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Galvanic Skin Response (GSR)

The Skin -

* Introduction
* Related to sweat gland activity
*» Related to sympathetic nervous system
* Reflect emotional arousal

% Main components
» Skin Conductance Response (0.5-2Hz)
» Skin Conductance Level (0.05-0.5Hz)

* Raw Signal 0.1-10us
<+ ApplicationlH]
Lie detection Anti-sleep alarm Stress detection

Sensory Nerve Ending

GSR amplitude (uS)

Potential lie—
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Database Introduction

*» DEAPEland AMIGOS* database
** Objective
*» To study the personality, mood and affective response of
people engaging with multimedia content

< Experiment e = GSR

Skin Conductance

% Emotion stimuli
+ Signal collection
% Self-Assessment
s Compare
s 22p. 40e. vs 40p.16e.
% Physiological signals

:; Facial expression i i i ﬂ i i i ﬂ

% Video duraton
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Previous Problems ... ..

562 568 544

323 342 311

] . ] . 717 732 723

< AMIGOS database with different video duration =3 e der
<+ Learning video information o
453 406 404

** Feature cannot relate to the data length 866 935 803
379 378 358

% Valence performance 80% more than Arousal 34| 406 36
- 046 502

: 630 657 600

Solution : cut backward data into the same length e a—
463 445 437

X DEAP database with wrong GSR signal morphology

» From official website  __ o
X Negatlve GSR value = .

< Extreme GSR value /
< 3s baseline remove - M

00 4000 5000 6000 7000 8000

Solution : data extraction from original .bdf(raw) data
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Flow Chart

K= ®O+®

= q Feature
aw aata Extraction Enhanced

Model

Preprocess Baseline Model
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Raw data Preprocess Feat. Extraction
Electrodermal Denoising Time
Activity (EDA) Filtering Frequency

Downsampling Wavelet
Entropy
Arousal Classification Decomposition
A
: Detrend
GaussianNB ,
VElEIEs SVM « Window-average
< > Difference
XGBoost
Band-pass
v Low-pass
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Data Pre-process

“* Remove GSR artifacts
% Conductance measurement (us)
% Low-pass filter (2Hz) and downsample (128Hz—16Hz)

250000 - ]

04
400000 A
350000 1
] /\'\,\_’\f\/\\_\ﬂ\f\/\_/\/\/\
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Feature

ACCESS IC
Baseline Feature Extraction
% Time Domainll¢l % Entropy Domainl/li8le]10]
+ Difference and peak number + Info., Ap. entropy
+» Statistics time feature + RCMSE, RCMPE

3.00
2.75 1 ¥
_ \ / \
2.50 WY . )
Y \ ) \ )
0.05
0.00 4 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
time

amplitude
(=] - [:¥] W & W

% Frequency Domainl11ii12] < Wavelet Domain(3]
“ Power spectral density < Different filter level
+» Statistics frequency feature + Statistics and entropy
o - -”"\__u\_%/\ _‘I’\f\“'\u-’\«\.‘,_ﬂm\w"f .

1
}
I

I

~—— | 000 AP— .
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Baseline Performance

% XGBoost!'4
+» Evaluation metrics = cross entropy loss ./.\. =) ‘/,f\. =) -
+» Grid-search parameter on cross validation

DEAP/AMIGOS

F1-Score 60.84% 42.70% 57.24% 50.20%
DEAP Arousal Feature importance AMIGOS Arousal Feature Importance
T.neg2df.ro F.ME.MIinPSD s
F.t.mdf s T.1dfku
T.2df.maxnum ——— F.MF.sumPSD e
F.p.mdf s T.ku
F.t.IRf s F.t.maxF mm
T.2df.sk s F.HF.roPSD m
W.meEn.L s W.Mku 1
W.sk.H mam F.tIRF &
W.std.L s ] F.p.IRF 1 :
FpIRf T.neg2df.ratio T.1df.mean & IF.(O.25-O.5).m|nPSD
0 5 10 15 0 10 20 30 40

page9



ACCESS IC

Signal
Decomposition

GSR Decomposition

EDA = SCL | gk

800

% 600

/Skin Conductance Level (SCL) \

— EDA
-=-SCL
1

Slow varying tonic activity
Individual Dependent
<0.5Hz

600 700

v

Noise

SCR oo +

Artifacts

Sk

~

in Conductance Response (SCR)\

600

100 200 300 400

Fast varying phasic activity

Reflect stimulus-specific responses
Individual Independent
0.5Hzto2Hz

700

J

Decompose GSR into SCL and SCR will give us more info.
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EDA | =

SCL

o

/Skin Conductance Level (SCL) \

800

— EDA
-=-SCL
1

0 100 200 300 400

® Slow varying tonic activity
® Individual Dependent
® <05Hz

500

600

700

v

signal

Noise
SCR oo i
Artifacts

é(in Conductance Response (SCR)\

100

@
- M \/\
1 1 1 L ’\4/\
) 500

100 200 300 400 600 700

Fast varying phasic activity
Reflect stimulus-specific responses
Individual Independent

