Haptic Gesture Analysis and Recognition

Abstract—Haptic perception properties is achieved by the
execution of specific exploratory procedures “Eps”An “EP” is
a stereotyped movement pattern which is dictated bthe object
properties that the haptic system chooses to procesboth
perceptually and cognitively. The aim of the preserwork is to
devise an automatic manual testing procedure ableotextract
tactile information effectively. Our system has bee conceived to
recognize the texture and the hardness of an objetttirough the
video analysis of hand actions. Two objects propegs have
been tested: texture and consistency. For each preqy, two
modalities were proposed. The texture of the objecbeing
explored could either be smooth or granular. Its cosistency
could either be hard or soft. In this paper, we prpose an
automatic approach for hand gesture analysis and mgnition
for understanding human action and manipulation. Toenhance
robustness, each hand sequence is characterized lgtly by a
volume which is characterized by its 3D geometricainoments.
Neural networks are then used using distance betweevectors
of features. We tested the proposed approach withifterent
hand gestures and results showed that our method &ffective,
achieving a high recognition rate.

. INTRODUCTION

Contour following is an EP defined as moving thegérs
about the perimeter of an object and provides méiion
about the exact shape of an object. The identifinabf
these exploratory procedures is necessary to desigots
but also, for human beings, to interact with maehin

Vision based hand gesture recognition methods
generally categorized in two groups: feature bd2gcnd
appearance based methods [3]. In feature basedodsgth
initially, we need to extract model or featuresnfrimages.

In appearance based methods, images can be usedydir
for hand gesture recognition.

Several methods have used motion history images as
temporal templates for gesture recognition [4]. Agppiate
features are extracted from this image and diffenegthods
are used for classification such as Neural Netwbikand
Hidden Markov Model [6].

The aim of the present work is to devise an autmmat
manual testing procedure able to extract tactiferiation
effectively. Our system has been conceived to neicegthe
texture and the hardness of an object through iteov
analysis of hand actions.

Our work, based on the seminal description of Leder

are

Klatzky and Lederman [1] give many evidence that iBnhg Kiatzky [1], is aimed at answering to the faling

adults, haptic perception properties is achieved thy
execution of specific exploratory procedures “Epsi.“EP”
is a stereotyped movement pattern which is dictatedhe
object properties that the haptic system choosgwdoess,
both perceptually and cognitively. Klatzky and Ledan [1]
described six basic exploratory properties. Lateration is
an EP aimed at perceiving the texture of an objkcis
achieved by rubbing the fingers across a surfamessire is
an EP associated with the hardness of an objegbr&ssing

question: what are the hands doing: what the adtien are
exerted is aimed at?

Two objects properties have been tested: textumk an
consistency. For each property, two modalities were
proposed. The texture of the object being explaredld
either be smooth or granular. Its consistency ceitlier be
hard or soft. Consequently, EPs extracted by ostesy
were:

Lateral motion For the smooth object, lateral motion

down on an object, we gain information about objedorresponds to a continuous rubbing of the handt the

hardness. This pressure is a force applied onlijexzwhile
the object is stabilized. Static contact is an EBoeiated
with object temperature. It corresponds to a cdnta®ne
spot by a large skin surface without effort to mdatul
contours. Unsupported holding, that is holding bject out
away from a support, is an EP associated with obye@ht.
Enclosure is defined wrapping the hand around §ecbhand
provides information about its global shape andunw.
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object surface. For the granular object, lateraltiomo
corresponds to low amplitude movements of one oremo
fingers scratching the surface in a left-right qu-down
direction.

Pressure For the soft object, the torque exerted on the
object induces that the fingers gets closer sontkeobthers.
For the hard object, the torque exerted on theobljiel not
lead to any change in the distance between fingers.

We would like to build a system which is able to
recognize the action or the behavior of the hante
categorize four Eps:

» Lateral Motion for Smooth Object (LMSO)
» Lateral Motion for Granular Object (LMGO)
*  Pressure for Soft Object (PSO)

»  Pressure for Hard Object (PHO)

The outline of the paper continues as follows. The
proposed 3D hands segmentation is presented iromsett
Section 3 explains the global features used forpesha



descriptors. Then, in Section 4, we describe irailetur

categorization and recognition approaches. Secton
describes the experimental results while Sectiopresent
concluding remarks.

similarity “distance” between each pixel and itsghdors.

