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Abstract

Development of new technologies for Man Machine Interface hardware is in tandem with
the corresponding advancement of software algorithms for data interpretation and process-
ing. Technology enhancement thus saw a leap from Swept Frequency Capacitive Sensing
techniques used in conventional touch screens, to interactive hardware displays like large
displays, flexible displays and wearable displays for mixed reality. Current applications of
MMI include smart homes, collaborative working environments, advanced information vi-
sualization and many more. The interfacing parameters range from multimodal interaction
like touch, speech and gesture, to physiological factors such as ECG, EOG, Heart Rate, Eye
blinking, facial expression for example. Of these gesture based HCI is popular due to two
main reasons. Primarily, sensor for gesture (camera) is easily available and attachable on
laptops or desktops when compared to sensors for ECG, heart rate acquisitions. Also, they
are easy to use and process. The thesis discusses a gesture driven Microsoft Word Document
handling. This can be applied on other applications like powerpoint or PDF reader. The
main idea is to control the document from a distance without using keyboard or mouse.
This can be beneficial when (i) the user is at some distance from the system (ii) hands are
dirty and the user does not want to touch the system (iii) mouse is temporarily out of order
(iv) simply increasing functionality of the system and providing different interfaces like voice
and gesture, besides touch. The system was developed using a two state discrete temporal
model for gestures which works with distinct poses. The model fuses the state informa-
tion along with individual pose recognition to activate the interfacing mechanism. It can
be inferred from the experimental results that the model facilitates both accurate gesture
recognition as well as promptness in response. Different feature extraction techniques like
gabor, wavelet, SURF are tested on the system and a decision fusion approach for these fea-
tures is proposed. Generally, gesture recognition involves a huge offline training dataset to
make the system robust against skin color, illumination and hand pose changes. This thesis
introduces a color and shape model such that no explicit training set to train the gesture
database for realtime gesture recognition is required. The response time which varies be-
tween 2 to 2.5 second can be further improved by implementing the feature detection steps
in VC++ environment instead of Matlab.
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Chapter 1

Introduction

Since their evolvement, computing systems have proved to be vital systems of our lives.
Letter typing, web surfing, gaming or data storage and retrieval, all are some very common
daily use of computers. The high demand of efficient computing systems lead to the way of
economical computers for general purpose. This has also led to the requirement of easy in-
teraction facilities with the computers. HCI has hence become a progressive field for research
and innovation in recent years. To utilize this new phenomenon efficiently, many studies have
examined computer applications and their requirement of increased interaction. Methods of
human computer interaction have evolved greatly since last decades. Starting from regular
interfaces, researchers have proposed many branches where focus is on multimodality con-
cepts rather than uni-modality, active rather than passive interfaces and adaptive intelligent
interfaces rather than command/action based ones. The methods by which human has been
interacting with computers has traveled a long way[2],[3]. The journey still continues and
new designs of technologies and systems appear more and more every day [4].

1.1 Human-Computer Interaction

For more interactive applications, evolution of HCI have been from graphical interface
paradigm to touch screen, voice based[7], gesture based interaction systems. According
to key ideas of computer, machine and systems, HCI should be a design that fits between
user, the machine and the required services for achieving a certain performance both in
optimality and quality of the services. Most computer applications require more and more
interaction[6]. Determination of quality objectives of HCT design is mostly context dependant
and subjective mostly. For an instance, an aircraft part designing tool should be supporting
highly precise views while design of such parts may not need such precision. How different
types of HCI are being designed for the same purposes is also a major technical aspect. For
example, to access computer functionalities, menus, GUI, commands and virtual reality all
are being used. More detailed review on present methods and devices being used for inter-
acting with computers is presented later. Current technologies for HCI can be categorized
by the relative human sense like vision, audition, and touch [13] using which the device is
designed. Common examples of sound based HCI and touch based HCI include turn-by-turn
navigation commands of a GPS device and haptic devices[17] respectively.



Figure 1.1: Two surgeons check brain by hand gesture

A solution for keyboarding has been proposed by Compaq’s iPAQ called, Canesta Key-
board as a vision based HCI. It is a virtual keyboard designed by projection of a QWERTY
like pattern on a solid surface with usage of red light. Then, it tracks user’s finger movement
while typing on the surface with a motion sensor and sends the keystrokes back to the device
[19]. Vision based HCI makes use of gestures as further discussed in the next section.

