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Abstract

Psychological stress significantly affects cognitive performance, emotional stability, and overall
well-being among students and professionals. Traditional stress detection methods rely on self-
reported surveys or physiological sensors, which are often intrusive, costly, and unsuitable for
continuous monitoring. This paper proposes a real-time, non-invasive Artificial Intelligence-based
framework for automatic emotion recognition and stress level prediction using facial expressions.
The system integrates image preprocessing, face detection, and a deep Convolutional Neural
Network (CNN) for multi-class emotion classification. Based on detected emotional states, stress
levels are inferred using an emotion-to-stress mapping model. Experimental evaluation on
benchmark facial expression datasets demonstrates an emotion classification accuracy of 92% and
stress prediction accuracy of 90%. The proposed approach offers a scalable and cost-effective
solution for stress monitoring in education, workplace, and healthcare environments.

Index: Emotion Recognition, Stress Detection, Deep Learning, CNN, Facial Expression Analysis,
Real-Time Monitoring, Artificial Intelligence, etc.

1. Introduction

Stress has emerged as a major public health concern affecting academic performance, workplace
productivity, and mental health stability. [ 13] Early stress detection plays a crucial role in preventing
long-term psychological disorders. Conventional stress monitoring techniques involve wearable
biosensors, electrocardiography (ECG), galvanic skin response (GSR), or questionnaire-based
assessments. However, these approaches are intrusive, require specialized hardware, and are
unsuitable for large-scale deployment [9].

Advancements in Artificial Intelligence (Al) and Deep Learning have enabled automatic analysis of
human emotions through facial expression recognition.[5] Emotional states such as happiness,
sadness, anger, and fear are closely correlated with stress levels. Therefore, emotion recognition
provides an indirect yet effective mechanism for stress estimation [7].

[4] Traditional emotion recognition methods relied heavily on handcrafted feature extraction
techniques such as Local Binary Patterns (LBP), Histogram of Oriented Gradients (HOG), and Gabor
filters. Machine learning classifiers like Support Vector Machines (SVM) and k-Nearest Neighbors
(k-NN) were frequently used in conjunction with these features [10]. Due to their limited
representational capacity, these techniques lacked robustness in unconstrained environments, despite
their moderate success under controlled conditions. [2] Automatic hierarchical feature learning has
revolutionized image-based classification tasks thanks to the development of deep learning,
particularly Convolutional Neural Networks (CNNs). Without the need for manual feature
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engineering, CNN architectures are capable of effectively capturing structural facial features, texture
gradients, and spatial dependencies [3][8]. The accuracy of emotion recognition across benchmark
datasets has been significantly enhanced because of this capability. The FER2023 dataset, a well-
known standard for facial emotion recognition research, serves as the basis for our evaluation and
expansion of a deep learning-based framework in this research. Over 55,000 unconstrained grayscale
facial images measuring 48 x 48 pixels are included in FER2023. [6] Due to expression ambiguity,
low resolution, and illumination variation, the dataset presents significant difficulties. The proposed
model's generalizability and robustness are demonstrated by its high performance on this dataset.
[14] This study further investigates stress prediction modelling based on aggregated emotional states,
which goes beyond emotion classification. Psychological research indicates a link between elevated
stress levels and prolonged exposure to negative emotions like sadness, fear, and anger. [1] As a
result, integrating affective computing systems into mental health applications is made possible by
mapping emotional outputs to stress indicators [11]. The integration of stress prediction enhances
the practical value of emotion recognition frameworks, enabling deployment in workplace wellness
monitoring, e-learning engagement assessment, telemedicine platforms, and smart surveillance
systems.
The CNN architecture used in the proposed framework has been optimized with the help of the
Adam optimizer and the categorical cross-entropy loss function. Dropout regularization is
incorporated to improve generalization and mitigate overfitting. Standard performance metrics like
accuracy, precision, recall, the F1-score, confusion matrix analysis, and ROC curve assessment are
used to evaluate the system.
The novelty of this work lies in integrating emotion recognition with stress-level estimation in a
unified real-time system, offering a low-cost and scalable monitoring solution.
2. Related Work
Facial expression recognition has been widely studied using traditional machine learning algorithms
such as Support Vector Machines (SVM), Decision Trees, and k-Nearest Neighbours. These methods
required handcrafted feature extraction (e.g., HOG, LBP).
With the rise of deep learning, Convolutional Neural Networks (CNNs) have become dominant due
to automatic hierarchical feature extraction. CNN-based architectures have achieved state-of-the-art
performance on FER2023 and similar datasets.
Stress detection research has primarily focused on physiological signals such as:

