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HEAD GESTURE RECOGNITION
FOR A SEMI-AUTONOMOUS POWERCHAIR

SUMMARY

The author had been involved in a project, where a semi-autonomous powerchair which
has obstacle avoidance system for the paraplegic who can not use their hands properly,
have been developed. In the project, the author was tasked to design a head gesture
recognition system which would allow the end user to convey control commands to the
chair so that he can have full autonomy. There are many different ways to communicate
with a machine from using sound to using flexing of a muscle which is, by the way, this
1s how Stephen Hawking interacts with his chair. Ultimately, an inertial measurement
unit has been chosen for the project. There are two simple reasons for this selection.
One of which is that inferring intend of the user from the head orientation is very
basic. For example, if the end user is leaning his head forward, that probably means
"go forward", on the other hand; if he is leaning his head left, this probably means
"turn left". The second reason is that the sensor needed for the task is affordable
and easy to find. Design choices such as this, help to make the chair a low cost
alternative to commercially available traditional powerchairs which require further
engineering that is specific to the person who can not control it manually. For example,
Stephen Hawking uses a specific muscle in his face to interact with his chair, which is
impractical for others who can use their other limbs.

One may ask that why a semi-autonomous powerchair that uses head orientation as
direction command, also needs a gesture recognition system. The answer may not
be very obvious. However, there is a reason behind it. As mentioned in the previous
paragraph, the end user needs full autonomy. For example; the user may want to cross a
road. But the chaotic nature of crossing a road with a group of people, whose behaviour
could not be easily predicted, may lead the chair’s obstacle avoidance system to behave
chaotically too. The chair may avoid humans towards an incoming car. Therefore, the
user should be able to suspend the obstacle avoidance system. Or the user may be
talking to his friends, and the chair may interpret one of his nods as a "go forward"
command which may cause injuries or worse. Therefore, the user should also be able
to prevent chair from listening to directional commands. For reasons as such, the
semi-autonomous chair needs ways of communicating the intention of the user. This
is achieved via head gesture recognition in the project.

There are many methods for gesture recognition in the literature. However, all wrap
around several ideas which are data collection, feature extraction and decision making.
All of these ideas are detailed in the chapters. However it is worth noting that most
of the publications are about feature extraction. The author suspects that one of the
reasons for this difference in the number of publications between the three in gesture
recognition relate to the recent advancements of the computing technology where
signal processing gained relative importance and it advanced relatively more rapidly
due to the need created by consumers. Consequently, there exist more mathematical
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tools for feature extraction, compared to the number of tools available for the other
two.

Three different method have been studied in the thesis. These methods are named as;
“Fast Fourier Transform as a Feature Extraction Method”, “Head Gesture Recognition
via DTW and Threshold Optimization”, “Gesture Recognition via Neural Network™.
The first method failed at recognition task.

The focus of the second method was directed towards decision making of the gesture
recognition algorithm, reasons for which are discussed in detail. As a result of
our studies, a method has been proposed for recognition algorithms where dynamic
time warping is used for signal comparisons, to increase the recognition rate via
threshold optimization. Even though the method has been developed to be used with
dynamic time warping, the intuitive idea behind the method for threshold optimization
which comes from geometry, can be extended to other gesture or pattern recognition
problems.

In the proposed method, the optimization algorithm used was genetic algorithm. But
anyone who is interested in replicating or implementing the work can use any other
meta-heuristic optimization algorithm to optimize the thresholds.

The thresholds found through the method, which are calculated/optimized with very
simple geometric shapes, have achieved, on average, success rate of 85% which means
that more than eight out of ten repetitions of gestures are recognised successfully.
Nonetheless, it is important to understand that this modest success rate can be
easily increased towards 100% (if not 100%) by using more complex polygons for
optimization.

The third and the last method have achieved around 97% success rate, however this
success rate means there is a possibility of switching the mode of the chair from
semi-autonomous to manual without the intention of the user.
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YARI-OTONOM AKULU TEKERLEKLI SANDALYE
ICIN KAFA HAREKETLERI TANIMA

OZET

Bu tezde, ellerini diizgiin bir bicimde kullanmakta zorlanan bel alt1 felcli olan insanlar
icin yar1 otonom akiilii tekerlekli sandalye gelistirmeyi hedefleyen bir TUBITAK
projesinde kafa hareketlerini tanimak i¢in kullanilabilecek mimik tanima algoritmalari
incelenmistir.

Yer almis oldugum bu projede mimik tanima algoritmast gelistirmekle
gorevlendirildim. Mimik tanima algoritmas: ile son kullanicinin akiilii tekerlekli
sandalyeye komut verebilmesi hedeflenmektedir, boylelikle son kullanicimin akiilii
tekerlekli sandalye iizerinde tam otonomi sahibi olmasi hedeflenmektedir. Insan ve
makina arasinda cok cesitli sekillerde etkilesim saglanabilmektedir. Bu etkilesim
ses, goriintii, kas hareketleri ve bunlar gibi bir ¢ok farkli sekillerde olabilir. Projede
bu etkilesimin atalet 6l¢iim {initesi vasitasi ile olmasina karar verildi. Bu tercihin
yapilmasinda iki dnemli etken bulunmaktadir.

Bu etkenlerden ilki, atalet 6l¢ciim {iinitesi vasitasi ile son kullanicinin niyetinin gayet
acik bir bigimde anlasilabilecek olmasidir. Ornegin, kullanic1 6ne hareket etmek istese,
kafasini 6ne egmesi bu niyetin bir gostergesi olarak kabul edilebilir. Veya kullanici sola
donmek isterse, kafasini sola dondiirmesi bu komutun bilgisayar tarafindan anlasilmasi
icin yeterlidir. Ikinci etken ise, atelet 6lciim iinitelerinin gelisen teknoloji ile ucuzlayip
yayginlagmasidir.

Secilen sensor tipi gibi tasarim kriterleri halihazirda iiretilmekte olan standart akiilii
tekerlekli sandalyelere alternatif olarak gelistirilmesi planlanan yar1 otonom akiilii
tekerlekli sandalyenin maliyetini azaltacak sekilde se¢ilmesiyle, elleri yardimi ile
standart sandalyeleri kullanamayacak durumdaki ihtiya¢ sahiplerine, kisiye ozel
modifikasyon gerektirdigi i¢cin maliyeti yiiksek olan akiilii tekerlekli sandalyelere daha
ucuz bir alternatif getirilmesi hedeflenmektedir.

Kafa oryantasyonunu yar1 otonom akiilii tekerlekli sandalyeye yon vermek icin
kullanan bir sistemin neden bir de mimik tanima sistemine ihtiyaci oldugu merak
edilebilir. Bu ihtiyag, son kullaniciya tam otonomi saglanmasi gerekliliginden
gelmektedir. Ornegin, son kullanicinin yolda karsidan karsiya ge¢mesi gerektiginde
yar1 otonom sistemin sahip oldugu engelden ka¢gma algoritmasi karsidan karsiya
gecmenin kaotik oldugu kavsaklarda sandalyenin kaotik davranmasina, kazalara
yahut yaralanmalara neden olabilir.  Bu sebeple kullanicinin sandalyenin yari
otonom sistemini gecici olarak durdurabilmesi gerekmektedir. Diger bir ornek ise
kullanicinin arkadaglariyla sohbet ettigi esnada sandalyenin dogal kafa hareketlerini
yonelim komutu olarak algilamaasi problemidir. Bodyle bir durumda kullanici
sandalyesini yanliglikla arkadasinin {izerine siirmesi ve kazalara neden olmasi biiyiik
bir ihtimaldir. Bdyle bir durumun 6niine gecilebilmesi icin kullanicinin sandalyeyi
toptan kapatabilmesi gerekmektedir. Bu ve bunlar gibi sebepler nedeniyle, sandalyeye
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yon verilmesi i¢in kullanilan komutlar diginda, yari-otonom sisteme kullanicinin
niyetini aktarabilecegi komutlara ihtiya¢ vardir. Bu ihtiyacin sandalyeye entegre
edilecek mimik tanima algoritmas1 kargilanmas1 amaclanmustir.

Literatiirde mimik tamima {iizerine ¢ok cesitli yayimnlar ve cok cesitli yontemler
bulunmaktadir. Bununla beraber, biitiin literatiir genelde ti¢ fikir etrafinda yogunlasir,
bunlar; veri toplama, Oznitelik ¢ikarma (feature extraction) ve karar verme. Bu
asamalar tezin boliimlerinde ayrintili olarak anlatigmistir. Ancak belirtmekte fayda
var ki literatiirdeki yaymnlarin geneli 6znitelik ¢ikarmak iizerine yazilmisti. Bunun
sebebinin, tiiketiciler tarafindan dolayli olarak olusturulan bilgi islem teknolojisinde
sinyal isleme ihtiyacinin yakin zamanda cip teknolojisinin gelismesiyle beraber
karsilanabilmesi ve sinyal islemede kullanilan yontemlerin mimik tanimada yeni
ufuklar agmasi oldugunu diisiinmekteyim. Bunun sonucu olarak, 6znitelik ¢ikarmak
icin geligtirilen matematiksel yontemlerin sayisinin diger iki asama i¢in gelistirilen
yontemlerin sayisindan daha fazla oldugu sdylenebilir.

