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TOM TAT

Nhdn dién cam xiic va danh gia mirc do tham gia cua nguoi hoc dong vai tro quan trong trong
viéc nang cao hiéu qua giang day va toi wu héa phuong phdp giang day c& nhan héa. Cac nghién
cieu trude ddy chii yéu sir dung video hogc hinh anh két hop véi mé hinh hoc sdu dé phan tich hanh
Vi Va cam xiic. Tuy nhién, phirong phdp ndy dé bi anh hiong béi goéc quay, diéu kién &nh sang va
biéu cam khudn mat khong rd rang, ddn dén sai léch trong danh gia cam xiic. Pé khac phuc nhing
han ché dé, nghién citu nay dé xuat md hinh ECL-tEEG, mgt mé hinh két hop CNN, LSTM-GRU va
Transformer nham phan tich tin hiéu dién ndo (EEG) dé nhdn dién cam xiic va danh gid mirc dé
tham gia Ciia nguoi hoc. Mé hinh dé xudt tan dung CNN dé trich xudt déc trung khéng gian, LSTM-
GRU dé hoc dac trung tuan tu theo thoi gian va Transformer dé khai thac cac mai quan h¢ dai han
theo co ché hoc song song. Pé danh gid hiéu suat, nghién cizu tién hanh thiz nghiém trén ba mé hinh:
CNN-LSTM-GRU, CNN-Transformer va ECL-tEEG. Két qud thuc nghiém cho thdy ECL-tEEG dat
dé chinh xdc 71%, viwot tréi hon hai mé hinh con lgi trong phan logi cam xuc tich cuc, trung tinh va
tidu cuc. Nghién cizu ndy khong chi khang dinh tiém nang g dung ciia EEG trong nhgn dién cam
xtic nguoi hoc, ma con dat nén tang cho hé theng hé tro giang day théng minh, giip ca nhan hoa
trai nghiém hoc tdp va hé tro gido vién trong viéc diéu chinh phwong phdp gidng day dira trén tin
hiéu ndo bg thay vi chi dwa vao quan sat hanh vi.

Tar khoa: nhan dang cam xtc; dién ndo dd (EEG); gido duc; hoc may; CNN; LSTM-GRU;
Transformer

1.  Giéi thiéu

Trong nhimg nam gan day, nhan dién cam xuc 1a van dé dugc nhiéu nganh nghé, nhiéu
nha khoa hoc quan tam. Phan 16n cac md hinh trich xuit dic trung tin hi€u cam xtc cua
nguoi hoc str dung biéu cam khudn mit, giong ndi, cur chi hanh vi co thé va cac tin hiéu sinh
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li. Biéu cam khuon mat va giong ndi dugc str dung rong rai trong viéc danh gia cam xuc cia
nguoi hoc (Florestiyanto, 2024). Tuy nhién, vao nhitng hoan canh dac biét, nhiing cam xtc
nay c6 thé khong dugc thé hién chinh xac nhiam che ddy cam xac that cta chinh ban than
minh. Do d6, biéu cam guwong mit va giong ndi chwa han da dién ta chan thuc va chinh xac
nhat cam xuc ciia con ngudi (Song et al., 2019). Bén canh d6, cac tin hiéu tir sinh Ii ca con
ngudi duoc cac nha nghién ctru danh gia cao vé do tin cdy va cho rang chung kho co thé nguy
tao nhu cac biéu cam khac (Yu & Wang, 2022). Mot sd tin hiéu sinh 1i ¢6 thé nhic dén nhu
dién ndo d9, dién co dd, dién tim d6, huyét ap, nhiét d6 co thé... (Hari Krishna et al., 2024).

Cam xtc ctia ngudi hoc trong linh vuc gido duc 1a yéu t6 then chdt dé dam bao chit
luong giang day, gop phan xay dung mot mdi truong gido duc lanh manh, hién dai, 14y trai
nghiém cam xuc trong qué trinh tiép thu tri thirc cua timg hoc sinh 1am trong tim. Trong do,
udc lugng cam xtc cua ngudi hoc dua trén song nao hira hen mé ra mot hudng di méi, mang
dén mot giai phap dong gop hd tro ngudi day trong méi trudng gido duc hién dai. Sy tham
gia v& mit cam xuc 1An nhan thic trong gid hoc néu nhu dugc nha gido nim bt theo thoi
gian thyc s& gitp toi vu hoa, ciing nhu kip thoi diéu chinh chwong trinh day hoc pht hop véi
tinh hinh tham gia cua 16p hoc (Apicella et al., 2022). Do do, viéc xay dung mdt md hinh
gitip phong doan cam xtic cia ngudi hoc, hd tro nha gido trong thich tmg voi sy chuyén doi
gifra cac giai doan gido duc la that sy can thiét.

