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Abstract: This paper presents a novel approach to facial micro-expression recognition using an attention-guided deep learning
framework in low-light conditions. Micro-expressions, characterized by their subtle and rapid nature, provide valuable insights
into genuine emotions but are challenging to detect, especially in suboptimal lighting. We propose the Attention-Guided
Micro-Expression Network (AGMENet), which integrates a Low-Light Enhancement Module (LLEM) with a modified
DenseNet architecture and multi-head attention mechanism. The LLEM effectively improves image quality while preserving
crucial facial movements, enabling robust feature extraction in low-light scenarios. Our attention mechanism focuses on the
most relevant facial regions and temporal segments, significantly enhancing recognition accuracy. We introduce a temporal
ensemble method to leverage information from multiple frames within micro-expression sequences, addressing challenges
associated with their brief duration. Extensive experiments on three benchmark datasets (CASME IlI, SAMM, and SMIC)
demonstrate the superiority of AGMENet over state-of-the-art methods, achieving an average accuracy improvement of 4.38%
in low-light conditions. Ablation studies validate the effectiveness of each component, while attention map visualizations
provide insights into the model's decision-making process. The proposed approach shows promise for real-world applications
in security, healthcare, and human-computer interaction, where accurate emotion recognition in varying lighting conditions is

crucial.
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1 INTRODUCTION

1.1 BACKGROUND ON FACIAL MICRO-
EXPRESSIONS

Facial micro-expressions (MEs) are short, unspoken
facial expressions that occur when people try to hide or
suppress their genuine emotions. These minor problems are
usually between 1/25 to 1/5 of a second, making them
difficult to detect and recognize with the naked eye. MEs play
an essential role in many fields, including psychology, law,
and human-computer relations, because they provide insight
into the human mind[1].

The study of MEs can be traced back to the pioneering
work of Ekman and Friesen in the 1960s, which identified and
analyzed current trends. Since then, research in this area has
expanded dramatically, with the development of machine
learning becoming more critical in recent years[2]. The
ability to identify and classify MEs correctly has significant
implications, ranging from improving fraud detection

techniques to improving intelligence.

MEs are characterized by their low intensity and rapid
onset, offset, and apex phase. They often involve subtle
changes in certain facial features, such as eyebrows, eyes,
nose, and mouth[3]. The complexity of these sentences and
their short duration make it a big problem for computer vision,
requiring the development of higher-level systems.

1.2 CHALLENGES IN LOW-LIGHT MICRO-
EXPRESSION RECOGNITION

While ME recognition has made substantial progress in
controlled environments, real-world applications often
encounter less-than-ideal conditions, with low-light scenarios
presenting a particularly formidable challenge[4]. Low-light
conditions significantly impact the visibility and clarity of
facial features, further complicating the already difficult task
of ME detection and recognition.

The primary challenges in low-light ME recognition
include:
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Reduced contrast and visibility: Low illumination levels
lessen the contrast between faces and their surroundings,
making it difficult to see subtle changes in expression[5].

A lot of noise: Image sensors often make a lot of noise
in poor lighting conditions, potentially masking or distorting
the subtle changes associated with MEs.

Temporal inconsistency: Varying light levels across
video frames can lead to inconsistent feature representation,
affecting the temporal analysis crucial for ME recognition.

Limited dataset availability: The scarcity of ME datasets
specifically collected under low-light conditions hinders the
development and evaluation of robust recognition systems.

These challenges necessitate the development of
innovative approaches that can effectively enhance low-light
images while preserving the integrity of ME-related features.

1.3 OVERVIEW OF DEEP LEARNING
APPROACHES

Deep learning has revolutionized computer vision,
including facial recognition and ME recognition.
Convolutional Neural Networks (CNNs) have emerged as a
powerful tool for extracting facial features, demonstrating
superior performance compared to traditional manual
techniques[6].

Recent advances in deep learning, such as ResNet,
DenseNet, and Inception networks, have improved the ability
to learn complex facial patterns. These models are very
successful for ME cognitive processing, using their ability to
capture spatial and temporal information.

Attention mechanisms have gained significant traction
in various computer vision tasks, including facial expression
analysis. Attention-based models have shown promise in
improving ME recognition accuracy by allowing the network
to focus on the most relevant facial regions and temporal
segments[7].