Sinyal isleme algoritmalar1 sayesinde var olan sinyalin sahip oldugu oOzelliklerin
incelenmesi kolaylagsmaktadir.  Bu kolaylik mimik tamimada Oznitelik c¢ikarma
konusunda da kolaylik saglar. Ornek olarak zaman serilerinin frekans diizleminde
incelenmesi, zaman diizleminde incelenmesinden daha kolay olabilir.

Projede mimik tanimak algoritmasi icin ii¢ farkli yontem denenmistir. Bu yontemleri
sirast ile, Hizli Fourier Doniisiimiiniin 6znitelik ¢ikarmada kullanilmasi, kafa
hareketlerini tanimak i¢in dinamik zaman biikiilmesi algoritmasinin kullanilmasi ve
bu algoritma i¢in benzerlik esik degerlerinin optimal olarak belirlenmesi ve yapay sinir
aglar1 kullanarak kafa hareketlerinin taninmasi, seklinde adlandirmak miimkiindiir.

Mimik tanimada herhangi iki farkli mimigi birbirinden ayirmada kullanilabilecek her
ozellik, oznitelik olarak kullanilabilir. Bu baglamda Hizli Fourier Doniisiimiiniin
mimik tanimada kullanilabilecegi diistiniilmiistiir. Hizli Fourier Doniisiimii, genellikle
zaman serisi verilerinin frekans domaininde incelenmesi i¢in kullanilir. Hizl1 Fourier
Doéniisiimii ile bir zaman serisini olusturan harmonikler elde edilir. Her farkli mimigin
farkli zaman serilerine sahip olacag1 diisiiniiliirse, elde edilecek harmoniklerin de
farkli olmasi beklenilir. Frekans domaininde harmoniklerin kargilagtirilmasi, zaman
domaininde zaman serisine ait orneklerin karsilastirilmasindan cebirsel olarak daha
kolay oldugu diisiiniiliirse, Hizl1 Fourier Doniistimii 6znitelik ¢ikarmada ve boylelikle
mimik tanima algoritmasinda kullanilabilir sonucuna varilir. Ancak yapilan deneyler
sonucunda bu hipotezin tutarli olmadigr goriilmiistii. Buna sebep olarak sonsuz
uzunluktaki zaman serilerinden mimiklerin bagladig1 ve bittigi yerlerin bir kesinlikle
bulunmasi gosterilebilir. Sonsuz uzunluktaki zaman serisinin icerisinde herhangi
bir mimigin bagladig1 ve bittigi yerin belirlenmesi zor oldugu icin, pencereleme
yontemi ile sonsuz uzunluktaki zaman serisinin 6nbellege alinan kisimlari iizerinden
hizli fourier doniisiimii yaptik. Ancan hizli fourier doniisiimii pencerelenen sinyalin
periyodik oldugu varsayimi dogru kabul edilirse giivenilir/dogru sonuglar vermektedir.
Bahsi gecen pencerenin sonsuz uzunluktaki zaman serisi iizerinde kaymasindan dolay1
herhangi bir mimigin siirekli olarak pencerenin ayni yerinde baslayip, ayn1 yerinde
bittigi garantilenemez. Dolayisi ile hizli fourier doniisiimii alinan zaman serisi ayni
mimigi icerse bile ilgili pencerede 6n bellege alinan zaman serisi farkli periyotlara
sahip olacag icin, elde edilen doniisiim, mimige ait zaman serisi birebir ayni kalsa bile
farkli olmaktadir.
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Dinamik zaman biikiilmesi, iki zaman serisinin kargsilastirilmasinda kullanilan bir
algoritmadir. Bu algoritma girig olarak iki zaman serisi alir ve iki sinyali birbiri
lizerine optimal olarak oturtmaya ¢aligir. iki sinyalin birbiri iizerine oturtulmasi islemi
her iki sinyale ait 6rneklerin bir yakinlik dlciitiine gore birbirleri ile eslestirilmesiyle
yapilir. Bu algoritma cikis olarak iki sinyalin birbiri iizerine en optimal olarak nasil
oturtulabilecegi bilgisini iceren en kisa yol bilgisini, en kisa yola ait maliyet degerini,
ve maliyet matrisi verir. En kisa yola ait maliyet degeri iki sinyalin benzerligi azaldikca
artmaktadir. Iki sinyal birbiri ile tamamen aymi ise en kisa yola ait maliyet degeri
sifir olur. En kisa yola ait maliyet degeri icin bir iist sinir bulunmamaktadir. Aymni
kategoriye ait mimiklerin zaman serilerinin benzer olmasi beklenilir. Bu benzerlik
ayni kategoriye ait mimiklerin farkli zaman serileri icin farklilik gostermesiyle
ile beraber mimiklerin aym kategoriye ait olduguna karar verebilmek icin bir {iist
sinir bulunabilecegi diisiiniiliirse, dinamik zaman biikiilmesi mimik tanima igin
uygun bir algoritma olarak goriilebilir. Ancak bu noktada, mimik tanima problemi
optimal esik deger belirleme problemine doniismektedir. Bu problemin ¢dziimii icin
onerdigimiz metod ile benzerlige karar vermek icin gerekli olan esik degerlerinin
optimal olarak belirlenmesi miimkiin olmaktadir. Bu methodu kullanarak yaptigimiz
deneylerde ortalama olarak %85 basar1 orani elde edilmistir. Bu bagar1 orani, veri
kiimesinde tanimli olup on kere tekrar edilen her mimigin sekizden fazla kez dogru
sekilde taninacagini/kategorilendirilecegini ifade etmektedir. Belirtmekte fayda var
ki deneylerde elde edilen yiizde seksen bes basari oranini methodda secime bagh
parametre olarak ifade edilen esik degerlerinin siirlarin1 gosteren ii¢ boyutlu cismin
geometrik karmagikli§1 arttirilarak kolayca arttirilabilmektedir.

Yapay sinir aglar1 genel olarak giris ve ¢ikis arasindaki iligkinin kesin olarak ifade
edilemedigi durumlarda bu iligkinin modellenebilmesi i¢in kullanilir. Mimik tanimada
giris ve cikiglar arasindaki iligki de kesin olarak ifade edilemediginden, yapay sinir
aglar1 mimik tanimada kullanilmaya uygundur. Bu konuda literatiirde ¢ok cesitli
yapilar mevcuttur. Her bir yapay sinir ag1 yapisi, zaman serilerinin farkli 6zelliklerini
diisiiniilerek tasarlanmgtir. Onemli olan soyutlanmaya calisilan 6zelliklerin yapay
sinir aginin egitilmesinin ardindan ilgili iliskinin (giris ve ¢ikis arasindaki kesin ifade
edilemeyen iligki) genellesmis bir model verecek sekilde olmasidir. Zaman serisinde
her elemanin giris ve ¢ikig arasindaki kesin olmayan iliskinin modellenmesinde yararl
olabileceginden, her noktanin yapay sinir agina beslenmesi gereklidir. Kisilerin
bir bir mimigi bire bir ayni sekilde tekrar etmesi miimkiin degildir. Dolayis1 ile
aynm kisi bise bir mimigi farkli zamanlarda tamamlayabilir. Bu sebeple zaman
serilerinin sahip oldugu eleman sayis1 kaydi alinan her mimik Orneginde fakrlh
olabilmektedir. Kullanilan yapay sinir aginin girig sayist sabit oldugu icin ortaya
cikan bu problemin giderilmesi gerekmektedir. Bu problemin giderilebilmesi icin
ilgili zaman serileri yeniden boyutlandirimalidir. Bu yeniden boyutlandirma islemi
icin zaman serilerinin zamanda sahip oldugu eleman sayis1 ayn1 olacak sekilde zaman
diizleminde boyutlandirimasi gerekmektedir. Bu boyutlandirma islemi yapilirken
zaman serisinin sahip oldugu harmonik sayisinin diisiiriilmemesi yahut olabildigince
az diisiiriilmesi gerekmektedir. ~ Ornegin bir zaman serisinin tek bir noktaya
indirgenmesi cok yiiksek bilgi kayb1 anlamina gelmektedir. Bu problemlerin ¢6ziimii
icin bir Onisleme yapilmasi gerekmektedir. Bu Oniglemden sonra elde edilen zaman
serileri yapay sinir aginin egitiminde kullanilabilir hale gelmektedir. Yaptigimiz
deneylerde bu yontem ile %97 basar1 elde edilmistir. Ancak bu basari, yapay sinir
aglarinin yapisindan ve projede gerceklenme seklinden miitevellit hatali olarak mimik
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taninabilecegini ve istemsiz olarak yar1 otonom moddan ¢ikip manuel moda gecis
yapilabilecegini ifade etmektedir.
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1. INTRODUCTION

Gesture recognition has been a popular topic in academia. It has also find its way into
industry recently, especially through smart devices. It is generally used to facilitate
daily activities such as shuffling an mp3 player, counting the number of steps taken in
a day or shaking smart phone to switch on its screen. Besides these simple yet useful
applications, it has also been a hot topic due to the fact that gesture recognition may
provide more natural ways, as in being more intuitive to humans, for interaction with
machines. Reasons as such make this topic not just academically interesting but also

an important financial opportunity.

