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Abstract. Facial micro-expressions are categorized into various types based on different criteria, and typically7

each major category is further divided into multiple subcategories of expressions. For traditional micro-expression8

recognition problems, multiple subcategories of the same emotions are indiscriminately learned and verified, lead-9

ing to potential mis-classification, especially with negative emotions. To address the issue of intra-class variation in10

micro-expressions, we propose a novel meta-clustering learning network for micro-expression recognition called MC-11

Net. This approach integrates the ideas of meta-learning and clustering, hierarchically clustering subcategories within12

a micro-expression class to generate multiple class centers for metric-based classification. The proposed method di-13

verges from the common strategy of metric-based meta-learning algorithms, which typically use the mean feature of all14

samples within the same class as the class center. Furthermore, we incorporate transfer learning into the meta-learning15

process to jointly alleviate overfitting caused by the scarcity of micro-expression data. We conduct extensive com-16

parative experiments based on the Leave-One-Subject-Out protocol on three widely used micro-expression datasets.17

The experimental results demonstrate the competitive performance and strong generalization ability of the proposed18

MCNet approach.19
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1 Introduction22

Facial expressions play a crucial role in conveying people’s emotional states and psychological23

fluctuations, making them integral to interpersonal communication.1 Therefore, facial expression24

recognition has consistently remained a prominent area of research in computer vision. Micro-25

expressions, characterized by their short duration and subtle facial muscle movements,2 are often26

imperceptible to the naked eyes. However, they offer a fresh perspective for investigating hu-27

man emotional states, as they can accurately reflect emotions, even when individuals deliberately28

conceal their true feelings. Moreover, micro-expression recognition holds immense value across29

various domains, including lie detection, psychological assessment, negotiation, and interrogation.30
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Despite the potential applications of micro-expression recognition, detecting and interpreting31

micro-expressions accurately with the naked eyes remains a formidable challenge. Even experts32

find it difficult to manually identify these subtle facial movements. To alleviate this challenge,33

psychologists have developed auxiliary tools such as the Micro Expression Training Tool (METT)3
34

and the Facial Action Coding System (FACS)4 to facilitate the manual identification of micro-35

expressions. However, manual micro-expression recognition still faces several obstacles. Firstly,36

the ability to discern micro-expressions is limited to extensively trained professionals, which incurs37

high costs. Secondly, even with intensive training, humans can only recognize approximately38

47% of micro-expressions.5 Moreover, human analysis of micro-expressions is time-consuming,39

expensive, and prone to errors. Consequently, the development of automated systems for micro-40

expression analysis has become imperative.41

In recent years, the availability of several spontaneous micro-expression datasets6–9 has sparked42

increased interest among researchers in the computer vision field to tackle the challenge of micro-43

expression recognition, resulting in the proposal of numerous recognition algorithms. Automatic44

micro-expression recognition primarily focuses on extracting salient and distinctive features from45

micro-expression clips. In one of the early works on micro-expression recognition, Polikovsky et46

al.10 introduced the 3D Histogram of Oriented Gradients (3DHOG) descriptor to extract appearance-47

based micro-expression features. To enhance the compactness and robustness of the features un-48

der varying lighting conditions, Huang et al.11 proposed the SpatioTemporal Completed Local49

Quantization Patterns (STCLQP) approach. This method extracts information encompassing sign,50

magnitude, and orientation differences, and efficiently applies vector quantization and codebook51

selection for each component in both spatial and temporal domains. Finally, the features from52

the three components are combined into one feature based on the feature subspace. Additionally,53
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dynamic micro-expression features based on optical flow have demonstrated notable performance54

in micro-expression recognition tasks.12–15 Optical flow captures the motion patterns of objects or55

scenes in an image sequence by detecting pixel intensity changes between frames. For example,56

Liu et al.14 proposed the Main Direction Mean Optical flow (MDMO) feature, which integrates the57

magnitude and direction of the primary optical flow vectors across 36 non-overlapping Regions of58

Interest (ROIs) in the face, effectively reducing the feature dimensionality.59

Different from the aforementioned handcrafted feature extraction methods, deep learning ap-60

proaches adopt the end-to-end manner by integrating feature extraction and classification. Patel61

et al.16 were the first to introduce Convolutional Neural Networks (CNNs) to micro-expression62

recognition and mitigated overfitting due to the lack of sufficient micro-expression samples by63

using transfer learning and feature selection algorithms. Similarly, Kim et al.17 employed a frame-64

work based on CNN and Long Short-Term Memory (LSTM) networks to learn spatial and temporal65

features of micro-expressions and incorporated expression states into the objective function to en-66

hance category separability. However, both CNN and LSTM models require a substantial number67

of training samples, which poses a challenge due to the limited availability of micro-expression68

datasets and increases the risk of overfitting. To alleviate the issue of overfitting, many works18–22
69

have adopted transfer learning and data augmentation. For example, Zhi et al.21 employed transfer70

learning by pre-training a 3DCNN on the macro-expression dataset Oulu-CASIA23 and transferring71