There are two additional terminal nodes: an “objject
terminal (a SOURCE) and a “background” terminal (a
SINK) (cf. fig.2). These two terminal nodes don't
correspond to any pixel in the image but insteady th
Il. HAND GESTUREEXTRACTION represent the object and the background respegtiVdle

The hand gestures are captured by a cheap web @an®qurce is connected by edges to all nodes ideshtféeobject
and a standard Intel Pentium based personal compitie S€€ds and the sink is connected to all backgroeediss
skin color-based segmentation has been appliedn\ital ~ Edges are formed between the source and sink anthat
color images are input, the first step is to conRBB to non-terminal nodes, where the corresponding weiginés
both the HSV and the YUV color systems. BecauseHhe determined using models for the object and backgiolihe
and UV values of human skin color are in the iraairi Min-cut of the resulting graph will then be the reegtation
ranges, the probability distribution image is diseel using Of the image. This segmentation should then berttipa
predefined rules obtained from data-mining techei7,8]. such that, similar pixels close to each other béllong to the

Pre-processing and morphological operations arel tge Same partition. In addition, as a result of themieal
remove the noise. Then the mask of a region ofraste Weights, pixels should also be segmented in suctaaner
(ROI) composed of hand regions are extracted, ded tSO they end up in the same partition as the tetnminde

ARAR

corresponding to the mod@bject or backgrounddhey are

most similar to.
| EI ]

(d) Segmentation results

AV4
I’

Fig. 1. Extfaction of two hands sequences by skior model

(a) Image

4 ft
background is eliminated (cf. figl). @ @
We wish to partition hand video into three partdtilright BT T (Bl

hand and the background”. To segment the ROI (tswvalk) <R pal T
to both parts (left and right hands), and trackhelaand in
each successive frame, we use an approach basgpammn
cut technique. Motion-based estimation definesamgiof
foreground, background and boundary blocks. Anraatic
segmentation is realized by obtaining prior knoygkedrom
foreground and background blocks. The result ako loe
improved by user adjustment. _

Then, the segmentation problem is formulated as an E(X)_/‘p.ZP Do(xo)+ ququO_(Xp,)@) p.qUE

energy minimization problem which is settled byngsgraph

(b) Graph (c) Cut

Fig.2. Example segmentation of a very simple 3biynage.
Edge thickness corresponds to the associated edgghtw
(Imaae courtesv of Yuri Bovko\

Given an image, we try to find the labeling that
minimizes the energy E:

cut algorithm, according to the user-imposed cairsdt As a
pioneer work of object segmentation using a grayth the
user-interactive segmentation technique was prapdse

In the above equation, coefficie A specifies the relative
importance of the data terB(.) and the smoothness term

B ().

Boykov and Jolly [9]. They assumed that a givenruse X:=(¢Xe...Xp..Xp|)is a vector whose

IMPOSes certa.ln hard constraints for segm(_entatuyn lr‘,omponenb(pspecifies labels to pixels Each Xp value can
indicating certain pixels (seeds) that belong ®dbject and be either 1or O where 1 represents an object and O

certain pixels that belong to the background. Thainm .
I . . represents a background area. The vecfodefines a
contribution of our approach is that the object an .
Segmentation.

background seeds(regions) are estimated in evargefrof ) ] ]
sequences without user interaction. OXp Xa) denotes the delta function defined by Xd#Xq
Basically each pixel in the image is viewed as denim a
graph, edges are formed between nodes with weilgitstes
how alike two pixels are, given some measure oflaiity,
as well as the distance between them. The edgesafcin
pixel can be formed between the pixel with all thtber
pixels, In attempt to reduce the number of edgékergraph, Ipandlqare intensities/colors at pixels p and g. K is a
we will predetermined neighborhood N that describes constant. The data terDp measures how well labep fits
neighbors of each pixel and we will be interestadttie pixel p given the observed data. We modeled the object and

