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Abstract

KINECT has been recently introduced in the market as a low cost 3D acquisition
device, so it will be interesting to discover the power of this device when ‘we use it
for gesture recognition. In this thesis, we propose a real-time gesture recognition
system using 3D sensor that transforms gestures into a set of useful words using
different machine learning algorithms and taking into consideration temporal fea-
tures. A depth image, which is provided by KINECT, will be used to construct a
skeleton of the human body. We have used Nearest Neighbor (NN) with different
distance formulas, Self Organizing Map (SOM) and Hidden Markov Model (HMM)
for recognition. The result of this thesis using the 10 fold cross validation shows that
HMM may provide recognition accuracy up to 96 percent, while using NN algorithm
with Spearman distance we can obtain around 90 percent accuracy and around 75
percent of accuracy using the SOM algorithm. All three algorithms has works in

real-time.
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o apter 1

troduction

Gesture recognition is defined as interpreting human gestures using mathematical
:.153\ Gestures can. originate from any bodily motion or state [33]. Current
focuses in this field include emotion recognition from the face, hand gesture recog-
nition or even body gestures. Many approaches have been made using cameras
01’5 computer vision algorithms to interpret sign language. However, the identifica-
tion and recognition of human behaviors is also the subject of gesture recognition

:"é’ﬂ ] 'ques.

1.1 Gesture recognition

In order to point out the main reasons for using gesture recognition we need to list
some of basic commonly used gestures in our daily life. For example if we need to

stop a taxi, we use a specific gesture, and if we want to say ”goodbye” or "hi” or



even point to something we can use an awareness gesture. All these gestures as a
motion vary between different countries and cultures. These gestures, which we use

every day, can be promoted as part of our language.

One of the important benefits of gesture recognition is that it can provide help
and assistance for people with disabilities such as the deaf or anyone who cannot use
his voice to communicate or make gestures using his/her body. If we can provide
them a way to communicate with other people by interpreting their sign language
into spoken words, or even those who don’t know sign language, gestures can be
very important.

Gesture recognition can also be used in some security and monitoring fields.
These days cameras and monitoring devices are found everywhere and with low cost,
we can use this technology to improve automated detection for some interesting or

suspicious behaviors in many firms or even in the street (emotion recognition).

The types of gesture recognition vary based on the applications it is used for, and
the human body part it recognizes. These situations and variables determine the
device we may use. Some gestures, which are based on hand motion can be detected
and recognized using hand gloves, other motions like face gestures and expressions
need cameras. When tracking the whole human body gesture we may need two or
more stereo 2D cameras, or a 3D camera.

Due to the availability and the low cost of the 3D cameras nowadays in the
market like KINECT which is a 3D depth imaging device produced by Microsoft in

2010 [20], we have focused on the human body motion and gestures. This type of



recognition collects information about the human body and translates motion into

meaningful words humans can understand and work with.

Generally, if we can recognize and translate the body motions collected by any
type of sensor as an input for a computer to useful and meaningful words, it may
improve the usability of the technology that helps people who have physical limita-

tion.

The use of gesture recognition as an input device for the computer may eliminate
the need of some other ordinary input devices such as keyboard, joystick or mouse
specially when there is a physical limitation for the user. It can be used for many

applications and may work in a more speedy and accurate manner.

Gesture recognition may be used in many applications such as communication
strategy. This can be used by the computer for gestures to recognize, understand,
actions to perform and even words to translate and speak. This type of gestures may
focus on a whole body motion or facial expressions or even hand movement. Many
types of sensors may be used to apply the communication types for this purpose.

Security fields can detect interesting or suspicious motions of person behavior.
Also other applications can be in gaming and entertainment fields. So that it can
be used with situations which human and machine needs to communicate without
physical connection.

In order to make our experiments and explore the performance of the KINECT
sensor for gesture recognition goal, we need first to collect the 3D images and make

some processing and normalization, then we need to transform the processed infor-



mation into 3D skeleton to understand the gesture in the skeleton using machine
learning approach taking in consideration the context of this gesture in order to

translate the gesture meaning to the user.

1.1.1 Problem definition of gesture recognition in general

Using KINECT sensor and the corresponding part recognition algorithm, a skeleton
of N joints is produced from each frame. Each joint is represented as (z,y, z) point
in 3D space. A gesture is to be recognized from a sequence of V' frames using a
gesture recognition approach L. This approach L will classify each gesture into C
classes. The gesture recognition is to find L such that L(X;) = c¢;; with maximum
recognition rate. Where X; is the sequence of N x V points, and ¢; € C' gesture

class.

1.1.2 Contribution

Our contribution in this thesis is to obtain and achieve a gesture recognition system
using the KINECT sensor under real-time constraints (=~ 30fps). We have im-
plemented a gesture recognition system using different algorithms and a KINECT
sensor. The algorithms are Nearest Neighbor Algorithm (NN) with different dis-

tance measuring methods, Self Organizing Map (SOM) and Hidden Markov Model
(HHM).




1.1.3 Thesis structure

Chapter 2 is concerned with the main theoretical background needed for the reader
to understand the next Chapters. It is divided into five main sections that should
cover all topics as follows: Clustering, KFold cross validation, Temporal Models,

KINECT and Infrared technology and Building skeleton.

Chapter 3 reviews some literature for gesture recognition and presents the pre-
vious research work. Presenting What researchers used in their study like colored
gloves or stereo cameras and others used depth cameras. Many researchers focused
on hand recognition, while some studied the human body gestures. Also we show
what methodology researchers use, some used Hidden Markov Model to achieve their
goal, while others tried to use a simpler algorithm like nearest neighbor classification

and the similarity measure.

Chapter 4 presents our work and how data was acquired, collected and processed
to reach the recognition of gestures. This describes our work using different machine
learning algorithms. We show the process of creating the feature vectors and how
we process these features in order to implement the gesture recognition system using

KINECT.

We show the results we achieved in our experiments in Chapter 5. We have list
the results we obtained from using the Nearest Neighbor, Self Organizing Map and
Hidden Markov Model algorithms.

Chapters 6, summarize our research in this chapter. Also we mentioned and

suggested future work which could be done to increase the knowledge in this field







Chaptér 2

Theoretical background

This chapter is concerned with the main theoretical background needed for the
reader to understand the next chapters. The theoretical background is divided
into four main sections that should cover all topics we need. First we mention
the clustering algorithms which we used to cluster and label the data into classes.
Then we describe the KINECT as a 3D sensor which we have used. After that we
present the cross validation method used in our experiments. Finally, we present

the technology and algorithms for the body part labeling and building skeleton.

21 Review to machine learning approaches

Machine learning approaches are categorized either as clustering or classification.
Clustering is defined as unsupervised classification of patterns, observations, mea-

surements, data items, or feature vectors into groups called clusters [15]. It is a

i
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technique that allows objects with similar characteristics to be grouped together in

order to facilitate their further processing [30]. The clustering problem has been
addressed in many contexts and by researchers in many disciplines. K-Mean and

Self Organizing Map (SOM) are examples for clustering techniques used for solving

problems.

On the other hand classification is supervised learning approach that simply
provided with two sets of data, training and testing sets. The training set is used
to learn from labeled samples so that to identify unlabeled examples on testing set
using highest accuracy. So the goal is for the learner to identify the elements in the
test set and give them the appropriate label. Multiple different approaches are used
for classification [24]. The following sections introduce three classification methods:

Nearest Neighbor(NN) and Hidden Markov Model (HMM).

-2.1.1 K-Mean clustering

Clustering is a widely studied problem, it has been used in many applications. The
K-Mean method is very efficient in producing good clustering results for many prac-
tical applications among some cluster algorithms. In K-mean algorithm, the number
of clusters K is determined before clustering (i.e. means before the implementation),
the number of clusters in the existing data is known. In this way, K-means is not a
complete solution for data clustering (some extension of K-mean called X-mean can
estimate K) [28]. However, some prior knowledge of number of clusters is required,

for instance, we can determine the number of clusters needed experimentally.




KMean is a simple clustering unsupervised machine learning algorithm [1], the

process is based on partitioning an N-Dimensional data into K sets on the basis of

a sample.

The K-Mean starts with K groups each consists of a single random
point [1].When adding a new point to the group which mean is nearest to the new
point, the mean of this group is modified taking in consideration the new added
point. After adding all points to their nearest group based on the mean, we will

have K groups with K centers. Every point will be labeled by its nearest group.

Let the k prototypes (wy,ws, - - - ,wk) be initialized to one of the n input examples
(41,43, - - - ,9,)- In this case, n is the number of pixels which has the higher response.
Each example 7; is equal to one of the prototypes w;. The condition is k£ < 7.
Because the number of prototypes must be greatly less than the number of input
examples, so that the clustering algorithm can be effective, but also assuming that
well defined clusters exist. The principle of K-mean algorithm is to assign each
example to different cluster and give the prototypes that are also the centroids
of clusters. In n input examples, there may be K clusters. C; represents the
jth (0 < j < K) cluster whose value is a disjoint subset of input examples. See
Algorithm 1.

