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Abstract: To address the issues of poor robustness and weak generalisation in deep subspace network-based micro-
expression recognition, this paper proposes a novel method that integrates nonlinear deep subspace learning with
optical flow computation. The method employs kernel transformation to comprehensively extract emotional
features from micro-expressions while simultaneously utilizing optical flow characteristcs to capture subtle

motion dynamics, thereby enhancing recognition robustness. Experimental validation is performed on 4 widely
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adopted spontaneous micro-expression datasets (SMIC, SAMM, CASME and CASME 1II) as well as a composite
dataset 3DB-combined samples. Results demonstrate that the proposed method outperforms existing deep learning
algorithms, including MACNN and Micro-Attention, achieving a recognition accuracy of 0.834 6 on the composite
dataset. Furthermore, after adding 10%, 20%, 30%, and 40% random noise blocks to the SMIC dataset, the
method consistently maintains superior unweighted F, scores compared to other algorithms. These findings
substantiate its effectiveness and robustness in real-world micro-expression recognition scenarios.
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Fig.1 The framework of the micro-expression recognition method based on KPCANet
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LBP-TOP 0.414 1 0.404 9
3DHOG 0.328 0 0.344 1
HOOF 0.508 5 0.501 1
OFF-ApexNet 0.616 7 0.5773
STSTNet 0.607 6 0.635 1
Dual-Inception 0.6139 0.577 6
MACNN 0.710 6 0.644 9
Micro-Attention 0.690 7 0.624 8
Mini-AORCNN 0.674 8 0.601 3
PCANet 0.623 4 0.609 3
KPCANet 0.717 4 0.710 0

T MM B 2275 32007 W TR HE R R A F s A LR R
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®2 CASMEHEE LAREFTEHNTEHIRABEMF,
Table 2 Average recognition accuracy and F, of different methods on the CASME dataset

J5 i K g F,
LBP-TOP 0.472 8 0.363 8
3DHOG 0.478 9 0.3429
HOOF 0.490 1 0.3459
OFF-ApexNet 0.628 9 0.5379
STSTNet 0.647 7 0.520 3
Dual-Inception 0.6175 0.5118
MACNN 0.724 4 0.671 4
Micro-Attention 0.752 2 0.665 6
Mini-AORCNN 0.739 7 0.669 8
PCANet 0.7259 0.588 2
KPCANet 0.757 9 0.624 3

TE  IUHL B 27 1207 1 R R R R P 4R AR DR Bl

#3 CASME UH#EE LARAENEHIRINEEMF,
Table 3 Average recognition accuracy and F, of different methods on the CASME II dataset

Itk W F,
LBP-TOP 0.460 1 0.361 8
3DHOG 0.401 0 0.300 9
HOOF 0.428 2 0.3370
OFF-ApexNet 0.5370 0.4622
STSTNet 0.598 7 0.538 5
Dual-Inception 0.538 0 04751
MACNN 0.656 7 0.658 8
Micro-Attention 0.6519 0.624 3
Mini-AORCNN 0.661 0 0.626 2
PCANet 0.654 1 0.577 8
KPCANet 0.704 6 0.659 2

TE IO B b 2718 12207 1 R W R R P 4R AR B R A

F4 SAMMEBIEE EARFENTEHIRABENF,
Table4 Average recognition accuracy and F, of different methods on the SAMM dataset

J5 i i3 £
LBP-TOP 0.440 3 0.341 8
3DHOG 0.450 8 0.343 7
HOOF 0.468 1 0.368 5
OFF-ApexNet 0.422 6 0.3142
STSTNet 0.502°5 0.353 6
Dual-Inception 0.468 1 0.373 8
MACNN 0.5570 0.448 9
Micro-Attention 0.563 4 0.466 5
Mini-AORCNN 0.567 1 0.4723
PCANet 0.584 4 0.460 5
KPCANet 0.638 3 0.5215
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Fig.2 Confusion matrices of four ME datasets
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R gE LRI 25 MR e i 80, KPCNet 5 16 19 S 3 Pk RE 8 e g, 5 LA 3t 3 A% IR0 v AR LE 42 1 1)
J7 1 Y A R M I Y T A 2R I U s ), ELA R R
%&5 3DB-combined H{FEE EARAERNRN

Table 5 Performance of different methods on the 3DB-combined dataset

) Composite SMIC CASME Tl SAMM
ik Acc UF, UAR UF, UAR UF, UAR UF, UAR
LBP-TOP 0.647 05882 05785 02000 05280 07026 0.7429 03954 0.4102
Bi-WooF 06833 0.6296 0.6227 05727 05829 07805 08026 05211 0.5139