Hién nay, cac mé hinh hoc sau, dac bi¢t 1a mang no-ron tich chap (CNN) Kkét hop vo1 bo
nhd dai — ngan han (LSTM) — mang no-ron héi tiép véi nut c6 cong (GRU), da chimg minh
hiéu qua vuot trdi trong vi¢c két hop cac loai thong tin. Str dung co ché self-attention cta
phuong phéap bd chuyén d6i (Transformer) giup nam bét dugc toan bo thong tin ctia doan tin
hiéu, mang lai nhiing budc tién lén trong viéc nhan dién cam xuc va trai nghi€ém ctua nguoi
hoc dua trén song ndo. Su két hop nay khong chi giup khai thac tdi da cac dic diém tin hiéu
quan trong, ma con toi wu hoa tai nguyén, gop phan phat trién cac img dung trong linh vuc
gi4o duc thong minh. Trong nghién ctru nay, chung t6i dé xuat mé hinh ECL-tEEG két hop
gitta CNN, LSTM-GRU va Transformer, nhdm t6i wu hoa trich xut dic trung khong gian,
thoi gian va mbi quan hé¢ dai han tur tin hi¢u EEG. Péanh gia hi¢u suit cia mo hinh dé xuit
thong qua thuc nghiém trén ba moé hinh khac nhau: CNN-LSTM-GRU, CNN-Transformer va
ECL-tEEG, nham xéac dinh mirc d6 cai thién trong nhan di¢n cam xac nguoi hoc.

2. Noi dung nghién cau
2.1. Cong trinh nghién creu lién quan

Cac phuong phap truyén théng trong viéc nhan dién cam xtc thuong dwa vao phan
tich biéu cam khudn mat, giong néi va ctr chi ctia con ngudi. Tuy nhién, nhitng phuong phap
nay gip phai nhiéu han ché, nhu dé bi tic dong, khéng phan anh chinh x4c trang thai ndi tam
va d& chju anh huéng boi yéu té chit quan (Taware & Thakare, 2023). Trong khi d6, véi tin
hiéu dién ndo (EEG) — phuong phéap ghi nhan truc tiép hoat dong ciia ndo bd, mang lai mot
cach tiép can khach quan hon trong viéc do luong va nhan dién cam xtic. Mot hudng nghién
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ctru dang chu ¥ 1a phan tich cac dir liéu song no bang cac mé hinh hoc sau (Deep Learning)
nham d& ra mot s6 phuong phap két hop cac moé hinh ting hiéu qua chinh xéc trong thyc tién
(Mahmoud et al., 2023). Theo nghién ctru cua Chaofei Yu va Mei Wang, ho cho rang nhan
dién cam xuc dya trén tin hi¢u EEG trai qua nhiéu buédc quan trong: kich thich cam xtc
(emotion induction), tién xtr If tin hiéu EEG, trich xuat dic trung va phan loai cam xtc (Yu
& Wang, 2022). Ngoai ra, mé hinh két hop cac 16p tich chap dé hoc cac dic trung cuc bd
(theo thoi gian va khong gian) va sau d6 4p dung co ché tu chu ¥ (self-attention) dé ndm bat
cac mdi quan hé dai han trong dit liéu EEG (Song et al., 2023). Trong giai doan phan loai
cam xuc, cac md hinh hoc sdu nhu mang no-ron tich chap (CNN), mang no-ron hdi quy
(RNN) va bo nhd ngan - dai han (LSTM) da duoc ap dung dé cai thién d6 chinh xac. Trong
cac nghién ctru gan ddy ctia Zhu va cac cong su, da thir nghiém két hop CNN va LSTM trong
mo hinh nhan dién cam xuc dya trén song nao, da dat dugc do chinh xac 1én dén 95,82%
trén bo dir liéu DEAP (Zhu et al., 2024).

