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Abstract—Stress detection using non-invasive physiological monitoring is an important area in 

healthcare and human–computer interaction. This study proposes an interpretable LSTM-based 

framework for stress detection using infrared thermal facial images. The model captures temporal 

variations in facial thermal patterns associated with autonomic nervous system activity, enabling accurate 

stress classification. Explainable AI techniques are integrated to enhance interpretability by identifying 

key temporal and regional contributions to predictions. The proposed approach achieves both high 

performance and transparency, making it suitable for real-world stress monitoring applications. 
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I. INTRODUCTION 

Stress is a widespread physiological and psychological condition that significantly affects human health, 

cognitive performance, and emotional stability. Chronic exposure to stress is associated with serious 

disorders such as cardiovascular diseases, depression, anxiety, and sleep-related problems. Therefore, 

accurate and continuous stress monitoring has become an important research area in healthcare systems, 

affective computing, and human–computer interaction (HCI) applications. 

Traditional stress assessment methods such as questionnaires and clinical evaluations are subjective and 

not suitable for real-time monitoring. Biochemical indicators like cortisol levels provide objective 

measurement but are invasive and impractical for continuous use. To overcome these limitations, 

researchers have explored physiological signal-based approaches such as electrocardiography (ECG), 

electroencephalography (EEG), and galvanic skin response (GSR). However, these techniques require 

physical contact sensors, which may reduce user comfort and limit real-world deployment. 

Infrared (IR) thermography has emerged as a promising non-contact and non-invasive modality for stress 

detection. Facial thermal imaging captures subtle temperature variations caused by autonomic nervous 
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system activity, particularly vasoconstriction and blood flow redistribution during stress. Studies have 

shown that regions such as the nose tip, forehead, and periorbital area exhibit significant thermal changes 

under stress conditions, making them reliable indicators for physiological state monitoring. Recent 

research has demonstrated the effectiveness of thermal imaging in detecting stress responses in controlled 

laboratory and real-world environments [1], [2]. 

With the advancement of deep learning, thermal image analysis has significantly improved in terms of 

automatic feature extraction and classification performance. Long Short-Term Memory (LSTM) 

networks, in particular, have shown strong capability in modeling temporal dependencies in 

physiological signals and thermal sequences. Recent studies have successfully applied LSTM-based 

architectures for stress detection using thermal videos and physiological time-series data, achieving high 

classification performance by capturing dynamic changes over time [3]. 

Despite these advancements, most deep learning models remain “black-box” systems, limiting their 

adoption in critical applications such as healthcare. To address this issue, Explainable Artificial 

Intelligence (XAI) techniques such as SHAP (Shapley Additive Explanations) have been introduced to 

improve model transparency. SHAP provides feature attribution by quantifying the contribution of each 

input variable to the final prediction, enabling better interpretability of stress detection models [4]. 

This study proposes a fully interpretable LSTM-based deep learning model using IR thermal facial 

images for stress detection. The model integrates temporal sequence learning with SHAP-based 

explainability to ensure both high predictive accuracy and transparency. By combining infrared 

thermography with interpretable deep learning, the proposed system aims to provide a reliable, non-

invasive, and real-time stress detection framework suitable for healthcare and human-centered 

applications. 

II. LITERATURE REVIEW 

A. Infrared Thermography for Stress Detection 

Infrared (IR) thermography has emerged as a widely used non-invasive imaging technique for capturing 

physiological responses associated with stress. It measures facial skin temperature variations that are 

directly influenced by autonomic nervous system activity, including vasoconstriction and blood flow 

redistribution. A survey of thermal-based affective computing highlights that facial thermal signatures 

provide reliable indicators of psychological states such as stress due to their sensitivity to peripheral 

physiological changes [5]. 

Recent literature emphasizes that IR thermal imaging is particularly effective for stress monitoring in 

uncontrolled environments because it is contactless, non-ionizing, and robust to lighting variations [6]. 

Studies also confirm that regions such as the nose tip, forehead, and periorbital area exhibit consistent 

thermal changes under stress, making them important regions of interest for automated analysis [7]. 

A comprehensive review of biomedical IR thermography further shows increasing integration of machine 

learning methods for classification tasks, indicating a shift from traditional statistical approaches to 

intelligent AI-based systems [8]. 

B. Deep Learning and LSTM for Temporal Stress Modeling 

With advancements in artificial intelligence, deep learning models have significantly improved the 

performance of stress detection systems. Among these, Long Short-Term Memory (LSTM) networks are 

particularly effective for modeling sequential and temporal physiological signals due to their ability to 

capture long-term dependencies. 

Recent research demonstrates that stress is not a static condition but a dynamic process, making temporal 

modeling essential for accurate detection. For instance, LSTM-based architectures have been 
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successfully applied to physiological time-series data such as heart rate variability and thermal video 

sequences, achieving high accuracy in stress classification tasks [9]. 

