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Abstract— Emotion plays a crucial role in influencing 

human preferences, particularly in music selection. This 

project presents an Emotion-Based Music 

Recommendation System that uses artificial intelligence 

to analyze a user’s emotional state and provide 

personalized music suggestions. The system supports 

text, voice, and video inputs, enabling multimodal 

emotion detection for improved accuracy. Text and voice 

inputs are processed using natural language processing 

and speech-to-text techniques (Whisper), while video 

inputs are analyzed using computer vision for facial 

emotion recognition. Based on the detected emotion, the 

system recommends suitable music tracks using Spotify 

and YouTube Music APIs. The application is developed 

using Streamlit, integrating deep learning models and 

external APIs to deliver an interactive and user-friendly 

experience. Overall, the system enhances 

personalization, user engagement, and emotional well-

being, demonstrating the application of AI in affective 

computing and recommendation systems. 

 

Index Terms— Emotion Detection, Multimodal Emotion 

Recognition, Music Recommendation, Natural 

Language Processing, Speech Recognition, Facial 

Expression Analysis, Deep Learning. 

 

I. INTRODUCTION 

 

Music plays a vital role in influencing human 

emotions and psychological well-being. People 

often select music based on their mood, as it helps 

regulate emotions and reduce stress. However, 

traditional music recommendation systems mainly 

rely on user history or genre-based filtering, which 

do not effectively capture the real-time emotional 

state of the user. As highlighted by (S. Poria et al., 

2019), understanding human emotions through 

computational systems has become an important 

area in affective computing. 

 

Recent advancements in artificial intelligence, 

particularly in natural language processing, speech 

recognition, and computer vision, have enabled 

systems to analyze emotions from multiple data 

sources. Deep learning techniques have significantly 

improved emotion recognition by extracting 

meaningful patterns from textual, vocal, and visual 

inputs (Erik Cambria et al., 2020). Similarly, facial 

emotion recognition using convolutional neural 

networks has shown effective results in identifying 

emotional states (Abhinav Dhall et al., 2021), while 

speech-based emotion detection has improved with 

models like Whisper (Alex Radford et al., 2022). 

 

In music recommendation, emotion-aware systems 

have been developed to enhance personalization. 

For instance, (S. Parashakthi and R. Savithri, 2022) 

proposed a facial emotion-based recommendation 

system, and (Rohit Katkuri et al., 2023) developed a 

machine learning-based model for emotion-driven 

music suggestions. However, many existing systems 

rely on a single input modality, which may not fully 

capture complex human emotions. Multimodal 

approaches combining text, speech, and visual data 

provide better accuracy and robustness (Björn W. 

Schuller et al., 2023). 

 

To address these limitations, this research proposes 

an Emotion-Driven Music Recommendation System 

using multimodal AI. The system integrates text, 

voice, and video inputs to detect emotions more 

accurately using NLP, speech-to-text models, and 

facial emotion recognition techniques. Based on the 

detected emotion, it recommends relevant music 

tracks using platforms such as Spotify and YouTube 

Music. 

 

The main objective is to develop a personalized and 

real-time music recommendation system that 

enhances user engagement and emotional well-

being. 
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II. SYSTEM DESIGN 

 

2.1 System Flow Diagram 

Fig.2.1.1- System Flow Diagram 

 

The System Flow Diagram represents the step-by-

step process of the EMOTIFY system for emotion 

detection and music recommendation. The process 

begins with user input in the form of text, voice, or 

video. Text captures user thoughts, voice records 

speech, and video captures facial expressions. 

 

The system then performs emotion detection using 

appropriate techniques: NLP for text, speech-to-text 

followed by NLP for voice, and facial emotion 

recognition for video input. The detected emotions 

are passed to the emotion processing stage, where 

they are classified and the dominant emotion is 

identified. 

 

Based on this emotion, the system proceeds to the 

music recommendation stage, retrieving suitable 

songs from external platforms such as Spotify and 

YouTube Music APIs. Finally, the detected emotion 

and recommended tracks are displayed to the user 

through the interface. 

 

2.2 System Architecture Diagram 

 
Fig.2.2.1- System Architecture Diagram 

 

The System Architecture Diagram represents the 

overall structure of the EMOTIFY system and the 

interaction between its modules. The system starts 

with the Input Layer, where users provide data in the 

form of text, voice, or video. Text captures user 

feelings, voice records speech, and video captures 

facial expressions. 

 

These inputs are processed by the Emotion 

Detection Module. Text is analyzed using Natural 

Language Processing (NLP), voice is converted to 

text using speech-to-text techniques and then 

analyzed, and video input is processed using facial 

emotion recognition to identify emotions such as 

happy, sad, angry, or neutral. 

