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Abstract—Depression is a pervasive mental health disorder 
affecting millions of individuals worldwide, with profound per- 
sonal and societal implications. Early detection and intervention 
are critical for improving treatment outcomes and reducing 
the burden of this condition. In response to this challenge, 
this research paper presents a Depression Detection System 
(DDS), a technological solution that harnesses the power of 
machine learning and data analytics to identify potential cases of 
depression. This paper discusses the underlying technology, the 
ethical considerations surrounding privacy and consent, and the 
potential benefits of early depression detection. The depression 
detection system represents a promising avenue for enhancing 
mental health care by offering scalable, accessible, and non- 
intrusive tools for identifying individuals at risk. 

Index Terms—Depression, Convolutional Neural Network, Re- 
current Neural Network 

I. INTRODUCTION 

A. Background 

Depression is a pervasive mental health disorder affecting 

millions of individuals worldwide, with profound personal 

and societal implications. Early detection and intervention 

are critical for improving treatment outcomes and reducing 

the burden of this conclusion. Hence a depression detection 

system will be very useful in order to detect early symptoms 

of depression, so that it can be treated as early as possible. In 

order to achieve a fully working depression detection system, 

we are going to use deep learning. In which we are going to 

use Convolutional Neural Network (CNN). CNN will help in 

detecting depression through visual input (video and image). 

CNN is known as best for extracting features from an image 

or video. We are also going to use Recurrent Neural Network 

(RNN). RNN is known for predicting the next step that is feed 

forward networks. RNN has an ability that it can remember 

its previous inputs, and hence it is able to predict. RNN is 

very useful when it comes to extracting features from text, 

and hence it will be useful in our project if we need to 

detect depression through text paragraphs. The first section of 

this research paper focuses on the introduction. It highlights 

why depression detection system is needed. It introduces the 

concepts of CNN and RNN which will be used. The second 

section discusses the literature review, which includes three 

research papers referred to and studied. The third section 

is about proposed method, a depression detection system 

which will be created using CNN, RNN. The fourth section 

is the conclusion of the research paper and the last part is 

acknowledgements and references. 

The objectives of this paper regarding the depression detec- 

tion system are: firstly, to delve into the underlying method- 

ologies employed in the development of depression detection 

systems, shedding light on small details of data collection, 

feature extraction, model architectures and training techniques; 

and secondly, to underscore the practical implications of 

depression detection in real-world settings. Through com- 

prehensive studies, performance evaluations, and empirical 

analyses, this paper endeavors to showcase the efficacy of 

depression detection systems and their potential impact on 

clinical practice and public health initiatives. By shedding light 

on the advancements and challenges in depression detection 

systems, this paper aims to foster collaboration, innovation, 

and further research in this rapidly evolving field. Ultimately, 

it seeks to contribute to the development of more robust 

and reliable depression detection systems, thereby improving 

outcomes for individuals affected by depression and promoting 

mental well-being on a global scale. 

B. Problem Description 

Depression detection is essential for various domains, includ- 

ing healthcare, public health, and social welfare. However, 

existing detection methods encounter challenges in accurately 

identifying depressive symptoms from diverse data sources. 

Traditional approaches often rely on manual assessment and 

structured questionnaires, which may overlook subtle nuances 

and individual variations in depressive symptoms. Moreover, 

the subjective nature of self-reporting and the stigma associ- 

ated with mental health can impede accurate diagnosis and 

intervention. This research project aims to develop innovative 
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machine learning-based approaches, such as deep learning and 

sentiment analysis, to enhance the accuracy and efficiency 

of depression detection. By leveraging large-scale datasets 

and advanced algorithms, this project seeks to overcome 

the limitations of traditional methods and provide scalable, 

accessible, and non-intrusive tools for identifying individuals 

at risk of depression. 

