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Abstract- Music is a ubiquitous medium that deeply 

influences human psychophysiology. Traditional digital 

music players, however, remain passive tools, relying 

heavily on manual input for track selection. This active 

interaction often disrupts the user's immersion and fails to 

align with instantaneous emotional shifts. This paper 

proposes an intelligent "AI Mood-Based Music Player" 

designed to bridge the gap between human affect and 

digital entertainment. The system leverages a webcam for 

real-time video capture and employs computer vision 

(OpenCV) alongside Deep Learning techniques 

(specifically Convolutional Neural Networks) to classify 

facial expressions into distinct emotional categories: 

Happy, Sad, Angry, and Neutral. Upon classification, the 

system dynamically curates and plays a corresponding 

playlist. Experimental results demonstrate an average 

classification accuracy of approximately 85% under 

controlled lighting conditions, proving the viability of non-

intrusive emotion recognition in enhancing user 

experience. 
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I. INTRODUCTION 

 

• Human emotions act as a primary driver for 

decision-making, cognitive productivity, and 

mental health regulation. In the rapidly evolving 

domain of Human-Computer Interaction (HCI), 

"Affective Computing"—the study of systems that 

can recognize and simulate human emotions—has 

gained significant traction. While music is 

scientifically proven to regulate mood, current 

playback technologies lag in adaptability. Users 

are forced to manually browse libraries or select 

static "mood playlists" based on a self-diagnosis of 

their feelings, which can be cumbersome and 

cognitively draining. 

• This project introduces an automated, closed-loop 

system that integrates emotion recognition directly 

into the audio playback engine. By leveraging 

Python libraries such as OpenCV for image 

processing, DeepFace/FER for emotion 

classification, and Pygame for audio control, the 

system creates a seamless auditory environment 

dictated by the user’s facial cues. The primary 

objective is to minimize the "interaction cost" of 

music selection, thereby enhancing emotional 

satisfaction and user engagement. 

II. LITERATURE SURVEY & RELATED 

WORK 

• The evolution of music players has historically 

prioritized storage and fidelity over adaptability. 

• Manual & Static Systems: Traditional players 

(Winamp, iTunes) and modern streaming services 

(Spotify, Apple Music) rely on active user input. 

While "Mood Mixes" exist, they are static entities 

requiring the user to explicitly state, "I am sad," 

before the music matches their state. 

• Wearable Sensor Systems: Research by Kirke et al. 

utilized EEG and galvanic skin response sensors to 

detect mood. While accurate, these methods are 

highly intrusive, expensive, and impractical for 

casual daily use. 

• Facial Expression Analysis: Early attempts utilized 

geometric feature-based methods (measuring 

distances between eyes, mouth curvature). 

However, recent advancements in Deep Learning, 



© DEC 2025 | IRE Journals | Volume 9 Issue 6 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV9I6-1712558 

IRE 1712558          ICONIC RESEARCH AND ENGINEERING JOURNALS 147 

specifically Convolutional Neural Networks 

(CNNs), have surpassed these methods in accuracy 

and robustness against minor facial variations. 

• Research Gap: There is a distinct lack of 

lightweight, local-processing systems that 

integrate AI directly into a desktop playback 

engine without requiring external hardware, 

internet-dependent APIs, or intrusive wearables. 

This paper addresses this gap by proposing a 

privacy-focused, local-processing solution. 

III. SYSTEM ARCHITECTURE 

1. The proposed system operates on a linear processing 

pipeline: 

2. Input Module: Captures live video frames via a 

standard webcam (30 FPS). 

3. Face Detection: Utilizes the Haar Cascade Classifier 

to isolate the facial region of interest (ROI) from the 

background clutter. 

4. Preprocessing: Converts the ROI to grayscale and 

resizes it (typically 48x48 pixels) to match the input 

layer of the neural network. 

5. Feature Extraction & Classification: A pre-trained 

CNN analyzes the pixel intensity patterns to output a 

probability vector for emotion classes. 

6. Control Logic: A smoothing algorithm aggregates 

predictions over $N$ frames to prevent rapid song 

switching due to fleeting micro-expressions. 

7. Playback Engine: Maps the dominant emotion to a 

local directory and triggers the audio output. 

IV. METHODOLOGY 

The system is implemented using Python 3.8, chosen 

for its rich ecosystem of data science libraries. 

A. Face Detection with Haar Cascades 

The first step involves capturing video frames using 

OpenCV. To ensure computational efficiency, we 

employ the Haar Cascade Classifier. This machine 

learning object detection method is used to identify 

faces in an image (video frame) and create a bounding 

box. The detected face is then cropped and converted 

to grayscale to reduce dimensionality (from 3 channels 

to 1), simplifying the input for the neural network. 

B. Deep Learning for Emotion Recognition (FER) 

The core intelligence relies on a Convolutional Neural 

Network (CNN). Unlike traditional machine learning 

that requires manual feature selection, CNNs 

automatically learn hierarchical feature 

representations—from edges and textures to complex 

facial structures like "furrowed brows" or "raised 

cheeks." 