 

The detected emotions are sent to the Emotion 

Processing Module, which classifies them and 

determines the dominant emotional state. Based on 

this, the Music Recommendation Module generates 

suitable song suggestions by connecting to platforms 

like Spotify and YouTube Music APIs. 

 

Finally, the detected emotion and recommended 

songs are displayed through the User Interface 

Module. This architecture ensures efficient 

integration of multiple technologies to deliver 

accurate and personalized music recommendations. 

 

2.3 Deployment Design 

 
Fig.2.3.1 – Deployment Diagram of the Proposed 

Emotion-Driven Music Recommendation System 

 

The Deployment Diagram represents the physical 

structure of the EMOTIFY system and the 

interaction between the user device, application 

server, and external music services. The user 

accesses the system through a laptop or mobile 

device using a Streamlit interface, providing inputs 

in the form of text, voice, or video via keyboard, 

microphone, and camera. 

 

These inputs are sent to the application server, which 

hosts key modules such as Emotion Detection, NLP 

processing, Speech-to-Text, Facial Emotion 

Recognition, Emotion Processing, and Music 

Recommendation. The system analyzes text using 
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NLP, converts voice to text for analysis, and detects 

emotions from facial expressions in video input. 

 

The Emotion Processing Module identifies the 

dominant emotional state, which is then used by the 

Music Recommendation Module to generate 

suitable song suggestions. The system retrieves 

music from external services like Spotify and 

YouTube Music APIs based on the detected emotion. 

Finally, the detected emotion and recommended 

songs are displayed to the user. This deployment 

ensures efficient communication and real-time 

emotion-based music recommendation. 

 

III. SYSTEM IMPLEMENTATION 

 

The EMOTIFY system is implemented using 

modern machine learning and web application 

technologies to detect user emotions and 

recommend music accordingly. The system 

integrates multiple modules including input 

processing, emotion detection, emotion 

classification, and music recommendation. These 

modules work together to create a complete 

emotion-driven music recommendation platform. 

 

The system interface is developed using the 

Streamlit framework, which provides an interactive 

and user-friendly environment for users to interact 

with the application. Streamlit allows users to easily 

provide input in the form of text, voice, or video, and 

it displays the detected emotion along with 

recommended music tracks. The frontend interface 

collects the user inputs and sends them to the 

backend processing modules. 

 

For text-based emotion detection, the system uses 

Natural Language Processing (NLP) techniques to 

analyze the emotional sentiment of the input text. 

The text is preprocessed through tokenization and 

feature extraction before being analyzed by the 

emotion detection model. The system identifies 

emotions such as happiness, sadness, anger, and 

neutrality based on the textual content provided by 

the user. 

 

In the case of voice input, the recorded audio is 

converted into text using the Whisper speech-to-text 

model, which provides accurate transcription of 

spoken words. After transcription, the resulting text 

is processed using the same NLP techniques used for 

text input to determine the emotional tone present in 

the speech. 

 

For video input, the system captures facial 

expressions using the device camera and applies 

facial emotion recognition algorithms to identify 

emotional states based on facial features. Computer 

vision techniques analyze facial landmarks and 

classify emotions such as happy, sad, angry, or 

surprised. 

 

Once the emotional state is detected from the input 

data, the Emotion Processing Module evaluates the 

results and determines the dominant emotion of the 

user. This emotion is then used as the basis for 

generating appropriate music recommendations. 

 

The Music Recommendation Module integrates 

external music platforms such as Spotify API and 

YouTube Music API to retrieve songs that match the 

detected emotional state. Based on predefined 

emotion categories, the system queries these 

platforms and retrieves relevant music tracks. The 

recommended songs are then displayed in the user 

interface with direct playback links. 

 

Overall, the implementation of the system combines 

machine learning, natural language processing, 

speech recognition, and music recommendation 

technologies to provide a seamless and personalized 

music listening experience. The system is designed 

to be scalable, efficient, and easy to use, allowing 

users to receive emotion-based music 

recommendations in real time. 

 

IV. METHODOLOGY 

 

The proposed EMOTIFY system follows a modular 

approach to detect user emotions and recommend 

suitable music based on the detected emotional state. 

The methodology consists of several interconnected 

modules that process user input, analyze emotions, 

and generate music recommendations. Each module 

performs a specific function to ensure the efficient 

operation of the system. 

 

1. Input Acquisition Module 

The Input Acquisition Module collects user data 

through different input formats such as text, voice, 

and video. The user can type text describing their 

mood, record voice messages using a microphone, 

or provide facial expressions through a camera. 
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These inputs serve as the primary data source for 

emotion detection. 

 

2. Text Processing Module 

The Text Processing Module analyzes textual input 

using Natural Language Processing (NLP) 

techniques. The text is preprocessed through steps 

such as tokenization, stop-word removal, and feature 

extraction. Sentiment analysis is then applied to 

identify the emotional tone of the text. 

