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Computer vision facilitates machines to interpret the visual world using
various computer aided detection (CAD)-based techniques. It plays a crucial
role in micro-expression auto classification. A micro-expression is a brief
facial movement which reveals a genuine emotion that a person tries to
conceal, it usually lasts for a short duration and is imperceptible with normal
vision. To reveal people’s genuine emotions, an automatic micro-expression
screening using convolutional neural network (CNN) is in great need.
Traditional methods for micro-expression recognition (MER) suffer from
low classification accuracy due to inadequate CNN hyperparameters
selection. The proposed approach addresses these challenges by using an
optimized CNN with adequate learning rate, batch size, epochs, and dropout
rate. Real-coded genetic algorithm (RCGA) has been employed for the
hyperparameter optimization. In this experimentation, features are extracted

Random search
Real-coded genetic algorithm

from the onset and apex frames of microexpression video clips of CASME I
dataset. The proposed model's performance is measured using various
metrics, including accuracy, precision, and recall. The proposed approach’s
performance is then compared with an optimized CNN using random search
algorithm. The empirical investigation of existing CNN-based methods has
proven efficacy of our proposed model.
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1. INTRODUCTION

Facial expressions are vital in human interactions for non-verbal communication of emotions and
intentions. Micro-expressions [1] are involuntary, subtle, and fleeting facial expressions that reveal the
genuine emotions of an individual. Common applications of recognizing micro-expressions include deception
detection in various scenarios, such as investigations, understanding patient emotions to improve medical
care, evaluating interviewee loyalty and enhancing customer service interactions.

Automated facial micro-expression recognition (MER) presents a significant deep learning (DL)
challenge due to its complexity and multi-dimensional nature. Prior studies have addressed this challenge
through the integration of spatial and temporal features for effective micro-expression classification. These
methods consider both visual cues such as facial appearance and muscular movements, as well as motion-
related factors like speed and duration [2]-[5] but they often overlook the intricacies the challenges associated
with processing complete video sequences. Usually, the computer aided detection (CAD)-based MER
process comprises several crucial steps, including data preprocessing, pertinent feature extraction, and the
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application of emotion classification techniques. Our proposed method employs a convolutional neural
network (CNN) architecture where onset and apex frames of micro-expression video clips are stacked along
input channels to enhance spatial detail and sensitivity to rapid facial movements. Hyperparameters are
optimized using a genetic algorithm (GA), improving convergence towards optimal settings and reducing
computational complexity. The model's performance is evaluated on the CASME |1 dataset.

— Related works

In the literature, several notable techniques have been proposed to improve MER. Most of these
techniques followed a phase-wise (i.e., preprocessing, feature extraction, and optimization) MER
improvement approach. Thus, we have discussed the phase-wise state of the approaches to identify gaps.

Initially, an uncertainty-aware magnification-robust network (UAMRN) is proposed by Wei et al.
[6] to address low intensity and imbalanced datasets. This approach secured an accuracy of 80.57%, 79.41%,
and 78.05% on CASME II, SAMM, and SMIC-HS datasets respectively. Later, Zhao et al. [7] introduced
MEPLAN that incorporated 3D residual prototypical networks and a local-wise attention module on SMIC
and SAMM datasets. Next, Gasah et al. [8] used micro-expressions to examine children’s facial expressions
during the use of a mobile learning application and the results showed that over 70% of participants exhibited
positive emotions. Thereafter, Lee et al. [9] introduced N-step pre-training and Décalcomanie data
augmentation and achieved a weighted average recall (WAR) of 0.7927. Subsequently, Wang et al. [10]
presented a lightweight OF-PCANet+ technique for MER with an accuracy of 62.80% for SMIC and 53.25%
for CASME2 datasets. Afterwards, Tang et al. [11] employed a dual-stream model with histogram
equalization (HE) for MER with an accuracy of 73.09% on the CASME |1 dataset.