C. Objectives and Goals 

The primary aim of developing depression detection systems 

utilizing Convolutional Neural Networks (CNNs) and Re- 

current Neural Networks (RNNs) is to create architectures 

optimized for the task of accurately identifying depressive 

symptoms from various data sources. By delving into method- 

ologies for data preprocessing, feature extraction, and model 

training, the research endeavors to enhance the accuracy and 

robustness of CNN and RNN-based depression detection sys- 

tems. Empirical evaluations conducted on real-world datasets 

and clinical scenarios will validate the effectiveness of the 

proposed approaches. 

Furthermore, this research seeks to explain the potential 

applications of CNN and RNN-based depression detection 

technology across diverse domains, including healthcare, men- 

tal health support services, and public health initiatives. By 

showcasing the versatility and utility of depression detection 

systems, the aim is to facilitate their integration into practical 

settings and enhance their accessibility and usability. 

Moreover, this work aims to address current challenges 

in depression detection and propose future directions for ad- 

vancing the field’s understanding of mental health monitoring 

and intervention. By serving as a comprehensive resource for 

researchers, clinicians, and stakeholders, this study endeavors 

to foster collaboration and innovation in the development 

of more effective and reliable depression detection systems, 

ultimately contributing to improved mental health outcomes 

and well-being for individuals worldwide. 

 

II. RELATED WORK 
 

We referred to IEEE papers for our research and to gain an 

understanding of CNN and RNN, their importance, existing 

systems, and their limitations. Here are the referred papers. 

Vandana, Nikhil Marriwala and Deepti Chaudhary’s “A 

hybrid model for depression detection using deep learning”. 

In this research paper the authors have created a hybrid model 

that is they have used CNN and Bi-LSTM model. They created 

three models for detecting depression, first a textual CNN 

model, second is audio CNN model and third is hybrid LSTM 

and Bi-LSTM model. They have used three models in order to 

check the accuracy. LSTM is fast when it comes to give output, 

but a bad model for remembering audio and text features for 

long period of time, hence CNN and Bi-LSTM are better at 

accuracy. In conclusion, Bi- LSTM model and audio CNN has 

better training accuracy and validation accuracy as compared 

to LSTM model and textual CNN model [1]. 

Ruoxi Ding and Yu Sun’s research paper “Detecting De- 

pression in Social Media Using Machine Learning”. The 

authors have created a social media depression detection, in 

which they are detecting depression in Instagram analyzing 

the users’ posts which includes text, images and videos. In 

order to prove the program two experiments are conducted. 

First one was conducted on 15 students Instagram posts and 

100% accuracy was gain while detecting depression through 

both photos and captions. The second experiment was carried 

out by running the software 50 times for each Instagram 

account. One contained only positive posts, while the other 

only contained posts that were wholly depressive. Both caption 

analysis and image analysis produced 100% identical results. 

Positive posts took a little longer on average than depressive 

posts to receive the final analysis results. Using image analysis, 

it was possible to identify 70% of depressed students and 80% 

of positive students. This demonstrates that caption analysis is 

more precise than image analysis.[2] 

Prof.G.Harinatha Reddy, G.Meghana, D.Panidhar, 

D.Narayana Nanda Neeraj, Ch.Vinaykumar’s “Depression 

Detection System Using Python”. In this research paper the 

authors have used 3 models in their system, face detection 

which is implemented by Haar Cascade, emotion recognition 

which is implemented by CNN using Keras, and speech-to- 

text conversion which is done by AssemblyAI or API. To 

detect depression their system takes 50% of prediction data 

form images and 50% of prediction data from audio. They 

received an accuracy rate of 85%. The time taken by this 

system is more to show depression percentage [3]. 

Amna Amanat, Muhammad Rizwan, Abdul Rehman Javed, 

Maha Abdelhaq, Raed Alsaqour, Sharnil Pandya Mueen Ud- 

din’s “Deep Learning for depression detection from Textual 

Data”. In this research paper the authors have made a de- 

pression detection system to detect depression from social 

media texts. To clean the dataset they have used tokenization, 

stemming, lemmatization. [4] 

Sanket Pote, Smita Badarkhe, Vinayak Mahajan, Pratik 

Chavan’s “Detection Of Depression Using Machine Learning”. 

