information embedded in the affordance-map for

context-aware path planning.

In this application, context-aware path planning is defined as the path that minimizes
the interferences caused to the people working in an office cell. The challenge in
this task is to detect and avoid human working spaces which are considered to be
non-trivial for a moving robot to detect. Therefore, the major contribution of this
approach is using an affordance-map to assign social cost values implicitly without
directly identifying workspaces or real humans. To achieve this, human skeleton
informations and their class likelihood values are used to assign social cost value
to each grid location of the map. These social cost values represent the degree of
interference caused by a moving robot to humans. These cost maps are used to
develop a context-aware global path planning strategy by using the well known A*

algorithm.

1.6 Thesis Outline

This thesis consists of eight chapters.

Chapter 2 presents background materials required for understanding the affordance map-
ping concept. It first discusses previous research work that is closely related to the affor-
dance mapping. Then it briefly introduces various 3D map building algorithms. Finally,
it introduces various classifiers and defines various performances measures that are widely

used for measuring binary classification results.
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Chapter 3 formulates the affordance mapping as a binary classification problem and
applies the widely used binary classifiers namely Support Vector Machine (SVM) and Naive
Bayes classifier to build the affordance-map. It also introduces the skeleton features used
for mapping affordances and the experimental setup used for analyzing the performances
of the two classifiers. Finally, it presents experimental results of the two classifiers followed

by a discussion of limitations of the SVM and Naive Bayes classifier.

Chapter 4 address the class imbalance problem associated with SVM learners. The be-
haviors of a number of SVM based algorithms that are designed to handle class imbalance
problem are experimentally tested for learning affordances. The results of these experi-
ments are also presented in this chapter by recording F1-score for various class imbalances.
Finally, the limitations and applicability of these algorithms in learning the affordance-map

are also discussed.

Chapter 5 formulates the problem of mapping affordances in 3D scenes as a Structured
SVM (S-SVM) learning problem that can be optimized on Fl-score. First, the theories
behind this formulation are introduced. Then the performances of the S-SVM algorithm
for affordance learning are analyzed both quantitatively and qualitatively. Finally, the
advantages and limitations of the S-SVM algorithm for affordance learning are discussed

by comparing the results with other related algorithms.

Chapter 6 introduces an application of the affordance-map. It shows how the human
context embedded in the affordance-map can be used for active object search. In this
method, the human skeleton map which is derived from the affordance-map is used to
infer locations that give the best views of the searched object. To verify the proposed
algorithm, results of a mobile robotic active object search experiment, which is carried out

in a large office environment are also presented in this chapter.

Chapter 7 explains another possible application of the affordance-map. This chapter
presents a method that uses a human skeleton map to develop a context-aware robotic
path planning strategy. In this path planning method, a social cost map derived from the
skeleton map is added to the occupancy cost map to plan the shortest path with minimal
obstructions to humans. This method is tested in an office environment using the popular

A* algorithm.
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Chapter 8 concludes the thesis with a summary of the key findings and the contributions.

It also points to several interesting future research areas that could benefit from this thesis.

1.7 Publications

The work in this thesis has been previously presented in the following publications.

1. Lasitha Piyathilaka and Sarath Kodagoda. Affordance-map: A map for context-
aware path planning. In ACRA, Australasian Conference on Robotics and Automa-

tion 201/. ARAA, 2014

2. Lasitha Piyathilaka and Sarath Kodagoda. Active visual object search using affordance-
map in real world : A human-centric approach. In ICARCYV, The 13th International
Conference on Control, Automation, Robotics and Vision. IEEE, 2014

3. Lasitha Piyathilaka and Sarath Kodagoda. Learning hidden human conetext in 3d
office scenes by mapping affordances through virtual humans. Unmanned Systems,

2015

4. Lasitha Piyathilaka and Sarath Kodagoda. Gaussian mixture based hmm for human
daily activity recognition using 3d skeleton features. In Industrial Electronics and

Applications (ICIEA), 2013 8th IEEE Conference on, pages 567-572. IEEE, 2013

5. Lasitha Piyathilaka and Sarath Kodagoda. Human activity recognition for domestic

robots. In Field and Service Robotics Conference, pages 567-572. Springer, 2013



Chapter 2

Related Work and Background

2.1 Introduction

This chapter presents the background material required for the affordance mapping process
described in this thesis. It consists of two parts. The first part presents the closely related
work relevant for human context understanding and learning affordances. The second part
briefly introduces various classification methods and their frequently used performance

measures.

2.2 Related Work

2.2.1 Learning Human Context

Automatic recognition of human context in an environment is a well studied research
area with a large body of previous work. Most of this previous work relies on the fact
that humans need to be detected and their activities need to be identified in order to
successfully learn the human context in an environment. Therefore, most researchers have
focused their studies on solving problems associated with human tracking and human

activity detection.
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One such popular approach is learning human context by tracking human motion patterns
using various sensors installed in smart environments. These sensor networks include mo-
tion sensors, door sensors to detect human movements and sensors installed in equipment
and cupboards [11] [12]. The major challenge with such systems is the requirement of
large number of sensors and their adaptability to new environments. In addition, due to
the low resolution and discrete nature of the data gathering the low level human context

information could be missed.

Various researchers have also focused on the use of wearable sensors like gyros as a way
of continuous human and activity detection [13]. However, the use of wearable sensors
are too intrusive discouraging the applicability. Human context detection based on fixed
video cameras have been heavily exploited in computer vision research. This includes
human detection, tracking and human activity detection. However, in general, clutter
contributes to low detection accuracies [14]. In addition, video data can be obscured due
to lighting conditions, type of costumes and background colors. Further, video recordings

raise privacy issues in many scenarios.

Some researchers have also looked into the use of robotic systems for human activity
recognition so the human context can be learned. The main advantage is all sensors can
be mounted on the robot so it can do active sensing. In [15], audio-based human activity
recognition using a non-markovian ensemble voting technique is presented. Although some
of the human activities produce characteristic sounds from which the robot can infer activ-
ities, only some of the activities generate distinguishable sounds. Therefore, such a system
may only be used as a complement to the existing sensory systems. Recent advancements
in video game consoles have invented low cost RGB-D cameras like Microsoft Kinect”™,
These cameras provide a wealth of depth information that a normal video camera fails to
provide. In addition, RGB-D data from these sensors can be used to generate a skeleton
model of a human with semantic matching of body parts. These skeleton features have
been used by several researchers to detect humans and their activities [4, 5]. The other

main advantage of 3D sensing is location information of humans can be easily calculated.

However, learning human context by watching real humans could become problematic in

most scenarios. First, robots will have to observe humans for a considerable period of time
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before learning the human context in a new environment. On the other hand, many robots
are often required to operate in environments where real humans would not be observed
at all, but robots still need the human context information to carry out various tasks. A
good example of this is a situation where a service robot is required to arrange small items
in a house before humans arrive home from work. In this scenario, the robot needs human
context information to arrange objects in a human preferred manner and would have to

gather human context information without observing real humans.

Even though humans are visible, learning human context from them could become prob-
lematic in most scenarios. For example, learning human context could become challenging
when the human subject moves away from the sensory range or when the sensor inputs
become obscured. One way to fix this problem is to mount sensors on a mobile robot and
guide the robot towards humans. However, when the robot starts to move it could create
several other social issues. For example, the robot might interfere with the activity that
the human is performing or it could collide with the human if the possible motion path
of the human is blocked. The other major issue with observing real humans is privacy of
humans. It is no doubt that the presence of a robot inherently affects a human’s sense of
privacy [16]. Privacy relates to the right of an individual to decide what information about
himself or herself can be shared with others. Research in the field of human-computer in-
teraction has shown that the user should have sufficient level of awareness and control
of shared information in order to achieve widespread acceptance of new technologies [17].
Therefore, when sensors like cameras are used to learn human context privacy issues could

become paramount.

2.2.2 Human Context and Object Affordances

Because of problems associated with human detection and tracking researchers have tried
various other techniques that could be used for learning human context. One such popular
method, the concept of affordance has become a focus of attention within the cognitive
vision and robotics community lately. Psychologist James J. Gibson originally introduced
affordance in his 1977 article ‘The Theory of Affordances’ [7] and explored it more fully
in his book ‘The Ecological Approach to Visual Perception’ [18] in 1979. The Affordance
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theory states that the world is perceived not only in terms of object shapes and spatial
relationships but also in terms of object possibilities for action (afordances). In other terms,
perception drives actions. Therefore, it could be argued that human action possibilities
and thus the human context could be inferred by looking at the environmental properties.
Further in his book “The Ecological Approach to Visual Perception” he explains ‘sittable’

affordance as follows.

“ Different layouts afford different behaviors for different animals, and different
mechanical encounters. The human species in some cultures has the habit of
sitting as distinguished from kneeling or squatting. If a surface of support with
the four properties (horizontal, flat, extended and rigid) is also knee high above
the ground, it affords sitting on. We call it a seat in general, or a stool, bench,
chair, and so on, in particular. It may be natural like a ledge or artificial like
a couch. It may have various shapes, as long as its functional layout is that
of a seat. The color and texture of the surface are irrelevant. Knee high for a
child is not the same as knee-high for an adult, so the affordance is relative to
the size of the individual. But if a surface is horizontal, flat, extended, rigid,
and knee high relative to a perceiver, it can in fact be sat upon. If it can
be discriminated as having just these properties, it should look sit-on-able. If
it does, the affordance is perceived visually. If the surface properties are seen
relative to the body surfaces, the self, they constitute a seat and have meaning”

- Gibson 1977, The Ecological Approach to Visual Perception.

Motivated by these arguments in affordance theory, a few researchers have recently at-
tempted to learn action possibilities hidden in the environment by only looking at geo-

metric properties. These approaches bypass the need for human detection and tracking.

In [1], researchers use virtual human models to recognize objects that have ‘sittable’ af-
fordance without using common approaches such as 3D features for object recognition.
They use a human model with a sitting pose to calculate distance features to learn an
affordance model, which is modelled as a probability density. These affordance probabil-

ities are calculated for each 3D grid location of the room and the locations with highest
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FIGURE 2.1: Predictions results for ‘sittable’ locations in an office space by the algorithm
discussed in [1]

probabilities are classified as ’sittable’. The affordances model is trained on a synthetic
dataset with different ‘sittable’ furniture types. Although they achieved good recognition
accuracies with synthetic datasets, they failed to record good results when tested on a real

3D environment as shown in Fig. 2.1.

Although the results of [1] are encouraging, it has the following limitations when applied for
affordance mapping. First, the learning process is not discriminative. Therefore, it cannot
distinguish the difference between ‘sittable’ and 'non-sittable’ locations correctly. Because
of this, it would classify the locations with high prediction probability as ‘sittable’ in a
room where any ‘sittable’ locations are not observed. On the other hand, in this method
parameters of the training model are trained using furniture downloaded from a synthetic
dataset and their arrangements in real rooms are not considered. However in real world
scenarios, the distance features easily could be affected by nearby objects, walls and the
floor. Perhaps this could be the major reason for this algorithm recording high false

positive detections in real 3D scenes.

Recently, a few researchers introduced virtual humans models to learn human object re-
lationships (Affordances) in 3D scenes [19]. First, object human relationships are learned
from labeled objects. Then learned models are used to arrange objects in a human pre-
ferred manner in a synthetic environment. However, they assumed that the objects have

been detected first before modelling affordances and therefore cannot be used in a new
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monitor chairBack

FIGURE 2.2: A Human model inferred by the algorithm discussed in [2]. It is highly
influenced by the features of the monitor and its location is not supported by a chair.

3D room without object labels. As an extension for this research, in [2] researchers pro-
pose to use Infinite Factored Topic Model (IFTM) to model object human relationships
and use them to improve the object detection accuracy. They used hallucinated humans
to derive object human relationship features. However, object locations and locations of
human models are not initially known but learned jointly from environmental features
during the training process. However, the main intention of this method is to improve
3D object detection accuracy rather than correctly learning the correct location of the
human model. Therefore, locations of the human models inferred by this method might
not be optimum and heavily dependent on the presence of object types that were used for

training affordance models.

The affordance mapping process presented in this thesis differs from these existing algo-
rithms in three ways. Firstly, the proposed affordance learning process is formulated as a
multi-label binary classification problem. Therefore, unlike existing methods, it can cor-
rectly label each grid locations of the 3D scene either with a positive label or negative label
with a confidence value. Secondly, object human relationships are modelled implicitly and

are included as features in the training phase. Therefore the model is not required to
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detect objects or their labels to learn the affordance-map. Thirdly, this thesis proposes a
framework to build an affordance-map in a large room efficiently with multiple types of

affordances.

2.3 Types of Classifiers

This section briefly defines basic types of classifiers often used in machine learning. Classi-
fiers can be categorized in different ways but in this thesis the following types of classifiers

are frequently used. Hence a brief introduction is given for each of these classifier types.

2.3.1 Binary Classifier

The binary classifier is a classifier that divides a given set of examples into two classes
using a classification rule. In most practical binary classification problems, the two classes
are not symmetric. Some binary classification algorithms are effected by this class imbal-
ance and therefore class imbalances need be taken into consideration when designing the
classification rule. Logistic regression, Support vector machine, Relevance vector machine,
Perceptron, Naive Bayes classifier, k-nearest neighbors algorithm, Artificial neural network

and Decision tree learning are the most common types of binary classifiers.

2.3.2 Multi Class Classification

In multi class classification, a set of examples is divided among multiple classes. One
example can not be included in two or more classes and each example has only one class
label. Some of the multi class classification rules like Bayesian Networks [20] and Struc-
tured Output SVM [21] support multi class classification in their algorithms. However
all binary classifiers can be converted to multi-class classifiers by using methods such as

One-vs-Rest and One-vs-One [22].
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2.3.3 Multi Label Classification

In multi label classifications, multiple labels are assigned to each instance of the classifica-
tion problem. Therefore each instance could have multiple class labels. The most common
way to train a multi label classification problem is by independently training a binary
classifier for each label. Then these classifiers are combined and instances with positive

labels from each classifier are assigned with multiple labels.

2.4 Evaluation Measures

Evaluation measures play a major role in both assessing the classification performance
and training the classification model. The accuracy is the most commonly used measure
for these purposes. However, with imbalanced data, accuracy is not a proper measure
since the minority class has very little impact on the accuracy as compared to that of the
majority class [23]. For binary class problems, the information retrieval community has

defined following measures that can be obtained from the confusion matrix:

Condition Positive | Condition negative
Prediction Positive | TP FP
Prediction Negative | FN TN

TABLE 2.1: Contingency table for Binary Classification

Specificity or True negative rate (TNR)

TN
PC = ———— 2.1
SPe TN + FP 2.1)
Negative predictive value (NPV)
TN
NPV = ——— (2.2)

TN + FN
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Fall-out or false positive rate (FPR)

FP
PR = 751 23
False negative rate (FNR)
FN
FNE = o5+ 1p 39
Accuracy (ACC)
TP + TN
ACC = i (2.5)

TP+ TN + FP + FN

If only the performance of the positive class is considered, as in the case of mapping affor-
dances, two measures are important: True Positive Rate (TPR ) and Positive Predictive
Value (PPV ). True Positive Rate is defined as recall (R) in information retrieval which is

the percentage of retrieved instances that are relevant:

TP
PPV =R= ———— 2.
V== TP + FN (26)
Positive Predictive Value is defined as precision (P) which is the percentage that a retrieved

instant is relevant.

TP
TPR =P = TP+ FP (2.7)
F1-scores have been commonly used in tasks in which it is important to retrieve elements
belonging to a particular class correctly without including too many elements of other.
Therefore the Fl-score is widely used to evaluate binary classifiers. It is particularly
preferable over other performance measures for highly unbalanced classes. The F1-score is
the harmonic mean of the precision and recall and given by 2.8. Because of the F1- score

calculates the harmonic mean it tends to be closer to the smaller of the two. Therefore, a

high F1-measure value means that both recall and precision are high.

2% PxR
F18 = — 2.8
core PR (2.8)
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Basic Classifiers for Mapping

Affordances

3.1 Introduction

Binary classification forms the basis for the concept of affordance-map. Since affordance
labels are not mutually exclusive, affordance mapping can be categorized as a multi-label
classification problem. Given n number of feature vectors x; = (x1,....,Xy,,) for each grid
location of the k¥ 3D image, this classifier tries to assign n number of affordance label

vectors, a; = (ay, ....,a,) to n grid locations of the image.