Chen et al. [12] used a 3D spatiotemporal CNN with convolutional block attention module (CBAM)
for MER, validated on CASME Il and SMIC datasets. Later, Wang et al. [13] proposed the haphazard
cuboids (HC) feature extraction method with a three-stream convolutional neural network (TSCNN).
Afterwards Abdulsattar and Hussain developed a CNN which uses histogram of oriented gradients (HOG)
and local binary pattern (LBP) for facial recognition and achieved an accuracy of 97.56% with HOG+CNN
model [14]. Next, Li et al. [15] proposed deep local-holistic network (DLHN), combining local features from
hierarchical convolutional recurrent neural network (HCRNN) and sparse features from robust principal-
component-analysis-based recurrent neural network (RPRNN), achieved a 60.31% mean accuracy.
Subsequently, Thuseethan et al. [16] presented a Deep 3DCNN-ANN framework with substantial accuracy
improvements. Thereafter, Pan et al. [17] introduced 3D CNN embedding in the transformer model
(C3Dbed) to address the low-intensity issues.

Jin et al. [18] used GA for feature selection for performance improvement. Later, Cabada et al. [19]
optimized CNN hyperparameters based on highest fitness value for emotion recognition. Next, Fouad et al.
[20] employed CNN with hyperparameters optimized using particle swarm optimization and achieved an
error of 0.87% on MNIST dataset. Thereafter, Thavasimani and Srinath [21] proposed a custom GA to auto-
tune hyperparameters of a DL sequential model for classifying benign and malicious traffic from the internet
of things-23 dataset, achieving 98.9% accuracy. Subsequently, Liu et al. [22] utilized GA for optimization,
obtained an accuracy of 85.9%. Afterwards, Raji et al. [23] proposed simple deterministic GA (SDSGA) for
hyperparameter tuning and achieved optimal results. Thereafter, WangPing et al. [24] proposed a feature
selection operator based on genetic programming which can reduce complexity of high-dimensional features.
Existing approaches in automated facial MER often struggle with effectively tuning hyperparameters for
CNN architectures and grappling with the complexity inherent in processing entire video sequences. Despite
the pivotal role hyperparameters play in CNN performance, many studies adopt default or arbitrary values,
leading to suboptimal model performance and hindering convergence. Moreover, the complexity of handling
entire video sequences poses additional challenges for MER techniques. Facial micro-expressions are
inherently dynamic and fleeting, requiring the analysis of temporal patterns and subtle changes over time.
However, processing entire video sequences introduces computational and memory constraints, especially
when using DL models.

— Research contribution

Our study addresses gaps in prior research by examining the landscape of automated facial MER. In
the proposed work the onset and apex frames are stacked along the input channels of a CNN to intricate spatial
details, enhancing its ability to tackle tasks like video analysis and action recognition with a holistic perspective
thus reducing the complexity of the model without compromising the required features. The CNN architecture
is meticulously designed with three convolutional layers that facilitates the network’s ability to hierarchically
extract and analyze intricate spatial features. It also enhances CNNs sensitivity to the subtle and rapid facial
movements inherent to microexpressions, ultimately resulting in improved classification performance for this
challenging domain. In the process of hyperparameter optimization using a GA, the initial population comprises
potential chromosomes that play a pivotal role in expediting convergence towards the most optimal
hyperparameters. By initializing with promising candidates, the GA effectively kickstarts the search process,
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significantly reducing the number of generations required to identify the hyperparameters that yield the highest
performance, thereby improving the efficiency of the optimization process. The rest of the paper is organized as
follows: section 2 describes the phase-wise proposed CAD approach, section 3 performs a deep investigation of
the obtained results, and section 4 concludes the article with future scope.