the learned knowledge to the micro-expression domain. Sun et al.22 proposed a novel knowledge72

transfer method that extracts and transfers knowledge from facial action units for micro-expression73

recognition. Takalkar et al.18 and Zhang et al.24 expanded the dataset by combining and horizon-74

tally flipping the data, respectively.75

Despite the advancements made in deep learning-based approaches for micro-expression recog-76
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nition, these works have not achieved remarkable results and even performed worse than some tra-77

ditional methods. To address this issue, Peng et al.25 introduced a Dual Temporal Scale Convolu-78

tional Neural Network (DTSCNN) that can handle micro-expression segments with different frame79

rates. They incorporated optical flow sequences extracted from the original micro-expression clips80

as inputs to the network, leading to a significant improvement in the overall recognition accuracy.81

Inspired by this success, subsequent works26–30 have also adopted the strategy of extracting optical82

flow information as input to their CNN models. In addition to handling discriminative represen-83

tations of micro-expression sequences from a dynamic feature perspective, deep learning methods84

based on attention mechanisms have also demonstrated success 31–34. For instance, Zhou et al. 32
85

proposed the Dual-branch Attention Network (Dual-ATME), comprising Hand-crafted Attention86

Region Selection (HARS) and Automated Attention Region Selection (AARS). The HARS man-87

ually extracted features from the Region of Interest (ROI) using prior knowledge, while AARS88

automatically extracted hidden information from the sequence based on attention mechanisms.89

This method effectively learned micro-expression representations by the dual-scale features, and90

demonstrated that the influence of facial visual features and the visual relationships between fa-91

cial ROIs in distinguishing micro-expressions. Therefore, Thuseethan et al. 35 introduced a novel92

end-to-end facial micro-expression detection framework named Deep3DCANN. This method em-93

ployed a deep 3D convolutional neural network to learn spatiotemporal features from facial ex-94

pression sequences and a deep artificial neural network to capture visual associations between95

different facial sub-regions. The combination of output features from both pipelines allowed for96

the identification of micro-expression changes on frame-level and showed excellent performance97

in multi-class classification tasks.98

Furthermore, integrating deep features with handcrafted features in a dynamic facial micro-99
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expression recognition architecture has proven effective in enhancing performance. For example,100

Wang et al. 36 proposed the Local Cube Binary Pattern Spatial-Temporal Graph Convolutional Net-101

work (LCBP-STGCN), where STGCN consists of a Spatial Graph Convolutional Network (SGCN)102

for acquiring spatial information and a Temporal Convolutional Network (TCN) for capturing tem-103

poral information related to micro-expressions. This method introduced low-level spatio-temporal104

features obtained from Local Cube Binary Pattern, and then the spatio-temporal graph convolu-105

tional network was used to extract high-level features of micro-expression sequences. The combi-106

nation of these structures preserved potential discriminative information in the sequence, improv-107

ing the robustness of feature extraction. Although notable progress has been made by these methods108

in the field of micro-expression recognition, the limited availability of data samples and the risk109

of overfitting still pose challenges during the training process. Therefore, further improvements in110

the performance of micro-expression recognition can still be pursued.111

To solve this problem, the meta-learning approaches have been proposed. Chelsea Finn et al.112

37 introduced the idea of Model-Agnostic Meta-Learning (MAML). The goal of MAML is to en-113

able the model to quickly adapt to new tasks through a small number of training steps and data.114

By performing gradient updates across multiple tasks, MAML finds initialized parameters, from115

which the model can achieve good generalization using a small amount of sample data within a few116

update steps. MAML, with its model-independent advantages, achieves the effect that can be used117

with any model structure, and has become an important tool in the field of meta-learning. Ravi et118

al.38 proposed a novel meta-learning method by training an optimizer to enable it to quickly adapt119

to new tasks and achieve good performance in a few-shot learning task. This method is known120

as learning optimization (Learning to Optimize) or LSTM-meta-optimizer. The core idea is to let121

the model itself learn how to perform optimization, rather than relying on manually designed opti-122
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mization algorithms such as stochastic gradient descent (SGD). By using recurrent neural network123

to update the parameters of the model, the optimizer receives the information of the loss func-124

tion during learning and outputs the parameter values to be changed. In the meta-learning phase125

on a specific task, the LSTM optimizer will decide how to do the next parameter update based126

on the past parameter update history and the gradient of the target function. In the new task, the127

