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Video-EEG Based Collaborative Emotion Recognition Using LSTM and

Information-Attention

LIU Jia-Min! SU Yuan-Qi> WEI Ping' LIU Yue-Hu"3

Abstract Video-EEG based collaborative emotion recognition is an important yet challenging problem in research
of human-computer interaction. In this paper, we propose a novel model for video-EEG based collaborative emotion
recognition by virtue of long-short term memory neural network (LSTM) and attention mechanism. The inputs of this
model are the facial videos and EEG signals collected from a participant who is watching video clips for emotional
inducement. The output is the participant’s emotion states. At each time step, the model employs convolution neural
network (CNN) to extract features from video frames and corresponding EEG slices. Then it employs LSTM to iteratively
fuse the multi-modal features and predict the next key-emotion frame until it yields the emotion state at the last time
step. Within the process, the model computes the importance of different frequency-band EEG signals, i.e. « wave, 8
wave, and 0 wave, through spatial band attention, in order to effectively use the key information of EEG signals. With the
temporal attention, it predicts the next key emotion frame in order to take advantage of the temporal key information of
emotional data. Experiments on MAHNOB-HCI dataset and DEAP dataset show encouraging results and demonstrate
the strength of our model. The results show that the proposed method presents a different perspective for effective
collaborative emotion recognition.
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Fig.1 The two-dimensional expression of emotion
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Fig.2 The overall architecture of multi-modal emotion
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Fig.3 The process of bi-modal feature extraction
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Fig.5 The visualization of EEG signals (From top to down: video frames; the visualization of corresponding EEG

signals; the visualization of o wave; the visualization of 3 wave; the visualization of § wave. From left to right: the 31st
frame; the 78th frame; the 90th frame; the 98th frame; the 118th frame in the emotion data)
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Fig.6 The process of emotion recognition based on

LSTM and attention mechanism
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HEET SVM a8 AT B IO, 72 (35 |
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SR T — s TTRR, (EG IO R T I B Rk

B R, ASCHE MR A A ROR, B
T 10 % K155

A SCIR NG B % MAHNOB-HCI %4 45 =
AU REA RO i AL I 7, 0] DL H A
T AT AR R A B A 5 R sE i 2 5 N B
JECIT T RN (. 5 — AU B REA TN 5 = 4L B
FEA S A Pt BEAR RN E. (T4 59K) AEARRIMIK
WS AR (54 35 40) FEA, AR SRR 21
B 10U R R A Ak R S LB RE A O
WG B R U (48 m %) FEA, ASCBIAIZ AL
FERE A PR 25T VR 30 250 SR Y i 170 T 8 R 0 A i 22,
J5 DR A TR S A U < % R A A T g S B
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44 EEMSIATARL

A M MAHNOB-HCT it 4 B ik e A
HEAT B gl s RN, IR B — I 1) 25 b 1 e
KBS BT A 8 S 9. b, 78 Al A4k Ik

%2 AREJTVEE MAHNOB-HCI 4% 5 DEAP $a4 FRGiRBIRCR

Table 2 The recognition result of different methods on MAHNOB-HCI dataset and DEAP dataset
W EYCIR(ES
CR (%) Fl-score CR (%) Fl-score
Baseline!'®) (MAHNOB-HCI) 67.7 0.620 76.1 0.740
Koelstra et al.['®) (MAHNOB-HCI) 72.5 0.709 73.0 0.718
Huang et al.[''y] (MAHNOB-HCI) 63.2 66.3
VGG-164 A% (MAHNOB-HCI) 73.1 0.723 74.5 0.730
VGG-16+ AXHA (DEAP) 85.8 84.3
- o i

B e

WA E

o* e

o Groundtruth ~ ® AR

7 RSCHEIRYE MANNOB-HCIL #da4E R AL IR S5 A (A B3R 23 000 Z 4 B h i A AR, A BI04 433
W EEHE; Groundtruth 5*11‘%@3"]@'%‘]%{?%)
Fig.7 The visualization of results of the proposed model on MAHNOB-HCI dataset (From up to down: three groups of

emotion data. From left to right: emotion data;the groundtruth and results of the proposed model)
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Fig.8 The presentation of the band attention weights on
EEG signals and the temporal attention policy for

a “nervous” man with high arousal
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Fig.9 The presentation of the band attention weights on
EEG signals and the temporal attention policy for

a “nervous” man with low arousal
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4.5 (EBREEWIHR