A semi-autonomous chair for paraplegic who can not use their hands properly, has been
developed under a Turkish Scientific and Technological Research Council (TUBITAK)
project where the chair also required gesture recognition. The chair has an obstacle
avoidance algorithm, thus it is semi-autonomous. The purpose of the avoidance
algorithm is helping the user with navigating through doors, halls, and rooms with
ease. This way, the user does not have to worry about collisions which could occur if

the chair had not have any avoidance algorithm.

Gesture recognition provides an intuitive alternative to traditional ways of interaction
between humans and machines, which usually takes place in structured environments
that requires a learning phase. It is especially important where the traditional ways of

interaction with machines is not feasible.

The gesture recognition problem is separate from semi-autonomous navigation
problem of the chair. Thus, only the gesture recognition problem on which the author

worked, is the focus of this thesis.

1.1 Purpose of the Thesis

The purpose of the thesis is to walk the reader through the development process of

the gesture recognition system for the chair, and to provide the proposed method’s



formulation and its implementation. The research findings, and the provided method
in this thesis has been published in 2017 IEEE CogSIMA Conference [1] under the title
“Head Gesture Recognition via Dynamic Time Warping and Threshold Optimization™.

Those who may be interested can refer to the seven-page conference paper.

1.2 Literature Review

Gesture recognition plays an important role in human computer interaction [2].
This is because as the technology progress, people want more natural means of
communication that is not verbal between computers and operators [3], to meet the
needs in medicine and military [4], and in the field of robotics to develop more intimate

relationship between robot and human [5].

In its simplest description, gesture recognition is estimation of human gestures, or any
other living’s, through data collected from sensors, via algorithms or mathematical

models.

More than thirty different articles, publications or conference papers have been studied
and the parts that are related to the research subject is noted. Since there are a lot of
different mathematical methods and models to achieve the same goal. Similar methods
in literature are grouped into three categories for clarity. There are roughly three types
of categories based on sensory input type and methods with which the sensor data is

used for gesture recognition.

1.2.1 Vision/Image based methods (Type I)

These methods usually use cameras as in [6] or Microsoft Kinect as in [7] as sensors,

and consequently they involve image processing as a fundamental part.

One problem of image based recognition algorithms is that they are computationally
heavy. Therefore, other methods are advised for real-time applications [8]. Image
based methods usually require 0.5-1.5 seconds [8, 9] before recognition is achieved.

This makes image based system inappropriate for real-time applications.

Another aspect worth mentioning is that image based systems can be divided further
into two groups: pose detection and path detection [8]. Pose detection refers to the idea

of recognition of hand pose such as one finger pointing or “OK” pose of a hand. Path



detection refers to the idea that the hand pose may be irrelevant or change for every

person but gestures still can be inferred. An example for such action is waving hands.

In the papers that are related to image based methods, there are commonly 3 steps to

achieve gesture recognition.

1.2.1.1 Image preprocessing

Image preprocessing refers to the idea of making the image easier for calculations. For
example turning skin color to white and background to black [9] so that it is easier
for computer to calculate hand, head or arm region on the image. There are different

methods to achieve this goal such as filtering or applying thresholds to colors [3,6].

1.2.1.2 Feature extraction

Feature extraction refers to the idea of finding properties of images that allows
computers to identify and differentiate one gesture from another. This step allows
templates which later is compared to the features of input images, for recognition to
be small in size and reduces the computation time. ( i.e. It is easier to find features
of input images, then to compare those features to stored templates of features than
comparing whole input image to a stored image.) There are many different methods
for defining features. The methods of defining features include, but not limited to,

using shape, color or brightness levels [3].

1.2.1.3 Recognition/Classification

Methods that are used to recognize features differ greatly. For instance, while [3] is
based on Hidden Markov Models (HMM) and TD learning, in [6] geometric properties
are used and; in [9] Self-Growing and Self-Organized Neural Gas Network (SGONG)
is used. In others, SVMs (Support Vector Machine) are used for classifications [8].
These methods are important because they have mathematical foundations which can
be used for any type of numerical data, even when the sensory input is different than

images.

1.2.2 Acceleration/Gyration based methods (Type II)

These methods wuse electronic wunits such as MEMS gyroscopes (

Micro-electromechanical systems) [10-13] or IMU’s ( Inertial Measurement
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Units ) [5, 14-16] as sensors. Raw sensor data is usually noisy, thus filters are
employed [10, 12, 13]. These methods can also be divided into several groups based

on the way the problem is approached.

One group of methods use similar steps as in vision based systems. They first filter
the signal [10, 12, 13] and make a gesture segmentation [12, 15] on windowed infinite
input sequence. Then features are extracted [12]. Templates are formed [10, 12]. Then
by either Artificial Neural Network [16] or other methods such as Hopfield Networks
based on Sign Sequence [12] or Similarity Matching [12, 13] is used for recognition.
One major difference from image based system is that these methods use acceleration

or position in 3D space of a hand rather than the hand pose itself.

Another group of methods use mappings between input signal and the stored template
signals such as Dynamic Time Warping (DTW) [10], Windowed DTW (WDTW) [14],
Random Projection (RP) [10], HMM, Wavelet Transform (WT), Discrete Fourier
Transform (DFT) and Fourier Descriptors [16]. Even though WT and DFT can be used
for feature extraction, it is also possible to use comparison of coefficients of harmonics
for recognition. On the other hand, HMM still requires feature extraction first, and

then training before it can be used for time series data.

1.2.3 Electromyography (EMG) based methods (Type I1I)

These methods are very similar to acceleration/gyration based methods in input type,
they are both time series signals [14, 17]. Therefore recognition techniques that are
used for acceleration/gyration based methods are applicable for EMG based methods.
Combination of the two type of sensors is not uncommon in academia [5]. However

there are different problems that needs to be addressed in EMG based methods.

Electromyography is a technique for measuring muscle activity from the surface of
skin via electrodes [3,5, 17, 18]. One major problem of the subject is that electrodes
catch electrical muscle activity from all neighbouring muscles and not just the target
muscle [3, 18]. Thus, to increase accuracy, more than one electrode which make the
instrument hard to wear and carry, may be used [5]. There are some methods that
address this issue such as ICA algorithms [3] which tries to separate the target source
from other sources (other muscles) mathematically. Also noise in measurement is

always an issue for which countermeasures are taken such as filters [17,18].

4



Our main concern in the project relates to the recognition methods that are used. The
methods are similar to other vision based and acceleration/gyration based recognition
methods. Artificial neural networks [17, 18], HMMs [5], and other signal classification

based methods are used for recognition.

1.3 Challenges in Gesture Recognition

In a broad sense, gesture recognition is the mapping between two sets, a
meaning/intend set and a data set. Any mapping method can be accepted as a
recognition technique regardless of the requirements of an application where it is
to be implemented. However, success criteria of the method should depend on the
application for practicality. For example, if the relevant set of meanings consists of
several elements and the mapping from the data set to the meaning set is randomized,
then the recognition algorithm is legitimized yet, it is impractical in day-to-day life.
Nonetheless, the recognition algorithm can be accepted as quite successful if the
objective is randomized-mapping. Similarly, success of mapping methodology can
be quite affected by the number of features the raw data has, if the raw data is a flat
line where there is only one feature to be recognized, then 100% success rate can be
claimed disregarding its practical use. For reasons as such, the success of a gesture
recognition system depends on more parameters (such as representation of gestures
in raw data) than just its mapping method. Therefore, standardized benchmarking
datasets are irrelevant in determining success of a gesture recognition algorithm
where it is developed for a specific application which has additional requirements
and restrictions. Because the standardized benchmarking datasets only has limited
number of features, a recognition algorithm’s success may change drastically with
respect to different datasets which may have different features to be recognised. It
is also important to note that anything can be defined as a feature as long as it helps
making distinction between gestures. This broad definition of features creates a wide
spectrum whose limits can not be known. For example, the ratio between the biggest
derivative in the first half of a gesture and the biggest derivative in the second half, may
help making distinction between gestures if the gestures in a dataset happens to have

such features.



The subsections explain general problems and challenges that needs to be overcome
in gesture recognition for successful implementation. Typically, one needs to
compromise between these challenges while catering a solution for a specific problem.
For example, accuracy may suffer if the algorithm works very fast due to loss of spatial
information. Or the accuracy may be very high but, the algorithm produces results
very slowly due to computational cost created by usage of multiple mathematical

algorithms/models.

1.3.1 Computational cost

Computational cost can be defined as the amount of work that needs to be done to
achieve recognition. The lesser it is, the more practical the implementation of it
becomes. Fast computation is also important for real-time applications. Recognition
algorithms that takes two or three seconds are inappropriate for real-time applications

where time is of the essence.

1.3.2 Accuracy

Accuracy refers to the rate of confusion between the gestures that the recognition
algorithm yields. The algorithm is accepted to be accurate, if the confusion rate is
close to zero 0%. It is accepted to be inaccurate if the confusion rate is close to 100%.
There is not a formal percentage limit for accuracy. This is a definition which is made

by the author to facilitate understanding of the subject.