In this research paper the authors have used multiple machine 

learning models such as Logistic regression, na¨ıve bayes, 

etc. and they have compared these models for time taken 

for processing the data and also their accuracy. The highest 

accuracy was achieved by logistic regression model.[5] 

Farzana Arefin Nazira, Sharma Rani Das, Sadah Anjum 

Shanto, M. Firoz Mridha’s “Depression Detection Using Con- 

volutional Neural Networks”. The authors have used the 

DND dataset which contains of 5000 images. Then they have 

combined CNN, Haar Cascade classifier and OpenCV to detect 

depression.[6] 

Arkaprabha Sau, Ishita Bhakta’s “Predicting anxiety and 

depression in elderly patients using machine learning tech- 

nology”. Feature selection approaches are applied to reduce 

http://www.ijrti.org/


                                            © 2024 IJNRD | Volume 9, Issue 5 May 204| ISSN: 2456-4184 | IJNRD.ORG 
 

IJNRD2405665 International Journal of Novel Research and Development (www.ijnrd.org) 
 

 

g580 
c580 

the feature dimension and various classifiers were evaluated 

with the selected features using machine learning technology. 

The authors have used the ten-fold cross validation method, 

and the classifier with the highest predictive accuracy was then 

selected for further external validation.[7] 

Ashwini Arun Durbude, Dr. Avinash J. Agrawal’s “A Sys- 

tem to Predict Mental Depression Using Natural Language 

Processing”. The audio is taken as an input where speech 

is converted to text. The authors have used Geriatric depres- 

sion Scale as questions. The answers are stored for further 

processing the result. A set of words is defined for each of 

the following classes (emotions); as Happy, Excite, Sad and 

Nervous. For conversion purpose, Google provides an API 

called the Google Cloud Speech-to- Text API that can be used 

to transcribe audio into text.[8] 

Arselan Ashraf, Teddy Surya Gunawan, Bob Subhan Riza, 

Edy Victor Haryanto, Zuriati Janin’s “Image and video- based 

depression detection using machine learning”. They have 

compared various depression detection models using different 

machine learning algorithms. The comparison is based on 

various factors such as accuracy, mean absolute error (MAE), 

and precision of the models.[9] 

B Surekha Reddy, Jishitha Kondaveti, V Akshaya Bha- 

vani, P Aishwarya’s “Development of a Depression Detection 

System Using Speech and Text Data”. The author has used 

Toronto Emotional Speech Dataset (TESS) as it consists of 

2800 audio files with spoken words representing different 

emotions. They have used LSTM architecture in order to make 

tha bi-modal system.[10] 

 

III. PROPOSED SYSTEM 

1) Data Preprocessing: 

i. Convolutional Neural Network: 

The configuration of the Visual Cortex affects the architec- 

ture of a ConvNet, which is comparable to the connectivity 

network of neurons in the human brain .The i-th layer of 

a convolutional neural network is formed by combining the 

convolutional layer and the pooling layer. The number of 

these layers may be increased depending on how complex the 

images are to capture even more minute details, but doing so 

will require more processing power.[1] 

ii. Facial Expression dataset: 

There are several open-access facial expression datasets. We 

utilized the Kaggle dataset for facial expression, which con- 

tains 48x48 pixel grayscale portraits of people. 28,709 samples 

representing the seven emotions—happy, sad, startled, afraid, 

furious, disgusted, and neutral—make up the training set. 

iii. Image Preprocessing: 

Using the Haar Cascade Library the edges of face were found 

in photos. Following that a crop and recording were done 

on these discovered rectangular face expressions Additionally, 

the photos were made grayscale before being fed into neural 

networks. This procedure was carried out to prevent the neural 

networks from having extra density.[5][7] 

 

iv. Audio Preprocessing: 

The “Stream-of-Consciousness” is a database created or col- 

lected by Pannebaker and King in 1999. This dataset is crucial 

in understanding the sentimental analysis of the data or rather 

the textual data which can be used to categorize the pattern of 

the person talking. 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 1. Block Diagram of System 
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2) Model Definition: 

i. Convolutional neural network architecture: 

The pixel values in a rectangular region comprising face 

emotions are the main goal of the proposed CNN architecture. 