Transfer learning techniques have also been explored to
address the limited availability of ME datasets. Researchers
have demonstrated improved performance on ME recognition
tasks by leveraging pre-trained models on large-scale face
recognition or expression datasets, even with limited training
data[8].

1.4 RESEARCH OBJECTIVES AND
CONTRIBUTIONS

This research addresses the challenges of ME
recognition in low-light conditions by leveraging attention-
guided deep learning techniques. The primary objectives of
this study are:

To develop a novel attention-guided deep learning
architecture specifically tailored for low-light ME
recognition.

To design a practical low-light enhancement module
that preserves ME-related features while improving overall
image quality.

To investigate the impact of various attention
mechanisms on ME feature extraction and classification
performance.

To evaluate the proposed method on existing ME
datasets and compare its performance with state-of-the-art
approaches.

The main contributions of this work include:

A comprehensive framework for low-light ME
recognition that integrates attention mechanisms and deep
learning techniques.

A novel low-light enhancement module designed to
preserve subtle facial movements while improving image
quality.

An extensive evaluation of the proposed method on
multiple ME datasets demonstrates its effectiveness in
challenging low-light conditions.

Insights into the role of attention mechanisms in
improving ME recognition accuracy and their potential for
future research directions.

By addressing the challenges of low-light ME
recognition, this research aims to contribute to the broader
field of affective computing and human behavior analysis,
potentially impacting applications in security, healthcare, and
human-computer interaction[9].

2 LITERATURE REVIEW

2.1 TRADITIONAL MICRO-EXPRESSION
RECOGNITION METHODS

Traditional approaches to micro-expression (ME)
recognition have primarily focused on handcrafted feature
extraction methods coupled with conventional machine
learning classifiers[10]. One of the most widely used
techniques is the Local Binary Pattern on Three Orthogonal
Planes (LBP-TOP), which extracts spatiotemporal features
from ME sequences. Yan et al.[13]employed LBP-TOP in
their benchmark work on the CASME |1 dataset, achieving a
recognition accuracy of 63.41%[11].

Another popular approach is the Main Directional Mean
Optical Flow (MDMO) feature, proposed by Liu et al. [12].
This method leverages optical flow to capture the subtle
movements associated with MEs, dividing the face into
regions of interest and analyzing the flow patterns within each
region. The MDMO feature demonstrated improved
performance over LBP-TOP, achieving an accuracy of 67.37%
on the CASME |1 dataset.

Histogram-based methods have also been explored,
with Happy and Routray[14] introducing the Fuzzy
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Histogram of Optical Flow Orientations (FHOFO) for ME
recognition. This approach aims to capture the directional
information of facial muscle movements, resulting in a
recognition accuracy of 56.64% on the CASME |1 dataset.

While these traditional methods have laid the
groundwork for ME recognition, they often struggle to
capture the complex spatiotemporal dynamics of MEs,
particularly in challenging conditions such as low-light
environments.

2.2 DEEP LEARNING IN FACIAL EXPRESSION
ANALYSIS

Deep learning has revolutionized facial expression
analysis, including ME recognition. Convolutional Neural
Networks (CNNs) have become the backbone of many state-
of-the-art approaches because they automatically learn
hierarchical features from raw input data[15].

Li et al.[16] proposed a 3D CNN-based approach for
ME recognition, leveraging the temporal information in ME
sequences. Their method achieved an accuracy of 60.98% on
the CASME Il dataset, demonstrating the potential of deep
learning in capturing subtle facial movements.

Gan et al.[17] introduced the Off-ApexNet, a novel
architecture combining optical flow features with CNNs. This
approach achieved an average accuracy of 74.60% across
three public ME datasets (SMIC, CASME Il, and SAMM),
showcasing the benefits of integrating domain knowledge
with deep learning techniques.

Recently, Liong et al.[18] proposed the Shallow Triple
Stream  Three-dimensional CNN (STSTNet), which
incorporates multiple input streams to capture different
aspects of MEs. This architecture achieved an accuracy of
86.86% on the CASME |1 dataset, representing a significant
improvement over previous methods[19].

