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Abstract—This study proposes an integrated wireless wearable experience of both perceiving and producing [4]. Concernin
system, that provides relevant information on gesture and lec- physiological signal evaluation for emotions recognitiorany
trodermal responses for affective communication investigtions. 5 rks have attempted to study physiological signals in otale
The system is designed to be comfortable and unobtrusive to tract t ble to identif it hich ardeelm
be used in immersive virtual realities as well as in actual €X ra.c. param.e ersabletol e”'yPa er_nsw Ic .ar i
scenarios in order to acquire implicit and explicit affective SPecific emotions. Moreover, physiological reactions are o
information. The system is comprised of a glove where texél of the most reliable signs of an implicit affective response
electrodes, deformation sensors, and an inertial motion ub since they are controlled by the Autonomous Nervous System
are integrated. The glove simultaneously acquires electdermal (ANS). In the literature, many works have provided evidence

activity and gesture, providing pre-elaborated signals tlat will be . . . . .
used for feature extraction purpose in emotion recognitiorfiled. of the strong relationship between physiological reastiand

Preliminary results are reliable and promising for the complete ©motional/affective states of humans [2], [5], [6]. In pautar,
integration of affective motion and physiological signal ontents. the physiological signals used in the affect computingaese

This prototype is useful to investigate how humans perceivand  are Heart Rate Variability (HRV), Respiration (Resp) aned|
produce affective interactions. Moreover, this prototypecould be troDermal Activity (EDA). Previous works in physiological

used for designing novel emotional models based on high-kelv . . e . .
and largely-comprehensive affective information. signal-based emotion recognition are summarized in [7]. In

Index Terms—Gesture; electrodermal activity; affective recog- OUr study, we propose the first integrated prototype for the
nition; textile-based systems; signal processing; feates extrac- Simultaneous acquisition of gesture and physiologicatalig

tion; statistics; in the form of a textile glove that can acquire EDA, finger
movements and that can also determine forearm orientation.
. INTRODUCTION Since EDA is the measurement of the sweat gland activity
In recent years, research on emotions [1], [2] increaseahd is directly controlled by Sympathetic Nerve Activity
dramatically. In particular, the aspects related to howteons (SNA), [8]-[10], it is considered an ideal way to monitor
can be elicited, measured and recognized are still opersssthe ANS. EDA can be acquired at the palmar and fingers
to be solved. One of the most interesting concepts undmrface, because they are suitable anatomical sites oft swea
study is how a person can communicate an emotion nagccrine glands. In the presented prototype, EDA is acquired
verbally either alone or in a social scenario, where two oremoby using textile electrodes placed on the index and medium
people are interacting. Indeed, the evaluation and int¢afion fingers. Finger movements are collected by using textilerdef
of physiological signals, facial expressions, body mowvetsie mation sensors placed on the glove metacarpophalangeal are
and postures present a strong challenge because of the mamy forearm orientation is acquired by employing an Inkrtia
ambiguities related to affect definition, communicationda Measurement Unit (IMU) embedded in the glove electronics.
interpretation. Classical methods for evaluating afféetsl to This works is split into two big sessions, as follows: the
focus on questionnaires, in which the subjects are interde first one is named "Materials and Methods” and the second
for reporting what they felt during the experiment, someim one is the "Conclusion”. Material and Methods is structuaed
showing them a video of their performance, or asking thefollows: at the beginning, a description of the textile fiamn
to recall what they felt at each moment during the earliés reported in detail, afterwards, the study exposes throug
tasks [3]. Despite the promising results, in the majority afeveral sub sessions the principles and the methodolofies o
cases physiological signals and body movements are studigolalysis for both the hand gesture detection (e.i., thedindt
separately. As matter of fact, previous studies showed tlstcond sub sessions) and the EDA (e.i. the third and fourth
human movement is a visual stimulus and that we hageb sessions). Afterwards, there are two sub sessions that
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are dedicated of reporting the experimental results oriléexthand movements modify the sensor electrical resistanak, an
deformation sensors and wearable EDA tests. Finally, in teach sensor resistance is closely correlated with the esingl
Conclusion session, the study results and improvements &inger degree of flexion.
underlined and a discussion is open on where and how thes&) Processing methodsthe sensor signal is characterized
data could be integrated and used to improve the knowledgelmna slow baseline drift due to the intrinsic charactersstic
the emotional communication system from a more high-levef textile substrate (i.e., hysteresis and relaxation tiane
approach. improved but they still exist). For this reason, an ad hoc
algorithm for hand gesture recognition was conceived. The
algorithm follows in real time signal local maximum and
In this study, the first prototype of a multi-parameter se9si minimum levels through a peak detection routine that works
glove for the simultaneous acquisition of hand gestures a@gthout empiric thresholds. This continuous update of algn
EDA is presented. EDA is acquired through dedicated textifgaximum/minimum allows for recognizing the condition of
e|eCtrOdeS integrated in the index and medium ﬁngertip%r@ngle finger Opening or Closing independently from the base
(see Fig. 1a). Finger movement is tracked by using five ®xtiine variation (see Fig. 2). The combination of the desatibe
deformation sensors integrated in the glove metacarpopBgocedure on the five fingers enables a rapid recognitioneof th
langeal area (see Fig. 1b). Both EDA and deformation signglgrrent hand gesture. With respect to previous methodplogy
are acquired and elaborated on-line by using a dedicatet Wegy initial calibration is needed. This last point makes the
able and wireless (i.e., ZigBee [11]) electronic unit. Mwrer, zigorithm flexible towards different hand physical configur