1.3.3 User independence

User independence refers to the idea that the success of a recognition algorithm should
be independent of the individual who is using it. For gesture recognition algorithms to

be commercially viable, they need to be user independent.

1.3.4 Complexity of gestures

Complexity of gestures is important in applications where the gestures signal a
command. The gestures should be complex to prevent the machine from interpreting
gestures wrong, which if not prevented can result in simple accidents at best and

injuries or death at worst. Some degree of complexity requirement forces algorithms



to use as much information as possible. This restriction can force engineers to increase

computational cost in order to achieve eligible accuracy.

1.4 General Steps for Gesture Recognition

Gesture recognition is usually achieved in six steps that are data collection,
preprocessing, feature extraction, comparison to a database and output, namely;
decision making. Different methods may leave some steps out, or combine some steps
examples of different workflows can be seen in [2,5,8,12,13,19,20]. In the following
subsections each step is briefly described and some of the problems relating to each

step is given.

1.4.1 Data collection

Data collection is the same for almost all recognition algorithms, that is gathering of
data from sensors. The data collection largely depends on the sensor type that is used.
If the sensor is reliable, there is usually no problems to be addressed in this step. Some
sensors may have integral filters, preprocessor for ease of use of the raw data. After the
data is collected by the sensor, it is then sent to a computer or a computing element such
as a microprocessor for further processing. Sending the data is usually done through

standard data transmission architectures such as RS-232, CAN and I>’C1001[21].

1.4.2 Preprocessing

The collected data is mostly inappropriate for feature extraction. Or it is not ideal
in some sense. It may be noisy, which is almost always the case. it may include
information that is not useful for the algorithm. The main purpose of this step is to
prepare the data for feature extraction. Noise in the data can be filtered. Unnecessary
information in the data is eliminated such as turning colored image to black and white,

normalization and resizing.

1.4.3 Feature extraction

Feature extraction refers to the idea that a gesture has some specific properties which
make the gesture distinct from other gestures. This step of gesture recognition is much

more trickier than other steps due to the fact that anything can be a feature if it fulfils the



requirement of helping making distinctions between gestures. For example, gestures to
be recognised can be defined in radically different ways namely, it is easy for humans
to notice differences by inspection. This way, it would be obvious what should be a
feature or not. But in an example of a very comprehensive gesture recognition task
where the gestures look alike, it is not very clear about what properties should be

features or count as features.

It is also not clear whether the total number of features exist in a gesture is more
important than their combinations or not. As an example; if ten features are identified
for a specific gesture. And if the incoming data from the sensor only carries nine out
of ten of them. The question of whether the incoming data should be recognised as a

gesture or not, has to be answered.

Another important question that should be answered is that, whether one can identify

all features or not.

All of the questions above makes the feature extraction step of the gesture recognition
problem more interesting than others. This may be one of the reasons why feature

extraction is the most popular amongst scholars.

1.4.4 Comparison to database

In this step, features extracted from the defined gestures form a database where
important informations about features are stored. This database is used as template

for gesture recognition from the incoming data in the experiment phase.

1.4.5 Decision making/Output

This step usually relates to the comparison to database step. Similarity is measured in
this step thus, whether a gesture is recognised or ignored is decided here. Depending
on the similarity between gestures templates (collection of features) and incoming data,

the input is categorised into one of the gesture types or not.

1.5 The Following Chapters

The second chapter gives a problem statement where the general application setup

is given, gestures to be recognized are introduced, hardware and software that are



used in the project are detailed. In the following chapters, three different methods
used for recognition are explained. The third chapter gives details of our first failed
attempt at creating a new feature extraction method to implement it into gesture
recognition algorithm. It gives the hypothesis, explains the experiment process, and
a conclusion where it is explained that why the hypothesis did not hold. In the fourth
chapter, the method that has been presented in the IEEE 2017 CogSIMA conference,
which optimizes thresholds for similarity where dynamic time warping is used for
comparing two time series, is provided. The chapter gives details of the method, why
it is necessary, collection process of the required data for optimization, optimization
details, and the results. The fifth chapter explains another method where a simple
neural network for gesture recognition is used, finally results are provided. In the last

chapter, an overall conclusion is given.






2. PROBLEM STATEMENT

The overall aim of the project had been the development of a semi-autonomous
powerchair that is controlled via head commands, which can also avoid obstacles if
needed. The chair required gesture recognition, reasons for which given previously,
therefore, it is important to understand requirements of such application before creating

a recognition algorithm.

The head orientation is selected to be the input for the recognition algorithm. Thus,
the recognition algorithm has to process and interpret time series data into categories
that indicate the operation mode of the chair. Four different gestures are chosen
that correspond to four different switching commands for interaction with the chair.
The operation modes of the chair are named as “OPEN”, “CLOSE”, “SUPPORT”
and “NO-SUPPORT”, respectively. All of which are explained and defined in the
following subsections. From this point on, these capitalized names will refer to both

the mode-switching-commands and gesture categories in the way they are described.

The chair is to be used by paraplegic who can not use their hands properly.
This is an important starting point to understand the requirements. Since it
can not be expected from the user to protect himself by means of his hands
if an accident occurs, the recognition algorithm does not have the luxury of
interpreting mode-switching-commands as directional commands. It is even better to
interpret nothing than interpreting a command wrong. This forced the recognition
algorithm to be highly complex with respect to the selection of gestures for

mode-switching-commands.

2.1 Gestures

It is important to note that the time series representation of a gesture is independent of
its meaning as a command. Because any mapping between commands and gestures
can be chosen as desired. Ultimately, time series representations of gestures are

design choices. However, due to the requirements of the application, the time series
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representations of gestures should be complex enough as a countermeasure for wrong

interpretation. In the meantime, they need to be simple enough for ease of use.

Shapes of all of the gestures are decided, after some consideration according to the
requirements. There were other shapes that were considered and eliminated. However

they are not listed in subsections.

2.1.1 OPEN gesture/command

Gesture OPEN is meant to start the autonomous nature of the chair. It switches the
mode of the chair from CLOSE to OPEN. In this mode, the chair moves with respect to
head orientation while avoiding obstacles. This mode allows users to navigate through
doors, halls, and rooms with ease. The user does not have to worry about crashing
into walls or any other dynamic object that may be around of him. Leaning the head

forward makes the chair move forward. Leaning the head left makes the chair turn left.

Switching to any other mode is possible in this mode. But the chair does not
try to compare sensor input to SUPPORT gesture template because, it would be
an unnecessary comparison due to the fact that SUPPORT command starts the
autonomous nature of the chair after NO-SUPPORT command has been given. The
reason for defining two different gestures for switching to autonomous mode is to make
sure the user intended to give the commands. If the chair is in CLOSE mode, then the
gesture to be recognised has to be significantly different than any natural movement of

the head so that natural head movements are not recognised as a command by mistake.

It has been decided that moving the head in clockwise direction once is complex
enough and yet, simple enough for ease of repetition. To perform this gesture, one
has to draw a circle with their nose starting from the natural position of the head and
arriving to it to complete drawing the circle in clockwise direction. One starts to draw

the circle from the bottom of it (see Figure 2.1a).

2.1.2 CLOSE gesture/command

Gesture CLOSE is meant to stop the chair from listening to any command including
directional commands except OPEN command. It switches the mode of the chair to

CLOSE. In this mode, the chair does not move with respect to head orientation. This
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mode allows users to be free from worrying whether the chair will interpret one of his

head movements as a command or not.

It has been decided that moving the head in counter clockwise direction once is
complex enough and yet, simple enough for ease of repetition. To perform this gesture,
one has to draw a circle with their nose starting from the natural position of the head
and arriving to it to complete drawing the circle in counter clockwise direction. One

starts to draw the circle from the bottom of it (see Figure 2.1b).

(a) Gesture OPEN. (b) Gesture CLOSE.
Figure 2.1 : Illustration for gesture OPEN and CLOSE.

2.1.3 SUPPORT gesture/command

Gesture SUPPORT is meant to start the autonomous nature of the chair after
NO-SUPPORT command has been given. It switches the mode of the chair to
SUPPORT. In this mode, the chair moves with respect to head orientation while

assisting the user in navigating.

It has been decided that moving the head downwards then upwards twice is complex
and simple enough for ease of repetition. To perform this gesture, one has to draw a
line with their nose starting from the natural position of the head, going downward,
then, arriving back to its original position to complete drawing the line. This is done
twice to signify a command has been issued. One starts drawing the line from the top

of it (see Figure 2.2a).
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2.1.4 NO-SUPPORT gesture/command

Gesture NO-SUPPORT is meant to stop the obstacle avoidance algorithm from
interfering with directional commands. It switches the mode of the chair to
NO-SUPPORT. In this mode, the chair moves with respect to head orientation however,

it does not avoid obstacles.

It has been decided that moving the head to right, to then, to left, then to right and
finally to original position is complex and simple enough for ease of repetition. To
perform this gesture, one has to draw a line with their nose starting from the natural
position of the head to complete drawing the line. This is done twice to signify a

command has been issued. One starts drawing the line from the middle of it (see
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Figure 2.2 : Illustration for gesture SUPPORT and NO-SUPPORT.