2. METHOD

In this approach, a CNN architecture has been proposed with a GA-based optimized
hyperparameters. We found that the utilization of CNNs for image classification tasks, coupled with
hyperparameter tuning using GA, correlates with enhanced accuracy. CNNs excel in automatically learning
hierarchical representations of features from raw image data, effectively capturing local patterns and features
through convolutional and pooling layers. GA automate the tedious process of hyperparameter optimization
by iteratively evolving candidate solutions, efficiently searching the complex hyperparameter space of CNNs
to maximize performance. This combined approach not only leverages the feature extraction capabilities of
CNNs but also optimizes hyperparameters such as learning rates, batch sizes, and filter configurations,
leading to improved accuracy and generalization on image classification tasks. The proposed method in this
study tended to have an inordinately higher proportion of accuracy improvements as compared to traditional
approaches. By integrating CNNs with GA-driven hyperparameter tuning, researchers can streamline model
development, alleviate manual effort, and achieve superior performance in image classification tasks.

2.1. Preprocessing

The dataset used in our study is the widely recognized CASME 11 [25] dataset, which serves as a
benchmark for spontaneous micro-expression analysis, providing a collection of 255 spontaneous micro-
expression sequences from 26 participants all recorded using a high-speed camera operating at 200 frames
per second. CASME Il covers a range of seven micro-expressions, including happiness, surprise, disgust,
repression, fear, sadness, and others. Each video sequence in the CASME |l dataset is precisely annotated,
providing frame-level information about the onset, apex, and offset frames of micro-expressions. The
subsequent sub-phases: preprocessing, CNN model and its optimization for MER. The preprocessing pipeline
involves extracting onset and apex frames from micro-expression sequences [26] from each micro-expression
sequence. This is followed by image grayscale conversion and the contrast enhancement using HE approach.
Then both the apex and onset frames are stacked along the CNN input channels for the expressions’ pattern
learning. Subsequently, data augmentation is employed to address the data size limitation. Various
transformations are used to augment minority class stacked onset and apex frames. These transformations
include rotation (up to 10 degrees), width/height shift (up to 10%), shear (up to 10% of width), zoom (up to
10%), horizontal flip (50% probability), and brightness adjustment (50%-150%). In Table 1 original and
augmented sample counts have been given for various expressions. A stratified 80:20 split is employed by
allocating 80% for training and 20% for evaluation. It ensures a consistent distribution of classes between
training and testing to counter dataset imbalance.

Table 1. Number of original and augmented frames of CASME |1 dataset

Type Happiness  Sadness  Repression  Disgust  Surprise  Fear  Others  Total
Original 32 7 27 63 25 2 99 255
Augmented 32 63 27 - 25 60 - 207
Total 64 70 54 63 50 62 99 462

2.2. Proposed convolutional neural network model

The proposed CNN architecture has three pairs of convolutional and MaxPooling layers as depicted
in Figure 1. Convolutional layers are particularly effective at detecting patterns and features within image,
while max pooling layers help to reduce the spatial dimensionality of the output from the convolutional
layers, resulting in translation invariance. The first convolutional layer has 32 filters with a kernel size of 3x3
and utilized the ReLU activation function. The input shape of the images was specified as (64, 64, 2) where
the first two dimensions represent the height and width of the input images (64 pixels each), and the last
dimension represents the number of channels. The MaxPooling layer is applied with a pool size of 2x2. The
next convolutional layer has 64, 3x3 filters with ReLU activation function. Another MaxPooling layer with a
pool size of 2x2 followed this layer. Subsequently, a third convolutional layer with 128, 3x3 filters is added
with a MaxPooling layer of pool size of 2x2. To prevent overfitting, dropout regularization is applied after
the flatten layer. The model is then connected to a fully connected (Dense) layer with 128 units and a ReLU
activation function. Finally, a SoftMax activation function is used at the output layer to predict one of the
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specified classes for an image. The Adam optimizer is utilized for training the model with the sparse
categorical cross-entropy loss function.

conv 1
Convolution + ReLu
conv 2
7 conv 3 @ Max pooling
fc 1
| u/ |,/‘ \i\/ Flatten
1x1x4608 1x1x128 1x1x7
Bx6x128 5‘ Fully connected + RelLu
) 12x12x128
29 x 29 x 64 Softmax
62362 x 32

Figure 1. Architecture of proposed CNN

2.3. Optimization of proposed convolutional neural network model

Hyperparameter optimization is a widely employed approach to enhance CNN prediction accuracy.
Specifically, in this optimization, four key hyperparameters: the learning rate (Ir), batch size (bs), dropout
rate (dp), and number of epochs (ep) have been considered. This choice has been made based on the results
obtained from the existing optimization-based CNN experiments with significant outcomes. In this
experimentation, we have empirically investigated the performances of GA and Random Search optimization
methods in MER.