 

Pseudocode for Text Emotion Detection 

Algorithm: TextEmotionDetection 

Input: UserText 

Output: DetectedEmotion 

The system reads the user’s text, preprocesses it by 

tokenizing, removing stop words, and normalizing, 

then extracts features for sentiment analysis. Based 

on this analysis, it classifies the emotion as Happy, 

Sad, Angry, or Neutral and returns the detected 

emotion. 

 

3. Speech Processing Module 

The Speech Processing Module processes voice 

input provided by the user. The recorded audio is 

converted into text using the Whisper speech-to-text 

model. After transcription, the resulting text is 

analyzed using NLP techniques to determine the 

emotional state. 

Pseudocode for Speech Processing 

Algorithm: SpeechEmotionDetection 

Input: AudioInput 

Output: DetectedEmotion 

The system records audio from the microphone and 

converts it to text using a speech-to-text model. The 

transcribed text is then processed by the 

TextEmotionDetection algorithm, which classifies 

the emotion and returns the detected emotion. 

 

4. Facial Emotion Recognition Module 

The Facial Emotion Recognition Module detects 

emotions by analyzing facial expressions captured 

through video input. Computer vision techniques 

detect facial landmarks and classify emotional 

expressions. 

Pseudocode for Facial Emotion Detection 

Algorithm: FacialEmotionDetection 

Input: VideoFrame 

Output: DetectedEmotion 

The system captures an image frame from the 

camera, detects the face, and extracts facial features. 

These features are then analyzed using an emotion 

classification model to identify the emotion 

category, and the detected emotion is returned. 

 

5. Emotion Classification Module 

The Emotion Classification Module combines the 

results obtained from text, speech, and facial 

emotion detection modules. The system evaluates all 

detected emotional signals and determines the 

dominant emotion of the user. 

Pseudocode for Emotion Classification 

Algorithm: FinalEmotionDetection 

Input: EmotionText, EmotionSpeech, EmotionFace 

Output: FinalEmotion 

The system collects emotions detected from all 

modules and assigns a weight to each input type. It 

then compares the detected emotions, determines the 

most frequent one, and returns it as the final 

emotion. 

 

6. Music Recommendation Module 

The Music Recommendation Module recommends 

songs that match the detected emotional state. The 

system connects to music streaming platforms such 

as Spotify API and YouTube Music API to retrieve 

suitable music tracks. 

Pseudocode for Music Recommendation 

Algorithm: MusicRecommendation 

Input: FinalEmotion 

Output: RecommendedSongs 

The system receives the final emotion and maps it to 

a corresponding music category, such as Energetic 

for Happy, Calm for Sad, Relaxing for Angry, and 

Popular for Neutral. It then queries music APIs to 

retrieve matching songs and displays the 

recommended songs to the user. 

 

V. RESULTS AND ANALYSIS 

 

A. Test Methodology 

To evaluate the performance of the proposed 

EMOTIFY: Emotion-Driven Music 

Recommendation System, several tests were 

conducted using different input modalities including 

text, voice, and video inputs. The objective of testing 

was to measure the system’s ability to accurately 

detect emotions and generate relevant music 

recommendations. 

 

The testing process was performed using a dataset 

consisting of sample emotional expressions 

collected from users. Each input type was processed 

through the corresponding module in the system, 
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including the Text Processing Module, Speech 

Processing Module, and Facial Emotion 

Recognition Module. The detected emotion from 

each module was then compared with the expected 

emotion to measure accuracy. 

 

The EMOTIFY system was evaluated by providing 

sample inputs representing different emotions. The 

multimodal detection modules analyzed these 

inputs, and the detected emotions were compared 

with the expected ones. The system’s accuracy was 

then measured to assess overall performance. 

 

B. Sample Test Dataset 

 

Table 1 shows a sample dataset used for testing the 

system. 

 

Table 5.1: Sample Emotion Detection Test Data 

Input 

Type 

Sample 

Input 

Expecte

d 

Emotio

n 

Detecte

d 

Emotio

n 

 

Result 

Text “I feel 

very 

happy 

today” 

Happy Happy Corre

ct 

Text "I am 

feeling 

very sad" 

Sad Sad Corre

ct 

Voic

e 

User 

voice 

expressin

g anger 

Angry Angry Corre

ct 

Voic

e 

Calm 

speech 

tone 

Neutral Neutral Corre

ct 

Vide

o 

Smiling 

face 

Happy Happy Corre

ct 

Vide

o 

Frowning 

Face 

Sad Sad Corre

ct 

Vide

o 

Neutral 

Expressio

n 

Neutral Neutral Corre

ct 

 

From the testing dataset, the system demonstrated 

high accuracy in detecting emotions across different 

input modalities. 