LSTM optimizer can generate parameter updates when the model needs rapid adaptation, which128

significantly improves the performance of few-shot learning.129

To mitigate the problem of limited data samples in micro-expression recognition, a meta-130

learning-based multi-model fusion network (Meta-MMFNet) was proposed in,24 which was the131

first application of meta-learning in the field of micro-expression recognition. This method em-132

ployed a Prototypical Network (PN) which represented each class by its average feature, and133

fused the transfer learning stream through a weighted sum approach. The Meta-MMFNet method134

achieves comparable performance to state-of-the-art methods even with a small number of training135

samples, thus alleviating the challenge of overfitting to some extent. However, it is worth not-136

ing that this metric-based meta-learning micro-expression recognition algorithm treats the mean137

feature as the class centroid and adopts the nearest centroid method for classifying unseen sam-138

ples. From the perspective of micro-expression categories, certain classes may have more than one139

centroid under specific situations. For instance, the category of “negative” in the SMIC dataset140

comprises multiple sub-emotions such as “disgust”, “repression” and “sadness”, each with its own141

centroid. Moreover, individual differences among participants introduce additional factors unre-142

lated to expressions, such as race and gender. Furthermore, due to variances in facial muscle143

movement habits, there exist substantial differences between different samples of the same expres-144

sion category. Collectively, these factors contribute to a considerable intra-class distance within145
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micro-expressions.146

To tackle this issue, we present a novel meta-clustering learning network named MCNet, draw-147

ing inspiration from hierarchical clustering method.39 Hierarchical clustering is an algorithm that148

constructs a nested clustering tree with hierarchies by assessing the similarity between data points149

of various categories, including bottom-up merging and top-down splitting strategies. In this study,150

we focus on learning the bottom-up merging concept, where the two most similar data points are151

successively merged. We set the stopping criterion for clustering when the data points to be merged152

belong to different classes.153

The proposed MCNet replaces the previous practice of utilizing a single mean class prototype154

(a centroid) by incorporating a hierarchical clustering module. This module employs multiple clus-155

tering prototypes to represent each category or sub-category. Specifically, when a category en-156

compasses multiple distinct sub-categories, each with unique features, the hierarchical clustering157

module clusters micro-expression samples based on the feature differences among sub-categories,158

resulting in the formation of multiple centroids. This ensures a comprehensive modeling of intra-159

category differences, addressing the limitation of relying solely on average features as centroids160

that may inaccurately represent the distinctive characteristics of each category. Consequently, this161

enhances MCNet’s ability to capture fine-grained features. The hierarchical clustering module fa-162

cilitates the identification and separation of similar and dissimilar sub-groups within datasets, and163

the integration of multiple prototypes enhances MCNet’s ability to capture the complexity and164

nuances of each category. This alleviates the discrepancies in characteristics among samples in165

sub-emotion clusters, thereby leading to more precise sentiment analysis. Additionally, MCNet in-166

troduces prior knowledge from both micro-expressions and macro-expressions, further enhancing167

recognition accuracy on unknown samples.168

7



The main contributions of this study are as follows:169

• This study identifies and addresses the mis-classification problem caused by the large intra-170

class differences in micro-expression samples. To tackle this, we proposes a novel meta-171

clustering learning network for micro-expression recognition, introducing a hierarchical172

clustering module that utilizes multiple clustering prototypes instead of a single mean pro-173

totype, breaking the simple strategy of using centroids as class prototypes in previous meta-174

learning methods.175

• This study combines transfer learning, meta-learning and clustering principles, which uti-176

lizes the sufficient macro-expression data along with meta-learning to alleviate the the accu-177

racy limitations caused by the scarcity of micro-expression data.178

• The proposed method is evaluated on three widely-used micro-expression datasets, and the179

experimental results demonstrate highly competitive performance of the MCNet method.180

2 The Meta-clustering Learning Network181

Following the meta-learning formulation for micro-expression recognition,24 we also adopt the N -182

way K-shot classification task of few-shot learning, where the dataset is typically divided into a183

meta-training set and meta-testing set. In meta-learning, the dataset is typically divided into a train-184

ing (also called meta-training) set and a testing (also called meta-testing) set. In the training (also185

called meta-training) stage, N unique categories are randomly sampled from the meta-training set,186

from which K and M unique samples are randomly selected from each category to compose the187

support set ΦS and query set ΦQ, respectively. These support sets and query sets constitute dis-188

tinct meta-tasks, allowing the model to be trained in each iteration. In the meta-testing stage, the189
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support set and query set are sampled from the testing set using a similar mechanism as the one190

used in the meta-training stage. By training on different meta-tasks, the model learns generalizable191

knowledge, enabling it to quickly adapt to new tasks.192

Due to the limited availability of data in micro-expression classification, we make adjustments193

to the traditional meta-tasks using non-overlapping categories, according to the distribution of194

participants. Specifically, following the Leave-One-Subject-Out (LOSO) evaluation protocol, we195

set the query set Φtest
Q of the meta-testing set Ωtest to include all samples from the participant set196

Ztest for testing. The support set ΦS of the meta-training set Ωtrain and the meta-testing set Ωtest197

are composed of samples from the remaining participant set Ztrain, where Ztrain∩Ztest = ∅. This198

strategy ensures a comprehensive evaluation by sampling from different participants for training199

and testing, leading to robust and reliable results.200

We use a metric-based prototypical network as the meta-learning model. The standard ap-201

proach has some drawbacks when directly applied for micro-expression classification. The prob-202

lem lies in that the query samples may be far away from the class prototype when the gap between203

the samples within the class is too large, thus affecting the classification accuracy of the model.204