• Model Architecture: The system utilizes a model 

similar to VGG or Mini-Xception, comprising 

multiple convolutional layers (for feature 

extraction), pooling layers (for down-sampling), 

and fully connected dense layers (for 

classification). 

• Classification: The model outputs a probability 

distribution (Softmax) across the classes. The 

system filters for the dominant emotion among 

four primary categories: Happy, Sad, Angry, and 

Neutral. 

• To prevent rapid song switching due to micro-

expressions, a smoothing technique is applied to 

determine the dominant emotion over a sequence 

of frames. 

 

C. Temporal Smoothing 

Raw frame-by-frame prediction can be jittery. If a user 

blinks or turns their head, the prediction might 

momentarily spike to an incorrect emotion. To 

mitigate this, we implement a "Mode Filter": 
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D. Music Mapping and Playback 

The application maintains a structured local database: 

• ./mood_music/happy/ (High tempo, major key) 

• ./mood_music/sad/ (Slow tempo, minor key) 

• ./mood_music/angry/ (High intensity, rock/metal) 

• ./mood_music/neutral/ (Ambient, lofi beats) 

Upon classifying a sustained emotion, the system 

triggers the pygame.mixer module to crossfade into a 

track from the corresponding folder. 

• ./mood_music/neutral/ 

 

Upon classifying an emotion, the system accesses the 

corresponding directory and utilizes the Pygame 

library to randomly select and play a track. 

• D. Modes of Operation 

1. Auto AI Mode: The system continuously monitors 

the user and switches music dynamically if the 

mood shifts. 

2. Manual Override: For testing or specific user 

preference, a keyboard-based override is 

implemented (e.g., Pressing 'H' forces the 'Happy' 

playlist). 

V. EXPERIMENTAL RESULTS 

The system was tested under various lighting 

conditions and facial angles to evaluate the robustness 

of the emotion detection algorithm. 

 

 

Table 1: Emotion Detection Accuracy 

Emotion Category Detection Accuracy 

Happy 90% 

Sad 82% 

Angry 78% 

Neutral 88% 

Export to Sheets 

 

Analysis: The system achieved an aggregate accuracy 

of roughly 85%. 

• "Happy" detection was most accurate due to 

distinct facial landmark changes (smile, cheek 

elevation). 

• "Angry" showed slightly lower accuracy (78%), 

likely due to the subtlety of brow furrows which 

can be obscured by lighting or glasses. 

• Limitations: Performance degrades significantly in 

low-light environments or if the face is partially 

occluded. 

VI. ETHICAL & PRIVACY 

CONSIDERATIONS 

Given the use of cameras, privacy is paramount. 

1. Local Processing: All video processing occurs 

locally on the user's machine (Edge Computing). 

No video feeds or images are uploaded to the 

cloud. 
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2. Ephemeral Data: Images are processed in RAM 

and discarded immediately after prediction; they 

are never saved to the hard drive. 

3. User Consent: The camera is only active while the 

application is running and explicitly authorized by 

the user. 

VII. CONCLUSION 

This research successfully implemented a functional 

prototype of an AI-driven music player that effectively 

eliminates the friction of manual playlist management. 

By achieving an average accuracy of 85% across 

varied lighting conditions, the system demonstrates 

that webcam-based facial cues are a reliable input 

modality for real-time entertainment systems. 

The integration of OpenCV for efficient detection and 

Deep Learning for robust classification proves that 

complex affective computing tasks can be handled on 

consumer-grade hardware without latency issues. 

Furthermore, the local processing architecture 

addresses critical privacy concerns, ensuring that user 

data remains secure. Ultimately, this project highlights 

the potential of Affective Computing to transform 

passive media consumption into an active, empathetic 

dialogue between human and machine, paving the way 

for more intuitive Human-Computer Interaction 

paradigms. 

VIII. FUTURE SCOPE 

To evolve this prototype into a commercial-grade 

product, the following enhancements are proposed: 

1. Spotify/Apple Music API Integration: The current 

limitation of local file storage can be overcome by 

integrating streaming APIs (like Spotify). This 

would allow the system to access a limitless library 

and use recommendation algorithms to find songs 

that match the detected mood tag. 

2. Multi-Modal Analysis: Facial expressions can 

sometimes be ambiguous. Integrating voice tone 

analysis (Speech Emotion Recognition) would 

allow the system to corroborate facial data with 

vocal cues, leading to higher classification 

confidence. 

3. Web-Based Dashboard: Implementing a Streamlit 

or React web app to visualize emotion history 

would allow users to track their mood trends over 

time. This could pivot the application from a 

simple music player to a mental health monitoring 

tool. 

4. Context Awareness: The algorithm could be 

improved by using secondary inputs such as time-

of-day, calendar events (e.g., detecting "work 

hours"), and user activity to refine music selection 

further (e.g., playing "Focus" music if the face is 

Neutral but the time is 10:00 AM). 
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