One way to simplify this problem is to consider each affordance separately and learn
an independent set of classifiers. Then it becomes a binary classification problem and
can be defined as a function h that maps a single feature vector x at each grid location

g = {x4,yi, zi, 0;} of the image to a single label y € {—1,+1}.

h:X =Y (3.1)

There are two types of basic binary classifiers: generative classifiers and discriminative
classifiers. The generative model learns the joint probability P(y,x) for a given set of

x input data and their labels y , while the discriminative model learns the conditional

18
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probability P(y|x). Naive Bayes classifier is a popular generative classifier and Support
Vector Machine (SVM) is a widely used discriminative classifier. Both these classifiers
are capable of predicting class labels with prediction scores and therefore ideally suited
for building affordance-maps. In the case of SVM classifier, the prediction score denotes
the sign distance from the observation to the decision boundary, while the Naive Bayes

classifier directly outputs class posterior probability.

The purpose of this chapter is to analyse the applicability of SVM and Naive Bayes clas-
sifiers for mapping affordances. It first introduces the underlying theories behind these
two classifiers. Then features based on virtual human models are introduced. These fea-
tures model the relationships between the humans and the environment and defines the
underlying human context of the environment. These features are later used to learn the
parameters of the SVM and the Naive Bayes classifiers. Then experiments are carried
out on a dataset consisting of a number of 3D images captured in office and domestic
environments. Finally, experimental results are evaluated qualitatively and quantitatively

to select the best binary classifier for building the affordance-map.

3.2 Naive Bayes classifier

The naive Bayes classifier is a simple probabilistic classifier based on Bayes theorem with
strong independence assumptions. It is a simple technique for constructing classifiers that
assigns class labels to problem instances, represented as vectors of feature values. The naive
Bayes classifiers assumes that each particular feature in a x feature vector is independent
of any other feature, given the class label, C;. In other terms, it assumes that each
feature contributes independently to the probability of the class label, irrespective of any
possible correlations between individual features. The value of this assumption is that it
dramatically simplifies the representation of the conditional probability P(x|C%), and the
problem of estimating it from the training data. In fact, accurately estimating P(x|C})
typically requires many training examples. For example, for a binary classifier with n
number binary features would require the calculation of 2(n? — 1) number of probability

values to estimate P(x|C)). On the other hand, feature independence assumption in the
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naive Bayes approach reduces the required number of parameters to 2(n — 1), which can

be calculated with much lesser number of training examples.

Despite their oversimplified independent assumptions and naive design, naive Bayes clas-
sifiers have performed well in a number of real-world application domains [24, 25]. Fur-
thermore, naive Bayes classifier can deal with a large number of variables and large data

sets, and it is capable of handling both discrete and continuous attribute variables.

3.2.1 Probabilistic Approach

In fact, naive Bayes is a simplified conditional probability model. Given a problem instance

to be classified, represented by a feature vector x = (z1,...,x,), it assigns probabilities

P(Ck\xl,...,xn) (32)
for each k class label.

However, if the number of features n is large or the features are multidimensional then
modeling p(Ck|x) using probability tables becomes infeasible. Therefore, Bayes’ theorem

can be used to reformulate the above equations to make them more tractable as follows.

P(Cyx) =

. 3.3
p(x) 33
The above equation can also be expressed as follows using Bayes’ terminology.
i likelihood
posterior = PHOT X JIXCAN00 (3.4)

evidence

In classification, there is little interest on the denominator because it does not depend on

C and is effectively a constant and often termed the normalizing constant.

The numerator is equivalent to the joint probability model:
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p(Cr, 1, ..., Ty) (3.5)

which can be rewritten using the Chain rule of probability as shown in (3.6).

P(Cy,x1,...,xy) = P(Ck) P(x1,...,2,|Ck)
= P(Cy) P(x1|Ck) P(xa,...,x,|Cl,x1)
= P(Cy) P(x1|Ck) P(22|Ck, 1) p(x3,...,2n|Ck, x1, 22)
= P(C) P(x1|C) P(x2|Ck,x1) ...p(xn|Ck,x1, 22,23, ..., Tp—1)

(3.6)

Now the "naive” conditional independence assumptions can be used to extensively simplify
the equation (3.6) by assuming that each feature z; is conditionally independent of every

other feature x; for j # ¢, given the class label C'. This means that

P(2i|C,xj) = P(x|C)
P(x;|Ck, x5, x) = P(z4|Ch) (3.7)

P(xi‘Ck,xj,J;k,xl) = P(xl’Ck)

and so on, for ¢ # j, k,l. Thus, the joint model can be expressed as

P(Ck;|$1,. : 'axn) x P(Ckaxla--‘ wmn)

o P(Cy) p(21|Cy) P(22|Cy) P(x3|Cy) --- (3.8)

P(Cy) [T p(@ilCy)-
i=1

Finally, the above independence assumptions convert the conditional distribution over the

class variable C' into the following simplified form
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n

1
P(Cilay, ..., 2n) = —P(Ch) H1 P(;|Ck) (3.9)
1=
where the evidence Z = P(x) is a scaling factor that depends only on z1,...,z, and is a

constant if the values of the feature variables are known.

3.2.1.1 Classification Rule

The naive Bayes classifier combines the probability model derived in (3.9) with the decision
rule. The most common rule is to pick the hypothesis that is most probable; this is known
as the ‘maximum a posteriori’ or MAP decision rule. The corresponding Bayes classifier

is the function that assigns a class label § = C}, for k classes as follows.

n

gy = argmax P(C’k)HP(mi|Cj) (3.10)
C;€{Ch,....Ci} Pl

3.2.1.2 Parameter Estimation

The class prior P(C}) can be calculated by assuming equal probabilities for each class
(i.e., priors = 1 / (number of classes)) which is often called the ‘Uninformative Prior’. In
such cases, the decision rule given in (3.10) is unaffected by each class’ prior probability.
The other most common approach is estimating class’ prior probability from the train-
ing set (i.e., (prior for a given class) = (number of samples in the class) / (total number
of samples)). The feature distribution P(z;|C}) can be assumed from a common distri-
bution type or a nonparametric model can be generated from the training data. These
assumptions on distributions of features are called the ‘event model” of the Naive Bayes

classifier.

3.2.2 Gaussian naive Bayes

When features are continuous, often it is assumed that they are distributed according

to the Normal distribution. This is because parameters of a Normal distribution can
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be calculated easily from the training dataset. For example, suppose the training data
contain a continuous attribute, x;. Then to learn the Gaussian Naive Bayes model, first
the data is segmented by the class, and the mean and variance of x; in each class are
calculated. Let u. be the mean of the values in x; associated with each class Cy, and
let 02 be the variance of the values in ; associated with class c¢. Then, the likelihood
P(xz; = v|Cy, = ¢) of feature value v , can be computed by assigning v into the equation

for a Normal distribution parameterized by s and o2. That is,

1 7(”*#6)2
P(;I;l = U|Ck = c) = ¢ 202 (311)

\/271’0%
3.2.3 Flexible Naive Bayes

Although using a single Gaussian for density estimation is simple, most of the real-world
data distributions are not truly Gaussian. Therefore, researchers have also explored a
number of nonparametric density estimation methods. This has led to the introduction
of the Flexible Bayes learning algorithm which uses a nonparametric density estimation
technique but is similar to the Gaussian naive Bayes in all other respects. One such

popular nonparametric density estimation is Kernel Density Estimation (KDE).

In Gaussian Naive Bayes, the density of each continuous attribute is represented as
p(i|Cx) = g(x, e, 0) . In Kernel Density Estimation, the estimated density is averaged

over a large set of kernels as,

p(x; =v|Cp =c¢) = 1hzn; (U_Q: ) (3.12)

where K is the kernel, a non-negative function that integrates to one with mean zero,
h > 0 is a smoothing parameter called the ‘bandwidth’ and z! is tth training example
of the " feature. A range of kernel functions are commonly used: uniform, triangular,
biweight, triweight, Epanechnikov and normals. The normal kernel is used frequently due
to its simplicity in mathematical properties. In the case of normal kernel K = g(z,0,1)

and h = o.
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F1GURE 3.1: The effect of using a single Gaussian versus kernel method to estimate the
density of a continuous variable

The sufficient statistics for a normal distribution are mean p and variance ¢? . Hence
Gaussian Naive Bayes only has to store two parameters per each attribute but Flexible
Bayes must store every continuous attribute value it sees during training. Therefore suf-
ficient statistics for Flexible Bayes are the training instances themselves. On the other
hand, to classify unseen test data Naive Bayes only has to evaluate g once, but Flexible
Bayes must perform n evaluations, one per observed value of xj, in class Cj. This increases

computation time substantially.

Despite these complexities, Flexible Bayes has performed well in domains that violate the
normality assumption [25]. This can be understood by looking at a density distribution
which is not a normal distribution. For example, consider the distance features for the
joint 'Left Hip’ for the affordance class ‘sittable’ shown in Fig. 3.1. It is clear that these
features are not normally distributed and the normal density estimation does not represent
it. However, Kernel density estimation better represents the density histogram of the test
data and is smoother compared to the discreteness of the histogram. Therefore, KDE is a

better representation of the test data than its normal density estimation counterpart.

The only free parameter that needs to be calculated in KDE is its bandwidth A, which
exhibits a strong influence on the resulting estimate. The statistical literature presents

a number of rule of thumb heuristics for calculating bandwidth but makes implicit and
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explicit assumption of the density distribution that will be true in some distributions and

not in others [26, 27].

3.2.4 Support Vector Machine (SVM)

This section presents the fundamental theories behind the SVM classification.

Given a classification problem represented by a dataset {(x1,y1),(X2,%2), -, (Xn,¥Yn)},
where x; € RP represents a p dimensional data point and y; € {1, —1} represents the label
of the class of that data point, for ¢ = 1, ..., n, the objective of the SVM learning algorithm
is to find the optimal separating hyperplane which effectively separates data points into

two classes.

The data points x are first transformed into a higher dimensional feature space by a
non-linear mapping function ® to allow better separation of the classes. This separating

hyperplane residing in this transformed higher dimensional feature space is represented by

W B(x)+b=0 (3.13)

where () denotes the dot product and w the normal vector to the hyperplane. The
parameter % determines the offset of the hyperplane from the origin along the normal

vector.

When the training data are completely linearly separable, the separating hyperplane with
the maximum margin can be found by solving the following maximal margin optimization

problem:

N
a J—
rg (I?vf?){Q [[w |}

yi(w - ®(x3) —b) > 1 (3.14)

StVi=1,...,n
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However, in most real-world problems, the datasets are not completely linearly separable
even in higher dimensional feature spaces. If a hyperplane that can split the positive
and negative classes does not exist, then the modified version of the original SVM called
‘Soft Margin SVM’ can be used. This method chooses the hyperplane that splits the
examples as cleanly as possible, while still maximizing the distance to the nearest cleanly
split examples by introducing non-negative slack variables, &;, which measure the degree

of misclassification of the data x; [28].

Then the soft margin optimization problem can be reformulated as follows:

R U -
argglV%HWH +C;&
3.15
piw - O(x) — ) > 1— & (3:15)

st Yi=1,...,n

For misclassified examples, the slack variables become & > 0 and therefore the penalty
term ) ;" | & represents the amount of total misclassification (training errors) of the model.
As a result, the new objective function given in (3.15) has two objectives; firstly to maxi-
mize the margin and secondly to minimize the number of misclassifications or the penalty

term. The parameter C in (3.15) controls the trade-off between these two objectives.

The optimization problem given in (3.15) is a quadratic optimization problem and can be
easily solved by forming it as a Lagrangian optimization problem with the following dual

form.

n
1
Hg}X{E @i =5 Z iy yiy; P(xi) - P(x5)}
= 2y
. (3.16)
s.t. Zyiai:(), 0<o<C, i=1,...,n
=1

The Lagrange multipliers «; should satisfy the following Karush-Kuhn-Tucker (KKT)

conditions:
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ai(yiw-x;—b)—1+&)=0, i=1,...,n
(3.17)

(C—a)& =0, i=1,....n

The original SVM optimal hyperplane algorithm was a linear classifier. However, kernel
trick can be utilized to convert original SVM classifier to a non-linear classifier. The
resulting algorithm is similar, except that every dot product is replaced by a non-linear
kernel function which allows the algorithm to fit the maximum-margin hyperplane in a

transformed feature space.

By applying a kernel function, such that K(x;,x;) = ®(x;) - ®(x;) the dual otimization

problem given in (3.16) can be converted to the following form.

n

1
naax{ E o — B E Oéiajyz’yjK(Xian)}
toi=1 4J (3.18)

n
s.t. Zyiai:& 0<o<C, i=1,...,n
i=1

The above equation can be solved to find «; and the value for w can be obtained as follows.

w = Zaiyié(xi) (3.19)

The data points with non-zero «; are referred to as support vectors. Finally, the svm

decision rule can be obtained as follows.

f(@) = sign(}_ iy (xi, %)) +b) (3.20)

1
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FIGURE 3.2: Steps in learning and inference stages

3.2.5 Learning and Inference Process

Both SVM classifier and Naive Bayes classifier employ supervised learning techniques
which involve learning and inference stages. In the learning process, parameters of the
classification model are learned from a labeled dataset. Then learned parameters are used

to predict new affordance labels in new 3D scenes.

Fig. 3.2 summarizes the learning and inference process. Both learning and inference stages
first require to voxelise the 3D scene into grid locations as explained in section 3.2.6. Then
3D features are calculated for each and every grid location as explained in section 3.2.7.
These features and class labels from the dataset are later used to learn parameters of the

classification model. This process is explained in section 3.3.4.

In inference stage, skeleton models are moved across every grid location with all possible
orientations while calculating features for each and every grid location. These features
and learned parameters of the classification model are then used to predict labels for the

new 3D scene.

3.2.6 Voxelising 3D Scenes

The affordance map is a concatenation of classifier’s outputs for each (z,y, z, ) grid loca-
tion of the 3D scene. Therefore, the first step of the affordance mapping involves voxelising
the input 3D images into grid locations. This voxelising is done by dividing the input im-
age into 10 cm x 10 cm x 10 cm grids. The rotation € of each skeleton model is evaluated

at 0.1 rad resolution at each grid level. In order to limit the search space, the grid search
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along the z axis can be restricted as the human skeletons are always located close to the
ground plane. Therefore, the height to the Torso from the ground plane can be estimated
and the grid search along the z axis can be restricted to one grid level above and below the
torso position. Even with these simplifications, the search space for a 10m x 10m room

could extend up to 1,890,000 (100 x 100 x 3 x6 3) unique grid locations

3.2.7 Feature selection

The proposed affordance-map predicts virtual skeleton models with likelihood values for
each (z;,y;,0;) grid location of the 3D image. It is based on a binary classifier that predicts
positive labels to the locations that support the tested affordance and negative labels to the
locations that do not support the tested affordance. Therefore, the classifier’s performance
largely depends on the types of features used. These features should be highly informative

such that the classifier would be able to predict class labels correctly.

In this thesis, a new set of features based on virtual human skeleton models is proposed for
mapping affordances. These features directly model the relationship between the humans
and the environment. Following sections describe different types of skeleton models and

their associated features used by binary classifiers to build the affordance-map.

3.2.7.1 Virtual Human Skeleton Model

Instead of observing real humans in the environment, the proposed affordance mapping
process uses virtual humans to model interaction between the environment and the hu-
mans. Although many human poses could be observed in a given environment, very few
of them directly influence the context of the environment. For example, the most fre-
quently observed human pose in an office environment is sitting and working at an office
desk. Therefore, if the locations within the office room that support this affordance can

be identified then the human context of the environment can be inferred easily.

For the purpose of mapping affordances, human skeleton models are obtained from a
human activity detection dataset [29]. These human skeleton models are captured using

a depth camera from real humans while they perform different activities. The K-mean
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(a) Sitting-Relaxing (b) Standing-Working (c) Sitting-Working

F1GURE 3.3: Types of affordances and their associated skeleton models

clustering classifies all skeleton models into three clusters and the most frequently seen
pose in the each cluster is shown in the Fig .3.3. Each of these skeleton models are
associated with an affordance type that closely represents the type of activity that each

skeleton model exhibits.

Each human model is a skeleton with 15 joint body positions in 3D. In order to obtain fea-
ture vectors, these virtual skeleton models need to be transformed to each (x,y, z,0) pose
of the map. This can be done by moving the 3D points of the human skeleton, H; across
given environment using the rigid body transformations of translation and rotation. Then
each human skeleton model can be mapped to the coordinate system of the environment
using (3.21), where g = (zk, Yk, 2k, 0) is the position and orientation of the skeleton’s
torso in the world coordinate system and R,(0) is the rotational matrix about the z axis

(vertically up). It is to be noted that only rotation about the z axis is considered here.