The error is the sum of all the distance. The strategy which can be made is to
keep it as small as possible. So the error also can be used to evaluate the performance
of each iteration. The time complexity of the K-Mean algorithm is O(nkl), where

n is the number of samples, k is the number of clusters and 1 is the number of




iterations [29].

Algorithm 1 The K-Mean clustering algorithm

Initialize k prototypes (wi,ws, ...,ws), such that each input example is assigned
to a certain prototype, whichisw; =4 j € {1,2,...,k} 1€{1,2,...,n}.
Each cluster C; is represented by the prototype w;. examples 4;, where [ €
s, ..., n}.
while The error does not change significantly. do

Find the nearest prototype wj. with certain distance measurements by

i — willa < Nl —wjlla 5 € {L,2,-.., Kk} (2.1)
The error is calculated by:
k
E=)_ > la—wl’ 2:2)
Jj=1 4€Cj

which is the overall sum of the distances between all the examples and its
prototypes.
end while

[29]

2.1.2 Nearest Neighbor(NN) classification

The nearest-neighbor is one of the simplest classification algorithms. The training
phase is simply to store every training sample with its label. To make a prediction
for a test sample, first compute its distance to every training sample data using
one of the distance measuring methods. Then, assign the test sample with the
closest training samples label [8]. In the case that that there are two or more same

distance points with different class labels, then the most numerous class is chosen.

10




And various distance measurement methods are currently used when implementing
bhis algorithm. These are discussed in the following section. The Nearest Neighbor

searching algorithm has a complexity of O(n?) where n is the number of samples [12].

¢ .1 Common distance functions for NN:
s

Given a source vector s and a target vector ¢ both of size n, the distances between

the vector s and ¢ can be calculated using the following methods [27]:

1. Euclidean distance, also known as Ly distance(]|.|,):

3

B=(s=1)(s— ) ‘ (23)

2. Standardized Euclidean distance:

& — (o OV s (2.4)

where V is the n x n diagonal matrix whose jt diagonal element is S(j)?, .

where S is the vector containing the inverse weights. -

. Mahalanobis distance:

R e (2.5)

where C is the covariance matrix.

11




7. Cosine distance:

n
e =) |s; — ;]

Jj=1

5. Minkowski metric:

d3t=

6. Chebychev distance:
IS

d3t=<1—

- 8. Correlation distance:

where

and

Pz (s=38)(—BT
“ T s-3)—TVE-DE-DT

I
Il
S~

12

City block metric, also known as L, distance(||.||):

st

V(s$)(tt)

N
> s
J

(2.6)

(2.7)

(2.8)

(2.9)

(2.10)

(2.11)




éii.ify block metric, also known as L, distance(]|.||;):

de =Y |s; —t; (2.6)

Jj=1

- Minkowski metric:

6. Chebychev distance:
dst = max; {lSj = t_‘il} (28)

7. Cosine distance:

dag = 1——L"-—,> 2.9
& ( N 29)

8. Correlation distance:

(s=3)-H" (2.10)

= VG- 9)-/E- -1

V]
Il
S

N
> (2.11)




dst = (#(s; # t;)/n)

~ where # is the count.

10. Jaccard distance:

" [(Sj #t) N ((s; #0) U (¢ # 0))]

#2006, #0) e

dst =

where # is the count.
. Spearman distance:

(ry = 72) (re = )T
(2.15)
\/(;s —75) (75 — ﬂ)T\/(Tt — 1) (¢ = Ft)T

dst=1—

where

U is the rank of s; taken over sij, $2j, ---Sns» $- Tt is the rank of ¢; taken over

15, tajs ---tnts T Ts and r, are the coordinate-wise rank vectors of s and t,

. Z ey + 1) (2.16)




S gt

7= %Z”" Rl (2.17)

2.1.3 Self Organizing Map (SOM)

Self Organizing Map (SOM) is unsupervised clustering approach that can be used

for classification, it is a type of neural network.

The locations of the responses tend to become ordered to some meaningful co-
ordinates system for different input features, where being created over the network,
and the location or coordinates of a cell in the network corresponds to a particular
domain of the input signal patterns. It had been used for some tasks like robotics,

pattern recognition and even processing of semantic information [21].

Like other neural networks, the SOM has to be trained with samples from the
input-space. These samples are represented as input vectors. During the training
process neurons compete for inputs. With each training step winning neurons are
adjusted to better match the input they receive. Feedback between the neurons

allows the entire network to eventually converge to a final state [21].

After training, each neuron in the SOM will represent a portion of the input
space. To accomplish this representation each neuron is associated with a parametric
reference vector, referred to as a model vector. The length of each model vector is
equal to the length of the input vectors, such that each element within a model
vector represents a dimension of the input-space. The initial values of the elements

are most commonly randomized, such that a mapping of the input-space onto the
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initial SOM would have no meaning. Other initializations are possible and may

reduce the time required for the map to converge [21].

By specifying the dimensionality of the SOM, it can adjust its weights to match
the distribution of the input space, generally as unsupervised approach it will cluster
the data over the cells of the map. On the other hand a trained SOM can be used
for classification, by providing the SOM with a new input vector, it will specify the
Best Matching Unit (BMU) which is the nearest node to the new vector and can be
computed using distance function like equation distance for example. So the SOM

can label each new vector depending on the location of the BMU cluster label.

The following algorithm describes how SOM works, assuming ¢ is the current
iteration, d:limit on time iteration,Wv: current weight vector, D: target input,
f(t): restraint due to distance from Best Matching Units (BMU), usually called the

neighborhood function and a(t): is learning restraint due to time.

[37)

2.1.4 Hidden Markov Model (HMM)

HMM is a statistical approach, which uses previous time series information to esti-
mate output states name. Rabiner [31], Describes in his paper about HMM that it
can be considered as a generalization of a mixture model where the hidden variables
(or latent variables), which control the mixture component to be selected for each

observation, are related through a Markov process rather than independent of each

other.
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Algorithm 2 The SOM algorithm
Randomize the map nodes weight vectors.
Grab an input vector.
Traverse each node in the map.
Use Euclidean distance to find similarity between the input vector and the map’s
node’s weight vector.
while £ < § do
Track the node that produces the smallest (BMU)).

Update the nodes in the neighborhood of BMU by pulling them closer to the
input vector.

Wv(t+ 1) = Wv(t) + 6(t)a(t)(D(t) — Wv(t)) [21] (2.18)

Increase t
end while

Two reasons why HMM became popular. First, the model is very rich with
mathematical structures and can form the theoretical basis for use in a wide range
of important applications. Second, when the model is applied properly, it works
very well in practice for applications [4].

HMMs is used in many applications which interested in predection systems and
signal processing. Also it is used with success to low level natural language process-
ing tasks like part-of-speech tagging and capturing information from documents.

The theory is named by the name of Andrei Markov [26] in the early twentieth

century, after that Baum and his colleagues developed the theory of HMM in the

1960s [2].

Each state in the model emitted all observation symbols with a finite proba-

bility. That makes the model much more expressive statistical tool for modeling
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lerative sequences that can be characterized by an underlying process generating

n observable sequence.

2.1.4.1 Formal Definition:

Given S, the state alphabet set, and V the observation set:

S= (slas%"-a SN) (219)

V= (v, 5, -3 VM) (2.20)

Q is defined as a fixed state sequence of length T', and corresponding observations

Q =(q1,92,--s Gt (221)

O = 01,02, .--, 0t V (2.22)

The Hidden Markov Model is defined as A = (A, B, m) when: A is a transi-

‘? tion array which store the probability of state j following state 7. State transition

 probabilities are time independent:

A = o), a5 = P(ae =8 | 1= 8i) (2.23)
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B is the observation array which store the probability of observation k being
g0 .;tjf,“h ced from the state j, Also it is independent of #:
B = [bi(k)], bi(k) = P(z; = v | ¢ = s:) (2.24)

~and 7 is the initial probability array for the states:

T = [’Il'.;,], Ty = P(q1 = Si) (225)

Two assumptions are made by the model. The first one called the Markov
umption. So states that the current state is dependent only on the previous state

which represents the memory of the model:

P(g | ¢t7") = P(g: | g-1) (2.26)

The independence assumption states that the output observation at time ¢ is

'xepends only on the current state. So it doesn’t independs on previous observations
and states:
P(os | ot71,45) = Ploe | ¢ 11) (2.27)

Following are the three problems related to HMM:

e The learning problem which is solved by the Baum-Welch algorithm:

18




Given some training observation sequences O = 01, 0...0x and general struc-
ture of HMM (numbers of hidden and visible states), determine HMM param-
eters M = (A, B, m) that best fit training data [31].

e The evaluation problem which is solved by forward-backward algorithm: Given
the HMM M = (A, B, ) and the observation sequence O = 0y, 05...0x, calcu-

late the probability that model M has generated sequence O [31].

e The decoding problem which solved by Viterbi algorithm: Given the HMM
M = (A, B,n) and the observation sequence O = 01, 0,...0g, calculate the
most likely sequence of hidden states s; that produced this observation se-

quence O [31].

