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Abst r act

(yj ecti v evi ous st udi es on enot i onrecogni ti onfromel ect roencephal ography (EEQ nai nl y

rel y onsi ngl e-channel - based f eat ure ext r act i on net hods, whi chi gnorethefunctional connecti vit
betweenbrai nregi ons. Hence, i nthi s paper, we propose anovel enotion-rel evant critical

subnet wor k sel ecti onal gori t hmandi nvesti gat et hree BEEGf uncti onal connecti vity network
features: strength, clusteringcoefficient, andei genvect orAppnbashi £t er const ruct i ng

t he brai n networ ks by t he correl ati ons bet ween pai rs of BEGsi gnal s, wecal cul atedcriti cal
subnet wor ks t hrough t he aver age of brai nnetwork nat ri cesw ththe sane enoti onl abel to

el i nnat etheweak associ ati ons. Then, three network f eat ures wer e conveyedtoaml ti nodal

enot i onrecogni ti onnodel usi ng deep canoni cal correl ati onanal ysi s al ongw t h eye novenent
features. Thediscrimnationabilityof the BEGconnectivityfeaturesinenotionrecognitionis
eval uatedonthree publ i c dat asets: SEHQ SHED \, and CEARI nresul t s The exper i nent al
resultsreveal that thestrengthfeatureoutperfornsthestate-of-the-art features basedon

si ngl e- channel anal ysi s. Thecl assi fi cati onaccuraci es of mul ti nodal enoti onrecognitionare
95.08 = 6.42% on't he SEEDdat aset ,84.514-5.11% ont he SEED Vdat aset, andB5.34 & 2.90%

and 86.61+ 3.76% for arousal and val ence ont he DEAPdat aset, respecti vel y, whi chal | achi eved

t he best perfornance. | naddition, thebrai nnetworks constructedw th 18 channel s achi eve
conpar abl e performancew ththat of t he 62- channel net wor k and enabl e easi er setupsinreal
scenari 0sS gni fi canc@e BEGf uncti onal connecti vi ty net wor ks contoi nedw th

enotion-rel evant critical subnetworks sel ectional gorithmwe proposedi s asuccessful expl orati ¢
toexcavatethei nfornati on bet ween channel s.

1. Introduction significantly inpact our society over the next 5to
10 years. BEotion Al, al so known as artificia eno-

BEwtion plays a crucia role in nany aspects dfional intelligenceor af fective conptt]i,ngi[ns at

our daily lives, such as socia conmuni cation amghabl i ng nachi nes to of fer the capabilitiestorecog

deci si on-naki ng. According to the Gartner hypeni ze, understand, and process enwotions. Gonpar ed

cyclein2019]], enotionartificial intelligenceWhthe rich studies onthe notor brai n-conput er

is one of the 21 energing technol ogi es that wihterface (Bd), therecently energi ng af fecti ve Bd
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Ingeneral, the dinensions of thestrength, cl
tering coefficient, and ei genvector centralityfe
i n each frequency band ar@N + 2, 2N + 2, andN,

L1 L2 L3

respecti vel y. % \/“\/“\/ Fusion
& INY/ NN %

4. 4. 2. Bye novenent feat ures 2 /\ /\ : .

H rst, eyenovenent par anet er swerecal cul atedusi 1 =

t he BeGaze’ anal ysi s sof tware of the SM eye track

ing glasses, including pupil dianeter, fixation & \/“ “\.{

ation, blink duration, saccade, and event statis § ;

Qubsequent |y, the statistics of these eye noven % \ \

paraneters were derived, thus obtaining the 3

di nensi onal eye novenent feature. The detail ec Fi gure5.Archi tect ure of t he DOCANodel .

description of the extracted eye novenent feat ul

coul dbefoundi nthe previ ous wor k17, 55] .

4.5. Qassification flggzm_leHg—Hzl,

As af orenent i oned, thevariationof enotionisfluent . 1 . -

and snoot h, whi ch shouldbereflectedintheattrib- 212:mH1H8~ (16)

utesof theextractedfeatures. Inaddition, theextrac-

ted BEEGfeat ures aretypical |y of hi ghdinensi onal j hyparti cul ar, the gradient of (ty,H,) coul d be

and nay contai n unrel ated and redundant inform conput ed usi ng si ngul ar val ue deconposi tion. The
ation, whi chincreases t he unnecessary conput at i @iar anet er updat i ngi s acconpl i shedby usi ngt he neg-
andtine costs. Hence, afeature snoot hi ng net hod,at i ve val ue of correl ationas theloss function. Thus,
l'i near dynanical system(LDS)7[/] was applied to ninimzing | oss is equival ent to naximizing cor-
tackl ethisissuebeforefeedingfeaturesintothedledion. The feature fusion | ayer is defined as the
turefusi onnodel DOCA vei ghted average of the two transforned features

[64]. Fnally, thefusednul ti nodal featureisfedinto
4.5.1. Deepcanonical correlationanal ysisnodel theSWtotraintheaffective nodel .