1.2 Gesture based HCI

Sign language development for deaf and dumb people has been a major drive for the advent
of gesture based interfaces [22]. Initially, work was done to automate communication between
visually impaired and deaf people[44]. This later motivated exploration of gesture based in-
teraction, whose primary application target was gaming and home entertainment. Work done
by various researchers in this field also includes gesture based robot locomotion[45],[46], intel-
ligent wheel chair [25], surgical systems, weather channels [9],computer games [23]. G-Speak
spatial computing operating system, offers movement of data between different computing
systems and displays through a gesture interface[47]. A Virtual keyboard was proposed [48]
which provides a detectable surface on which user can move fingers that replicates the act
of key pressing. Google and Microsoft have recently patented their concepts of 3D desktop
interface for their operating system where hand movements are converted into 3D graphics;
while the gaming industry appears to have commercialized 3d images for interaction. Figure
1.5 gives the core application areas of gesture based interfacing.
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Figure 1.2: Weather information seen through hand gesture
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Figure 1.3: Body motion video games
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Figure 1.6: The graph shows the different body parts or objects identified
in the literature employed for gesturing

1.3 Hand Gesture

The hand is extensively used for gesturing compared with other body parts because it is a nat-
ural medium for communication between humans and thus is the most suitable tool for HCI.
Recently, there has been a surge in interest in recognizing human hand gestures. Hand ges-
ture recognition has various applications like computer games, machinery control (e.g.crane),
and thorough mouse replacement. One of the most structured sets of gestures belongs to sign
language. In sign language, each gesture has an assigned meaning (or meanings).Computer
recognition of hand gestures may provide a more natural-computer interface,allowing people
to point, or rotate a CAD model by rotating their hands. Hand gestures can be classified in
two categories: static and dynamic. A static gesture is a particular hand configuration and
pose, represented by a single image. A dynamic gesture is a moving gesture, represented by
a sequence of images.

Hand gesture analysis can be divided into glove-based analysis and vision-based analysis.
The first approach employs sensors (mechanical or optical) attached to a glove that acts as
transducer of finger flexion into electrical signals to determine hand posture. The relative
position of the hand is determined by an additional sensor; this sensor is normally a magnetic
or an acoustic sensor attached to the glove. For some dataglove application, look-up table
software toolkits are provided with the glove to be used for hand posture recognition [26].
The second approach, vision-based analysis, is based on how humans perceive information
about their surroundings [12] .This deals with matching a hand image in real time with a
stored set of hand gestures,each of which has a specific meaning.

The thesis proposes a system which utilizes vision based hand gestures to interface Mi-
crosoft Word document in real time. The work uses gestures for opening, closing, changing
font size and color, scrolling up and down in the word document. Gesture based research
previously concentrated on offline gesture recognition mainly. Realtime gesture recognition



requires accurate gesture modeling techniques for prompt response to the HCI besides static
gesture classification. Chapter 4 discusses the different techniques for gesture modeling and
recognition which includes gesture image synchronization, hand image segmentation, feature
detection, gesture classification. Related work on each of these steps are discussed in chapter
2. Chapter 5 gives the performance analysis of gesture recognition using different features
and classification techniques as well as the performance of the gesture based Microsoft doc-
ument handling system. Conclusion and scope of future work in this domain is presented in
chapter 6.



Chapter 2

Literature Survey

This chapter discusses the different steps involved in vision based gesture recognition and
reviews some of the techniques reported in literature for each of the phases. A vision based
gesture recognition system consists of segmentation, feature extraction and gesture classifi-
cation phases. These are further elaborated in the subsequent sections. Figure 2.1 displays
some common algorithms used for segmentation, feature extraction and gesture classifica-
tion. A review of some hand gesture based HCI systems are also provided towards the end
of the chapter.

2.1 Hand Segmentation and Detection

Hand segmentation algorithms deal with extracting the hand region from the image acquired
by the camera. Some common algorithms for segmentation are discussed in the following
subsections.

2.1.1 Skin color detection

Skin color can be detected with the help of RGB color model. Skin color is mapped using
an intensity range and any image is matched with this range thus extracting regions of the
same color marked by the range. This generally has three problems. First illumination
changes influence the intensity range. Secondly different people have different skin color
thus leading to a different intensity ranges. Thirdly, if the image has other regions which
are skin colored too,they will also be extracted. Red, Green, Blue (RGB) color space is
the most common color space used to represent images. RGB has high correlation, non-
uniformity and mixing of chrominance and luminance data. Therefore RGB is not suitable
for color analysis and color based recognition[25]. To overcome this problem, normalized
RGB has been introduced to obtain the chromaticity information for more robust track-
ing [26][27][28][29]. However, normalized RGB still suffer illuminations problems.HSV and
YCbCr color spaces have the luminance and chromaticity information and is hence attractive
for skin color modeling[40][41].
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2.1.2 Region growing

Region growing algorithms take one or more pixels, called seeds, and grow the regions around
them based upon a certain homogeneity criteria. If the adjoining pixels are similar to the
seed, they are merged with them within a single region. The process continues until all the
pixels in the image are assigned to one or more regions. The focus of different region growing
algorithms is on investigating how different merge criteria affect the quality of segmentation
and the processing time.

2.1.3 k-Means Clustering

k-means clustering is a partitioning method. The function k-means partitions data into k
mutually exclusive clusters, and returns the index of the cluster to which it has assigned
each observation. Unlike hierarchical clustering, k-means clustering operates on actual ob-
servations (rather than the larger set of dissimilarity measures), and creates a single level of
clusters. The distinctions mean that k-means clustering is often more suitable than hierar-
chical clustering for large amounts of data. It finds a partition in which objects within each
cluster are as close to each other as possible, and as far from objects in other clusters as
possible. Each cluster in the partition is defined by its member objects and by its centric, or
center. k-means uses an iterative algorithm that minimizes the sum of distances from each
object to its cluster centric, over all clusters. This algorithm moves objects between clusters
until the sum cannot be decreased further. The result is a set of clusters that are as compact
and well-separated as possible.