2.3.1. Real-coded genetic algorithm

A real-coded genetic algorithm (RCGA\) is an optimization technique, based on principles of natural
selection and genetics. It uses real-valued representations for individuals in the population. It allows more
flexibility in handling of continuous variables during evolution. It achieves an optimal solution by evolving
an individuals’(chromosomes’) population through selection, mating, crossover, and mutation processes. In
this study, the initial chromosome population is selectively generated. It is done through testing various
hyperparameter combinations, creating a diverse and promising starting point for GA optimization. This
approach ensures a faster GA convergence with relatively suitable population. In Table 2, an example of a
chromosome encoded with values for four hyperparameters is given.

Table 2. Example of chromosome from the initial population

Fleaming rate Fba!ch size Fdrogou! rate Fegochs

0.001 32 0.2 24

Each step of the Algorithm 1 is explained clearly as follows. In step two, the fitness function is used
to evaluate the quality of each candidate solution (i.e., chromosome) in the GA. The GA tries to maximize
this fitness value over generations. In step four, tournament selection is employed as the selection method for
the GA optimization process. The fittest individuals among them are selected for mating. In step six of the
algorithm, blend crossover is used as the crossover method in the GA optimization process with a crossover
probability Pc=0.7. In blend crossover, a blending parameter (o) is used to control the degree of mixing
between the parent individuals. In step six of the algorithm offspringl and offspring2 are the two offsprings
generated from the crossover, and parentl and parent2 are the two parent individuals selected for
reproduction. Mutation is a genetic operator that introduces diversity into the population and helps to explore
new regions of the search space. Two mutation operators are employed in this study: Gaussian mutation and
uniform mutation. Gaussian mutation is employed for Ir and dp hyperparameters that take continuous values.
In step seven N(O, mutation_rate * range) is a random value drawn from a normal distribution with mean
0 and standard deviation mutation_rate * range. The range is the allowable range of values for the
hyperparameter. U(—mutation_rate * range, mutation_rate * range) is a random value drawn from a
uniform distribution between —mutation_rate * range and mutation_rate * range. The mutation
probability Pm is set to 0.3. The flowchart for the proposed algorithm is depicted in Figure 2.
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Algorithm 1. Genetic algorithm for hyperparameter tuning in CNN
Require: Initial population of chromosomes

Ensure: Optimized hyperparameters for CNN

1: Generate random population of chromosomes

2: Evaluate fitness of each chromosome based on

Test Number of correctly classified instances 100%
est accuracy = *
y Total number of instances °

Fitness function = Test accuracy

3: while not converged do
4:  Select individuals for tournament
5:  Determine fittest individuals
6:  Apply blend crossover using
of fspringl = (1 — a) * parentl + a * parent?2
of fspring2 = a * parentl + (1 — ) * parent2 ,a = 0.5
7. Apply mutation operators based on

newValue = oldValue + N(0, mutationRate * range) (Gaussian Mutation)
newValue = oldValue + U(—mutationRate * range, mutationRate * range) (Uniform Mutation)
8:  Evaluate fitness of offspring using

9: end while

10: Return best-performing chromosome

Initialize Evaluate the Select the
alize | parents Apply blend
populationwith | | fitness of each |— | using Algorithm 1 |—» fr%s};over
potential individual
individuals

Yes

Hyperparameter
is discrete?