It goes through three steps of this before being fed into com- 

pletely bonded layers. The two levels of the CNN structure are 

made up of facial expression data. Two convolutional layers 

with relay activation and a max pooling layer make up the 

first stage, while two convolutional layers with Relu activation 

and max pooling make up the second stage. Each picture is 

transported to fully connected layers after all convolution and 

max-pooling processes, and a classifier evaluated the images 

to identify seven distinct face emotional states.[6] 

 

ii. Network training: 

The neural networks were created with Keras with a Python 

TensorFlow backend. The model carries out 50 epochs of 

training. 

 

iii. Speech to text conversion: 

Using assembly AI, speech to text conversion was achieved. 

The quickest method for developing using AI for audio is 

Assembly AI. Using AI models, audio and video data may be 

transcribed and understood using Assembly Ai’s API.[8][9] 

 

3) Real Time Emotion Recognition: 

i. Real time testing: 

The trained model was put to the test in real time following 

training of the suggested CNN architecture. The computer 

camera first recognized human faces using the Haar Cascade 

library. The model was then asked to query the classes to 

which the identified pictures belong. The facial expression’s 

potential class affiliation was shown on the camera screen as 

a consequence of the forecasts. Using OpenCV, a rectangle 

border is drawn around the identified face, and the emotions 

are presented on the screen with an emoticon indicator and a 

confidence bar for each emotion. In the meanwhile, the speech 

in the video was transformed into text.[10] 

 

ii. Analysis: 

The video will be captured and uploaded to the website, where 

the algorithm will use the visual data to make predictions. 

Based on the person’s expression, emotions will be detected; 

result will be shown on the next page in graph visualizations. 

The graph will the emotion percentages, if sad, angry per- 

centage is greater than 60%, it will tell the person to consult 

a doctor; if it is lower than 60%, or neutral, happy emotions 

are greater, it will them to cheer up. Additionally, the website 

also provides the charts of previous candidates, in order to 

make comparisons. Similarly, for audio part it will record a 

15 seconds audio and based on the person talk it will make 

predictions. As for text the person has to write or upload a 

text file in order to make predictions. 

IV. METHODOLOGY AND IMPLEMENTATION 

The methodology for the research paper on a depression 

detection system utilizing Convolutional Neural Networks 

(CNNs) and Recurrent Neural Networks (RNNs) encompasses 

a systematic approach to system development and evaluation. 

The process begins with defining the scope and objectives of 

the research, including the specific goals of the depression 

detection system and the selection of appropriate datasets for 

training and evaluation. 

Next, the dataset undergoes rigorous preprocessing steps to 

ensure data quality and consistency. This includes cleaning 

the data, handling missing values, and normalizing or 

standardizing the data for input into the neural network 

models. 

Following data preprocessing, CNN and RNN architectures 

are meticulously designed and optimized to effectively 

capture and extract features relevant to depression detection. 

This involves iterative adjustments to network depth, layer 

configurations, and input representations tailored to the 

nuances of depressive symptoms. 

Finally, the deployment of the depression detection system in 

real-world scenarios, facilitated by user-friendly interfaces, 

enables practical applications across diverse domains. By 

following a methodical approach encompassing model design, 

training, evaluation, and deployment, this research endeavor 

aims to significantly advance the state-of-the-art in depression 

detection technology while encouraging innovation and useful 

applications in real-world settings. 

 

A. User Interface: 

The user interface acts as the primary gateway for users to 

interact with our depression detection system, incorporating a 

pivotal role in ensuring user engagement and system usability. 