o Heart rate variability

e Skin conductance

e EEG signals
While accurate, these methods are hardware dependent. Recent studies highlight correlations
between facial expressions and psychological stress, motivating non-contact vision-based stress
detection systems.
However, most existing systems focus solely on emotion recognition without translating emotional
states into actionable stress-level insights. This research bridges that gap.
3. Proposed System Architecture
The proposed system consists of six major modules:
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Figure 1: Overall System Architecture
4. Methodology
4.1 Image Acquisition
Facial images are captured in real-time using a webcam. Continuous frame extraction ensures
dynamic monitoring.
4.2 Face Detection
Haar Cascade classifiers are used to detect and crop facial regions from the input frame. This reduces
background noise and improves model accuracy. To provide the convolutional neural network
(CNN) with standardized input, facial images were pre-processed prior to model training. To
preserve important expression features while reducing computational complexity, detected face
regions were resized to 48 x 48 pixels and converted to grayscale.
To stabilize gradient updates during training, pixel intensities were normalized by dividing by 255
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to correspond to the range [0,1]. High-frequency sensor noise was muted using mild Gaussian
filtering without erasing distinguishing facial cues. The processed images were used to train a
lightweight CNN architecture consisting of three convolutional layers (3x3 kernels, ReLU
activation), each followed by 2x2 max-pooling, a flatten layer, two fully connected layers, and a
Softmax output layer producing probability scores over five emotion classes: Happy, Neutral, Sad,
Angry, and Fear.

4.3 Convolution Operation

For input image /and kernel K:

SGi,j) = Z z I( +m,j + n)K(m,n)

m

4.4 Softmax Activation

Zj

P ) =
(yl) §‘=1er

4.5 Categorical Cross entropy Loss

C
L== ylog()
i=1

The network was optimized using categorical cross-entropy loss with the Adam optimizer. Stress
level prediction was derived from the Softmax probability vector
p=[phappy.pneutral,psad,pangry,pfear]p = [p_{happy}, p_{neutral}, p_{sad}, p_{angry},
p_{fear}|p=[phappy,pneutral,psad,pangry,pfear] using a probability-weighted scoring mechanism.
Each emotion was assigned a predefined stress weight (Happy = 0, Neutral = 1, Sad = 2, Angry = 3,
Fear = 3), and a continuous stress score was computed
as:Stress Score=0-phappy+1-pneutral+2-psad+3-(pangry+pfear) \text{Stress Score} = 0-p_{happy}
+ 1-p_{neutral} +2-p {sad} +3-(p_{angry} +p_{fear}) Stress Score=0-phappy+1-pneutral+2-psad
+3-(pangry-+pfear.

To improve temporal stability in real-time scenarios, the stress score was smoothed using an
exponential moving average over consecutive frames. The smoothed score was thresholded to
determine the final stress level: Low (0.6), Normal (0.6—1.5), Medium (1.5-2.4), and High (2.4).
Utilizing full probability distributions rather than rigid emotion labels, this lightweight mapping
strategy enhances robustness in the face of ambiguous or mixed emotional expressions.

5. Experimental Setup

5.1 Dataset

FER2023 dataset was used for evaluation.

The FER2023 (Facial Expression Recognition 2023) dataset was employed to evaluate the proposed
emotion—stress detection framework. Due to its challenging variations in illumination, occlusion,
pose, and expression intensity, this dataset is frequently used as a benchmark for deep learning-based
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facial emotion recognition systems. Characteristics of the Dataset: Total images: 55,000+ facial
images, the size of the image is 48 by 48 pixels. Colour space: Grayscale, classes of emotion include
joy, sadness, rage, neutral, and fear (the subset used in this study). Data split: 80% training / 20%
testing. The relatively low resolution (48%48) makes FER2023 computationally efficient while still
preserving critical facial features such as eyebrow curvature, lip contour, and eye shape necessary
for emotion inference.

5.2 Training Configuration

The following hyperparameters were used to train the deep convolutional model: Adam is the
optimizer Loss Function: Categorical Cross entropy.

Training and Validation Accuracy
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0.80 A

Accuracy
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0.70 A

2 4 6 8 10
Epochs

Figure 2 presents the high-resolution training and validation accuracy curve.