Apply Gaussian
mutation

l

Is stopping
condition —
reached

Apply uniform
mutation

|

Initialize
population

Figure 2. Flowchart of genetic algorithm

2.3.2. Random search

Random search is a popular approach for hyperparameter tuning, which randomly samples
hyperparameters from a defined search space. In this study, a random search has been used to determine the
set of optimal CNN hyperparameters. The search space is defined for various hyperparameters as follows:
0.001 to 0.0001 for Ir, 0.2 to 0.4 for dp, 32 to 128 for bs, and 40 to 60 for ep. During each iteration,
hyperparameters are randomly sampled from the search space and are employed to train and cross-validate
the model. The hyperparameter set with the optimal performance is considered as the final set.

3. RESULTS AND DISCUSSION

This study investigated a comparative study between the performance of the two optimization
techniques employed in our research and compared our work with state-of-the-art methods in the field of
micro-expression classification. Through this analysis, we aimed to gain insights into the efficacy of our
optimization approach and its competitiveness in the current landscape of micro-expression classification
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methodologies. Additionally, we sought to identify potential areas for improvement and future research
directions within this domain.

3.1. Optimal hyperparameters

The RCGA and random search have been employed, starting with an initial population of five
potential chromosomes. The individual with highest accuracy after running for five generations, has been
considered for the optimal choice. The results were depicted in Table 3. The optimal hyperparameters
determined by the proposed RCGA and random search are utilized in the construction of two separate CNN
models. Further, a CNN model is built without any hyperparameter tuning for the baseline evaluation.

Table 3. Optimal hyperparameters determined by RGCA and random search
Learning rate  Batch size  Dropout rate  Number of epochs
CNN-GA 0.0006 17 0.29 52
CNN-random search 0.001 64 0.3 60

3.2. Classification performance

The performance of the three CNN models is evaluated on CASME Il dataset using various metrics
including accuracy, precision, recall, f1-score, and UAR. By employing multiple evaluation metrics, we aimed
to gain a comprehensive understanding of the strengths and weaknesses of each model in accurately classifying
micro-expressions within the given dataset. Table 4 presents the comparison of performance of three models.

Table 4. Comparison of classification performance of CNN, CNN optimized with RCGA, and CNN
optimized with random search based on various metrics
Metrics  Standard CNN RCGA optimized CNN Random search optimized CNN

Accuracy 0.7634 0.8924 0.8602
Recall 0.7634 0.8924 0.8602
F1-Score 0.7359 0.8902 0.8585
Precision 0.7930 0.8905 0.8691
UAR 0.7516 0.9093 0.8646

The evaluation has revealed significant improvements in performance of the proposed RCGA
optimized CNN framework. More precisely, it exhibited 12.9% higher classification accuracy when
compared to the non-optimized CNN and 3.22% higher accuracy when compared to random search
optimized CNN. The proposed framework achieved the highest UAR, with a value of 90.93%, surpassing the
performance of other evaluated models. Similar trends were observed across other metrics as well. These
results highlight the superior performance of the proposed framework. The variation of the prediction
accuracies for all the three models used in the experiments are shown in Figure 3.
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Figure 3. Variation of prediction accuracies for all three models

The graph in Figure 3 depicts the performance of three different models: standard CNN, CNN optimized
with RCGA, and CNN optimized with random search. The standard CNN model initially achieves an accuracy of
30%, which gradually stabilizes around 76% after approximately 35 epochs. In contrast, the CNN optimized with
random search exhibits more fluctuations, with accuracies ranging between 65% and 75% during the first 15-25
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epochs, before reaching a peak accuracy of 86% around 60 epochs. Notably, the CNN optimized with RCGA
demonstrates fewer fluctuations compared to the random search optimization, starting at around 28% accuracy and
increases to approximately 89% over the course of approximately 52 epochs. This comparison highlights the
effectiveness of optimization techniques such as RCGA in enhancing the performance and stability of CNN
models, as evidenced by the superior accuracy achieved within a similar epoch range compared to both the
standard CNN and random search-optimized CNN models. The corresponding confusion matrices obtained by
optimizing hyperparameters of CNN through random search and RCGA are shown in Figures 4 and 5.

