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Abstract
Human emotions significantly influence the way individuals perceive, process, and engage with digital

content. Traditional content delivery systems often overlook the user’s emotional context, leading to reduced
engagement and limited personalization. This research proposes an Al-driven framework for mood detection
and personalized content delivery by integrating deep learning and Generative Al. The system employs
Convolutional Neural Networks (CNNs) for facial expression analysis, speech emotion recognition models for
voice tone analysis, and Natural Language Processing (NLP) models for sentiment detection from text. A
multimodal fusion strategy is adopted to achieve robust mood classification across diverse input sources. Once
the emotional state is inferred, a Generative Al module recommends or generates personalized content
tailored to the detected mood, ensuring improved relevance and user satisfaction. The proposed approach
aims to advance human-computer interaction by providing an adaptive, emotion-aware content delivery
system that can be applied in domains such as digital media, education, healthcare, and entertainment.

Keywords: Deep Learning, Generative AI, Multimodal Emotion Recognition, Mood Detection, Personalized
Content Delivery.

1. Introduction

Emotions play a central role in human life,
influencing decision-making, behavior, and the way
individuals consume digital content. Yet, most
modern digital platforms fail to recognize or respond
to the user’s emotional state, resulting in limited
personalization and reduced engagement. Traditional
recommendation systems rely mainly on browsing
history, preferences, or demographics, overlooking
the dynamic factor of mood that greatly impacts user
interaction. The Al Driven Mood Detection for
Personalized Content Delivery project aims to
address this gap by developing a system capable of
detecting user emotions in real time and tailoring
digital content accordingly. By leveraging advanced
deep learning techniques, the system captures signals

from facial expressions, voice tone, and textual input
to identify emotions such as happiness, sadness,
anger, or calmness. These inputs are processed using
Convolutional Neural Networks (CNNs) and Natural
Language Processing (NLP) models to ensure
accurate mood classification. At the core of the
system lies the integration of Generative Al, which
personalizes and generates content that aligns with
the detected emotional state of the user. For instance,
calming content can be suggested to users
experiencing stress, while motivational or uplifting
material can be delivered to users in a positive mood.
This dynamic adaptation enhances the overall user
experience, making interactions with digital
platforms more meaningful and engaging.
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2. Methodologies

The proposed system integrates deep learning-based
emotion recognition with Generative Al-driven
personalization to deliver mood-sensitive content.
The methodology is divided into four main stages:
Data Acquisition and Preprocessing

e Facial expression images are captured using
a webcam and preprocessed (cropping,
resizing, normalization).

e Voice recordings are collected through a
microphone, converted to spectrograms, and
denoised.

e Textual input (such as user queries or chats)
is tokenized and cleaned for sentiment
analysis.

Emotion Detection using Deep Learning

e A Convolutional Neural Network (CNN) is
used for facial expression recognition, trained
on datasets such as FER2013 and Affect Net.

e A speech emotion recognition model (e.g.,
Wav2Vec2 or CNN-LSTM) is applied to
extract emotional features from audio signals.

e A Natural Language Processing (NLP) model
(such as Distil BERT fine-tuned on Go
Emotions) detects emotion from text.

e A multimodal fusion strategy combines
outputs from these models to achieve robust
mood classification.

Personalized Content Delivery

e The detected mood is mapped to content
categories (e.g., calming, motivational,
entertaining).

e A Generative Al module (LLM-based) is
used to either recommend relevant existing
content or generate new personalized
material in real time.

System Integration and Feedback

e A user-friendly interface delivers mood-
adaptive content across devices.

e Continuous feedback (clicks, watch time,
user ratings) is collected to improve the

recommendation strategy using
reinforcement learning.
This methodology ensures accurate mood

recognition and adaptive personalization, making
digital interactions more responsive, empathetic, and
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user-centric
2.1 Flowchart

Figure 1 outlines the methodology of the proposed
system, starting with data acquisition, where user
inputs such as facial expressions, voice recordings,
and textual data are collected. These inputs undergo
preprocessing steps like image cropping, audio noise
reduction, and text tokenization to ensure clean and
usable data. Next, deep learning models are applied:
CNNs for facial expression recognition, speech
emotion recognition models for audio, and NLP-
based models for textual sentiment analysis. Their
outputs are combined using a multimodal fusion
approach, which enhances accuracy and provides a
robust mood classification.
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Figure 1 Methodology Flowchart: Al Drive
Mood Detection

Based on the detected mood, a Generative AI module
either recommends existing content or generates new
personalized material that suits the user’s emotional
state. This content is delivered through an adaptive
user interface designed for real-time interaction.
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2.2 Training and Validation
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Figure 3 Training and Validation Loss Graphic