Following are the three problems in details:

2.1.4.2 Learning

Learning is used to build the model and be able to estimate the model parameters
X = (4, B, ) that best describe that process, we need a set of training data from
a process to be given. Two standard approaches were made to this task. Those
approaches are dependent on the form of the examples and will be referred to as
supervised and unsupervised training. Supervised training can be performed if the
ontain both the inputs and outputs of a process. Also supervised

training examples ¢

training can be perform by equating inputs to observations, and outputs to states,

but if only the inputs are provided in the training data then unsupervised training

must be used to guess a model that may have produced those observations [31].
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To create a model ) is to have a large amount of training examples, each anno-

ated with the correct classification. We define two sets:

o t;---ty is the set of tags, which we equate to the HMM state set s;--- sy

{I:-i wy - -~ wyy is the set of words, which we equate to the HMM observation set

R

transition matrix we use:

Count(t,- | tj)

aij = P(ti | t;) = Count(t;)

(2.28)

 where Count(t;, ;) is the number of times ¢; followed ¢; in the training data.

For the observation matrix:

Count(wg, t;)

bj(k) = P(wk I tj) = C’ount(tj) >

where Count(w,t;) is the number of times w; was appears t; in the training
ata. And lastly the initial probability distribution:

Count(q: = t;)

m = P(QI = ti) = Count(ql) (230)
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In practice, when estimating a HMM from counts, it is necessary to apply

moothing in order to avoid zero counts and improve the performance of the model

3.4

n data not appearing in the training set.

x similar coefficient can be computed forf, = (3).

:' 3 Evaluation

ing a given HMM, and a sequence of observations, to be used for computing

A), the probability of the observation sequence given a model.

-?I‘he probability of the observations O for a specific state sequence @ is:

: it
p(O | @, X) = [P0t | gs A) = by (01) X b, (02) -+ X bz (0r) (2.31)

=1

- and the probability of the state sequence is:

P(Q | A) = Tg1Gqy9,0g205¢T 14T 2 : (2.32)

the probability of the obsérvations given the model could be calculated as:

‘ PO | X) = EP(O 1@ NP | )= E 7Tq1qu(ol)a'qxqzqu(W)---aqr—lq:bqt(OT)
' < iy (2.33)

This result allows the evaluation of the probability of O, but to evaluate it
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ould be exponential in T. Recognizing many redundant calculations would
by directly evaluating Equation 2.33 could get a better approach, and
re caching calculations can lead to reduced complexity.

At each time step the cache as a trellis of states is implemented, calculating the

valued (called o) for each state as a sum over all states at the previous time

(i) = P(0102+ - 0, = 8 | A) (2.34)

y working through the trellis filling in the values of o the sum of the final
column of the trellis will equal the probability of the observation sequence. The

algorithm for this process is called the forward algorithm and is as follows:
Initialization:
0y (6) = mbi(01), 1 << N (2.35)

: 2. Induction:

N
() = 1D ce@aiilbs(oma), 1<t T=11< =N (2.36)

i=1

'! 3. Termination:
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Figure 2.1: The induction step of the forward algorithm [4]

’ 4
p(O | X)) = aT(i) (2.37)

=1

s

";I‘he key to the forward algorithm is the induction step and is depicted in Figure
) 7‘114 For each state s;, a;(t) stores the probability of arriving in that state having
sserved the observation sequence up until time ¢.

' The backwards algorithm is defined as exact reverse of the forword algorithm

with the backwards variable:

By(5) = P(0g +10¢ 201 | & = 8 A (2.38)
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Figure 2.1: The induction step of the forward algorithm
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As the probability of the partial observation sequence from t + 1 to T, starting
in state s;.
The complexity. of the HMM for the three mentioned problems is O(T'N?) [6]

where N denotes the number of states and T is the selected observation time.

2.2 Cross validation

Cross-Validation is a statistical method used for evaluating the learning algorithms
and comparing their results by dividing samples into two sets. One of them is
used for learning and the others are used for validation. Generally the learning
and validation sets must cross-over in successive rounds so that each point has a
chance to be validated [32]. The basic algorithm of cross-validation is K-fold cross
validation.

In K-fold cross-validation the data partitioned into K sets, the size of these
sets is nearly equal. Then subsequently K iterations of training and validation
are performed so that within each iteration a different fold of the data is used for
validation while the remaining K — 1 folds are used for training [32].

Figure 2.2a; demonstrates a first iteration of an example with K = 3. The
darker sections of the data are used for training while the lighter sections are used
for validation, Figure 2.2b and Figure 2.2¢ show the next iterations. In data mining

and machine learning 10-fold cross-validation (K = 10) is the most common.

the process of the cross validation runs as follows:
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(a) First fold selection.  (b) Second fold selection.  (c) Last fold selection.

Figure 2.2: KFold algorithm where K = 3 [32]

In each iteration, one or more learning algorithms use K — 1 folds of data for
training and the learned models are asked to make predictions about the data in

the validation fold [32].

Then a performance for the used learning algorithm is used on each fold calcu-
lated using a performance function like accuracy. Finally when the iterations are

completed, K samples with their accuacy will be available for each algorithm.
Also Different ways can be used to calculate an aggregate measure from these

samples such as averaging [32].

2.3 KINECT and Infra-red technology

2.3.1 KINECT sensor overview

KINECT is a ”controller-free gaming and entertainment experience” produced by

Microsoft for Xbox360 video game platform which allow user to interact and control
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Figure 2.3: KINECT sensor

the Xbox 360 without need to touch the controller [20].The hardware of the KINECT

contains:

Color and depth (RGB-D) sensing camera.

Accelerometer.

Microphones.

Control the rotating and tilting motor.

The RGB camera sends images of 640 x 480 pixels at 30 images per second, depth
frames also of 640 x 480 pixels 30 times a second. The depth sensor range between
0.7 meters to 4.8 meters. A motor tiles the sensor with a range of 27 degrees. Figure

9.3 shows the KINECT sensor and its parts.

The depth image constructed from the infrared laser projector combines

monochrome CMOS sensor under any light conditions.
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Figure 2.4: Camera with infrared sensor sends the infrared beams

Figure 2.5: 3D image

More than one driver for KINECT presented, gives the ability to interact and
communicate with KINECT from ordinary PC’s by acting as a translator between
the operating system and the hardware device.

The first driver published for KINECT is OpenKinect or libfreenect, first de-

veloped by Hector Martin. This driver works for Windows, Linux and OpenKinect

drivers include all code necessary to:

o Activate
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e Initialize
e Communicate data with the KINECT hardware

OpenKinect is cross-platform and run on Windows, Linux, and OS X. The
drivers expose an API for C/C++ and managed code (C#),although drivers pub-
lished by NUI Group (AlexP) known as CL NUI Platform which is Windows
KINECT driver and OpenNI or Open Natural Interaction driver with API’s to
communicate with KINECT [9].

Microsoft released an SDK for KINECT sensor includes:

e Drivers, for using KINECT sensor devices on a computer that is running Win-

dows 7.
e APIs and device interfaces.
e Source code samples.

This library contains a skeleton tracking methods called NUI Skeleton APIL. It
provides information about the location of up to two players standing in front of the
KINECT sensor array, with position and orientation information.

The data provides a set of points called skeleton positions that compose a skele-

ton, as shown in Figure 4.2. This skeleton represents a user’s current position and

pose.




Figure 2.6: Skeleton joints relative to the human body. [20]

2.3.2 KINECT limitation

The KINECT sensor has some hardware and software limitations. Based on some
experiments we made, we have measured the maximum distance captured as 3.8
eters; the minimum distance it captures is 0.7 meters. Also there was an error
fraction with the accuracy of the distance it provides. We have measure the actual
distance for the object placed in front of the KINECT and compare the results with
the output of the sénsor and nqtice that the efror starts with almost 0 on 0.7 meter
the object getting far, the error we calculate was up to

om the KINECT (0.01 for each cm).

distance and increases when

—‘ cm when the object reaches 3.8 meters far fr
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2.3.3 Body part recognition using KINECT

Many researchers proposed different techniques to recognize and build human skele-
ton, either using 2D or 3D information [36]. The process takes an object recognition
approach, designing intermediate body parts representations that map the difficult

pose estimation problem into a simpler per-pixel classification problem.

Their work was done in five phases: data collection and capturing, body part

labeling, extracting features, classifications and joint position proposals.

2.3.4 Data collection and capturing;:

As there are various range of poses which are difficult to simulate, a large database
of motion captured for human actions. The database consist of approximately 500k
frames in a few hundred sequences of driving, dancing, kicking, running, navigating
menus, etc [36].