Trong nghién ctru cia Mahmoud va cac cdng su (2023) da st dung 16p Convolutional
Layer dé phét hién cac dic trung co ban cia tin hiéu EEG nhu cidc mau tan sb hodc cac dic
trung thoi gian cta tin hiéu, 16p Pooling dé giam kich thudc cta cac dic trung sau 1op tich
chap, gitp giam sd luong tham s va gitp mo hinh hoc cac dic trung tong quat hon, nghién
ctru nay su dung bd dir licu SEED va DEAP dé so sanh hiéu qua cua md hinh CNN véi cac
phuong phéap khac, chiang han nhu cac mé hinh hoc may truyén théng nhu SVM (Support
Vector Machine) hoic Random Forest, nhiam chiémg minh tinh hiéu qua cia CNN trong viéc
nhan dién cam xuc tir tin hiéu EEG. Tiép dén vé mé hinh LSTM — GRU, Joshi va cic cong
su d4 sir dung BiLSTM va MD-DE dé phan tich dic trung ctia chudi dit liéu EEG nham nim
bét duoc dic trung khong gian cua cac ving khac nhau trén ndo bd, dong thoi két hop ciing
chudi dir liéu thoi gian dai han, nhung bd dir liéu IDEA chua duoc sir dung rong rai (Joshi
& Ghongade, 2022). Nhiitng md hinh nay khong chi giup tang cuong do chinh xac ma con
cai thién kha ning phat hién cam xtc nhanh chong cta con ngudi, déng gbp phan 16n vao
linh vuc gido duc va y khoa.

2.2. Mo hinh woc lwong cam XUc dga trén song nao
2.2.1.M0 hinh CNN-LSTM-GRU
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Hinh 1. Kién triic mé hinh CNN-LSTM-GRU
Kién tric mo hinh CNN-LSTM-GRU thé hién trong Hinh 1 dugc dé xuat dé xu Ii tin
hiéu dién ndo théng qua viéc sir dung cac 16p tich chap CNN két hop cing cac loai mang
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no-ron hdi quy LSTM va GRU. CNN hiéu qua trong trich xuat cac dic trung vé khong gian,
LSTM va GRU gitip mé hinh hoc tuan tu cac dic trung vé thoi gian, cach két hop trén gitp
m6 hinh tin dung duoc t6i da tai nguyén vé khong gian va thoi gian cua tin hiéu s6ng néo.
Sau khi dir liéu trai qua cac giai doan tién xu If nhu loc nhidu, giam tdc d6 14y mau va chia
lai doan dit liéu, dir liéu dau vao co dang 3D Tensor véi kich thude (800x500x30), dir li¢u
duoc dua vao Block 1 1a giai doan dé trich xuat cac dic trung khong gian cua EEG bang
cach str dung céc 16p tich chip dugc thé hién trong block 1 nhu: 1 16p Convolutional 2D
(Conv2D) c6 8 16p filters voi kich thude kernel 1a (1x100), 1 16p Depthwise Convolutional
2D (DepthwiseConv2D) ¢6 8 16p depth multiplier véi kich thudce (30x1) dan xen véi céc 16p
Batch Normalization nhim gitip mo hinh on dinh va cai thién tc d6 hoc. Sau do, qua lop
Activation va 16p Average Pooling 2D véi kich thudc 1x4. Dé tranh hién tuong overfitting,
chung t6i thém vao mét 16p Dropout ¢o ti 1€ 0.5 dé tranh sy phu thudc cua mo hinh vao mot
s6 dic trung nhét dinh. Sau block 1, mé hinh hoc duge mdi quan h¢ gitra cac vung nao khac
nhau tai ting thoi diém, ddy 1a dic trung khong gian cua tin hiéu EEG. Muc tiéu cta block
2 1a trich xuat dugc cac dic trung EEG tiép ndi sau block 1. Kién triic cua Block 2 gom cac
16p Separable Convolutional 2D (SeparableConv2D), Batch Normalization, Activation,
Average Pooling 2D va Dropout. M hinh trich xuit cac dic trung bang SeparableConv2D
v6i 64 filters, kernel (1x16) nham giam sb lwong tham sé nhung van giit nguyén cac dic
trung can thiét cta tin hiéu. Dir liéu tiép tuc thong qua cac 16p Activation c6 ham kich hoat
Elu va AveragePooling2D. Sau khi qua Block 2, mé hinh da hoc dugc cac dac trung hi¢u
qua giup tang tinh 6n dinh ctia mé hinh. Dir liéu tiép tuc di dén Block 3, day 13 noi dé mo
hinh hoc dic trung theo thoi gian. Tiép theo, cac dic trung tir LSTM duge chuyén qua 16p
GRU nhim t6i wu hoa qua trinh hoc chudi thdi gian. Ca 16p LSTM va GRU trén déu sir dung
64 units. GRU hoat dong twong ty nhu LSTM nhung vé6i ciu trac don gian hon, gitip giam
b6t d6 phuc tap tinh toan va ting tbc do huan luyén. Cudi cung 1a 16p phéan loai dau ra
Classification voi 1 16p Fully Connected Layer véi 3 units di kém vdi ham kich hoat Softmax
dé phan loai cdm xuc thanh ba nhém chinh: tich cuc, ti€u cuc va trung tinh.
2.2.2. MG hinh CNN-Transformer

Kién trac mé hinh CNN-Transformer dugc mé ta trong Hinh 2. M6 hinh sir dung céc
16p tich chap trong block 1 va 2 twong tu nhu phwong phap CNN-LSTM-GRU Hinh 1. Tuy
nhién, thay vi st dung LSTM-GRU dé xtr Ii méi quan hé theo thdi gian mot cach tuan tu,
chung t6i str dung Transformer dé hoc song song cac dic trung va khai thac méi quan hé
gilra cac phﬁn cua tin hiéu EEG mot cach hi¢u qua hon khi viéc hoc dir li¢u dua trén quan
hé toan cuc.