It should be noted that a micro-expression class can be further divided into multiple sub-groups,205

and there are subtle variations among samples of the same class due to slight muscle movement206

differences. Therefore, it is difficult to achieve a favorable classification using only the center of207

samples. To address this issue, we incorporate hierarchical clustering, as illustrated in Fig. 1, in208

the proposed approach.209

The proposed MCNet method aims to address the challenge of large intra-class differences210

in micro-expression recognition by integrating the idea of hierarchical clustering with a fusion211

network based on meta-learning. Meta-learning network is trained and tested on a per-task basis,212
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Fig 1 The process of predicting sample categories using the proposed meta-clustering method. Instead of using a
single mean feature prototype for each class, the method determines the class prototypes by clustering the two nearest
samples within the same class in the support set, resulting in N or more class prototypes, where N represents the
number of classes in the support set. To predict the label of a query sample X during meta-testing, the meta-clustering
method compares the distances between the sample and each class prototype and identifies the closest class prototype
to the sample. The label of the test sample is obtained by mapping the nearest class prototype back to its original
category.

where each task comprises a support set and a query set. For each micro-expression sample in213

meta-tasks, the fused motion feature obtained from the feature fusion module is fed into a pre-214

trained deep feature extraction module to acquire corresponding deep feature vector. In the metric-215

based meta-learning module, these feature vectors are utilized to generate multiple class prototypes216

using hierarchical clustering, allowing for the prediction of class membership for each sample in217

the query set.218

The overall structure of the proposed method is shown in Fig. 2. The proposed method mainly219

consists of three components: the feature processing module, the meta-learning module and the220

meta-clustering module. To effectively capture motion features and reduce redundancy in micro-221

expression clips, we fuse the optical flow features and frame difference features, which are then222

processed by a deep feature extraction network to obtain comprehensive and discriminative deep223

features. To tackle the problem of limited micro-expression data, we introduce transfer learning224

during the pre-training phase and obtain two independent feature extraction networks. Subse-225
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Fig 2 The overall architecture of the meta-clustering learning network. This method comprises of two main stages: pre-
training the deep feature extraction module and learning the meta-clustering classification model. In the pre-training
stage, two independent deep feature extraction networks based on ResNet18 are trained on the micro-expression
dataset Ωtrain and the macro-expression dataset CK+. In the meta-clustering stage, the fused dynamic features are
fed into the micro-pipeline and macro-pipeline and the deep features of micro-expressions are then extracted in each
pipeline. The cosine distance between the query samples and the class prototypes obtained from the class prototype
calculation module is computed, yielding the micro-score and macro-score, respectively. Based on these two score
vectors, we optimize the micro-pipeline and macro-pipeline separately using cross-entropy loss. during the validation
process, we combine the score vectors generated from both pipelines to merge the micro- and macro-predictions to
predict the final micro-expression category.

quently, the metric-based meta-learning module learns micro-expression classification on a task-226

based level under two pathways: the micro-pipeline and the macro-pipeline. In the testing stage,227

the meta-clustering module generates multiple class prototypes for each task to address the chal-228

lenge of mis-classification caused by intra-class variations. Furthermore, to fully utilize priors229

from both micro-expressions and macro-expressions, we fuse the two predictions in the last step,230

further enhancing the recognition accuracy.231
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2.0.1 Feature processing module232

Due to subtle variations and brief durations of micro-expression motions, micro-expression se-233

quences often contain redundant information. Previous studies15, 40 have demonstrated that extract-234

ing features from the onset and apex frames of a video are more effective. Therefore, frame dif-235

ference features and optical flow features are extracted from the two frames and then concatenated236

to obtain the fused feature xi. Based on this, we represent the support set and the query set of the237

meta-task as ΦS =
{
(x1s, y

1
s) , ..., (x

i
s, y

i
s) , ...,

(
xNK
s , yNK

s

)}
and ΦQ =

{(
x1q, y

1
q

)
, ...,

(
xiq, y

i
q

)
, ...,

(
xNM
q , yNM

q

)}
,238

where yi represents the ground-truth label of the i-th sample andM denotes the number of samples239

in each category of the query set. And xis represents the dynamic feature of the i-th micro-expres-240

sion sequence in the support set, while xiq is the dynamic micro-expression feature of the i-th241

sample in the query set.242

The fused feature serves as input to the pre-training deep feature extraction module for further243

processing. Collecting micro-expressions is a time-consuming and labor-intensive process, and244

manual annotations from experts are required, resulting in a severe lack of available data. The245

success of previous works41, 42 have shown the feasibility of leveraging the abundance of macro-246

expressions to recognize micro-expressions. To address the data scarcity issue, we introduce the247

idea of transfer learning into the deep feature extraction module. In this module, we use ResNet-18248

as the backbone network and pre-train it on both the micro-expression training set and the macro-249

expression dataset, respectively. This process yields two trained deep feature extraction networks250

denoted as fmicro
α and fmacro

β , where α and β represent the network parameters pre-trained on the251

corresponding datasets. These two networks are trained independently and have no interference252

with each other, only being weighted and fused in the final recognition stage to achieve better253
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predictions.254