Hoy(gk) = [2r, yk, 21]" + R2(0k).Hi (3.21)
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FI1GURE 3.4: Virtual human models sitting near a computer

3.2.7.2 Distance and Collision Features

The features model the relationship between the human skeletons and the environment.
This relationship is modeled through two geometric features; distance features and collision
features. Selection of these features are motivated by two facts. First is the proximity of
objects for effective interactions and the second is to prevent collisions with objects of the

environment.

The virtual humans and their interactions with the environment can be illustrated by the
example shown in Fig. 3.4. It can be seen from Fig. 3.4 that proper sitting of the virtual
human model can be described by placing the spine supporting the vertical part of the
chair while thighs supporting the horizontal part of the chair. Also the human model
should not go through any 3D point of the chair. Therefore, if each point of the chair is
converted in to a 3D distance field then each point of the virtual human model should lie

with a specific distance value from the chair.

The first step of feature extraction involves modeling the environment. The 3D point
clouds generated from RGBD SLAM algorithms [30] usually contain a large number of
3D points, and searching for a particular affordance in this large feature space is com-
putationally infeasible. Therefore, it is required to convert these dense point clouds into
much lighter abstract representations without losing much data. This is achieved by mod-
eling the environment with a 3D Distance Transform Map DT'(x) and a 3D Occupancy
Map OC(x), where x is any 3D position of the environment. The 3D Distance Transform

(DT) is a shape representation that indicates the minimum distance from a point in the
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environment to the closest occupied voxel. In this approach, the 3D Distance Transform
is calculated by using the occupied voxels of 3D point clouds, OC. The distance trans-
form map DT (x) of the occupancy grid map OC can be generated using an unsigned
distance function (3.22), that represents the Euclidean distance from each location x of
the environment to the nearest occupied voxel in OC(x).

DT (x) = OT%%LC‘O]‘ — x| (3.22)
J

The distance transform map given by the the equation (3.22) can be calculated very effi-

ciently, but yet can provide an informative representation of the dense input 3D pointcloud.

The distance features are obtained by moving the human model across the voxels in the
environment and calculating a distance measure for each and every skeleton points of the
human model. Once the environment is modelled by (3.22), we can effectively calculate
distance features of a human skeleton with location and orientation gi = (xg, Yk, 2k, Ok)

by (3.23), where n is the number of 3D points in the skeleton.

[d17 da, dn] = DT(Hw(gk)) (3'23)

Similarly, we can check for any collisions of a skeleton at any location and orientation, Xy,

by (3.24). In case of a collision ¢; is assigned as 1 and 0 otherwise.

(1, €2, o.cn] = OC(Hoy(g1)) (3.24)

3.2.7.3 Normal Features

The other set of features used for affordance detection is normal features. These normal
features represent vertical and horizontal planes of the environments. The selection of these
features is motivated by the fact that most of the affordances are supported by vertical

and horizontal planes. For example, ‘sitting’ affordance is supported by a horizontal plane
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FIGURE 3.5: Surface Normals calculated from point clouds

under the lap of a sitting skeleton and the spine of the skeleton is supported by a vertical

plane.

Given a geometric surface, it is usually trivial to infer the direction of the normal at a
certain point on the surface as the vector perpendicular to the surface in that point. How-
ever, since the point cloud data only contains data points, calculation of surface normals
involves two steps. First, surface meshing techniques are used to obtain the underlying
surface from the acquired point cloud data. Then surface normals are calculated from this

mesh. Fig. 3.5 shows surface normals calculated from a set of point-cloud data.

The normals features for the affordance detection are calculated as follows. First, a 1m x1m
x 1m cubic volume is considered from the torso position of a skeleton model at location,
(z,y,2,0). Then it is voxelised into 10cm x 10cm x 10cm voxels. Finally surface normal
values of points in each grid cell are averaged to find the normal features for each voxel.
Normal features alone could be highly sensitive to observation noise and could affect the
classification accuracy. However, averaging normal features over each grid location filters

out sensor noise and improves the classifier’s performance.

3.3 Experimental Setup

This section explains the experimental setup used for mapping affordances in 3D point-
clouds. The same experimental setup is used to evaluate the performances of the SVM

classifier and the Flexible Naive Bayes classifier.
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FIGURE 3.6: Sample rooms from the dataset

3.3.1 Dataset

Both the SVM and Flexible Naive Bayes classifier discussed in previous sections are super-
vised learning algorithms. Therefore, they need to be trained first before being used for
building an affordance-map in an unseen environment and require a number of 3D scenes
to learn parameters of the classification models. These 3D scenes need to be highly infor-
mative, as the performances of the proposed affordance detection algorithms depends on
the quality of the 3D scenes used for the training. Fortunately, the recent advancements in
RGBD Simultaneous Localization and Map Building (SLAM) algorithms [30] build highly
informative dense 3D scenes by stitching 3D point clouds frames acquired from low cost

3D depth cameras.

Although there are a number of publicly available 3D point cloud datasets [31, 32], most
of them are found to be unsuitable for afordance mapping due to the following reasons.
Firstly, 3D scenes in them are not dense enough throughout the environment as they
are intended for some other purposes such as object detection [31] or localizations [33].
Secondly, there is not a single dataset that supports all of the affordances tested in this
thesis. Therefore, a new dataset is created by capturing a number of dense 3D scenes using
an ASUS Xtion depth camera and a 3D map building software [30]. The final dataset
consists of 20 high quality 3D scenes captured in office and domestic environments. A few
snapshots of the 3D scenes from our dataset are shown in the Fig. 3.6. This dataset is

used for training affordances as well as for testing.
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FIGURE 3.7: For sitting-relaxing affordance, class labels are identified by manually mark-
ing possible areas of hip and leg locations of the skeleton models

3.3.2 Ground Truth Labels

The proposed affordance-map building process is a supervised learning problem, which
requires ground truth labels in order to learn parameters of the classifier. Therefore, all
possible locations in 3D images that support the tested affordances need to be identified
and labeled as the ground truth. This labeling process could be daunting if it was done
manually and therefore a semi autonomous process is employed for ground truth labeling.
This process assigns skeleton models to each and every grid location of the map and later
uses a filtering process to identify positive labels. For example, the hips and feet of the
‘sitting- relaxing’ skeleton need to be supported by horizontal surfaces and this restriction
can be used to automate the labeling process. First ‘sittable’ surfaces that support hip
joints of skeleton models are identified and manually labeled with rectangular boundaries as
shown in Fig. 3.7. Then the same process is carried out to mark the possible leg locations.
Finally, all skeletons with hips and feet inside the marked boundaries are filtered out as
the positive examples and all other skeletons are labeled as negative examples. The same

process is carried out to identify class label for other affordances as well.
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3.3.3 Balancing Class Imbalance

The labelling process explained above creates an imbalanced data set with an extremely
higher number of negative examples. This is due to the fact that the number of locations
that could support a particular affordance are very low when compared to the number of
unsupported locations of the room. This class imbalance with a higher number of negative
examples could become problematic for both the SVM and Naive Baye’s classifiers. For the
Flexible Naive Bayes classifier, computation burden of calculating likelihood of the negative
class becomes exponentially high as the Kernel Density Estimation (KDE) incorporates
all negative examples in its density function. This process becomes practically infeasible
in affordance mapping due to the large search space involved. Therefore, KDE for the
negative class likelihood is calculated using the K-mean clustering method proposed in
[34]. The number of clusters is set equal to the number of positive examples in the dataset
by artificially balancing the two classes. On the other hand, the SVM classifier has also
reported problems when trained with imbalanced datasets [35, 36]. Therefore, the SVM
training negative examples are randomly under-sampled without replacements until the

number of examples in the two classes are balanced.

3.3.4 Parameter Selection

Selecting the optimum parameters is important for both SVM and Flexible Bayes Classifier

in their training phases.

In the case of the SVM classifier, this involves selecting an appropriate suitable kernel and
soft margin parameter C. Out of different kernels tested on the validation set the linear
kernel reported the best results. The best value for the C is selected by grid search with
exponentially growing sequence of, C' € {275,273 ... 213 215} The C value with the best
cross-validation accuracy reported with the validation set is selected as the optimum C

value. Finally, the SVM is trained on the whole training set with the selected C' value.

In Flexible Naive Classifier, a suitable kernel and a correct bandwidth are the two main
parameters that need to be set. In this experiments, Gaussian Kernel is selected and the

bandwidth is set according to the rule of thumb method proposed in [37].



Chapter 3. Naive Bayes and SVM 37

3.4 Results

To evaluate the performances of SVM and Flexible Naive Bayes classifier, a series of
experiments are carried out. First, the data set is divided into three subsets ; training set,
validation set and testing set. The training set is used to train the model parameters and
the validation set is used to fine-tune the input parameters. Finally, trained classifiers are

tested on the testing set. This process reduces the possibility of over-fitting the classifiers.

The k-fold cross validation is carried out to report the performances of the two classifiers.
In k-fold cross validation, the dataset is divided into k folds and one of them is selected as
the testing set. Then the affordances are trained on the rest of the k — 1 folds and finally

tested on the previously left testing set.

In following sections, experiment results are analyzed using two methods: qualitative
analysis and quantitative analysis. In qualitative analysis results of the two classifiers are
compared with the ground-truth affordance map, and in quantitative analysis results are
compared against various performances measures. These analyses will be used to select

the most suitable classifier for mapping affordances in an unseen 3D pointcloud.

3.4.1 Qualitative Analysis

The qualitative analysis is done by selecting a 3D image for each affordance from the
dataset and comparing prediction results of the two classifiers. Both 2D affordance maps

and 3D skeleton maps are used for this purpose.

3.4.1.1 Sitting-Relaxing Affordance

The Fig. 3.8 shows the 3D and 2D views of the living room which is used to test the
Sitting-Relaxing Affordance. It consists of a sofa set, a coffee table in the middle and a
few other pieces of furniture around. The sittable area of the sofa set is marked with green

colored rectangles.
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Ground Truth

(a) 3D view of the living room (b) Plan view with ground truth skeleton locations
and their orientations

F1GURE 3.8: Test room for the Sitting-Relaxing Affordance. Best viewed in colour

The torso positions of the ground truth skeletons are marked with red circles and the small
blue colored lines denote their orientations. The ground truth skeletons of the room are

obtained by the method explained in section.3.3.2.
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(a) Flexible Naive Bayes (b) SVM Classifier

F1cure 3.9: Classification results of the Sitting-Relaxing Affordance

The classification results of the two classifiers are shown in the Fig. 3.9 where red circles
denote torso position of skeleton models with positive class predictions. The blue colored

stroke represents orientation of the each skeleton. In this plan view, only the skeleton
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model with the highest prediction weight along the Z axis and orientations, § € {0..27}

is shown for each (z,y) position of the map.

The flexible naive Bayes classifier has produced a large number of false positive predictions
particularly at the occupied spaces of the room. Although the Naive Bayes classifier has
performed well to discriminate the free spaces from the occupied spaces, it has failed
to discriminate ”Sittable” locations from other occupied spaces. This is mainly because
naive Bayes classifier is not a discriminative classifier and therefore it could not correctly
discriminate positive and negative classes. On the other hand, due to the higher number
of negative class samples a clustering method was used as explained in section 3.3.4 to
estimate kernel densities. Therefore, negative class likelihood is not properly represented.
This could have affected the naive Bayes classifier to predict higher number of false positive

predictions.

In contrast, the SVM classifier has predicted locations of the Sitting-Relaxing affordance
reasonably well. Particularly, it has predicted orientations of the skeleton models well.
However, a few false positive predictions can be seen in some locations especially at the

space between the two small sofas.
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(a) Flexible Naive Bayes (b) SVM Classifier

FIGURE 3.10: Decision Function values that indicate the confidence level of the predic-
tions
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The values of the decision function for each prediction of the two classifiers are shown in
the Fig. 3.10. Higher the decision function value, higher the confidence of the positive
class predictions. Therefore, the decision function can be used to rank the class predictions
according to the confidence level and is a good measure to analyse the quality of the results.
The decision function for the the Naive Bayes classifier is the log likelihood ratio of the

two classes given by the following equation.

H?:l p(Xi’C = 1)

F,(x) = log = (3.25)
[ p(x:|C = —1)
where x; € x is the it" feature vector.
The decision function for the SVM classifier becomes,
Fy(x)=w-®(x)+b (3.26)

In Fig. 3.10 the white bordered rectangular areas denote the sofa set. As predicted, SVM
decision function has produced better localized results, whereas the Naive Bayes Classifier
has produced high confidence values in most of the area of the room. However, the
SVM decision function has produced high confidence values outside the ‘sittable’ areas.
Therefore, the decision boundary needs to be fine tuned to improve the classification

accuracy.

(a) Flexible Naive Bayes (b) SVM Classifier

FI1GURE 3.11: Predicted 3D skeleton Map of the room
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The Fig. 3.11 shows the predicted 3D skeleton map by the two classifiers. For the sake
of clarity, only 20 randomly sampled skeletons are shown in Fig. 3.11. It is clear from
these results that the Flexible Naive Bayes classifier has performed poorly by predicting
skeletons in many non-sittable areas of the room, whereas, most of the skeletons predicted
by the SVM classifier are positioned on the sofa set. However, a fewer number of skeletons

predicted by the SVM classifier can be observed in non-sittable areas as well.

3.4.1.2 Sitting-Working Affordance

Ground Truth

350"

sl : -Sma‘ble area ‘

350 400 450 500 550 600 650

(a) 3D view of the office space (b) Plan view with ground truth skeleton locations
and their orientations

FIGURE 3.12: Test room for the Sitting-Working Affordance. Best viewed in colour

To analyse the quality of the prediction results of the sitting-working affordance, the office
space shown in Fig. 3.12 is used. The 3D view of this office room is shown in Fig. 3.12(a)
and the 2D plan view with the ground truth is shown in Fig. 3.12(b). The office area

consists of four office chairs as shown with green rectangle areas in the Fig. 3.12(b).

The classification results for the Sitting-Working affordance is shown in Fig. 3.13. Again,
the SVM classifier has performed slightly better than the Flexible Naive Bayes classifier.
Both of the classifiers have generated a number of false positive predictions. However, the
SVM classifier has generated a lesser number of false positives and most of its predictions
are located close to the chairs. The SVM classifier has predicted a higher number of false

positive predictions near the bottom left corner of the image. The careful observation of
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(a) Flexible Naive Bayes (b) SVM Classifier

Fi1GURE 3.13: Classification results of the Sitting-Working Affordance

this location revealed that there is a computer monitor on the table and pointcloud is not
complete in that location. The vertical surface of the computer monitor and horizontal
surface of the table resemble very similar features to a chair and that could have mislead

the classifier.
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(a) Flexible Naive Bayes (b) SVM Classifier

FIGURE 3.14: Decision Function values that indicate the confidence level of the predic-
tions

The predicted values for the decision functions given by (3.25) and (3.26) are shown as

contour maps in Fig. 3.14. The white colored rectangles in Fig. 3.14 represent chairs. As
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predicted, the SVM classifier’s decision function has produced high confidence values near
chairs whereas the Naive Bayes classifier’s decision function has produced high confidence

values in many areas of the room.

(a) Flexible Naive Bayes (b) SVM Classifier

FI1GURE 3.15: Predicted 3D skeleton Map of the room

Fig. 3.15 shows the predicted 3D skeleton map. Both classifiers have predicted 3D skele-
tons in many random locations. However, the SVM classifier has produced many skeletons

on chairs of the office room.

3.4.1.3 Standing-Working Affordance
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(a) 3D view of the workshop (b) Plan view with ground truth skeleton locations
and their orientations

F1GURE 3.16: Test room for the Standing-Working Affordance. Best viewed in colour
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To evaluate the performances of the standing-working affordance, the lab space shown in
the Fig. 3.16 is used. The Fig. 3.16(a) shows the 3D view of this lab space and the 2D
plan view with the ground truth is shown in the Fig. 3.16(b). The green rectangle areas

that can be seen in the Fig. 3.16 are lab workbenches.
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(a) Flexible Naive Bayes (b) SVM Classifier

Ficure 3.17: Classification results of the Standing-Working Affordance

The prediction results for the Standing-Working affordance is shown in Fig. 3.17. The
Flexible Naive Bayes classifier has produced a large number of false positive predictions and
they are distributed throughout the room. Although SVM classifier has generated many

false positives, they are located close to one of the workbenches and oriented towards it.