2.3 ATTENTION MECHANISMS IN NEURAL
NETWORKS

Attention mechanisms have gained popularity in
various computer vision tasks, including facial expression
analysis. These mechanisms allow neural networks to focus
on the most relevant parts of the input data, potentially
improving performance on tasks requiring fine-grained
feature extraction.

Takalkar et al.[20] the LGAttNet incorporates dual-
stream local and global attention in ME recognition. This
approach achieved an impressive accuracy of 94.20% on the
CASME |1 dataset, highlighting the effectiveness of attention
mechanisms in capturing subtle facial movements.

Zhao et al.[21] proposed the Spatio-temporal AU Graph
Convolution Network (STA-GCN) for ME recognition. This
method combines graph convolutional networks with
attention mechanisms to model the relationships between

facial action units, achieving an accuracy of 76.08% on the
CASME Il dataset.

The success of attention mechanisms in ME recognition
suggests their potential for improving performance in
challenging conditions, such as low-light environments, by
allowing the network to focus on the most informative facial
regions and temporal segments[22].

2.4 Low-LIGHT IMAGE ENHANCEMENT
TECHNIQUES

Low-light image enhancement is a critical
preprocessing step for ME recognition in challenging lighting
conditions. Traditional approaches include histogram
equalization and gamma correction, which aim to improve
image contrast and brightness. While simple to implement,
these methods often struggle to preserve the subtle details
crucial for ME recognition[23].

Recent advancements in deep learning have led to more
sophisticated low-light enhancement techniques. Lore et al.
proposed a deep autoencoder-based approach for low-light
image enhancement, demonstrating improved performance
over traditional methods. This approach could potentially be
adapted for ME recognition in low-light conditions.

In the context of facial analysis, Wang et al.[24]
developed a deep learning-based method for enhancing low-
light face images while preserving identity information. Such
techniques could be valuable for ME recognition, as they aim
to improve image quality without distorting the subtle facial
movements associated with MEs.

Integrating low-light enhancement techniques with ME
recognition systems remains an open research area.
Developing methods that effectively enhance low-light
images while preserving ME-related features is crucial for
improving  recognition  performance in  real-world
scenarios[25].

As the field of ME recognition continues to evolve, the
combination of advanced deep learning architectures,
attention mechanisms, and low-light enhancement techniques
holds promise for addressing the challenges of ME
recognition in various lighting conditions. Future research
directions may include the development of end-to-end
frameworks that simultaneously enhance low-light images
and perform ME recognition, potentially leading to more
robust and accurate systems[26].

3 PROPOSED METHODOLOGY

3.1 DATA PREPROCESSING AND AUGMENTATION

The preprocessing stage is crucial for enhancing the
quality of low-light micro-expression (ME) images and
ensuring optimal feature extraction. Our approach begins
with a contrast-limited adaptive histogram equalization
(CLAHE) to improve local contrast while minimizing noise
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amplification[27]. This technique is particularly effective for
low-light conditions, as it enhances subtle facial features
without over-amplifying background noise.

We employ data augmentation techniques to address the
scarcity of low-light ME datasets. These include random
rotations (+10°), horizontal flips, and controlled brightness
adjustments to simulate various low-light conditions.
Additionally, we introduce a novel augmentation method that
combines Gaussian noise injection with adaptive gamma
correction, mimicking real-world low-light imaging
artifacts[28]. Table 1 presents the augmentation parameters
used in our experiments.

TABLE 1: DATA AUGMENTATION PARAMETERS

Augmentation Technique Parameter Range

Random Rotation -10°to +10°
Horizontal Flip 50% probability
Brightness Adjustment 0.7t01.3
Gaussian Noise (c) 0.01t0 0.05
Adaptive Gamma () 0.8t01.2

3.2 ATTENTION-GUIDED DEEP LEARNING
ARCHITECTURE

Our proposed architecture, Attention-Guided Micro-
Expression Network (AGMENet), integrates a modified
DenseNet backbone with a multi-head attention
mechanism[29]. The DenseNet structure facilitates feature
reuse and alleviates the vanishing gradient problem, while the
attention mechanism enables the network to focus on the most
relevant facial regions for ME recognition. Figure 1 illustrates
the overall architecture of AGMENet.

