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Abstract: Physical disabilities such as lower limb loss, manual dexterity, disable to co-ordinate with different organs of the body are
very common sequel of brain injury, strokes, spinal cord injury and degenerative diseases such as affecting tissues or organs. Existing

assistive technology solutions for such patients provide access as user input devices such technologies are intrusive and
require physical contact that can have hazardous effects such as skin friction injury for patients who have reduced thei
To overcome this problem, in this paper, we proposed the design and implementation of non-contact proximity,
system using textile capacitive sensor arrays. The Textile capacitive sensors can be easily integrated into items ofq
bed sheets. This sensor is lightweight and flexible. To build this algorithm two techniques are used these are Hig@Q¥ Markovg Yodel a
Dynamic Time Warping. These Techniques are used to convert raw capacitance values to alphanumeriQvgestures.
personalized to the user; this also allows the personalized selection of gesture and recognize gestures w1@ drying cg u D

user trammg

Keywords: Manual dexterity, Degenerative diseases

1. Introduction

annually. The patients who live Wlth\
disabled persons who cannot do their<Q

2 ) g
ation.
These patients need assistive care devices for enyQonmenta
control. For instance, assistive devices such @yn and QQ
switches, [4] are used for navigating whd ChHairs, mgkd g
calls to nurses in a hospital settingQydnd conQwiling
appliances in the home. Such devicggdedn help JQ¥iduals
maximize independence and provigd@riethods f2dpplem
direct care [5], [6]. Gesture recog@tion-bagedynvironnéye
control systems are a class @‘ ssistive es capN¥e of
allowing individuals w1 .' obility QPairmeg) Yereater
control over their envipQN¥ient. S techni @S such as
the use of inertial segsdfs, visio stems @) racklng can
be used to captugy body gQs@es 6 91, 11].
Sensors for geaWfe recoga u are Nasive, bulky, and
expensive[ Iy Eye r"'» ing 4 s for instance,
necessitate e -‘;" moug > cameras while EEG
electrode-based systeims cagprause skin irritation and
abrasion, conditions that ¢g®”have a deleterious effect if
unnoticed due to dimini®gd sensation in the extremities for
these individuals. Ingeghty, individuals perform gestures in
many different wgg¥In fact, the same user may perform a
gesture differentN” depending on the time of the day,
medication, and fatigue. The caregivers assistive care
systems should require absolute minimal setup and
maintenance [1]. To Overcome all the problems we have
designed, implemented and evaluated a system that uses
wearable sensors built from textile capacitive sensor arrays
(CSA) and a wrist worn accelerometer.[1] Our sensors work

, [31. «,v edded’fn bed s

cgpensive, and
'f n sensitivity.

re recognition
gtation o clothmg,

’g, systel ’Z:l'

o
exity witiNess

*,

0(‘

4
X .\\’b 4
Qyrinciple cf) ange iR, Apacitan@yvhen there is
Dent in th&proximit N the fa -‘u‘n capacitor plates.
Qy5¢ plates 4y be usth e clotht bI‘lCS and can be
}}\. oand plllow overs[l]
NV

% 2 \0 Capa o

.. Sensor Arrgy

)

R .:'/ ion Accelerometer
e Wristband ——

igure, "s monstrates a4 3 capacitive sensor array sewn
& he denim fabric using conductive wires. It also

¢YPVnstrates the accelerometer wristband used to find the

grtentation of the capacitor sensor array with respect to the

hand. The data from the Sensors is analyzed using our
custom-designed wireless module which uses capacitance
measurement ICs, an MSP430 micro-controller, and
Bluetooth wireless module.

Fig. 1 illustrates a prototype system built using the
capacitive plates and conductive threads sewn into the fabric
and the wrist band with an accelerometer. These sensors are
proximity sensors and obviate the need for touch-based
gesture recognition. An array of these sensors can be
effectively used to track body positions and movements that
can be consequently used to recognize gestures. We have
designed and implemented a signal processing system that
performs hand position tracking using the CSA, and
converts a time series of hand positions into alphanumeric
gestures using a Hidden Markov Model (HMM) and a model
based on Dynamic Time Warping (DTW). This system
learns how the gestures are performed by the user, and can
adapt to different sensor configurations and placements with
minimal training. The gestures are recognized irrespective of
changes in orientation and placement of the sensors.
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2. Related Work

The spotting task of gesture recognition is much more
challenging, since it is difficult to spot human motion events
from number of sources. Another challenge is the system has
to deal with the motion events to be spotted may only occur
in a continuous data stream, while at the same time
embedded into other, These movements are difficult to
model due to their complexity and unpredictability. The
study of gesture recognition has been continued over years
and many approaches have been proposed till now. These
approaches are categorized in two ways, first is gesture
recognition, requiring external infrastructure and the second
is gesture recognition focusing on wearable instrumentation.
The first category is the vision-based motion recognition in
this multiple cameras can be used for gesture recognition.
The second category is started working recently and over the
few period of time this has gained much attention[7]. This
system which we are using in this paper is based on the
second category also it is based on the previous work on
capacitive sensing, gesture recognition systems and signal
processing algorithms.