The decision functions values given by (3.25) and (3.26) are shown in the Fig. 3.18. The
white color rectangles in the Fig. 3.18 enclose the workbenches. Although the SVM
classifier has produced a higher number of false positives, it has assigned high confidence
values to the skeletons located close to the ground truth. This is encouraging and the
boundary of the decision rule need to be further fine tuned. However, the Flexible Naive
Bayes classifier has assigned high confidences to many locations throughout the room

generating a large number of false positives.

The Fig. 3.19 shows the predicted 3D skeleton map. It is clear from these results that the
SVM classifier has performed slightly better than the Naive Bayes classifier as all of the

predicted skeletons of the SVM classifier are oriented around the working bench.
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Decision Function Decision Function
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(a) Flexible Naive Bayes (b) SVM Classifier

F1GURE 3.18: Decision Function values that indicate the confidence level of the predic-
tions

(a) Flexible Naive Bayes (b) SVM Classifier

FiGURE 3.19: Predicted 3D skeleton Map of the room

3.4.2 Quantitative Analysis

This section presents the quantitative analysis of the results obtained by the K-fold cross
validation. It involves quantifying the cross validation results using four performance
measures: precision, recall, accuracy and F-measure. These measures are frequently used
to analyse the performances when the dataset is highly imbalanced. The objective of
this analysis is to select the best classifier for the affordance map building process. The

class label that gives the maximum decision function value along the Z axis is selected



Chapter 3. Naive Bayes and SVM 46

TABLE 3.1: Quantitative Analysis of SVM and Naive Baye’s Classifiers

Naive Bayes SVM
Affordance Prec* | Rec** | Fl-score | Acc™** | Prec* | Rec** | Fl-score | Acc***
Sitting-Relaxing 0.09 0.79 0.14 0.94 0.21 1.0 0.32 0.98
Sitting-Working 0.02 1.0 0.04 0.95 0.04 1.0 0.08 0.97
Standing-Working | 0.02 1.0 0.05 0.96 0.05 1.0 0.10 0.98

Pre* = Precision , Rec** = Recall , Acc*** = Accuracy

as the best prediction for each (z,y) location and orientation () of the map. For a
positively predicted skeleton, if there exists a ground truth skeleton at location (x,y) and
its orientation is within £+7/6 of the ground truth skeleton then that prediction is classified

as true positive.

The table 3.1 summarizes the quantitative results of the two classifiers. The SVM classifier
has performed better than the Flexible Naive Bayes classifier in precision, F1l-score and
accuracy. The classification accuracies of both the classifier are very high although other
performance measures are relatively very low. This is a clear indication that the dataset
is highly imbalanced and it is skewed towards the negative class. The two classifiers have
accurately predicted a large proportion of the negative class examples thus improving the
overall accuracy. However, both classifiers have predicted a large number of false positives
resulting in low precision values. High recall values and low precision values indicate that
both the classifiers have a bias towards the positive class. SVM classifier has performed
well with a high Fl-score in sitting-relaxing affordance. However, its performances in the

other two affordances are relatively low.

3.5 Discussion and Limitations

This chapter introduced SVM classifier and Naive Bayes classifier for affordance detection.
The quantitative and qualitative results indicate that the SVM classifier has better clas-
sification capability than the SVM classifier. In particular, this is clearly noticeable with

the ‘sitting-relaxing’ affordance.

Both classifiers have substantially improved the total classification accuracy although the

improvements in other performances such as Fl-score, recall and precision are relatively
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low. These performance measures indicate that each test room is highly imbalanced with
a higher number of negative examples than the number of positive examples. This is true
because in any environment there could be only a small number of grid locations that
support a particular affordance and the majority of the grid locations would not support
it. The high accuracies mean both classifiers have classified a large proportion of the

negative examples correctly with a high true-negative rate.

Both classifiers have also recorded high recall values and low precision values. This indi-
cates that the two classifiers are generating a higher number of false positive predictions.
That means many negative examples are classified as positive, and this is clearly visible
from the qualitative analysis results. This is mainly due to the under representation of
the negative class examples in the training phase. In the case of Flexible Naive Bayes
classifier, the negative class likelihood distribution can be improved by incorporating more
negative examples into the KDE model. However, as the number of examples is increased,
the computational complexity of the KDE model gets more demanding. This could be-
come problematic in the inference stage as the Kernel Density Estimation needs to be
performed in every grid location of the room. Therefore, such an approach is practically
infeasible in most cases. In addition, independent assumptions in the Naive Bayes clas-
sifier would not be valid for high dimensional data and that could affect the classifier’s
performances. Because of these reasons the performances of the Naive Bayes Classifier in

mapping affordances may not be further improved.

In the case of SVM classifier the separating hyperplane of two classes can be further
fine tuned by incorporating more examples from the negative class to the training phase.
This would improve the performances of the SVM classifier in affordance learning. High
negative examples in the training set give rise to a higher class imbalance ratio. However,
some previous research has concluded that SVM learners tends to provide sub-optimum
solutions when trained on highly imbalanced datasets [35, 36]. The next chapter explores
this issue and discusses effects of class imbalance on the affordance learning process. It

also introduces a few SVM based algorithms that can be learned with imbalanced datasets.



Chapter 4

Evaluation of SVM Learners for
Mapping Affordances with Highly

Imbalance Datasets

4.1 Introduction

In the previous chapter, SVM and Naive Bayes classifiers are introduced for mapping
affordances. The quantitative and qualitative experimental results of these two classifiers
demonstrated that the SVM classifier marginally outperformed the Naive Bayes classifier.
However, SVM classification results on affordance mapping are still not acceptable for a

real world robotic applications and therefore it needs to be further improved.

One logical way to improve the SVM learner is to add more examples to the training
stage, so the separating hyperplane of the two classes would be further fine tuned. As all
of the positive class examples are used to train the current SVM model, only the negative
class examples can be further added to the training set. However, this approach makes the
training set highly imbalanced with a higher number of negative examples than the number
of positive examples. Although SVMs often work effectively with balanced datasets, they
could produce suboptimal results with imbalanced datasets. More specifically, previous

research work has shown that an SVM classifier trained on an imbalanced dataset often
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TABLE 4.1: Summary of the class imbalances in the dataset

Positive Negative | Imabalance
Affordance ;i;xamples ﬁxarﬁples Ratio
Sitting-Relaxing 2457 1285326 1:523
Sitting-Working 213 2570439 1:12067
Standing-Working 391 1284935 1:3286

produces models which are biased towards the majority class and have low performance

on the minority class [35, 36].

This chapter explores the behavior of the SVM classifier for affordance learning with dif-
ferent class imbalances. First, it discusses the reasons why SVMs are sensitive to class
imbalances. Then it presents various data pre-processing and algorithmic techniques pro-
posed in previous literature to overcome the class imbalanced problem for SVMs. These
techniques are also tested for various imbalances to analyse their performances and limi-

tations.

4.2 Soft Margin Optimization with Class Imbalance

Table. 4.1 summarises the number of positive and negative examples found in the dataset
for each affordance type. It is clear from this data that all of the affordance types found
in the dataset have a higher number of negative examples than positive examples. The
sitting-working affordance has recorded the highest class imbalance. This is justified as
the sitting surface of an office chair is very small compared with the rest of the room. Any
affordance detection algorithm should be able to effectively handle these types of class
imbalances in order to effectively build an affordance map in a large room. However, a
few researchers have reported that an SVM classifier tend to produce sub-optimum results

when trained on highly imbalanced datasets [35, 36].

To understand the impact of the class imbalance on affordance detection, a few experiments
are carried out and the experimental results are shown below. In these experiments, K-fold
cross validation is done for different class imbalances. Then the classifiers are tested on
unseen 3D images and F1l-scores are recorded for each setting. The average F1-scores for

each affordance type in different class imbalances are shown in Fig. 4.1.
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FIGURE 4.1: The effect of class imbalance on the SVM classifier. K-fold cross validation
results with average Fl-score vs different class imbalances

According to the test results, it is clear that all three affordances have reported low F1-
scores initially (when the positive and negative classes are equally balanced) and these
have increased slightly before gradually dropping down again. This behaviour is clearly
visible with the sitting-working affordace and less visible with the standing-working af-
fordance. When more negative examples are added for training, the performances of the
SVM classifiers have gradually increased as can be seen with increasing F1-scores. This is
predicted because more negative examples mean the SVM classifier can discriminate the
difference between the positive examples and negative examples more effectively. However,
the performances of the SVM classifiers have degraded when the class imbalances become
extreme. When the class imbalances are too high, all Fl-scores have fallen to zero. That
means the classifiers have predicted all locations of the room with negative labels. Overall,

standing-working affordance has recorded low F1-scores.

The same phenomena can be seen in Fig.4.2. It shows the prediction results of the sitting-
relaxing affordance on the plan view of the test room. When the positive and negative
examples are balanced, the classifier has produced many false positives. As more and
more negative examples are added to the training data, the number of false positives has

decreased gradually, and the highest classification result is recorded at the class imbalance
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FIGURE 4.2: Prediction results for the Sitting-Relaxing Affordance with different positive
:negative class imbalance ratios

ratio of 1:32. The further increase of class imbalance ratio causes the classification results

to be degraded, resulting in more false-negative predictions, and finally the classifier has

labelled the entire room with negative labels.

This unexpected behavior is due to the movement of the separating hyperplane of the

SVM classifier toward the majority class and it can be understood by analysing the SVM

soft-margin optimization problem.
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1 -
arg (Yilvlil){guww + CZ&'}
) i1
(4.1)
yi(w- ®(x3) —b) > 1-¢

st Vi=1,...,n

The objective function of the standard SVM classifier shown in (4.1) has two terms. The
first part tries to maximize the margin while the second part attempts to minimize the
penalty associated with the misclassification. The regularization parameter C, which is a
constant, balances the trade-off between these two terms and can also be considered as
the defining factor of the misclassification cost. As both the positive and negative exam-
ples are assigned with the same misclassification cost (C'), the penalty term is minimized
when the misclassification cost of the training samples become minimized. However, for
an imbalanced dataset with a higher number of negative examples there could be more
negative examples even near the class boundary where the ideal hyperplane is passing
through. This influences the optimization problem, because in order to minimize the total
misclassification cost, the separating hyperplane could shift towards the minority class.
This undesirable shift can cause more false negative examples by impacting the perfor-
mances of the minority class. However, the total misclassification cost and the total error
would remain low due to the higher number of true negative examples. In cases like affor-
dance detection, where class imbalance is extreme, the SVM could easily produce a skewed

hyperplane which would classify all examples as negative.

4.3 Imbalance Leaning Methods for SVMs

As discussed in the previous section behaviour of the SVM classifier with imbalanced data
is undesirable. However in many domains training data sets are highly skewed and there-
fore researchers have tried a variety of techniques to learn SVM models with imbalanced
data. This section discusses a few widely used methods and their applicability for learning

affordances.
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The SVM classifier with imbalanced data can be categorized into two main classes as data

pre-processing methods and algorithmic modification methods.

4.3.1 Data pre-processing methods

In data pre-processing methods classifiers are trained on subsets of the original dataset
and try to minimize the effects of class imbalance by balancing the training example in
the subset. Most of these methods can be used in many classification algorithms that are
affected by class imbalance and are not limited only to the SVM algorithm. This section
introduces two such popular data preprocessing methods called re-sampling method and

ensemble learning method.

4.3.1.1 Re-sampling methods

Re-sampling methods attempt to correct the data imbalance by balancing the number of
training samples belonging to each class and training the SVM on the modified balanced
dataset. Many researchers have applied re-sampling methods to train SVMs with imbal-
anced datasets in different domains [36, 38-40]. These methods can be categorized as
random under/oversampling, focus under/oversampling and data generation methods like

SMOTE [39].

The basic SVM classifier presented in the previous chapter is based on random under
sampling. In random under sampling, examples from the majority class are randomly
selected and removed from the original dataset until the number of examples from both
classes are reasonably balanced. Consequently, under sampling readily gives a simple
method for adjusting the balance of the original dataset. However, as shown in section
4.2 under sampling throws away potentially informative examples from the majority class,
and it could affect the decision boundary of the SVM adversely resulting a higher number

of false positives.

While under sampling removes examples from the original dataset, random oversampling
appends examples of the minority class to the dataset by creating multiple copies of ex-

amples from the minority class. Although this method balances the class distributions,
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it also introduces its own set of problematic consequences. Firstly, adding more exam-
ples increases the size of the dataset and learning with an extremely imbalanced dataset
would not be feasible. On the other hand, randomly added new examples would not even
affect the decision boundary if most of the majority class examples reside near the de-
cision boundary. More specifically, random oversampling could lead to over-fitting since
oversampling simply appends replicated data to the original dataset. This will cause the
decision rule to become too specific and could worsen the classification performances on

unseen testing data even for a classifier with high training accuracy [41].

The data generation methods on the other hand create synthetic data from the minority
class in order to balance an imbalanced dataset. The synthetic minority oversampling
technique (SMOTE) is one of the data generation methods that has shown a great deal of
success in various applications [39]. The SMOTE algorithm creates artificial data around
the K-nearest neighbors of each data point of the minority class. However, experiments
in [42] have shown that SMOTE could adversely affect the decision boundary when ap-
plied to SVM classification. This is because SMOTE makes the strong assumption that
the instance between a positive class instance and its nearest neighbors is also positive.
However, along the decision boundary of the SVM, the nearest neighbor of a minority
class data point could be a data point from the majority class. When SMOTE is applied
to a such data point, it could replicate with many majority class data points and class

imbalance could be further increased.

In contrast to other sampling methods, focused sampling methods try to select the most
informative data points around the decision boundary and use them to balance the two
classes. In [43] researchers present an efficient focused sampling method specifically for
SVMs. First, the separating hyperplane is found by training an SVM model on the original
imbalanced dataset and using it to select the most informative examples lying around the
decision boundary. Then these selected examples are used to balance the dataset and
a new SVM model is trained on this new dataset. This method is more suited for the
affordance learning because all of the negative examples are not required for the SVM
learner and therefore the final classifier can be trained on more informative examples of

the original dataset.



Chapter 3. Imbalance data learners 55

Class Imbalance Test
0.45 T T T I 1
——— Sitting Relaxing
- © - Standing Working
-+ - Sitting Working

04r

0.35

o
w

F1 Score

o
N}
@

0.2

0.1
0

log2(Imbalance Ratio)

FI1GURE 4.3: SVM learning with focus re-sampling

Fig. 4.3 shows the performance of the SVM learner with focus re-sampling for different
class imbalances. Initially, Fl-score slightly increases as more and more negative class
examples are added to the SVM learner. This is clearly visible with the sitting-working
affordance. However, when the class imbalance increases, then the performances of the
SVM learners gradually degrade in all three affordances. This could be due to the two step
learning process used in focus re-sampling. When the dataset is extremely imbalanced, the
SVM classifier learned at the first step of the focus re-sampling method could be extremely
biased towards the majority class. These examples could lie far away from the optimum
separating hyperplane, and when the second classifier is learned, it still could have a bias
towards the majority class. However, focus re-sampling has shown some resistance to class
imbalance problem when the class imbalances are moderate when compared to the random
re-sampling method. Therefore, the focus re-sampling method can handle the problems

associated with SVM learners in imbalanced datasets to some extent.

4.3.2 Algorithmic Modifications

The methods discussed in the previous section modify the original imbalanced datasets

and apply them into the general SVM framework without modifying the SVM algorithm.
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However, SVM algorithm can be modified in order to handle class imbalance internally.
This section introduces a few such popular methods that were successfully applied to

handle the class imbalance problem associated with SVMs.

4.3.2.1 zSVM Algorithm

zVM is a another SVM imbalance training method proposed in [44]. In this method
first the standard SVM classifier is learnt on the original dataset. Then the bias of the
separating hyperplane towards the minority class (positive class) is removed by artificially
shifting the decision boundary toward the minority class. Theory behind this modification
can be understood by looking at the SVM decision function. The decision function of the

standard SVM classifier can be rewritten as shown below,

f(z) = Sign(z ;i K (x4, %;) + b)

7

. - (4.2)
= sign()_ o yi K (xi,%:) + Y a; y; K (xi,%:) +b)
i J

Where n; is the number of positive examples, ng is the number of negative examples and

a:r, «; are positive and negative coefficients of the support vectors. In the zZSVM method
positive coefficients af of the support vectors are multiplied by a small positive value z

as shown below.

f( ) = SZgn Z ok Za yi KK Xzaxz Za yj Xz,Xi) + b) (4.3)

%

This modification increases the weight of the positive support vectors by artificially mod-
ifying the bias of the original hyperplane. The optimum value for the z can be obtained

by testing on a validation set.
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F1GURE 4.4: SVM learning with z2SVM method

Fig. 4.4 shows the performance of the zZSVM method in different class imbalances. Al-
though it has shown a slight increase, in small class imbalances its performance has rapidly
dropped as the class imabalance increases. This could be due to selecting an incorrect value
for z parameter of the Eq. 4.3. In particular, the separating hyperplane of the zZSVM clas-
sifier is very sensitive to the z value and could easily get biased to one of the classes. On
the other hand, z value is chosen by testing on a validating set. Therefore, the value of
the z could easily over-fit to the validation set by degrading the classifier’s performances

on the testing set.