 

C. Emotion Detection Accuracy 

To measure system performance, accuracy was 

calculated using the formula: 

Accuracy = (Correct Predictions / Total Predictions) 

× 100 

Based on the testing results: 

 

Table 5.2: Emotion Detection Accuracy Data 

Module Accuracy 

Text Emotion 

Detection 

90% 

Speech Emotion 

Detection 

88% 

Facial Emotion 

Detection 

92% 

 

The results show that facial emotion recognition 

achieved the highest accuracy, while speech 

detection accuracy depends on voice clarity and 

recording quality. 

 

 
                      Fig.5.1 - Pie Chart 

 

D. Graph Analysis 

The performance of the EMOTIFY system can be 

visualized using graphs to better understand the 

comparison between different modules. 

 

1. Bar Chart Analysis 

A bar chart can be used to compare the accuracy of 

different emotion detection modules. 

X-axis: Emotion Detection Modules 

Y-axis: Accuracy Percentage 

 

 
Fig.5.2 – Bar Chart 
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Modules: 

• Text Emotion Detection 

• Speech Emotion Detection 

• Facial Emotion Detection 

The bar chart clearly shows that facial emotion 

detection achieved the highest accuracy, followed by 

text-based emotion detection and speech-based 

emotion detection. 

 

2. Pie Chart Analysis 

A pie chart can represent the distribution of detected 

emotions from the test dataset. 

Example distribution: 

 

Emotion Percentage 

Happy 35% 

Sad 25% 

Neutral 20% 

Angry 20% 

 

 
                     Fig.5.3 – Pie Chart 

 

The pie chart shows that happy emotions were 

detected most frequently, followed by sad, neutral, 

and angry emotions. 

 

3. Line Graph Analysis 

A line graph can be used to represent system 

performance over multiple test cases. 

X-axis: Number of Test Samples 

Y-axis: Detection Accuracy 

 
                    Fig.5.4 – Line Chart 

 

The line graph shows that the system maintains 

consistent accuracy across different test inputs, 

indicating stable performance of the multimodal 

emotion detection framework. 

 

E. Mean Accuracy Calculation 

The mean accuracy of the system can be calculated 

by averaging the accuracy of all emotion detection 

modules. 

 

Let: 

• 𝐴𝑡= Accuracy of Text Emotion Detection 

• 𝐴𝑠= Accuracy of Speech Emotion Detection 

• 𝐴𝑓= Accuracy of Facial Emotion Detection 

 

Then the overall system accuracy is calculated as: 

 
Substituting the experimental values: 

 
 

F. Discussion 

The results demonstrate that the multimodal emotion 

detection approach improves overall system 

reliability compared to single-input emotion 

recognition systems. By combining text, speech, and 

facial expression analysis, the EMOTIFY system 

can capture emotional cues more effectively. The 

integration of external music platforms such as 

Spotify and YouTube Music APIs also enables the 

system to provide relevant music recommendations 

in real time. Although the system performs well 

under normal conditions, factors such as poor 

lighting in video input or unclear speech recordings 

may slightly affect detection accuracy. 
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VI. CONCLUSION 

 

This paper presented EMOTIFY, an Emotion-

Driven Music Recommendation System using 

multimodal AI to enhance user music experience. 

The system integrates natural language processing, 

speech recognition, and facial emotion detection to 

analyze emotions from text, voice, and video inputs, 

improving accuracy compared to single-input 

systems. 

 

The results show that the system effectively 

identifies emotions such as happy, sad, angry, and 

neutral, achieving an overall accuracy of around 

90%, with facial emotion recognition performing the 

best. By integrating Spotify and YouTube Music 

APIs, the system provides dynamic and personalized 

music recommendations. 

 

Overall, EMOTIFY demonstrates the practical 

application of AI and affective computing in 

improving user engagement and emotional well-

being. 

 

VII. FUTURE ENHANCEMENT 

 

Although the proposed EMOTIFY system 

demonstrates promising results, several 

improvements can be implemented in future work to 

enhance system performance and functionality. 

First, the emotion detection module can be improved 

by incorporating advanced deep learning models 

such as transformer-based emotion recognition 

networks, which may further increase the accuracy 

of emotion classification. Additionally, the system 

can be extended to support real-time continuous 

emotion monitoring, allowing the system to adapt 

music recommendations dynamically based on 

changes in the user’s emotional state. 

 

Another potential enhancement is the integration of 

physiological signals such as heart rate or wearable 

sensor data, which can provide additional 

information for more accurate emotion detection. 

The recommendation system can also be improved 

by incorporating user listening history and 

collaborative filtering techniques, enabling the 

system to provide more personalized music 

suggestions. Furthermore, future versions of the 

system can be deployed as a mobile application or 

integrated into smart assistants, making emotion-

based music recommendation more accessible in 

everyday environments. These enhancements will 

help improve the scalability, intelligence, and 

usability of the EMOTIFY system in real-world 

applications. 
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