2.2 Hardware and Software

A commercial powerchair has been modified to implement the obstacle avoidance
and the gesture recognition algorithm. Basically, the manual control panel has been
removed and a computer has been connected to it. Then sensors are placed into the
chair and they are connected to computer where the data coming from them can be

processed.
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As the software, Robot Operating System [22] is chosen to implement the algorithms
on Ubuntu [23]. ROS allows programmers to write individual Python [24] or C++
[25] programs where each of these programs can communicate with each other easily

trough ROS’s model.

2.2.1 Chair

After the manual control panel is removed, additional softwares had to be implemented
so that the chair’s drivers can listen to the computer’s commands. The software for
these drivers has been written in Python programming language by the seller of the

chair.

The driver software basically allows our algorithms to send directional commands to

the chair’s motors as if the computer is the manual control stick of the chair.

The sensors for the avoidance algorithm has been fixed under the seat. The IMU sensor
however is not attached to the chair. It is attached the head of the user and it connect

to the computer via USB cable. The chair can be seen in Figure 2.3

Figure 2.3 : The modified powerchair.
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2.2.2 Sensor

The sensor used for capturing head orientation is an off the shelf IMU, named UM7-LT
Orientation Sensor [26] (see Figure 2.5). The sensor contains three-axis accelerometer,
rate gyro, magnetometer, and thermometer. It has an integrated extended kalman filter
for roll, pitch and yaw data. The sensor uses UART [21] architecture to convey sensor
data. In order to connect the sensor to a computer, a serial-to-usb converter is needed.
The converter is also an off the shelf circuit that uses FTDI chips [27]. The ROS has
a driver for the sensor with which the data can be transferred to the algorithms with
ease. The relevant data is sent to computer in packets. The frequency with which the
data packets arrive to computer, changes, however not significantly. The frequency is
approximately eighty hertz. The sensor does not need an external battery, it can be

powered via the USB cable.

The sensor is placed onto a head gear which is worn by the user (see Figure 2.4).
Through the USB cable, head orientation data that are roll, pitch and yaw, is sent to the
computer. Then, the data is transferred to algorithms where the gesture recognition is
achieved. All of this process is automated by the manufacturer of the sensor and the

ROS. The orientation data given by the sensor is in radians.

Figure 2.4 : The powerchair with the sensor on top of the head of a person.
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Figure 2.5 : The sensor without its package.

2.2.3 Robot operating system

The Robot Operating System is a framework with which robots can be programmed. It
provides tools, libraries and a model (convention) to simplify creating complex robot
software across a wide spectrum of robots. It allows modular structures to work in

parallel.

The ROS is highly complex framework. The complexity it has, makes it out of the
scope of this thesis. The important thing to understand about ROS, is that it is a
tool which facilitates development of robots. That is why it has been used in the
project. It allowed the focus of the research to be at gesture recognition rather than
it being distributed to other related side tasks such as communication of the sensors
with the computer, communication between the algorithms, and drivers needed to
develop full fledged autonomous chair. Nonetheless, the interested can find complete

documentation about it on its website [22].
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3. FAST FOURIER TRANSFORM AS A FEATURE EXTRACTION
METHOD

The Fast Fourier Transform (FFT) is an algorithm that computes the Discrete-Time
Fourier Transform (DTFT) of a time series. How the algorithm computes the DTFT
can be a thesis by itself. Thus, detailed explanation of it has not been given in the thesis.
However it is important that the reader broadly understands for what the algorithm and

the Discrete Fourier Transform (DFT) are generally used.

FFT is used to compute DTFT in applications where time is of essence because it can

calculate DFT with a reduced computational complexity.

DFT is a mathematical transformation tool that is a form of Fourier analysis. It
calculates the frequency components of a time series signal. Using inverse DFT, it is
possible to obtain the original signal from which the DTFT calculated. When the signal
is discrete, DFT gives a discrete function of frequency whose output is the coefficient

for the input frequency.

Two different hypothesis has been tested with different decision making processes,

they are discussed in the following sections named as Hypothesis I and Hypothesis II.

3.1 Hypothesis I

Gesture recognition is done via feature extraction. Since anything that allows to
make distinction between gestures can be thought of as a feature, it is possible to
treat the DTFT as a feature set. Because every gesture is different in time series
representation, it is expected that every gesture also is a different combination of
frequency components with different amplitudes. Then, this difference can be used
to make distinction between gestures. However, it is obvious that nobody can perform
the same gesture in the same way twice. Therefore, it can not be expected to calculate
the same combination of frequencies every time, when the sensor data carries a gesture.

This understanding forces the recognition algorithm to have some sort of mechanism
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where it can measure how the calculated combination of frequencies change when the

gesture representation in time series data change ever so slightly.

The mechanism has to be able to help identify gestures whose time series
representations are not exactly same, yet similar. To this endeavour, it has been decided
that an average can be calculated after collecting gesture samples. After the average
change in amplitude of frequencies is found, the hypothesis is that the deviation from

the mean can be used as a threshold for recognition.

Implementation of this hypothesis required three steps to achieve gesture recognition
namely preprocessing of the raw sensor data, feature extraction, and decision making.

Each step is explained under the next three sections.

3.1.1 Preprocessing of the raw sensor data

The orientation signal coming from the sensor is stored if any movement is detected.
This detection is based on a simple threshold mechanism on the velocity measurement
that is sent from the sensor. Storing process starts, if and only if angular velocity on
any axis increases more then 1 radians per second. When the sensor output comes
to a rest (meaning there is no increase or decrease on the position or angular velocity
coming from the sensor), the stored data is sent to the second stage. The sensor output
is thought to be at rest if position and angular velocity does not go above or below a
threshold. This threshold was required because of noise in the signal. Then The Fast

Fourier Transform (FFT) of the stored signal is taken.

The transform yielded different total number of frequencies for a gesture every time,
because the record had a different time window (length). This problem has been
overcome by making quantization and interpolation on the frequency axis of the
transform output. As a result, an array that has the length of half of the sampling
frequency is obtained. This means that every gesture can be represented with the same

number of frequencies.

3.1.2 Feature extraction

Before explaining the extraction process, it is important to give a base for the
calculations that will be explained here shortly. The desired gestures to be recognized

are performed and recorded 30 times for each gesture category so that averages for
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frequencies in DTFT can be calculated. The average of each frequency in all samples
are taken separately, thus creating an average for each frequencies’ amplitude. Then for
each frequency, the standard deviation is calculated by using the same samples. The
gesture template (with which comparisons are made) formed simply by adding and
subtracting one standard deviation to and from the average of each frequency in each
gesture. Any input is considered to be an exact match for a gesture template, if and
only if the amplitude of all frequencies of the input are in the band of the one standard
deviation above or below the average of the frequencies of the gesture. If an arbitrary
input is not an exact match for a template, its similarity to the template is checked in
all dimensions together. The similarity is calculated by summing the difference from
one standard deviation above or below the average of each frequency for each axis of
a gesture template. The sum is divided by the sum of the averages of all frequencies
in all axes. This calculation results in a number which is used as a similarity measure.
The similarity measure is treated as a feature for inputs whose DTFT stayed outside of

the one standard deviation band around the average.

3.1.3 Decision making

The decision of an input gesture, whose frequencies do not stay inside the one standard
deviation band, to be a match or not is based on empirical data. After experimentation,
it has been decided that any arbitrary input gesture is a match if it has a similarity

measure that is less then 0.5.

3.1.4 Experiment results and conclusion

The experiments have shown that the similarity measure is not enough to differentiate
between different gestures (empirically found success rate 10% to 15%). The reason
for it, was thought to be the fact that summing all the error in all dimensions could
have resulted in information loss simply because, errors in different dimensions may
be very different even though, the total error is the same. The information is lost
when summation is applied. And this information may be crucial to decide if an
arbitrary input is a match for a particular template or not. Thus, another decision

making mechanism is needed. For this reason, Hypothesis II has been proposed.
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3.2 Hypothesis 11

As it has been mentioned in Hypothesis I, it was desired to separate information in
different axes to evaluate similarity based on matching, axis to axis information (total
error) so that accuracy is increased. The separation allowed to check similarity in every

direction (X,y and z axes) independent from each other.

Feature extraction procedure is the same as it was done in Hypothesis I, the difference

is that separation of axes has been done.

The procedure is as follows: The error (as in the distance from the one standard
deviation band) for any frequency in one axis is summed. Then the sum is divided by
the sum of amplitudes of all frequencies for the same axis. The calculated similarity
measure for each axis is output separately as a part of a Python dictionary. The output
is a Python dictionary with three values that indicate how much any arbitrary input
gesture is similar to the templates, axis-wise. Then, for deciding on whether an input
gesture is a match or not, the values in the dictionary are expected to be lower than
some experimentally chosen thresholds. To determine what value a threshold should
be for a given axis, each gesture is performed 30 times. The average of the outputs are

taken. These averages are appointed as the thresholds.

3.2.1 Experiment results

Experiments have shown that the recognition rate is different for different gestures.

The found thresholds are given in Table 3.1;

Table 3.1 : Empirically determined thresholds for Hypothesis II.