4.3.2.2 Different Cost Model

As explained in the previous section, the main reason for the inability of the soft margin
SVM to learn the separating hyperplane accurately when the dataset is imbalanced would
be that it assigns equal cost values for both the minority and majority class misclassifi-
cation in the penalty term. This would create a biased model with a hyperplane that is
skewed towards the minority class. The different cost model proposed in [45] has been
designed to mitigate this issue by assigning different penalty terms for two classes. By

assuming that the positive class is the minority class, misclassification cost of C* can be
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assigned for the positive class and C'~ cost can be assigned for the negative class in the

objective function of the soft margin SVM optimization equation as shown in (4.4).

1 n n
argmin{_|w*+C* 3 &+C7 Y &}
() ilyi=+1 ilyi=—1
4.4
yi(w- ®(x;) —b) > 1-¢; -

st Vi=1,...,n

The effect of the imbalanced data is minimized by assigning higher misclassification cost
for the positive class (i.e.,C*T > C'~ ) which eventually would fix the bias of the separating
hyperplane. Therefore the optimization would try to balance the total positive and total
negative cost values and the separating hyperplane would not skew towards the positive
class examples. The dual Lagrangian form of this modified objective function can be

represented as follows:

n
1
rr}lax{z ¥ 5 Zaiajyiyjk(xi “X;)}
b=l ij (4.5)
) .
s.t. ZyiaiZO, 0<aq <C7, 0<a; <C” i=1...,n
i=1

where oz;r and «; represent the Lagrangian multipliers of positive and negative examples,
respectively. The cost values C* and C'~ can be chosen by the rule of thumb method

proposed in [45].

ot _ Number of negative examples

i 4.6
Cc- Number of positive examples (4.6)
The behavior of the SVM learner in different class imbalances with different cost models
is shown in Fig. 4.5. Initially Fl-scores of all three affordances have gradually increased

as the class imbalance ratio increases. A steep increase is visible in the sitting-working
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F1GURE 4.5: SVM learning with different cost models. K-fold cross validation results

affordance and has resisted extreme class imbalances well. There is a marginal drop of F1-
score in the sitting-relaxing affordance when the class imbalance increases but overall it has
shown a steady performance. However, Fl-score of the standing-working affordance has
declined as the class imbalances become extreme but has not fallen to zero. Overall, the

different cost model has shown some consistent performances in different class imbalances.

4.4 Discussion and Limitations

Table 4.2 summarizes the results of the imbalance test. Focus re-sampling method, DCM-
SVM method and zSVM method have recorded better F1l-scores than the random sampling
methods in extreme class imbalances. However, it is hard to predict the behaviour of these
algorithms in different class imbalances. The observations obtained in the class imbalance

test have also revealed the following implementation difficulties.

The first difficulty is, how to select the best SVM algorithm for inferring affordances in a
new room. One option is to select the SVM algorithm that outputs the best Fl-score on a
validation set. According to the results of the imbalance test, the three affordances have

recorded their highest Fl-score in three different algorithms. If such a method was chosen
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TABLE 4.2: Imbalance Test Result Summary

Affordance Type | Highest F1-Score | Imabalance Ratio
Sitting-Relaxing 0.35 1:8
. Standing-Working 0.19 1:2
Random Sampling Sitting-Working 0.48 1:32
Sitting-Relaxing 0.35 1:2
. Standing-Working 0.23 1:4
Focus Sampling Sitting-Working 0.38 1:64
Sitting-Relaxing 0.36 1:8
Standing- Working 0.15 1:2
zSVM method Sitting-Working 0.37 1:2
Different Cost Model Slttlng—Relaxmg 0.34 1:4
(DCM-SVM) Standing-Working 0.14 1:2

Sitting-Working 0.52 1:1024

then three different SVM models that are trained on three different algorithms would be
selected for inferring affordances. However, it is difficult to generalize such an approach

to a large set of affordance types.

The second difficulty is to incorporate all training data into the training set. This is found
to be difficult because of the following reasons. Firstly, all the algorithms tested in the
imbalance test have recorded low performances when the class imbalances become extreme
although some of the algorithms have shown some resistance to moderate class imbalances.
Secondly, training becomes computationally difficult with a large set of examples as all
examples are considered for optimization. This was evident in the imbalanced test as the
training beyond 1:2048 imbalanced ratio was difficult due to computer memory limitation

(The test was done on a High Performance Cluster Computer with 16 GB memory).

On the other hand, except in the DCM-SVM method, class imbalance is not considered
in the SVM optimization problem. All these algorithms are first trained on the original
imabalanced dataset and then the separating hyperplane is shifted artificially to reduce the
effect of the class imbalance. In the case of DCM-SVM, the method of selecting the cost

model is rather arbitrary and therefore the calculated hyperplane could be sub-optimum.
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Because of these reasons SVM based algorithms discussed in this chapter are not satis-
factory enough for learning affordance. Particularly, their performances on the ’standing-
working’ accordance is comparably low. The next chapter addresses these shortcomings
and formulates the affordance learning as structured output learning which can be solved

using the Structured output SVM (S-SVM) algorithm.



Chapter 5

Structured SVM for Learning
Affordance Map

5.1 Introduction

The previous chapter discussed SVM learning in imbalanced datasets and its inability to
produce acceptable results when the class imbalance become severe. This is particularly
true for affordance learning where even in a single image class imbalance is high. Therefore,
when more images are added for training the class imbalance becomes extreme. As shown
in the previous chapter, even some algorithms that showed good results in some other
imbalanced datasets failed to provide acceptable results with affordance learning when the
class imbalance become extreme. On the other hand, learning the conventional SVM in a

large dataset with high dimensional data becomes practically infeasible.

However, similar class imbalances exist in some machine learning problems and the general-
ization of the conventional SVM for structured problems called Structured SVM (S-SVM)
has been applied successfully to learn discriminate models in extreme class imbalances
[35, 46]. Consider the example of binary text classification with the topic ‘machine learn-
ing’ and ‘other topics’. As in many other text classification tasks, in the dataset of this
problem there could be only less than 1% of documents with the topic ‘machine learn-

ing’. In these situations a performance measure like error-rate becomes meaningless as
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the classifier that classifies all documents as ’other’ already has a great error-rate which
is hard to beat in the optimization. To overcome this problem the information retrieval
community has designed other performance measures like Fl-score and precision/ recall

which are meaningful even when the datasets are imbalanced.

What does this mean for learning affordances in an imbalanced dataset? Instead of opti-
mizing the error rate during training, which is what conventional SVMs and most other
learning algorithms do, it seems like a natural choice to have the learning algorithm directly
optimize on performance measures like the Fl-score. This is why the binary classification
needs to be defined as a structured problem, since unlike error rate, F1-score is not a func-
tion of individual examples, but a function of a set of examples. For example, consider a
3D image with n number of grid locations with labels ¥ = (y1,...,yn), v € {—1,+1} and
a feature vector Xj, = (1, ....,xn), x; € R". Then for each predicted set of labels y; there
exist a Fl-score F(¥j,y)) with respect to the true labeling ¥, which can be optimized

directly in training. This structured problem can be learned efficiently using Structured

SVM (S-SVM).

The S-SVMs inherit the attractive features of conventional SVM namely a convex training
problem, flexibility in the choice of loss function, and the opportunity to learn nonlin-
ear rules via kernels. On the other hand it has the ability to build upon the underlying
structure of data like most generative models (e.g., Markov Random Field). However,
unlike generative models S-SVM does not assume feature independence and is a discrimi-
native training model. This features make the S-SVM a suitable candidate for affordance

learning.

The purpose of this chapter is to introduce the S-SVM algorithm for affordance learning.
It first formulates the affordance learning as a structured output problem by describing
required algorithms. Then results of the quantitative and qualitative test are presented to
evaluate its performances. As a contribution, this chapter formulates affordance mapping

as a structured SVM problem and its performances are experimentally evaluated.
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5.2 Affordance Learning with SVM Optimized for Perfor-

marmnce mneasures

Given a set of 3D pointcloud images {i1, ....,ix} C I and their associated affordance-map
Y, the goal is to learn mapping g : I — Y which can be later used to automatically build
an affordance-map in unseen pointclouds. The apparent solution to this problem is to
define a hypotheses h as a function that matches a single feature vector = at skeleton

location X1, = {x,y, 2,0} of each image to a single label y € {—1,+1},

hiX oY (5.1)

Learning this mapping function is non-trivial due to the challenges discussed in the pre-
vious section. Therefore, the following SVM algorithm that optimized on non-linear per-
formance measures are proposed to learn and infer the affordances. This can be done by

defining this learning problem as a multivariate prediction problem.

Once feature vectors Xk = (X1, ....,Xn) for each skeleton location g; = (x;,y;, 25, 0;) of the
3D pointcloud k and its associated label g = (y1,....,yn) are known the goal is to find a
new function h that maps a tuple X € X of n feature vectors to a tuple of 7, € Y of n

labels

h:X =Y (5.2)

where X = X x ... x X and Y C {—1,+1}" is the set of all possible label tuples. The

following discriminant function is used to implement the proposed multivariate mapping

B (%) = arg max{w” U(x;,, 7 )} (5.3)
y ey
where w is the parameter vector and V is the feature function which defines the relationship

between features, x with the output 4. The above function hy(X) returns the set of

labels § = (yll, ...... , y;L), which score high values according to the discriminant function,
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hy(X). Whether the argmaz in equation (5.3) can be efficiently calculated solely depends
on the structure of the feature function, W. If the feature function is defined as a linear

combination of labels and features as shown in (5.4) then (5.3) can be calculated efficiently.

U(Re, k) = > Ui (5.4)
=1

As the feature function given in (5.4) is linearly decomposable over gj/, the solution can
be calculated by maximizing § element wise. This makes the computation very fast and

efficient.

The major advantage of multivariate rule h for SVM optimization is that it allows the
inclusion of a loss function A that is based on a set of examples (F; score, Precision /

Recall) rather than optimizing on a single example-based loss function like error rate.

To train the discriminant h,, function the following generalization of the support vector

machine has been used.

Optimization Problem

1 ) m
min —||wl||* + C k
s gl + 03¢

St € >0,k (5:5)

WT[\II(ikagk) - ‘Ij(ikag/] > A(glvgk’) - gkia Vka \V/gl ey \ Yk

where A(7', 7x) is a loss function that decreases during training as the the predicted tuple
of outputs 7’ approaches the ground truth lable tuple, ;. This optimization is convex but
in contrast to the standard SVM the above optimization problem has an infeasibly large
number of constrains (number of training examples into each possible tuple of g € V),
which makes this optimization intractable. However, by using the sparse approximation
algorithm proposed by [47] the above optimization problem can be solved in a polynomial
time for many types of multivariate loss functions. This will be detailed in the next section.

The objective function that needs to be minimised (5.5), is a trade-off between the model
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complexity, || w ||, and the hinge loss relaxation of training loss, »_ {. Here C' > 0 is a

constant that controls this trade-off.

5.2.1 Efficient Learning Algorithm

The key question that needs to be solved at the learning phase is how can the optimization
problem in equation (5.5)be solved despite the large number of constraints? Since there is
a constraint for each possible tuple of § € ) in every single point cloud £ in the dataset,
simply enumerating all constraints and solving the quadratic problem in equation (5.5) is

practically impossible.

Algorithm 1: for training structural SVMs (margin-rescaling)

Input: S = (()_(1,2?1), ..... , ()_(k,:ljk)),c,é‘ ;

W w=0,& <+ forallk=1,....n;
repeat
for k=1,....,n do
§  argmaxy o {AF ) + w V(%5 5)} ;
if wlU(xp, o) — V(Xp, 9] < AW, k) — & — € then
W = WUAWT (W (e, Gi) — U(Xk, 5] > A, 5r) — &k}
(w,€)  argminG,, exq |l + SR, & st W
end
end
until;

W has not changed during iteration ;

return (w,§)

Therefore the cutting plane algorithm proposed by [47] has been used to iteratively train
parameters of the discriminant function (see algorithm 1). It iteratively builds a sub-set
of working constrains, W that is equivalent to the full set of constrains specified in (5.5)
up to the precision €. The algorithm first starts with an empty set of W and w = 0
iterates through the samples of the dataset. At each iteration, the algorithm finds the
most violated constraint (Line 5), i.e the constraint related to the label 7 that maximizes

AT, k) + WU (X, 7). If this constraint is violated by more than & (Line 6) then it is
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added to the the current working constraint set WV and new w is calculated by solving
the quadratic program over the new working constraint set, W (Line 6). Finally the
algorithm stops when no constraint of the optimization problem in (5.3) is violated more
than e. Therefore the solution obtained through the algorithm fulfills all constraints up
to the precision €, and the norm of w is not bigger than the norm of the exact solution.
Interestingly the proposed cutting plane algorithm always terminates in a polynomial
number of iterations as shown in [47]. It has also been shown that the refined version of
the algorithm terminated after adding most of O(Ce™!) constraints that are independent
of the size of the output space ) and the number of training examples. This makes the

proposed algorithm an attractive training solution to learn the affordance-map.

5.2.2 Maximization Step at Inference

Since complexity of the proposed structured SVM method largely depends on efficient
calculation of argmaxs in inference equation 5.3 and training algorithm 1, it is impor-
tant that these maximizations can be computed efficiently. At inference step we need to

compute,

h(Xy) = arg max{w” (x5, §
yey

)} (5.6)

By substituting feature function, (5.4) in (5.6) the following form of the inference equation

can be obtained.

n
hw(Xi) = arg max{wT Z yix;} (5.7)
yevy i=1
Since the feature function is linearly decomposable over single label, y; the above inference

equation can be converted to a simple form as shown below.

n
ha (X3) = arg H{aX{Z wlyx;} (5.8)
vey =i
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The argmax in equation (5.8) can be further decomposed into a single feature vector and
single label as follows, which makes structured SVM equivalent to the conventional SVM

prediction problem.

/

kY, = arg maX{WTy;XZ'}, Vy; € 17, (5.9)
yiEg/

As each label is a binary value with y; = {+1,—1} computing prediction becomes very

efficient with

B (%) = arg max{w! W (X, 7 )} = (sign(w.x1), ....... , sign(w.Xy,,)) (5.10)

¥ ey
Therefore, the linear feature function ¥ makes predictions very fast by considerably re-
ducing the size of the output space (Y) from 2" to n, where n is the number of different

grid locations in the map.

5.2.3 Maximization Step at Learning

However, computing the loss-augmented argmax (Line 6 , Algorithm 1) that is required
for training is more complicated and depends on the type of loss function used. Therefore,

maximization step at training needs a sophisticated algorithm that allows efficient training.

The step that calculates the most violated constraint in algorithm 1 needs to complete the

following maximization step shown in equation (5.11).

g agmax{ A7) + w (%7 )} (5.11)

yey
If the loss function A(Y',Jx) is linear in i (Eg : Hamming Loss) then the solution for
(5.11) can be computed by maximizing § element wise. However, linear loss functions
like, hamming loss cannot handle the label bias problem associated with highly unbalanced

classes as discussed in Chapter 4. To overcome this problem, it seems like a natural choice
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to directly optimize for performance measures like £} score which is the harmonic mean of
precision and recall. This can be done in the structural SVM framework by incorporating a
loss function based on the contingency table at the maximization step (Line 6) of algorithm

1.

5.2.3.1 Loss Function Based on Contingency Table

When the loss function becomes non-linear in § , computation of the argmaz in Eq. (5.11)
is difficult because an exhaustive search over all possible (y)  is infeasible. However, the
computation of the argmax can be categorized over all possible contingency tables so each
sub-problem can be solved efficiently. The contingency table for a binary classification is

shown in Table 5.1, where a is the number of true positives, b is the number of false

positives, ¢ is the number of false negatives and d is the number of true negatives.

y=1| y=-1
h(x)=1 | a b
h(x)=-1| ¢ d

TABLE 5.1: Contingency table for Binary Classification

It can be observed that there are only order O(n?) of different contingency tables for a
binary classification problem with n samples. Therefore, if the loss function A(a,b, ¢, d) is
computed from the Table 5.1 then the loss function can only have at most O(n?) different

values.