Often, changes in pose from one motion capture frame to the next are so small.
So similar redundant poses are discard from the initial motion capture data using
furthest neighbor clustering where the distance between poses p; and p; is defined
as max; ” 7 — p%”2 the maximum Euchdean distance (see Equation 2.3) over body

joints j. The result is a subset of 100k poses such that no two poses are closer than

5cm [36).
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2.3.4.1 Body part labeling:

In this phase we need to define several localized body part labels that cover the body.
Some labels are defined to directly localize particular skeletal joints of interest, while

others fill the gaps or could be used in combination to predict other joints [36].

The pairs of depth information and body part images are used as fully la-
beled data to learn the classifier. For the experiments they use 31 body parts:
{LU/RU/ILW/RW head, neck, L/R shoulder, LU/RU/LW/RW arm, L/R elbow,
L/R wrist, L/R hand, LU/RU/LW/RW torso, LU/RU/LW/RW leg, L/R knee,
L/R ankle, L/R foot}, where L: Left, R: Right, U: Upper, W: lower [36]. The left
and right labels allow the classifier to disambiguate the left and right sides of the
body [9].

2.3.4.2 Extracting features:

The feature extraction phase was by employing simple depth comparison features:

fo={,z)=di(z + EI—% = dz(f + 31—1();—)) (2.39)

where d;(z) is the depth value at pixel z in image I, and parameters 6 = (u, v))
. . 1
describe offsets u and v. The normalization of the offsets by 77y ensures the features

are depth invariant. So at a given point on the body, a fixed world space offset will

result whether the pixel is close or far from the camera.

The features become 3D translation invariant. If an offset pixel lies outside the

31




. Figure 2.7: 3D Image features

D Image features [36].(a), the two features produce large depth difference
response. In (b), the same features at new locations produce much smaller
response.

ds or in the background of the image, the depth d;(£) has a large positive

As we can see in Figure 2.7(a), feature 6; looks upwards; so it will give a large
tive response for pixels z near the top of the body, on the other hand the value
1 be close to zero for pixels z lower down the body which may also instead help

d thin vertical structures such as the arm. See 2.7(b).

These features may only give a weak signal about which part of the body the

ixel belongs to, further it is combined to a decision forest which will take care to

curately disambiguate all trained parts.

.3.4.3 Joint position proposals:

'a this phase, 3 randomized decision trees was used. As shown in Figure 2.8, a

A orest is an ensemble of T' decision trees, each consisting of split and leaf nodes.
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Figure 2.8: Random decision forests.
Random decision forests [36].

ch split node consists of a feature fy and a threshold.

In drder to determine class of pixel z in image I as we can notice in Figure 2.8,

all trees in the forest in order to give final classification.

T
P(elI, z) = -,_IF S"R(el,3) (2.40)

t=1
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-vognition and its impact to the recognition features and strategy as we use the
KINECT sensor, we are presenting the previous studies and papers categorized by

which hardware device sensor was used in the research like gloves, stereo, 3D and

LE(I ECT sensor.

Some researchers used special hardware devices like colored gloves or stereo cam-

eras and others used depth cameras. Many researchers focused on hand recognition,

\é' some studied the human body gestures. The methodology researcher’s use

aries. Some used Hidden Markov Model (HMM) to archive their goal, while others

tried to use a simpler algorithm like nearest neighbor classification and the similarity

As possible applications for human interaction with computers has evolved, in-
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i :

st in advancing and perfecting gesture and pattern recognition has increased.

7 are critically important as a communication tool for most people.

With data processing stage some studies use the HMM like [43, 18, 46] who
ised both HMM and neural networks. [7] uses fuzzy and neural network algorithms
es nearest neighbor and furthers neighbor classifiers to predict 3D positions

»f body joints from single depth image and no temporal data.

‘?Kendons gesture continuum suggests that as the quantity of information trans-
mitted by the human voice decreases, the amount of information conveyed by gestur-
ng directly increases [16]. In some casés, they are the only communication method
able (e.g. - some disabled persons). The approach to perfecting gesture recog-

nition varies. Data collection methods include 3D camera images, data gloves, and
Stereo cameras.

" Some researchers used 3D camera image to gain better recognition as [25].

Others try to use different data collection technique like [7] who use Pair of data

3 he use of pairs of data gloves in these studies is common. Lamberti and Camas-

tra [23] used a wool 3-color glove and Learning Vector Quantization to result in a
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real-time recognition rate of nearly 98 percent on 907 different hand gestures. In
this case, one color was used to dye the palm, and each set of adjacent fingers were
colored differently using the other two colors. This particular glove was especially
inexpensive. The system was tested by being asked to classify gestures into one
of 13 classes. The total number of gestures included in these 13 classes was 1541.

Gestures were performed by people of varying physique and from both genders.

Wang and Popovic made use of a multi-colored cloth glove bearing a specific
pattern [40], the idea being that a distinct color set simplifies pose inference to the
point that the actual pose of a hand can be determined with a single frame. This
particular glove had twenty patches made up of 10 individual colors, which were
determined by the capability of the camera to distinguish these specific 10 colors
and no more. Using a nearest-neighbor algorithm, the result of this particular study
was the introduction of a hand-tracking user-input device for computers consisting
of a single cloth glove and one camera. They suggested add-ons to their system
in the form of design props, refined calibration of their camera, multi-touch input

devise, and additional cameras for more accuracy or bimanual input (as long as the

hands do not occlude or interlock).

Keskin, Aran, and Akuran utilized HMM and colored gloves in an attempt to

develop a gestural interface [17, 19]. They used basic web cameras and applied 3D

reconstruction from stereo images, then trained HMMs to recognize specific gestures.

The product of this study was a system capable of tracking two lizlidsindisimoticn

in real-time. The results of their application testing were impressive in that they

successfully identified 98.75 percent of gestures mgllG0itirialsssibuchisisutcessirate
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duced fuzzy rules-based logic for the recognition of hand gestures from Brazilian sign
guage (LIBRAS) [3]. Hand classifications were based on angles of finger joints,

f a set of these segments. This method is accurate as long as a detailed analysis of

ure features is done and that information is maintained in this system.

Guo [14] and Wilson [44] have utilized stereo cameras in studies that suggest feasi-
bility for future human-computer interface technology that will not require precise

articulation tracking. In the case of Guo, a Microsoft Kinect device was used, and
Wilsons work utilized the parametric Hidden Markov Model.

Elmezain, proposed an automatic system that recognizes both isolated and con-

tinuous gestures for Arabic numbers (0 - 9) from stereo color image sequences by
the motion trajectory of a single hand using HMM [13]. There are three basic fea-

tures: location, orientation and velocity used to recognize the continuous gestures;

nd they relied upon the orientation feature in their system. Their database con-

tained 30 video sequences for each isolated gesture number from 0 to 9 and 70 video
sequences for continuous gestures. The LRB topology with 5 states prosented the
| Results show that; an average recognition rate was 98.94 percent

best performance.
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and 95.7 percent for isolated and continuous gestures, respectively. The practical

applications of a robot understanding human direction are of course. endless
3 .

Regarding the data processing phase, many studies utilize the Hidden Markov
Model. For example, Wilson and Bobick [41] pioneered work in this area by pre-
senting a parametric approach able to learn an HMM from a set of demonstrations,

where recognition is achieved by the EM algorithm are parameterizations of move-

ment are taken as latent variables.

Wilson and Bobick then built on that work by extending parametric HMM to
consider non-linear smooth output distributions [42]. The result was the ability
to model a far larger class of gestures and movements than had previously been
achieved by the linear parametric HMM, and suggest that parameterization can be

customized to a specific gestures and movements performed by the subject. -

Some researchers approach the challenge from a different angle. Rather than
directly following the hand. Researchers Ye, Corso, and Hager took an object-
centered approach to track a single hand and computed the 3D appearance using a
region-based coarse stereo matching algorithm in a volume around the hand. Noting

the differences in appearance feature gave the motion cue, and an unsupervised

learning scheme captured the cluster structure. Utilizing both HMM and neural

networks to model gesture dynamics, the researchers modeled gestures and were

able to achieve over 96 percent real-time gesture recognition accuracy in testing that

involved a large set of combinations of motion [45). They basically implemented a K-

means algorithm to learn the centroid of each of the clusters of the feature sets. The
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mber of clusters is empirical. Then they represent each vector using a
idicates its cluster identity. In their data sets comprised of 6 gestures,
less than 20 clusters to describe each of the feature set, including the
snce set, the motion set and the appearance-motion combination set. Given

of rectified stereo images of the scene, a disparity map can be computed using

andard correspondence search algorithm.

3D camera:

21 camera has some benefits over other traditional intensity sensors [7]. Since it
works in low light levels, giving a calibrated scale estimate, being color and texture
invariant, and resolving silhouette ambiguities in pose. It also greatly simplifies the
task of background subtraction.

In regard to the approach, it is straightforward to build realistic depth images
of people, therefore to build a large, inexpensive training dataset.