binary

and Ootherwise. TheBpq are defined by:

lo=ldf
Bp=Kex —w



background color likelihoods oP(./"Object )=P(-/1). Hr(X,y;t)={T if (D (xyf)=1
and P(./"Background)=P(-/0) using Gaussian maxQH (xyt-1)-1) otherwise

mixtures in the RGB color space, using the datarigkom where H; is Motion History Image and D is the binary
the previous frame according to the labels giventiy difference between successively images. x,y ane pixels
output of the segmentation process. coordinates.T is a threshold for extraction moving patterns
In every frame, our object and background estimation video image sequence. Thus, MHI is a scalaredlu
processes determin® and B which are the sets of pixels image where more recently moving pixels are brightée
belonging to the estimated object and backgroumgibns extend the MHI filter by giving the pixel a valugual to
respectively. how many times it is white in the video (it belongsthe
We compute the edge weights between pixels as tBgject), except pixels that had never changed.
following. The edge weight between pixels p and itf w

denoted asW(pg) and the terminal weights (source an

sink) between pixel p a:e given by: that are found to describe a shape in compact frshape
W (pS)=—AlIn(P(l /" Background ). descriptor should ideally be a simplification ofs it

W(p,'l')=—)||n(P(|p/"0bjeCt'). representative region but still hold enough infaiiora so

W(p,q) = B that different shapes are discriminated. Usuallyeither

! pa* describes the shape boundary or the image regiout
W(pg) contains the inter-pixel similarity, that ensuresapproach we use the features based region desaripti

that the segmentation more coheré¥(pS)andW (p) Moments are a measure of the spatial distributioimass’

describe how likely a pixel is to being backgrouadd
foreground respectively.

In a video we construct a 3D graph that obtainedhfa
series of images that describes the video. Each froth the
graph is connected to 26 (Pixels) neighbors, tretma it has
a 26 edges with weights calculated as describetiarn2D

OB. 3D-Geometrical moments
In general terms, shape descriptors are a set mbers

Fia.4. Some results of MHID filte

graph. the shape of an object. Objects in a binary image a
We applied the same ideas as above with slightynges represented as a set of white pixels (in 2D) arxklgo(in
in 3D. 3D), videos are a 2D +t (time) images, so we canesent it

as a 3D image with Depth equal to t.
A set of 14 moments derived by HU gives information

/ / / / f f about region-based shape descriptor that are sntagcaling
4 and translation invariant in a 3D dimensions.

Let (x,y,t) be a binary video, that means its Isxalues
f f F f F equal to 1 for the voxels belonging to the objéand) and

\ \ \ \ ‘ ‘ zero for the background. We can define the moment a

Apar = j _[ Ix Py 9t dxdydt
Fig.3. Left-Hands respectively Right-Hands exti@cby graph

— 0 — 00 — 0o

Ao represent the area of the object and

cut approach (A, A, A, )the center of the object.
0 o P Ao a r
M por = X= Ao )( Yoo j(t_’%"ljdxd dt
. GLOBAL FEATURES . LJ;J;( AJe™ Adss ) \ Ade* Al A4z y

In discrete, the integration is changed to sunonatihe
3D geometrical feature descriptors are calculatechfour
Motion History Image Density uses the same teclegl videos by applying the 3D geometrical moments diyean
MHI [10] with one change that it takes into acebhow the videos. 14 moments are extracted as a feagatery
many times the pixel is belonging to the objecainideo. It
takes a video as an input and returns 2D image hwhic _{M 200,M 011,M 101,M 110,M 300,M 030,M 003,
represents the historical information about thidewi that 3D7IM 210,M 201,M 120,M 021,M 102,M 012,M 111
contains the projection of all the images in a video one
image 2d.

A. Motion History Image Density



IV. CATEGORIZATION AND RECOGNITION APPROACHES

A. Categorization by Diffusion maps

Diffusion maps (DM) are based on defining the Marko
random walk on the graph of data. By performing the
random walk for a number of time steps, a measare f
proximity of the data points is obtained. Usingsthieasure,
the so-called diffusion distance is defined. Ifudifon maps
the graph of the data is constructed first.