Tuong ty m6 hinh CNN-LSTM-GRU, dir li¢u sau khi qua block 1 va block 2, mé hinh
s& trich xudt dic trung khong gian ban dau va hoc duoc cac dic trung hiéu qua. D li¢u s€
di vao block 3 dé hoc cac mdi quan h¢ toan cuc br:ing Attention br:ing viéc tan dung co ché
Multi-Head Self-Attention dé mé hinh c6 thé hoc da dic trung ctia EEG dong thoi toi wu hoa
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hiéu sudt. Multi-Head Self-Attention gitip mé hinh nim bt duoc sy twong tac giira cic ving
ndo xuyén sudt thoi gian phu hop cho nim bat mdi lién hé phirc tap, khong tuan tw. Mot
MultiHeadAttention layer voi 4 dau attention (multi-heads) va key dimension = 16 nham
1am nbi bat cac mdi quan hé phu thudc dai han trong chudi tin hiéu. Lép Multi-Head Self-
Attention c¢6 Layer Normalization gip chudn héa dir liéu, trong khi
GlobalAveragePooling1D tong hop tit ca dic trung quan trong dudi dang mot vector duy
nhat. Cubi cung 13 16p phén loai dau ra Classification v6i 1 16p Fully Connected Layer véi
3 units di kém véi ham kich hoat Softmax dé phan loai cam xtc thanh ba nhom chinh: tich
cuc, tiéu cuc va trung tinh.

Conv2D AveragePooling2D MultiHeadAttention Classification Layer
LayerNormalization

| DepthwiseConv2D | |BalchNurmaIization|

rom S00Hz to 100Hs. : ‘ ,I
‘ AveragePooling2D SeparableConv2D ClobalivEnGe
BANDPASS FILTER | g 9 | | P | PoolinglD
(3-50Hz) H

Hinh 2. Kién triic mé hinh CNN-Transformer

BLOCK 1
BLOCK 2

Preprocessing Data

2.2.3. ECL-tEEG

Chiing t6i dé xuat mo6 hinh ECL-tEEG, két hgp CNN, LSTM-GRU va Transformer, c¢6
kién triic duge mo ta trong Hinh 3. Nhan thay wu diém vuot troi clia timg mo hinh riéng 1¢, ching
t6i két hop ca ba phuong phap dé giai quyét cic van dé trong trich xuat dic trung khong gian,
thot gian tuan ty va moi quan h¢ dai han cua tin hiéu EEG. Muc ti€u ciia mo6 hinh 13 hoc dugc
dic trung khong gian tir CNN, khai thac dic trung thoi gian theo hai hudng tuan ty (LSTM-
GRU) va song song (Transformer), gitip tdi ru hoa kha ning phan tich tin hiéu EEG.

Do tin hiéu EEG 1a mot chudi tin hiéu thoi gian, vi¢c nam bét dic trung dai han Ia rat
quan trong. Mang no-ron hdi quy LSTM-GRU c¢6 kha nang ghi nhé thong tin theo trinh tu,
gitip mo hinh phét hién su thay doi vé bién do song va hoc dic trung thoi gian higu qua. Tuy
nhién, khi chudi tin hiéu qua dai, LSTM-GRU gip kho khin trong viéc ghi nhé thong tin xa
do hi¢n tugng suy gidm gradient (vanishing gradient problem). Do do, trudc khi stir dung
LSTM-GRU, viéc str dung CNN nham trich xuat dugc cac dic trung quan trong dong thoi
giam d6 phirc tap ciia mo hinh 1a hét sirc can thiét. Pong thoi, co ché Multi-Head Self-
Attention v6i nhiéu head, mdi head c6 kha nang hoc mdt khia canh dac trung khac nhau cta
tin hi¢u, tir 46 tang tinh da dang va chiéu sau biéu dién. Didu nay gitp mo hinh hiéu r5 hon
vé cac biéu hién cam xtc phuc tap, vn c6 thé phan bd khong ddng déu theo thoi gian va
khong gian.