forearm orientation is measured by an Inertial Measuremegns and glove sizes. In Fig. 2, the results of the developed
Unit (HMC6343 [12] by Honeywell) embedded in the glove

electronics and fixed in the dorsal part of the forearm close
the wrist. S T A 20 V20 R

Il. MATERIALS AND METHODS

(a) EDA electrodes (b) Textile deformation sensors

Fig. 1: Multi-sensing glove prototype S ) B

Time[s]

A. Textile deformation sensors for hand gesture recogmitio Fig. 2: Raw signals (solid lines) and algorithm results (@it
Textile deformation sensors and,more specifically condulies)

tive elastomer (CE) smeared sensors have been widely used

for movement and gesture detection in neurorehabilitati@fgorithm are shown. In each figure is represented the finger

[13]. Previous studies demonstrated the possibility oh@isi sensor signal (solid line) and the algorithm result (doliree).

a CE-based sensing glove to measure hand joint angleslbythe case of high dotted line, the respective finger is flexed

using algorithms based on multivariate interpolation auraé and vice versa. In this example, the user was asked to close

networks. The drawbacks of these techniques was the higle hand (Phase I) and then to flex one finger while the others

calibration effort, which limitated the use of such devicesre extended (Phase Il to VI).

in practical situations [13]. Despite promising perforroas, ] o

CE-based prototypes showed several limitations such as fbnTextile electrodes for EDA monitoring

negligible relaxation time, non linearities and hystesg4#]. EDA is acquired by integrated textile electrodes placed at

Here, the gestural interface consists of five textile defdfom the fingertips. The use of textile electrodes as opposed to

sensors made of a particular conductive and elastic yara. T8tandard Ag/AgCl electrodes has already proven to be equiv-

same sensors were previously used for respiration mongorialent, as we reported in our study [16], where we performed

in [15]. With respect to CE materials, this new sensor confithe electrode characterization calculating the voltageent

uration was chosen for the better long term stability, thveelo characteristics and the electric impedance and found tiedt t

hysteresis and the faster relaxation time. The sensors haehaviors are comparable with standard electrodes. Mergov

piezoresistive properties. Local fabric deformations ttueser the use of a wearable textile system exhibits several adgast
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in terms of portability and usability for long-term monitog, e
and gives minimal constraints. In this prototype, the EDA is
obtained as the ratio between an imposed continuous voltage =5 E % %5 = = -
of 0.5V between the two fingers and the passing current.
Hereinafter, we refer to this EDA measurement as Skin Con-
ductance (SC).
1) SC processing and features extractiohhe SC signal

is characterized by a tonic (i.e., Skin Conductance Level,
SCL) and a phasic component (Skin Conductance Response .|
SCR). SCL is the slowly varying baseline level of skin s 2 e 2 % o 7o
conductance, while SCR arises within a predefined responst ‘ ‘ | EucmaTion ‘
window (1 — 5s after stimulus onset), and is directly related  ° h * * * * * °

to a given stimulus [17]. The signal division into its phasigig. 3: Example of decomposition analysis. In the upper &gur
and tonic components can be complicated by an overlappipg row SC signal is shown. The lower figures report the

of consecutive SCRs, in case_of an inter-stimulus interVé_éconvquted tonic and phasic driver signals during rgstin
shorter than the SCR recovery time. In order to overcome thifq elicitation phase.

issue, we analyzed the SC by means of a modeling technique
based on the deconvolution process [18]. The SC signal is
the result of a convolution between the SNA and an Impuls
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TABLE I: HAND POSTURE RECGNITION

Response Function (IRF). Th_e IRFis a biexp(_)nential fum\ctior zerzaf?:gers N ;fSt Rec‘;glmzed No Regogn'md Sul%C;SS
the so-called Bateman function [19], which is the result of one finger 105 102 3 97.14
a diffusional model of the dynamics of sweat concentration two fingers | 210 199 11 94.76
in the corneum, assuming that it is governed by the laws of fvee fingers| 210 195 15 928