2.1.4 Thresholding

Thresholding techniques fail to segment hand regions from complex backgrounds. Other
than basic thresholding algorithms, work in this area include the use of two dimensional
histograms of an image. In 2D histograms, the information on point pixels as well as the
local grey level average of their neighbourhood is used. The application of Fisher linear
discriminant to the histogram results in an optimal projection where the data clusters are
better defined and hence easier to separate by choosing appropriate thresholds.

2.1.5 Motion detection

Hand regions are often tracked across a sequence of frames in case of dynamic gestures.
Assuming a static background, the hand can be extracted from each frame through frame
differencing. Other tracking algorithms like kalman filter are also used in this case.

2.2 Features extraction

Feature extraction describes the relevant shape information contained in a pattern so that
the task of classifying the pattern is made easy by a formal procedure. In pattern recognition
and in image processing, feature extraction is a special form of dimensionality reduction. The
main goal of feature extraction is to obtain the most relevant information from the original



data and represent that information in a lower dimensionality space. When the input data to
an algorithm is too large to be processed and it is suspected to be redundant (much data, but
not much information) then the input data will be transformed into a reduced representation
set of features (also named features vector). Some feature extraction techniques are discussed
below.

2.2.1 The scale - invariant feature transform

This algorithm smooths the sample with different scaled gaussian filters and obtains the
difference of two corresponding scale. It then uses Difference of Gaussians(DoG) to find
minima and maxima points. For this one pixel in the sample DoG is compared with its 8
neighbors as well as 9 pixels in the next scale and previous scales.Taylor series expansion of
scale space are used to get more accurate location of extrema. Orientation Histograms from
the neighborhood of the extrema points are recorded as features.

2.2.2 SURF (Speeded Up Robust Features)

SURF algorithm uses an integer approximation as the determinant of Hessian blob detector,
that can be computed much faster with an integral image. Hessian matrix is computed as
shown in equation 2.1 .

~ |Lae(p,0) Lezy)(p. o)
H.o) =11 (.0) Lyy)(p,0) (2.1)

Where L,,(p, o) is image convolution of second derivative 4% g(o)

2.2.3 Wavelet transforms

Wavelet transforms have become one of the most important and powerful tool of signal
representation. It is used in image processing for data compression, fine feature extraction.
Wavelet transforms are based on small waves, called wavelets. Input images are decomposed
through the Wavelet Packet Decomposition using the wavelet basis function to get detailed
and approximate coefficients. The Approximation (A) gives the lowpass image whereas three
detail coefficients Horizintal (H), Vertical (V) and the Diagonal (D) as shown in Figure 2.2
are obtained.

10
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Figure 2.2: Schematic diagram of 2D wavelet transform

wavelet (1) = fappros(T) = region(p)g(2T — p) (2.2)
wavelet f(T) = faetaa(T) = Tegion(p)h(21 — p) (2.3)
F(7) = [fapproa(T) faetait (T)] (2.4)

wherep — polar(x,y), g — highpass filter, h — lowpass filter

2.2.4 Gabor filter

A Gabor filter, named after Dennis Gabor, is a linear filter. Gabor filter gives pertinent
feature information and is ideal for texture representation. In the spatial domain, a 2D
Gabor filter is a Gaussian kernel function modulated by a sinusoidal plane wave. The 2D
Gabor filter is applied on a sample image with different scales and orientations. The real
and the imaginary parts are convoluted to form the final filtered image. The Gabor filtered
image is a result of the original image convoluted using the gabor kernel. Usually the gabor
kernel 1., ,, is constructed using five scales v = 0,1, 2, 3,4 and eight orientations v = 0,1, ..7
hence resulting in a very high dimensional representation.

[

Py o(2) = 52 [e"rv? — 77| (2.5)
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where k., = k,€'%7, § = 27, K, = ez f = V2, Bpae = 5 0y ==, 2 = (r,¢) and |||
denotes the norm operation.

2.3 Hand gesture Classification

Classification methods referred here are either distance classifiers like euclidean and maha-
lanobis or learning algorithms like neural network and support vector machines. These are
further elaborated in the following subsections.

2.3.1 Distance Metrics

Distance metrics is used as a classifier to choose the best class given n classes and a test
sample. Two common distance metrics are discussed below.

