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2 Related approaches
Abstract

The task of developing systems that recognize large
Gesture recognition systems recognize hamdnplitude of gestures, adapted for different users, is
movements. Time Delay Neural Networks (TDNN) iglifficult. Additionally, there are well known gesture
a widely used method for managing gestumecognition methods which are efficient and provide
procedures. This paper proposesow cost artificial accurate resultbut it is considered costly. Sensor
vision method for finger gesture recognition on th&echnology belongs to such methods. Without doubt
keyboard. The methodology is based on four aspecensors provide easier access in exceptionally precise
preparation and capture of a video signal, hamaformation, while being uncomfortable due to the
segmentation, finger identification, feature vect@special equipments There are many works using a
exportation and finally claification using TDNN. sensor data gle for gesture recognition, still the main
This research is a step towards a more vigioided disadvantage in them is the high cost.

userinterface, rather than a peripheguided one On the other hand, artificial vision systems can have

. similar results as the sensor technology, costing less.
1 Introduction A large number of researches are focused on hand
gesture recogtion, based on static hand postures.
Computer Vision, orartificial vision, focuses on They only recognize one object in each video frame.
determining the steps which allow computers Ofthey donOt take into consideration of the dynamic
comprehendOwhat it OseesO through a connectedture of the gesture. This paper presents a method for
camera. The advantage of computer visama geture recognizing each fingerOs gesture on the video frame.
recognition methods the interaction without contact.
, 3 Contribution
Many computer devices (mouse, keyboard etc) require
humandevice contact in order to recognize a gesturf
Virtual reality devices (gloves, sensors etc) are al
based on contact, and have the additional disadvant
of being uncomfortable.

his research is a step towards a more vision guided
ﬁﬂerface, rather than a peripheral guided one; the
égﬁmuter retrieves information based on what it
OseesO, rather than from information forced in by a
keyboard. This method could contribute solve
Rand®s kinesitherapy problems related to the use of
mputer peripherals.

This paper presents an alternative method f
retrieving information of a keyboard userOs right ha
based on computetision technology. It also studies
the use of Time Delay Neural Networks as A&dditionally, this study could be proven beneficial to
recognition method for the finger gestures. HCI, by providing adinger spellin algorithm on
specific problers, such the Ofingering problemO in the
The aim of this research te replace theeomputerQOs field of the music interaction on a piano Such a
keyboard respedng the humarmnatural manipulative methodcan be used for educational purpobetping
and communicative skills. Asystem, which could beginnerdo learn piano It can also be applied for the
detect finger gestures, could indeed replace tRemposing of melodies without a musical instrument,
keyboard all thatwould be needed is a small cameras well as, for the modeling of the image of the
mounted tosee the hand. If the computer vision pianisOs performance both in automatic music
system could regmize the meaning of a fingerproduction and score generation.
gesture, it might suitably caspond



4 Method overview Phase 3Feature vectors exportation

A small low cost camera has been used so as to fLmls}asa 4 Classification using TDNN

recover and record rfger movements in two

dimensions. Thus, it is enough to have the sigrdi2 The algorithm

coming from the videacamera in order to a) locate

fingerOs position, b) estimate their orbit, c) extract thethe following subsectionthe phases and subsequent

features of the gesture. steps of thgproposed methodology are presented along
with particularmethods and tools applied

After the data capturing process, video signal

processing techniques have been applied using

appopriate MATLAB toolboxes DIPimage, Neural [N Hand

Network) so as to construct our finger recognitio segmentation

model. Firstly, a skin color model has been created for I

—»]

Capture video Skin detection

detecting skin pixels on any video frame. The skin !
color model outputs binary masks. Finger || Featurevector | | i 1o cifier
extraction exportation

Then, noise reduction techniques are applied so as to

improve tle hand®s image for further evaluation. In the Figure 1: Deployment phases.
fitered hand imagesideo frames mathematical

morphology techniques are applied for defining the

handOs silhouette. This step is essential so as to retrj‘eiel Capturing video signal
the handOs contour by applying the Canny algorith™™"

on the hand silhouette binary mask. . . .
The ergonomic setup of the camera is an essential

factor. Fingers move along three axes in space X, Y,

In o'rder to' define the fingers in eacNh hand, .ﬂf or better results, the hand should be at the center
Euclidean distances between the handOs centroid afn . e .
af. the image. Due to difficulties eogntered in the

contour, must be computed. Then, the local maxima 0Of . . . .