. . .. .. four fingers 105 97 8 92.38
diffusion [20]. The decomposition of the SC in its comporsent —mefingers 21 51 5 100

was performed by means of Ledalab 3.2.2. software package
for MATLAB [21]. The row SC signal is pre-filtered by a

lowpass filter with a cut-off frequency atH=. After this The results of this test are shown in the Table I. In this table
phase, a deconvolution between the filtered SC data and #dgumnTaskrepresents the different configurations performed
IRF is performed. The deconvoluted signal was analyzed bysg the user, considering how many fingers are closed in that
peak detection algorithm. A significant peak was detected ifparticular posture. Taking into account the first row of the
local maximum had a difference greater tha@,.S from its  table, zero fingeraneans that the user was performing the flat
preceding or following local minimum [18]. The points undehand posture. Positive and negative recognition is regadrte
the threshold was considered part of the tonic driver sign@he third and fourth columns respectively. In the last caiym
The tonic driver was estimated over the experiment duratigﬁb percentages are presented that represent the a|g$jrithm

time by an interpolation algorithm, and, consequentiaf capability of recognizing a particular posture.
tonic SC activity was achieved by a convolution between

the tonic driver and the IRF. The phasic driver componeRt Wearable EDA test
was obtained by subtracting the tonic driver signal from the A preliminary test was carried out to evaluate the perfor-
deconvoluted SC. In Fig. 3, an example of the original S@ances of the glove for affective evaluation. Seven patient
signal and the two deconvoluted tonic and phasic driverafgnwere recruited and an affective stimulating protocol was ad
are shown. The extracted features from both phasic and tonimistered. Affective elicitation was performed by prdjag a
driver signals were the Number of Peak (NP), the MEANet of images selected from the International Affectivelri
value of the AMPIlitude (MeanAmp), the MAXimum valueSystem (IAPS) database [22], which consists of hundreds of
of the AMPIitude (MaxAmp) and the MEAN value of thepictures with an associated specific emotional rating imser
first derivative AMPlitude (DMeanAmp). The features weref valence and arousal. The valence and arousal ratings are
calculated within a window response 8. based on several studies where subjects were requested to
rank these images using the Self Assessment Manikin [23].
The protocol was divided into two sessions: basal, las?ing

A set of experiments were carried out in order to test tteeconds and arousal, lastifigyseconds. The first was a resting
performance of the sensor response and new algorithms of ¢itete phase in order to record the baseline of the subjbets; t
sensing glovSeven participants were asked to perfornrdiffe second session was characterized by a slideshow of images
combinations of hand postures by performing finger flexionvith an arousal level betwegfi — 6]. The features extracted
extension movements while wearing the glove. Once a postfiren the two sessions were compared by using statistical
position was recognized (e.g., close thumb and open otleralysis. The statistical inference analysis was perfdrine
fingers), the system generated the results of the finger comiieans of a nonparametric test due to the non-gaussiantig of t
nation. This operation was replicated three times for eae. u sample set. In particular, the data of subjects derived fitwan

C. Textile deformation sensors tests
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TABLE II: P-VALUE RESULTING OF A MANN WHITNEY
TEST BETWEEN THE NEUTRAL AND AROUSAL SES-

SION
NP MeanAmp | MaxAmp | DMeanAmp
phasic | < 0.05 < 0.05 < 0.05 < 0.05
tonic | < 0.05 0.34 0.42 0.2

experience that human body language is commonly used as
a emotional communicative channel, therefore, gesture and
posture together with direct sympathetic information,tsas
EDR, can offer a kind of integrated information that is often
unavailable from the conventional nonverbal measures such
as the face and paralinguistic features of speech. Although
physiological signal interpretation is thoroughly studlien

this field it is well know, that their emotional content is not

basal and the arousal session were compared by using M@(iicient enough in order to understand emotional commu-

Whitney test [24]. The results of the analysis are shownén th. .o system.

Table 1.

IIl. CONCLUSION

In this view, the recent advances in gaktur
interfaces, as that presented in this study, present anroppo
tunity to study how advocate emotions, e.g., expressiods an
embodiments, activate physiological and behavioral nesps

In this study, a preliminary test on the performance afuring an emotional episode. According to our results we
a first integrated prototype for the simultaneous acquisiti believe that new methodologies could hypothesize how these
of gesture and physiological signals is reported. The rigvelnformation cold be represented in specific models arising
of the prototype lies on the use of a wearable textile glosom the collaboration of affective and human-etology scis
integrated with different technologies enrolled in moriitg  giving weighted importance to all variables that can be $imu
EDA and hand posture. Unlike previous textile-based sgnsitaneously monitored by the wearable platform.

gloves for posture recognition, this glove employs newtstra
gies using sensor integration into textile substrates.edeer,
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