FEuclidean Distance

The Euclidean distance gives the straight line distance between two points in Euclidean
space. With this distance, Euclidean space becomes a metric space. The associated norm is
called the Euclidean norm. If the two pixels that we are considering have coordinates (xy, y)
and (z9,y9) then the Euclidean distance is given by:

Dguctia = v/ (12 — 21)2 + (ya — 1)? (2.6)

Mahalanobis distance

The Mahalanobis distance is a measure of the distance between a point P and a distribution
D, introduced by P. C. Mahalanobis in 1936. It is a multi-dimensional generalization of
the idea of measuring how many standard deviations away P is from the mean of D. This
distance is zero if P is at the mean of D, and grows as P moves away from the mean. Along
each principal component axis, it measures the number of standard deviations from P to the
mean of D. If each of these axes is rescaled to have unit variance, then Mahalanobis distance
corresponds to standard Euclidean distance in the transformed space. Mahalanobis distance
is thus unitless and scale-invariant, and takes into account the correlations of the data set.
The Mahalanobis distance of an observation x = (x1,xa,x3, Tq, ...... :rN)T and covariance
matrix S is defined as

Du(a) = v/(w = 0)7S 1@ — ) (2.7)

Mahalanobis distance (or ”generalized squared interpoint distance” for its squared value

can also be defined as a dissimilarity measure between two random vectors @ and § of

the same distribution with the covariance matrix S. If the covariance matrix is the identity

matrix, the Mahalanobis distance reduces to the Euclidean distance. If the covariance matrix
is diagonal, then the resulting distance measure is called a normalized Euclidean distance.

A7, 7) = (7 - 95T - 7) (2.8)

12



where s; is the standard deviation of the x; andy; over the sample set.

2.3.2 Support vector machine

SVM is a non-linear analysis first proposed by Burges in 1998. Support Vector Machines are
based on the concept of decision planes that define decision boundaries. A decision plane
separates between object sets having different class memberships. One of the bottleneck
of the SVM is the many number of support vectors used for the training set to perform
classification (regression). Given a set of instruction examples, each marked as to belong to
one of the two category, an SVM training algorithm check a model that assigns new examples
into one category or the other. An SVM model is a demonstration of the examples as points
in space, a map so that the examples of the separate categories are divided by a clear gap
that is as wide as probable.

2.3.3 Adaboost Algorithm

Adaboost, that stands for adaptive boosting is a machine learning algorithm that is used for
finding strong classifier from weighted sum of weak classifiers. AdaBoost is adaptive in the
sense that subsequent weak learners are tweaked in favour of those instances misclassified
by previous classifiers, and there weight will be increased so that next classifier concentrates
more on those instances. Weak classifiers are rectangle features. Adaboost assign each of
weak classifier weight to make a strong classifier.

2.3.4 Neural Network

Neural networks are composed of simple elements operating in parallel. Neural networks are
models that are capable of machine learning and pattern recognition. They are usually pre-
sented as systems of interconnected neurons that can compute values from inputs by feeding
information through the network. Commonly neural networks are adjusted, or trained, so
that a particular input leads to a specific target output. There, the network is adjusted,
based on a comparison of the output and the target, until the network output matches the
target. Typically many such input/target pairs are used, in this supervised learning, to train
a network. Neural networks have been trained to perform complex functions in various fields
of application including pattern recognition, identification, classification, speech and vision
and control systems.

There are two modes of learning: Supervised and unsupervised. In Supervised learning,
the weights of the network are learned given a set of input and output through a number of
iterations. The data flow starts from the input to the next hidden layer neurons and then
the output layer. The error is obtained from the predicted and observed output difference,
and weights between the neurons in each layer is corrected till a fixed number of iterations
or error threshold. Neural networks which use unsupervised learning are most effective for
describing data rather than predicting it. Here no output is given to the system during
training. It basically works as a classifier where the input data is grouped into distinct
separable classes.

13



24

Related work on Hand Gesture based HCI
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Figure 2.3: Hand Gesture based HCI

. Hand gestures have been a substitute of mouse and keyboard for many desktop appli-

cations . Some of these include stroke gestures for marking menu selection, circular
motion gestures acting like radial scrolling effect for navigating through documents [32]

. Virtual reality interactions use hand gestures to enable realistic manipulations of virtual

objects using ones hands, for 3D display interactions . Non-immersed interactions,
semi-immersive interactions as well as fully-immersive interactions with the virtual
world was presented here. Non-immersed interaction involved handling virtual objects
without being a part of the scene, where as in semi -immersed interaction the user is
represented in the scene as an avatar. Fully immersed interaction enables navigating
around a 3D information space using a stereoscopic display [33].

. A fully-immersed virtual reality based robot control was presented where the robot en-

vironment is provided to the user through video feed. The user movement in replicated
to the robot which moves and actually grabs the objects the user is virtually touching.
[34].

Users can control smart home appliances such as TV, fan, lighting, doors and change
channels, temperature, and volume by just hand gestures using a hand gesture interface

14



10.

system via a depth imaging sensor. Depth images are recognized using random forests
(RFs) classifiers and mapped to generate control commands for the appliance control
interface[36].

. A vision based hand gesture interface for robot control using a fixed set of manual

commands and a reasonably structured environment was presented [37].

. A human-robot communication by bare hand dynamic gestures was also proposed

using a Bag-of-Features and three dimensional histograms of a gradient orientation as
features and SVM as classifier [38].