Theo nghién ctru ctia (Andayani et al., 2022) dic trung ctia mang no-ron hdi quy chinh
1a viéc xir Ii tuan tu dir liéu nhung phwong phép nay lai gap tré ngai trong viée xir I nhimg
dir lidu co thoi gian qua dai. Tin hiéu séng ndo 1a dang tin hiéu thay d6i theo thoi gian. Do
d6, viéc ndm bit duoc cac dic trung theo tha tu tudn tu giip mo hinh nam bt tdt dugc cac
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thay d6i trong tin hiéu. Tuy nhién, s6 luong dic trung qua 16n c6 thé khién LSTM-GRU gip
kho khian trong viéc ghi nhé va lién két thong tin trong khoang thoi gian dai. Dé khic phuc
diéu nay, Transformer v6i co ché Multi-Head Attention cho phép mé hinh tip trung vao cac
dic trung quan trong, giup két ndi thong tin va khai thac triét dé cac mbi quan hé gan, xa cua
tin hiéu. Su két hop ca ba phuong phap trén gitp khai thac triét dé tin hiéu theo cac hudng
khong gian, thoi gian, tun tu va song song.

ConvaD AveragePooling2D LST™ G':::‘;;ﬂ“;’;“ Classification Layer
iseConv2D | I Py | GRU —
| y

;.l'
|

o

BLOCK 1
BLOCK 2

Preprocessing Data

i "1| onv2D l ‘ Reshape | 1 MultiHeadAttention |

Hinh 3. Kién triic mé hinh ECL —tEEG

2.2.4. Bo dir liéu

Trong nghién ctru nay, chiing t6i str dung dit liéu vé tin hiéu song ndo trong bd dir liu
da phuong thitc EAV gdm EEG, Audio va Visual trong mot nghién ctru vé nhan dang cam
xtic dua trén bdi canh dam thoai (Lee et al., 2024). Mac du cac bd dir licu nhu DEAP va
SEED hién dang duoc sir dung phd bién trong nghién ctru nhan dién cam xac, nhung bdi
canh thu thap dir li¢u tap trung vao viéc xem video phim hoac nghe nhac. Do do, cac bo dix
li¢u trén chua thuc sy phu hop véi moi truong gido duc. Chinh vi vay, trong nghién ctru nay,
chung t6i lya chon sur dung bd dir liéu da phuong thuc EAV, dugc xay dung dua trén céc
tinh huéng dam thoai mang tinh gido duc — nham dam bao tinh thyc tién va phu hop hon véi
muc tiéu Gmg dung trong mdi trudng gido duc hién nay. Bo dit liéu dugc xay dung nham xac
dinh 5 cam xtc cia con nguoi gém vui vé, binh tinh, trung tinh, trc gian, budn bi trong boi
canh dam thoai voi sy tham gia hd tro cta 42 tinh nguyén vién véi do tudi khoang 20-30
tudi. Dir liéu vé song nao duoc thu tai 30 kénh sau: Fpl, Fp2, F7, F3, Fz, F4, F§, FCS5, FC1,
FC2, FC6, T7, C3, Cz, C4, T8, CP5, CP1, CP2, CP6, P7, P3, Pz, P4, P8, PO9, O1, Oz, 02,
PO10. Dit liéu dau vao c6 c6 dang 3D Tensor voéi kich thudc (200x10000x30) tng véi (sb
mau x (thoi gian 14y mau x toc do 1dy mau) x s6 kénh). Mbi doan dir liéu duogc thu trong 20s
vé6i toe d6 14y mau 500Hz. Sau khi trai qua giai doan tién xt I gdm cac bude nhu loc nhiéu,
giam toc d6 14y mau tir 500Hz xudng 100Hz nhung van dam bao gitt nguyén duoc cac dic
trung cta tin hiéu va cudi cing thyuc hién chia lai kién trac bo dit liéu. Cach thire chia lai bd
dit liéu nhu sau: mot mau dit liéu 20s duogc chia 1am 4 véi do dai mdi mau 1a 5s. Do do, sb
lwong mau dit liéu ting 1én gap 4 1an, tir (200x2000x30) sang (800x500x30). Chiing toi thuc
hién thay d6i nhan dir liéu sao cho phul hop v6i muc tiéu nghién ctru nhu sau: tich cuc (vui
vé, binh tinh), trung tinh (trung tinh) va tiéu cuc (ttc gian, budn ba). Dir liéu dugc chia theo
ti 1€ 70% dung cho huén luyén va 30% danh cho thuc nghiém.
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Bing 1. S6 mau di liéu

Huén luyén Thue nghiém Tong
Tich cue 1411 605 2016
Trung tinh 705 303 1008
Tiéu cuc 1411 605 2016