[ Dense Block

== Transition Layer

1 Multi-Head Attention Module
= Attention Head

FIGURE 1: AGMENET ARCHITECTURE

The AGMENet architecture consists of five dense
blocks, each followed by a transition layer. The multi-head
attention module is inserted after the third dense block,
allowing the network to learn low-level and high-level feature
representations. The attention module comprises three
parallel attention heads, each focusing on different aspects of
the input feature maps: spatial attention, channel attention,
and temporal attention (for video inputs).

3.3 Low-LIGHT ENHANCEMENT MODULE

To address the challenges of low-light ME recognition,
we propose a Low-Light Enhancement Module (LLEM) that
operates as a pre-processing step within the AGMENet
architecture. The LLEM enhances image quality while
preserving subtle facial movements critical for ME
recognition[30].

The LLEM consists of three main components: a
denoising autoencoder, an illumination estimation network,
and a feature fusion module. The denoising autoencoder
removes noise and artifacts introduced by low-light
conditions, while the illumination estimation network
predicts a pixel-wise illumination map. The feature fusion
module combines the denoised image with the estimated
illumination map to produce an enhanced output. Table 2
presents the architectural details of the LLEM components.

TABLE 2: LLEM ARCHITECTURE DETAILS

Output
Component Layers Size
- Conv(3,32,3) - ReLU -
iﬁ?é’;'g‘c? ) er  Conv(32323) - ReLU ',: X Wx
Conv(32,3,3)
- Conv(3,16,3) - ReLU -
g;‘t‘i“r:]';titr'on Conv(16,16,3) - ReLU T X Wx
Conv(16,1,3)
Conv(4,32,3) - ReLU -
Feature Fusion Conv(32,323) - ReLU ',: X Wx
Conv(32,3,3)

3.4 MICRO-EXPRESSION FEATURE EXTRACTION

The feature extraction process in AGMENet leverages
the dense connectivity pattern of DenseNet, allowing for
efficient feature reuse and propagation. We modified the
standard DenseNet architecture to better capture the subtle
spatiotemporal dynamics of MEs.

Each dense block in AGMENet consists of composite
functions, including batch normalization, ReLU activation,
and 3x3 convolutions. We introduce dilated convolutions
with varying dilation rates in the later dense blocks to
enhance the network's ability to capture fine-grained facial
movements. This approach increases the receptive field
without reducing spatial resolution, crucial for detecting
subtle MEs.Table 3 details the structure of a single dense
block in AGMENEet.

TABLE 3: DENSE BLOCK STRUCTURE

Published By SOUTHERN UNITED ACADEMY OF SCIENCES

Layer Output Size Parameters
Input Hx W x ko -
Conv (1x1) Hx W x 4k kox4kx 1x1
Conv (3x3) HxXxW x k 4k xkx3x3
Conv (1x1) H x W x 4k kx4kx1x1
Conv (3x3, d=2) HxW xk 4k xkx3x3
Conv (1x1) Hx W x 4k kx4kx1x1
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Conv (3x3, d=4) HxW x k 4k x kx3x3

Where ko is the number of input channels, k is the
growth rate, and d is the dilation rate.

3.5 CLASSIFICATION STRATEGY

For the final classification stage, we employ a hybrid
approach that combines the strengths of deep learning feature
extraction with the interpretability of traditional machine
learning classifiers. The features extracted by AGMENet are
fed into a Support Vector Machine (SVM) with a radial basis
function (RBF) kernel for the final classification decision.

We implement a weighted SVM approach to address the
class imbalance often present in ME datasets. The class
weights are dynamically adjusted based on the inverse of
class frequencies in the training set. This strategy helps
mitigate bias towards majority classes and improves
recognition performance. Figure 2 presents the classification
pipeline of AGMENEet.
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FIGURE 2: AGMENET CLASSIFICATION PIPELINE

The classification pipeline illustrates the flow of data
from the input low-light ME image through the LLEM,

AGMENet feature extractor, and finally to the SVM classifier.

The pipeline also includes a visualization of the attention
maps generated by the multi-head attention module,
providing insights into the network's decision-making
process.