Gesture based interaction with a mobile device was proposed by Prasuhn, Lukas, et al
[39].

Siddharth S. et al. presented a hand gesture HCI system for controlling virtual games,
browsing images [30].Hand gestures are tracked using camshift and Haar features.

. A multi-gesture based interaction for 3-D File System Navigation and ”Midgard” Ge-

ographic Information Visualization was presented by Michael J. Reale et al [31]. In
this research the current directory is represented as a large 3-D sphere, subdirectories
are represented as smaller orbs and files as cubes. Opening a subdirectory is analogous
to zooming into this smaller orb. For both the applications, head pose controls the
rotation of the folders in the sphere or map for GIV, head position allows the user
to zoom out or out , mouth opening switches modes, the hand controls the primary
cursor, and the eyes control the secondary cursor.

Hand gestures are also used to play computer games. Here the players hand and body
position is tracked to control objects such as car[35].
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Chapter 3

Problem Statement

With the development of present computing, current user interaction approaches with key-
board, mouse and pen are not sufficient. Due to the limitation of these devices the usable
command set is also limited. Direct use of hands can be used as an input device for providing
natural interaction. A thorough literature review suggests the use of touch, speech, gesture
based applications like smart homes, collaborative working environments, advanced informa-
tion visualization, gaming systems, virtual keyboard and many more. A lot of gesture based
applications for desktop computing systems, mobile devices are reported. As an extension
to these, this thesis aims to present a gesture based HCI system for interfacing Microsoft
Word document. This involves two main operations:

e synchronization between, gesture recognition and action invocation module
e accuracy of gesture recognition.

The former deals with interpretation of gesture forms and flows. A form gesture may have
a distinct path without and distinct pose or a distinct pose without any distinct path.
Gesture flows are discrete or continuous depending on whether the action is invoked at
the end of the gesture or during the gesture. The second operation stems down to any
gesture recognition problem where the main criteria is using robust features, efficient learning
algorithms, and huge training set so that a high accuracy performance is achieved subject to
varying illumination, hand orientations and skin color. The main contributions of this work
are:

a two state discrete distinct pose based model for gestures

a robust feature set for unique gesture representation.

a decision fusion approach for gesture classification which facilitates decision making
using a multimodal feature set.

a color and shape model for handling real time skin color, illumination and hand pose
orientation variations, hence cutting down the requirement for any explicit training set
to train the gesture database for realtime gesture recognition .

16



Chapter 4

Methodology

This chapter discusses the gesture based HCI system in detail. The system consists of a
camera which will acquire images in real time. The software consists of three modules (as
seen in figure 4.1). (i) A feature database which was trained offline (ii) A module called
synchronize which detects gestures from captured images and matches it with the database
for a valid gesture.(iii) The third module actor performs the desired event based on the
matched gesture. The feature database generation and synchronization is done using Matlab.
The actor needs to interface Microsoft OLE for the corresponding events to be handled in the
word document. Document opening, closing, scroll up, scroll down, font color and size are
the different events handled by the interface currently. The entire work can be divided in two
phases (as seen in Figure4.2). In the first phase, a set of gesture images are trained so that
each gesture corresponds to a particular pattern. This includes hand region segmentation
from an image, extracting features from the segmented region, using the feature vector for
training. In the second phase a hand gesture has to be mapped to an event in realtime
and the corresponding event needs to be performed. Three kinds of feature extraction and
classification is discussed here. These are marked as FECI,FECII and FECIIIL. These are
elaborated in the sections below. Later in the chapter, the shape and color model used to
escape large training dataset is elaborated.

e SURF, Wavelet, features and their Canonically correlated feature with neural network
e Decision fusion of SURF & Wavelet features using euclidean distance metrics

e Wavelet-Gabor, Gabor-PCA and Wavelet-Gabor-PCA features with euclidean classi-
fiers
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REAL TIME RAW IMAGES

!

TRAINED FEATURES SYNCHRONIZE IMAGES,
EXTRACT AND MATCH GESTURE
(SEGMENTED, FEATURE WITH THE DATABASE FOR A
EXTRACTION AND Ed VALID GESTURE

CLASSIFICATION)

MAPPING GESTURE TO EVENT

ACTOR PERFORMS THE
DESIRED EVENT

l EVENT PERFROMED

Figure 4.1: Gesture based HCI system for Word Document Han-
dling

TESTING
——{ IMAGE ACQUISITION ‘
TRAINING AND DATA SET
SYNCHRONIZATION
r—— SEGMENTATION
FEATURE -
DETECTION FEATURE
DETECTION
CLASSIFICATION
MATCHING
|, ACTION BY GESTURE

Figure 4.2: Flow Chart Of The Proposed Gesture Recognition Sys-
tem
4.1 Image sequence by camera and Acquizition
Images in realtime are acquired using the webcam provided in the laptop. The image acqui-

sition program is looped to continuously capture snapshots every second. Any variations in
gesture representation due to snapshot intervals are handled by the synchronization module.
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4.2 Segmentation