Let G = (V, E) be an undirected graph with vertex

setV :{Vl,...,vn}. In the following we assume that the

graph G is weighted, we compute the weights oftiiges in
the graph using the Gaussian kernel function, teath the
similarity matrix W of the graph G.

_ 9

- 20°
Where o indicates the variance of the Gaussian d\pd

denotes to the distance betwegnandv, . The degree of a

n-1
vertexV, [V is defined as :d; = Z W
i=0

We  define the diagonal matrix D by:
D; =D(v,v,)=d;, and D; =0 for i#]j
Defining the matrix L such as:
d, -W; if v, =v,
Ly = L(vi,v;)=1-W if v and v; are adjacents

Jl I

0 otherwise

While the Laplacian of graph G can be defined by:
O0=D""?LD™? whereD;" =0if d, =0
The transition probability of vertex, to vertex 7 in
each stepis:p; =W, /d,
This defines the transition matrix P of the chaiarkbv.
Ov;,0v; 0< p; <land Z p; =1, we can also
jiov

write P= DWW .

Now, we define our approach of categorization based

diffusion map in graph. The table 1 shows our aatiegtion
approach.

We tried to apply the diffusion map approach on our Figure 6 shows results with 3D geometrical momefss.
videos for categorizing the 3D hand gesture. Wek tth®  we can see, the data base now is ordered leftighd Here
features based-moments as input. As we can see, @ calculation was applied directly on the videbst we
algorithm classify the videos with features bashd 14 show the MHID videos as result for its simplicitgr fthe
interpretation.

geometric moments with no previous knowledge iefodnd
right hands.

The figure 5 shows a part of our database videtes af
MHID transformation.

TABLE I: Categorization by Diffusion Maps

Diffusion Maps Approach

Input: graph
verticesX = { X;, X, ,....., Xy} U Rd,t,m,s

. Construct a matrix of similarity. Let W be its wetigd
adjacency matrix.

2
wi=exp( |jxi— x|/ &)
. Normalization by using the Laplace-Beltrami method
wif=wg/(didj)
. Calculating the transition matrix:
~ T 7 . n-1
pi=wi /( A/did j ) with di:Z Wi
=0
. Diagonalization of matrix P

Diffusion space:

. Compute the first k eigenvectoy ...V, of P.

. Normalize the eigenvectors, dividing each row byiitt
value Ao . /]i = /]i //1O

. Y = sorting the vectors by, 12, 3.

*  Clusterthe points( Yy, );_; , in R with the k-

.n

means algorithm into cIuste@l. ...Ck .

Output: Clusters AL .. A with Ai = {j ‘yj O Ci}

f
| B

Fig.5. Pirt of oudatabase videos aer MHDI transforme



(after the segmentation and separation processhi sets,
the training and test set, training set containd idleos of
both hands and both actions (20 videos of Predsurgoft
Object, 29 videos of Lateral Motion for Granulabjéxt, 37
videos of Pressure for Hard Object and 34 videosatéral
Motion for Smooth Object) the test set contains rigdv
videos (7 videos of PSO, 7 videos of LMGO, 10 veled
PHO and 10 videos of LMSO), each video we haveaiost
100 frames. both networks were trained using maitalral
networks tool, using the sigmoid activation funotiand
Levenberg-Marquardt learning rule. The figure 7veh@ur
flow processing diagram.
, The network was trained successfully with the 3D-
LR geometrical moments as the feature descriptor oivimeos
of left and right hands visiday Diffusion composed of all hand gestures. We used the 14 dgdoate
moments as input of the two networks and we salecte
manually the output of each example in the trairsieg
B. Recognition Using Neural Networks The first network contains 3 layers the first laygrthe
Pattern recognition is the study of how machines canput layer and consist of 14 nodes (the momehtshtdden
observe the environment, learn how to distinguistiepns of
interest and make decisions about categories gidtiern. o f
In our approach the patterns are videos of one mgovi o
hand, the movement of the hand gives informatioautib
what is the gesture. So we would like to give thetem the Input video H il H extraction
ability to recognize the action done by the hanedvesal ;' g o ‘
approaches are supposed here, the recognitionopatir
approach based neural networks. Neural networks are
efficient techniques in machine learning, they nefiom a Fig.7. Flow processing diagr:
set of examples (training set) and have the alilitgive an layer contains 30 neurons where each neuron haweight
matrix of 14 weights, one base and one output éfsuhe

Fig.6. Categorizaion
Maps using

Q00000

O...