With the Loss function A(a,b, ¢, d), argmax for calculating the most violated constraint

can be redefined as in (5.12) .

J < argmax{A(a,b,c,d) +w V(x5 )} (5.12)

yey
Although computation of argmaz in (5.12) is exhaustive, it can be simplified by stratifying
search space of ) over different contingency tables. Algorithm 2 details this process. For
each contingency table (a, b, c,d), it calculates argmax over all J,p.q which is a subset of

§ that correspond to the selected contingency table.
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’

)} (5.13)

Yabed = TG fnaX{WT\I/(ika Y

:'j/ 6J}abcd
n
Jabed = argmax{w’ » " y;x;} (5.14)
gleyabcd =1

As in the inference function, the equation in (5.14) is linear in i . Therefore the solution
can be obtained by maximizing § element wise. The maximum value of the object function
for a particular contingency table is achieved when the a positive examples with the largest
value of (w!'x;) are classified as positive and the d negative examples with the lowest value
of (wl'x;) are classified as negative. Finally, overall argmaz can be found by maximizing

over each of these maxima plus their loss function value.

Algorithm 2: for training structural SVMs (margin-rescaling)

Input: X = (X1, s Xp), ¥ = (Y1, --Yn), and Y ;
(if, ....,iipos) «——sort{i:y; =1} by wlix;;
(s ey Byeg) ¢ sort{ity; = =1} by w'x; ;
for a € [0, ...., #pos| do
c <— Fpos—a;
Set Yp, vuns ,y;g to 1 AND set y;§+1, ..... ,yipos to —1;
for d € [0, ...., #neg| do
b <+— H#Hpos—d;
set y;?, ..... ,y;? to 1 AND set y;gﬂ, ..... ,y;% y to —1;
v Aabe,d) +wT S yx;
if v is the largest so far then
7 — (W15 Un)
end
end
end
return y*
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5.2.4 Experiments

This section explains implementation details of the affordance map building process using
the structured SVM. The algorithms explained in previous sections can be easily incor-
porated into the publicly available SV M4t [21] implementation which is a common
framework to predict multivariate or structured outputs. It needs the definitions of the

following four functions.

The first is the feature function defined by (5.4).

(XK, Yk) (5.15)

The second is the loss function,

NG Gr) (5.16)

which the contingency table based loss function described in section. 5.2.3.1.
The third is a function that calculates the most violated constraint in the algorithm 1
arg max{A (Y, gi) +w' (3., )} (5.17)
y ey
The algorithm 2 is proposed to obtain the solution for (5.17).
Finally the SV M$"““t requires the inference function,
arg max{w’ U (%, 7 )} (5.18)
§ ey

to predict the affordance map for a new image.
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The Behavior of F1-score in S-SVM Training Process
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F1GURE 5.1: The Fl-score improves at each iteration of the S-SVM training process

5.3 Training

Structured output SVM is a supervised training algorithm and therefore it needs to be
trained before inferring the affordance-map in a new environment. First the feature set is
calculated for each image of the training dataset, and algorithm 1 is used to calculate the
weight vector, w. Finally, the inference function given in Eq. 5.18 is used to predict the

affordance map in a new 3D image.

The main advantage of using structured output SVM training for affordance detection is,
parameter estimation can be directly optimized on performance measures like F1-score,
which are not affected by class imbalance problem. Fig. 5.1 shows the behavior of the
F1-score over each iteration of the training process. The F1-score of sitting-relaxing affor-
dance quickly improves and the F1-scores of the other two affordances have relatively slow
improvements. This indicates the complexity of the training process associated with each
affordance type. Fig. 5.1 also suggests that Sitting-Relaxing affordance is easy to learn

when compared to other two affordances as its Fl-score improves quickly.

As each iteration of the proposed structured output SVM algorithm improves the F1 score,

the trained parameters could easily over-fit to the training data. This could degrade the
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performances on a previously unseen input image. However, over-fitting problem can be
easily avoided by using a validation set. The optimum set of parameters for the structured
SVM training is selected by recording the parameter set for each iteration of the training
set and later testing them on a validation set. The parameter set that gives the best

classification results on the validation set is used in inference.

5.4 Experimental Results

This section presents the experimental results of the affordance mapping process based
on the structured SVM algorithm. The k-fold cross validation is carried out to test and
report the results. The classification results of the Structured output SVM (S-SVM) are
compared with the methods discussed in the Chapter 4, which previously reported good

performances in the imbalanced dataset.

In the following sections, experimental results are presented using qualitative and quanti-
tative methods. The same framework used to report the results of the Naive Bayes and

SVM classifier in Chapter 3 is used for this purpose.

5.4.1 Qualitative Analysis

The same qualitative method described in Chapter 3 is used to compare the results between
the S-SVM and the algorithms described in Chapter 4. It involves testing prediction results
of the three affordances on a set of pre-selected 3D images. Both 2D affordance maps and

3D skeleton maps are used for this purpose.

5.4.1.1 Sitting-Relaxing Affordance

Fig. 5.2 shows the 3D view of a room and its ground truth skeleton locations of the room
used to test the affordance ‘Sitting-relaxing’. It is the same room used in experiments
explained in Chapter 3. The predicted results of the S-SVM method are compared with
the results of the zSVM method that previously recorded the highest Fl-score for the

Sitting-Relaxing affordance.
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(a) 3D view of the living room (b) Plan view with ground truth skeleton locations
and their orientations

FI1GURE 5.2: Test room for the Sitting-Relaxing Affordance. Best viewed in colour

Fig.5.3 shows the prediction results of the ‘Sitting-Relaxing’ affordance and Fig. 5.3(a)
shows the prediction results of Structured Output SVM (S-SVM) and Fig. 5.3(b) shows
the prediction results for the zZSVM Model. Both these classifier have resulted in better
predictions and the S-SVM has performed slightly better than the zSVM method. This
is clearly visible from the prediction results on the armchair towards the right-side of the
room. On this armchair zZSVM has only predicted one skeleton location while S-SVM has

predicted several skeletons with a slightly better representation of the ground-truth.

Fig. 5.4 shows the decision function for the S-SVM classifier and the zZSVM classifier.
It is clear from these results that the S-SVM decision function has better distribution
of confidence values in positively predicted locations than the zSVM decision function.
Specially, this can be observed near the long sofa towards the top-middle of the room. In
this location, the S-SVM decision function has placed high confidence values throughout
the sittable area of the sofa, whereas the zZSVM decision function has shown a bias towards

one of the corners of the sofa.

Fig. 5.5 shows the skeleton map for the affordance type Sitting-Relaxing. It is clear that
the S-SVM classifier has predicted 3D skeletons more accurately than the z-SVM classifier.
All the skeletons predicted by the S-SVM classifier are placed on the sofa set with correct

orientation but the zSVM method has predicted few skeleton in locations other than the
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F1GURE 5.3: Classification results of the Sitting-Relaxing Affordance
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FI1GURE 5.4: Decision Function values that indicate the confidence level of the predictions

sofa. Further few of the skeletons predicted by zSVM on the sofa do not seems to be

correctly oriented.

5.4.1.2 Sitting-Working Affordance

The 3D view and 2D plan view of the office space used to test the ‘sitting-working’ affor-

dance is shown in Fig. 5.6. It has four office chairs as shown with green rectangle areas. For
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(a) S-SVM Classifier (b) zSVM Classifier

FIGURE 5.5: 3D skeleton map for the Sitting-Relaxing affordance

the comparison of the results in the Sitting-Working affordance, the DCM-SVM method,

which recorded the highest F1-score in the imbalance test, is used.
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(a) 3D view of the office space (b) Plan view with ground truth skeleton locations
and their orientations

FIGURE 5.6: Test room for the Sitting-Working Affordance. Best viewed in colour

The prediction results of the ‘sitting-working’ affordance are shown in Fig. 5.7. It is clear
that both the S-SVM classifier and D-SVM classifier have predicted similar classification
results. The two classifier have accurately predicted ‘sitting-working’ affordance on three

chairs out of four chairs in the room but have failed to identify ‘sitting-working’ affordance
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on the chair towards the top-left of the room. Also, one of skeletons predicted by the S-
SVM classifier on the chair at the bottom-right of the room has oriented towards the back

side of the chair.

Predictions Predictions
T 350 T T

|
650 Sltta‘ble Area ‘

350 400 450 500 550 600 650

(a) S-SVM Classifier (b) DCM-SVM Classifier

FIGURE 5.7: Classification results of the Sitting-Working Affordance
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(a) S-SVM Classifier (b) DCM-SVM Classifier

FI1GURE 5.8: Decision Function values that indicate the confidence level of the predictions

The Fig. 5.8 shows the decision function values for the ‘sitting-working’ affordance. Both
S-SVM and DCM-SVM classifiers have predicted similar decision function values and have
predicted high confidence values on locations where most of the chairs are located. Rela-

tively, high confidence values can be observed in both classifiers decision functions towards
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the bottom-left corner of the room. A careful examination reveals that those locations
consists of geometric features very similar to a chair (Right angled horizontal and vertical

surfaces).

(a) S-SVM Classifier (b) DCM-SVM Classifier

FIGURE 5.9: 3D skeleton map for the Sitting-Working affordance

Fig. 5.9 shows the skeleton map for the affordance type Sitting-Working. In this case
the DCM-SVM classifier has marginally outperformed the S-SVM classifier. In particular
S-SVM classifier has predicted a skeleton on the working desk towards the left side of the
room and none of the classifiers have predicted any skeleton on the chair at the top-left
corner of the room. This may be because the chair is oriented away from the nearby
desk, and therefore it could be argued, that chair is not supporting the Sitting-working

affordance type. Overall, both classifiers have predicted a very similar skeleton map.

5.4.1.3 Standing-Working Affordance

Fig. 5.10 shows the room used to analyze the performances of the ‘standing-working
affordance’. Tt is the same room used in Chapter 3 experiments and green color rectangle
areas indicate workbenches of the lab space. According to the imbalance test results
discussed in Chapter 4, the focused resampling SVM (Focused-SVM) method recorded
the highest Fl-score in the Standing-Working affordance. Therefore the results of the
S-SVM method are compared with the Focus-SVM method.

The prediction results of the S-SVM classifier and Focused-SVM classifiers are shown in
Fig. 5.11. It is clear from this figure that the S-SVM classifier has predicted better
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(a) 3D view of the work shop (b) Plan view with ground truth skeleton locations
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F1GURE 5.10: Test room for the Standing-Working Affordance. Best viewed in colour

results than the Focused-SVM classifier. The Focused-SVM classifier has failed to predict
any skeleton model at the workbench towards the right side of room. Although it has
predicted some skeletons at the other workbench towards the right side of the room, most
of them are located inside the workbench. In contrast, the S-SVM classifier has predicted
skeletons at both workbenches and they are nicely oriented towards the working areas of

the benches.
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(a) S-SVM Classifier (b) Focused-SVM Classifier

F1GURE 5.11: Classification results of the Standing-Working Affordance
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Fig. 5.12 shows the values of the decision function for the affordance type Standing-
Working. As indicated by the prediction results, the S-SVM classifier has placed high con-
fidence values near the two workbenches whereas the Focused-SVM classifier has placed a
number of high confidence values inside the workbench towards the left of the room. There-
fore, the S-SVM classifier has predicted much better localized results than the Focused-
SVM classifier.
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0
-0.5
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(a) S-SVM Classifier (b) Focused-SVM Classifier

FIGURE 5.12: Decision Function values that indicate the confidence level of the predic-
tions

(a) S-SVM Classifier (b) Focused-SVM Classifier

FI1GURE 5.13: 3D skeleton map for the Standing-Working affordance

Fig. 5.13 shows the skeleton map for the affordance type Standing-Working. In this

example, the S-SVM method has predicted a very accurate skeleton map with skeletons



Chapter 5. Structured SVM 81

located near the working benches with correct orientations. However, the Focused-SVM
method has only predicted skeletons around one of the workbenches and some of the
skeletons are located inside the workbench. In this case, S-SVM method has outperformed

the Focus-SVM method.

5.4.2 Quantitative Analysis

Table 5.2 shows the comparison of average performance measures of k-fold cross validation
between S-SVM and other methods discussed in Chapter 4. For the methods discussed
in Chapter 4, Table 5.2 shows the average precision and recall values of the best Fl-score
recorded in class imbalance test for each affordance type. It is clear from this data the
S-SVM method has outperformed other methods. The S-SVM method has recoded the
highest Fl-scores in the affordance types Sitting-Relaxing and Standing-Working by a
considerable margin to the next best Fl-score of each category. It has recorded the third
highest F1-score in Sitting-Working affordance with only -0.04 % difference to the highest
recorded Fl-score of that category. Overall, the S-SVM method has shown consistent
performance in all three affordance types. This is because, unlike other methods, S-SVM
has been trained directly optimizing on F1-score. Therefore it is minimally affected by the

class imbalance problem.

5.5 Discussions and Limitations

As discussed in previous chapters affordance learning in a highly imbalanced dataset could
be challenging. As a solution to this probelm, this chapter showed how affordance learn-
ing can be formulated as a structured output learning problem. The quantitative and
qualitative results of the experiments showed that the S-SVM method outperformed other
SVM learning methods in Sitting-Relaxing and Standing-Working affordance types. In
the Sitting-Working affordance type, DCM-SVM and Random sampling methods outper-
formed the S-SVM method by a small margin. However, overall S-SVM has outperformed

the other four classifiers.
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TABLE 5.2: Comparison of performance measures in the K-fold cross validation test.
Structured SVM and Other Methods.

Affordance Type | SVM Algorithm Precision | Recall | F1-Score
Random Sampling 0.36 0.33 0.35
Focused Sampling 0.32 0.37 0.35
Sitting- Relaxing Z-‘ SVM 0.51 0.35 0.35
Different Cost Model 0.28 0.44 0.34
Structured SVM 0.65 0.80 0.72
Random Sampling 0.09 0.49 0.13
Focused Sampling 0.17 0.30 0.22
. . Z- SVGM 0.12 0.31 0.15
Standing-Working Different Cost Model 0.10 0.42 0.14
Structured SVM 0.28 0.81 0.42
Random Sampling 0.55 0.52 0.50
Focused Sampling 0.34 0.51 0.38
Sitting-Working Z- SVM 0.27 0.84 0.37
Different Cost Model 0.50 0.55 0.52
Structured SVM 0.40 0.77 0.48

The success of the S-SVM method is mainly due to its ability to learn separating hyper
plane of two classes by minimizing F1-score of the training data set. Therefore, unlike the
standard SVM method which is prone to generate sub-optimum results when trained in
imbalanced datasets, the S-SVM method can be efficiently trained in all class imbalances.
On the other hand, the formulation of the S-SVM algorithm is well defined and its perfor-
mances do not depend on any rule of thumb parameters like the z in the zSVM method

or the class cost values in DCM-SVM.

In addition, the S-SVM method provides additional benefits when used for affordance
learning. First, S-SVM does not use the kernel method for feature mapping but outper-
forms the standard SVM and its variants that uses kernel methods. In fact, S-SVM only
requires the same number of calculation as the standard SVM method that doesn’t use
kernels in the inference stage. Therefore, inferring the affordance-map in a new room
could be done efficiently with a lesser time than the SVM method that uses kernels. This
makes S-SVM more appropriate for real-time robotics applications. On the other hand,
the formulation of S-SVM allows the input of each 3D scene sequentially into its opti-

mization equations. Therefore, the S-SVM algorithm can be implemented on a standard
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computer as a batch processing method thus considerably reducing the amount of data
memory required for learning. This makes S-SVM learning in a large dataset with many

3D images very efficient and practically viable.
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FIGURE 5.14: False positive prediction of the affordance type Sitting-Working

Despite these advantages, the proposed S-SVM method tends to generate a few false
positive predictions in some 3D scenes. This is predominantly observed in the Sitting-
Working affordance and it is also evident by high precision values recorded in Table 5.2. A
few such examples of false positive predictions are shown in the Fig. 5.14. In this figure,
all positive predictions outside sittable areas are false positive. Careful observation of
locations of these false positive predictions revealed that most of those locations consist of
geometric features (vertical and horizontal surfaces) which are similar to a chair. Therefore,
one way to reduce the number of false positives would be to add more features that could
discriminate against these wrongly predicted locations. However, this approach was not

pursued any further as advanced feature selection is beyond the scope of this thesis.
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Active Visual Object Search using

Affordance-map

6.1 Introduction

This chapter introduces an application of the affordance-map. There is a strong relation-
ship between the objects and humans as humans generally arrange objects around them
to support their activities. These human-object relationships could be used to build an
efficient object search strategy. Therefore, this chapter explains how human context em-

bedded in an affordance-map could be used to develop an efficient object search strategy.