We implement a temporal ensemble method for video-
based ME recognition to improve classification performance
further. This approach involves extracting features from
multiple frames within the ME sequence and combining their
predictions using a weighted voting scheme. The weights are
determined based on the temporal distance from the apex
frame, with higher weights assigned to frames closer to the
apex. Table 4 presents the hyperparameters used for the SVM
classifier and temporal ensemble method.

TABLE 4: CLASSIFICATION HYPERPARAMETERS

Parameter Value

SVM Kernel RBF

SVM C 10

SVM Gamma 'scale’

Class Weight ‘balanced'

Temporal Ensemble Five frames
Ensemble Weights [0.1,0.2,0.4,0.2,0.1]

Figure 3 demonstrates the effectiveness of our proposed
methodology through a visualization of the feature space.

FIGURE 3: T-SNE VISUALIZATION OF AGMENET
FEATURES

The t-SNE visualization shows the distribution of
AGMENet features for different ME classes in a two-
dimensional space. Each point represents a single ME sample,
with colors indicating different emotion categories. The plot
demonstrates an apparent clustering of similar emotions,
highlighting the discriminative power of the extracted
features. Notably, the visualization reveals tight clusters for
emotions such as happiness and surprise. In contrast, more
complex emotions like contempt show a wider distribution,
reflecting the challenges in recognizing subtle MEs.

4 EXPERIMENTAL RESULTS AND
ANALYSIS

4.1 DATASETS AND EVALUATION METRICS

To evaluate the performance of our proposed
AGMENet, we conducted extensive experiments on three
widely used spontaneous micro-expression (ME) datasets:
CASME II, SAMM, and SMIC[31]. These datasets were
chosen for their diverse characteristics and challenging nature,
particularly in low-light conditions. Table 5 presents a
summary of the datasets used in our experiments.

TABLE 5: DATASET CHARACTERISTICS

Dataset Subjects Samples Frame Resolution Emotion
Rate Classes
ﬁASE 24 255

200 fps 640x480 5

SAMM 28 159 200 fps  2040x10887
SMIC 16 164 100 fps 640x480 3

We applied a gamma correction to simulate low-light
conditions with y values ranging from 0.3 to 0.7 to the
original dataset images. This process allowed us to evaluate
the robustness of our method under various low-light
scenarios.

For performance evaluation, we employed multiple
metrics to assess our model's capabilities comprehensively.
The primary metric used is accuracy, the overall correct
classification rate. F1-score: The harmonic mean of precision
and recall. Unweighted Average Recall (UAR): Each class's
arithmetic mean of recall. Confusion Matrix: A detailed
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breakdown of classification results for each emotion class[32].

We adopted the Leave-One-Subject-Out (LOSO) cross-
validation protocol to ensure a fair evaluation and mitigate
potential overfitting issues.

4.2 IMPLEMENTATION DETAILS

The AGMENet was implemented using PyTorch 1.8.0
and trained on an NVIDIA Tesla V100 GPU with 32GB
memory. The Adam optimizer optimized the network with an
initial learning rate of 1le-4, which was reduced by 0.1 every
20 epochs. We trained the model for 100 epochs with a batch
size of 32.

For data preprocessing, we applied face alignment using
facial landmarks detected by the RetinaFace algorithm. The
aligned faces were then resized to 224x224 pixels. During
training, we employed the augmentation techniques
described in Section 3.1 to enhance the diversity of the
training data.

The Low-Light Enhancement Module (LLEM) was pre-
trained on a synthetic low-light dataset that applied random
gamma corrections to high-quality facial images. This pre-
training step helped to initialize the LLEM weights and
improve its performance on real low-light ME images.

4.3 PERFORMANCE COMPARISON WITH STATE-
OF-THE-ART METHODS

We compared the performance of AGMENet with
several state-of-the-art ME recognition methods under low-
light conditions[33]. Table 6 presents the comparison results
on the CASME |1 dataset.

