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Long Distance Gait Emotion Recognition Based on Pseudo Node Cross Attention

LU Liangyu, ZHOU Chengju
(School of Artificial Intelligence , South China Normal University , Foshan 528000, China)

Abstract: In recent years, the application of emotion recognition in mental computing, human—computer interaction, and mental state moni-
toring has attracted considerable attention. Compared with other methods such as facial and electroencephalogram (EEG) emotion recognition,,
gait data does not require high—precision shooting equipment and can be collected at a long distance. Although some research has been con-
ducted in this field and corresponding progress has been made, there are still two problems that remain unsolved. First, most of the existing
work on gait—based emotion recognition focuses on exploring the local correlation of human joints from skeleton images through graph convolu-
tional networks (GCNs) , while ignoring the global correlation of human joints. Second, the human body’s naturally connected joint skeleton
graph is used, and the original fixed connection will limit the network’s ability to capture the interaction between distant joints. To solve these
problems, this paper proposes a graph convolutional network based on pseudo—node cross—attention, which realizes the timely transmission of
information of all joints through the pseudo—node method and uses the cross—attention method to capture efficient gait representation for emo-
tional state recognition. The proposed method is evaluated on the dataset Emotion—Gait, and the accuracy rate reaches 88.63%, it has better
performance compared with the existing classic advanced models.
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Fig.1 The overall framework of the proposed model
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Table 1 Hyperparameter configuration for model training

®1 BRINZHBSHEE

PUEN RS ZHa
Epoch YIZRJE 500
Batch-size LR F 8
optimizer A% Adam
momentum il 0.9
Learning rate VIR 2 % 0.1
Weight decay A 1x107
p Dropout IR 0.2
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33 LR
3.3.1 RE e Mg £ AR 4R M b AR

A SCHE Emotion—Gait £ 4 L iE4T T — R 51505, 1T
Aty DA A 3% 3 04 &7 F P25 4 45 A P 1 0551 A ST-GCN
WA R . B, DL — G N A i A 7 1 2 1R )
) TR A e o DO 28 ISR M 5 LUK 2 A S N R
AT A, DU 2 ) 28 A PR . SEER g R a3k 2
FIis

Horfr, Ak Bk Ck ¥ R S8 42506 B, Ak 327 18] i #2119
AR ZRFFN A, Bk 2278 AT [ 2 8 42 1) i B 0s 3K sl i
HARRIINA, Ck FoR N — DB — A 1
FHIZ AR A TR SE BB 440 R IR PN 267 Ry 6 5 814224 B T
JAhAT L &I SC B Y 7E Emotion—Gait B 4E i F = )2
ST-GCN [ 4 BRI 28 I 245 | BR AR H2 4 B A , oAk S8R 4
—5