Designed with a focus on user-friendliness, the interface 

offers a web-based platform accessible across various devices, 

enabling smooth submission of video interviews, audio inter- 

views, or textual analysis for depression detection. 

Users are presented with versatile options for uploading 

content, either from local storage or via URL, enhancing 

accessibility and convenience. Additionally, depression detec- 

tion results are presented in a clear and visually informative 

manner, allowing users to easily understand the detected 

depression indicators alongside their corresponding confidence 

levels. To enhance the user experience, the interface includes 

embedded support mechanisms, facilitating seamless access to 

assistance and feedback channels. 

The system adopts a comprehensive approach to depression 

detection, complemented by a user-friendly website interface 

aimed at simplifying user interaction and providing easy ac- 

cess to depression detection capabilities. The website interface 

comprises User Interface main page and further pipe-lined 

option and resulted output page for each and every result. 

 

a) Main Page: The first page of the ”Depression Detection 

System” provides the information about the Project flow. It ba- 
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Fig. 2. Main page of Depression Detection System 

 

 

sically provides with the three option dialog-looking options, 

containing the headings as Video Interview, Audio Interview 

and Textual Interview respectively. The each have the details 

mentioned about the structure of the working principle of each 

methods and set of emotions in the Video and Audio. For text 

the categorization is implemented using the characteristically 

approach of the dialogue provided to the machine. 

This web page based User Interface is designed in a way 

that makes it usable for all sections of the society and hence 

resulting i longer and higher gross audience support and 

gathering. 

2) Video Interview: 

When users opt for the Video Interview feature, they are 

seamlessly guided into the video analysis phase, where they’re 

prompted to record a succinct 45-second video excerpt. At the 

core of this process lies a sophisticated Convolutional Neural 

Network (CNN) based algorithm, meticulously trained on the 

Kaggle FER2013 challenge dataset. This algorithm serves as 

the backbone of the system, adeptly discerning intricate facial 

expressions and subtle emotional cues within the recorded 

videos. Emotions, as discerned by the CNN algorithm, are 

intelligently categorized into six distinct clusters, each repre- 

senting a fundamental aspect of human emotional expression: 

Anger, Happiness, Fear, Sadness, Surprise, and Disgust. These 

clusters provide a comprehensive framework for understanding 

the emotional landscape depicted in the user-submitted videos. 

Crucially, the system goes beyond mere emotional identifi- 

cation, leveraging the presence of specific emotions associated 

with depression—namely, Anger, Sadness, Fear, and Dis- 

gust—to infer the potential presence of depressive symptoms. 

By correlating these indicators with established psychological 

frameworks, the system can provide valuable insights into the 

user’s mental well-being. In real-time, users are furnished with 

detailed feedback on their facial expressions and emotional 

states, presented through easily interpretable face and emotion 

recognition percentages. This immediate feedback mechanism 

not only enhances user engagement but also empowers in- 

dividuals to gain a deeper understanding of their emotional 

experiences. 

Complementing the real-time feedback is the generation 

of analytical reports that encapsulate the system’s findings. 

These reports serve as invaluable tools for users and mental 

health professionals alike, offering a concise yet comprehen- 

sive overview of the emotional dynamics captured within the 

video interview. By distilling complex emotional data into 

actionable insights, these reports facilitate informed decision- 

making and proactive steps towards mental well-being. More- 

over, the system’s analytical capabilities extend beyond mere 

emotion recognition, encompassing nuanced assessments of 

emotional trends and patterns over time. By tracking changes 

in emotional expression and identifying potential deviations 

from baseline behavior, the system enables users to monitor 

their emotional health proactively. 

In essence, the Video Interview feature represents a piv- 

otal component of the Webpage-Based Depression Detection 

System, harnessing the power of advanced machine learning 

algorithms to decode the intricate language of human emo- 

tions. Through seamless integration with the user interface 

and robust analytical capabilities, this feature empowers in- 

dividuals to embark on a journey of self-discovery and mental 

well-being. 