6.2 Human Context for Object Search

Ability to recognize objects plays a major role in a robot’s understanding of its environ-
ment. To execute various tasks such as pick and carry or object manipulation requires
effective interaction with objects. Therefore, a service robot that operates in an indoor
environment is required to localize and map objects in its operating environment. This is
challenging due to several reasons. First, the operating environment of an indoor robot
could extend beyond a robot’s sensory range. Therefore the robot should have an under-

standing of where to look for objects when they are located beyond its perception range.

84
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Secondly, real time object recognition is still largely an open problem. This makes ob-
ject search and recognition a challenging task even when objects are visible to the robot’s

Sensors.

Active object search involves executing a series of sensing actions in order to bring the
object to the field of view of the sensor. When vision sensors like cameras are involved, this
is called an ‘active visual object search’. In order to increase object detection accuracy, the
robot should move in a path that maximizes the object detection probability. Solving this
problem is far from trivial because factors such as occlusions and poor illumination affect
the object recognition capabilities. On the other hand, 3D objects can be viewed from
a number of different view points. Therefore, often object recognition techniques involve
training models for multiple view points. However, even such a greedy approach may
often fail for most of the unsymmetrical objects, if the object is viewed from a previously

untrained view point.

However, complexities associated with object search can be minimised by understanding
the relationships between objects and humans. This is because most of the objects play
a major role in humans’ perception of their environment [48]. Further, humans arrange
objects in their environment in a specific order to cater for their requirements and activities
[6]. For example a ‘computer monitor’ is placed on a tabletop so it can be easily seen,
and a ‘keyboard’ is placed within arms reach of the human sitting beside the table. A
‘Mouse’ is placed near the keyboard in a place that is convenient to handle. Therefore,
these strong relationships between objects and humans can be used to localize probable

locations of a given object.

The proposed approach for active object search is based on the concept of affordance-
map. This brings the human context to the active object search which has not previously
explored in robotic object search research. The bulk of the previous works have relied on
the fact that the object is already located within the fields of view of the robot’s sensors
[49]. These aproaches have used object features such as color to guide the robot towards
the object. However, it is unclear how the same approach can be used, if the object is

located outside the sensory range of the robot.
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Some other researchers have used object-object relations to search objects in large search
areas [50, 51]. Common approach is to model object-object relationships using probabilistic
graphical models such as Markov Random Fields (MRF). However for this to work, at
least a few objects need to be recognized before the object search step or strong prior
assumptions have to be made about the location of objects. On the other hand, these
approaches do not model the human context in the environment, which has a strong

relationship with objects that are being used in the environment.

In order to model human context, humans need to be observed in the environment. How-
ever, observing real humans could be time consuming, and in most scenarios, robots are
required to operate in environments where humans are not present. This is a situation
where an affordance-map becomes beneficial, because an affordance-map embodies prob-

able affordances in an environment.

Although many affordances are possible in a given environment, very few are practically
probable. For example, in an office environment most frequently observed affordance is
sitting and working beside an office desk. An office desk supports this action and other
objects such as the monitor, keyboard, mouse and the telephone are arranged around
the sitting human. Therefore, by identifying the locations of the 3D map that support
the affordance ‘sitting and working’, most probable locations of any object can be easily
modelled. Each grid cell of the affordance-map consists of orientation information of the
human skeleton model. This information is used to model the relationship between the
human, object and the robot’s position which gives the best view of the object that is
being searched. Therefore the proposed method for active object search only requires a
small number of training samples that are taken from a limited number of view points. In
other terms, our method looks at the objects only from similar viewpoints that were used

to train the object detector.

6.2.1 Affordance-map for Object search

The main challenges that need to be solved in any robotic object search algorithm is
the estimation of the camera pose that gives the best view of the searched object. This

problem can be effectively addressed by using human skeleton information embedded in
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FI1GURE 6.1: Affordance-Map models the relationship between virtual human skeleton
model and the 3D environment. 1.Robot- Human relationship 2. Object -Human rela-
tionship 3. Probable robot’s locations that give the best view of the object

the affordance-map. For example, consider the scenario shown in Fig. 6.1. Suppose that
the task is to search for computer monitors, and the affordance-map is already available for
the scene. The affordance-map has predicted a human skeleton in-front of the monitor and
therefore the human-object relationship is already modeled implicitly in the affordance-

map. Also let us assume that the camera is fixed to the robot.

Now if, in human-robot relationships, the relative poses of the robot from the sitting
human skeleton that give the best views of the object are known, then the skeleton-map
from the affordance-map can be used to map all robot positions in the global map that
give the best views of the object. Therefore, human-object relationships and human-robot

relationships simplify the complexities associated with robotic active object search.

6.2.1.1 Human-Object Relationship

The objective of this research is to find monitors in a large office space using a mobile robot.
Therefore, the first step is to obtain the affordance-map of the environment that models
the human-object relationships. The sitting-working affordance type is chosen to build the
affordance-map. Most of the computer chairs found in the office space had rotating bases
and most of them were not oriented towards the work benches. Therefore, in order to
minimize any adverse effects, the ground truth training examples included chairs as well

as locations near the work benches with skeletons oriented towards the workbenches.
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The 3D point cloud map of the environment was built using a state of the art RGDB SLAM
(Simultaneous Localization and Mapping) algorithm [30] and a depth camera mounted on
a mobile robot. Fig. 6.2(a) shows the 3D point cloud and Fig. 6.2(b) shows a map
generated by a horizontally mounted 2D laser range finder data. Work bench locations

are manually marked on the map.

-, Corridors

Y%*% Work spaces

(a) 3D view of the office space (b) 2D Laser Map

FIGURE 6.2: Test room for active object search experiments

The obtained 2D and 3D representations of the affordance map is shown in Fig. 6.4 and
Fig. 6.3. High ‘workable’ affordances are recorded near work benches as can be seen from
the Fig. 6.3. A 3D representation of the affordance map with skeletons is shown in Fig.
6.4. The proposed algorithm has placed most of the skeletons near the workbenches. More
importantly, the learned affordances are more or less realistic to real human behaviours in

the environment, as can be seen from the 3D affordance map in Fig. 6.4.

6.2.1.2 Human-robot Relationship

The affordance map which is built for the office environment, models the relationship
between the environment and the ‘working’ human pose. Therefore, the position of the
robot can be inferred by modelling the relationships between the object, human and the
robot. More specifically once the human pose position is given, we can infer the best
position and the viewing angle of the robot that give a clear view of the object to be

recognised.
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FIGURE 6.4: 3D Skeleton Map

The robot position is modelled as a multivariate normal distribution relative to the human
skeleton model using (6.1). Here us and 35 are the mean and covariances of position and

orientation of robot in human skeleton co-ordinate system.

Rs ~ N (s, Xs) (6.1)

This probability distribution can be converted to world coordinate system for a skeleton

at xp = (@k, Yk, 2k, Ok) by,

Ry ~ N (xi + Bps, BEsBT) (6.2)
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FIGURE 6.5: Positions of the Robot that give the best view of the object

where B is the rotation matrix given by (6.3)

)
o

Finally, the likelihood of a robot at location y; = (x;, y;, 2;,6;) which can see an object is

given by

3

P(zily;) o< »  Plag|xz).P(y;lne) (6.4)
k=1

where 7, are the parameters of the probability distribution given by (6.2), n is the number
of skeletons in the map and P(ax|xy) is the affordance likelihood of the location xj, which
is calculated by the affordance-map. Note that, only closeby skeletons with high affordance
likelihood contribute to (6.4). By using (6.4), the likelihood of finding an object by a robot

at location Y; can be calculated for all grid locations of the map.

6.2.2 Experiments- Active Object Search

The affordance-map that was built previously for the office space is then used to experimen-
tally verify the effectiveness of the active object search algorithm. A ‘computer monitor’
was selected as the object to be searched in this experiment as it could be observed in

several locations in the office space. Fig. 6.5 and Fig. 6.6 show position information of
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FIGURE 6.7: Path planning for active object search

the robot that gives the best view of the object ‘computer monitor’. These positions are
calculated using object, human and robot relationships explained in Section 6.2.1.2 and
locations with highest likelihood values calculated using (6.4) are selected as locations that
give the best views of the searched object. It is clear from these results, in most of the
occasions the robot has positioned itself near work benches pointing the camera towards
benches so it can obtain clear views of “computer monitors”. Although the robot never
observed a real human in the environment, the affordance-map has allowed the robot to

learn human context as well as the probable locations for the searched object.

Fig. 6.7 shows the path planning results of the robot for object search. It uses the
Probabilistic Road Map (PRM) based path planner [52]. To move the robot across all
possible search locations efficiently, we formulated the problem as a ‘Travelling Salesman

problem’. Since finding an exact solution for the Travelling salesman problem is NP hard,
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TABLE 6.1: Object detection results summary

Performance Measure Value
Number of Monitors in the environment 33
Total Number of Snaps taken 49
Number of Snaps with Monitors in the image 43
True Positive Detections 37
False positive Detections 14
True Negative Detections 6
False Negative Detections 8
Precision 0.72
Recall 0.87

FIGURE 6.8: Samples from object search and detection experiments. (1-4) True Positive,
(5) True Negative, (6-7) False positive, (8) False Negative

Nearest Neighbour Algorithm [53] is used to estimate the possible path of the robot. As
depicted in Fig. 6.7, calculated path of the robot covers all possible locations where

“computer monitors” can be found.

Once the robot reaches the predicted location, it captures RGB images of the possible
areas that the computer monitors can be found. Then a simple object classifier based on
boosting [54] is used to recognize monitors in the scene. Samples from the object detection

experiments are shown in Fig. 6.8.

The object recognition results are summarized in Table 6.1. According to the test results,
only 49 snaps are taken across the entire office environment and 43 of those images contain
one or more monitors. This shows the proposed approach can effectively infer the possible
locations of monitors in a large environment. On the other hand, object detector performed
well giving acceptable recall and precision values (recall of 0.8 and precision of 0.72). Note

here that none of the monitors present in the environment are used to train the object
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FIGURE 6.9: Object detection results. The figure shows detected and undetected moni-
tors

detector. Although the object detector is neither scale invariant nor view point invariant,
the algorithm was able to detect 27 monitors out of 33 monitors present in the given search

area. This shows the robot is able to position its camera correctly towards the object.

It is clear from these results that the proposed algorithm can solve the object search prob-
lem efficiently by modeling the human context in the environment through the affordance-

map.

6.3 Conclusions

This chapter introduced a novel active object search approach centered around human con-
text in an indoor environment. It showed how the human context information embedded
in the affordance-map can be effectively used for active visual object search. The object
search is carried out by a naive algorithm but leads to high detection accuracies. This is
due to the correct pose estimation based on the object-human-robot relationship model.
FExperiments carried out in a large office environment demonstrated that the proposed
approach can efficiently search for given objects using the human context information

provided by the affordance-map.
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Affordance-map for context aware

path planning

7.1 Introduction

This chapter introduces another application of the affordance-map, i.e., how hidden hu-
man context obtained using the affordance-map can be used effectively for robotic context
aware path planning. The affordance-map provides vital information for a robot that
works alongside humans. Firstly, it provides possible locations of humans with their af-
fordance likelihood. A robot can use this information to detect and track humans. More
importantly, the robot can use this human context information to plan global paths that
minimize distractions to humans. Secondly affordance-likelihood values can be used to
to assign social cost values for each grid location of the map. These social cost values
together with A* algorithm [55] are used in this chapter to develop a global path planning
strategy that can be used by a mobile robot to avoid human work spaces while executing
its task. It also presents some experimental results done on a real office environment to

show the applicability of the proposed system.

94
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F1GURE 7.1: A robot with proper context-awareness will select a path along corridors
rather than the shortest path which is through the working area

7.2 Human Context in Path Planning

In robotics, context awareness refers to the ability of a robot to sense and react according to
the environment. Particularly, understanding human context is paramount for a robot that
works alongside humans. Therefore, human context often involves recognizing probable
human activities in a given environment. However, even recognizing a simple human
activity is considered to be non-trivial due to large intra-activity variations associated

with human activities [4].

In order to react according to the context of the environment, a mobile robot is often
required to alter its path.Therefore, context-aware path planning is a fundamental ability
that every robot should acquire in order to navigate in a human work space. However, most
traditional path planning algorithms are based on two major factors, obstacle avoidance
and minimizing cost associated with robot’s movements. In other words, these robots try
to move from the start position to the goal location through the shortest possible path
while avoiding obstacles on its way. Although this path planning strategy is more suitable
for an industrial setting, such an approach is often perceived as inappropriate for a robot

that works alongside humans, as human factors are not considered in path planning.
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The need for context-aware path planning can be explained by the scenario shown in Fig.
7.1. In this example, a robot is required to move from point A to B. A robot that uses
a traditional path planning strategy would select the shortest path between A and B,
which is going along the human work space. Therefore in this case, a robot that navigates
on the shortest path may distract human workers. However, a robot with context-aware
path planning capability would choose an alternative path along the corridor minimizing

obstruction to human activities.

For this research, context-aware path planning is defined as the path that minimizes the
interferences caused to people working in an office environment. The Context-aware path
planning strategy involves avoiding work spaces of humans and planning paths through
the human work spaces if and only if the human presence is not detected. The robot
can use an affordance map for global path planning as it provides location information of
human work spaces. In this research this path is defined as ‘Global Path with Minimal
Distractions’, (GPMD). However, if this path is too long then it is desirable for a robot to

seek an alternative path that goes through the nearest unoccupied workspace.

7.3 Related Works

There are many publications that explored various robotic path planning strategies. How-
ever, only a few researchers have previously considered global path planning with appro-

priate context awareness.

In [3] researchers developed social aware path planning strategy using a robot that learns
human motion patterns based on sampled Hidden Markov Models. Then they utilized
these models for path planning based on a Probabilistic Roadmap. However their approach
needs to continuously observe real humans in the environment before it can be used for
social aware path planning. Therefore, such a robot would require a considerable amount
of time to learn human context in a new environment. On the other hand, human motion

patterns could be affected by the presence of the robot itself.

In an attempt to build a context-aware path planning strategy, some other researchers

have used an off-line learning procedures to obtain motion models of individual people in
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an office using HMM [56]. Once a person is identified, a model is used to predict that
persons future position in order to perform the ‘give way’ action. Thus, the model is
used to improve local replanning and does not influence global planning. However, such a
behaviour could lead to more complex behaviours and a robot might interfere with humans

when deployed in crowded environments.

In [57] researchers tried to build a socially aware navigation strategy using objective crite-
ria such as travel time or path length as well as subjective criteria such as social comfort.
As opposed to model-based approaches they posed the problem as an unsupervised learn-
ing problem. They learnt a set of dynamic motion models by observing relative motion
behaviour of humans found in publicly available surveillance data sets. Again this strategy
requires the human to be present and detected in the environment. Further, they have

only focused on human-like collision avoidance rather than global path planning.

7.4 Affordance-Map for Context-Aware Path Planning

Most of the shortcomings associated with current context-aware robotic path planning
algorithms could be avoided by using the human context information embedded in the
affordance-map. Firstly, an affordance-map does not require the observation of real hu-
mans in the environment, yet it can infer human behaviors of the environment by looking at
geometric features in the environment. Therefore, robots would not be required to detect
and observe real humans for a long time to learn the human context of the environment.
Secondly, a robot can plan its paths globally rather than reacting to humans detected on
its way to the destination. If needed the robot can predict possible locations of humans in
the environment and purposely avoid them to minimize distractions . Thirdly, if human
detection is needed, the robot can look only at places where the affordance likelihood is

high thus reducing the total search space considerably.

The following sections explain how an affordance map can be used for context-aware
path planning in an office environment. For this research, context-aware path planning is
defined as the path that minimizes the interferences caused to people working in an office

cell. The Context-aware path planning strategy involves avoiding work spaces of humans
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and planning paths through the humans work spaces if and only if the human presence is
not detected. The robot can use the affordance map for global path planning as it provides
location information of human work spaces. This path is denoted as ‘Global Path with
Minimal Distractions’, (GPMD). However, if this path is too long then the robot needs to

seek an alternative path that goes through the nearest unoccupied workspace.