FH 2R 2 45 W] A1, FLAE R Pl A 5K 30 A9 B AR LA

Table 2 Joint adjacency matrices comparison of different topological

structures
R2 AEAIEE KT BERIERELLE

B HERI2R1% Train Y112} ] /s

Ak + PN 81.02 122

Bk + PN 83.21 261

Ck + PN 77.01 180

Ak + Bk + PN 80.16 297

Ak + Ck + PN 78.38 201

Bk + Ck + PN 79.25 340

Ak + Bk + Ck + PN 82.54 384

A = WA 5 RONMERA 2R U B ARAL T A Ak, 7E
Emotion—Gait £ 4 48 I 141 28 150 ME B R 42 T 2.19% 5 1
fdt ] Bk AR T H ] Ck A9 1% 25 IR 0 R 48 T 6.20%
Ak PRy [ 502 (14 5617 3 42 BR A T A AU DG E R IR R,
Ck PRUBCHE SRR AR B /D, X BN RE A AR B0 B 2840 46
FEIZARPEAR I, T 52 T 15 45 R MERR 2 . 1T AR SO
A Bk BB AL LA T RS A ST F N AR R X A
) S 8] 96 RAMNA Ry BR T J5A 1 56 2, i 3k
A BE FSIR RN 45 U Bl 0 ST X IR AR SR EEAE
I H X 00 4 S X} (AR R4 T Y 3 I R
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B DL B A TR 45 A 25 R R 3 iR . f skl
N, AT R 4R Baseline , 8 I T 7 2 AR H R Emo-
tion—Gait ZLHE 4 I A9 MER R A B . BARm 5,
ST-GCN filt A HLCA FHRIELG | e R4 T+ 2 87.67% ; i A
PNCA FHEH5 , AR R LT 2 86.55% ; fill A HLCA \PNCA
THEHS , TR T E 88.63%., CTR-GCN @l A HLCA
TS R 2R T 2 82.77% ; il A PNCA FHEH 5 , i
R T % 83.93% ; fill A HLCA . PNCA TR 5 , 16 %
BT 85.12%.

S 45 WKW YE S Baseline, Bl ST-GCN Fll CTR-
GCN 1, CAM 4% T B He DL K 7 155 B ) 2 4 349 %o A5 80 7

Table 3 Ablation experiments of CAM module on Emotion-Gait da-

taset
£3 CAMEHRTE Emotion—Gait #1E 5 _F#iH B2
1) 245 AR HER 1% Train Y| 25 ) /s
ST-GCN 81.02 261
CTR-GCN 81.66 320
ST-GCN + HLCA 87.67 627
ST-GCN + PNCA 86.55 591
CTR-GCN + HLCA 82.77 722
CTR-GCN + PNCA 83.93 718
CTR-GCN + HLCA + PNCA 85.12 1504
ST-GCN + HLCA + PNCA 88.63 1250
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X T RIR ST HEA 758 U B T, BB A SR BUE T
BB %) JR3 8 5 T RRAE , 26 W] HLCA T 155 T A3 R 4% 4 1
KATH RO Z B K2R I RE S F X SR AR & ¢y
oK PRI A . 101 4 A A B TR AL R AT 45 1R .
1M PNCA F-H e 0 A B O 75 5005 Bl 4 5 5C T AT 45 15
S AL, DTS B AR A 485G T B G b AT B AS e, T
B BRI IR R T &R R . [, LA Rl
FH, Y4 HLCA F L H PNCA TR gl & FH R, Hox T
ST-GCN F11 CTR-GCN # R G 24045 Fr e . 8 L 38 Jn £k
W5, BES TR AT RO S B O R OC T TR 4 R B
LH.,
333 Lobib i AW 4RA) kiR

h T 2 AR SRR AR A SR 4R BT 55 B
PR, 7€ Emotion—Gait £UH5 4L 1 5 31 41 2k 28 B o £ A5 7Y
PEAT LB, a5 SR AN 4 Bt o p L AT A SO R ) 1 2
TSI o 1 5 AH #2 T 4 BB R STEP , LSTM 43 5 48 7+ 1
10.98% .13.25% , UEW] T A SCRERIAE D 2848 45 R 0T 55 &
HA —m .

Table 4 Comparison with state—of—the—art methods on Emotion—

Gait dataset
F4 553757 Emotion-Gait H#EE FHILLER
[FH] 25 4555 HERI /% SN

STEP'*! (2020, AAAT) 77.65 0.72
G-GCSNM(2021,ACCV) 80.31 0.73
LSTM!¥1(2020,ECCV) 75.38 0.31
TAEW"*%/(2020, ECCV) 81.89 40.44
ProxEmo'*71(2020,TROS) 80.33 0.67
CTR-GCN'/(2021,1CCV) 83.10 3.55
TNTC¥(2022,ICASSP) 85.97 60.21
DDG'* (2023, Cognitive Systems Research) 85.67 36.71
STAGCN(2023,ICME) 87.90 0.91
Ours 88.63 34.46
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