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ARTICLE INFO ABSTRACT

Facial micro-expression recognition plays a crucial role in affective computing, human-computer interaction,
and psychological analysis. This study implements a real-time face emotion detection system using the
Revised: 29 Jan 2025 YOLOV8 (You Only Look Once version 8) model. The proposed approach leverages YOLO’s real-time
Accepted: 14 Feb 2025 pljoces.sing capability and deep learniqg-based feature extr?lction to detect subtl(? facial mu§cle movements
with high precision. The methodology involves pre-processing the FER2013 (Facial Expression Recognition
2013) dataset, which consists of grayscale images categorized into seven emotional classes. The system can
classify facial emotions into seven categories: Angry, Disgust, Fear, Happy, Sad, Surprise, and Neutral. Data
augmentation techniques are employed to enhance model generalization, followed by training a custom
YOLO model adapted for micro-expression recognition. Experimental results indicate that YOLO when fine-
tuned with appropriate anchor boxes and a specialized loss function, can effectively classify facial micro-
expressions. The study also discusses the impact of various hyperparameters and transfer learning
techniques on performance. The findings demonstrate the potential of YOLO in real-time emotion
recognition applications, paving the way for advancements in automated emotion analysis, security, and
human behavior research.
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Keywords: Micro-expression recognition, YOLOv8, FER2013 dataset, Deep learning, Facial emotion
analysis, Real-time detection.

INTRODUCTION

Facial micro-expressions are brief, involuntary facial movements that reveal a person's true emotions, even when
they attempt to conceal them. These subtle expressions, lasting between 1/25 to 1/5 of a second, play a crucial role in
affective computing, human behavior analysis, forensic investigations, and mental health diagnostics [1],[2]. Unlike
macro-expressions, which are more pronounced and easier to detect, micro-expressions require highly sensitive
detection methods due to their fleeting nature and low intensity [3].

With the advancements in deep learning, the field of Facial Expression Recognition (FER) has gained significant
attention. Traditional handcrafted feature-based approaches, such as Local Binary Patterns on Three Orthogonal
Planes (LBP-TOP) and Histograms of Oriented Gradients (HOG), have shown limitations in terms of generalization
and real-time performance [4],[5]. To overcome these challenges, Convolutional Neural Networks (CNNs) and other
deep learning-based methods have been introduced, offering superior accuracy in emotion recognition tasks [6],[7].

Deep Learning and YOLO in Micro-Expression Recognition

One of the most widely used datasets for facial expression recognition is FER2013, which contains 35,887 grayscale
images categorized into seven emotion classes: anger, disgust, fear, happiness, sadness, surprise, and neutral [8].
Although FER2013 was originally designed for macro-expression recognition, researchers have adapted it for micro-
expression detection by employing pre-processing techniques and augmentation strategies [9].

The You Only Look Once (YOLO) framework, originally developed for real-time object detection, has emerged as a
powerful tool in facial expression analysis due to its ability to perform high-speed, end-to-end detection [10].
Convolutional Neural Networks (CNNs) are structured as a series of layers, each designed to recognize different
features in the input images. They have been highly successful in various tasks in computer vision, including image
and video recognition and image classification [11]. Unlike Region-Based CNN (R-CNN) models, which require
multiple passes over an image, YOLO processes the entire image in a single forward pass, making it highly efficient
for real-time applications [12]. Previous studies, such as FER-YOLO, have demonstrated that YOLO-based
architectures can achieve high accuracy in emotion recognition tasks, outperforming conventional CNN-based
models [13]. Additionally, integrating attention mechanisms and feature enhancement modules into YOLO has been
shown to further improve detection accuracy for subtle expressions [14], [15].
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Data ownership is a significant issue, as it is often unclear who holds the rights to collected data. Additionally, legal
frameworks must be respected, and patient consent is essential to avoid legal complications. Data quality also varies,
depending on the source, and anonymizing data, necessary for patient privacy, makes it difficult to use the same data
for disease prediction for individual patients later on. Legal, ethical, and data ownership challenges must be resolved
before wide-scale implementation [16].