2.0.2 Meta-learning module255

During the training of the meta-learning model, each meta-task consists of a support set with N256

classes, where each class is sampled with K samples, and a query set with randomly selected M257

samples from each class. For each task, the meta-learning module processes the fused feature258

vectors extracted for each sample using the previous module. Specifically, the fused features are259

processed by networks f ∗, ∗ = {micro,macro} to adapt to micro-expression meta-tasks based260

on the priors from micro-expressions and macro-expressions, respectively. The updated feature261

matrices of a meta-task for each pipeline are represented as ΨS =
[
ψ1
s , ..., ψ

i
s, ..., ψ

NK
s

]
and ΨQ =262 [

ψ1
q , ..., ψ

i
q, ..., ψ

NM
q

]
.263

To optimize the prototype networks using stochastic gradient descent mechanism, we calculate264

the average feature vector for each class c as the representation of the corresponding class prototype265

rc during the meta-training phase of each data stream. Then, we compute the cosine distance266

between each query sample feature ψi
q and each class prototype to obtain the predicted probabilities267

of the i-th sample belonging to each class. The prediction is denoted as Vi =
[
v1i , ..., v

c
i , ..., v

C
i

]
,268

where C represents the total number of classes in the support set. The predicted probability is269

formulated as follows:270

vci = softmax(cos(ψi
q, rc)), (1)

where cos(·) calculates the cosine distance between vectors, and softmax(·) represents the ac-271

tivation function. Next, we update the meta-learning processes for the micro-pipeline and the272
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macro-pipeline using cross-entropy loss, respectively:273

L = −
N×M∑
i=1

C∑
c=1

yi,cq log vci , (2)

where yi,cq represents the ground-truth label indicating whether the i-th query sample belongs to274

class c, and vci represents the predicted probability of the i-th query sample belonging to class c.275

2.0.3 Meta-clustering module276

In the meta-testing stage of a standard prototypical network based solution, the feature vectors of277

the samples in the testing task are exacted from the deep feature extraction network. Then, the278

mean feature of all samples of each category in the support set is computed as the corresponding279

class prototype:24
280

rc =
1

|Sc|
∑
x∈Sc

f ∗(x), ∗ = {micro,macro} , (3)

where Sc is the sample cluster of class c in the support set ΨS . After obtaining the class prototypes,281

the distances between the feature vectors of the query samples and class prototypes are calculated282

for classification.283

To address the issue of large intra-class distances and mitigate prediction errors, we propose an284

improved clustering method in the testing phase. Specifically, we adopt a hierarchical clustering285

approach, which aggregates feature vectors from the bottom up based on their similarity. Fig. 1286

illustrates the process of the proposed hierarchical clustering module. The module generates a287

number of prototypes equal to or greater than the number of classes in the support set, which are288

then used for distance metric calculations. Taking the micro-pipeline for example, each sample in289

the support set is initially considered as a cluster, i.e., treated as a prototype. For all the feature290
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vectors in the Ψtest
S , the distances between each pair of vectors are computed, and the two most291

similar micro-expression data are sequentially identified and merged:292

xnew =
fmicro
α (xi)× wi + fmicro

α (xj)× wj

wi + wj

wnew = wi + wj

(4)

where fmicro
α (·) is the deep feature extraction network pre-trained for micro-pipeline and α rep-293

resents the parameter set of this neural network. And, the two feature vectors xi and xj from the294

sample cluster of category c have the same ground-truth class label and the closest distance among295

all pairs of vectors in the support set. Each vector is assigned a weight, wi and wj , respectively.296

And the aggregated new vector, xnew, is obtained by calculating the weighted average of the two297

vectors. The weight of the new vector is denoted as wnew. In this study, initial weights of all298

samples are 1.299

The above process is iterated, where the closest two clusters are merged until two clusters from300

different classes are encountered, indicating the end of clustering. Each cluster is treated as a301

separate class, and the distances between the generated class prototypes and the query samples are302

metricized. There is a mapping relationship between the newly generated classes and the original303

classes in the support set. The label of the test sample is obtained by mapping the nearest class304

prototype back to its original category.305

Additionally, knowledge from macro-expressions domain can provide valuable insights for306

micro-expression recognition. To leverage this prior, we utilize a feature extraction network,307

fmacro
β , which has been pre-trained on macro-expressions, and transfer it to the micro-expression308

domain. In the metric-based meta-learning module, we calculate two vectors of cosine similar-309
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ities through both the macro-pipeline and micro-pipeline, referred to as macro-score and micro-310

score, respectively. During the testing process, we further integrate the prior knowledge from both311

micro-expressions and macro-expressions by combining the outputs of these two data streams in a312

weighted sum, which defines the final metric distances between samples and the class prototypes.313