Empirically Determined Thresholds For Axes
Gestures Axis X Axis Y Axis Z

OPEN 0,160390751 0,395692438 1,02E+06
CLOSE 0,226130276 0,343409219  0,281430599
SUPPORT 0,050062286 0,251115359  0,004638223
NO-SUPPORT 0,075792278 0,672857004  0,000460083
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3.2.2 Results for OPEN gesture:

In the Figure 3.1, it can be seen that average for all frequencies for a given gesture’s
DTFT, dashed lines show the one standard deviation band enveloping above or below
the average, blue line indicates the input gesture for that instance. And green dot line
indicates the average. One successful trial where open gesture has been recognised can

be seen in Table 3.2
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Figure 3.1 : DTFT in an experiment for OPEN Gesture.

Table 3.2 : Measured similarity results for OPEN.

Experiment Results (Measured Similarity)
Gestures Axis X Error Axis Y Error  Axis Z Error

OPEN 0,122453289 0,321908682  0,00E+00
CLOSE 0,181225452 0,355606413 0,139999434
SUPPORT 0,022809959 0,836353776  0,23738661
NO-SUPPORT 0,022809959 0,836353776 0,23738661

3.2.3 Results for CLOSE gesture:

In the Figure 3.2, it can be seen that average for all frequencies for a given gesture’s
DTFT, dashed lines show the one standard deviation band enveloping above or below
the average, blue line indicates the input gesture for that instance. And green dot line
indicates the average. The method used for recognition did not perform well for the

CLOSE command gesture. Not one successful trial could be recorded.
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3.2.4 Results for SUPPORT gesture:

In the Figure 3.3, it can be seen that average for all frequencies for a given gesture’s
DTFT, dashed lines show the one standard deviation band enveloping above or below
the average, blue line indicates the input gesture for that instance. And green dot line
indicates the average. The method used for recognition also did not perform well for

the SUPPORT gesture. No recognition could be done.

3.2.5 Results for NO-SUPPORT gesture:

In the Figure 3.4, it can be seen that average for all frequencies for a given gesture’s
DTFT, dashed lines show the one standard deviation band enveloping above or below
the average, blue line indicates the input gesture for that instance. And green dot line
indicates the average. The method used for recognition also did not perform well for

the NO-SUPPORT gesture. No recognition could be done.

3.3 Conclusion

Experiment results of the hypothesises indicated that either a better similarity measure
or a better feature extraction method is needed. Therefore, it has been decided to
test the feature extraction method that has been used for hypotheses before proposing

another similarity measure.

The test has been done by creating a pseudo-signal and changing the parameters of

the signal one parameter at a time. The test proved that change in time windows,
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Figure 3.2 : DTFT in an experiment for CLOSE gesture.
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Figure 3.4 : DTFT in an experiment for NO-SUPPORT gesture.

which are selected automatically for taking the DFT of the input data, renders this
feature extraction method unfit for the recognition task. The reason is that for DFT
to be taken, the signal has to be assumed periodic with its time window. Thus, it
is expected that if the time window changes, the DTFT changes too. However, the
test have shown that change in DTFT is drastic, which is why using DFT for feature
extraction is problematic, even if every parameter is kept the same and, only the time

window is changed slightly.

The pseudo signal used in the test is u(¢) +2*u(t — 1) — 2 u(r — 3) where u(t) is the
Heaviside step function. In the Figure 3.5, the time window is chosen as 3 seconds. In
the Figure 3.6, the time windows is chosen as 2.2 seconds. The windowed signals, and

the resulting DTFTSs can be seen the figures, respectively.
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Figure 3.5 : DTFT of 3 seconds time window.
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Figure 3.6 : DTFT of 2.2 seconds time window.
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4. HEAD GESTURE RECOGNITION VIA DTW AND THRESHOLD
OPTIMIZATION

Dynamic Time Warping (DTW) measures similarity in time domain [28]. DTW is an
algorithm that takes two inputs which are time series. It outputs three different entity
namely, an accumulated cost matrix, an optimal path and a similarity measure called
minimum travelled distance (MTD). Consequently, it is a popular choice in recognition

tasks where time series are the primary data source.

DTW makes comparison of the two input signal by creating a cost matrix (see Figure
4.1b) whose elements are the distance between each points of the two time series
data (see Figure 4.1a). The black color indicates relatively small distance between
the elements. The white color indicates relatively long distance between the elements.
This cost matrix is used to find an optimal path which is the mapping between the
distance-wise closest points of the two time series data. Finally, minimum travelled
distance is calculated by adding each cost (each element of the matrix) on the optimal

path (the white line in 4.1b).

04
02
00

0 50 100 150 200

04
02
00

202

E] 700 50 200 50 100 150

(a) Two time series signals. (b) The cost matrix resulted from
comparison of the two time signals.

Figure 4.1 : DTW example. The cost matrix (4.1b). The two signals (4.1a).

MTD is a similarity measure because, it is calculated to be zero when the two inputs
are exactly the same. As the two input become more different, MTD value increases.

The lower bound for MTD is zero. However, there is no upper bound for it.
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Feature extraction is one of the hardest part of gesture recognition. The tools used
for feature extraction is usually the tools developed for signal processing where the
main problem is extracting the properties of original signal from noisy data that is
the result of transferring the original information through physical mediums. These
tools, therefore, are developed for extracting features that are already known. But, in
gesture recognition, it is impossible to know what features to extract from data. There
exist no original information with which a comparison can be made. In other words,
features that are the relevant properties of the original signal, can not be expressed
with 100% certainty in gesture recognition. This is not the case for signal processing.
This difference makes the tools used for signal processing somewhat inappropriate for
gesture recognition. Nonetheless, that is not to say these tools are not useful in gesture
recognition. Because of the difference, DTW has been chosen for gesture recognition

in the project.

DTW is useful for recognition because, it indirectly tries to match features of one time
series signal to another one optimally by optimally aligning the two time series data.
The features that are required for recognition can not be known with certainty. But,
since DTW matches as much feature as possible, it can be used to match features which

can not be even imagined that they exist.

4.1 Hypothesis

The minimum travelled distance can be used as a similarity measure. Thus, recognition
is possible through determining a threshold for MTD. In other words, two time series
data can be said to be similar enough for recognition if the resulting MTD value is

below some threshold.

In the project, the gesture data is collected via three-axis accelerometer that measures
the head orientation. Therefore, each axis of a gesture template should be compared
to their respective counterparts in the data coming from the sensor. This means that
DTW has to be used three times for one gesture to be recognised because there exist
three different time series data for any given gesture. The resulting three MTD values,
then, can be compared to three thresholds each of which determined for one particular

axis.
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4.2 Proposed Method

The usage of DTW reduced the gesture recognition problem to threshold determination
problem. Several attempts have been made to determine the thresholds empirically,
however there was no success. One of the reason for not having any success was the

user dependence problem.

A gesture recognition algorithm that is to be used in a practical application where
commands to a machine is conveyed through gestures would be better, if it allowed
user independence since the machine can be used by anybody. Empirically determined
thresholds have failed achieving any success due to user dependency issues. DTW
does not provide any information about the best time series representation of a gesture.
Because of this, it is not possible to determine which template, with which the
input data is compared, is the best time series representation of a gesture. Any
time series sample of a gesture can be used as a template thus the template, which
is sampled from one person, carries the characteristics of one person. Therefore,
selection of template affects the empirically determined thresholds in a significant
way. This problem renders the empirically determined thresholds inappropriate for
user independent recognition. In order to overcome the user dependency issues, a
method is required to determine the thresholds in such a way that no matter what the
template is, the thresholds allow to achieve high success rate for an arbitrarily large

dataset. For this reason, the following method is proposed.

The method, treats the MTD values for each axis as a dimension of a three dimensional
point in a three dimensional cartesian coordinate system (CCS). The point is expected
to be closer to the origin of the CCS, when the inputs to DTW algorithm are of the same
gesture type. The point is expected to be relatively away from the origin of the CCS,
when the inputs to DTW algorithm are of different gesture type. The method allows
to find the optimal or close to optimal boundary between these two different point
types namely, the points resulted from the same gesture comparisons and the points
resulted from different gesture type comparisons. It is important to notice that for this
distinction between points to be made, the template for any gesture is not important

as long as the inputs belong to a gesture category. If the boundary is treated as the
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threshold for similarity, it reasonable to expect that the user dependency problem is

overcome.

It is not known what the boundary should be. But, it is safe to assume that it will be
a three dimensional boundary. In other words, it will look like the surface of a three
dimensional object in three dimensional space where it has depth, width, height and a
place since the the points are three dimensional. The exact shape of the boundary is
not known. However, it is possible to iteratively place an arbitrary three dimensional
object to the CCS where the points are, to select the best object that yields the best

separation between the different type points.

Iteration without any guidance is impossible because the CCS is a continuous space
and the number of combinations for a any given object’s depth, height, width and place
is unlimited. So, to solve the problem of finding the optimal boundary, in other words,
thresholds, it has been decided to convert the problem to an optimization problem
by defining a cost function which can guide the iteration. Any meta-heuristic global
optimization algorithm can be used. In the project, genetic algorithm [29] has been

used.