Similarly, hybrid deep learning frameworks combining convolutional and recurrent architectures have 

shown strong performance in extracting both spatial and temporal features from thermal facial data, 

further validating the effectiveness of LSTM-based approaches for stress recognition [10]. 

Additionally, studies such as StressNet highlight that spatio-temporal deep learning models applied to 

thermal videos can reconstruct physiological signals and classify stress states with high precision, 

demonstrating the feasibility of end-to-end deep learning pipelines for thermal-based stress analysis [11]. 

C. Explainable AI (XAI) for Interpretability 

Despite high accuracy, deep learning models are often criticized for their lack of interpretability, which 

limits their use in healthcare applications. To address this, Explainable Artificial Intelligence (XAI) 

techniques have been introduced to provide transparency in model predictions. 

SHAP (Shapley Additive Explanations) is one of the most widely used post-hoc explainability techniques 

that assigns contribution scores to input features based on game-theoretic principles. It has been 

effectively used in biomedical applications to interpret complex deep learning models and identify the 

most influential features in classification decisions [12]. 

In stress detection systems, SHAP enables researchers to understand which temporal thermal patterns or 

facial regions contribute most to stress prediction, thereby increasing model trustworthiness and clinical 

acceptance. Recent studies highlight that combining deep learning with XAI not only improves 

interpretability but also enhances model validation by ensuring physiological consistency of predictions 

[13]. 

D. Research Gap 

Although significant progress has been made in IR thermography-based stress detection and deep 

learning modeling, most existing approaches focus primarily on accuracy rather than interpretability. 

Furthermore, limited research integrates LSTM-based temporal modeling with explainable AI techniques 

in a unified framework. There is still a lack of fully interpretable deep learning systems that provide both 

high performance and transparent decision-making for IR thermal facial stress detection. 

Therefore, this study proposes a fully interpretable LSTM-based deep learning model using IR thermal 

facial images, integrating temporal feature learning with SHAP-based explainability to ensure reliable 

and transparent stress detection. 

 

III METHODOLOGY 

The proposed methodology presents a fully interpretable deep learning framework for stress detection 

using infrared (IR) thermal facial images. The system integrates temporal modeling using Long Short-

Term Memory (LSTM) networks with post-hoc explainability using SHAP (Shapley Additive 

Explanations). The overall pipeline is designed to ensure both high classification performance and 

transparency in decision-making. 
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A. Data Acquisition and Input Representation 

Infrared thermal facial data is collected using an IR thermography camera under controlled or semi-

controlled conditions. Each sample consists of either: 

 Thermal image sequences (video frames), or  

 Temporally ordered facial thermal snapshots  

These sequences capture physiological variations in facial temperature caused by stress-related 

autonomic nervous system activity. Each frame is aligned and standardized to ensure consistency across 

subjects. 

B. Preprocessing Module 

Before feature extraction, the raw thermal data is processed to improve quality and model performance. 

The preprocessing steps include: 

 Face detection and cropping: Extraction of facial region from thermal frames  

 Region of Interest (ROI) selection: Focus on stress-sensitive areas such as nose tip, forehead, and 

periorbital regions  

 Normalization: Scaling pixel intensity values to a uniform range  

 Frame resizing: Standardizing input dimensions for LSTM compatibility  

 Sequence formation: Arranging frames into time-ordered input sequences  

This step ensures that the model learns only relevant physiological patterns. 

 

 

Figure 1: LSTM + SHAP Framework for Stress Detection Using IR Thermal Imaging 
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C. Feature Representation Layer 

Instead of manual feature engineering, the system automatically learns feature representations from 

thermal sequences. Each thermal frame is converted into a feature vector representing spatial temperature 

distribution. These vectors form a sequential input to the LSTM network: 

𝑋 = {𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑡} 

where 𝑥𝑡represents thermal features at time step 𝑡. 

D. LSTM-Based Temporal Learning 

The Long Short-Term Memory (LSTM) network is used to capture temporal dependencies in thermal 

facial data. LSTM is well-suited for modeling sequential physiological changes due to its ability to retain 

long-term contextual information. 

The LSTM cell processes input sequences using memory gates: 

 Input gate  

 Forget gate  

 Output gate  

This allows the model to learn how thermal variations evolve over time under stress and non-stress 

conditions. 

The final hidden state is passed to a fully connected layer for classification: 

ℎ𝑡 = 𝐿𝑆𝑇𝑀(𝑥𝑡, ℎ𝑡−1) 

𝑦 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊ℎ𝑡 + 𝑏) 

 

where 𝑦represents the probability of stress or non-stress. 

E. Stress Classification Layer 

The classification layer maps learned temporal features into binary or multi-class outputs: 

 Stress  

 Non-Stress  

A SoftMax or Sigmoid activation function is used depending on the classification type. The output 

represents the model’s prediction based on learned thermal temporal patterns. 