The process is formulated as follows:314

H i
total = H i

micro + γH i
macro,

Pi = softmax(H i
total),

(5)

where γ is a hyperparameter that balances the weight of micro-expression and macro-expression315

prior knowledge, H i
micro and H i

macro represent the similarity scores obtained from the micro-316

pipeline and macro-pipeline, respectively, and Pi represents the probabilities of the i-th query317

sample matching each prototype. The predicted category is the prototype with the highest prob-318

ability. This fusion of micro- and macro-priors enhances the model’s classification performance319

and helps to improve the accuracy of micro-expression recognition.320

3 Experimental results321

In this study, we conducted rich experiments on common micro-expressions datasets (including322

SMIC, CASME, and CASME II datasets) to validate the effectiveness of the metaclustering learn-323

ing model for micro-expressions classification. The SMIC dataset consists of 164 micro-expres-324

sion videos from 16 subjects. The database categorizes micro-expressions into three categories,325

âĂIJpositiveâĂİ, âĂIJnegativeâĂİ, and âĂIJsurpriseâĂİ. The SMIC database includes micro-ex-326

pression image sequences captured at 25 frames per second using a camera, as well as infrared327

image sequences. The CASME dataset comprises of 195 video sequences of micro-expressions328
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captured in natural situations from 26 participants. It covers seven main types of expressions, i.e.,329

âĂIJhappinessâĂİ, âĂIJdisgustâĂİ, and others. The classification task in this experiment mainly330

focused on four expression types, i.e., âĂIJdisgustâĂİ, âĂIJsurpriseâĂİ, âĂIJrepressionâĂİ, and331

âĂIJtenseâĂİ. The CASME II dataset contains 256 micro-expression events collected from 35332

Asian participants who were asked to watch specific videos to elicit micro-expression. CASME333

II has the advantages of high resolution, high sampling rate, large sample size, and detailed la-334

beling. The classification task in this experiment mainly focused on four expression types, i.e.,335

âĂIJhappinessâĂİ, âĂIJdisgustâĂİ, âĂIJsurpriseâĂİ, and âĂIJrepressionâĂİ.336

Following the LOSO protocol, we compared the effectiveness of the MCNet with several other337

state-of-the-art methods, utilizing prediction accuracy and F1-score as the evaluation metrics. The338

results clearly demonstrated that the proposed MCNet method achieved competitive performance.339

In the experimental process, the model was initially trained using meta-learning methods with spe-340

cific task settings. Each meta-task is divided into a support set and a query set, with the support341

set used for model training and the query set used for evaluating its performance. In the assess-342

ment of the model’s performance, accuracy was used as the primary performance metric. Accuracy343

represents the proportion of correct classifications by the model for a given task.344

Accuracy =
TP + FN

TP + TN + FP + FN
, (6)

where TP stands for True Positives, TN stands for True Negatives, FP stands for False Positives,345

and FN stands for False Negatives. Additionally, a confusion matrix was employed to provide a346

more detailed breakdown of the classification results. The confusion matrix reveals the model’s347

classification performance for each category, including true positives, true negatives, false posi-348
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tives, and false negatives. In addition to accuracy and the confusion matrix, we also employ the F1349

score as an evaluation metric.350

Precision =
TP

TP + FP
,Recall =

TP

TP + FN
,

F1 =
2× (Precision×Recall)

Precision+Recall
,

(7)

where P represents Precision, R represents Recall, and F1 represents the F1 Score. The F1 score351

combines precision and recall into a weighted average, providing a comprehensive assessment of352

the model’s performance. Precision represents the proportion of true positives among samples pre-353

dicted as positive, while recall represents the proportion of true positives among all actual positive354

samples. In the experimental results, a detailed report of accuracy, confusion matrix, and F1 scores355

was provided for the relevant test tasks, allowing for a comprehensive understanding of the model’s356

performance across tasks and evaluating its strengths and weaknesses.357

3.1 Experimental setup358

For the meta-learning sampling process for each dataset, we set K = 5, and the value of N is359

determined based on the number of classes in the dataset. For example, for the SMIC dataset,360

we sampled 3-way 5-shot tasks, and for the CASME and CASME II datasets, we sampled 4-way361

5-shot tasks. In the pre-processing phase of the deep feature extraction network, we initialized362

the parameters with ResNet18 pre-trained on the ImageNet dataset, and trained the model for 50363

epochs with a batch size of 128, using an NVIDIA GeForce RTX 3090 GPU. During the meta-364

learning phase, we kept the learning rate fixed at 0.01 and used a batch size of 8 meta-tasks.365

For the SMIC dataset, where the vertex frames were not annotated, we used the middle frame of366

each micro-expression sequence as the vertex frame. For fusing the priors of micro- and macro-367
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expressions, the hyperparameter γ was learned independently for each dataset. In this study, we368

randomly selected a subject setZval from the datasetZtotal to learn the optimal γ, which maximized369

the prediction accuracy on the samples from Zval. The value of γ was chosen between 0.1 and 1370

with a step size of 0.1. Notably, once the subject was picked for a dataset, the samples of Zval were371

not involved in the accuracy validation during the testing phase, i.e., Ztotal −Zval = Ztrain+Ztest.372