3) Audio Interview: 

Opting for the Audio Interview option guides users into the 

audio analysis phase, where they capture a concise 15-second 

audio excerpt. Behind the scenes, a sophisticated CNN-based 

algorithm is deployed, leveraging the rich dataset of the Ry- 

erson Audio-Visual Database for Emotional Speech and Song 

(RAVDESS) to dissect emotional nuances embedded within 

the speech. Much like its video counterpart, this algorithm 

sorts emotional expressions into six distinct clusters: Anger, 

Happiness, Fear, Sadness, Surprise, and Disgust. Depression 

indicators are then discerned based on specific emotional 

cues extracted from the audio input. Users are promptly 

furnished with real-time feedback concerning the percentages 

of emotional expression detected, coupled with an assessment 

of their depressive state. This multifaceted system offers a 

seamless approach to depression detection by accommodating 

various modes of user interaction, each tailored to cater to 

different preferences and circumstances. The Video Interview 

option taps into the visual cues provided by facial expressions, 

while the Audio Interview delves into the subtle nuances of 

speech patterns. Both options harness the power of CNN-based 

algorithms to decipher emotional signals and unveil potential 

signs of depression. 

 

 
Fig. 3. Audio Interview Page 

 

 

Furthermore, the system’s capabilities extend beyond mere 
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detection, as it furnishes users with actionable insights and 

analytical reports summarizing the findings. These reports 

serve as valuable tools for users to gain a deeper understanding 

of their emotional well-being and take proactive steps towards 

seeking assistance or intervention if necessary. The integration 

of real-time feedback adds a layer of immediacy to the user ex- 

perience, empowering individuals to engage with their mental 

health in a timely manner. By providing prompt feedback on 

emotional expression percentages and depression assessment, 

the system facilitates self-awareness and encourages proactive 

measures to address potential mental health concerns. 

In essence, the Audio Interview option complements the 

Video Interview in providing a comprehensive and accessible 

platform for depression detection. By leveraging advanced 

CNN-based algorithms and real-time feedback mechanisms, 

the system offers users a holistic approach to assessing their 

emotional well-being, ultimately empowering them to take 

control of their mental health journey. 

4) Textual Interview: The Textual Interview option within the 

Webpage-Based Depression Detection System offers users a 

flexible approach to convey their thoughts and emotions. Users 

are presented with the choice to either type their responses 

directly into a provided text prompt or upload a document 

file containing their written reflections. Crucially, there are 

no constraints imposed on the length or size of the text 

input, allowing individuals to express themselves freely and 

comprehensively. 

 

Fig. 4. Textual Interview Page 

 

 

Underlying the analysis of textual inputs is the utilization 

of advanced Recurrent Neural Network (RNN) based algo- 

rithms. These algorithms are specifically tailored to dissect 

and interpret the nuanced nuances of text, delving into both 

the sentiment conveyed and the linguistic features embedded 

within the written content. By leveraging the capabilities of 

RNNs, the system can unravel the intricate tapestry of emo- 

tions and thoughts expressed through textual communication. 

To further enhance the accuracy and reliability of depression 

assessment, the system draws upon the rich insights gleaned 

from the Stream of Consciousness dataset curated by Pen- 

nebaker and King. This dataset serves as a robust foundation 

for training the RNN algorithms, providing a diverse array 

of textual expressions spanning various emotional states and 

psychological dimensions. 

Central to the depression detection process is the analysis 

of key psychological traits linked to depression. These traits, 

including openness, conscientiousness, extraversion, agree- 

ableness, and neuroticism, form the cornerstone of the sys- 

tem’s assessment framework. By scrutinizing the presence and 

intensity of these traits within the textual inputs, the system 

can derive meaningful insights into an individual’s mental 

well-being and susceptibility to depressive symptoms. Upon 

completion of the textual interview, users are presented with 

detailed reports outlining their depression risk levels based 

on the comprehensive analysis of their written expressions. 