Confusion matrix Confusion matrix

True Labels

— others sadness fear surprise repression disgust happiness
@
True Labels
others sadness fear surprise repression disgust happiness
o«

=5

0 ' 0
appiness disgustrepressionsurprise fear sadness others

Predicted labels Predicted labels

appiness disgust représsion sLxrpnse fear sadﬁess others
Figure 4. Confusion matrix using random search-CNN Figure 5. Confusion matrix for RCGA-CNN

Upon comparison, the second confusion matrix demonstrates a more balanced distribution of
misclassifications across classes compared to the first matrix. It features a total of 4 false positives and 5 false
negatives, whereas the first matrix has a total of 16 false positives and 17 false negatives. Notably, in the
second matrix, the “Happy” class shows only 2 false negatives and 1 false positive, an improvement from the
3 false negatives and 2 false positives in the first matrix. Similarly, the “Fear” class exhibits better
performance in the second matrix with only 1 false positive and 1 false negative, in contrast to the first matrix.
Overall, the second matrix reflects superior accuracy and balance in class predictions. This empirical evidence
indicates the effectiveness of the GA-based optimization approach in enhancing the model's accuracy across
different micro-expression classes. Our proposed approach was solely tested on the CASME Il dataset,
without consideration of other datasets. Furthermore, our approach exclusively utilizes micro-expression video
clips elicited under controlled laboratory conditions, precluding the direct handling of real-time data.

3.3. Comparative evaluation

Subsequently, a comprehensive comparison has been conducted between the proposed RCGA optimized
CNN model and existing MER baselines that use CNN architectures and deep feature to evaluate overall
performance of the proposed model, and the comparison is presented in Table 5. The proposed method may benefit
from RCGA optimization without negatively affecting the overall performance of the CNN model. The proposed
model secures 3.24% and 5.02% improvements in the recognition accuracy and F1-Score over the Deep3DCANN
framework [16] and secures approximately 7% and 14% improvement in the recognition accuracy and F1-Score
over the SE-DenseNet-T+EVM framework [2] on CASME Il dataset. This shows considerable improvements in
the performance over the other state of art methods for micro-expression classification.

Table 5. Comparison chart of proposed approach with state-of-art method

Reference and year Method Dataset Acc Rec F1 Prec UAR
[12] and 2020 CNN+CBAM CASME Il 0.6992 - - - -
[22] and 2021 STSTNet+GA for feature selection CASME II - - - - 0.882
[10] and 2022 Optical flow and PCANet+ CASME2 05325 05241 0.5493 - -
[27] and 2022 Deep 3D CNN CASME Il 0.565 - - - -
[28] and 2022 SE-DenseNet-T+EVM CASME Il 0.8275 - 0.7559 -
[6] and 2022 Décal-FSB (+rotation, resize, and flip) SMIC - - - 0.7947
[16] and 2023 Deep3DCANN CASME Il 0.86 - 0.84 -
[29] and 2023 DS-3DCNN with domain adaptation SMIC 0.8061

CASME Il 0.8924 0.8924 0.8902 0.8905 0.9093
Note: Acc is accuracy, Rec is recall, F1 is F1 score, and Prec is precision.
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4. CONCLUSION

In this study, we proposed a novel optimized RCGA-CNN model for spontaneous facial micro-
expression classification, achieving a remarkable accuracy of 89.24%. Our research shows that the proposed
optimized RCGA-CNN is more resilient than traditional CNN models without hyperparameter optimization.
Recent observations indicate that dataset imbalance significantly affects micro-expression classification
accuracy. Our results offer definitive proof that addressing dataset imbalance through data augmentation
techniques leads to improved classification accuracy, rather than being caused by increased quantities of
training data alone. The findings achieved not only advance the state-of-the-art in MER but also hold
practical implications for real-world applications requiring accurate and reliable emotion detection. Future
research may look into integrating generative adversarial networks (GANs) and exploring additional
advanced techniques like attention mechanisms and transfer learning could further enhance the robustness
and versatility of MER systems, paving the way for broader applications in security, psychology, human-
computer interaction, and emotion recognition technology. Additionally, considering other datasets beyond
CASME Il and addressing the handling of real-time data are important areas for future scope and
development.
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