KT A SR IR R B R ) A TR AN [R) S 43
AR, A SCE MAHNOB-HCI Uik 4E B 5 DEAP
Ak FRE T AR RS, 20 AT 2
xR 3 HE 4 M4 R, Hh, w/o band and
temp FRIANTEA S H PRI IEAE b, 2o s 3 iy
RN B ALH]; w/o band FRARAEA L H )
BEREERE b, Zepi s O 1 L], w/o temporal
RONTEAR TP AR BE A b 25t i 3y A Lol
vis-sEEG-LSTM FR/RACHEH B, & 3 5k
4 Yo, RSO A R I S L S TN RE R
T BERZ AN R 2 A Fl-score. 1X &K
A T AL 5 INAT A T HAE S 1
- WA S, JE HE S T A S AR
TIERE T BRAARFE FAEH RIS W5
TE ML) 5N e 715 SR 1 v A7 AR R g 75
P THEICRTEN . SEAb, 18I Len] A e
ML 5 IR R R R e - B 51 R AR A,
XA PR A A R TU AR A S RN A AR i He
15 5 23 R OK R AR AR TR (R A 26, T A SC A FH 1
B 3 L T A R B BT <R AR fF S5
IRBRAE A S, AT EAT SE A ] S (1) 1 B Uil

3 ARSCER IS UM B UM HER A Fl-score
(MAHNOB-HCI $#i45)

The classification rate and F1-score of ablation
studies on MAHNOB-HCI dataset

Table 3

Wt L e
CR (%) Fl-score CR (%) Fl-score
w/o band and temp ~ 66.4 0.650 68.9 0.678
w/o band 70.9 0.690 73.0 0.711
w/o temporal 69.7 0.680 70.4 0.695
vis-EEG-LSTM 73.1 0.723 74.5 0.730
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4 AR BN R R HER %A Fl-score
(DEAP %i#ii4)
The classification rate and F1-score of ablation
studies on DEAP dataset

Table 4

et B E
CR (%) Fl-score CR (%) Fl-score
w/o band and temp 79.1 0.774 78.5 0.770
w/o band 83.1 0.816 82.5 0.809
w/o temporal 78.1 0.754 81.4 0.805

vis-EEG-LSTM 85.8 0.837 84.3 0.831

4.6 BRESSIRZSHERIRAIX L

TR EE NS AL AR LA 5 7E A IEORAE 55
TR AE M, A SCfE MAHNOB-HCI Wit 4 B
5 DEAP Hifis S EATHIASCHR O, BT Ak
RLATUR I P A - P S A 28 2 ) R AT 17 R AR 52 56
MAREIR L 5 53R 6 s, /£ MAHNOB-HCT #{
A AT NG AL A VR ) 50 R S 1A T g A
TR, JLR P E MAHNOB-HCT 44 1)
NGRS 2 5 N S AR S AR W] 2, B
Sy S U R 2 AR A5 L. T A S 1 AR A ) B
52k, MECIERR ISR 7. TifE DEAP fnfe
A REA S R VR R T AR N A A
P ROR . FC DR 12 8 R A 2 i N A
N R AT AACAR T A, MM M. [ I S 6 45
SR8 WA A A B A AT S THE BRI ROR.
IX A PR A TG Sk R i i R b A G 45 i A 5
BB B AR, B A B B HA AR
Ro PR RGN S 2 BT R R HER R

F Fl-score (MAHNOB-HCI ##n4E)
Table 5
uni-modal and bi-modal emotion recognition on
MAHNOB-HCI dataset

The classification rate and F1-score of

Wk B E
CR (%) Fl-score CR (%) Fl-score
NIRRT 70.8 0.691 72.9 0.711
i LA S 69.9 0.673 73.3 0.720

N + IiHfES  73.1 0.723 74.5 0.730

F 6 PP ARSI RN S 2 ARSI B AU A
Fl Fl-score (DEAP ¥#4E)
Table 6 The classification rate and F1-score of

uni-modal and bi-modal emotion recognition on
DEAP dataset

Wi Rl
CR (%) Fl-score CR (%) Fl-score
UNZY 67.1 0.653 66.3 0.650
A5 84.7 0.815 83.4 0.819

N + IidfES  85.8 0.837 84.3 0.831
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