TABLE II: Recognition Using Neural Networks sigmoid activation function finally the output layeonsists
only one layer which takes as input the outputghefhidden
NN BASED BACK-PROPAGATIONALGORITHM layer neurons (30) and gives as output the resuithich

Initialize the weights in the network (often randgm hand is maoving In the Vldedeﬂ or I’Ight hand'

Do
For each example x in the training set
O = neural-net-output(network, x) ; forvdapass
T =teacher output for x
Calculate error (T - O) at the output units
Compute delta_wi for all weights from hidden
layer to output layer ; backward pass
Compute delta_wi for all weights from input layer
to hidden layer ; backward pass continued
Update the weights in the network
Until all examples classified correctly or stoppiagterion
satisfied
Return the network

Fig.8. Various hand videos used for training set

The network was trained successfully on the trgisiet. It
gave 100 % right answers.

We presented the new examples which are in thes&gst
prediction answer when presenting a new data. Viée us (34 videos'16 Left and 16 Right); it recognized well the

our approach the NN based back-propagation Algoeith ~ hands in these videos, 97% r.ight answers.
The second network, which is more important for us,

We built two neural networks based on the bacK€Ccodnizes the action done by the hands. This mktaiso

propagation algorithm. The first network returnsettter the CONtains 3 layers the first layer is the input faged consists
hand in a video is left or right and the second arewers Of 14 nodes (the moments) the hidden layer contas

what is the action or the gesture. We arrangedvidgos N€Urons where each neuron have a weight matrix4of 1




weights, one base and one output it uses the sigmaxplored could either be smooth or granular. Itssegiency

activation function finally the output layer cortsiof two
neurons which take as input the outputs of the dndidyer
neurons (30) and gives as output the result of wahe
gesture or the action done by the moving hand wuideo.
Here we represent the output values as functiorthe
following transformation:

1 1 PSO
-1 1 LMGO
1 -1 PHO
-1 -1 LMSO

Example:

Input videc | feature ANN Outpu | Resul
0.439233
-0.0554236
-0.143021 o -1
-0.668137 LMSO
1.32221e-05 > -1
-0.00154504
0.000157242
0.000612796
-0.000125942
-0.00154664 0§ Left
0.00109113 |y—>o b -1 Hand
-0.0003755 7
-0.000164941 |p
0.00022769

The network was trained successfully on the trgisiet. it
gave 100% right answers. We presented the new dgamp
which are in the test set (34 videos), it recoghigeod the
gestures in these videos, 82.4% right answersrdst for
two categories (left and right) respectively foe four
actions of the test examples is summarized indheviing
table (Figure 9).

for Left Hand
for Right Hand

First Neural Network
for L/R HAND

100 %
93.8%

71.4% for PSO
85.7% for LMGO
80% for PHO

90% for LMSO

Fig.9. Recognition rate of Left/Right hand recogmit(a) , and of
hand gesture recognition (b)

2" Neural Network
for Gesture recognitior

V. CONCLUSION

could either be hard or soft.

In this algorithm, after extracting efficient dyn&mhand
(in 3D) and applying necessary processing on theisiens
of hand gestures, robust global features are dgttabased
on 3D geometrical moments. These vectors are thed for
training of neural network and hand gesture redagni We
tested the proposed algorithm with the collectiatacset and
the results showed the correct haptic gesture rétog rate
of 82.4 percent. On the other hand, the resultssiiswed a
high recognition rate of 97 percent for left/righaind
recognition. In addition, the proposed automatiprapch is
robust to traditional problems of gesture extractiand
recognition. The framework can be used for intéoact
handicapped persons with computer and increase thei
abilities.
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