2.2.5. Phuwong phap danh gia

Dua trén cac nghién ctu trude d6 cua (Hsu et al., 2020; Jaworska et al., 2019) trong
viéc danh gia hiéu suat caa mé hinh c6 lién quan dén dit liéu EEG, chlng toi s& danh gia mo
hinh qua hai d6 do 13 Accuracy va F1 Score. Céc s6 liéu nay duoc tinh toan bang céc cong
thire (1), (4); véi TP (True Positive) biéu thi cho sb lwong truong hop mé hinh du doan chinh
xé&c cam x(c tich cuc hozc trung 1ap hoac tiéu cuc, FP (False Positive) biéu thi cho sé luong
treong hop du doan khong chinh xac cam xudc tich cuc hoac trung lap hoac tiéu cuc, TN
(True Negative) biéu thi cho sé luong truong hop mé hinh phan loai chinh xac mot mau
khong thudc vé mot nhdn cam xdc tich cuc hoac trung 1ap hoac tiéu cuc, FN (False Negative)
biéu thi cho sé luong trudng hop phan loai sai cam xdc tich cuc hodc trung 1ap hoic tiéu cuc

TP+TN o rp
Accuracy = (TP+TN+FP+FN) €Y Pre cision = ) (2)
Recall = —2% 3) Fl=2 Precision.Recall 4)

(TP+FN) Recall+Precision

3. Két qua va thao luin
Chuing t6i thyce hién so sanh 3 mo hinh trén véi md hinh trong nghién ctru cia Lee
cung cac cong su (2024) va mot sé phuong phap truyén théng nhw SVM va Random Forest
hay phwong phap st dung BiLSTM trong Bang 2. Tat ca md hinh déu sir dung chung céac
tham s huan luyén nhu sau: batch_size = 32, s6 epoch = 100, optimizer: Adam, learning
rate: 0.001, ham mat mat: categorical crossentropy.
Bing 2. Bang so sanh hiéu sudt cac mé hinh

STT Nghién ciru Phwong phap Accuracy F1-Score Precision Recall
1 (Leeetal., 2024) CNN 0.70 0.68 0.68 0.68
2 SVM 0.45 0.42 0.47 0.45
3 Random Forest 0.47 0.42 0.52 0.57
4 BiLSTM 0.43 0.43 0.42 0.43
5 M0 hinh dé xudt  CNN-LSTM-GRU 0.69 0.68 0.68 0.68
6 M0 hinh dé xudt ~ CNN-Transformer 0.68 0.66 0.67 0.65
7 M0 hinh dé xuét ECL-tEEG 0.71 0.69 0.70 0.69

Két qua thuc nghiém ctia cac mé hinh dugc thé hién trong Hinh 4. Dé danh gia chi tiét
hon vé hiéu suat cia cac mé hinh, ching t6i tién hanh so sénh hiéu suat cua cac md hinh trén
cuing bo dir liéu. Céc so sénh vé cac thong sé danh gia duoc trinh bay trong cac Bang 3 va
so sanh vé d6 chinh xac cua cac mé hinh duoc truc quan héa trong Hinh 5.
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Bdng 3. Bing ddanh gid hiéu sudt giita cdc I6p

Mb hinh Cam xuc Presicion Recall Fl-score  Accuracy
TICH CUC 0.68 0.74 0.71 0.74
(Lee et al., 2024) TRUNG TINH 0.59 0.62 0.61 0.62
TIEU CUC 0.78 0.69 0.73 0.69
TICH CUC 0.43 0.55 0.48 0.55
SVM TRUNG TINH 0.56 0.09 0.16 0.09
TIEU CUC 0.46 0.53 0.49 0.53
TICH CUC 0.46 0.60 0.52 0.60
RANDOM FOREST  TRUNG TINH 0.73 0.01 0.03 0.07
TIEU CUC 0.47 0.56 0.51 0.56
TICH CUC 0.45 0.50 0.48 0.50
BiLSTM TRUNG TINH 0.31 0.20 0.24 0.20
TIEU CUC 0.45 0.48 0.46 0.48
CNN- TICH CUC 0.60 0.67 0.64 0.67
L STM-GRU TRUNG TiNH 0.53 0.44 0.48 0.44
TIEU CUC 0.65 0.63 0.64 0.63
TICH CUC 0.64 0.74 0.69 0.74
CNN-Transformer TRUNG TiNH 0.59 0.51 0.55 0.51
TIEU CUC 0.74 0.68 0.71 0.68
TiCH cUC 0.69 0.77 0.73 0.77
ECL-tEEG TRUNG TiNH 0.61 0.61 0.61 0.61
TIEU CUC 0.79 0.70 0.74 0.70

