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Multi-branch micro-expression recognition method based on
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Abstract: Objective Micro-expressions are involuntary, brief facial movements that occur when individuals experience
certain emotions, often revealing their genuine feelings despite effort to conceal them. Recognizing these expressions is

valuable in a variety of real-world applications. Traditional methods for micro-expression recognition typically rely on hand-
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crafted features combined with classical machine learning techniques, which extract feature descriptors from original
images. However, these methods frequently struggle with subtle and fast spatiotemporal changes inherent in micro-
expressions, leading to suboptimal recognition accuracy. Optical flow is a common technique used for micro-expression rec-
ognition because it captures small motion changes and focuses on spatiotemporal information. Despite their advantages,
optical flow-based methods are computationally expensive, requiring substantial resources for video processing. In addi-
tion, issues such as unclear boundaries between expression categories and limited sample sizes in datasets challenge the
performance of current deep learning models, such as the 3D convolutional neural network (3DCNN), which may struggle
with feature learning, generalization, and model fitting. To address these issues, this study proposes a three-branch net-
work that is designed to overcome the challenges posed by insufficient micro-expression data, the difficulty in learning mul-
tilevel features, and low recognition accuracy. The proposed network integrates a deep convolutional neural network
(CNN) and shallow 3DCNN with multiple attention mechanisms. Method The network incorporates an enhanced channel
attention module (ECANet) within deep CNN, allowing for a more effective selection of key feature channels while reduc-
ing interference from irrelevant data. In addition, a facial feature enhancement attention module is proposed for shallow
3DCNN, enhancing the model’ s ability to detect subtle facial expression changes. The network uses three distinct
branches to extract and process facial, optical flow, and optical strain features, which are progressively fused across lay-
ers. This approach maximizes the information captured at each layer, minimizing the loss of fine details and significantly
improving recognition accuracy. Moreover, this study is the first to introduce the information maximizing loss function into
micro-expression recognition in combination with the focal loss function. This weighted combination helps the model to bet-
ter handle challenging samples, improving recognition accuracy for difficult cases. The proposed method consists of three
major stages: preprocessing, feature extraction and fusion, and micro-expression classification. During the preprocessing
stage, the apex frame of each video sequence is located to identify the peak of the expression. Optical flow and strain maps
are extracted from the apex and onset frames. During the feature extraction and fusion stage, the first branch network uti-
lizes ResNet-18 with ECANet to extract facial features, while the second and third branch networks, which are shallow
3DCNN models with the face-enhanced attention module, extract features from optical flow and strain maps. The features
from the three branches are then fused layer-by-layer to enhance feature representation. During the final classification
stage, the softmax function is applied to predict the probabilities of each feature that belongs to one of three micro-
expression categories: negative, positive, or surprise. The class with the highest probability is chosen as the predicted
result. Result To minimize biases during model training, this study uses leave-one-subject-out cross-validation on the Chi-
nese Academy of Sciences Micro-expression (CASME) II , SMIC, SAMM, and 2019 Micro-expression Grand Challenge
datasets. In this approach, data from one subject are reserved for testing, while the remaining data are used for training,
ensuring that no information from the test subject is included during training. The evaluation metrics used include
unweighted average recall (UAR) and unweighted Fl-score (UF1). The experimental results show that the proposed
method achieves the highest UF1 and UAR scores on the CASME Il dataset, with scores of 0. 984 3 and 0. 985 7, respec-
tively. On the SMIC dataset, the UF1 and UAR scores are 0. 767 1 and 0. 752 5, respectively, which also outperform exist-
ing methods. Ablation studies further confirm the effectiveness and robustness of the proposed approach. Conclusion The
proposed micro-expression recognition model effectively reduces the loss of subtle facial features, enhances recognition
accuracy, and captures key facial features while minimizing redundant information. By introducing specialized loss func-
tions, the model also improves its ability to accurately recognize difficult samples. Compared with other mainstream mod-
els, the proposed approach achieves state-of-the-art recognition performance, and the results of the ablation studies vali-
date the robustness of the method. In conclusion, the proposed method significantly improves the efficiency and accuracy
of micro-expression recognition.
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Fig. 1 Flowchart of the method in this paper
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Fig. 2 Sequence of intermediate frames constructed from

samples in the CASME I dataset
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Table 3 Micro-expression recognition performance of different methods on triple categorical dataset

CASME Il SMIC SAMM MEGC2019
Bl 7k

UF1 UAR  UF1 UAR  UFI1 UAR  UF1 UAR
. LBP-TOP(Zhao £/l Pietikainen,2007) 0.7026 0.7429 0.2000 0.5280 0.3954 0.4102 0.5882 0.5785
et Bi-WOOF (Liong %,2018) 0.7805 0.8026 0.5727 0.5829 0.5211 0.5139 0.6296 0.6227
OFF-ApexNet(Gan4§,2019) 0.8764 0.8681 0.6817 0.6695 0.5409 0.5392 0.7196 0.709 6
CapsuleNet(Van Quang®%,2019)  0.706 8 0.7018 0.5820 0.5877 0.5882 0.5989 0.6520 0.6506
STSTNet(Liong %5,2019) 0.8382 0.8686 0.6801 0.7013 0.6588 0.6810 0.7353 0.760 5
RCN(Xia%,2020) 0.8087 0.8563 0.5980 0.5991 0.6771 0.6976 0.7052 0.7164
TREES 2] Tk AU-GCN(Lei %,2021) 0.8798 0.8710 0.7192 0.7215 0.7751 0.7890 0.7914 0.7933
FeatRef(Zhou %5 ,2022) 0.8915 0.8873 0.7011 0.7083 0.7372 0.7155 0.7838 0.7832
ME-PLAN(Zhao %,2022) 0.8632 0.8778 0.7127 0.7256 0.7164 0.7418 0.7715 0.768 4
FRL-DGT(Zhai % ,2023) 09190 0.9030 0.7430 0.7490 0.7720 0.7580 0.8120 0.8110
AL 09843 09857 0.7671 0.7525 0.7871 0.7904 0.8221 0.8307
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Table 4 Comparison of the performace of different methods for multi-classfication micro-expression recognition
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Fig. 8 Case study of misclassification of proposed method
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