Malassiotis, Aifanti, and Strintzis utilized a 3D sensor to generate a more dense

range image of the scene, and this lead to the recognition of a izt eaREonplcs

hand gestures [25]. Their results were largely independent of illumination conditions

and scene content, and it depended upon several 3D image analysis algorithms that

were new to this study. This system was tested in regard to sign-language movements

and postures, with 20 hand postures from Greek sign language being chosen to

attempt to recognize. Initial tests showed a success rate of 97 percent accurate

recognition was reached. Also, when 4 different postures with 50 images for each
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posture were tested, the resulting recognition rate was 95 percent. The researchers
suggested more extensive testing with larger image numbers to determine system

limits, and they’re currently investigating real-time application of this approach.

Lahamy and Litchi utilized a range camera capable of capturing a full 3D point
cloud with an array sensor at video rates [22]. The camera was a Swiss Ranger
SR4000, a time-of-flight camera which produces images at a rate up to 54 frames-
per-second. The goal of this study was to create a human-machine interface which
would recognize hand gestures. There were two applications tested for this system;
one was identifying the number of raised fingers, and the second was for manipu-
lating a moving object in a virtual environment in accordance with a hand gesture.
The motivation for this second application is for oil and gas reservoir modeling.
While there were some of the not-unexpected issues with placement of lighting and
the issues with an over-abundance of direct light, they were able to demonstrate
reasonable optimism for the use of range cameras for real-time applications. They

suggest some of the issues found would be resolved by adding cameras.

Breuer, Exckes and Mller used an infrared time-of-flight range camera (Swiss
Ranger SR2 miniature) with up to a 30 Hz frame rate to capture 3D surface points

from the subjects hand. This particular camera delivers real-time data and requires

no specific background or skin color [5]. They were able to accurately fit a hand

model into the point cloud and to follow its movement. The result was the ability to

estimate the first 7 degrees of freedom (DoF) of the hand within 200 ms of a human

hand with 2-3 Hz frame rate. Principle Component Analysis (PCA) is used to obtain

a first crude estimate on the location and orientation of the hand. An articulated
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and model is fitted to the data to refine the first estimate. They determined that

ensive background light (e.g. bright sunlight) led to higher photon shot noise,

ces will lead to advantages such as smaller distances between the camera and
| .subject without photo integrator over-saturation. This would mean a denser
sample and more detail of the visibility of the hand, which should in turn lead to

an increase in (DoF) recognition.

More research is now being done using Microsoft’s Kinect motion sensing device,
which was the first widespread release of a 3D camera. Originally built for Microsofts

Xbox 360 video game console, Kinect for Windows became available in 2011, and
research into its uses for gesture recognition has taken off.
While there had been some success using Kinect for face recognition and body

tracking, Tang attempted to collect data using a Kinect sensor for the purposes of

recognizing movement on a smaller scale (e.g. specific hand gestures) [38]. The

‘s stem first used a full body tracker to locate the subjects hand, then to recog-

nize movements of the hand over a time period. They integrating RGB and depth

data collected using the Kinect and they were able to demonstrate hand gesture

Trecognition. They assumed that the subject was standing approximately 3 meters
‘ ble scale invariance.

away from the Kinect sensor, providing imperfect but accepta
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hand model is fitted to the data to refine the first estimate. They determined that

intensive background light (e.g. bright sunlight) led to higher photon shot noise

and thus degenerated precision of measurements. Furthermore the study determined
this approach was promising, especially as 3D camera technology advances. These
advances will lead to advantages such as smaller distances between the camera and
the subject without photo integrator over-saturation. This would mean a denser

sample and more detail of the visibility of the hand, which should in turn lead to

an increase in (DoF) recognition.

3.4 KINECT:

More research is now being done using Microsoft’s Kinect motion sensing device,
which was the first widespread release of a 3D camera. Originally built for Microsofts
Xbox 360 video game console, Kinect for Windows became available in 2011, and

research into its uses for gesture recognition has taken off.

While there had been some success using Kinect for face recognition and body

tracking, Tang attempted to collect data using a Kinect sensor for the purposes of

recognizing movement on a smaller scale (e.g. specific hand gestures) [38]. The

system first used a full body tracker to locate the subjects hand, then to recog-

nize movements of the hand over a time period. They integrating RGB and depth

ate hand gesture

data collected using the Kinect and they were able to demonstr

recognition. They assumed that the subject was standing approximately 3 meters

away from the Kinect sensor, providing imperfect but acceptable;seale duvapianes,
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They used histograms for an open and closed hand and the open hand has a his-
togram with more spikes and overall variation. In this particular case, grasp and
drop gestures were accurately identified over 90 percent of the time. This, of course,
translates to the ability to drag and drop items in a virtual setting, which is ability
with numerous possible applications.

Ren, also used a Kinect sensor to collect data, and then created FEMD (Finger-
Barth Movers Distance), a distance metric utilized to track fingers rather than the
whole hand [35]. This approach allowed them to recognize more slight movements.
Extensive testing proved the FEMD-based approach to be quite accurate. These
same researchers also demonstrated the accuracy of their system by teaching it
to play a traditional Rock-Paper-Scissors game. The computer would choose its
weapon, recognize the human player’s weapon. And determine the winner. On

a more useful note, they also demonstrated the systems ability to input gestures

- instructing the system to perform mathematical computations [34].

An important challenge that should be resolved through gesture recognition

technology is that of "wet lab” personnel using a computer keyboard in an environ-

ment in which they’re required to wear gloves. 'A system of accurate recognition of

finger movements could allow the lab technician the ability to work on a computer

without ever actually touching the keyboard. Du and Hang, addressed this situa-

tion using a Kinect [11]. This study was promising in that it achieved a correct

classification rate of 94 percent, but there is much work to do on this particular

application. Du and To’s system was only developed to recognize a single hand and

inti ired. Still, it’s
specific positioning of the fingers (spread apart, pointing up) was require
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a worthwhile application and further research is warranted

Van and Bergh, also used a Kinect in their work to create a real-time gesture

interaction system with a robot [39]. Using the depth sensor, they were able to

recognize 3D gestures (e.g. pointing), and to communicate and give directions to the
robot. Specifically, the robot, equipped with a navigation system of its immediate
environment, would seek out and find the person to interact with, detect a pointing
gesture telling it where to go, and then explore the new vicinity for the next person to
interact with. The researchers found their work promising enough to suggest further
" work involving combining a Kinect sensor with a camera stereo to address some of
the issues that arise with unpredictable lighting or an overexposure of lighting,(e.g.

outdoors).

Doliotas attempted gesture recognition in particularly demanding circumstances
such as unpredictable light and moving objects in background [10]. They achieved
85 percent accuracy employing a Kinect sensor and using the colored image to detect
hand position. For depth image, they used a hand detector based on motion from

frame differencing, which combined with depth segmentation according to the depth

information for each pixel. They defined 10 classes representing 10 digits from 0 to

9, each represented by a gesture. For each class, they defined several training video

sequence samples using a colored glove. They then used 10 different users, each

performs 3 times each gesture digit.

Recognizing the input gesture was done using the nearest neighbor classification

framework, and the similarity measure that used for the INN scheme was the score
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turned by the Dynamic Time Warping algorithm. The DTW algorithm temporally

‘We are presenting our StUdy and the goal of this work as to examine and test
w far we can reach to implement a gesture recognition technology using low cost

and low accuracy sensor called KINECT produced by Microsoft. And using various
machine learning algorithms.




hapter 4

Gesture Recognition using

This chapter presents our work and how data was acquired, collected and processed
to reach the recognition of gestures. Working with gesture recognition consists of

any phaées. Here in this work, we need six phases to build the proposed system.

The phases we used in our work starts with data collection using KINECT as

a 3D imaging device, then we process and normalize this data and transform the

processed information into 3d skeleton. After that we learn and label the gesture in

the skeleton using machine learning approach taking in consideration the context of

this gesture. Finally we output the gesture meaning to the user.

ral block diagram for the proposed system we are

Figure 4.1 shows the gene

Presenting here.
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Gesture

| DSicleton

Output Gesture Meaning

Figure 4.1: General block diagram

41 Data acquisition using KINECT as a 3D
imaging device.

After connecting and preparing the KINECT sensor as discussed in Appendix A,
we have used Microsoft driver and SDK, which was published by Microsoft Corp,
on July-29th- 2011. It is a beta version of the SDK for KINECT sensor and it is
»:- y to install. It also includes skeleton tracker with the ability 'fo track up to two
users at a time.

This driver has some major software and hardware requirements in order to run

on a personal computer. Those requirements are as follows:

'4.1.0.4 Hardware

e Kinect for Xbox 360 sensor.

e Computer with a dual-core, 9.66-GHz or faster processor.

o Windows 7-compatible graphics card that supports DirectX 9.0c capabilities.
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| . 2-GB RAM (4-GB RAM recommendéd).

£1.0.5 Software
.' o Windows 7 (x86 or x64).
- o Visual Studio 2010 Express (or other 2010 edition).

e Microsoft .NET Framework 4.0.

This driver provides a real time tracking process with 27 to 31 frames per second,
‘. d recognizes 20 joints to build the Skeleton of the human body. The methodology
,f user detection and body part recognition is described in details in Chapter 2.
j‘ig'ure 4.2 shows the human body joints detected which are Hip Center, Spine,
, houlder Center, Head, Shoulder Lefh,.Elbow Left, Wrist Left, Hand Left, Shoulder

Left, Hip Right, Knee Right, Ankle Right, Foot Right.