TABLE 6: PERFORMANCE COMPARISON ON CASME |1

(Low-LIGHT)
Method Accuracy (%) Fl-score UAR (%)
LBP-TOP [5] 58.43 05721 57.92
MDMO [16] 62.35 0.6103  61.87
Off-ApexNet [6] 69.78 0.6852  68.95
STSTNet [7] 73.21 0.7189 72.63
LGALttNet [21] 78.56 0.7723  77.98
AGMENet (Ours) 82.94 0.8156  82.37

The results demonstrate that AGMENet consistently
outperforms existing methods across all evaluation metrics.
The significant performance improvement can be attributed
to the effective combination of the Low-Light Enhancement
Module, attention-guided feature extraction, and the robust
classification strategy. Figure 4 visually compares the
recognition accuracy for different emotion classes across
various methods.

FIGURE 4: EMOTION-WISE RECOGNITION ACCURACY
COMPARISON

This figure presents a multi-bar chart comparing the
recognition accuracy of different methods for each emotion
class in the CASME Il dataset. The x-axis represents the
emotion categories (e.g., Happiness, Disgust, Surprise,
Repression, Others), while the y-axis shows the recognition
accuracy percentage. Each method is represented by a
different bar, allowing easy comparison across emotions and
methods. The chart illustrates AGMENet's superior
performance, particularly in challenging emotions like
repression.

4.4 ABLATION STUDIES

To evaluate the contribution of each component in
AGMENet, we conducted a series of ablation studies[34].
Table 7 presents the results of these experiments on the
CASME |1 dataset under low-light conditions.

TABLE 7: ABLATION STUDY RESULTS
Accuracy  F1- UAR

Model Configuration

(%) score (%)
Base DenseNet 73.86 0.7254 73.12
Base DenseNet + LLEM 77.52 0.7631 76.89
Base DenseNet + Attention  78.95 0.7768 78.41
AGMENEet (Full) 82.94 0.8156 82.37
AGMENet w/o Temporalsl_27 0.7992 80.75
Ensemble

The ablation study results highlight the importance of
each component in AGMENet. The Low-Light Enhancement
Module (LLEM) and attention mechanism contribute
significantly to the overall performance, yielding the best
results.

4.5 ATTENTION MECHANISM EFFECTIVENESS
ANALYSIS

To gain insights into the effectiveness of the attention
mechanism, we visualized the attention maps generated by
AGMENEet for different ME samples. Figure 5 presents these
visualizations.
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FIGURE 5: ATTENTION MAP VISUALIZATIONS

This figure showcases a grid of 3x3 images, where each
row represents a different ME (e.g., Happiness, Disgust,
Surprise). The first column shows the original low-light input
image, the second column displays the enhanced image after
LLEM processing, and the third column presents the attention
map overlaid on the enhanced image. The attention maps use
a color scale from blue (low attention) to red (high attention),
highlighting the facial regions the network focuses on for
each emotion. This visualization demonstrates how
AGMENet accurately identifies the most relevant facial areas
for different MEs, even under challenging low-light
conditions.

To quantitatively assess the impact of the attention
mechanism, we analyzed the correlation between attention
weights and facial Action Units (AUs) associated with
different MEs. Figure 6 illustrates this correlation analysis.

Fear Surprise Disgust Happiness
. | '

Sadness

0 | 0
AU1 AU2 AU4 AU6 AU12

FIGURE 6: ATTENTION WEIGHT AND AU CORRELATION
ANALYSIS

This figure presents a heatmap showing the correlation
between attention weights and AU activation intensities for
different emotion categories. The x-axis lists the relevant
AUs (e.g., AUL, AU2, AU4, AU6, AU12), while the y-axis
shows the emotion categories. The color intensity in each cell

represents the correlation strength, with darker colors
indicating stronger correlations. This visualization reveals
that the attention mechanism in AGMENet learns to focus on
emotion-specific AUs, contributing to its improved
recognition performance.

The experimental results and analyses demonstrate the
effectiveness of AGMENet in addressing the challenges of
ME recognition under low-light conditions. The proposed
architecture consistently outperforms existing methods
across various evaluation metrics and datasets, combining
low-light enhancement, attention-guided feature extraction,
and robust classification strategies.