In this phase, hand regions need to be extracted from the background for feature extrac-
tion and recognition purposes. The performance of the feature extractor largely varies on
the segmentation algorithm selected. The task becomes challenging with cluttered back-
ground. Also, the algorithm should be robust against scene illumination and skin variations.
Background modelling with K Gaussian distributions [51], connected-component labelling
algorithm [52], Automatic Seeded Region Growing Algorithm (ASRGC) [54] with YCbCr
model, meanshift filters are some of the mostly used segmentation algorithms. K-Means al-
gorithm is used for segmentation in the present work. Given a set of observations (y1, ¥, , Yn),
where each observation is a 3-dimensional real vector, k-means clustering aims to partition
the n observations into k(< n)sets v = vy, vy, , vk 80 as to minimize the within-cluster sum
of squares (WCSS). In other words, its objective is to find o.

o= Ny pl? (1)

=1 yev;

where p; is the mean of points in V;.

(a) Hand image (b) Clustered image (c¢) Returned skin color

Figure 4.3: k-means on RGB color image for skin color segmentation

4.3 Features extraction and Classification

Previous work on Gesture recognition has used shape based , keypoint based as well as
region based algorithms. Shape based algorithms used different shape signatures (fourier
descriptors for example) to detect hand shape while SIFT [53] is an example of keypoint
based techniques. Region based algorithms like wavelet descriptors, PCBR are also used by
many researchers.

Two types of classification are generally used by recognition applications. One category uses
various distance metrics like Euclidean and Mahalanobis to compute the difference between
the test vector with the different classes of vectors and assigns the test vector to the class
having the least distance. Another category uses machine learning algorithms like SVM,
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NN, AdaBoost, HMM to classify the data. The feature extraction and classification used in
this work is further elaborated.

4.3.1 FECI

Here Surf (figure 4.4) and Wavelet features (figure 4.5) are separately tested with neural
network. Also, the SURF and Wavelet features are canonically correlated (CC) and tested
with neural network(equation 4.3).

(a) Segmented image (b) rgb to gray image (¢) SURF FEATURE

Figure 4.4: SURF feature on segmented image

(a) ) Segmented image (b) ) Wavelet transforms for (c) 2nd level decomposition
decomposition of image

Figure 4.5: 2D wavelet transform

CC creates a new feature vector for each set of SURF and wavelet vectors such that the
correlation between these variables is maximized and independent of affine transformation.
Equation 4.2 gives the canonically correlated variable Z.
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Where z; and y; denote the SURF and wavelet feature vector of the i’ image respectively.
A and B are the eigenvectors of C'C,,C, 'CY and C' C,, C, 'C,, vespectively. C,, gives
the covariance matrix of x and y and L denotes the total number of training images.

x=[—1,21, %0, T3, Ty erernn.. Tp

weights w = [—1, wy, Wy, W3, Wy, .ec...... W)

P
output odx = Z x; * W,

i=0
error e, = ox — odx odx is the actual output
oe
updated weights Aw; = —p * 4.3
p weig P S (4.3)

Table 4.1 gives the parameters for neural network performance.

‘ Parameters ‘Values‘

Performance | 91.54

Training 0.9871

Validation | 0.9218
Stop error 0.01
Learning rate .09

Table 4.1: Neural Network Performance Parameters

4.3.2 FECII

Given any test image, SURF and Wavelet features are computed and euclidean distance
between each training SURF and wavelet vector is computed respectively. Decision fusion
is carried out using equation 4.4.

1 1
a5t = =+ — 44
where d? is the euclidean distance computed for all image vectors z; and test vector z*. The
i for which d°°™ is the maximum is considered as the correct match.
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4.3.3 FECIII

Three types of feature vectors are considered here for classification using euclidean distance.
(a) PCA applied with Gabor

(b) Gabor applied on low pass coefficients of wavelet image

(c) PCA applied on (b)

b
&

(a) Hand image (b) Gabor images

Figure 4.6: Gabor filter is applied on the image with 5 scales and 8 orientations.
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(a) Original image (b) Wavelet low (¢) Gabor filtered

image with low images with differ-
pass component ent theta orienta-
highlighted tion

-

(d) Gabor filtered (e) Gabor filtered

images with differ- images with differ-
ent theta orienta- ent theta orienta-
tion tion

Figure 4.7: Lowpass DWT coefficients for applying gabor filter

Principal Components Analysis (PCA) is utilized here for dimension reduction as well
as improved feature set in a eigen space. PCA is applied over the training data set of each
feature vector where rows correspond to number of images and columns correspond to size
of each vector. Each feature x; in the feature vector is further transformed in the eigen space
using equations 4.5 to 4.9. The mean vector of each feature is calculated using equation 4.5.

m

=3 (4.5)

The covariance C; of the feature 7 in the training set is calculated using the mean adjusted
data ¢;

Pi = Xi — Hi (4.6)
1
m

The feature is then transformed to the eigen space using the eigen vectors w; of the covariance
matrix C; as shown in equation 4.8.