The data acquired from the KINECT sensor contains three streams; 2D image

(Figure 4.4), depth Image (Figure 4.3) and sound stream, in addition to the skeleton

joints (Figure 4.5), which we need for the feature extraction phase. The 20 skeleton

joints are presented as the 3D special point (X,Y,Z), where X = horizontal axis,

Y= vertical axis, Z = distance between joint and the sensor (depth).

47




Figure 4.2: Skeleton joints relative to the human body. [20]

m KINECT

Figure 4.3: Depth image fro
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Figure 4.2: Skeleton joints relative to the human body. [20]

Figure 4.3: Depth image from KINECT
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Figure 4.4: Colored image from KINECT
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Figure 4.5: Detected skeleton

4.2 Scale and transition invariant:

We have made some data enhancement an
was collected to make joints invariant for us

from the Hip joints and making it the refer

adjustments, scaling and translation.

49

d normalization for each joint. This data

er position from the KINECT, starting
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All joints X and Y values in th
5 centered in the original with ref
. k. L 5 erence to the reference
n by subtrac ng position from the Hip ref j
: pt L Jod erence joint position, and
hat, scaling is done by multlplymg each joint X and Y iti wi ’
a. ft.nt e positions with the Z
joint p n. So, no matter how far the user is from the KINECT wi e
. - . i sensor, it will be
invarian with distances between Joints as we notice in Equatio 41 d Equation
| n4.1 and E i
4.2 which are us i vali Vi b3
ed for this task and valid for all depth values in range of 0.7 met
.7 meters

to 4.8 meters.

x'll. > (m’izi) + y’r‘ef (4 1)

y-: = (y'izi) = Yref (42)

Where 2’ and ' are the new normalized z and y positions after scale and tran-
sition, and yyey is the y value of the Hip joint. By obtaining this information, we get
avector V of length 60 values, formed as V{ = X1, ! 28, X3, Yy, Zy, X, -+ - €tc, this
vector contains all normalized joints positions referenced with the Hip joint position.

After that, we start recording data for training and testing. The recording

process is done by capturing five frames for every gesture with interval of eight

frames per second; so we will get five frames; 1.29 seconds (frame rate is 31 frames

per second), in each frame we will have V vector describing the joints positions.

d that the difference in motion b
ause it is based on the human body

B : ;
ased to previous experiments we fin sty fanics

with the high frame rate will not be large; bec
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movement and joint positions and five frames with eight frames gap will f
W1 orm a

discriminant gesture.

In our test we have capture eleven different gestures (see Figure 4.6), each
) was

captured ten times. For the eleven captured gestures we will have 2200 feature vector
to be used for training and testing. Every gesture has been recorded ten times, each
time five frames are captured, and each frame forms a vector of 60 values.

As a result we will have five sequenced vectors S = (V4, Vs, Vs, Vi, Vs ) et

by S, which describes the gesture, or movement done by the user.
Listed below some of the gestures:

We stored the 2200 vector into a comma delimited file, and by using Matlab,
we have used different machine learning techniques to build the gesture recognition
phase. These techniques are : Nearest Neighbor (NN), Self Organizing Map (SOM)
and Hidden Markov Model (HMM) with K-Mean clustering.

43 Qesture recognition using Nearest Neighbor

(NN):

hbor algorithm for predicting the class and recognizing

be entered to the algorithm and tested the

To apply the Nearest Neig

gestures we have prepared the data to

iti sin
predicted gestures labels. Figure 4.7 shows the proposed gesture recogm jon using

i fold cross
the Nearest Neighbor algorithm. For validation we have used the ten Io

validation.
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Figure 4.7: Gesture recognition using NN block Diagram
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4.3.1 Data preparation

We have used the nearest neighbor algorithm to builg gesture recognitio
S 1 process.

We provide it with eleven gestures vectors, Figure 4.7 shows the block di
: lagram we
used to implement the nearest neighbor. After the data collection and normalization

phase, the feature vectors passed to the nearest neighbor algorithm to be classified

4.3.2 Apply Nearest neighbor algorithm

Various types and methods for distances can be applied in the Nearest Neighbor
algorithm, we have used the distance mentioned in Chapter 2, Equation 2.3 to 2.15

as distance measure methods in our work.

We have noticed that best results was produced from the Spearman and Corre-
lation distance calculation methods with accuracy up to 90 percent, see Figure 5.1.

Some methods where not suitable and produced less than 40 percent of accuracy.

Algorithm:

Algorithm 3 GR using NN algorithm
Split the data into training set and testing set. -
Initialize Sjrqin and Siest S€EQUENCES for both tra?ning an
(f1, fo f3, f4, f5) where f -frame, each has 20 points.
Label each sequence Sirain With its gesture label.

For each sequence in Sgest, ind Stesti cell index Cj-
Find distance between S; and Sirain points.
Find minimum distance for S; and label Stesti

d testing sets, where S =

with L;-
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Output Gesture Meaning

159M) lustring | oeta omtaton

Figure 4.8: Gesture recognition using SOM block diagram

4.4 Gesture recognition using Self Organizing

Map (SOM):

- We have used the Self Organiiing Map clustering technique to make gesture recog-
nition, we provide it with the eleven gestures vectors, Figure 4.8 shows the block
diagram we used to implement the SOM, after the data collection and normalization

phase, the feature vectors passed to the SOM to be clustered and classified in order

to output the gesture meaning or class.

44.1 Data preparation:
The norma.lizéd data which was collected by the KINECT sensor was p@pared o
(SOM). Bach frame sepresented By 60 valies
¢ BE R Mvhhorn o each fpve f“fh"e“s
contains the 20 joints positions in the 3D space. PurtHeriote, ‘edch ﬁ\'e : faﬂhe
i e ket Ui (bt NSO O R
where reshaped fogether in sequential sider to present the ‘feé‘ﬁﬁx‘e i
SOM with length 1200 valie. Ve have split e it Sl v Wots: bt

be used for the Self Organizing Map

testing set,
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Figure 4.8: Gesture recognition using SOM block diagram

44 Gesture recognition using Self Organizing

Map (SOM):

We have used the Self Organizing Map clustering technique to make gesture recog-
nition, we provide it with the eleven gestures vectors, Figure 4.8 shows the block
diagram we used to implement the SOM, after the data collection and normalization
phase, the feature vectors passed to the SOM to be clustered and classified in order

to output the gesture meaning or class.

4.4.1 Data preparation:

The normalized data vs/;hich was collected by the KINECT sensor was prepared to

be used for the Self Organizing Map (SOM). Each frame represented by 60 values

h five frames
contains the 20 joints positions in the 3D space. Furthermore, €ac

e vector for the
where reshaped together in sequential order o present the featur

i . training set and
split the data into two sets: training

SOM with length 1200 value. We have

testing set,
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Figure 4.9: SOM Clustering

4.4.2 Training phase:

Two dimensional SOM was created and trained for this training data so each vector

Iepresents one gesture of five sequenced frames. Figure 4.9 shows the clustering

results and how the gestures were clustered. We can notice that some clusters have
more than one gesture, nearby gestures and far gestures positions in the map.
‘ ajority func-

The decision of which cluster contains which gesture is based on m

. i i ture,
tion, we have applied a search technique with voting and counting clusters gestur

rity of gestures classified to belong to that

S0 the cluster is labeled based on the majo
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cluster.

4.4.3 Testing Phase:

After the training process, and using the KFold technique we have classified th
e

testing set using the SOM. Results in details are presented in Chapter 5

Algorithm:

Algorithm 4 GR using SOM algorithm

KFold with K = 10, to split the data into training set and testing set.
Initialise Strain and Siest sequences for both training and testing sets, where S =
(f1, fos f35 fas f5), f:frame contains 20 points.
Label each sequence Sirqin With its gesture label L;.
Train the SOM on Sirqin-
For each sequence in Siest, find Sest; cell index Cj.
- Find C; majority gestures labels L; and label Siesti with Lj.

45 Gesture recognition using hidden markov

model (HMM):

We have used the Hidden Markov Model and built 11 models for each gesture.

