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Deep and Shallow Feature Fusion Based on Graph Convolution for Cross-Corpus

Emotion Recognition
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Abstract: The traning and testing data for speech emotion recognition often come from different corpora.
In this case, the mode recognition performance decreases greatly due to the domain mismatch. To address
this problem, we present a new composition method using graph convolutional network to represent the
topological structure between the source and target databases for cross corpus speech emotion recognition.
Besides, aiming at the problem of low accuracy of single feature in emotion recognition, a novel feature
fusion method is proposed. Firstly, we extract the acoustic features by OpenSMILE, then extract deep
features by graph convolutional neural network. With the proceeding of convolutional layers, nodes transmit
the feature information to another nodes, making the deep features contain clearer feature information and
more detailed semantic information. Finally, we fusion the shallow and deep features. Two classification
experiments are carried out. eNTERFACE corpus is for training and Berlin corpus is for testing, and the

recognition rate is 59.375%. Berlin corpus is for training and eNTERFACE corpus is for testing, and the
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recognition rate is 36.111%. The experimental results are higher than the best research results in the
baseline system and references, which proves the effectiveness of the method proposed in this paper.
Key words: graph convolutional network; cross-corpus; speech emotion recognition; composition; deep and

shallow feature fusion

51

i}

W I RN FE TSNS 18 5555 P U R R, AR % R RV B e A
AR AR 22 B — N8 br . 1L 50915 & 1 B B (Speech emotion recognition, SER) AT 55 Il g A<
AR AR B 6] — A TR o AHAE SR R b IR RE AR F0 I A AR m] BR T8 T AN [6] 1 o 8 2, X 45
W RN N T MERE . R 2 IS E B I - HA PR A R BRI TR 2 A R s i,
Jin 2R R T — i W S S0 40 A R R BRI Y 5 5 . Song SR I T — R TR B R
I 3 Ak £ 8 TR 1S TR T v o Zhang 2 UUHEAT T 24T 55 2 ) B R RLE RS GRS . Zhang S5
Fis i ) 53] - 2 T 2 2] T 5 o ORE PR I R, i T — e O A% A g B ] 5 S ) 2% 2] J7 ¥ (Transfer
sparse discriminant subspace learning, TSDSL) . I 4F 2k , B % B W 4% (Graph convolutional network,
GCN) LA & a8 1 28 19 12 s T 18 22 52 1l B8l 4 B vt 5 i FL 7% 87 35 (Synthetic aperture radar, SAR)
P A% R i B AR AT 23281 LA KT T BT JR 6 0 SR 4326 Ak e SOk v, GON TR i o 3 45 22 T 0 155
JSAN: ' E = RGN DESE

5 R AR J2 TR i 1 Ul b i S S, e B IO AT 3 22 S A I SRR AR DR/ 1R AR S M
7 JR5% ) 11 22 B2 1 5 R TP ) — SRS R TR R Y I R R AT A ) R R ep A
T P 2 R IR A X I TR A A ke S B, DA T S B 1 e P R JBORR A Y A W e TR — R Y
A L BIRICR T A S FH B — R AE 2k 1 S B — 2 A SR B DR HOAIF 2 N B3 4R T 4% AR AT £ 4
o Tin %R T — P T 28 o) IR AE B B 5 R AE Bl A 7 4R R T Berlin 8098 i 7 2 0 I
% ; Bandela 25§ 11} Teager it B 1 (Teager energy operator, TEO)Fl Mel 8] £ %t (Mel frequency
cepstral coefficient, MFCC) B 4HE Al & A Teager- MFCC (T-MFCC) , % i35 15 5 /1 5 0 S0 25 0t 17
OB, 35 ST A A R0 5 Liu 25048 T — Pl TR 2 T R AE LA 0k B 2R T AR A T
e R AR S A A R TR RN R G PERE . I 22 )2 P2 I R — A D R K Y R AE
PRI | T R 2 VKA AR T A TR X A S AR B I Lee SR Y T — ik 00 4 22 K
AR T LR IO 2 AL O HL X Sy vk B A5 8 TR L 3RS o RIVERAE RlA 1 A T R 1 B
TIEC SIS TR AE R A fapke b T AN () 580 126 F) 7 R AR 45 52 300 3 [ 19 S 12 ), O 7 5080 2 1)
1R300 B 2245 0, 4 T I R RN 3 2 i) i A e e P Rl X2 Rl , AR SO B T P A AR 22 I 25 1Y
K2 52 FHERLS 175
1 BERHERE

P&] 5 FR i 28 T 6% 32 2 A0 455 1 1 20 B - R4 36t R 3080 2 e 48 &1 R &1 26 FR (T BT A0 36k 1 T 90 00 oA
PRACHR AR o 8 { (o y o, ()i R — N RRAE b (v, ) RN B AR REA LI R E
MPRAE (v, ")y RoR TARBEREAS | LR IR A PR EEREA B A B, 0 TR AR B FEAR (A B TR 75 2 0 5L
WA RO R0 GV E) He V=, | 3R W E={E, ) &M E . i j€{1.2, . [+ u}e
SESYAPRY Ay LE RN o