3.2 Results and analysis373

To validate the effectiveness of the proposed meta-clustering network, we conducted comprehen-374

sive comparisons with the state-of-the-art methods using LOSO protocol. The methods of com-375

parison follow various evaluation protocols, including LOSO and Leave-One-Video-Out (LOVO).376

LOSO and LOVO are two cross-validation strategies that are commonly used to evaluate the perfor-377

mance of machine learning models, especially in sentiment analysis, facial expression recognition,378

or other human behavior analysis LOSO is a method for cross-validation that is particularly useful379

when dealing with datasets involving multiple participants.The LOVO strategy, on the other hand,380

involves using the data from one video at a time as a test set and the data from all the remaining381

videos as a training set in a dataset containing multiple video samples. Again, this step is repeated382

once for each video sample to ensure that each sample has a chance to be used as test data. In this383

paper, LOSO is used because LOSO uses all the videos of a participant at a time as the test set, and384

the model does not learn the micro-expression distribution of that participant, so LOSO validation385

better reflects the model’s adaptability to unknown objects.386

The comparison results on the SMIC, CASME, and CASME II datasets were listed in Ta-387

bles 1, 2, and 3, respectively. To enhance the clarity of the comparison results, we only retained388

works that employed the same classification criteria as MCNet, excluding those methods evaluat-389
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Table 1 Performance comparisons with the existing methods on SMIC dataset
Method Protocol Task Accuracy(%) F1-score

Baseline6 LOSO Negative,Positive,Surprise 45.70 0.46
LBP-SIP43 LOSO Negative,Positive,Surprise 42.12 0.42
Selective16 LOSO Negative,Positive,Surprise 53.60 -
STCLQP11 LOSO Negative,Positive,Surprise 64.02 0.63
FHOFO13 LOSO Negative,Positive,Surprise 51.83 0.52

VGGMag44 LOSO Negative,Positive,Surprise 59.75 0.58
Bi-WOOF15 LOSO Negative,Positive,Surprise 62.80 -
3D-FCNN28 LOVO Negative,Positive,Surprise 55.49 -

SSSN26 LOSO Negative,Positive,Surprise 63.41 0.63
DSSN26 LOSO Negative,Positive,Surprise 63.41 0.65

STRCN-A45 LOSO Negative,Positive,Surprise 53.10 0.51
SVM+revised HOOF46 LOSO Negative,Positive,Surprise 60.67 -

LGCconD47 LOSO Negative,Positive,Surprise 63.41 0.62
FR48 LOSO Negative,Positive,Surprise 57.90 -

Meta-MMFNet24 LOSO Negative,Positive,Surprise 63.13 -
Dual-ATME32 LOSO Negative,Positive,Surprise 64.60 -

SVM+LCBP-STGCN36 LOSO Negative,Positive,Surprise 75.51 0.74
MFVAN33 LOSO Negative,Positive,Surprise 79.8779.8779.87 0.80090.80090.8009

Ours LOSO Negative,Positive,Surprise 65.63 0.65

Table 2 Performance comparisons with the existing methods on CASME dataset
Method Protocol Task Accuracy(%) F1-score

Baseline6 LOSO Disgust,Surprise,Repression,Tense 40.35 0.26
LBP-SIP43 LOSO Disgust,Surprise,Repression,Tense 36.84 0.33
STCLQP11 LOSO Disgust,Surprise,Repression,Tense 57.31 0.50
FHOFO13 LOSO Disgust,Surprise,Repression,Tense 65.99 0.54

VGGMag44 LOSO Disgust,Surprise,Repression,Tense 60.23 0.58
3D-FCNN28 LOVO Disgust,Surprise,Repression,Tense 54.44 -
LGCconD47 LOSO Disgust,Surprise,Repression,Tense 57.31 0.54
LGCcon47 LOSO Disgust,Surprise,Repression,Tense 60.82 0.60

Meta-MMFNet24 LOSO Disgust,Surprise,Repression,Tense 69.59 -
GPT-4V49 - Disgust,Surprise,Repression,Tense 36.93 -

SVM+LCBP-STGCN36 LOSO Disgust,Surprise,Repression,Tense 81.2681.2681.26 0.770.770.77
Ours LOSO Disgust,Surprise,Repression,Tense 70.27 0.70

ing using different sets of emotions from the proposed method. From these tables, it was able to390

be observed that the proposed MCNet achieves competitive recognition performance compared to391

baselines and other existing methods. Specifically, the prediction accuracy reached 65.63%, and392

the F1-score reached 0.65 on the SMIC dataset, showing 1.03% improvement over the accuracy393
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Table 3 Performance comparisons with the existing methods on CASME II dataset
Method Protocol Task Accuracy(%) F1-score
DTCM50 LOSO Happiness,Surprise,Disgust,Repression 72.06 -

Meta-MMFNet24 LOSO Happiness,Surprise,Disgust,Repression 80.95 -
Ours LOSO Happiness,Surprise,Disgust,Repression 81.6381.6381.63 0.810.810.81