0.5 Hzto 2 Hz /
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Decomposition
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e

*

e

*

Detrend![*°] N A [ /\f“ N
. uim- J\/‘\j f\j
Window mean!(6l A

Differencell’]

266 » R
Band-pass phasic (3)[1°] ! \N’\ / /\\,\ /_/\f"’\’
- | A
Low-pass tonic (2)[28] - A

Detrend

e

*

e

*

e

*

0.0204 0.004
ERSNI N MY | = A
0.005 " \ \’\ -0.002
0,000 ~0.004 4
5

: w‘“\\ IER N
: A

40

Window mean Difference
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GSR Decomposition: Traditional Analysis(2/2)

* Band-pass phasic
W WA AN | 05212

% 0.3-2 Hz
S % 0.1-2 Hz

2
% Low-pass tonic

% 0.2 Hz %*»NM\\WﬁvaU\AK va

% 0.08 Hz

000000
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Signal
Decomposition
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GSR Decomposition: Deconvolution Analysis(1/2)

< Continuous Decomposition Analysis!*°li20l

% GSR = SMNAGIRF * M

» SMNA = Driverigpjc + Driverppasic

» IRF(t) = Bateman Function over | |
] (~SMNA) | ] _
< Reconstruct loss function V‘LULLLW @ Peak detectin

» Reverberation Flat SCR Peaked SCR
» Undershoot -

uonnoAuooad @

0.0 4

2.641

2,621

(=]

2.60

undershoot
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Signal
Decomposition

GSR Decomposition: Deconvolution Analysis(2/2)

% Optimization approach to EDA — cvxEDAI?!]

* Convex function for local minimize = global minimize
»y=Mq+Bl+Cd+¢

< Convex assumptions % Convex loss function
> Sparse and non-negative SCR  » [q,1,d] = argmaxgq Plg,l,d | y]
> Linear time invariant » Independence of g, |, d
» Subject-specific IRF > %IIMCI + Bl + Cd - yl|I5 + allAqll; + g 1115

» Phasic superimpose to tonic

Sy

‘ //r'\\ WAL "\ el “:“s"“

\ ARty 858 %
Y LS PSS
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T v T By
1] 10 20 30 40 50 60 N e }

[ \ -
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Enhanced

Phasic

A

Feature
Extraction

Feature Extraction

Tonic

A

% Time Domain

+» Difference and peak number

% Statistics time

% Frequency Domain
% Power spectral density
%+ Statistics frequency

% SCR Domain ¥
< Peak amplitude '

% Peak magnitude
% Rising time

GSR amplitude (uS)

* Entropy Domain
* Info., Ap. entropy
% RCMSE, RCMPE
% Wavelet Domain
* Different filter level
% Statistics and entropy

+» Recover time
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Principal Component Analysis (PCA)

e

*

Feature number (2694) > Data number (880/640)

< Project RPdata onto a uncorrelated R space 1 // )
< Unsupervised & linear dimension reduction S
+ Evaluate eigenvectors and eigenvalues

+» Maximize variance D4

* . . . H /

< Minimize reconstruction error .

Baseline (134) 39 38 ::
Tradition (256) 89 81 07
CDA (256) 86 83
cvXEDA (256) 80 82 :
Fusion (2694) 363 270 031 !

o
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=
o
=
w
N
o
N
w
w
o
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Baseline
Traditional
CDA
CcvXEDA

Fusion

60.84%
62.93%
59.77%
57.48%
60.79%

PCA Non-PCA
61.97% 57.24%
62.78% 60.23%
61.28% 58.48%
63.57% 56.55%
64.42% 56.78%

Enhanced Performance

DEAP AMIGOS

Non-PCA

Enhanced

PCA
56.76%
59.42%
58.29%
58.31%
56.83%

DEAP Arousal Feature importance

Amigos Arousal Feature Importance

F.p.Win.IRf T.p.CVX.2df. maxnum
F.p.CVX.L.. s WM.t.bdh.InEn
T.p.df. me3df m— T.pl.:bsﬂrg.:gi.rr]]ggd[;‘
T.t.bdh.me.. —— M.
E.p bdmer —_— F.t.CVX.meanF
E D.Win.rm. . s T.p.CVX.2df.minnum
g PO — WH.t.lol. ApEn
E o.bdl.rm.. T.p.df.ro.neg2df
-p.oal.mm.. . E.p.df.VLF.min
T.t.bdh.ro...- . E p.CVX.InEn
F.p.win.V.. me F.p.win.IRF WM.t.det.InEn
0 10 i5 20

T.p.cvx.2dfmax.num

10

20
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Conclusion

e

*

Arousal has high correlation with GSR signal

Phasic activity has more information than tonic activity
PCA can enhance performance from maximized variance
Frequency domain features has higher feature importance

e

*

e

*

e

*

Future Work

2 Implement fusion database

2 Implement other GSR decomposition
% Sparse coding features

»» Use Image emotional stimuli experiment database
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