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Abstract Micro-expression is a facial expression produced unconsciously in a very short period of
time, which can reveal the real emotional state of an individual. Existing micro-expression
recognition methods still have some limitations in terms of accuracy and robustness, especially in
the case of noise interference and loss of image sequence information, where the traditional optical
flow method 1is difficult to effectively capture the subtle changes of micro-expressions. In
addition, deep learning models may lose important high-frequency information during the
downsampling process, which affects the recognition ability of micro-expression features. To
address these problems, this paper proposes a novel micro-expression recognition method based
on bidirectional optical flow and a wavelet-based attention mechanism to effectively improve
recognition accuracy and robustness. Specifically, the limitations of the traditional optical flow
method in micro-expression recognition are first analyzed, and a Bidirectional Optical Flow
Module (BOFM) is then proposed to address the sensitivity of the optical flow method to noise as
well as the problem of neglecting the information between consecutive frames. Unlike
conventional single-directional optical flow, the proposed strategy captures richer temporal
dynamics and mitigates motion inconsistency across frames. The information from the apex frame
to the onset frame and offset frame is used to reduce noise interference and enhance the facial
muscle movement features associated with micro-expressions. By combining forward and
backward optical flows, the proposed BOFM captures the entire temporal evolution of facial
motions, ensuring that both the generation and attenuation stages of expressions are effectively
modeled while suppressing global noise caused by head movement. Secondly, in order to alleviate
the problem that deep learning models may lose detailed information during downsampling and to
improve the effective utilization of both high-frequency and low-frequency information, this paper
introduces a robust and innovative Wavelet-based Attention Downsampling Module (WADM) to
enhance the model's representation capacity of micro-expression features. The WADM integrates
wavelet transform and attention mechanisms to decompose image features into multi-scale
frequency sub-bands. Low-frequency components preserve overall facial structures, while high-
frequency components retain fine-grained details of micro-movements. By introducing spatial and
channel attention mechanisms into different frequency branches, the model adaptively focuses on
discriminative areas and assigns higher weights to the most informative sub-bands, effectively
reducing the loss of subtle but crucial details and improving the robustness of feature learning
under complex conditions. Experimental results on the MEGC2019 dataset show that the
proposed method outperforms existing methods in terms of both unweighted F1 score (UF1) and
unweighted average recall (UAR), which are 1.87% and 2.61% higher than the current best
methods, respectively. Meanwhile, experiments conducted on CAS(ME)* and DFME datasets
also demonstrate the wide applicability and superior performance of the proposed method across
different scenes and subjects. In addition, the effectiveness of the bidirectional optical flow and
wavelet-based attention downsampling modules in the feature representation process is verified by
Grad-CAM visualization analysis, which shows that the model pays more attention to facial
regions related to muscle activity and suppresses irrelevant background noise. The previous
version of this algorithm has achieved the second place in the automatic micro-expression
recognition task at the 4th Chinese Conference on Affective Computing (CCAC2024). The code
has been made publicly available at https://github. com/LeoDerekh/BOWAM.
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Background

Micro-expression recognition is crucial in computer vision
and affective computing. These brief, involuntary facial
movements reveal hidden emotions and are valuable for
psychology, security, and human-computer interaction.

From one aspect, traditional micro-expression recognition
methods, particularly those based on optical flow, face challenges
in accurately capturing subtle facial movements due to noise
sensitivity and insufficient temporal information. For example,
conventional optical flow methods often confuse genuine facial
muscle movements with head motion-induced pixel changes,
resulting in noisy feature representation. Additionally, traditional
downsampling techniques like max-pooling tend to discard critical
high-frequency details essential for detecting nuanced changes in
MICro-expressions.

From another aspect, recent research has explored

attention mechanisms and frequency-domain features to
address these issues, where frequency-domain features capture
both high- and low-frequency information for a comprehensive

representation. However, existing methods still lack effective

SHEN Lin-Lin, Ph. D., professor. His main interests
include deep learning, facial recognition, analysis/synthesis and

medical image processing.

frequency-aware feature preservation for the task of micro-
expression recognition.

To address these limitations, our method introduces two
novel components: the Bidirectional Optical Flow Module
(BOFM) and the Wavelet-based Attention Downsampling
Module (WADM). The BOFM enhances feature representation
by analyzing optical flow from both apex-to-onset and apex-to-
offset frames, reducing noise interference and improving muscle
movement detection. The WADM integrates wavelet transform
with attention mechanisms to preserve high-frequency details
typically lost in downsampling. By selectively focusing on key
regions and capturing both subtle and significant aspects of micro-
expressions, our method provides a more balanced and
comprehensive representation. Especially, the employed wavelet
transforms offer better spatiotemporal analysis capabilities and
adaptability to non-stationary signals, making them more suitable
for detecting subtle changes in micro-expressions, compared with
the Fourier transforms.

Our method outperforms existing techniques,

higher F1 scores and recall rates on the MEGC2019 dataset.

achieving