Bdng 4. So sanh do chinh xdc cua cac mé hinh

M@é hinh Do chinh xac
(Lee et al., 2024) 0.70
SVM 0.45
RANDOM FOREST 0.47
BiLSTM 0.43
CNN-LSTM-GRU 0.69
CNN-TRANSFORMER 0.68
ECL-tEEG 0.71

Bdng 5. So sanh do phirc tap cua cac moé hinh

Thoi gian huén luyén

STT Nghién ciru Phwong phap Tong tham so / epoch (ms)
1 (Lee et al., 2024) CNN 8,579 36
2 SVM 42,004 -
3 Random Forest 30,004 -
4 BILSTM 179,459 64
Mb hinh CNN-LSTM-

> dé xuét GRU 58,371 36
Mb hinh CNN-

6 dé xut Transformer 199,683 48

7 M hinh ECLEEG 75,139 39
de xuat
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Hinh 4. Ma trén nham lan ciia cdc mé hinh
(A) (Lee et al., 2024), (B) CNN-LSTM-GRU, (C) CNN-Transformer, (D) ECL-tEEG
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Hinh 5. So sanh d¢ chinh xac giita cac lop cua cac mé hinh

Nhin chung, md hinh ECL-tEEG dat dugc do 6n dinh cao hon so véi ca&c mé hinh con
lai. Trong qué trinh huan luyén va kiém thir, ching t6i nhan thdy mé hinh dat duoc két qua
chinh xac vuot trgi trong vi¢c phan loai cam xuc tich cuc, ti€u cuc va ndi bat trong viéc xac
dinh trang thai tich cuc (Hinh 5). Két qua thuc nghiém cho thiy mé hinh c6 tiém ning tmg
dung trong gido duc, gitip cac nha giao duc diéu chinh phuong phap giang day sao cho phu
hop véi trang thai cam xuic cua nguoi hoc. Viée duy tri cdm xtc tich cuc va tao hung thi hoc
tap 1a mot trong nhiing muc tiéu quan trong cua gido duc hi¢n nay. M6 hinh ECL-tEEG dat
dugc do chinh xac cao hon cac mo hinh con lai trong viéc so sanh do chinh xac trong cac
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16p tich cuc, trung tinh, ti€u cuc. Cu thé, md hinh ECL-tEEG nhén duoc két qua nhan dién
3 cam xuc tich cuc, trung tinh, ti€u cuc lan luot 1a 77%, 61%, 70%. Md hinh CNN-LSTM-
GRU, m6 hinh CNN-Transformer va md hinh BiLSTM nhén két qua 1an luot 1 76%, 64%,
66% va 76%, 54%, 67%. Cac md hinh truyén théng nhu SVM, Random Forest ¢6 két qua
1an luot 14 55%, 09%, 53% va 60%, 07% va 56%. Cac md hinh trén déu c6 nhitng vu diém
phu hop véi cac dang dit li¢u khac nhau. CNN-TRANSFORMER phu hop voi cac doan tin
hiéu vai thoi gian dai nhu EEG nhung lai kém hiéu qua hon khi xtr li cac bo dir liéu véi cac dac
trung quan hé ngén han. M6 hinh CNN-LSTM-GRU c6 kha nang hoc tdt duogc cac phu thudc
tudn tw ngan han nhung lai gap khé khin va d& bi bio hoa gradient khi chudi thoi gian dir liéu
qué dai. Két hop gitra hai mé hinh, mé hinh ECL-tEEG mang lai hiéu suat vuot troi khi hét hop
dugc loi thé ctia ba phuong phap xu If dit liéu trén khi xu If cac doan dir liéu véi nhiéu dic
trung, xur |i dugc cac mdi quan hé dai, ngan han. Tuy nhién, mé hinh ndy c6 do phirc tap cao
hon cac md hinh SVM, Random Forest, CNN va CNN-LSTM-GRU vé mit tham sd, nhung
thoi gian huén luyén trén timg epoch lai nhanh hon hai mé hinh BiLSTM va CNN-Transformer.
Do d6, tuy vao dac trung dir licu du vao, ta can tinh chinh sao cho phu hop.