WF A F AT R SRR R RS G IT B E T AR 113

1.1 E#iE
FEF R ) o o M AR R B b O A A 1 T 25 0 TR i G Y R R R R . B T
SOEBEE T IREAR S o, o i e (1, 0+ who ARYE Y SRR S 0307 H2 0 00, 15 B RRAE 22 ] 19 9 42
HiFEA:AE{0,1)" " AT EA RN
. 1 i 7 jF Hov,, v F %3 1)
L0 i= i, v A
10 3 7 18 H i K 2 48 (K-nearest neighbor, KNN) , &5 5 5 B K A~ e T 41 5 1% 122, X pp
7 HLAT T A T RD T EME  FE RS 1Y KBRS T DL AR G I AR
1.2 EER
GON J& 1% G2 1) 46 B 28 I 45 4 ) 21 B, S — Bl 200 R R BEAY B il DL AE 22 ) sl # b A 48
b H 25 K A5 8RN SRR AR 25 4 Rkl ARk B A AR TR (LS A B ) B RRAE 1] RO SRR — AT
SR AR I SR ARG AU . GON AL 3R L T I35 A
H(’H)a<l§ifil§iH(”W”)) (2)
Ao HY NS RS BUE TR R H = XD X A D A D R D, = > A W L

HERE s o R PTE PREL
B 122 GCNAEZL , ReLU Sy 2% i £ e inl| HI2

VeS0T L T b 0 T ) B G 06 A % ﬁ% .
LRI T AT AR A Softmax 4y A il R

A8 . AR Softmax 43 JE 748 1 fy H 2 0 AR % %}+ *%@ Softma E

TR IR o B L3 T O vE T LA
AT A AR B FR % . PIJZ GON AR % %
TR A o FE AT DL R AR R
Z=f(X,A)=

1 KB R 2%

Fig.1 Graph convolutional neural network framework
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Fig.2 Source corpus graph and target corpus graph
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A, 5 Je B 85 (PR 80 ) A 000 S B30 A e 4 B2 ] (24> HELP B XS 1
FRAF) . A SCRT A 38 LLD 36 1 7z . LLICE !




WF A F AT R SRR R RS G IT B E T AR 115

2.2 BEERNRBEHLE

] 5 FRUNU) 2 A P10 246 v | 8 50 F S00 J itE — > pRVBS o, B SUBE S5 A5 B AH I 205 B, T &1 4
TR LTRSS ) 25 AR AT 2 0 3N A ARAE X 1A [ AL 1 Y AR L A R e 1T
LA & o8 2 5 iE UE B, B& it 2 2 BB B2 5 b5 2 0 55 b 5 B3 B R bR id i o8 1, 1
T 2Z 05 016 BT B AL 8, 48 I BRI ROR o TR)Z M RRE AT LU it 4 R (5 B (B 0 SURFIE A 1]
BT R R R R A SRR NS G, LA T Y X 4% 4 A [ R E R R SR AT .

—

K4 EEHER
Fig.4 Graph convolution

2.3 SRS

BT UL B AR A SORE 32 BCH 9 181 46 B il 28 I 2% B i 25 1 i 1 ARe Ak QIR 2 RRAIE ) 55 75 22 RRAE (U )2
FRAE) SEATRRIE SRl o Rl J5 I RRAE AR O B 25 A RRAE , TT DAAR G ot %5 p8 3 0 UM B IR AL 1 38 245
SEfE R FRE Rl A HE 2 40 18] 5 BT R o K BROHZ BRAE B 5 1 582 4E AR ERAE Bl A, IR IR IR R E
BLMETHIA X AR AN . 25 BB AR SR 2 Z [ i AR S M: LU, il e iE A R BR M, HLR 242
BB Sk 1) AR AR X6 S5 S A TR 45 R DT RR RS — R o PR T S5 vl o b A AN ] )2 AR AR T 1 1 R A TR
)23 1Y) BT R R B B A A R A 1] A

PS5 FRAERLG HESE
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Table 3 Experimental results of different models %

Wik HeZ 2GCN 3GCN 4GCN
eBe 37.690 50.000 45.833 48.611
Be-e 22.950 30.374 26.636 29.439
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Table 4 Feature fusion experiment results of different methods %
e e-Be Be-e S
2k 37.690 22.950 30.32
JTSLR 44.230 38.140 41.19
2GCN-1 59.375 36.111 47.74
3GCN-1 51.389 27.103 39.25
3GCN-2 47.222 33.178 40.20
3GCN-1+2 48.611 30.374 39.49
4GCN-1 44.444 26.168 35.31
4GCN-2 48.611 28.037 38.32
4GCN-3 45.833 30.374 38.10
4GCN-1+2 55.556 24.299 39.93
4GCN-1+4-2+3 41.667 31.308 36.49
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Fig.8 Spatial distribution of data before feature fusion
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Fig.9 Spatial distribution of data after feature fusion
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