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Abstract: The increasing workload and pressure in the IT industry often lead to elevated stress levels among
professionals, affecting their health and productivity. This research proposes a novel approach to detect stress in IT
professionals using face recognition technology focusing on the forehead region. By analyzing images and
incorporating additional inputs like body temperature, oxygen levels, and sleep hours, we employ logistic regression
Artificial intelligence algorithms to predict stress levels. The proposed system aims to offer an efficient and non-
intrusive method for early stress detection, facilitating timely interventions to improve employee well-being. The
methodology involves preprocessing the images to enhance feature extraction, followed by the application of
convolutional neural networks (CNN) to identify stress-related patterns. The system is trained to recognize these
patterns and classify the stress levels accurately. To validate the effectiveness of the approach, the model's performance
is evaluated using metrics such as accuracy, precision, recall, and F1 score, and compared with existing stress detection
methods.
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1. INTRODUCTION

The information technology (IT) sector is known for its high-stress environment, driven by demanding deadlines,
complex problem-solving tasks, and continuous technological advancements. Chronic stress among IT professionals
can lead to serious health issues, reduced productivity, and increased employee turnover, making stress detection and
management critical for organizational success and employee well-being [12]. Traditional stress detection methods
often rely on self-reported questionnaires and physiological measurements such as heart rate and cortisol levels [8]
Recent advancements in affective computing and machine learning offer promising alternatives for non-intrusive stress
detection through facial recognition technology [9]. Facial expressions and physiological changes in the face,
particularly the forehead region, have been shown to correlate with emotional and psychological states, including stress
[13]. This research proposes a novel approach to stress detection in IT professionals by focusing on forehead images
captured through facial recognition systems. By leveraging machine learning algorithms, specifically convolutional
neural networks (CNNs), we aim to identify and analyze stress-related patterns in the forehead region.

1. LITERATURE SURVEY

Facial thermal imaging for stress detection: A comprehensive review the use of facial thermal imaging (FTI) for
stress detection, discussing its principles, benefits, and challenges. They highlight FTI's non-invasiveness and real-time
monitoring capabilities while noting areas for improvement, such as accuracy and robustness in varied conditions.

A global measure of perceived stress introduce a standardized tool for measuring perceived stress. Their study details
the development and validation of this measure, which assesses stress levels based on individual perceptions and
responses.

Viola and Jones (2001) present a method for fast object detection using a boosted cascade classifier. Their approach
combines simple features with a boosting algorithm to efficiently detect objects in images, improving both speed and
accuracy.

Haralick, Shanmugam, and Dinstein (1973) introduce textural features for image classification, focusing on quantifying
texture through statistical measures. Their methods enhance image analysis by leveraging texture information for more
accurate classification.
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1. EXISTING SYSTEM

Current systems for stress detection primarily rely on physiological measurements and self-reported data. Portable
gadgets that track heart rate, skin conductance, and body temperature are commonly used. Although these methods are
effective, they can be intrusive and uncomfortable for continuous monitoring. Additionally, self-reported questionnaires
are subjective and prone to bias. For instance, the Emphatic E4 wristband is a popular device that measures various
physiological parameters to assess stress . However, continuous use of such devices can be cumbersome for users.
Moreover, self-reported stress levels, as used in studies by Cohen et al. (1983), are subjective and may not precisely
represent physiological stress .

V. PROPOSED SYSTEM

The proposed system aims to develop a non-intrusive stress detection technique utilizing facial recognition technology
focusing on the forehead region. By processing forehead images and analyzing them through logistic regression
algorithms, we predict stress levels. The model also integrates additional inputs such as body temperature, oxygen
levels, and sleep hours to enhance prediction accuracy.

Key Components:

Face Recognition and ROI Extraction: Use OpenCV to detect faces and extract the forehead region.

Feature Extraction: Analyze texture, color, and thermal attributes of the forehead region.

Additional Inputs: Measure body temperature, oxygen levels, and record sleep hours.

Logistic Regression Model: Train a model using the extracted features and additional inputs to predict stress levels.

V. METHODOLOGY

The methodology section outlines the systematic approach taken to develop the stress detection system. It covers the
data collection, region of interest (ROI) extraction, feature extraction, model training, and evaluation processes.
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Figurel Methodology
Data Collection
Participants
The study involved a subset of IT professionals aged between 25 to 40 years. Participants were selected from different
IT companies, ensuring a mix of different job roles and stress levels.
Data Acquisition
Forehead Images: High-resolution images of participants' foreheads were captured using a standard webcam.
Participants were seated in a controlled setting with uniform lighting to minimize image variability.
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Physiological Data: Body temperature was assessed with a digital thermometer, and oxygen levels were measured
using a pulse oximeter. Participants were instructed to take these measurements at the same hour each day.

Sleep Hours: Participants recorded their sleep hours daily for a week using a sleep diary or a sleep tracking
application.

Region of Interest (ROI) Extraction

Using OpenCV, we implemented a face detection algorithm to locate and isolate the forehead region. The Haar Cascade
classifier was utilized for this task due to its accuracy and efficiency in real-time applications . The extracted ROl was
then standardized for further analysis.

Region of Interest in Computer Vision

ROI

Image

Figure .2 region of interest

Feature Extraction

Features from the forehead area were obtained through image processing techniques. For texture analysis, the Gray-
Level Co-occurrence Matrix (GLCM) was utilized to identify spatial relationships between pixels. Color attributes
were determined using histogram analysis, and thermal properties were inferred using pseudo-coloring techniques on
grayscale images.

Logistic Regression Model

The a logistic regression model was developed using the extracted features along with body temperature, oxygen levels,
and sleep hours. Logistic regression was selected because of its interpretability and effectiveness in binary
classification problems. The model was developed using scikit-learn, a popular Artificial intelligence library in Python .

Net Input Activation Unit Step
Function Function Function

Figure 3. logistic regression
Validation and Testing
The model was assessed using k-fold cross-validation to ensure robustness and avoid overfitting. A separate test dataset
was employed to assess the model's performance, measuring accuracy, precision, recall, and F1-score. ROC-AUC
analysis was also performed to evaluate the model's discriminative ability .
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VI. IMPLEMENTATION

The implementation involves several steps:

Data Preprocessing: Normalizing and preparing the dataset for analysis.

ROI Extraction: Using OpenCV for face detection and forehead extraction.

Feature Extraction: Applying image processing methods to obtain relevant features.
Model Training: Using scikit-learn to develop the logistic regression model.

Model Evaluation: Validating the model using cross-validation and testing on a separate dataset.
Tools and Libraries

Python: The main programming language utilized for implementation.

OpenCV: For image analysis and face detection.

scikit-learn: For Artificial intelligence model implementation and evaluation.
NumPy and Pandas: For data manipulation and analysis.

VILI. FUTURE ENHANCEMENT

Future enhancements could involve incorporating additional physiological signals, such as heart rate and skin
conductance, to improve prediction accuracy. The system could also be extended to include real-time monitoring and
integration with wearable devices. Moreover, advancements in deep learning could be leveraged to improve feature
extraction and prediction performance.

VIIl.  CONCLUSION

This research illustrates the potential of employing face recognition technology focusing on the forehead region for
stress detection in IT professionals. The recommended system offers a non-intrusive and efficient method for early
stress detection, which can significantly contribute to improving employee well-being and productivity.
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