M6 hinh ECL-tEEG khéng chi cho thiy hiéu qua vuot troi trong phan loai tin hiéu
EEG ma con so hitu tiém ning ung dung cao trong cac tinh hudng thuc té. Cu thé, ECL-
tEEG c6 thé duogc tich hop vao hé thdng hd tro giang day théng minh (Smart Education
Support Systems) nham theo ddi trang thai cam xdc va mirc dé tap trung cua hoc sinh theo
thoi gian thuc. Thong qua d6, ngudi day c6 thé phat hién sém céc biéu hién cing thing hoic
mét tap trung, tir d6 c6 phuong hudng diéu chinh phwong phap giang day va dua ra thoi gian
nghi ph hop véi thuc té. Ngoai ra, md hinh cé thé ang dung trong céc nén tang E-learning
dé thy chinh nhip d6 bai giang va lua chon linh hoat cac hoat dong hoc phii hop véi ting
ngudi hoc. Didu ndy khong chi ting mirc do tuong tac ma con hd tro tiép thu kién thic higu
quéa hon, ngay ca khi khong co nguoi giang day truc tiép. Trong tuong lai, mé hinh nay con
c6 thé dong vai tro trong cac hé thdng cham soc stic khoe tinh than hoc duong, hd tro theo
ddi va phét hién som cac van dé tam Ii nhu lo au hodc stress hoc tap, tir 6 can thiép kip thoi
va hiéu qua. M6 hinh ECL-tEEG g6p phan ca nhan hoa trai nghiém hoc tap va nang cao chat
luong giang day trong moéi truong gido duc hién dai.
4.  Kétluan

Trong nghién ctru nay, ching t6i da dé xuat mé hinh ECL-tEEG, két hop ba phuong
phap CNN, LSTM-GRU va Transformer dé tan dung wu diém cua tirng mé hinh trong phan
tich tin hiéu EEG. M6 hinh dé xuat ¢6 kha nang trich xuét hiéu qua dic trung khong gian,
hoc dic trung tuan tu va phat hién cac mdi quan hé dai han trong tin hiéu EEG, gilp nang
cao do chinh xac trong nhan dién cam xdc cia ngudi hoc. Két qua thuc nghiém cho thdy mé
hinh ECL-tEEG dat d6 chinh xac cao hon so v&i hai mé hinh riéng 1€ CNN-LSTM-GRU va
CNN-Transformer, v&i do chinh xéc tong thé dat 71%. Bac biét, mé hinh hoat dong tét trong
viéc phan loai cam xUc tich cuc va tiéu cuc, gop phan hd tro gido vién trong viéc theo ddi
trang thai cam xdc cua ngudi hoc va cai thién phuong phap giang day. Tuy nhién, mé hinh
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van chua dat dugc do chinh xac li twong, doi hoi tinh chinh tham sé pht hop va cé thé can
thém dix liéu huan luyén tir cac tinh hudng thuc té dé cai thién kha niang téng quat hda. Trong
tuong lai, chung toi dé xuat mg rong nghién ciru bang cach thu thap di liéu thuc nghiém
trén ngudi hoc trong moi truong gido duc, tir d6 phat trién hé thong hd tro giang day thong
minh dua trén phéan tich cam xuc EEG.

< Tuyén bé vé quyén loi: Cac tac gid xac nhan hoan toan khéng cé xung dét vé quyén loi.

% Loi cdm on: Nghién ctru nay duoc tai tro bdi Ngudn ngan séach khoa hoc va cong nghé
Trwong Pai hoc Sw pham Thanh phé H6 Chi Minh trong dé tai NCKH cda sinh vién
nam hoc 2024-2025
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ECL-tEEG: AHYBRID DEEP LEARNING MODEL
FOR ESTIMATING LEARNERS’ EMOTIONS FROM EEG SIGNALS
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ABSTRACT

Recognizing emotions and assessing student engagement are important for improving
instructional effectiveness and personalizing teaching. Previous studies have primarily used video
or image data with deep learning models to analyze learners’ behavior and emotions. However,
these approaches are sensitive to camera angles, lighting conditions, and ambiguous facial
expressions, which may reduce the accuracy of emotion assessment. To address these limitations,
this study proposes ECL-tEEG, a model that combines a convolutional neural network (CNN), an
LSTM-GRU architecture, and a Transformer to analyze electroencephalogram (EEG) signals for
emotion recognition and student engagement assessment. The model uses the CNN to extract spatial
features, the LSTM-GRU architecture to capture temporal dependencies, and the Transformer to
model long-range relationships through parallel processing. Its performance was evaluated against
two comparison models: CNN-LSTM-GRU and CNN-Transformer. ECL-tEEG achieved an accuracy
of 71%, outperforming both comparison models in classifying positive, neutral, and negative
emotions. The findings demonstrate the potential of EEG-based emotion recognition and provide a
basis for intelligent instructional support systems that can personalize learning and help teachers
adjust their instruction using neural signals alongside behavioral observations.

Keywords: emotion recognition; electroencephalogram (EEG); education; machine learning;
CNN; LSTM-GRU; Transformer
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