OFF-ApexNet 0.666 0.7196 0.7096 0.6817 0.6695 0.8764 0.8681 0.5409  0.5392
STSTNet 0.7236  0.7353 0.7605  0.680 1 0.7013 0.8382 0.8686 0.6588  0.6810
Dual-Inception 0.617 1 0.7322 07278 0.6645 0.6726  0.862 1 0.8560 05868  0.5663
MACNN 0.7613 0.7028 0.7034 0.6352 0.6386 0.8438 0.8522 05859 05744
Micro-Attention  0.7907  0.7327  0.727 1 0.6912  0.697 0.883 1 0.8806 05236  0.5085
Mini-AORCNN  0.7542  0.7064 0.7013  0.6465  0.653 0.8314 08181 0.5552  0.5359
PCANet 0.7659 0.701 6  0.692 1 0.6784  0.6755 0.8011 0.7913 05485 0.5356
KPCANet 0.8346 0.7632 0.7436 0.7005 0.7041 0.8868 0.8690 0.6660 0.6753
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Fig.3 UF, scores of different algorithms on the 3DB-combined dataset
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Table 6 Performance of various methods under different noise occlusion conditions on the SMIC dataset

Noise Bk Accuracy UF, UAR Recall

OFF-ApexNet 0.616 7 0.577 3 0.579 8 0.579°3

STSTNet 0.581 0.604 0.603 6 0.603 7

Dual-Inception 0.6139 0.577 6 0.573 8 0.579 3

Un-occ MACNN 0.710 6 0.644 9 0.650 6 0.640 2
Micro-Attention 0.690 7 0.624 8 0.628 5 0.622

Mini-AORCNN 0.674 8 0.601 3 0.610 1 0.5915

PCANet 0.623 4 0.609 3 0.605 4 0.603 7
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Noise Bk Accuracy UF, UAR Recall
KPCANet 0.717 4 0.710 0 0.710 7 0.707 3
OFF-ApexNet 0.544 4 0.540 1 0.544 3 0.5415
STSTNet 0.520 8 0.5452 0.543 9 0.550 0
Dual-Inception 0.6137 0.587 1 0.5950 0.5817
MACNN 0.559 6 0.557 4 0.561 0 0.5577
Occ-10%
Micro-Attention 0.651 2 0.603 0 0.6117 0.597 6
Mini-AORCNN 0.630 4 0.589 5 0.597 4 0.5830
PCANet 0.622 5 0.6116 0.604 2 0.608 5
KPCANet 0.648 9 0.649 8 0.649 2 0.646 3
OFF-ApexNet 0.5212 0.5321 0.5337 0.536 6
STSTNet 0.497 3 0.5375 0.536 2 0.543 9
Dual-Inception 0.4917 0.522 8 0.5250 0.524 4
MACNN 0.609 7 0.580 4 0.583 7 0.575 6
Occ-20%
Micro-Attention 0.625 1 0.598 4 0.606 6 0.5915
Mini-AORCNN 0.624 5 0.5879 0.597 1 0.5817
PCANet 0.614 3 0.610 5 0.604 9 0.607 3
KPCANet 0.643 1 0.648 6 0.644 3 0.641 4
OFF-ApexNet 0.509 3 0.5105 0.510 8 0.5159
STSTNet 0.497 0 0.5355 0.543 2 0.537 8
Dual-Inception 0.490 4 0.507 7 0.509 7 0.5110
MACNN 0.579 3 0.554 8 0.562 4 0.5512
Occ-30%
Micro-Attention 0.630 7 0.589 6 0.598 7 0.584 1
Mini-AORCNN 0.603 5 0.5715 0.577 0 0.563 4
PCANet 0.608 3 0.611 7 0.604 2 0.609 8
KPCANet 0.627 6 0.642 1 0.636 8 0.639 0
OFF-ApexNet 0.4913 0.528 4 0.529 1 0.5317
STSTNet 0.480 5 0.5213 0.5205 0.526 8
Dual-Inception 0.463 1 0.5126 0.514 4 0.5110
MACNN 0.578 9 0.5455 0.5523 0.5390
Occ-40%
Micro-Attention 0.606 1 0.5870 0.5927 0.5829
Mini-AORCNN 0.597 2 0.5592 0.567 9 0.5512
PCANet 0.604 5 0.5858 0.5815 0.587 8
KPCANet 0.619 1 0.612 6 0.607 7 0.611 0
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Fig. 4 Average classification rate under different noise levels
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