In the following sections, the data collection process, the three dimensional objects,
the cost function, the success rate calculation, and the result of optimization has been

provided. Finally a conclusion relating the method has been given.

4.3 The Data Collection Process

There are four different gesture types in the project, named as OPEN, CLOSE,
SUPPORT and NO-SUPPORT. In order to find the optimal thresholds, a rich dataset is
required. Six different people are gathered and instructed to perform each gesture for
two minutes while leaving a second break between each execution in order to create
the dataset which is composed of time series data of gestures. In the end, 248 OPEN,
268 CLOSE, 272 SUPPORT and 273 NO-SUPPORT gesture samples were collected.
The difference in the number of different gesture types caused by people completing

different gesture in different time frames.

After completing the dataset of samples for gestures, it was required to create MTD

values which are the result of gesture comparisons. To this endeavour, each sample

30



has been kept as a template while others are used as the second input to DTW
algorithm. The resulting MTD values (points) are randomly divided into test set
and optimization set. For each gesture type, approximately 250.000 points are
obtained. The optimization for thresholds is done for all gesture types by using
approximately 125.000 points, the remaining approximately 125.000 points are used
in determining the success rate via the optimized thresholds. All points are plotted on
three dimensional CCS. The green points in Figure 4.2 are the points resulted from
the same gesture comparisons. The blue points in Figure 4.2 are the points resulted
from different gesture comparisons. The expected distribution of the points can be
seen in the figures. The figures are drawn from different perspectives so that a better

understanding of how the points are distributed for each gesture, can be achieved.
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(a) Gesture OPEN. (b) Gesture CLOSE.
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(c) Gesture SUPPORT. (d) Gesture NO-SUPPORT.

Figure 4.2 : Illustration of how the points are distributed in CCS for each gesture
type.

4.4 The Three Dimensional Objects Used In Optimization

The exact shape of the object is not known. The object may be a highly complex
polygon. Therefore, to provide the proof of concept, two simple objects are used in the
project. These objects are a sphere and a quadrangular, which can be seen in Figure 4.3.

The sphere has four parameters (see Figure 4.3a). Three of which are the coordinate

31



for the center point of the sphere, the remaining one is the radius. The quadrangular
has six parameters (see Figure 4.3b). Three of which are the coordinate for one edge

of the quadrangular, the remaining three correspond to the length of each fundamental

axis in the CCS.
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(a) The Shpere. (b) The Quadrangular.

Figure 4.3 : Three dimensional objects used for optimization.

4.5 The Cost Function

A cost function is required for optimization. The cost function can be defined as
desired as long as it maximises for high recognition rate. Therefore, there exists a
set of plausible cost functions. Equation 4.1 is used in the project as the cost function
for optimization.

B

o D
fcost(aaAaﬁabavar):_Z+E+f (41)

Where o corresponds to the green points inside the object, B corresponds to the blue
points inside the object, v corresponds to the volume of the object, A corresponds to
the total number of green points, B corresponds to the total number of blue points and

Y corresponds to the smallest possible volume of the object that contains all points.

Equation 4.1 is a plausible cost function because, as the volume of the object increases,
the total number of blue points inside the object and the green points inside the object
increases. However, since the coefficient of « is —1; a, B and Y are competing
variables. This competition allows this function to be used as a cost function for the

problem at hand.
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As the optimization algorithm, genetic algorithm [29] is used. The genetic algorithm

minimizes the cost function to maximise the success rate.

In Figure 4.4, evaluation of the cost function can be seen for each gesture type when
the object that is used for optimization is prism. In Figure 4.5, evaluation of the cost
function can be seen for each gesture type when the object that is used for optimization
is prism. It can be deduced from the figures that around iteration number twenty,

genetic algorithm approaches a minimum very closely for each optimization.
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Figure 4.4 : Evaluation of the cost function with each iteration for the quadrangular
object.

4.6 The Success Rate

After the optimization process and determining the optimal thresholds, the success
rate is needed to be calculated. For that purpose, equation 4.2 is used. The determined
thresholds for the two different object, are visualised and can be seen in Figure 4.6
which is the visualization of the quadrangular thresholds, and in Figure 4.7 which
is the visualization of the sphere thresholds. The red circles indicate the shapes of
the objects. The figures show the thresholds from different perspectives for ease of

understanding, because three dimensional space can not be perfectly drawn into two
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Figure 4.5 : Evaluation of the cost function with each iteration for the sphere object.

dimensional paper.
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Where 6 corresponds to the total number of green points inside the object, ¢

corresponds to the total number of blue points inside the object and € corresponds

to the total number of green points outside of the object.

4.7 The Results and The Confusion Table

The optimized thresholds with one half of the collected MTD values are tested with
the other half to calculate the success rate. The success rate is calculated as in equation
4.2. The resulting success rates for gestures, optimized via the quadrangular object
and via the sphere object are given in the tables 4.2 for the quadrangular object and 4.1
for the sphere object. There is also one more important side that needs to be explained
that when a point ends up in two different shapes, the category of the input gesture is

chosen based on the proximity of the point to the origin in the objects.

The average achieved success rate for the sphere object is 81,54%. The average

achieved success rate for the quadrangular object is 83.14%. Table 4.1 shows better
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Figure 4.6 : Visualization of the quadrangular thresholds for gesture types from
different perspectives.
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Figure 4.7 : Visualization of the sphere thresholds for gesture types from different
perspectives.
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Table 4.1 : Confusion matrix for sphere fitting.

PHERE PREDICTED GESTURE CCESS RATE
S Gestures ~ OPEN CLOSE SUPPORT NOSUPPORT IGNORED SUCC
2 OPEN 12737 94 68 68 1364 88,87%
=5 CLOSE 34 11898 51 32 4550 71,82%
% SUPPORT 0 0 14047 0 2918 82,79%
Z %5  NO-SUPPORT 0 0 0 14127 2968 82,63%
Table 4.2 : Confusion matrix for quadrangular fitting.
PREDICTED GESTURE

QUADRAN. Gestures OPEN CLOSE SUPPORT NOSUPPORT IGNORED SUCCESS RATE
0 OPEN 11673 20 20 29 2428 82,37%
B CLOSE 211 12550 241 238 3898 73,22%
=3 SUPPORT 0 0 16620 0 345 97,96%
) NO-SUPPORT 0 0 0 13504 3591 78,99%

success rate for gestures OPEN and NO-SUPPORT. On the other hand, Table 4.2
shows better success rate for gestures CLOSE and SUPPORT. When the thresholds for
gestures are chosen according to the best success rate yielding object, namely using
sphere as thresholds for gestures OPEN and NO-SUPPORT and using quadrangular as
thresholds for gestures CLOSE and SUPPORT, the resulting average success becomes
85,68%.

4.8 Conclusion

The proposed method achieved success rate of 85,68% even for simple objects like a
sphere and a quadrangular. Therefore, it is plausible to say that the method can be used
to determine thresholds optimally where MTD value is used as the similarity measure.
It is safe to say that more complex objects (polygons) that have more free parameters
can be used to increase the success rate for the application as long as the distribution
of the points does not change as the number of gesture samples goes to infinity. It is
worth noting that the distribution of the points that are the result of the same gesture
comparisons, can fit into a simpler object better than a much more complex object.
Therefore, a simpler object may yield better success rate compared a more complex
object. However, it is safe to assume that as the number of free parameters increases,

the success rate increases.

Another way to increase success rate may be expanding the idea of placing an object on

to three dimensional CCS. For example, MTD values for angular velocity comparisons
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can be used with MTD values for position comparisons to form a six dimensional point.

A six dimensional object can be iteratively placed to maximise success rate.

The method also may be used in other applications with little modification, where

separation of high dimensional feature vectors is needed.
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5. GESTURE RECOGNITION VIA NEURAL NETWORK

Using machine learning for gesture recognition is popular among scholars [4,9,17,19,
20]. The structure of such algorithms depends on the type of the problem. They are
generally used for feature extraction in gesture recognition tasks. This is due to the
fact that machine learning algorithms allow abstraction, and modelling at a higher
level than conventional programming does. Conventional programming becomes
impractical when the relationship of a function between its output and its input can
not be expressed precisely. In other words, when the relationship can not be hard
coded into the algorithm, higher level abstraction is required. Higher level abstraction
allows such relationships between the output and the input to be modelled in most of

the cases. There are numerous techniques for machine learning.

In the project, neural networks have been used as the machine learning method for
recognition because the implementation of neural networks have become easier by the

reason of the recent advancements in computing technology.

5.1 Hypothesis

The main problem in gesture recognition is feature extraction as it has been explained
previously. Neural networks can be used for gesture recognition because it allows
to model the unknown relationship between an input set and an output set. This
understanding makes neural networks appropriate for gesture recognition because the
relationship between the input sensor data and the gestures to be recognised can not
be expressed precisely. The author’s hypothesis is that gesture recognition is possible

through the direct use of time series data.