The first step of the context-aware path planning strategy involves obtaining the affordance-
map of the robot’s operating environment. The same office space used in Chapter 5 for
active object search is used for the context aware path planning experiments. Sitting-
working affordance type is used to build the affordance map as it is observed much more

frequently in office spaces than other affordances.

The obtained 2D and 3D representations of the affordance map are shown in Fig. 7.2(a)
and Fig. 7.2(b). High ‘workable’ affordances are recorded near work benches as can be seen
from Fig. 7.2(a). A 3D representation of the affordance map with skeletons is shown in Fig.
7.2(b). The proposed algorithm has placed most of the skeletons near the workbenches.
In the next section, affordance likehoods obtained through this affordance-map are used

to assign social cost values to plan paths that minimize distraction to working humans.

7.4.1 A* for Path Planning

The A* algorithm has been in use for robotic path planning for many years [3, 55]. It
utilizes best-first search strategy to search for the least cost path that lies in the D-

dimensional collision free space of the robot.

The algorithm searches for a path using a priority queue, where each node x in the path
is sorted according to the cost function f(z). Therefore highest priority is given to the
nodes with least cost. Generally f(z) is the sum of two main components, g(x) which is
the shortest collision free path from start to goal by Euclidean distance and h(z), which

is used as a heuristic estimate of the length of the path.

In order to plan a minimum distraction path, a social cost value gg(z) can be incorporated
to the total cost function such that A* algorithm will seek a collision free path while

minimizing interference to humans. Depending on the affordance model selected social cost
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F1GURE 7.2: The learned affordance map for the office space. High affordance likelihoods
can be observed near workbenches

gs(x) for each grid cell can be assigned according to the affordance likelihood. For example,
for an office environment ‘sitting and working’ affordance can be selected as the affordance
model and high social cost values can be assigned to the areas where affordance likelihood is
high. In such cases social cost is given by (7.1) where P(Ag|xy) is the affordance likelihood

of the grid location xj.

gs(z) o< P(Ag|xx) (7.1)

Consequently, f(x) in the standard algorithm can be replaced by the cost function F'(x). In

some scenarios it is appropriate to have additional weight term w for social cost function
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gs(z) in (7.1) to enable the robot to choose between shortest path and alternative minimal

distraction path. This can be incorporated as,

F(z) =g(x) + w* gs(z) + h(x) (7.2)

If w is set to 1, the robot prefers the shortest path whilst any number between 0 and 1

denotes a combination of the shortest path and a context-aware path.

7.4.2 Detecting Human Presence

Detecting human presence is vital for a robot that does context-aware path planning
because the human context defines the role of the robot in most scenarios. Although a
number of human detecting algorithms are available in the literature, detecting humans
while the robot is in motion is considered to be non-trivial [3]. One reason for this challenge
is the absence of a priori knowledge about the presence of human poses and their best
viewing directions. On the other hand, how to react to the human presence depends on
the context of the location. For instance, if a human is detected in a corridor, the robots
can simply treat him/her as an obstacle and plan to avoid the obstacle (could be a dynamic

obstacle). However, if the human presence is detected in an office space, then the robot
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needs to plan a path to minimize interference to humans.

Algorithm 3: Context-Aware Path Planning

Data: Affordance map
Result: Context-Aware Path
PS < Calculate the shortest Path;
PA < Calculate the Global Path with Minimal Distractions (GPMD) using
Afordance-map;
T, <= Path Threshold;
if (len(PA) —len(PS))/len(PS) < T, then
Follow PA
else
while Detect people OR Goal do
Follow PS
end
Assign Affordance cost values to all locations within the sensor range and update the
cost map;
PS, e < Calculate the new shortest path ;
PS + PSpew;
GoTo Line 7;

end

However, these problems can be effectively addressed by using the information embedded
in the affordance-map. Firstly, it contains information about human activities like ‘sitting
and working’. Secondly, the affordance-map contains information about the locations and
poses of possible human workers. This can be used for an active human search, which will

eventually lead to a higher human detection rate.

7.4.3 Context-aware Path Planning Algorithm

Algorithm 3 summarises the major steps involved with context aware path planning. First
A* algorithm is used with affordance map to calculate shortest path, P.S and GPMD path
PA as explained in the Section 4.2. Path threshold 7}, defines when to use GPMD. The
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path threshold can be set according to the urgency of the task that is being carried out by
the robot using a high level planner. If the difference of travel distance between these two
alternative paths is small, then the robot chooses the GPMD path which is reasonable.
If the difference of travel distance is large, the robot starts to move along the shortest
path while looking for humans. If a human is detected, then the robot alters its path by

recalculating a new path to minimize the interference caused to the human.

7.5 Experiments

This section explains how affordance map is used for context-aware path planing. As the
robot is required to avoid 'working spaces’ of humans in the office environment, we used
A* algorithm with the cost function given by (7.2). The values for the affordance cost,
gs(z) are assigned in the range of 0-10 being proportional to the affordance likelihood
‘sitting and working’ for each grid cell. The value of w in (7.2) is set to ‘1’ if the minimum

distraction path is required and set to ‘0’ if just the shortest path is required.

In experiment 1, the robot is placed in the corridor near a work station and requested to
plan a path to a goal location in the other side of the work station as shown in Fig. 7.3.
As depicted in Fig 7.3(a), A* planner has calculated the shortest path through a human
workspace whereas the GPMD based planner has chosen a path that avoids workstations
as shown in Fig. 7.3(b). In this case the difference of travel distances between these two
paths is less than the chosen Path Threshold 7}, in algorithm 3. Therefore, the robot
selects an affordance-map based path as the context-aware path which eventually causes

lesser distractions to humans.

In experiment 2, robot is placed in the right corner of the map and instructed to plan a
path to a goal location in the opposite corner of the map as shown in Fig. 7.4. There is
only one possible path along corridors and all other paths contain at least one working
space. According to the results, it can be seen that the shortest path calculated by the
A* planner goes through a human work space as shown in Fig. 7.4(a). In contrast the

affordance-map based planner has selected the only path that always lies in corridors.
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FIGURE 7.3: Experiment 1. Context-aware path planer selects a longer path to minimize
the distractions to humans work spaces.

Since both of these paths have very similar travel distances the robot chooses the path

based on the affordance-map which causes minimal distractions to humans.

In experiment 3, the robot is placed at the far left corner of the map near a workstation
and is requested to plan a path to a location in the other end of the workstation as
shown in Fig. 7.5(a). The shortest path is shown in Fig. 7.5(a) and minimum distraction
path based on affordance-map is shown in Fig. 7.5(b). Note that there is a considerable
difference in travel distances between the shortest path and the minimum distraction path
that lies along corridors. Therefore, according to the algorithm 3, robot starts to move
along the shortest path while looking for human presence as shown in Fig. 7.6. To make
the human detection more efficient, the robot only looks at locations where ‘sitting and
working’ affordance likelihood is high. This leads to a huge computational savings as it
does not look for humans in each and every location. At location ‘A’ of the shortest path

the robot detects its first human. Then the robot assigns affordance cost values to the
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(b) Global Path with Minimal Distractions, GP

FIGURE 7.4: Experiment 2. Affordance-map based ’Global Path with Minimal Distrac-
tions’ (GPMD) selects the only path that always lies along corridors.

locations which are within sensory range of the human detector. With this new cost map
the robot plans a new path and follows it until it reaches its goal location as shown in
Fig. 7.6. Although this new path is going through a human work space the robot does

not alter its path as humans are not detected in this region.

Finally, these experiments showed that context-aware path planning can be done in an
office environment efficiently using the proposed affordance-map. This map provides much
additional information which a traditional grid-based map fails to provide for a successful

context-aware path.
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(b) Global Path with Minimal Distractions, GPMD

FIGURE 7.5: Experiment 3. Minimum distraction path along corridors is too long and
shortest path goes through human works space.
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FIGURE 7.6: Experiment 3. Minimum distraction path along corridors is too long. Hence
robot tries to find a path through an empty working space.
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7.6 Conclusions

This chapter introduced a context-aware path planning method for robots, centered around
human context in an indoor environment. First the affordance-map is built for the envi-
ronment and then human context information embedded in it is used for path planning
in an office environment. The experiments showed that the proposed context-aware path
planner is capable of avoiding human work spaces and hence contributing less distractions
to humans. Therefore, human context information embedded in the affordance-map can be
used effectively to reduce complexities associated with context-aware path planning such
as human detection, avoiding humans and planing global paths that minimize distractions

to humans.



Chapter 8

Conclusions

This thesis addressed the problem of learning human context in indoor environments by
analyzing geometrics features of the environment. To solve this problem, the concept
of affordance-map was proposed which predicts possible affordances in the environment
as human skeleton models with their affordance likelihoods. The problem of affordance
mapping was formulated as a multi label classification problem with a binary classifier
for each affordance type. In the first phase of this process, virtual human models were
moved across the grid locations of the 3D environment to capture features for classification.
These features were used to learn parameters of the classification model. Finally, learned

classifiers were used to infer the affordance-map in new unseen 3D environments.

To select a binary clasifier for the affordance-map, two popular classifiers namely Support
Vector Machine (SVM) and Flexible Naive Bayes (FNB) classifiers were experimentally
evaluated. The quantitative and qualitative analyses of the experimental results of the two
classifiers demonstrated that the SVM classifier is better suited for affordance mapping.
However, the SVM classifier recorded sub-optimum results due to the exsistence of class
imbalance in training data. In the search for a solution to this problem, three existing
SVM learners namely: focused re-sampling , zSVM and Diffrent Cost model SVM were
tested for learning affordances . These algorithms showed some tolerance to moderate
class imbalances but failed to record acceptable results particularly in standing-working

affordance. Therefore, this thesis proposed to use Structured SVM (S-SVM) optimized

107
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for Fl-score to further improve affordance mapping results. This approach defined the
affordance-map building process as a structured problem which could be learned efficiently
even with extremely imbalanced data. The S-SVM method was experimentally analyzed
both quantitatively and qualitatively and outperformed previously used classifiers for af-

fordance mapping.

This thesis also presented two applications of the affordance-map. In the first application,
the affordance-map was used by a mobile robot to actively search for computer monitors
in an office environment. The pose and location information of humans models inferred
by the affordance-map was used to predict probable location of computer monitors. The
experimental results in a large office environment showed that the affordance-map concept
simplified the search strategy of the robot. In the second application the affordance-map
is used for context aware path planning where affordance-map is used by a service robot to
plan paths with minimum distractions to office workers. The experimental results proved
that a robot could use information from the affordance-map to accurately predict paths

with minimal distraction to humans.

8.1 Summary of Contributions

8.1.1 Affordance-map for Learning Hidden Human Context

In this thesis affordance-map is presented as a novel way to represent the human con-
text of the environment. The affordance learning process is formulated as a multi label
discriminative classification problem with a binary classifier for each affordance types.
These binary classifiers predict labels for each grid location of the map using geometric
features obtained by moving virtual human models across the environment. The learned
affordance-map consists of two sub maps: 3D skeleton map and 2D affordance likelihood
map. The 3D skeleton map holds 3D virtual skeleton models and their pose information.
The 2D affordance likelihood map contains confidence values of predictions. These maps
represent the human context of the environment which is learned without observing any
real humans in the environment. This approach altogether bypasses complexities associ-

ated with detecting and tracking real humans. Experiments done in indoor environments
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showed that the affordance-map can model real human behaviours by mapping affordance

through virtual human models.

8.1.2 Learning Affordances with Extreme Class Imbalances

The 3D scenes used for learning binary classifiers are extremely imbalanced with a higher
number of negative examples than the number of positive examples. The initial testing
showed that the SVM classifier tends to provide sub-optimum results when trained on
this highly imbalanced dataset. As solutions to the problem a number of popular SVM
learners namely: random sampling, focus re-sampling, zSVM and different cost model
SVM are tested for learning affordances. The k-fold cross validation on different class
imbalances showed that these algorithms can handle class imbalances to some extent but
resulted in only moderate results in some affordance-types. Therefore, to further improve
the results the affordance learning process based on structured SVM is proposed which is
directly optimized on the Fl-score. As Fl-score only considers positive predictions, it is
not affected by the class imbalance problem. K-fold cross validation results showed that
structured SVM is capable of learning affordances effectively and overall outperformed
other methods. Therefore, the structured SVM algorithm is proposed as the best classifier

to learn the affordance-map.

8.1.3 Affordance-map for Active Object Search

As an application of affordance-map, this thesis proposes a novel active object search
method that uses human context information embedded in an affordance-map to reduce the
search space of the searched object. The greatest challenge in active visual object search is
estimating the most optimum camera pose that gives the best view of the searched object.
As humans arrange objects around them to support their activities, in general there are
strong relationships between humans and objects. These humans-object relationships are
already available in the affordance-map and are used in this novel method to infer optimum
camera poses that give the best views of the searched object. To test the viability of the
proposed object search method, experiments are carried out in a large office environment by

selecting computer monitors as the object to be searched. The experimental results showed
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that the proposed algorithm is capable of using human context information embedded in

an affordance-map effectively to reduce the search space of the object.

8.1.4 Affordance-map for Context-aware Path Planning

As another application of affordance-map, this thesis proposes to use affordance-map for
context-aware path planning. In this method, affordance-map is used to assign social cost
values, and A* algorithm is used subsequently to calculate global paths that minimize
distractions to working humans. Experimental results done on a real office environment
showed that the proposed method can utilise human context information embedded in
an affordance-map to bypass the challenge of detecting humans in context-aware path

planning.

8.2 Discussion of Limitations

There are a few limitations of the affordance-map concept presented in this thesis. First,
prediction results of the binary classifier depend on the quality of the 3D scene. The
proposed algorithms require 3D stitched point clouds so that the geometric features can be
calculated. Although there are a number of RGBD SLAM algorithms which are available
that can build 3D scenes in real time, care must be taken when moving the camera across
the room so that the complete 3D map of the environment could be built. Therefore, most
of these map building processes require human supervision during the data capturing
phase in order to cover occluded areas of the environment. However, to yield the true
potential of the affordance-map concept, mobile robots should have the ability to build
the complete 3D map of the environment autonomously without any human supervision.
Still this is largely an open problem, and perhaps needs to be addressed further by the 3D

map exploration research community.

The second limitation of the affordance-map concept is human context information related
to human movements can not be learned from it. Specifically, affordance-map cannot be
used to learn human motion patterns, which could be beneficial in an application like

human-aware path planning. In such scenarios, detecting and tracking humans could be
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much more beneficial. However, affordance-map could be used as a prior map to estimate

best locations where more humans could be observed.

The third limitation of the affordance-map is related to the inference stage. In this the-
sis, 4D grid based approach is used to infer virtual human skeleton models. Therefore,
geometric features need to be calculated for each of these grid locations increasing the
inference time considerably in large environments. This could become problematic for a
robotic applications which require near real-time performance. One solution would be to
divide large rooms into small areas and build sub affordance-maps which can be combined
together to build the full map. These types of problems are applications specific and need
to be addressed individually.

8.3 Future Work

This thesis demonstrated how an affordance-map can be built to model hidden human
context in an environment. However, there are a number of improvements and applications
that can be explored to further increase usability of the affordance-map concept. Although
these suggestions are beyond the scope of this thesis, they are presented here to inspire

future research work.

In the current approach for mapping affordances, the dependencies between the output
labels are not considered. There could be dependencies between output labels which can
be used to improve the accuracy of predictions of the affordance-map. For example, if the
current location is supporting the affordance sitting-relaxing there is a high probability that
adjacent locations will be supporting the same affordance. These structural dependencies
can be incorporated with structured output SVM [21] to further increase the accuracy of
the afforance-map. However, the computation burden of learning and inference could be
high and needs to be explored further if affordance-map is going to be used for a real time

application.

Another interesting application would be to use virtual skeleton models output by the
affordance-map as features for 3D scene labeling. For example, if there are many locations

in a 3D scene that support sitting-relaxing affordance, then that room could be a living
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room. Unlike 3D features used in current approaches for scene labeling, affordance-based
features would not be affected by the intra-class variations in furniture types. Therefore,

this approach might improve the scene labeling accuracy in complex 3D scenes.

Also affordance-map could be used to improve existing human activity recognition algo-
rithms. Most of the current activity recognition algorithms require a full body view of
humans to recognize an activity correctly. However, this could become challenging in a
cluttered environment as body parts of humans could easily become occluded by objects
in the environments. In these scenarios, affordance-map could be used to predict locations
that give full views of humans so the robots can track human body parts more accurately.
On the other hand, information from an affordance-map could be used to improve human
detection and tracking algorithms. A similar approach used in this thesis for active object

search could be used to solve such problems.
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