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Micro-expression recognition based on a dual-stream
enhanced fusion network

CHEN Bin, ZHU Jinning
(Informatization Office, Nanjing Normal University, Nanjing 210046, China)

Abstract: We propose a micro-expression recognition model based on a dual-stream enhanced network in order to ad-
dress the issues of insufficient samples from the dataset of micro-expression and uneven distribution of sample types
leading to a low rate of robustness. Targeting a dual-stream convolutional neural network of single-frame RGB image
flow and optical image flow, a micro-expression recognition model is built based on a fundamental authoritative dataset
and data enhancement. Single-frame airspace information and optical time flow domain information are incorporated in
the SoftMax logistic regression layer to improve the network performance for two independent streams. The dataset is
augmented by introducing a method for image generation based on a generative adversarial network with loop con-
straints. After segmenting the input micro-expression video frame sequence into greyscale single frame sequences and
optical flow single frame sequences of a dual-stream sequence diagram, augmenting the data of the two sequences, and
constructing the micro-expression recognition model, the input micro-expression video frame sequence is subdivided.
The rate of micro-expression recognition has been significantly enhanced by this method. The micro-expression recogni-
tion model based on dual-stream enhanced networks can effectively improve the recognition accuracy of micro-expres-
sions with improved robustness and generalization state.

Keywords: micro-expression; dual-stream network; generative adversarial network; data enhancement; fusion of fea-

tures; pattern identification; convolutional neural network; cycle constraint
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Fig.1 Common processes of micro-expression recognition methods
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Fig. 2 Micro-expression recognition model of dual-stream enhanced network
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Bl 4 CASMEI #iEERRIFE K RE
Fig. 4 Example of the micro-expression images of the CASMEII dataset

5 CASMEI ¥ #& SRR 15 & W B R 5
Fig. 5 Example of the micro-expression generate images of the CASMEII dataset
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Table 2 Comparison of micro-expression recognition
rates between experimental group 1 and ex-

perimental group 2 %
ERAE I Eak| 24

ik 22.61 51.58

PR 39.68 73.75

% 69.05 91.81

JEm 12.17 34.55

7 32.84 59.61

R 19.26 43.16

AR 17.75 44.63

5 Anger: 4.59%
Disgust: 0.00%
Fear: 30.69%
Happiness: 0.78%
Repression: 1.88%
Surprise: 59.61%
Tense: 2.45%

(b) PR RERAE SR 151

(f) REBERAE SR 1]

Anger: 0.38%
Disgust: 0.00%
Fear: 1.29%
Happiness: 91.81%
Repression: 0.18%
Surprise: 0.26%
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(d) 7 IR A S 56

i 14.69% jir: 17.87%
Disgust: 0.91% Dis:
=
Hap; 1 %
19.82%
rise: 0.41%
20.82%

() MR A S 567 o1

Tense: 23.14%
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Fig. 6 Example results of the experimental system for micro-expression recognition and analysis
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Table3 Comparison of experimental results on micro-
expression recognition rates in different data-

sets %
W% CASMEN  CASME  CAS(ME)
ik 51.58 34.29 —
PR 73.75 67.02 —
=% 91.81 80.27 68.50
JEAM 34.55 20.05 37.69
PHF 59.61 4191 19.76
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LBP-SIP'** ELRCN (enriched long-term recurrent
convolutional network)[43] . FDM (facial dynamics map)[44] N
MRW (monigenic risez wavelet)m]\ STCLQP (spatio
temporal completed local quantization patterns)[46] N
MDMO (main directional mean optical—flow)[m\ Bi-
WOOF (bi-weighted oriented optical flow) ™", # 3
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Table 4 Comparison of the indicators between the rel-
evant research results %
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