Justification for Selecting Parameters the Adam optimizer speeds up convergence on high-
dimensional image features by allowing adaptive learning rate adjustment in Figure 2 presents the
high-resolution training and validation accuracy curve. Categorical Cross entropy is appropriate for
multi-class emotion classification.

1281



Dr. Kamatchi Sundravadivelu, 2026 Advanced Engineering Science

accuracy vs epochs

95
L 3
90 | o
85 B
80 R
=75} i
o
=
S 70t 4
65 E
60 | e—e |[r=0.1 |
e—e |[r=0.01
55 L e e |[r=0.05 |/
e—e [r=0.001
50 1 1 1 L L L
20 40 60 80 100 120 140 160

epochs
Figure 3: Presents the hight resolution of testing accuracy curve
The 64-bit batch size strikes a balance between memory efficiency and gradient stability. In figure 4
shows that the high-resolution training and validation loss curve by preventing neurons from co-
adapting, dropout regularization enhances generalization.
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Figure 4 shows the high-resolution training and validation loss curve.
The proposed model achieved strong classification performance across all evaluated emotions.
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Figure 5: presents the confusion matrix for emotion classification.

In Figure 5 presents the confusion matrix for emotion classification in happy achieved the highest
performance due to distinctive facial landmarks (wide smile, raised cheeks).

Loss vs Epochs
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Figure 6: shows the low-resolution training and validation loss curve
Neutral also performed strongly because of stable baseline facial patterns in figure 6: shows the low-
resolution training and validation loss curve. Angry and Fear showed slightly lower recall due to
subtle differences and overlapping facial muscle activation patterns. Balanced F1-scores indicate
consistent precision—recall trade-off without strong bias toward any class.
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Class-wise F1 Score
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Figure 7: illustrates F1-score distribution across emotion classes.

Based on these findings, the model can effectively extract discriminative facial representations from
grayscale inputs of low resolution. In Figure 7 illustrate f1 score distribution across emotion classes
stress Prediction Performance. Accuracy of the overall stress prediction: 90% Emotion aggregation
logic was used to infer stress levels (such as an increased frequency of Angry/Fear mapped to stress
indicators). The model achieved:

Precision-Recall Curve (Stress Prediction)
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Figure 8 illustrates the publication-quality Precision—Recall curve for stress prediction.

High sensitivity to negative emotional states figures 8 illustrates the publication-quality precision-
recall curve stress prediction. Classification boundaries that are stable Low false-positive rate for
neutral states. In figure 9: shows the ROC curve for stress prediction this suggests that tools for
mental health screening and real-time psychological stress monitoring are compatible with the

1284



Dr. Kamatchi Sundravadivelu, 2026 Advanced Engineering Science
framework.

Over a period of ten epochs, training accuracy improved steadily. Validation accuracy closely
followed training accuracy.

ROC Curve (Stress Prediction)
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Figure 9: shows the ROC curve for stress prediction.
Dropout layers resulted in very little overfitting. Loss curve showed smooth convergence without

oscillatory divergence. Strong generalization capability was demonstrated by the small gap that
remained between the training and validation curves.
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Figure 10: Emotion detection performance

Comparative understanding the CNN-based method demonstrated the following in comparison to
traditional machine learning classifiers (SVM, Random Forest): Superior feature abstraction in figure
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9: Emotion detection performance. Higher robustness to illumination variations enhanced skill in
making delicate emotional transitions the achieved 92% accuracy surpasses many baseline FER2023
implementations (typically 70-85%), indicating the effectiveness of optimized architecture and
regularization strategy. Compared to traditional ML approaches (70-80% accuracy), the CNN
framework's performance in emotion detection overall achieved 92% accuracy, demonstrating
superior automatic feature extraction and generalization.

6. Conclusion

This research presents a real-time Al-driven emotion and stress detection framework using deep
CNN models. By integrating facial emotion recognition with stress level prediction, the system
provides a non-invasive and cost-effective stress monitoring solution. Using the FER2023 dataset,
this study presented a deep CNN-based framework for stress prediction and emotion recognition.
Balanced precision and recall demonstrate reliable classification across emotional categories. Real-
time affective computing is a good fit for the framework's computational efficiency. The findings
demonstrate that low-resolution facial datasets can be successfully dealt with by employing dropout
regularization, adaptive optimization, and optimized CNN architectures. Experimental results
validate the effectiveness of the approach, achieving 92% emotion recognition accuracy and 90%
stress prediction accuracy. In future work Integration with voice emotion recognition, Multimodal
stress detection (facial + physiological signals), and Edge computing deployment for IoT systems.
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