The performance of the proposed system was
validated using benchmark datasets across multiple
modalities. For facial expression recognition,
datasets such as FER2013 and Affect Net were
employed, while RAVDESS and CREMA-D were
used for speech emotion recognition, and Go
Emotions for textual sentiment analysis. The
collected data was divided into training, validation,
and testing subsets to ensure fair evaluation and to
prevent overfitting. The Convolutional Neural
Network (CNN) used for facial emotion recognition
was fine-tuned with transfer learning techniques,
while speech models were trained using
spectrogram-based =~ CNN-LSTM  architectures.
Similarly, text models employed transformer-based
architectures fine-tuned for emotion classification. A
multimodal fusion strategy integrated predictions
from all three modalities, significantly improving
robustness and reliability. During training, cross-
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entropy loss was minimized using the Adam
optimizer, with early stopping applied to avoid
overfitting. The system demonstrated consistent
performance, with training and validation curves
showing rapid convergence and stable accuracy
across epochs. The final model achieved an overall
99% accuracy in mood classification, proving the
effectiveness of combining deep learning with
multimodal fusion. This high accuracy validates the
system’s ability to detect emotions with near-human
precision, ensuring that personalized content
delivery is highly relevant and contextually adaptive
rationale. Training and Validation Show Figure 2
and 3.
2.3 Performance Comparison

Personalization

Model / Approach Madality Used Capability Accuracy (%)
Traditional Recommender User History, Basic (Preference-based) 65%
Systems Demographics

(Collaborative/Content)

CNN-based Facial Vision (Facial None T2%
Emotion Recognition Images)

(FER2013 baseline)

Multimodal Emotion Vision + Audio Limited (Rule-based 9%
Recognition (without + Text mapping)

Generative Al)

Proposed Al-Driven Mood Vision + Audio Advanced (Real-time 99%

Detection with Generative + Text Generative

Al Personalization)

Table 1 Performance Comparison of
Emotion Recognition and Content Delivery
Models

The performance comparison of different emotion
recognition and content delivery approaches
highlights the superiority of the proposed Al-driven
framework. Traditional CNN-based facial emotion
recognition models, though effective in detecting
basic facial expressions, achieve limited accuracy
(72%) and lack adaptability as they ignore voice and
text inputs. Multimodal emotion recognition systems
that combine vision, audio, and text demonstrate
improved accuracy (91%) by leveraging multiple
modalities; however, they rely on rule-based
mappings and fail to provide personalized or
adaptive content delivery. In contrast, the proposed
Al-Driven Mood Detection with Generative Al
achieves significantly higher accuracy (99%) and
introduces real-time generative personalization. By
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integrating multimodal fusion with Generative Al,
the system not only ensures robust mood detection
but also delivers adaptive, context-aware content
across domains such as media, healthcare, education,
and entertainment. This establishes the proposed
model as a more comprehensive and effective
solution compared to existing approaches. The
Discussion should be an interpretation of the results
rather than a repetition of the Results. The Discussion
should be an interpretation of the results rather than
a repetition of the Results. Performance Comparison
of Emotion Recognition and Content Delivery
Models Shown Table 1.

3. Results and Discussion

3.1 Results

Adaptabmey__ L

Figure 4 Comparisioz of Emotion Recognition
Mc

Figure 4 illustrates the comparative performance of
three approaches—CNN-based Facial Emotion
Recognition, Multimodal Emotion Recognition
without Generative Al, and the Proposed Al-Driven
Mood Detection with Generative Al—across three
key  dimensions: accuracy, personalization
capability, and adaptability. The CNN-based model
demonstrates limited performance, with moderate
accuracy (72%) but no personalization and low
adaptability. The multimodal fusion approach
significantly improves accuracy (91%) and
adaptability by combining vision, audio, and text
modalities, yet it still offers only limited rule-based
personalization. In contrast, the proposed system
achieves the highest performance across all
dimensions, with near-perfect accuracy (99%),
advanced real-time personalization through
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Generative Al, and very high adaptability across
domains. The radar chart clearly highlights the
superiority of the proposed model, establishing it as
a comprehensive and effective solution for emotion-
aware personalized content delivery.

3.2 Discussion
The results of this study provide strong evidence that
integrating multimodal deep learning with
Generative Al can significantly enhance the
performance of emotion recognition and
personalized content delivery systems. While
traditional models demonstrate limited accuracy and
fail to adapt to users’ dynamic emotional states, the
proposed system addresses these shortcomings by
combining vision, audio, and text signals into a
unified representation of mood. The radar chart
comparison further highlights that personalization
and adaptability are as critical as accuracy in building
user-centric systems. The findings suggest that the
proposed model goes beyond static recommendation
frameworks, offering a dynamic interaction where
the system adapts content in real time to align with
the wuser’s emotional state. This represents a
meaningful advancement in human-computer
interaction, particularly in domains where empathy
and personalization are essential, such as digital
health, mental wellness support, and personalized
learning platforms. Moreover, the use of Generative
Al not only improves recommendation quality but
also enables the generation of entirely new and
tailored content, setting this work apart from
conventional methods.
Conclusion
This research confirms the importance of
incorporating user emotions into digital interactions.
Traditional recommendation systems and unimodal
emotion recognition models fail to capture the
complexity of human affect, leading to limited
personalization and engagement. The experimental
results and comparative analysis demonstrate that the
proposed Al-Driven Mood Detection with
Generative Al achieves superior performance, with
99% accuracy, real-time personalization, and high
adaptability across multiple domains. The
confirmation of the initial problem—that existing
systems overlook the emotional context of users—
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validates the necessity of the proposed framework.
By addressing this gap, the system contributes a
novel solution that enhances user experience, fosters
deeper engagement, and establishes a foundation for
future emotion-aware applications in media,
healthcare, education, and entertainment.
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