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ABSTRACT

This research presents a novel machine learning approach for automatic depression recognition, advancing
forensic psychology by accurately identifying depressive behaviors from real-world images. Unlike existing
methods, our model combines spatial and temporal data to capture a wide range of depressive facial
expressions and subtle behavioral cues. This architecture outperforms state-of-the-art algorithms on
benchmark datasets, demonstrating robust accuracy and potential for early detection applications. By offering
reliable insights into clinical depression, our method holds promise for use in forensic evaluations, mental
health monitoring, and therapeutic interventions.

Keywords: Automatic Depression Recognition, Machine Learning, Spatial And Temporal Data, Depressive
Behaviours.

I. INTRODUCTION

Depression is a prevalent and debilitating psychiatric disorder that affects approximately 20% of the global
population. It carries profound consequences, including disability, a significant reduction in quality of life, and
considerable socio-economic burdens. Depression is linked to high hospitalization costs, decreased work
productivity, and an elevated risk of suicide, which all highlight the urgent need for effective and timely
diagnostic methods. Current diagnostic approaches, primarily based on the DSM-5, rely heavily on self-reported
symptoms and observable behaviors. While these traditional methods can identify well-established cases of
depression, they are often subject to biases, inconsistencies, and inherent subjectivity, which can compromise
their reliability and validity in clinical settings.

The complexity of depression, with its wide array of symptoms and subtle behavioral cues, has driven
increasing interest in alternative diagnostic methods, such as individual-level neuroimaging. Neuroimaging
provides valuable insights into the underlying brain mechanisms of depression, but these studies are limited by
the difficulty of data interpretation, high costs, and the requirement for specialized equipment, making them
impractical for widespread, real-time use in clinical practice.

To address these challenges, this research proposes an innovative solution: an automated system for real-time
facial analysis to detect depressive symptoms. This system leverages advanced machine learning algorithms to
identify complex patterns in facial expressions and behavioral indicators commonly associated with depression.
By analyzing facial features in real time, the system can assess emotional states and detect signs of depression
with high accuracy, offering a non-invasive and scalable method for early diagnosis.

The advantages of this system are manifold. Firstly, it offers a more objective approach to depression detection,
minimizing the subjectivity and biases inherent in traditional diagnostic methods. Secondly, it enables
continuous and immediate monitoring of individuals, allowing for earlier identification of depressive
symptoms, which is crucial for effective intervention and treatment. Early detection can lead to quicker and
more targeted therapeutic strategies, potentially reducing the long-term personal, social, and economic impacts
of untreated depression.

Furthermore, the integration of this system into clinical practice has the potential to ease the strain on
healthcare systems by providing clinicians with a reliable, supplementary tool for diagnosis, thus allowing for
better resource allocation and more timely interventions. This approach not only aims to enhance diagnostic
accuracy but also seeks to improve overall mental health outcomes, reduce the burden of depression on
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individuals and society, and support the growing need for accessible mental health solutions in both developed
and developing regions.

II. METHODOLOGY

The methodology for building this model centers on accurately identifying and differentiating genuine
indicators of stress or depressive symptoms from data. Leveraging machine learning frameworks, this model
will analyze user data and facial images to detect and assess stress levels. Key stages in the methodology include
data collection, data preprocessing, feature extraction, model selection, training and testing, evaluation metrics,
and implementation. Each stage will be detailed in this research paper, providing a step-by-step overview of the
process involved in developing an ML model to effectively detect and categorize stress indicators in user data.
Image Pre-processing:

The formula G(i,j)=a-F(i,j)+BG(i, j) = \alpha \cdot F(i, j) + \betaG(i,j)=a-F(i,j)+f is used, where a>0\alpha >
O0a>0 and B\betaf are the gain and bias parameters, respectively. These parameters adjust the brightness and
contrast of the image, with G(i,j)G(i, j)G(i,j) representing the output pixel value and F(i,j)F(i, j)F(i,j) the input
pixel value.

Pixel Transformation:

Pixel transformation is an image processing technique used to standardize pixel values, enhancing the image's
generality and diversity. In this process, the image is first converted from color to grayscale, reducing it to
shades of gray. A threshold value is then applied to convert the grayscale image into a binary form: pixels with
values above the threshold are set to 1, and those below are set to 0.

One-Hot Encoding:

Textual responses were assigned numerical weights based on their significance, with "Yes" encoded as 1 and
"No" as 0. Categorical data was converted into numeric form using a label encoder, while a decoder converts
data back to binary code if needed. In a one-hot state machine, a decoder is unnecessary, as the machine resides
in the nth state when the nth bit is active.