A. Capacitive sensing technology

Capacitive sensing technology is very popular in industriaQe'

automotive and healthcare applications[13]. It has also
applied to positioning [15], humidity sensing[17],
sensing[19]. This technology wused to replace,
detection methods and mechanical desig or
applications like gesture detection and materi{k alysis. ¥
main advantage of the capacitive sensi er theN§
gesture detection approaches are that {
kinds of materials such as skin, p

contactless and wear free, it also has the
large distance with small sensor sizes, it
low power solution. Capacitors as pro@yMty sens ave
applications to robotics, industrial monitofing anddWalthcar

systems[13]. We present an end-to-end gestuigYecognitj &

system including a 2D array and results f@# 2D tr@»g
and gesture classification using a '?;a/z able oxdacCitor
array[1]. Products like Microchip’s WHIC [24eMOW for
3D gesture tracking using rigid cg@itor arraﬁ he n
rigidness property of our sensog©dllows fosWEWIng, Je@
into clothing and into the gy@yonment SuPN as bed Wicets,

pillow covers, and wheelgq$ pads. Agpitionally QD& use of

capacitive sensors (CSPallows 2 work colRD¥ratively to
reduce environmenigd, noise an&yapture PPon attributes
like speed and diggd¥¥6n of me@d[1]. &

3 >

B. Gesture gnitio { m D

Gesture recognitiongaptem integdets the human motion by
computing device mathematisg@y. Gesture recognition with
facial recognition, voice Ynition, lip movement and eye
tracking are the comp of which developers refer as
perpetual user interfae,¢PUI). The goal of PUI is to enhance
the efficiency apdMise the use of the underlying logical
design of a store ogram[l]. Most of the time the gestures
are used for input commands. Recognizing gestures as input
allows computers to be more accessible for the physically-
impaired and makes interaction more natural in virtual
environment. Hand and body gestures can be amplified by a
controller containing accelerometers and gyroscopes to

DC. it iSO\
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sense tilting, rotation and acceleration of movement or the
computing device can be outfitted with a camera so that
software in the device can recognize and interpret specific
gestures. A wave of the hand, for instance, might terminate

the program. The increase in adoption of home automation
technologies has spawned the new platforms for control
based on gestures. for instance, allow environmental control
without physical contact with a controlling device. Home
automation techniques have been adapted to enable users
with limited mobility to have greater autonomy over
environmental control. These platforms include voice-
activated systems [17], head-tracking [18], EOG based eye-
tracking and inertial sensors [19]. In this signal processing
algorithm adapts to the user and changes in the configuration

of the sensors with minimal training. Additiogally, unlike
systems like cameras, this system is effortlg®yand can be
built into clothing and embedded into th pironment such )
as pillows and bed sheets. < " Q\

) YV
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C. Signal Processing for Gestu ogniti Z é«'
There is a large body of work gri¥applyingégznal procayeiig
techniques to gesture recogralioh. LeaypRY techniqqgs such
as Hidden Markov Moded”{20], deq¥Mon tregd¢t21], and

Bayesian inference [ ,;(" ave b8 applied?s converting

data frgm sensorsCy®¥Ch as gccPferomet 0 movement
acti‘({ and gag@r¢s. Learx§ appro g such as HMMs
[2

& 4lso beg '\>m tQ plicatio’¥0ch as handwriting
gognitio 3] We ;}’-) pt two cIysSification approaches,
idden & ov Mog¥% and Dpdtiic Time Warping to our
syste@s 0 conv dta fromYCapacitive sensor array into

alpN¥umeric.geStiires. &
o@ 9 QD

. Tex@ih® Capaglyor Sensor Array For Gesture
RRSOE Nt
& . .
ic gestpR®recognition sensor consists of textile based
¢lectrod®y ¥hich built into clothing or into the environment.
Out ted users often lack of sensation in hands for them
it @PXfitical for regulating the contact, the repeated contact

u:/ be damaging to the skin to various degrees. Depending

on the surface underlying. We also can create a touch-based
swipe interface, in this the characters can be drawn directly
on the fabric surface. The problem with this interface is that
this can be develop skin friction injuries.
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Figure 2: The gestures evaluated in this paper are based on
EdgeWrite [26] gestures, for which users are taught to
envision motions though corner areas in specific orders to
encourage distinct gestures. Even so, robust classification is
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required. This figure depicts two situations, from three
gestures within our dataset, where a state machine approach
does not suffice for classification.