The DOCAnodel canfusefeat uresfrommil tinodal Inthis paper, thecross validationandgridsearch

dat aby | earni ngthenost rel evant feat ures andfor At hods were adopted to tune the hyper par anet -
ingthe sharedrepresentati of]. F gurépresents ers in different experinents. The search scope vias
the architecture of the DXCA nodel, which COm defined as fol | ows: Supposing that the nunbers of
prisesthreeparts: thestackednonlinear | ayers(LAghgs in L1, L2, and L3 | ayers of DOCA aren,
L3), GAcal cul ation, andfeaturefusionlayer. n, andng, respectively, thesethree hyper paraneters
Assune that the transforned features for tWeyre searched i n the space whemrg >n, > n; and
nodal i tieX; and Xz areseparatel ydenotedbls = ny n, n; e {32 64,128 256}. Sony,n,,Nng have 20
f1(X1;61) and Hay = f2(Xz;02), wheref,andfoarethe  conpinationsintotal . Thel earningratei stunedfrom
respecti ve nonl i near transfornations,fgrahd 0>  set{10 810 7,10 ¢ 10 510 4}. Thesehyper para-
are the correspondi ng paraneters. Thus, the opti Mgt ers vere opt i nized accor di ngt o experi nents.
izationfunctioniswittenas:
4.5, 2. Experinent setups
Inthis paper, we eval uat ed t he proposed appr oaches
onthree public datasets: SEHD], SHD V[23],
Quppose that the centered data natrices Bhieand and CEAP[ 24]. For nodel eval uation, we used dif-
H,, andry and r, are the respective regul ari zat ifarent crossval i dat i onnet hods ondi f f erent dat abases
par anet ers: hence, thecorrel ati onof thetransf or metlh consi der at i onof consi st encywi t hprevi ous st ud-
f eat ures coul d be cal cul at ed as: i es and the anount of enotion data avail abl e. For
_ the SHED dat aset, the three-class (sad, happy, and
corr(Hy, Hz) = |[Tller=t{TT)*™ (15 neutral) enotion classi fication task was conduct ed.
Thetrainingand test setswerethefirst 9trial s and
thelast 6trials, respectively, whichwas the sane as
in[l7,61,62, 69]. For the SHD Vdat aset, thefive-
T=— 2111:22 122221=27 cl ass'(qli sggst, fear, sad, happy, and.neut ral) enotion
R 1 _ classificationtask was perforned with a three-fol d
Y= mH1Hf+ ral, cross validation strategy, which fol | oned the sane
setups as ingb, 69]. SHD and SHD V fol | oned
t he sane exper i nent protocol for datacol | ecti onand
9https://gazei ntel | i gence. cont s - sof t var e- downl oad several sessi ons w ththe sane partici pant were done

(61,0,) = argnax cor r(f,(X1;601),f2(X2;62)). (14)

1; 2)

vhere
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ondifferent daysinbothdatasets, whi chwas one|
t he advant ages over CEAPtostudy thestabl eneura SV e cors s

patterns over tine. The preprocessing of EEGanc oL o

eye novenent signal s was the sane i n SED and ././.*-

SOV 60 I b—p——0o—0p
The DEAP dat aset cont ai ns 32- channel EEGsi g-

nal s and 8-channel peripheral physiol ogi cal sig

from32subj ects (16 nal es, 16fenal es) aged bet wee

19 and 37 (nean age 26. 9) with|l abel sintheval ence

arousal dinensi on. Each subj ect watched 40 one- B

minute nusi ¢ vi deos. The EEGsi gnal s vere prepro- 20 _ "

cessed w t h a bandpass filter between 4 and 45 Hz 0 . . . . . . . . |

For the CEAP dat aset, we built the brai n net works 01 02 03 04 05 06 07 08 09

usi ng sol el y 32 channel s i nthe four frequency ban Threshold

(wthout they band) wth a 2-second nonover| ap- Fi gure 6.Threshol droughtuni ngresul ts of SEED-\.

pi ng ti new ndow The peri pheral physiol ogical fe.

ture was 48-dinensional . In addition, two binary

(arousal -1 evel , val ence-l evel ) cl assificationtasks were

conducted wth aten-fold cross validation strat

W divided the continuous arousal and valence %

dinensions into two categorical levels (lowhi

w ththethreshol dof 5 The CEAPdat abase i ncl udes

continuous levels of arousal, valence, like/di

dominance, andfamliarity. Hwever, wefocused or

the arousal and val ence dinensions in this stuc

whi ch are the nost comnmon conponent s i N eno-

ti onnodel s. The set ups for the CEAP dat aset arei |

accor dancew thfl, 62, 69] .