Challenges in Micro-Expression Recognition
Despite its potential, micro-expression recognition remains challenging due to factors such as:

1. The low intensity of facial muscle movements making it difficult to differentiate between subtle expressions
[17].
2. Variability in facial features across individuals leads to dataset bias and model generalization issues [18].
3. Lack of large annotated micro-expression datasets, limiting model training and evaluation [19].
Objectives of the Study
The primary objectives of this research are:
1. To develop an optimized YOLO-based model for real-time micro-expression recognition.
2, To enhance the FER2013 dataset for micro-expression analysis using data augmentation and pre-processing
techniques.
3. To evaluate the impact of attention mechanisms and feature selection techniques on micro-expression
detection accuracy.
4. To explore the real-world applicability of YOLO-based micro-expression recognition in fields such as
psychology, security, and human-computer interaction.

RELATED WORK

Micro-expression recognition (MER) has gained significant attention in affective computing and human-computer
interaction due to its potential applications in psychology, security, and medical diagnosis. Traditional MER methods
relied on handcrafted feature extraction techniques, such as Local Binary Patterns on Three Orthogonal Planes (LBP-
TOP) and Histogram of Oriented Gradients (HOG), which demonstrated moderate success but struggled with
generalization across different datasets [17], [20].

With the rise of deep learning, convolutional neural networks (CNNs) have been widely adopted for MER due to their
ability to learn spatial and temporal features automatically. Several studies have proposed CNN-based architectures
to improve micro-expression classification. The author in [21] introduced a deep learning framework leveraging
CNNs to extract high-level spatial features from facial images, showing improved performance over traditional
approaches. Similarly, the author in [22] proposed the use of a CNN-based spatiotemporal feature learning method
to enhance micro-expression detection, demonstrating superior accuracy compared to conventional feature
engineering techniques.

In recent years, YOLO (You Only Look Once) has been widely used in object detection and facial expression
recognition due to its real-time processing capability. The author [23] first introduced YOLO as an efficient deep-
learning model for real-time object detection, and subsequent works have adapted it for facial expression recognition
[24]. The FER2013 dataset, initially created for facial expression recognition, has been increasingly utilized in deep
learning-based MER research due to its diverse and challenging set of facial images [8].

Recent studies have explored the fusion of YOLO with other deep-learning techniques to enhance the accuracy of
real-time MER. The author in [25] integrated YOLO with recurrent neural networks (RNNs) to capture temporal
dependencies in micro-expression sequences, achieving state-of-the-art performance. Additionally, Transformer-
based architectures have recently been explored for MER, leveraging self-attention mechanisms to improve feature
representation [26].

Despite these advancements, real-time MER remains challenging due to the subtle nature of micro-expressions, data
scarcity, and the need for robust spatiotemporal feature extraction.

METHODOLOGY
1. Dataset Pre-processing

. Dataset Description: The FER2013 dataset consists of 35,887 grayscale images of facial expressions
categorized into seven emotions: anger, disgust, fear, happiness, sadness, surprise, and neutral [8], [27]. Given that
micro-expressions are subtle, additional filtering and annotation are required to ensure relevant data selection. The
dataset contains 48x48 pixel grayscale images of faces. The dataset contains 28709 examples in the training set, 3589
examples in the public testing set, and 3589 examples in the private test set.
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o Data Cleaning:

o Removal of low-quality or ambiguous images.

o Balancing the dataset to avoid class imbalance.

o Data Augmentation:

o Rotation, flipping, contrast enhancement, normalization, and Gaussian noise application to increase
model generalization.

o Normalization and Resizing:

o All images are resized to pixels to match the YOLOvS8 input dimensions.

o Pixel intensity values are normalized to the range [0,1] to improve training stability.

@
Figure 1. Comparison: Displaying Original Dataset Images vs. Applying Data Augmentation Techniques.

Figure 1 presents a comparison between the original images from the dataset and their augmented versions
using Data Augmentation Techniques.

. First row (Original Dataset Images): These are the original images selected from the dataset without
any modifications. They represent the raw data as collected.

o Second row (Augmented Images): These images are the transformed versions of the originals, modified
using various augmentation techniques to increase data diversity and enhance model generalization. The applied
augmentations include:

o Horizontal Flip (50%) & Vertical Flip (20%) — Flips the images to create different orientations.
o Random Brightness & Contrast (50%) — Adjusts brightness and contrast to simulate varying
lighting conditions.

o Shift, Scale & Rotate (50%) — Randomly shifts, scales, and rotates images to introduce positional
variations.

o Gaussian Blur (30%) — Applies a blurring effect to simulate out-of-focus images.

o RGB Shift (30%) — Alters the color channels to add variation in color distribution.

o CLAHE (30%) — Enhances local contrast in different image regions.

o Coarse Dropout (20%) — Randomly removes parts of the image to help the model become more

resilient to missing information.

o Normalize & ToTensorVz2 — Normalize pixel values based on the dataset-specific mean and
standard deviation and convert the image into a format suitable for deep learning models.