As fig 2. Shows the user do not always perform the exact
gestures as required. Therefore we have instructed the
individuals using EdgeWrite gestures set to perform distinct
gestures, in order to create a robust interface so that users
does not require to direct full visual attention to the
interface, but still we have need the more accurate and
sophisticated gesture recognition algorithm than EdgeWrite.
The figure shows two situations. In this EdgeWrite state
machine approach will fail due to omission of states or
adding extra states. Then we presents the touch less
interface, where gestures can freely performed in the
proximity of the sensor. Because of this we can perform
gestures with frictionless and touch less. The signals
detected at the proximity have lower power and higher
variance than the touch based interfaces. In the touch
interface the signals are easily thresholded to create binary
detection in each point of the array. Where as in touch less
interfaces binary thresholding is not reliable[1]. Capacitive
sensors work on the principle of change in Capacitance the

to localize the hand with respect to the plates. The range of
our capacitive plates is sufficient to prevent accidental touch
and skin abrasion and can be adapted as the range is variable
with plate size and shape. In Fig 3(b) The longitudinal cross-
section of our designed sensor is illustrated The top layer is
a network of capacitive sensor plates connected via
conductive threads. An AC shield plane minimizes parasitic
capacitance and noise coupling. The ground plane
capacitively couples the human body to the ground of the
sensor and provides a common reference for the capacitance
measurements.

4. Classification Algorithms for Gesture

There are many algorithms for gesture recogpition. For
instance, Optical Character Recognition (Q@F¥ algorithms
This is adapted for recognizing charactegg¥Pom the tracked
hand positions. OCR, however, views fRg’Set of pggjions as
an unordered set and does not l’perage t
variations of the tracked positign@dd direcad of moiRd
Using both the temporal vggigtfon in % data arNYrhe
direction of motion is crifip¥in our g :,3 cation N 94 e the
same gesture can be perfa@yed very girently g ¥ time. In

electric fields between the plates of capacitor makes them 60rder to take advantagQJt the te -' al orderiN®0f the data,

highly versatile. Accelerometers and gyroscopes measureAev we cho
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Figure 3: (¥ Equivakeg; Clectricaf gMrCuit when a capacitive
plate is placed on ¥¥ leg angM¥ user performs gestures
using his hand. The bodys®2apacitively coupled to the
sensor ground 1@ ¥a sensor ground plane
Fig 3(b) Longitudi%s sectional view of the sensor.
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Fig 3(a) illustratg§@pf€ principle using an example where an
array of capacitive’plates is worn by a user and gestures are
performed by moving the hand in the vicinity of the array
without touch. The body of the patient is capacitively
coupled to the ground of the sensor system. When the hand
is moved close to the capacitor plates, the capacitance Cb
increases. Inversely, the value of capacitance Cb can be used

>

QXYic Hiddﬂh

Q/ arkov Model

to evaluay¥ar systesq ¥ adaptinfp¥o techniques:
arkow@@dels and®¥hamic Y& Warping. HMM
i tatisticadarning t&¢ 37 ique thatvgerforms well when
re is AFE varigad in the Mway the gestures are
performedbut reqQd¥s substg training and DTW is a
time gg¥ics baseg p nique Wi¢h requires minimal training.
TR two algopthms he§ 5, evaluate trade-offs in training,
Q¥iciency, accy@dy” of gesture recognition across

z(¢

multiplQdQ¥jects. &y
@
& 5

Aa¥Tidden \y' ove Model

larkove Models are used in almost all current
speechs i ognition systems, in most of the applications such
as qW)putational molecular biology, in data compression
skl other areas of Artificial Intelligence. A Hidden
is defined as a stochastic finite state
machine. The algorithm is illustrated in Algorithm 1
Formally, it is defined by 5-tuple Q=(S,X,I1,6,A) where S
represents a set of hidden states that are not directly
observable. Transitions between the states is denoted by a
transition probability matrix, 6. II is the set of initial
probabilities corresponding to the states in S. Every state has
a set of possible emissions X and continuous probabilities A
for these emissions. The emissions can be observed by
giving some information about the most similar underlying
hidden state sequence which led to a particular sequence of
observations. The HMM model assumes that the underlying
physical process is Markovian, that means any prediction of
future behavior can be optimally calculated by knowing the
present state without any history. We map such a Hidden
Markov Model to our problem of decoding a gesture based
on a time series of hand position values. This definition of
states constraints the set of gestures for which the
Markovian assumption is valid. Our evaluation, however,
demonstrates that this state definition works well across a
large set of gestures.
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Algorithml. HMM Feed Forword(O, ®, X, 7, 8, A, k)
Input: Observations (O):{(X1,y1 ),-.-,(Xn, ¥u )} for the gesture,
Hidden states (S): {1,....k}, Initial Probabilities:

{m1,...., mc}, Transition Probabilities: d(i, j),(1 <1i,j <k),
Emission probability distribution: Ay,.....A; (Gaussian (p,0))
for every state k € [1,...len(S)]