(64.60%) achieved by the latest Dual-ATME method.33 For the CASME dataset, the prediction394

accuracy was 70.27%, and the F1-score was 0.7, indicating an improvement of 0.68% in accuracy395

over the Meta-MMFNet method 24 and an increase of 0.1 in F1-score over the LGCconD method 47.396

Moreover, on the CASME II dataset, the prediction accuracy achieved 81.63%, and the F1-score397

achieved 0.81, which represents an accuracy improvement of 0.68% over the performance of the398

Meta-MMFNet.399

–While the MCNet method on SMIC dataset was less effective than the optimal MFVAN400

method 33, it achieved significantly higher recognition scores than MFVAN method on the CASME II401

dataset. Additionally, on the CASME dataset, the SVM+LCBP-STGCN method 36 outperformed402

the proposed method in accuracy and F1-score by 10.99% and 0.07, respectively. However, the403

proposed MCNet method achieved the best recognition results for the four classification tasks of404

“happiness”, “surprise”, “disgust”, and “repression” on the CASME II dataset. The evaluation re-405

sults across all three datasets demonstrated that the micro-expression recognition method proposed406

in this study exhibited good generalization ability and achieved competitive performance on these407

datasets.408

The results also indicated that the proposed MCNet method achieved the most promising per-409

formance on the CASME II dataset. We argued that this outcome is attributed to the balanced distri-410

bution of the four categories in the CASME II dataset. In contrast, the SMIC and CASME datasets411

suffered from severe class imbalance issues, which negatively impact the recognition performance.412

Additionally, the absence of annotated apex frames in the SMIC dataset poses a challenge. The413

2



Fig 3 Confusion matrices of the proposed method on three validation datasets. (a) Confusion matrix on the SMIC
dataset. (b) Confusion matrix on the CASME dataset. (c) Confusion matrix on the CASME II dataset.

apex frame, which exhibited the greatest variation in the micro-expression sequence, was crucial414

for determining the type and strength of micro-expressions. Although the middle frame between415

the onset and offset frames was used as an approximation, it introduced some errors, leading to a416

relatively lower recognition rate for micro-expressions in the SMIC dataset.417

To further analyze the performance of the proposed method, we visualized the confusion ma-418

trices for each dataset in Fig. 3. These matrices provided insights into the recognition accuracy419

of each micro-expression category and the probability of mis-classification into other categories.420

In these figures, the horizontal axis represented the predicted class labels, while the vertical axis421

represented the true class labels. From the confusion matrices, it was evident that the “surprise”422

expression consistently achieves the highest recognition rate in all three datasets, reaching 78%,423

88%, and 93% on the SMIC, CASME, and CASME II datasets, respectively. On the other hand,424

mis-classifications often occured between positive and negative emotions. For example, the “sur-425

prise” and “positive” expressions in the SMIC dataset were easily mis-predicted as “negative”,426

primarily because the majority of samples belong to the negative category.427
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4 Conclusion428

This study proposed a novel micro-expression recognition method based on the meta-clustering429

network, aiming to address the challenge of mis-classification caused by large intra-class distances430

in micro-expressions. Different from the standard centroid-based strategy used in previous meta-431

learning methods, the proposed method effectively took into account the variations within each432

class and introduced a hierarchical clustering module that produced multiple prototypes instead433

of the mean prototypes. This effectively reduced the impact of intra-class differences in micro-434

expression samples. Additionally, The proposed approach not only integrated two dynamic fea-435

tures but also extracted deep feature representations of micro-expressions, enabling a more com-436

prehensive and robust understanding of the facial expressions. To alleviate the problem of limited437

micro-expression datasets, the proposed MCNet method leveraged transfer learning by pre-training438

on a macro-expression dataset with ample data and then adapting to the micro-expression target439

domain. Moreover, the fused priors of micro-expression and macro-expression in the meta-testing440

phase further contributed to improving the classification accuracy of micro-expressions. Com-441

prehensive experiments were conducted on multiple datasets, including the SMIC, CASME, and442

CASME II datasets, and the comparative results highlighted the effectiveness of the proposed443

model in the field of micro-expression recognition.444

In future works, the proposed method holds potential for enhancement. The current methodol-445

ogy involves pre-training deep feature extraction networks, fmicro
α and fmacro

β , on micro-expression446

and CK+ datasets, respectively, as an attempt to integrate prior knowledge of micro-expressions447

and macro-expressions. This approach hinders the end-to-end training of the proposed MCNet448

method. Additionally, the challenge of collecting and annotating micro-expression training data449
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persists, leading to issues of data insufficiency and class imbalance in recognition tasks. Although450

the proposed MCNet, employing few-shot learning, mitigates the problem of limited amount of451

data to some extent, its accuracy remains to be further improved. Furthermore, the high similarity452

among sub-classes in negative micro-expressions contributes to an elevated mis-classification rate.453

In the forthcoming research, we will introduce information on facial action unit combinations and454

leverage attention mechanisms to discern more nuanced negative micro-expression classes, aiming455

for further enhancement in recognition performance.456
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