Accuracy (%)

40~

30

I Corr + 62-Channel

70_.MPI—._H_._P‘

Accuracy (%)

5. Experinental resul tsanddi scussi on ) A R S R R R R R R R

0.65 0.66 0.67 0.68 0.69 0.70 0.71 0.72 0.73 0.74 0.75 0.76 0.77 0.78 0.79

Threshold
. 1. Threshol ni ngfor n rk const ruct i or
5 eshol dt uni ngfor subnetvork constructi o F gure7.Threshol dfinetuningresul ts of SHED V

As nentioned in section4.3 the proportional  (e4-channel netvorkwithcorrel ation edges).

threshol d i s appliedto preserve the strongest a

ciationsintheaveragedbrai nnetworks. It isacrucial

val ue for subnetwork construction. WutilizedSW

to sel ect the best threshol d val ues. The hyper pak@t e 1. The best threshol dsinfour caseswithrespect to SED V.
neter penal ty coeffici é@dtof S s tuned from

. . . . 18- channel 64- channel
2 Vto2%niththestepsizeof theindexsettingtal
Taki ng SEHED V as exanpl e, the best threshol ds di feorr. 0.83 0.70
fer accordingtothe categori es of edge neasur enentshe. 0.65 0.24

and verti ces, sothethreshol dtuni ng process shoul d
be applied inthe foll owng four cases: 18-channel
network w th correl ati on edges, 64-channel network
wth correl ation edges, 18-channel network with Fgure6 depicts the rough tuning results of
coher ence edges and 64- channel net wor kw t h coher- S5 V dat aset. The best threshol d ranges differ in
ence edges. To reduce ti ne over head, the thresholthesef our cases. Taki ng64-channel networ kw t hcor-
tuni ngi ncl udes t wo st eps: rel ati onedges as exanpl e, thebest rangeis[0.6, 0.8].
H gure7 depictsthefinetuningresul tsunder thiscir-
(a) Rough tuning: The threshold range is set asunstance. Finally, thebest thresholdisO.7wththe
[0.0, 1.0] wthstepsizeaof 0. 1. Thebest t hreshotdr acy rat e af0.59 + 8.03%. For ot her caseswith
afoundintheroughtuni ngprocessw || beutikespect to SHED V the best threshol ds are shownin
i zed to construct the threshol d search spacetiabl €l. Accordingtosecti @ 3.1 strengthfeatures
fi netuni ng. wthcorrelationas the connectivity netric achi eves
(b) Fne tuning: The threshold range is set &bebest perfornance, soweonl yverifythediscrinmn-
[a—0.1,a+ 0.1 w thstepsi zeof 0.01. Thresholaionabilityof thisfeatureonSEDand CEAPdat a-
that achi evesthehi ghest accuracyratei s sel esgtes] for whi chthe best threshol ds are 0.83 and 0. 9,
asthefinal threshasgy respecti vel y.
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Tabl e 2. Fer f or nance (% of conventi onal threshol di ngand 5.3.1. Experinental resul tsonthe SEED Vdat aset

critical subnetworkthreshol di ng net hods w threspect tothe

SEED Vdiat aset usi ng 18 channel s. For the EEI?V dat qset , e con§t ruct ed the
EEG based brai n functi onal connectivity networks

nvent i onal Qitical subnetviork i o two i fferent cat egori es of vertices andtwodif-
Mean. 55. 64 84. 45 ferent edge neasurenents, thenextractedthree BEEG
Sd. 5.27 6.10 functional connectivity network features fromthe

brai n net wor ks.

