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Emotion Recognition in EEG Based on (Granger. Causality and
Brain Regions Frequency Bands Transformer Model

ZHANG Rui, ZHANG Xueying” , CHEN Guijun. HUANG Lixia
(College of Electronic Information and Optical Engineering, Taiyuan University of Technology, Taiyuan 030024, Shanxi, China)

[Abstract] When human emotions change, the Electroencephalogram (EEG) signals across different channels
interact, and distinct brain regions exhibit characteristic interaction features in different frequency bands. To
extract global interactive features and comprehensively capture the interdependence of features across various brain
regions and frequency bands, this study proposes a principal diagonal nonzero Granger Causality (GC) feature
extraction method and a region-specific frequency division Transformer model. First, by addressing the issue of GC
values being zero when calculating self4causality ' measures, this study enhances the Granger causality algorithm to
extract nonzero self-causal information for each channel of EEG signals. Subsequently, to overcome the common
limitation of emotion recognition madels that focus on local characteristics and lack a global perspective, this study
leverages the observed associations®between different brain regions within the same frequency band. The method
partitions causality features into brain frequencies and employs a brain-frequency division Transformer model to
capture the interdependenee “and contribution of features across different brain regions and frequency bands.
Experimental results on the TYUTS3. 0 dataset demonstrate that when using the proposed region-specific frequency
division Transformer model for classification, the principal diagonal non-zero GC matrix, compared to commonly
used GC matrices, achieves an average recognition accuracy improvement of approximately 1. 59 percentage points.
This suggests the superiority of the proposed features. When using the principal diagonal non-zero GC matrix as
features, the proposed region-specific frequency division Transformer model achieves an average accuracy of
94.50% , surpassing existing models by more than 1. 89 percentage points on average recognition accuracy. This
indicates the effectiveness of the approach in globally integrating features with dependencies under brain region-
specific frequency divisions.

[Key words)] Granger Causality(GC) ; brain regions; frequency bands; Transformer model; Electroencephalogram
(EEG) emotion recognition
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Table 1 The description of TYUT3.0 emotion dataset
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Table 2 The electrode clusters corresponding to

EEG signals multi-brain region
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Fig.5 Block diagram of BFT emotion recognition model system
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Table 4 Experimental results of frequency band ablation of

BT emotion recognition model %
B iRTIES brifi2s
0 92. 27 5. 44
a 89. 54 6. 67
8 87. 44 6.72
78. 21 10. 99
5395 92.23 4. 80
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O+a+p+y(BFD 94. 50 3. 69
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Table 5 Results of ablation experiment on emotion-related

brain regions in the FT emetion recognition model %

i X iR b2
PF 79.78 9. 37
F 84. 30 8. 64
LT 85. 66 7.38
C 86. 25 8. 00
RT 84. 14 8.28
LP 82. 40 8.99
P 83. 85 8. 44
RP 79. 06 9. 54
O 79. 06 9.19
9brains(FT) 93.81 4. 84
9brains(BFT) 94. 50 3.69
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Fig.8 Heatmap of average self-attention weight matrices

for 50 participants
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Table 6 Performance comparison results of
different emotion recognition models %
LAY iTIES FrifE2E
CNN 90. 71 4. 24
LSTM 86. 24 6. 39
DGCNNEH 90. 29 5.59
Transformer->*! 92.61 5.07
HSL T 91.72 5.56
CNN-Transformer 90. 47 5.21
BFT 94. 50 3.69
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mkl 28] H 2 H A9 CNN-Transformer 5 A 45 3t T
Transformer ()42 Ja) R 27 > 1R DR BE AR AU A1 HE , 12
A BET #5284 8 500 il 4 s 1 1. 89,2, 78 #i
4. 03 [ 4355, » FE BHAS [R) il DX A [ 331 B 1A R AIE 42 Ji gl
BERe i, HAh, BET SRS T B 5 15 21 v
B3 04 s 7 2 L S At % 2 IR 245 5 A T, 3 W]
BFT BRI AE rh HUAS T R E S . B2,
DL S5 50T LS UE £ 1 BERERS B 5 1
(AT 3500 TR B T RRAIE 4 SRty W AT R0