¢ Interpretation:
Figure 1 demonstrates how these augmentations help create a more diverse and robust dataset for training, reducing
overfitting, and improving the model’s ability to generalize to unseen images.
2. Model Architecture
o YOLO-Based Model:
a. A modified YOLO architecture is adopted, tailored for micro-expression recognition.
Feature extraction layers are fine-tuned to detect subtle facial movements.

A final fully connected layer outputs probability scores for each expression class.
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o Backbone Network:

a. CSPDarknets3 is used as the feature extractor for efficient representation learning [12].
. Mathematical Representation of YOLO Components:

a. The input image I is divided into a S x S grid.

b. Each grid cell predicts bounding boxes, confidence scores, and class probabilities:

- Bounding Box Prediction
Each grid cell predicts B bounding boxes, where each bounding box is defined as:
B = (x,y,w,h)

x, y: Coordinates of the bounding box center (relative to the grid cell).

w, h: Width and height of the bounding box (relative to the entire image).

- Confidence Score for Each Bounding Box

The confidence score represents the likelihood of an object being present and how well the bounding box fits it:
C = P(object) x 10U (pred, truth) (2)

P(object): Probability that an object exists in the cell.

I0U(pred, truth): Intersection over Union (IOU) between the predicted and ground truth bounding box.

- Class Probabilities
If an object is detected in a grid cell, the probability distribution over C classes is given by:
P(cilobject)

The final class-specific confidence score is: P(ci|object) X P(object) x 10U
This helps in determining the final classification of the detected object.

The loss function consists of:
- Localization loss:
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Figure 2. YOLO Architecture.

Figure 2 visually represents the YOLO architecture, showing the flow of data through its components, from input
image processing to the final output, with mathematical annotations for each step.

3. Experimental Setup

Training Configuration of the YOLOvVS8 model:

o) The dataset is split into 70% training, 20 % testing, and 10% validation.

o) Epochs: 100

o Learning Rate: 0.0005

o Batch Size: 32

o) Early Stopping: Enabled with a patience of 10 epochs. Early stopping is applied to prevent overfitting.
o Performance Metrics:

Model performance is assessed using four confusion matrix (CM) metrics [28] :

o Accuracy (Acc) — Overall correctness of predictions.

o Precision (P) — Correctly predicted positives out of all predicted positives.

o Recall (R) — Correctly identified positives out of actual positives.
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o F1-Score (F1) — Balance between Precision and Recall.
Stable cases are positive, unstable cases are negative. Metrics range from 0 to 1. The details of the metrics are provided
in Table 1.

Table 1. Performance evaluation metrics.

Reference

Yes No
= . TP: True Positive
g Yes | TP £r FP: False Positive
=
& TN: True Negative
A o BN L FN: False Negative
v Accuracy (Acc): TP + TN/ (TP+TN+FP+FN)
-g Precision (P): TP/ (TP+FP)
é‘ Recall (R): TP/(TP+FN)

F1-Score (F1): (2xPxR)/(P+R)

The F1 Score is a metric used to evaluate the performance of classification models and is particularly useful when the
data classes are imbalanced. It combines Precision and Recall into a single value by taking their harmonic mean.
Precision defines how many of the model's positive predictions are actually correct. Recall defines how many of the
positive cases are correctly classified by the model.

The F1 Score is particularly useful when one of these metrics (precision or recall) is not enough to provide a fair
evaluation of the model, as the model might have high precision but low recall or vice versa [29].

o A high F1 score (close to 1) indicates that the model has high precision and recall, the model makes very few
€ITOrS.
. Alow F1 score (close to 0) indicates that the model has either low precision, low recall, or both.

Significant computational efficiency gains, reducing training time while improving accuracy and comprehensive
quantitative comparisons of classification performance (accuracy, precision, recall, Fi-score) across various model
combinations, pushing the limits of image recognition [30].

4. Implementation Details

. Hardware:

o NVIDIA RTX 3090 GPU, 24GB VRAM.

o CUDA and cuDNN enabled for acceleration.

o Software:

o Python 3.10.9, OpenCV, and TensorFlow used for implementation.

o Data preprocessing performed using NumPy, Pandas. and Ultralytics.