. . . L rocess of calibration and video synchratiom, we
these distances can lead to finger identification. TRE . .
f . . %nly use one camer@¢nt view) for capturing axes X
inally step is to compute the coordinates of each v
finger so as to be used as feature data in a neural "’
network for classification and gesture recognition. . .

4.2.2 Finger recognition
Time Delay Neural Networks (TDNN) is used for . . )
recognizing gestures. TDNN areeduently used in In this 'phase the main model 'de5|gn and our gesture
applicatins concerning voice, text or gesture. Fing&fcodnition approach are explained and preseriteel.
movements constitute expressive movements of thecond phase of the methodologpvelves three
human body, generally entailing both time and spagkPsequent steps which aténsmodel and detection
variations. GestureOs classifications are effected Wifd segmentation and finger extraction.
the use of TDNN.
1) Skin model and detection

In the following section, the mmi parts of the i )
proposednethodology are presented. Qne of the most popular image segmentation mgthods
is based on the color of the objecthie segmentation
is made using only the chrominance components of the

image and not the luminanoaes.

4.1 Deployment phases

The methodology is divided ifour main phases As a first step is the collection of pixels samples of the
(Figure J: skin color and the determination of thesdion of
Interest (Rol) Rol is produced by a niber of images
Phase 1Capturing video signal UIL (User Image Library) in RGB format in order to
create the appropriate modélhe skin model is based
Phase 2Finger recognition on skin pixel sampleschoserfrom an image library
Step 1 Skin model and detection Next the Rol namalization phase it followsRol
normalization is the RGB dnsiton to the normalized
Step 2 Hand segmentation rg. During this procedure, RGB components

(chrominance and luminance) are transformed only to
Step 3 Finger extraction chrominance components and are depicted on the two



dimensional space of chrominance rigvery pixel of sincethe skindetectionmodel is not perfectin our
RolI"®Bis depictednto Rol? (Figure 2). experimentsome shadowed dermal regidmsve been
excludedby the skin detection algorithmyhile other
Last but not leastthe skin modelis defined. The nondermal regiondiave beerassumeds dermalAs
ranges of the skin model are defined as a consequence, the hand is perceived like one mass
with a lot of noise.
$= [min: 'mad @NASy= [Qrmin, Gmax-
Filters fornoise reduction are applied taking as granted
These ranges describe the sample distribution in tihe specific position of theserOs handAn opening

2D chrominance space. filter of a high value in elliptic form is applied by
producing a morphological opening in binary images.
By applying this filter, the resultetinages indicate a
@ much better separation ofingers and, also the
deaease of the nedermal regions that havbeen
v considered as dermal. The result fifer usageis

Rol specification impressing when the fingers are together.
Create RGB image from UIL
importing skin & nail pixels Furthermore, a min filter is applied in @dto exclude

discreet points of the background, which is aimlessly

considered as dermal regions.

Rol*°£ { P, (R,G, B)pixels}

v
Rol normalization Following the min filter, a Gauss filter has been
Vp, € Rol** applied. Thisfilter provides a smooth enough hand
N : Rol®®® _ vaw’} Rol™ = {p (r,g)pixels} contour. Then, adouble bilevel thresholding is apgd
N(R.G.B) = (r.q) ’ in order to extract the hand silhouette while the fingers

are distinguished clearlyAt a final stagea Canny
v filter is chosenfor extractng the han@®ssilhouette.
The result of this procedure is the exportation of a

Skin model definition 1

Vp € Rol® Plot p,(r.g) binaryimageincludingonly the randds contour.
v = [l‘mi,, > Vimax ] ‘ 3) Finger extraction
*Sg = [gmin > & max ] v . :

By having extracted the hand doar, then the
centroid is calculatedor every frame. Then, the
Euclidean distance between every pixef the hand

t d th troid i lculatéHi 3
After having defined the skin modé¢he detection of E?er?u;hgngrapﬁicce;ﬂ::?ilon |sofca:hcg ifrvlgur(?f t%e
deLmaI dreg||ons in the_v'd?O inputan be ﬁasrzly distances local maxima are detected. Aétpplyinga
achieved. 'n €every parr o (rg) we m'atc. the 1ow pass filter for the constriction of the maxima and
possibility that this pair belongs to a skin pixel fOFninima we came up with five points matching to the

each one of the two models. Thus, binary masks TN fingertips

Figure 2: Skin model definition.

created, which define on the image regions that
contain skin information.