Qi = wl .ol (4.8)
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For any test image the transformed vector in the eigen space is calculated from the feature
X; using equation 4.9.

~

Q; = w!.p] (4.9)
where

i = Xi — g (4.10)
The distance matrix is calculated by finding the distance between each training image prin-
cipal component vector Q! and test image principal component vector ;.

4.4 Synchronization

A software-based system for the real-time synchronization of images captured by a lowcost
camera framework is presented (as seen in figure 4.8). It is highly recommended for cases
where special hardware cannot be used. Every gesture is identified in two steps. A start
symbol denotes the start of the gesture, which is followed by appropriate document open,
close or other gestures. As shown in the figure 4.9, interim invalid gestures may be captured
in snapshots while the user is forming the particular gesture. All these gestures will not find
any match in the database, however the recognition module will run unnecessarily wasting
processor time. Hence a frame is passed for recognition only after it becomes static. Thus
only when last three captured frames have no change, it is forwarded for segmentation,
feature detection and gesture recognition. The start state is maintained as long as a valid
gesture is not recognized. Once a gesture is recognized and the corresponding event is
invoked, the cycle is complete. The next event will be marked by another start state.

4.5 Document Handling

The work uses existing MS Office Automation (OLE) modules and interfaces it with corre-
sponding gesture recognition events. This is shown in figure 4.10 and table4.2. For example
when a gesture denoting document open OLE is invoked, it is recognized as 001 which in
turn calls the corresponding module to open the document, and the document is opened.
Same is the case for the font color, size or scroll gestures.

| GESTURE | RECOGNITION | FUNCTION INVOKE | Action perform
1 001 CMSWord :: OpenDocument Microsoft word open
2 010 SpinButtonlgpinDown() Microsoft word scroll up
3 011 SpinButtonlgpinUp() Microsoft word scroll down
4 100 CMSWord :: SetFont Microsoft word font change
5 101 CMSWord :: Close Documents() Microsoft word close

Table 4.2: The table shows the output for each recognized gesture and the corresponding

function it invokes
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A

gesture

Figure 4.8: A start gesture and another corresponding
gesture is required for an event invocation.

RS

Figure 4.9: Transition between 2 gestures captured by the camera.

7

4.6 Color Model

This model handles skin color variations and illumination changes between the stored image
and any test image in the following manner. The test input is tuned according to the
stored lighting by synchronizing the color component of the training image with the testing
image. Color synchronization involves modifying the color component obtained using the
fundamental frequency component of an image.

The hand region in the single training image is manually extracted and represented as

M = (e, 00 (4.11)

Where p. and o, denote the mean and variance of the intensity segment of each color
channel L.— H,. , Ce red ,green and blue. L.— H, encompasses the entire range of the model
excluding outliers. In the present case outliers are selected as intensities with probabilities
less than a threshold t, selected experimentally. Regions in the test image are extracted
based on the model M. Pixels which have intensities in the range pu. + +do. , where d is
taken as 2 in the current results.
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(a) Start gesture 000 (b) Document open 001 (¢) Document scroll up 011

(d) Document scroll down 010 (e) Document font change 100 (f) Document close 101

Figure 4.10: The different gestures used for particular events

(a) Sample training image (b) Sample test image (c¢) Modified test image

Figure 4.11: Skin color variations and illumination
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(a) Testing rgb image (b) Segmented image (c¢) Returned skin color

Figure 4.12: RGB color model for segmentation.

4.7 Shape Model

Each testing image is reconstructed based on the single training image before feature vector
generation. SURF features are used for feature matching and registration of test image.
This is further shown in figure4.13
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(a) Stored image

(¢) Testing image 2 (d) Reconstruction image of (b)

(e) Reconstruction image of (c)

Figure 4.13: SURF features are used for feature matching and registration of test image

The shape model is implemented using a look up module which has three entries per
gesture, with a total of 6 gestures G1,G2,...G6. A surf vector, a wavelet-gabor vector, and
the pattern denoted by the gesture. Any test gesture is first segmented using the color model.
It is then registered individually with all the six gestures using surf features generating 6
registered images R1,R2,...R6. Wavelet-gabor vectors are created for all the six registered
images and a one to one matching is done, i.e. wavelet-gabor vector of L1 is matched with
G1,L2 with G2 and so on. The best match gives the matching gesture.
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Chapter 5

Experimental Results

The system is tested in realtime using FECI,FECIL,FECIII and Shape model and the results
obtained are illustrated.

5.1 Results with FECI and FECII

A dataset of 300 images are considered for training. Three types of sample images as shown
in figure5.1, are considered for experimental purpose for all the methods and procedures
explained in this paper namely clear background (C1) , slightly cluttered background (C2),
and slightly cluttered background with changing lighting conditions (C3). Some of the images
are captured in home environment without any special lighting using a consumer quality web
camera. The resolution of the images considered for processing after segmentation is 128 X

v M

(a) 20 gesture clear back- (b) 20 gesture clear (¢) 20 gesture clear
ground (C1) background (C2) background (C3)

Figure 5.1: Training images with different skin color, illumination, background and hand
angle
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Figure 5.2: Sample test Images used for testing the sys-
tem in realtime.