Output: p (Model Probability given the Observations)

for i: =1 to len(O) do

for k: =1 to len(S) do

Emission = (1/(distance((x;,y:), 1 )/o)* )+3

for j: =1 to len(S) do

p(i k) =p(@ .k)+p(i— 1, j) x Emission

end for

end for

end for

return X, p(|O] - 1, k)

Asymptotic Running time complexity: O(/O| x k*)

The transition probability matrix, & is determined during a
training phase when the subject performs a set of gestures.
While calculating the probability of transitions between
states, we make the following key adaptation to fit our
problem domain. We have found that if the sampling
frequency of our sensors is large compared to the transition

rate, the transition probability matrix begins to resemble 211140 recogn@)n so thdly %

identity matrix, and the importance of transitions betw
states is diminished.

The emission probabilities A is calculated
Gaussian function. Each state is assigned a
The distance (D) from the estimated positi@

distance. This width is determined and used t
experiments. For computational efficien

cal medor the
oWhich have
arge set of

pace of gestre. GedNYe ared to a codebook of
reference gestures "By findg@d” the best-case dynamic
temporal distortion to ceydpare two gestures. Dynamic
temporal distortion cop$tS an approach using a uniform
time scaling that aggan€s the entire gesture is performed
with a single speeg¥#Ctor. This avoids requiring a reference
gesture for every Possible timing variation. Variations in the
positional path are handled by providing a representative set
of gesture variations in the codebook. This set is sufficient
enough to classify gestures using unsupervised clustering
algorithms such as a single nearest neighbor or a k-nearest
neighbor. An optimal choice of dynamic time warping and
minimum error is based on a euclidean distance metric.

Algorithm2.DynamicTime Warping(O,M)

Input: O =[(x;,y1),....,(Xa , ¥n)] (positions for the gesture)
M= [X1, ¥1)-(X'n » ¥n)] (model positions for the
gesture)

Output: d (Warped Distance),

d(0,0) = distance(M(1), O(1))

for i:=1 to len(O) do

d(i,1)=d( -1, 1)+ distance(M(1), O(i))

end for

for j: =1 to len(M)do

d(1 ,j) =d(1,j -1)+ distance(M(j), O(1))

end for

for j: =1 to len(M)do

for i:=1 to len(G)do

d(1,j) = min ;; d[d(i-1, j-1),d(i-1, j),d(i, j-1)] + dgtance(M(j),
O())

end for

end for

return d(n,m)
Complexity: O(n x m)

ighly ad@pfate gesture
ganges in the
NSXC SENSO Q) The sensor array
6 the useryrdnd. The HMM and
ly need P be retrained on the
, gvercome this problem a
sWs the capacitive sensor array

and ox@ration o

posifg

artwa@
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W< testeNR®% system on five subjects, who has C6 spinal
cord injdyy” For each session subject were asked to perform
the fAR$ Bestures, during the experiment ten of each type of
ga@)c at different rotation of degrees of the sensor array,

Q/ $nce a total 150 gestures performed per subject.
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Performed Gesture

(b) HMM
Figure 4: (a) Confusion matrix illustrating the accuracy of
recognizing the five gestures performed by all the subjects
when our system used Dynamic Time Warping. (b)
Confusion matrix illustrating the accuracy of recognizing the
gestures performed by the subjects when our system used
Hidden Markov Model. For both figures, the confusion
matrix is calculated using 150 5 =750 gestures. Our
system has an average accuracy of 99 and 97 percent for the
DTW and HMM models respectively.
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The figure H¥astrates h@accuraghI the DTW and HMM
based gesturé recogig NS per sug¥kt. The height bar shows
the accuracy across Mve gest$®s while the error bar shows
the standard deviation in §aaccuracy across gestures per
subject. The focus of X experiment on the subjects who
has C6 spinal cord @ . The subject perform some set of
gestures and it sh@¥ that the accuracy of DTW algorithm
on the gestures 1} 99 percent , Hence we can say that this
system works very well even though the subject use limited
mobility.

6. Conclusion

In this paper we proposed a system which uses the textile
capacitive sensor arrays to recognize gestures for the users
who are physically disable and unable to do their routine,
this system can provide gesture recognition with limited
mobility. The textile sensors are flexible and can built into
clothing or daily use items such as pillow covers, bed sheets,
wheelchair pads etc. An adaptive and personalized signal
processing system can convert capacitance data from sensor
array to alphanumeric gestures. The gestures can use then to
control the appliances in the home. By using the wrist-worn
accelerometer and the sensor array, the gesture recognition
system correct the rotation of the sensor array with the hand
with minimal intervention. This system has ggaluated by
using the HMM and DTW classification. ., YTW is more

computationally efficient option. 73 Q\‘)
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