These reports serve as invaluable resources for both users and 

mental health professionals, offering a nuanced understanding 

of the individual’s emotional landscape and highlighting areas 

of concern or potential intervention. 

In essence, the Textual Interview feature represents a vi- 

tal component of the Webpage-Based Depression Detection 

System, bridging the gap between written communication and 

mental health assessment. Through the seamless integration 

of advanced machine learning algorithms and rich textual 

analysis, this feature empowers individuals to articulate their 

innermost thoughts and emotions while facilitating proactive 

steps towards mental well-being. 

B. Experimental Result: 

The seamless integration of our website with the HAR 

model ensures an effortless user experience. Upon video 

submission, the system efficiently processes the footage, per- 

forming preprocessing, frame extraction, and transmission to 

the CNN-based HAR model. This integration empowers users 

to utilize the model’s capabilities fully without necessitating 

specialized technical expertise. Serving as a bridge between 

users and the model, our website adopts a user-centric ap- 

proach to HAR, ensuring accessibility and usability for all 

users. 
 

 
Fig. 5. Video Interview page 

 

 

The usage of the python deep learning libraries as tensorflow 

and pandas it provides us the capability to classify the emotion 

on the face by selecting the projection and work region by 

putting a squared margin over it. The HAR- cascade libraries 

are also used. 

The analytical reading and the visualization of the experi- 

mental results can be as describes below, 
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Fig. 6. Analytical Report generated using the dataset and comparison between 
the results 

 

 

C. Workflow: 

The Emotion-Based Depression Detection System offers a 

comprehensive platform for users to assess their emotional 

well-being through various input options: Video Interview, 

Audio Interview, and Textual Interview. Each option provides 

a unique pathway for users to submit data for depression 

assessment, accommodating individual preferences. 

In the Video Interview phase, users record a 45-second 

video capturing their facial expressions and emotional cues. A 

pre-trained Convolutional Neural Network (CNN) algorithm 

analyzes these expressions based on the Kaggle FER2013 

challenge dataset. Emotions, categorized into six clusters, are 

assessed, with depression inferred from emotions commonly 

associated with it. Real-time face and emotion recognition per- 

centages, alongside detailed analytical reports, offer insights 

into users’ emotional states. 

The Audio Interview phase involves capturing a 15-second 

audio clip of the user’s speech patterns and emotional ex- 

pressions. A pre-trained CNN algorithm, trained on the Ry- 

erson Audio-Visual Database for Emotional Speech and Song 

(RAVDESS), analyzes emotional speech patterns similarly to 

the video analysis. Depression is inferred from detected de- 

pressive emotions, with real-time feedback provided to users. 

 

 
Fig. 7. Block Diagram of the Model 

The Textual Interview option allows users to express 

thoughts and emotions freely through typing directly into a 

provided prompt or uploading a document file. An algorithm 

based on Recurrent Neural Networks (RNNs) analyzes sen- 

timent and linguistic features from the text input, utilizing 

the Stream of Consciousness dataset by Pennebaker and King 

for training. Depression levels are assessed based on key 

psychological traits extracted from the textual input, with 

detailed reports outlining depression risk levels provided to 

users. 

In summary, the system’s homepage offers users three 

input options, each employing advanced machine learning 

algorithms to analyze emotional data. Through video, audio, 

and textual inputs, users gain insights into their emotional 

states and potential risk factors for depression. The system’s 

versatility and detailed analysis empower users to proactively 

manage their mental well-being. 

V. ALGORITHM OVERVIEW 

The depression detection system’s algorithm overview pro- 

vides a detailed insight into the methodologies and techniques 

utilized in recognizing and categorizing depressive behaviors. 

Instead of focusing solely on Human Activity Recognition 

(HAR), the project integrates Convolutional Neural Networks 

(CNNs) for analyzing video data and Recurrent Neural Net- 

works (RNNs) for emotion recognition, aiming to detect signs 

of depression effectively. 