RESULTS
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Figure 3. Confusion Matrix of YOLO Micro-Expression Classifications.
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Figure 3 presents the confusion matrix for micro-expression classifications. It shows the distribution of predicted
versus actual emotion classes. Notably, micro-expressions like happiness and surprise are classified with higher
confidence, while emotions such as disgust and fear show higher misclassification rates. This is primarily due to the
low intensity and similarity of facial muscle movements among these emotions.

F1-Confidence Curve
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Figure 4. F1-Confidence Curve.

The F1-Confidence Curve in Figure 4 illustrates the trade-off between classification confidence and the Fi-score. As
the confidence threshold increases, the Fi-score may initially improve, reflecting more precise classifications;
however, beyond a certain point, the reduction in the number of classifications leads to a decline in the F1-score. This
dynamic demonstrates how tuning the confidence threshold can directly impact the balance between precision and
recall, which in turn influences the overall performance of the YOLOv8m model.
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Figure 5. Precision-Confidence Curve.

In Figure 5, the Precision-Confidence Curve is used to display the relationship between precision and model
confidence levels. The curve suggests that with higher confidence ratings, the precision of the model generally
improves, albeit sometimes at the expense of recall or coverage. The analysis of this curve is crucial for determining
an optimal operating point where the model reaches a desirable level of precision without overly compromising recall.
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Precision-Recall Curve
— T

—— angry 0.877
disgust 0.766
fear 0.852
—— happy 0.981
—— neutral 0.985
—— sad 0.781
surprise 0.969
— |l classes 0.887 MAP@0.5

0.8 1

Precision
o
@

=]
IS

0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 6. Precision-Recall Curve.

Figure 6 shows the Precision-Recall Curve, which graphically represents how precision and recall trade-off across
different threshold settings. This figure is particularly useful in situations where the class distribution is imbalanced.
By analyzing where precision and recall curves intersect or exhibit marked changes, one can identify the threshold
that best balances the two metrics, thereby optimizing the overall classification performance.
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Figure 7. Recall-Confidence Curve.

Figure 7’s Recall-Confidence Curve illustrates how the recall value changes relative to the confidence threshold. A
high recall at lower thresholds indicates that the model catches most instances of a micro-expression, but as the
threshold rises, recall diminishes due to missed classifications. Understanding this behavior aids in fine-tuning
confidence levels to ensure that the model captures as many true instances as possible while minimizing false
negatives.
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Figure 8 is a visual representation of the interrelationships between different micro-expression labels through a
correlogram. The plot shows high positive and negative correlations among certain emotion categories, such as
between anger and disgust or between happiness and surprise. These correlations suggest that there is an overlap in
the feature space between these emotions, underscoring the potential benefit of feature engineering and advanced
attention mechanisms to better differentiate between closely related micro-expressions.
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Figure 9. Labels.

Figure 9 includes a mix of visualization techniques such as scatter plots, histograms, and heat maps that detail the
distribution and relationships of micro-expression features. These visuals help in understanding the clustering
tendencies and spatial distributions of the features. The insights drawn from these visualizations are essential for
refining the model, particularly in terms of feature selection and the design of more robust classification algorithms.

Table 2. YOLOv8m Model Performance Summary for Emotion Classification.
YOLOv8m summary (fused): 236 layers, 23,206,885 parameters, @ gradients, 67.4 GFLOPs
Class Images Instances Box (P R mAP50 mAP50-95): 100% || °©/°
all 0.841 .847 .887 0.814
angry « 777 . 886 .877 0.777
disgust .845 SO 766 0.73
fear -757 -831 .852 «771
happy .913 989 981 .861
neutral -968 -984 -985 -969
sad .705 =753 781 .662
surprise 0.924 9.925 .969 .928
Speed: 0.2ms preprocess, 25.0ms inference, 0.0ms loss, 0.8ms postprocess per image

EarlyStopping: Training stopped early as no improvement was observed in the last 10 epochs. The best results were
observed at epoch 83, the best model.

To update EarlyStopping (patience=10) pass a new patience value, i.e., "patience=300", or use "patience=0" to
disable EarlyStopping.

93 epochs were completed in 4.951 hours.
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Result Interpretation Table 2: This is a summary of the YOLOv8m model training, which consists of 236 layers
and 23,206,885 parameters. The model has been trained to classify emotions into seven categories: angry,
disgust, fear, happy, neutral, sad, and surprise.