The accuracy and performance of the proposed system was further verified using realtime
test cases. Hundred gestures (some of them are shown in figure5.2 ) , randomly selected
and performed, by different people at different illumination and backgrounds were used
for generating the test results shown in table5.1 and 5.2. Table 5.2 gives a comparison of
different feature vectors used. The technique which gives the best performance (decision
fusion approach in the present case) is further used for word document interfacing. The time
and performance accuracy for each event is shown in table).2.

‘ No ‘ Method ‘ Percentage ‘
1 wavelet transformation 93
2 | Speeded Up Ro- bust Features 90.5
3 feature fusion 87
4 decision fusion 96

Table 5.1: Performance comparison of individual methods for correct gesture recognition.

It was seen that the decision fusion approach with wavelet and SURF features gives a
satisfactory performance on the current dataset

‘ Gesture Action ‘ perform ‘ Percentage ‘ Time in second ‘
a Microsoft word open 95 4.5
b Microsoft word scroll up 92 4
c Microsoft word scroll down 91 3.5
d Microsoft word font change 93 3
e Microsoft word close 90 3.25
f Start gesture 98 2

Table 5.2: Performance of event invocation on gesture recognition, using decision fusion of
SURF and Wavelet feature

5.2 Results with FECIII

The same dataset used for FECI and FECII was considered. The vector sizes used were
160 X 160. The accuracy and performance of the proposed system using different feature
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vectors was verified using 100 realtime test cases as shown in figure 5.2). Table 5.3 gives a
comparison of different feature vectors used. The technique which gives the best performance
(wavelet-gabor- pca) is further used for application invocation as shown in table 5.4.

‘ Method ‘ Recognition Rate ‘
Wavelet Gabor 97.2
Gabor Pca 94.5
Wavelet Gabor Pca 98.3

Table 5.3: Comparison of gesture recognition using different feature detection methods

‘ Gesture Action ‘ perform ‘ Percentage ‘ Time in second ‘
a Microsoft word open 95 4
b Microsoft word scroll up 92 4
c Microsoft word scroll down 91 4.5
d Microsoft word font change 93 5
e Microsoft word close 90 3
f Start gesture 98 2

Table 5.4: Performance of event invocation on gesture recognition, using wavelet-gabor-pca
feature and distance classifier

5.3 Results for Shape-Color Model

The system is tested with 100 test samples. Hundred gestures randomly selected and per-
formed, by different people at different illumination, poses and backgrounds were used for
generating the test results shown in table5.5. The time and performance accuracy for each
event is shown here. It is observed that the system is robust even without a training set .

‘ Gesture Action ‘ perform ‘ Percentage ‘ Time in second ‘
a Microsoft word open 95 2
b Microsoft word scroll up 92 2
C Microsoft word scroll down 91 2.5
d Microsoft word font change 93 2.5
e Microsoft word close 90 2
f Start gesture 98 1

Table 5.5: Performance of event invocation on gesture recognition using color-shape

model,wavelet-gabor feature,distance classifier
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Chapter 6

Conclusion And Future Work

The thesis proposes a gesture based Microsoft Document handling system which operates
using a two state gesture model. The performance of the system depends on the gesture
synchronization and the gesture recognition algorithms. The former have been handled by a
temporal modelling of gestures. This can further be improved by combining temporal model
along with form and path. The gesture recognition shows a performance collation between
SURF and wavelet transformation along with neural network, feature fusion and decision
fusion approaches. The system has also been tested with a combination of different scale
space features like gabor and wavelet. Combinations of PCA over wavelet images, gabor
feature on wavelet images, PCA on wavelet gabor have been evaluated with distance classi-
fiers. It has been observed that the decision fusion of Wavelet and SURF features provide
the best results with the test set used. The number of features chosen for decision or feature
fusion can be increased based on the available hardware for implementation. It was limited
to two in the present work, implemented, on a laptop with Intel core i3 processor (CPU
2.27GHz) on a 64 bit windows platform. The use of color and shape model instead of a
large training set also shows a stable performance. This facilitates two factors:- Primarily
the space requirements of the system to save huge offline databases is excluded. Secondly,
any new gesture can be added to the system without re-training of the former model. The
color and shape model hence satisfactorily handles illumination and pose orientation changes.
Wavelet-Gabor features, chosen for feature extraction in this case helps in extracting perti-
nent feature information.

A number of extensions of the current work can be pursued:

e The work can be implemented on other softwares like Acrobat Reader, PowerPoint,Excel
for example

e Two dimensional image information processed by the recognizer can be extended to
include the depth dimension. This can help estimate user distance from the screen.
Thus there will be an automatic zoom in or out depending on this distance

e Dynamic gestures can be considered instead of static ones. As a result the same
gesture will work for scroll up or down depending whether the hand is moving upwards
or downwards
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