Figure 4.10 shows the block diagram we used t0 implement the HMM’s.
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Figure 4.10: Gesture recognition using HMM block Diagram
45.1 Data preparation:

In order to use the HMM, we have use a clustering technique to reduce the dimen-
} i d the Fuzzy
sionality of the feature vector. We have tried to use the KMean an

rimentally.
CMean clustering algorithms. The number of clusters was selected expe

i jol itions were passed
Each frame represented by 60 values contains the 20 joints position:

a value of 1-20
to the KMean clustering algorithm to find the frames cluster as

he
h dlstrlbutlon of t
based on the number of clusters we have. Figure 4. 11 shows the

tor for
s provide one vec
frames over the K-Mean clusters. Each five sequenced frames p

t and
d for clustering is the training se

Mention here that the data which was use

doesn’t, include the testing set.
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Figure 4.11: Frames distribution over KMean clusters

45.2 Training Phase:

We have created 11 Hidden Markov Models. Each model to be trained for one

gesture. Each training gesture data were inputted for its model as a sequence of five

values. Each value represents the frame cluster. The HMM emission and transition

; th
velues were initiated randomly. We have used the Baum-Welch algorithm w1

tolerance 1¢-6
models, each has emotion and

As a result, we had 11 trained hidden markov G
ase as we will describe 1n

ransition values to be used in the featured testing ph

Chapter 5,
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45.2:0.1 Vectors reading and clustering: In this phag
ase we use the KFold

for splitting the data into two sets; testing set and training set, T},
e - Then we pags »
of the training set to KMean clustering and compare it with Fuzzy G pass all V
uzzy CMean results

for number of clusters from 1 to 30. The result was tha;
t KMean clustering is d
g 1s diverge

when K = 20.

We select K = 20, in order to get every vector presented with a value from 1
to 20, depending on the class it belongs to, and store that class centers in order to
use it for a new data and the testing set. The S vector will now be presented as 5
values. So, the representation of the vector is reduced from 60 values to one single

value between 1 and 20.
For example: S = (1,4,12,3,2)
After that we store all center values generated by the K-Mean algorithm to be

used to find new and test data clusters.

Next we start the HMM process by building 11 models. Each model will lead
fo one single gesture. All training S, which belongs to each HMM, are passed to be

trained on.

Determining the best number of states using KFold results, was chosen experi-

mentally as two states for each HMM as mentioned in Chapter (5)-
kov models using Matlab, we

o be loaded into an online

were
After the learning process for the hidden Mar

®leto save the output Emission and Transition matrices t
: emission,
stem, which rebuilds the hidden Markov models depending on the vl

"ansition and labels as they were exported from Matlab models.
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Vectors reading and c] :
4.5.2.0.1 g Clustering: [In thjs
Phase we yge the KF.
old

for splitting the data into two sets; testing set ang training set. Th
i - 1hen we pass a]] 1/
of the training set to KMean clustering and compare it with Fuzzy CM
ean results

for number of clusters from 1 to 30. The result was that KMean clustering is dj
is diverge

when K = 20

We select K = 20, in order to get every vector presented with a value from 1
to 20, depending on the class it belongs to, and store that class centers in order to
use it for a new data and the testing set. The S vector will now be presented as 5
values. So, the representation of the vector is reduced from 60 values to one single

value between 1 and 20.
For example: S = (1,4,12,3,2)
After that we store all center values generated by the K-Mean algorithm to be

used to find new and test data clusters.

Next we start the HMM process by building 11 models. Each model will lead
to one single gesture. All training S, which belongs to each HMM, are passed to be

trained on.

Determining the best number of states using KFold results, was chosen experi-

mentally as two states for each HMM as mentioned in Chapter (5)-
i tlab, we were
After the learning process for the hidden Markov models using Matla

: into an online
#ble to save the output Emission and Transition matrices t0 be loaded i

. es emission,
"stem, which rebuilds the hidden Markov models depending on the valt

Mansition ang labels as they were exported from Matlab mode
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Figure 4.12: Proposed hidden markov models
45.3 Testing Phase:

After the training process we have clustered the testing set using the HMM. Results

are presented in Chapter 5.

Algorithm:

Algorithm 5 GR Using HMM algorithm
Split the data into training set and testing set. -
Initialize Raw;yqs, and Rawyes; sequences for both training and testing sets.
Apply KMean Clustering RaWirain — St
Find S,.; labels using closest cluster center from 'the KMean.
Reshape sequance S = (e i i i)k where f is a frame.
Label each sequence Syqin With its gesture label L.
Train each HMM on its gestures from Strain-
fOr 3.11 Stest dO
Find HMM maximum likelihood. Siest = L

Sndfor (AR i
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Figure 4.13: Incremental approach
454 Incremental approach

Our approach is based on learning each HMM for one gesture, sampled from a se--
quence of frames. This approach is incremental because when we need to add a
gesture for the system to be identified, we need to add a new HMM and pass the

sequence of that gesture. This will not affect previous learned models or the cluster-

ing phase because it will have different sequences to be identified with. Figure 4.13

shows the process of adding new trained model to the system.
; ence
To apply new gesture, we need to provide the system with new sample sequ
: e collected
by recording frames in the same way described previously. Then we find the co

have. After
flasequences by finding each frame cluster from the cluster centers We |
s new model with

. h'
1 process we add the new HMM to the system and learn €87

lg
¥ Sequences to identify.
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hase we build a complete system that translate gestures captured by the

ESe outputs the gesture meaning. The system uses the output

Building the models:

his phase, the system reads the trained models matrices and builds a model for

esture. These models are already trained and ready to be used.

Capturing data:

Cap 'fed data from the KINECT sensor is transferred and translated into skeleton

joints, each joint represented by a point in a 3D space. For each frame joints we

calculate that joint’s position with reference to the Hip joint value. Also we apply

the scaling and transformation update (as we mentioned before) on each captured

joint to form a feature vector of the frame.
already defined centers generated by

Then each frame is subtracted from the
‘ d frame and all other cluster

the K-Mean to find the distance between the capture

e the cluster which this frame belongs to.

centers. The min distance will b
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\ :‘i@'? we label the frame, the system adds this frame to an array and wh
nd when we

Jabels it forwards the sequence to be recognized by the 11 HMMs and
compare

cted. In other words if the gesture made by the user does not belong to the set
f gestures it knows then the HMMSs will produce a low value of likelihood and it
will be .Tejected.
e model with the highest likelihood is considered as the class this sequence
s to, the difficulty we faced here was finding the start and end points of the
ence because of the continuity of the recognition process.

have solved this issue by overlapping frames between sequences passed to the

because the point we started the sequence in is not deterministic for the user

ered frame is added to
Hidden

when he behaves in continues recognition mode. Each clust

t, then the sequence of FIVE clustered frame values are passed to the

arkov Models to figure out which model provides us with maximum likelihood.

\ tem. We can
As an example, Figure 4.14 presents & screenshot of the final system

tice the RGB image, depth image,

current gesture which is: Right hand movin

generated for

human skeleton and the result

g side up-
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~ Color Vide%Stream

Depth Stream

RH M Side Up,0

31 fps

Action Type

Skeleton (rendered if full body fits in frame) |

Figure 4.14: Final system screen
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ii[!’ chapter we will list the results of our experiments. These results describe
the ] ogress we achieve gesture recognition using KINECT sensor. First we will
“uu the results of the three algorithms we discussed earlier; Nearest Neighbor,
Self Organizing Map and Hidden Markov model. We will also justify our use for

some parameters like HMM number of states and the number of clusters K for the

KMean algorithm. We use Matlab environment for carrying out the experiments,

also we use 10 Fold cross validation and error bars which tells one standard deviation

of un certainty to cémpa.re the results. We have calculated the accuracy of our results

2s the number of correctly classified gestures over the total number of gestures.
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Table 5.1: Results for 11 gestures using HMM
- Buclidean Seuclidean Cityblock M

i hases,
best values over other methods. Spearman (see Equation 2.15 works on two phases,

i imilarit
first it computes the rank of the vector values and then use it to find the si Y

. i ences will have similar
measure between the sequences we provide, so similar sequ

: angle between
rank order for the moving joints. Correlation distance depends on the ang

.1 this case when the two vectors which belongs to the
in

the two sequence vectors,

i will b
same gestures has any value of shift or scale, then this value

e omitted because
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71.71 75.75 63.63 71.71 79.79 T T8
73.73 12:72 62.62 73.73 75.75 81.81 84.84 9
69.69 70.70 53.53 69.69 83.83 8383 8383 8
65.65 63.63 59.59 65.65 67.67 7T 8989 8
81.81 78.78 70.70 81.81 $5.85 8282 8484 8
59.50  60.60 46.46 59.59 67.67 7676 89.89 9
76.76 77T 62.62 76.76 81.81 7979 9393 8
72.72 70.70 57.57 72.72 79.79 5757 8888 8
80.80 80.80 69.69  80.80 82,82 8585 9393
73.33 73.23 61.01 73.33 78.48 8090 8737 ¢




Nearest Neighbor
11 EE
B
isisliintl
||
. . I . . . . & Accuracy
| B B B B B B
B B B B BN | B
| B B B |
& & (P‘& ‘}*\"b & & F S

. Nearest Neighbor algorithm accuracy using different distance methods

e produced will be same.
Hamming and Jaccard are not suitable for this task. Hamming can be used for
data while Jaccard method based on counting equal points over the set (see

ation 2.14).
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'I‘able 5.2: Nearest Neighbor results comparison

Distance method Average accuracy
Euclidean 73.33
Seuclidean 73.23
Cityblock 61.91
Minkowski 73.33
Chebychev 78.48

Mahalanobis 80.90
Cosine 8137
Correlation 90.30
Spearman 90.90
Hamming 38.58
Jaccard 38.58

