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Speech emotion recognition using the attention mechanism to fuse the

intermediate layer of front-end networks

ZHU Yingjun ZHOU Wenjun ZHU Chuan MA Jianmin

(Department of Aeronautics and Astronautics, Fudan University, Shanghai 200433, China)

Abstract: In order to enable machines to better understand human emotions and improve human-computer
interaction experience, speech features and classification networks can be fused to improve emotion recognition
performance. From the perspective of network fusion, this paper builds front-end networks including two dimen-
sional convolutional neural network (2D-CNN) based on Mel-frequency cepstral coefficients, 2D-CNN based on
inverted Mel-frequency cepstral coefficients, long short-term memory based on scattering convolution network
coefficients. The intermediate layer of the front-end networks are then extracted as the feature representation
of the discourse level, and the squeeze-and-excitation (SE) channel attention mechanism is introduced to adjust
and fuse the weights of the intermediate layer. Eventually the sentiment classification results are output by
the back-end network based on the deep neural network. A comparison experiment of five-fold cross-validation
was carried out on the Chinese speech emotion data set. The experimental result showed that the network
fusion based on the SE channel attention mechanism can effectively utilize the advantages of different front-end
networks in speech emotion recognition tasks, and improve the accuracy of speech emotion recognition.
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Fig. 1 Structure of SER model
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17, a3 32 GB, HHTIREZE I INE R GPU B 5
N NVIDIA GeForce RTX3060, A7 % 4 12 GB,
T % A FH 1038 5 WA A Python 3.8.3, {8 FH 1R &
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Table 2 Speech features and its dimension

B P RFAIE HREYE R
1D-MFCC 1x1x126
2D-MFCC 1x39x126
3D-MFCC 3x13x126
1D-IMFCC 1x1x126
2D-IMFCC 1x39x126
3D-IMFCC 3x13x126
16 SCNC 1x16x126
32 SCNC 1x32x126
64 SCNC 1x64x126
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J9H bR EE S K1) 43 77 SO X 4% VR R Y 2, R
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X A5 BRI HC. X T SCNCR-E, LSTM Hif i
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VR, Wil 5 s, o M B R R N
28T A S I IR TR R o W SR I R T
3 AT v P 28X “ % (Neutral)” 5 “1517%& (Angry)”
PR A TR PR A TR A 2R 6 v T I R R

T SE 8T8 7 = ML X 2 b R JE Rl Ty
R EE i v il & 7 205 A R 2 AR T RCRR G 5 U
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Table 3 Classification results of three SER features in different front-end networks

. HERE /%
e EF%
Angry Fear Happy  Neutral Sad Surprise  Average

1D-MFCC 1D-CNN 72.09 45.45 51.61 62.16 58.00 40.00 54.89 54.40
2D-MFCC 2D-CNN(Max-pool) 71.10 66.47 64.83 87.90 67.86 67.53 70.95 70.84

2D-MFCC 2D-CNN(Avg-pool) 83.33 67.65 56.41 81.82 65.52 60.46 69.20 69.04
3D-MFCC 3D- CNN 72.97 48.84 58.97 71.05 60.00 68.42 63.38 62.92
1D-IMFCC 1D-CNN 50.00 61.36 44.00 64.71 67.57 51.35 56.50 56.34

2D-IMFCC 2D-CNN(Max-pool) 74.11 72.87 68.97 88.16 67.44 71.78 73.89 73.88

2D-IMFCC 2D-CNN(Avg-pool) 72.74 69.05 64.71 90.75 70.23 66.96 72.41 72.36
3D-IMFCC 2D-CNN 71.79 60.00 52.17 77.78 50.00 76.19 64.67 63.95
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Table 4 Comparative test results of different network fusion methods
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Fig. 6 Confusion matrix for different network fusion methods
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Table 5 Accuracy and complexity comparison
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