The following sections give the structure of the neural network that has been used,
the preprocessing step, the training process of the network with only gesture data,
the training process of the network with samples gathered while driving the chair, the

obtained results and a conclusion.
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5.2 The Structure of The Neural Network

Each sample in time series data of a gesture can not be given to a neural network one
by one as the samples arrive, since neural networks compute an output for each input.
In other words, neural networks have no context of time. The structure in Figure 5.1 is
used to overcome this problem. This structure can be used coupled with first in, first
out data buffering in order to keep the number of inputs the same. First in, first out data
buffering refers to the idea that when a new sample that is collected from the sensor
enqueued to the buffer, the oldest sample in the buffer is dequeued. This way a sliding

window in time is created.

Time Series Data Input Layer Hidden Layer Output Layer Categories
X(k) O
X(k-1) U (J OPEN
X(k-2) Q Q CLOSE
X(k-3) O . @ - SUPPORT
: N
() » NO-SUPPORT

O
X(k-n) Q —

Figure 5.1 : Selected neural network structure.

5.3 The Preprocessing Steps

Neural networks require the same number of inputs, once it is created. Training of
neural networks are usually done offline. Thus a dataset is required for training. The
collected samples of gestures in the dataset that is used in section 4 vary in length,
therefore, a preprocessing of the collected samples is required to scale the gesture
samples into a fixed number of points. For example, Figure 5.2 shows examples
of original gesture sample and Figure 5.3 show the scaled versions of those original

gesture samples.

In the real application, the scaling is also needed because the buffer can store 200
points. It may be questioned why all gestures are scaled to 124 points. This is primarily

a design choice, however 124 has been chosen in the project due to the fact that the
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Figure 5.2 : Samples of gesture OPEN before scaling.

smallest length among all the samples in the gesture dataset is 124, thus they are scaled
to 124 points. The scaling is done through interpolating the length of the original
signal to the least common multiplier of 124 and the length of the original signal. The

interpolated gesture data is then down sampled to only have 124 points in total.

After scaling, each time series data for each axes for each gesture sample is connected
back to back for form a vector. First the time series data is for x axis, the second time
series data is for y axis and the last time series data is for z axis. When time series
data for each axis combined to create a vector, the total number of inputs to the neural

network amounted to be 3 x 124 = 372.

5.4 The Training of The Network With Only Gesture Data

The network is ready to be trained after preprocessing step. There are numerous
frameworks for training neural networks. All of these frameworks aims to solve one

problem or another of training neural networks. However the simple neural network
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Sampled Gesture OPEN Time Series Data (Scaled to 124 points)
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Figure 5.3 : Samples of gesture OPEN after scaling.

that is proposed in section 5.2 can be trained with all most all of available frameworks.
However, Matlab R2013a has been used for training in the project because it has an

interface that facilitates training and testing of neural networks.

There are design choices such as the activation functions for neurons (nodes), the total
number of hidden layers and hidden nodes. As the activation function sigmoid has been
chosen mostly because it is generally used in pattern recognition tasks. The sigmoid
function also allows higher abstraction because it can be scaled unlike Heaviside step
function or signum function. The total number of hidden layers is chosen to be one.
The reason is that gradients can vanish due to back propagation, which is how the
neural networks are trained, as the number of hidden layers increase. There is no
need for increasing the number of hidden layers as long as the network can meet some
criteria according to the problem that is being solved. The total number of hidden nodes
is chosen as 200. This choice is arbitrary, there exist no rule of thumb for choosing the

total number of hidden nodes.
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The dataset (see Table 5.1) is divided into 3 parts for training, validation and test. 70%
of the data is used for training the neural network, 15% of the data is used for validation
checks and the last 15% of the data is used for testing. The resulting confusion table is

shown in Figure 5.4

Table 5.1 : Number of samples in the dataset for section 5.4.

Gestures Number Of Samples
OPEN 248
CLOSE 268
SUPPORT 272
NO-SUPPORT 273

Class numbers 1, 2, 3 and 4 correspond to OPEN, CLOSE, SUPPORT and
NO-SUPPORT respectively. The test confusion matrix show 100% average success
rate. This high success rate may indicate that the neural network has memorized the
data set. It is also important to understand any arbitrary time series data fed to the
neural network will be categorised into one of the four categories. This means that
gesture detection can occur while driving the chair. To solve this problem, a new
neural network has been created with five output classes four of which is the same as

the neural network, the added new fifth class is labelled as “DRIVING”.

5.5 The Training of The Network With Driving Data

The neural network that has been trained categorises any arbitrary time series data, this
is a problem due to the fact that gestures has be recognised from infinite time series
sequence in the real application. This means, the gesture recognition algorithm can
recognise a gesture even though the user is actually driving the chair. This is more
of a dangerous situation than an inconvenience. In order to overcome this problem, it
has been decided to categorise the time series data while driving the chair into a new
category. The hypothesis is that the time series data coming from the sensor while
driving will be categorised into the new “DRIVING” class by the neural network, thus

eliminating the problem of detecting gestures while driving.

The same neural network structure is used with one addition of an output neuron in the
output layer. A new time series dataset is collected while driving the chair and added

into the already existing dataset of gestures. In total, 250 time series of driving data is
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Figure 5.4 : Confusion Tables (Only gesture data).

added to the dataset, since the existing dataset has around 250 samples for each gesture
(see Table 5.2) . The new dataset is divided into 3 parts for training, validation and test.
70% of the data is used for training the new neural network, 15% of the data is used
for validation checks and the last 15% of the data is used for testing. The resulting

confusion table is shown in Figure 5.5

Class numbers 1, 2, 3,, 4 and 5 correspond to OPEN, CLOSE, SUPPORT,
NO-SUPPORT, DRIVING respectively. The test confusion matrix show 97.9%
average success rate. This high success rate may indicate that memorization of dataset
issue may not be solved. In order to claim that the neural network will continue achieve

the same success rate, more data is required especially for testing.
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Table 5.2 : Number of samples in the dataset for section 5.5.

Gestures Number Of Samples
OPEN 248
CLOSE 268
SUPPORT 272
NO-SUPPORT 273
DRIVING 250
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Figure 5.5 : Confusion Tables (Driving class added).

5.6 Conclusion

The neural network has achieved 97.9% success rate for the testing data. This is a very
promising success rate. However, it is not know what the neural network learns from
the data. Therefore, more testing is required with more data before implementing the
neural network into the chair’s gesture recognition algorithm. This success rate, if it
stays the same after testing with more data, means that out of every 1000 evaluation

of time series data that is buffered, 979 of them will be recognised correctly. Since
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the neural network is fed the time series data that is in the buffer, after every 10 new
enqueued sample in the recognition algorithm of the project, what this recognition rate
means for the chair is that in every two minutes, there is a very good chance that the
gesture recognition algorithm will recognise a gesture mistakenly even though the user
does not intend to do so. If the neural network for gesture recognition is implemented
in the chair with this success rate, it can potentially cause very dangerous situations
to emerge very frequently. Therefore, either better recognition rate is required, if the
neural network approach is to be implemented as the gesture recognition algorithm
in the chair or a countermeasure needs to be taken against wrong recognition while
driving the chair. The countermeasure that is to be implemented into the chairs
gesture recognition algorithms is decided to be preventing the chair from listening for
commands while driving. This means, the mode of the chair will only be changed if a
gesture is recognised while the chair is stationary otherwise the mode will not change
in accordance with the gesture type. This countermeasure will get rid of problems and

dangerous situations that may occur if the countermeasure is not taken.
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6. CONCLUSION

In this thesis, several possible methods of head gesture recognition for a
semi-autonomous powerchair has been studied. Head orientation information is
collected from an IMU sensor that is fixed on a head gear which is worn by the end
user of the chair. The time series data coming from the sensor is used as the primary
source for gesture recognition. One of the reason for this is that it is easy to infer
the intent of the user from head orientation. Leaning head forward means go forward,
turning head left means turn left and so on. Another reason is that IMU sensors are
getting cheaper as the markets for electronic devices expands. Three different ways of
gesture recognition methods have been studied, namely; Fast Fourier Transform as a
Feature Extraction method in chapter 3, Gesture Recognition via DTW and Threshold
Optimization in chapter 4 and Gesture Recognition via Neural Network in chapter
5. From the studies of this thesis, a paper named ‘“Head Gesture Recognition via
Dynamic Time Warping and Threshold Optimization” has been presented in IEEE
2017 CogSIMA conference. No gestures could be recognised with the method
explained in chapter 3. 85.68% success rate is achieved with the method proposed
in chapter 4. This success rate mean that more than eight out of ten gestures are
recognised successfully. 97.9% success rate is achieved with the method explained
in chapter 5. However due to the structure of implementation of the neural network
and the fact that it is not know what neural networks learn, this success rate means
that in every two minutes, the neural network may recognise a gesture even though
the end user is just driving the chair. Therefore, testing with more data and either
higher success rate or a countermeasure for possible problems is required if the neural
network approach is to be taken in gesture recognition. It is also important to remind
the reader, the success rate given in chapter 4 is achieved via fitting simple objects
(a sphere and a quadrangular). This success rate can be increased easily by fitting
more complex objects namely a polygon. If the method proposed in chapter 4 is
used in the implementation phase of developing the chair, it is important to test the

optimized thresholds against data collected while driving to have broader perspective
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on the success rate. If desired success rate is not achieved while testing the thresholds
against collected driving data, the complexity of the object that is used for fitting should

be increased so that better success rate can be achieved.
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