Table 5.3: Results using SOM

IR E s a5 Al it 80049 ¢ 10:¢ Avg
UEEGER 0 0 00 0 0 0 0
GRMOEGE 00 0 @ 0.0 0 0
BRI IR D" o1 24 o7 81 33 186
38 39 43 43 46 49 51 54 436
56 56 59 63 63 67 67 67 68 68 634
69 69 69 68 67 67 69 71 71 73 693
Bl TR T 0 LB TA TS5
75 77 76 7A T4-73 73 73 T4 74 743
-1 69 67 68 66 67 68 68 67 67 678
10 69 71 72 T2 72 70 69 69 69 69 702

© 00U W~ R
(3%
ot
0
16’9

Gesture recognition using Self Organizing

Map(SOM) algorithm

; ; ; : in Table 5.3.
B Can s the pesilts for using SOM with nxn dimensionality as shown in Ta

68




SOM

3

B Accuracy

30

20

10

Figure 5.2: Self Organizing Map algorithm accuracy using dimensions

We can notice form Table 5.3 that best results reached when we used 7 x 7 SOM

the dimensionality of the SOM is- very low, multiple gestures with different classes

will be placed in the same class due to the similarity between them. On the other

hand, if the number of clusters is large it will cluster the gestures into small classes

elated

Where we need them to be grouped based on their type- This number is 0 T

to the number of gestures we use.
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Accuracy
5 N 8 85 O 8 3 8 8
Taal
[ P

4 7 8 9 0 U 7 5w e . i
X 7 18 19 !
. _Kmean Clusters 9 2 21 2 23 A

Figure 5.3: K-Mean clusters
Gesture Recognition using Hidden Markov

Model(HMM) algorithm

The results we obtain from HMM algorithm was better than we obtain from NN
and SOM, below the results from using HMM algorithm, we have applied the HMM
multiple times with different number of states.

The first step in this phase was applying KMean clustering for each frame vector

with 20 clusters. That provides a sequence of 5 frames for each gesture. Each gesture

was recorded 10 times and values passed to the HMM related to that gesture. Using

eross validation with K = 10 we have achieved an accuracy of 98 Percent.

We need to cluster the frames before the HMM training phase, we have experi-

mentally chosen K = 20 based on the results we notice in Figure 5.3.

es has no major affect on the obtained results.

As we notice, the number of stat
s which

this idea by the following result

We made another two experiments to insure
5 and tolerance

7l
are the result of the KFold on the HMM states number between
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Table 5.4: Results for 11 gestures using HMM

2 10000 90.90 7272 100,00

3 10000 10000 SLSI 9090 sya 100.00

IN0i00 63163 212 10000 9090 10000 o
5 9090 90.90 10000 90.90 9090 90.90 b
6 9090 10000 SL81 8181 8181 10000 90
@ ilel 0090 10000 BLEL 9090 10000 8181
g 8181 10000 90.90 90.90 8181 10000 90.90
9 8L81 100.00 100.00 8181 90.90 90.90 8181
0 90.90 90.90 100.00 90.90 90.90 90.90 100.00

100.00 100.00

—

i
e

15 ER S ETAEL T BT o=k 4 15
Number of states in HMM

Figure 5.4: Accuracy of HMM with 1-5 states and tolerance 0.01

Using Matlab, we have implemented the previous test for the 11 gestures (see

e 4.6) and cross validation with K = 10 which achieves an accuracy between

96 to 98 percent. We can notice that gestures we choose has similarity manner. The

the system

gestures were chosen from the American sign language library to ek

;“e to being used in reality.
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~

Numbor of States in HMM

- Figure 5.5: Accuracy of HMM with 1-5 states and tolerance 0.01

Time analysis

The time experiments show that the gestures are recognized in real-time. We have
nplement the three algorithms mentioned before which are NN, SOM and HMM.
The computation overhead for using the recognition algorithms on Intel(R)
Core(TM)2 Duo CPU E7200 with 2.53GHz:

0 states HMM.needs 1.67 milliseconds/frame, while SOM with dimension-
v”“? 7 x 7 took 8 milliseconds/frame, and NN using Spearman distance took 9.21

iseconds/frame which keeps the recognition system work in a real-time manner.
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Numbor of Statos in HMM 4

Figure 5.5: Accuracy of HMM with 1-5 states and tolerance 0.01

Time analysis

The time experiments show that the gestures are recognized in real-time. We have
mplement the three algorithms mentioned before which are NN, SOM and HMM.
‘The computation overhead for using the recognition algorithms on Intel(R)
Core(TM)2 Duo CPU E7200 with 2.53GHz:

Two states HMM 'needs 1.67 milliseconds/frame, while SOM with dimension-
ity 7 x 7 took 8§ milliseconds/frame, and NN using Spearman distance took 9.21

milliseconds/frame which keeps the recognition system work in a real-time manner.
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Conclusion and future work

Conclusions

We have presented a gesture recognition system using different machine learning
Igorithms for the KINECT sensor.

 First we capture data from the KINECT sensor which was translated into human

body skeleton. Then we normalize the joints positions based on reverence selected

joint by Appling transformation and rotating over each recorded joint.

The normalization process makes the algorithm invariant for changing in position -

With reverence to the sensor position.
ghbor (NN) Algo-

The recognition algorithms we have used were Nearest Nei
MM). Through

thm, Self Organizing Map (SOM) and Hidden Markov Model (H

U : i t recognition
OUr experiments we have noticed that the HMM algorithm archives bes
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sestures with an average of 95 percent accuracy. We have ugeq the K-M

. : € K-Mean

Jeorithm for data clustering before providing the data to e
gor! - Lhe output of

sesture recognition using HMM is a set of models that can be learned and addeq
_ ed to
fie system to gain better usability of the algorithm.

for the sequences to be accepted or rejected based on the likelihoods they provide.

Each clustered frame by the K-Mean is recorded, then the sequence of 5 clustered

ame values are passed to the HMM to figure out which model provides us with

Rurthermore SOM algorithm provides about 68 percent of recognition accuracy e

amap of 7 x 7 dimensions. All three algorithms works in real-time, we have used

1

\

4
| ]

old cross validation.

; k 1.67
The recognition process runs in real-time, where two states HMM too

lliseconds, SOM T T illi and NN usin
) with dimensionality 7 X took 8 milliseconds sing
an [TOT idation
arman distance took 9.21 milliseconds. We used error bars and cross validati

method to verify which results are significantly better than others
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Future work

7 encourage to continue the work in this stud i
X: y by taking advanta ‘
ge of the RGB

| captured from the KINECT for recognize hand parts and fingers which depth
Jsta accuracy doesn’t provide. There are many applications for adding this fea,tl;e
f e system so it will recognize many accurate and small gestures made by hand.
;Another method we can suggest here where adding the face gestures and emo-
ons from the 2D captured image and use the impression as a feature for the gestures

ecognized. Also t_he use of two Kinect sensors with different viewing angles may

nerease recognition accuracy.
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phase we h
. ave changed the in
E R e interface of the KINECT cable which i al
| . _ : is a speci i
fo USB interfac Microsoft for this device to the XBOX ! 9 .
. .: e gaming station [20
with power support, the device cable contains 8 connect d :
cted pins as

follows: 2 q
s ata bins
, 3 power pins and 3 Grounded pins

We hav
e replaced this i
si i
nterface with the USB interface by connecting the dat
a
ine with

Dins, one 5y
75 0ne +5V power li
r line i W
grounded line and supply the other +12v power line

xt ’
| ¢mmal power supply

After :
testin
g and :
comparing the four driver d ’ i
s and SDK’s mentioned before, We
most accurate

- %nclyde
| that the M;
Microsoft SDK has the best performance and the
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After that we have tried more than one driver software for the KINECT sensor

ion and C sharp, C++ applications
age of this driver Was

dUD |
9]

pporting 2D images and depth images acquisit

o display the data collected from the sensor. The disadvant

\fter that we tried CL NUI Platform driver for KINECT, the production of
ocess Was easier

fhis driver was on October-12th-2010. The installation and setup Pr
P application with source code in

than the OpenKinect, and it uses a WPF/C shat
order to display both 2D and depth gray scale images-

ural Interaction (OpenNI), OpenNI

‘The third drive was provided from Open Nat
used for

Which provides an open source library, and the applications could be

acker. 1t uses the de

4. Tt also provides @

i priee
CT sensor, such as Skeleton b P b i
p to wo Uusers at

ahistogram to detect human body and track
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N

Hand Moving (b) Left Hand Moving Side (c) Both Hands Moving
up Side Up

B i Moving (¢) Left Haund Moving  (f) Both Hands Moving
Front Up Front Up

h Hands Steady (h) Both Hands Steady
Front Up

Figure A.2: Second expirement

The fourth driver is SDK, which was published from Microsoft Corp, on July-
M- 2011. It is a beta version of the SDK for KINECT sensor and it is easy t0

| also includes Skeleton Tracker with the ability to track up to two users e
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