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A Speech Emotion Recognition Method Based on Lightweight
Capsule Network
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Abstract Aiming at the problems of many parameters, large amount of computation and slow training speed
of the current speech emotion recognition model, this paper proposes a lightweight network model suitable for
small data sets. The model is based on the capsule network, and the deep separable convolution module is
introduced to replace the original convolution layer in the capsule network to reduce the amount of calculation.
Transfer learning is used to extract the universal underlying image features, and then spectrogram is used to finely
tune the over fitting phenomenon of the whole network weakening model on small data sets. The angle cosine is
used to calculate the vector similarity in the dynamic routing structure so as to improve the performance of the
dynamic routing algorithm. The experimental results show that the recognition rate and operation speed of the
lightweight capsule network are better than the seven deep learning network models.

Key words capsule network; depth separable convolution; speech emotion recognition; transfer
learning
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DSC-DC 3x3x1 3
1 3x3x3+1x1x3%x64=219 256, 256, 64
DSC-PC 1x1x3 64
DSC-DC 3x3x1 64
2 3x3x64+1x1x64x64=4 672 256, 256, 64
DSC-PC 1x1x64 64
3 Maxpool 2x2 0 128, 128, 64
DSC-DC 3x3x1 64
4 3x3x64+1x1x64x128=8 768 128, 128, 128
DSC-PC 1x1x64 128
DSC-DC 3x3x1 128
5 3x3x128+1x1x128%128=17 536 128, 128, 128
DSC-PC 1x1x128 128
6 Maxpool 2x2 0 64, 64, 128
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ImageNet 7& LA i KB BGRB8 4, H
BET 1400 ZJiikAPNERIR . #id%] ImageNet i3
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40 5% R B0 B FUAE 5 SEPRME I 2 7 IR
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FEHR, 8] P& 35 2K PR 2L (margin loss)™® i 15 1152 2E ¥ 2%
i) Fa  — N R B AE TNME R R, REAK
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1) CASIA PG 1K B E R 2, %8s 2 2 53
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35 dB) X 500 F) SCAHEAT ISR R M A, BdE 6 2K
15K (8 2% oy 5% /sadness. S /anger. T AT/
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XIS B AR AT i 0 v AN LA
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r= i

S,= Z FFT(s()h(H)e” T )
t=0
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1) M3 B AR R 4% CNN, FE R 45 Ryt 2
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2) VGG-16, RAGERIIE 2;

3) ResNet-50, FRBIEER U1 2;

4 G R FEM L CN, FRAIE I 1

5)CN-DSC, 7 4) HJEal ERNIRE A] 2 B
BiE, HP¥E 4) h SR E B4 DSC;
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ANFTT 2R IS I ORI 45 Rk 3 FR.

XA 1), 2). 3). 4) I, ResNet-50 Hi
T EHI 2 G55 A A8 AR e 2 AU Sl
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AN DA RO . KRR 4), 5) R
DSC B[ 5] A\ AL 43 W 45 7012 ST IR . B S 4
BMERETIA T HERA, S 7 IHRR
B sErf . XF LB 5). 6) 3R ASEUTL R

BEAT ISR, SR JE M St 1R ) 2 458 34 v e BXAN [
(1) DSC RS Kt ATiER2, XA [FIERE 7 1R 5]
GERBEAT THE DX H . IR 4 HlE T DLE T
PRl TR ROR A, TR | /N 2 ARG A

05 A 7R R R A SRR, ARG R R RE T, BRI AT RE R SR HOM S ImageNet 245
THEMEI SR B 6) B M ImageNet £idE 5 AT CASIA 2 SR AR Z A Y &
2 RELH
CNN VGG-16 ResNet-50

Conv : [3x3,64]x 1 ReLU
MP : [2x2],stride =2

Conv : [3x3,64] X3 ReLU
MP : [2x2],stride =2

Conv: [7x7,64]%x1
MP : [3 x 3], stride =2

1x1,64
Conv : [3x3,128] x 1 ReLU Cony : [3x3,128] X3 ReLU .
MP : [2x 2], stride = 2 MP : [2x 2], stride = 2 Conv:: ?i?gge x3
Conv : [3%3,256] x 1 ReLU Cony : [3%3,256] X 3 ReLU 11128
onv : X N X € onv : X 5 X (&) .
MP : [2x 2], stride = 2 MP : [2x 2], stride = 2 Conv:: ?i?é?g x4
Conv : [3%3,512] x 1 ReLU Conv : [3x3,512] X3 ReLU 11,236
onv : X N X € onv : X 5 X (&) .
MP : [2x 2], stride = 2 MP : [2x2], stride = 2 Conv:| 3x3,256 X6
1x1,1024
C [3%3,512] x 3 ReLU 1512
onv : X X €
! ; S00 Conv:| 3x3,512 |x3
MP : [2x2],stride =2 1%1.2048
FC FC FC
®3 ARHFRPL/LER
e e T ¥ent
st — — e R P 2E/% FEI/h
=% 1374 R 5 B E1H
CNN 80.55 84.19 85.75 81.44 82.61 84.83 83.23 9.6
VGG-16 79.65 83.63 85.05 80.57 81.82 84.09 82.47 9.3
ResNet-50 78.01 83.71 84.36 80.65 81.23 83.72 81.95 10.7
CN 83.42 88.45 90.04 84.93 86.91 88.74 87.08 95
CN-DSC 86.45 92.79 93.16 89.16 90.43 92.58 90.76 7.0
CN-DSC-PM 9231 93.93 95.41 92.58 93.12 94.32 93.60 5.1
CN-DSC-DR 90.71 93.71 94.28 91.87 92.11 93.59 92.71 5.9
LCN 90.95 95.1 96.62 93.46 94.85 95.14 94.35 49
$4 FHTH N LCN 7E M 28 25 A 36 IF 45 b ) v 1y 0 RN 461 2 {H 28 4k
R4 1TBAIE DSC X — N R N NN
W 3 s, ATUES, AR IERIRECHN
T#Z HERHZR /% FENT/h
= 20 B Ek WS B A 18 e R R .
R =2 91.24 5.4
Ay PU 2 92.38 5.3 1.00
WHE 93.60 5.1
CIAVES 92.10 5.0 075 |
iR 91.07 5.0
= 050 |
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