4 LEFRIE

ASCHEH T DGC FRAERE M DLk 50 5 GC RRAE
FERETD A B PRURBESAE A O K A% T FU A AL
MEBHI IR T EEG 35 [R50 B [7) g X
REAEAR R AR AP AH B Rl ) 1 BRI A Y . BET 1
BARIERL . DGC FHEAR T GC F#EA 1.59 A
O R ZE A IS S UIERR R 3 T BET #AIXT EEG

55 B[R BN [ B DX R AE AT A R A

IIUERRIA T T 94. 50% , 5 IA BFFEAH I 45
() BET B4R TFAZE 1. 89 H A LI . Rl LU
2 e TR A DX PN R A EA T A AL 2 — 25 20 BT Ry i
SN 4 SR, 655 18 EEG 55 AU A5 5
ARG T

S 3k

[1] PANDEY R, CHOUBEY A K. Emotion and health; an

(2]

[3]

[4]

[5]

[6]

L7

(8]

[9]

[10]

[11]

(12]
[13]

[14]

overview[ J]. SIS Journal of Projective Psychology & Mental
Health, 2010, 17(2): 135-152.

CALVO R A, D’ MELLO S. Affect detection: an
methods, and their
applications[ ] ]. IEEE Transactions on Affective Computing,
2010, 1(1). 18-37.

BEKELE E, BIAN D, PETERMAN ], et al. Design of a
virtual reality system for affect analysis in facial expressions;
IEEE Transactions on
2017,

interdisciplinary review of models,

application to schizophrenia [ ] J.
Neural Systems and Rehabilitation Engineering,
25(6): 739-749.

2N, kI, BOAE, SF. RLG A BN BT 4 5 I R] A
AR 28 1) 3 38 7% 1 U [T ], WiVt K2 i (TR0 .
2023, 57(9): 1865-1875.

LIHF, ZHANG X Y, DUAN S F, etal. Fusing generative
adversarial network and temporal conyvolutienal network for
mandarin emotion recognition [ J]. “Journal of Zhejiang
University (Engineering Science) . 2023, §7(9) . 1865-1875.
(in Chinese)

RPPL, WL BT AL 5% S W B POE & 1 B i A
(). HHAHLT AR, 2023, 49(5)ed22-128.

SONG Y K, XIE J. Lightweéight speech emotion recognition
model baséd™ on multittask learning [ ] .
Engineering, 20235.49@) . 122-128. (in Chinese)
ZENGZ'H, PANTIC M, ROISMAN G 1, et al. A survey of

affect recognition“methods: audio, visual, and spontaneous

Computer

expressions[ Jl. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2009, 31(1). 39-58.

RN, TREEXG, BIRENE, 45 RG22 OB RRAE /Y I H 1 R R
SIEFREL) ], THEALT R, 2023, 49(5) . 81-89, 96.

JIAOY., XU H X, MAO X B, et al. Research on EEG
emotion recognition with fusion of multi-scale features[]].
Computer Engineering, 2023, 49 (5). 81-89, 96. (in
Chinese)

Fifi SCHE. FE T AR S R RSN E (D], RS B ARUHRER
K2k, 2017.

LU W J. Research on emotion recognition based on EEG
signal [ D .
Telecommunications, 2017, (in Chinese)

QIU L, ZHONG Y, XIE Q, et al. Multi-modal integration
of EEG-NIRS for characterization of brain activity evoked by
preferred music[J]. Front Neurorobot, 2022, 16 823435.
5L, LTI 5 5 H) Granger PR ¢ R B BN D
G, AT ALK, 2018,

ZHAO L. Emotion recognition based on Granger causality
between EEG signals [ D]. Hefei:
Technology, 2018. (in Chinese)
MOON S E, JANG S, LEE J S, et al. Convolutional neural
network approach for EEG-based emotion recognition using

Nanjing: Nanjing University of Posts and

Hefei University of

brain connectivity and its spatial information[ C]//Proceedings
of International Conference on Acoustics, Speech and Signal
Processing. New York, USA: ACM Press, 2018: 2556-
2560.

FRISTON K J. Functional and effective connectivity: a
review| J]. Brain Connectivity, 2011, 1(1): 13-36.