CNNs serve as the cornerstone of the system, adept at 

extracting spatial and temporal features from video frames to 

capture nuanced patterns associated with depressive behaviors. 

Convolutional layers convolve input data with learnable filters, 

efficiently extracting spatial properties crucial for identifying 

depressive cues. Pooling layers further enhance computational 

efficiency by reducing spatial dimensions through techniques 

like max-pooling and average-pooling. Activation functions 

introduce non-linearity to capture complex relationships within 

the data, facilitating the classification of depressive activities 

based on learned patterns. 

In addition to CNNs, RNN-based algorithms play a vital 

role in emotion recognition. These algorithms analyze textual 

inputs, capturing sentiment and linguistic features associated 

with depression. By leveraging datasets such as the Stream of 

Consciousness dataset by Pennebaker and King, RNNs assess 

depression levels based on key psychological traits extracted 

from textual inputs. This comprehensive approach enables the 

system to recognize and classify depressive behaviors across 

multiple modalities. 

Data preprocessing is emphasized to ensure data consistency 

and quality. Tasks such as frame extraction, normalization, and 

augmentation enhance the model’s performance and gener- 

alization capabilities. The training process involves iterative 

optimization of the CNN and RNN models’ parameters, ad- 

justing weights and biases based on labeled training data. 

Techniques like stochastic gradient descent (SGD) and its 

variants optimize the models’ loss functions and improve 

performance over time. 

http://www.ijrti.org/
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Evaluation and validation are integral phases, where the 

trained models’ performance is rigorously assessed using 

independent datasets. Metrics such as accuracy, precision, 

recall, and F1-score quantify the models’ accuracy in identi- 

fying depressive behaviors. Cross-validation techniques ensure 

generalization across diverse datasets, promoting reliability in 

real-life scenarios. 

Overall, the algorithm overview highlights the importance of 

CNNs and RNNs, along with data preprocessing techniques, in 

effectively detecting depressive behaviors. By leveraging deep 

learning methodologies, the project aims to achieve state-of- 

the-art performance in depression detection and contribute to 

advancements in mental health assessment and intervention. 

Thorough assessment and verification ensure the system’s 

dependability and efficiency in real-world applications across 

various domains. 

 

VI. CONCLUSIONS 

 

In conclusion, this research embarks on a comprehensive 

exploration of depression detection systems utilizing advanced 

machine learning techniques, particularly Convolutional Neu- 

ral Networks (CNNs) and Recurrent Neural Networks (RNNs). 

By delving into the intricate methodologies for data prepro- 

cessing, feature extraction, and model training, this study sheds 

light on the efficacy of CNN and RNN-based approaches in 

identifying depressive symptoms from diverse data sources. 

Through meticulous analysis of benchmark datasets and em- 

pirical evaluations, this research underscores the pivotal role 

of CNNs and RNNs in enhancing the accuracy and efficiency 

of depression detection systems. 

The findings of this study carry significant implications for 

various real-world applications in mental health care, public 

health initiatives, and clinical practice. By leveraging CNN 

and RNN-based depression detection technology, this research 

aims to improve early intervention strategies, optimize re- 

source allocation in mental health services, and enhance the 

overall well-being of individuals affected by depression. 

Furthermore, this work paves the way for future advance- 

ments and breakthroughs in depression detection by addressing 

current challenges and proposing innovative research direc- 

tions. With a commitment to continuous improvement and 

ethical considerations, this research aims to remain at the 

forefront of depression detection technology, contributing to 

the advancement of mental health monitoring and intervention 

in real-world scenarios. 

Looking ahead, collaborative efforts and ongoing explo- 

ration in the field of depression detection using CNNs and 

RNNs hold immense promise for improving mental health 

outcomes and promoting mental well-being on a global scale. 

Through interdisciplinary collaboration and innovative re- 

search endeavors, the potential for leveraging advanced ma- 

chine learning techniques in depression detection remains vast, 

offering exciting opportunities for future research and practical 

applications. 
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