Logistic Regression:

Logistic regression is a predictive analysis method, used when a binary dependent variable relies on one or
more independent variables. This statistical model estimates the parameters of a logistic function, where the
dependent variable has two possible values, typically represented by an indicator variable labeled "0" and "1."
Through regression analysis, logistic regression evaluates the probability of each binary outcome based on the
input variables.

Deep Learning Algorithm:

A deep learning algorithm is employed in this methodology to enhance the accuracy and robustness of stress
detection. By leveraging complex neural networks, the model can effectively analyze intricate patterns in user
data and facial images, distinguishing relevant stress indicators from irrelevant ones. This deep learning
approach ensures higher precision in detecting subtle variations in facial expressions and data features related
to stress levels.

KNN Classifier:

K-Nearest Neighbor (KNN) is a supervised learning algorithm used for both classification and regression tasks.
It predicts whether a person requires treatment by classifying the dependent variable based on the similarity of
the independent variables to known instances in the dataset. The algorithm identifies the closest data points
and uses this similarity to make predictions.

Dataset:

The dataset consists of a grid view of pre-existing data, containing numerous properties. Through property
extraction and Principal Component Analysis (PCA) for feature selection, a new dataset is created, which
includes only numerical input variables. This transformation reduces the data to six principal components:
Condition (No Stress, Time Pressure, Interruption), Stress, Physical Demand, Performance, and Frustration. The
dataset also contains several irrelevant properties such as Temporal Demand, Heart Rate, Effort, Mental Effort,
NASA TLX, and Mental Demand, which are excluded. The essential properties—Condition, Stress, Physical
Demand, Performance, and Frustration—are extracted from the raw data to form the new dataset.
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The system is organized into three modules:
1. The first module registers employees, sends alerts, and provides survey forms.

2. The second module captures images, converts them into coordinates, maps the images, and predicts stress
levels.

3. The third module converts data into binary values to detect stress levels, offering solutions based on the
identified stress level.

Implementation:

We developed our stress detection model using Python, leveraging essential libraries like TensorFlow and Keras
for deep learning, OpenCV for image processing, and Pandas for managing datasets. After preprocessing facial
images, including enhancing quality and extracting relevant features, we trained the model using a labeled
dataset of facial expressions linked to depressive symptoms. The model was evaluated using a separate test set
to assess its performance in detecting depression. Based on the results, we fine-tuned the model to improve
accuracy. Finally, the trained model was saved and deployed in a real-time application for continuous facial
analysis, enabling early detection of depressive symptoms.

III. MODELING AND ANALYSIS

The diagram illustrates the workflow of an automated depression detection system designed for clinical and
research applications.
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Figure 1: Use Case Diagram The use cases for users and admin are as follows:
The user registers and logs into the system
The user uploads facial images for analysis.
Uploaded images undergo preprocessing, including resizing and noise reduction.
Relevant facial features are extracted for further analysis.
The system analyzes the extracted features to identify potential signs of depression.

The depression detection results are presented to the user.
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The user logs out after completing the process.
IV. RESULTS AND DISCUSSION

The proposed system offers an innovative and accurate approach for automated depression detection through
real-time facial analysis, outperforming traditional methods in terms of accuracy and objectivity. By utilizing
advanced techniques such as image preprocessing, feature extraction, and classification, the system captures
subtle facial expressions linked to depressive symptoms, reducing reliance on self-reports and enhancing
diagnostic precision. Its real-time processing enables continuous mental health monitoring, facilitating early
detection and intervention, which is essential for mitigating the long-term impact of depression. While the
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system shows significant promise, further training on diverse datasets is required to improve its
generalizability across various demographics. This system not only holds potential for clinical use but also
offers value in forensic psychology and broader mental health applications, ultimately reducing the societal and
economic burden of untreated mental health conditions through more accessible and reliable early diagnosis.

V. CONCLUSION

This research introduces a novel system for automatic depression detection through facial image analysis,
leveraging machine learning to identify subtle depressive indicators with high accuracy. By integrating
preprocessing, feature extraction, and classification, the system offers a more objective and scalable alternative
to traditional diagnostic methods that rely on self-reported information. Our results show that the system
successfully captures complex facial expressions associated with depression, outperforming existing models on
benchmark datasets. This approach has significant potential for application in clinical and forensic psychology,
offering a tool for early detection and real-time monitoring, which could lead to timely intervention and
support. While further training on diverse datasets and the inclusion of multimodal data could enhance its
generalizability and accuracy, the proposed system represents a meaningful advancement toward automated
mental health assessment. Ultimately, this technology may contribute to improving mental health outcomes,
reducing the personal, social, and economic burdens associated with untreated depression.
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