IR TR RO A5 U5 (D], mat:
R UL R A%, 2021,

MA ] K. Research on emotion recognition of causal brain
network based on transfer entropy[ D]. Nanjing: Nanjing
University of Posts and Telecommunications, 2021. (in
Chinese)

GHODOUSI M, POUSSON J E, VOICIKAS A, et al. EEG
connectivity during active emotional musical performance[]].
Sensors (Basel), 2022, 22(11): 4064.
ZHANG J. ZHANG X, CHEN G, et al.
recognition based on cross-frequency granger causality feature
extraction and fusion in the left and right hemispheres[]J].

EEG emotion



515 F6H/2025F 6 A/ATENTRE

319

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

Frontiers in Neuroscience, 2022, 16: 974673.

TR, KT, BREEDE, 45 454 3D-CNN MI-23 1 & bl
Hili EEG 15T ] V5% B RN K244 CH 2R B2
MO, 2022, 49(3): 191-198, 205

ZHANG J, ZHANG X Y, CHEN G J, et al. EEG emotion
recognition based on the 3D-CNN and spatial-frequency
attention mechanism[]]. Journal of Xidian University, 2022,
49(3): 191-198, 205. (in Chinese)

BALIC S, KLEYBOLTE L, MARTIN C. A swarm
intelligence approach; combination of different EEG-channel
optimization techniques to enhance emotion recognition[ M.
Berlin, Germany: Springer, 2022.

WANG X L, GIRSHICK R, GUPTA A, et al. Non-local
neural networks[ C]//Proceedings of IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Washington D. C. .
USA: IEEE Press, 2018 7794-7803.
ZHENG W L, ZHU J Y, LU B L.
patterns over time for emotion recognition from EEG[]].
IEEE Transactions on Affective Computing, 10 (3). 417-
429.

ALARCAO S M, FONSECA M J. Emotions recognition
using EEG signals: a survey [ J]. IEEE Transactions on
Affective Computing, 2019, 10(3): 374-393.

SHOJAIE A, FOX E B. Granger causality: a review and
recent advances [ J]. Annual Review of Statistics and Its
Application, 2022, 9(1): 289-319.

GRANGER C W ].
econometric models and cross-spectral methods[ ]J]. Journal
of the Econometric Society, 2001, 42 31-47.

GAOY Y. WANG X K, POTTER T, et al. Single-trial

EEG emotion recognition using Granger Causality (GC)/

Identifying stable

Investigating causal relations by

transfer entropy analysis [ J J. Journal of Neuroscience,
Methods, 2020, 346 108904.

GOSHVARPOUR A, GOSHVARPOUR A. Emotion

[25]

[26]

[27]

[28]

[29]

[30]

(31

recognition using a novel granger causality quantifier and
combined electrodes of EEG [ J]. Brain Sciences, 2023,
13(5): 759.

Tk, TR, KR, BT 200 18 W LS 55 0 R 4 1 2
WL HAEPL T, 2022, 48(1): 69-74.

WANG B, WANG Z M, ZHANG R. Emotion recognition
using causal network based on multi-channel EEG signal[ ] ].
Computer Engineering, 2022, 48(1): 69-74. (in Chinese)
WANG H, CAO L, HUANG C X,

algorithmic structure of EEG channel attention combined

et al. A novel
with swin transformer for motor patterns classification[ ] ].
IEEE Transactions on Neural Systems and Rehabilitation
Engineering, 2023, 31 3132-3141.

WANG Z, WANG Y X, HU C F, et al. Transformers for
EEG-based
information learning model[ J]. TEEE Sensotrs Journal, 2022,
22(5): 4359-4368.

PEH W Y. YAO Y.

convolutional neural

emotion recognition: a _shierarchical spatial

Transformer

DAUWELS »].

networks  fory, automated artifact
detection in scalp EEG [ CJ,// Proceedings of International
Conference of the IEEE Engineerifig in Medicine and Biology
Society. Washington D).C. , USA: IEEE Press, 2022; 3599-
3602.

LINDQUIST K A32WAGER T D, KOBER H, et al. The
brainfbasis,of emotion: a meta-analytic review[ ] ]. Behavioral
and Brain Sciences, 2012, 35(3): 121-143.

HU X ZHUANG C, WANG F, et al. {NIRS evidence for
recognizably different positive emotions [ J]. Frontiers in
Human Neuroscience, 2019, 13: 120.

SONG T F, ZHENG W M, SONG P, et al. EEG emotion
recognition using dynamical graph
networks[ J ]. IEEE Transactions on Affective Computing,
2018,11(3): 532-541.

convolutional neural

itk RBEK