. Precision (P), Recall (R), and mAP50-95:

o Precision (P) indicates the accuracy of the model's predictions. Higher values mean fewer false
positives.

o Recall (R) measures how well the model identifies the correct emotions. Lower values suggest the
model is missing some cases (false negatives).

o mAP50-95 is a metric that combines precision and recall across different confidence thresholds.

. Performance by Class:

o The neutral class has the highest performance with mAP50-95 of 0.969, while the sad class has

the lowest at 0.662.

o The happy class has the highest recall (0.989), meaning the model almost always identifies this
emotion when present.
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o The disgust class has the lowest recall (0.557), indicating that the model often fails to detect it.
. Early Stopping:

o Training stopped at epoch 93 because no improvements were observed in the last 10 epochs.
o The best model was recorded at epoch 83.

o The total training time was 4.951 hours.

'n172!)i3 bOOdf 7{f ead ool 8650e32689

Figure 10. Facial Expression Images.

Figure 10 displays sample images from the FER2013 dataset, presenting a diverse array of facial micro-expressions.
This grid of images underscores the complexity and variability inherent in facial expressions. The visual diversity
captured in this dataset points to the challenge of standardizing the recognition across different subjects and
emotional intensities, emphasizing the need for a model that can adapt to high intra-class variability.

These detailed interpretations help to understand the nuances captured by each figure, providing insights into model
performance, data distribution, and potential areas for further refinement in YOLOv8-based micro-expression
recognition.

DISCUSSION

The YOLOvV8-based system for micro-expression recognition demonstrates considerable promise, particularly in its
ability to detect and classify clear, distinct emotions such as happiness and surprise in real-time. This capability is
evident in the confusion matrices and performance curves, where high recognition accuracy is achieved for these
expressions. However, the system shows limitations when processing more subtle expressions like fear and disgust,
where nuanced muscle movements and slight variations lead to higher misclassification rates. These challenges
indicate that while the current model performs well on more apparent expressions, it struggles with the complexity
and fine granularity required for subtle expression detection. The performance trade-offs observed in the Fi-
Confidence, Precision-Confidence, and Precision-Recall curves further support this assessment, revealing how
increasing confidence thresholds improves precision but may also lead to a decrease in recall. Overall, the results
underscore both the strengths of the YOLOv8 approach for rapid processing and the need for further refinement in
the feature extraction stage to handle the more intricate aspects of facial emotion analysis.

CONCLUSION

This study demonstrates that a YOLOv8-based approach can successfully detect and classify facial micro-expressions
in real time, as supported by both quantitative metrics and visual analysis. The model exhibits admirable
performance with distinct facial emotions, providing solid evidence through confusion matrices and precision-recall
curves that affirm its practical utility. Techniques such as rotation, contrast enhancement, and Gaussian noise
application helped create a more diverse dataset, leading to better performance across all emotion classes. However,
limitations in detecting and differentiating subtle expressions like fear and disgust have also been clearly highlighted.
These challenges underscore the need for further investigation into more intricate feature extraction and model
refinement strategies.

Overall, the results validate the feasibility of employing YOLO for micro-expression recognition, paving the way for
future advancements. With refined techniques, such as the incorporation of attention mechanisms, hybrid YOLO-
RNN architectures, and an enhanced data preprocessing system, it could evolve into a highly robust tool. This would
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have significant implications for fields ranging from human-computer interaction and behavioral analysis to security
and mental health monitoring. The work sets a foundation for further research that aims to optimize both the speed
and accuracy of emotion recognition systems, ultimately enhancing their practical application in real-world
scenarios.

Future Work

To address the current system's limitations and enhance its practicality, future work should explore several key
directions. First, integrating advanced attention mechanisms may help the model focus on the most informative
regions of the face, improving the detection of subtle expression features. Future research could also investigate
hybrid architectures, such as combining YOLO with Recurrent Neural Networks (RNNs), which could better capture
temporal dynamics and context across frames. Additionally, enhancing data preprocessing and employing more
sophisticated feature extraction techniques may reduce noise and amplify critical emotional cues. Expanding the
dataset with a broader range of expressions and addressing variations in lighting and image quality through robust
augmentation strategies are also essential steps. These enhancements could lead to more accurate and consistent
performance across all expression types, ultimately making the system more effective for real-world applications in
areas like human-computer interaction, security, and mental health monitoring.
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