Tabl e3 presents the five-cl ass enoti on recogni -
) i o ti on perfornance of thesefeat ures. W coul d obser ve
5.2. Gonventional threshol dingvscritical that the strength feature exhibits outstanding per-
subnetvork threshol ding _ f or nance regardl ess of the nunber of vertices and
The conventional threshol di ng net hod direct!y Sef§nnect i vitynetric. Thi s nay be becauset hest rengt h
veak associations to 0 according tO @ Propoffest re couldintuitively reflect the emotion associ -
tional threshol dafter sortingthe associ ati onwebghtS - onnect i vi tyof theentirebrainregions. I ngen-
[37,67]. Hovever, this approachis task-unrel eval.o e strength and ei genvector central ity features
Inthis study, e proposed anenotion-rel evant Crifgpi bt hi gher accuracy with correl ation as the con-
i cal subnetvork sel ection approach. To denonstralgctjvity netric, whereas the cl ustering coefficient
the superiority of our method, ve conpare the per- eqr e exhi bit s better perfornance wi t h coher ence.
fornance of bot hret hods on SEED- Vwi th 18 chan- Qrrel ati onand coherence neasuret hesi nil arity

nel s usi ng DOCA _ . of pairedsignalsintw aspects. Qorrel ation focuses
. Theexperi nent set upsi nconventional t hreshol d()nthetenporal donai n wher eas coher ence f ocuses
i ng net hod were exact|y the sane as our method. o ¢ he f requency domai n. Accordi ng to the anal yses
The gt rengthfgat urew thcorrel ationas connecti it ¥y evaraet al [79], coherence is affected by the
met ri ¢ vas appl i ed. Thet hreshol dval uevas tuned §5yuer and phr ase changes and represent s the stabi | -
a hyper par anet er rangi ng from[{0.0, 1.0] W thsteQy ot najredsignal sinpover and phaserel ati onshi p.
si zeof 0. Ql. The best_ threshol dval uefor conventi Qal; ol ationi si ndependent on anpl i t udes andi ndii c-
threshol di ngret hodi s 0. 9. _ atesthetinecoupl i ngandwavef or msi nil arity. These
Tabl e 2 shows the perfornance compariSon. ., ngthods construct different netvork patterns,
The best classification perfornance val ues (i ch nakes di fferences in the i nfornation extrac-
of conventional threshol ding and critical SUbNE{an effj i ency of netvork features. Qur resul ts show
vork threshol ding nethods are 55.64 5.27 and ot quant i fyi ngthecl usters (i . e. cl usteri ngcoeffi ci er
84.45+ 6.10, respectively. Qur method Shows SiGreqt yre) within brainnetvork i s nore effectively to
ni ficant superiority w thaccuracy rate inprovedy; ne i nf or nat i on vihen t he network edge i s coher-

around30% Thi sresul t denonst ratesthat conpar edence het ween pai redsi gnal s. S rengt handei genvect or
w ththe conventi onal net hod, our proposedmethod conyr ity features, onthe ot her hand, are nore effi-
extracts the enotion-rel evant subnetvorks acti Vel ¥nt whencorrel ationis appl i ed.

to reduce the influence of noisein the functiona qhe features extracted from 18- channel - based

connecti vity. brain networks exhibit considerable perfornance
conpar ed wi t ht hose of 62-channel networ ks, whi ch
5.3. Dscrininationability indi cates that the BEEGfunctional connectivity net-

Todenonst rat et he di scri ninati onabil ity of the E46rk features extracted fromthe brain networks

ngonstructed wth fever channel s are promsing for

functional connectivity network features in e ) ) . 2
tion recogni tion, ve conduct EEG based enotion act ual scenari os of enotionrecognitionapplications

recogni tion for the three datasets. The LI BLI NeaR1@Bd systens.
tool kit i's adopted to achi eve SMcl assifier with! N the previous vork §0], the authors have

L2-regul ari zed and L1-1 oss, of whi ch penal ty Coeﬁqqmnstrated that the BEEG functional connectiv-

ci entCi st he onl y hyper par anet er. Appl yi ngt he bedit Y network features considerably outperformthe

t hreshol ding thetuni ngprocess i ncl udestwost epbP feature and that they are superior to those
directly using the connectivity netrics as features.

In this paper, the best classification accuracy of

(a) Roughtuni ng: The sear ch space of penal ty coef 74.05 + 7.09% achi eved by the strength feature

ficient i sset2bs!®% withstepsizeof 0.1 Thelefeats the val ue 60.50 + 10.28%at t ai ned by t he

best penal ty coeffici efitf @ind i n the rough singl e-channel -based state-of-the-art CEfeature in

tuning process wi Il be utilizedto construct thework of [55] for the sane dat aset .

sear ch spacei nfinetuning. To further anal yze the capabil ity of the best fea-
(b) Fnetuning: The searchspaceisseP@s**2 ture, the strength, in recognizing each of the five

wth step size of 0.01. Renalty coeffi2fiient enotions, the confusion natrices are displayed in

that achi evest hehi ghest accuracyratei s sel détgut &. 1t coul dbe observedthat thestrengt hfeature

asthefinal hyperparaneter val ue. is superior indetecting the enotion of happi ness,
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Tabl e6.Q assi fi cationperfornance (% of di fferent worksinml ti nodal enoti onrecognitiononthe SEEDdat aset. A | net hods were
eval uatedw ththe sane dat aset split for trainingandtest sets, i.e. 9/6tria split.