5 CONCLUSION

5.1 SUMMARY OF CONTRIBUTIONS

This research presents a novel approach to facial micro-
expression (ME) recognition in low-light conditions,
addressing a critical gap in the current state of the art. The
proposed Attention-Guided Micro-Expression Network
(AGMENet) demonstrates significant improvements over
existing methods, particularly in challenging low-light
scenarios[35]. The main contributions of this work can be
summarized as follows:

A Low-Light Enhancement Module (LLEM) was
introduced and designed explicitly for ME recognition tasks.
This module effectively improves image quality while
preserving subtle facial movements crucial for ME analysis.
The LLEM's integration into the overall architecture allows
for end-to-end training, resulting in enhanced performance
compared to separate preprocessing approaches[36].

It is developing an attention-guided deep learning
architecture that leverages the strengths of DenseNet and
multi-head attention mechanisms. This novel combination
enables the network to focus on the most relevant facial
regions and temporal segments for ME recognition,
improving accuracy and robustness.

A comprehensive evaluation of the proposed method on
multiple ME datasets under various low-light conditions. The
extensive experiments and ablation studies provide valuable
insights into the effectiveness of each component and the
overall architecture.

A temporal ensemble method is introduced to improve
recognition performance by leveraging information from
multiple frames within ME sequences. This approach
addresses the challenges associated with the brief duration of
MEs and the potential inconsistencies in low-light video
sequences.

5.2 LIMITATIONS OF THE CURRENT APPROACH

While the proposed AGMENet demonstrates significant
advancements in low-light ME recognition, several
limitations warrant further investigation:
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Computational complexity: While effective, the current
implementation of AGMENet may pose challenges for real-
time applications due to its computational requirements.
Future work should optimize the architecture for deployment
on resource-constrained devices without sacrificing
performance[37].

Dataset limitations: AGMENet was evaluated on
existing ME datasets with simulated low-light conditions.
Developing a dedicated low-light ME dataset would provide
more realistic scenarios for testing and improving the model's
performance.

Generalization to extreme low-light conditions: While
AGMENet shows robustness across various low-light
scenarios, its performance in extreme low-light conditions,
where facial features are barely visible, remains to be
thoroughly investigated.

Cross-database performance: The current study
primarily focused on within-database evaluations. Further
research is needed to assess and improve the model's
generalization capabilities across different datasets and
recording conditions.

Interpretability: ~ Despite  the  attention  map
visualizations providing some insights into the model's
decision-making process, the interpretability of deep learning
models remains a challenge. Developing more transparent
and explainable models for ME recognition would be
valuable for applications in sensitive domains such as law
enforcement and healthcare.

5.3 POTENTIAL APPLICATIONS

The advancements presented in this research open up
new possibilities for ME recognition in real-world scenarios.
Potential applications of the proposed AGMENEet include:

Security and surveillance: The ability to recognize MEs
in low-light conditions enhances the capabilities of security
systems, potentially aiding in threat detection and deception
recognition in challenging environments such as airports,
border crossings, and high-security facilities.

Mental health monitoring: AGMENet's robustness to
low-light conditions makes it suitable for non-intrusive
mental health monitoring applications. It could be integrated
into telemedicine platforms or smart home systems to detect
subtle emotional cues indicating changes in cognitive states
or the onset of psychological disorders.

Human-computer interaction: The improved ME
recognition capabilities can enhance emotion-aware
interfaces, allowing for more natural and responsive human-
computer interactions in various lighting conditions. This
could be particularly valuable in automotive driver state
monitoring applications or adaptive learning systems that
respond to subtle emotional cues.

Forensic analysis: Law enforcement agencies could
benefit from AGMENet's ability to analyze MEs in low-

quality or low-light video evidence, potentially uncovering
crucial information in criminal investigations[38].

Customer experience analysis: Retail and service
industries could employ this technology to gain deeper
insights into customer reactions and satisfaction levels, even
in dimly lit environments such as restaurants or entertainment
venues.

Future research directions should address the identified
limitations and explore these potential applications.
Collaborations between computer vision researchers,
psychologists, and domain experts will be crucial in refining
and validating ME recognition systems for real-world
deployment[39]. As the field of affective computing
continues to evolve, the ability to accurately recognize and
interpret MEs in challenging conditions will play an
increasingly important role in enhancing human-machine
interactions and understanding human behavior.
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