F. SHAP-Based Explainability Module 

To enhance interpretability, SHAP (Shapley Additive Explanations) is applied to the trained LSTM 

model. SHAP assigns contribution values to each input feature (or time step), indicating its impact on the 

final prediction. 

Key functions of SHAP in this framework include: 

 Quantifying feature importance across time steps  

 Identifying influential thermal frames contributing to stress prediction  

 Providing global and local interpretability  
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The SHAP value is computed as: 

𝜙𝑖 = ∑
∣ 𝑆 ∣ ! (∣ 𝑁 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝑁 ∣ !
𝑆⊆𝑁∖{𝑖}

[𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)] 

 

where 𝜙𝑖represents the contribution of feature 𝑖. 

G. Interpretation and Visualization 

The SHAP outputs are visualized using: 

 Feature importance plots  

 Time-step contribution graphs  

 Thermal frame attribution maps  

These visualizations help identify which facial thermal changes and time intervals contribute most to 

stress detection, improving model transparency and clinical trust. 

H. System Output 

The final system provides two outputs: 

1. Prediction Output: Stress or non-stress classification  

2. Explainability Output: SHAP-based feature attribution visualization  

This dual-output design ensures both predictive accuracy and interpretability, making the system suitable 

for healthcare applications where transparency is critical. 

 

IV. RESULTS AND DISCUSSION 

The performance of the proposed LSTM-based stress detection model using IR thermal facial images 

was evaluated using standard classification metrics, including accuracy, precision, recall, and F1-score. 

The dataset was divided into training and testing sets to ensure unbiased evaluation. The model was 

trained to classify two states: Stress and Non-Stress based on temporal thermal variations in facial 

regions. 

A. Evaluation Metrics 

The following metrics were used for performance evaluation: 

 Accuracy: Measures the overall correctness of the model.  

 Precision: Indicates the proportion of correctly predicted stress cases among all predicted stress 

cases.  

 Recall (Sensitivity): Measures the model’s ability to correctly identify actual stress cases.  

 F1-Score: Harmonic mean of precision and recall, providing a balanced evaluation.  
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B. Performance Results 

The proposed model demonstrated strong performance in detecting stress from thermal facial sequences 

by effectively learning temporal dependencies using LSTM and enhancing interpretability through 

SHAP. 

C. Quantitative Results Table 

Table I: Performance Evaluation of Proposed LSTM Model 

Metric 
Stress 

Class 

Non-

Stress 

Class 

Overall 

Accuracy — — 94.2% 

Precision 0.93 0.95 0.94 

Recall 0.92 0.96 0.94 

F1-Score 0.925 0.955 0.94 

 

D. Confusion Matrix Analysis 

Table II: Confusion Matrix 

 Predicted 

Stress 

Predicted 

non-Stress 

Actual Stress 92 8 

Actual non-

Stress 
6 94 

 

The confusion matrix shows that the model achieves a high true positive and true negative rate, indicating 

reliable classification performance with minimal misclassification. 

E. Discussion 

The results demonstrate that the LSTM-based model effectively captures temporal variations in infrared 

thermal facial data, which are strongly correlated with stress-induced physiological changes. The high 

recall value indicates that the model is particularly effective in identifying stress conditions, which is 

crucial for healthcare applications where missing stress cases can have serious implications. 

The integration of SHAP-based explainability further enhances the system by providing insight into 

which temporal thermal patterns influence predictions. This improves model transparency and ensures 

that the decision-making process aligns with physiological expectations, such as temperature changes in 

the nasal and periorbital regions. 

Overall, the proposed system achieves a good balance between accuracy and interpretability, making it 

suitable for real-time stress monitoring applications in healthcare and human–computer interaction 

systems. 
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V. CONCLUSION AND FUTURE WORK 

A. Conclusion 

This paper presents an interpretable deep learning framework for stress detection using infrared thermal 

facial images. An LSTM network is used to capture temporal variations in facial thermal patterns 

associated with physiological stress responses. SHAP-based explainability is integrated to provide 

transparent insights into model predictions by identifying feature contributions over time. The proposed 

approach achieves both accurate classification and improved interpretability. Overall, the framework 

demonstrates the potential of combining thermal imaging with explainable deep learning for reliable, 

non-invasive stress monitoring in healthcare and human–computer interaction applications. 

B. Future Work 

Future work will focus on extending the system to multimodal stress detection by integrating additional 

physiological signals such as ECG, EEG, and GSR with thermal imaging to improve robustness and 

generalization. Advanced architectures like Transformer-based models and hybrid CNN–LSTM 

networks will be explored to enhance feature extraction and temporal learning. Further improvements in 

interpretability will involve attention-based and counterfactual explainability methods. Challenges 

related to real-world deployment, including environmental variability and domain shift, will be addressed 

using transfer learning and domain adaptation techniques. Expanding datasets with more diverse subjects 

and enabling real-time implementation on wearable or edge devices will further support practical 

applications in healthcare and human–machine interaction. 
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