450

The evaluation of a great number of frames shows that
the skin modeworks fine. The algorithm foffinger
allocation inour method works on the basis of the
allocation of the fingertips.Obviously, the fingertips 0
are identified with the nails. We can conclude that it is
preferable nail pixels to be included in the skin model.
In casethat this is not possiblethe problem can be
avoided by applying proper filters anidcreasing the
compexity of the algoithm in real time applications.
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2) Hand segmentation 0 W @0 a0 @0 0 @0 7m
pixels

Hand segmentation is the procedure via which the

captured image is divided into regions including camly

userOs hand. This procedure is considered essentiaIFigure 3: Finger extraction and identification.



A classifier of five classesofe for each finger) has not be obliged to always keep in mind that he/she must
been used in order to estimate the finger position. Thisep his hand andhigers in a specific position.

characteristic is very useful when a finger is ncg luati h bh fth d method
detected on the image, or a finger is put into anothep Svalualng eacn phase otthe proposed method, we

: O c¢ame to the conclusion that the method works better
The estimated position is the avgeaof the last three : ) :
positions for clearly defined finger movements. The major

increase in the error percentage aifr method is
observed when therfgers ofa userare put the one
into the other. Insuchcases finger extraction iuite

. . difficult because oblurring effects caused by applying
Suitable vectors, created by these featuresstiate o Gayss filterThis undesired outcome is avoided

the input of Time Delay Neural Networks (TDNN) ity the use of classifiers, which estimate the finger
modeling each mament. Features used for the,,gtion for the next frame. Additionally, even if it is
training of theTDNN are conprised by coordiates on o lly examined yet, we believe that the application
thetwo axes (X, Y) of the five figers (k) of the right 4t an adaptive convolution schemecould solve this

hand. problem in a number of casesOn the other hand, the
method doesnOt work in cases of heastence in the
These features areX;, Y;, for k=1 to § For every cantyred video frames. Unfortunately, it is not studied

frame (), the position of each finger is located using, our work a method for cutting nefinger dermal
all features f) for each gesturew{) consequentlyAll regions.

the above is registed in 3D aray Ay,

4.2.3 Feature vectors exportation

Furthermore, th& DNN work really faster than other

Using the coordinates(training features for the teChniques’ _SUCh as tgmplate ma'tChing- The

TDNN), on the two axes for the five fingers, Processing time for everyideo frame is 1 second.

segregatioror the gesture of each fingarachieved ~ Generally, the evaluation of the method concerning the
fingerings retrieval via the video signal comes with

4.2.4 Classification using TDNN satisfying conclusions, but it is also important to
further evaluate the recognition of finger movements.

The approach of neural networks is adapted on the .

classification of the models. TDNN transform théConclusion

time into space parameterA neural network of 12

inputs, 25 neurons and 6 outputs has been used. Thés paer discusses a neavtificial vision method of

inputs and outputs vary betweeft and +1. This capturing the finger gestures on the computer

network is already adapted to the Fourier descriptok&yboard,using a low cost camera. We attempted an

which offer high computational speed. initial approach to recognize tlimger gesture®f the
right hand of theuser using contenbased video

A set of 6 English words has been defined. Tlanalysis and TDNN. Although we succeeded in

TDNN has been trained with a set of 10 vidermecognizing thefinger gesturesf the user however,

sequences from a user typing each of the 6 wordstbe method has only been tested on one person and its

the keyboard. The Oback propagationO algorithnfuisction has not yet been evaluated under different

used for training the meork (training rate: 0.3). The circumstances. The plan is to further investigate the

array descriptors are normalized betwe&nand +1. calibration and synchronization of both camerasn

Their standard deviation is 1 and the average is 0. and top view), recording at the same time
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