\gr ks Mt hod Mean Sd.
Lu et al[17] AF 83.70 —
Fuzzy 87.59 —
Song et al[81] DEOWN 90. 40 8.49
Li uet al[61] BDAE 91.01 8.91
Tang et al[62] B nodal - LSTM 93. 97 7.03
Li uet al[69] DOA 94. 58 6. 16
Qur net hod DA 95. 08 6. 42

Tabl e 7.Q assi fi cati on perfornance (% of different worksinnul ti nodal enoti onrecognitiononthe DEAPdat aset. Al reported
per f or nance wer e eval uat ed usi ng 10-f ol dcross val i dati on. Al net hods usedt he sanet hreshol d of 5for val ence and ar ousal except
X nget al[82], wheretheratings bel ow4. 5werel abel ed as | owand t hose above 5. 5 wer e | abel ed as hi gh.

A ousal \4l ence
\gr ks Mt hod Mean Sd. Mean Sd
X nget al[87] SAELSTM 74.38 — 81.10 —
Li uet al[61] BDAE 80. 50 3.39 85.20 4.47
Tang et a[62] B nodal - LSTM 83.23 2.61 83.82 5.01
Yinet al[83)] MESAE 84.18 — 83.04 —
Li uet al[69] DA 84. 33 2.25 85. 62 3.48
Qur net hod DaCA 85.34 2.90 86. 61 3.76
are displayed in tablte The existing works are
based on the DE feature and eye noverents. & 0 o
coul d obser ve that the best perfor nance9¥.08 + EEE 62 Channel

6.42% i s achi eved by our vork, whi ch confi nes t he

strength feature with eye novenent data to detec w0 [ I
three enoti ons (happi ness, neutrality, and sadnes { I [
These resul ts further verify that the conbi natior 4
E=Gand eye novenent s coul d enhancet he cl assi fi c-
at i on per f or nance. 20
Tabl e7present st hecl assi fi cati onperf or nance;
our work and several exi stingworks wthrespect f S : " ; 9

t he CEAP dat aset. The exi sting works are based on

Accuracy (%)

=]

II

Total

Frequency Bands

t he confoi nat i on of peri pheral physi ol ogi cal featu
wththe PED[82, 83] or CE[6L, 62, 69] features.
The hi ghest cl assification accuracy of the two L

Figure1l.Q assificationperfornance (% of different
frequency bands usi ngthestrengthfeaturew thtwo
di fferent categoriesof vertices.

arycl assificationt 8k34 4 2.90%f or t hear ousal -

| evel and86.61+3.76% for the val ence-level, are

bot h obt ai ned by our work. These resul ts reveal thagtworks may be indicated. Additionally, the fre-

the strengthfeatureis al so superior tothe PSDafiiency bands wi t ht he 18- channel appr oach achi eve

DEfeatures in fusionwth peripheral physiol ogi gehpar abl e per f or nancewi tht hat of t he 62- channel

signal s. appr oach, whi chi npl i esthepossi bi | ity of appl yi ng18
el ectrodestodetect enoti onsinreal scenarioapplic-

5.5. Qitical frequencybands ations. I't shoul dbenotedthat t he perfor mance of the

Inthi ssection, weeval uatethecritical frequencylrehannel approach is obt ai ned by sel ecting 18 out

of the BEGfunctional connectivity network feat uof 62 channel sinthe ES NeuroScan Syst emi nst ead

onthe SEED Vdataset. F gurél presents the cl as-of direct recordi ngs fromawear abl e devi ce. Theel ec-

sification performance of different frequency bahdedesensitivitycoul dinfluencethesignal qual ityand

usi ngthestrengthfeaturew thcorrel ati onast he emight degr ade t he t ask per f or nance.

nectivity netric. The result denonstrates that 18-

channel and 62-channel networks with correl atiob. 6. Brai nfunctional connectivity patterns

edges showsi milar characteristics, i.@ahtley Inthis section, we investigate the brain functional

frequency bands are superior in classifying the tomeectivity patterns based onthe SHD V dat aset .

enoti ons i n conpari sonw th ot her bands, whi chisThe enotion-rel evant critical subnetworks are sel ec-

i naccordancew ththeresul tsattai nedbythe DEfdaed through t hree phases: averagi ng, threshol di ng,

ture 34, 50]. The topol ogy sinilarity of these t\amd nergi ng. The nuniber s of subnetworks attai ned
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