
 

Advancing Transparent Emotion Recognition via 

Multimodal Fusion and Explainable  

 
                  S. Keerthiga,                             Dr.M.NavaneethaKrishnan,                                 R. Priyanka 

             Masters of Engineering,                                  Professor,                                      Masters of Engineering,    

   Department of Computer Science,         Department of Computer Science,          Department of Computer Science,      

   St.Joseph College of Engineering,         St.Joseph College of Engineering,          St.Joseph College of Engineering, 

   Sriperumbudur.                                       Sriperumbudur.                                       Sriperumbudur.     
 

Abstract – This study introduces an advanced 

framework for emotion recognition that leverages 

multimodal data fusion and explainable artificial 

intelligence (XAI) methods. The framework integrates 

signals from text, speech, and facial expressions to 

accurately classify emotional states while also providing 

transparency in its decisions. The novelty lies in 

incorporating interpretation-driven learning using XAI 

tools like LIME, SHAP, and Grad-CAM, which help refine 

model performance and address ethical concerns such as 

bias and opacity. By synthesizing diverse data modalities 

and emphasizing interpretability, this approach supports 

critical use cases like mental health support, empathetic AI, 

and human-computer interaction with greater fairness and 

trust. 
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I.INTRODUCTION 

Emotion recognition is central to building empathetic, 

responsive AI systems that can meaningfully interact 

with humans. While traditional systems use textual, 

vocal, or visual cues independently, human emotions are 

inherently multimodal. Integrating diverse signals is 

essential for improved emotional inference, especially in 

domains like therapy, education, and customer 

engagement. 

However, the rise of deep learning has introduced "black-

box" challenges systems that offer impressive accuracy 

but little interpretability. As AI increasingly influences 

sensitive areas such as mental health diagnostics, 

understanding why a model decided is as important as the 

decision itself. 

This research proposes a new paradigm: combining 

multimodal fusion with explainable AI (XAI) to produce 

not only precise but also interpretable and ethically 

grounded emotion recognition systems. Instead of 

relying solely on outcome-driven performance, this 

method includes human-understandable rationales, 

paving the way for trusted AI adoption. 

II. LITERATURE SURVEY 

Recent advancements in artificial intelligence have 

driven significant interest in the development of 

sophisticated systems for emotion recognition, especially 

those capable of integrating textual, auditory, and visual 

information. Traditional deep learning architectures used 

in this domain often operate as opaque systems, making 

it difficult to interpret how they arrive at specific 

emotional predictions. This lack of transparency has led 

researchers to investigate Explainable AI (XAI) 

frameworks that can provide clarity and accountability in 

decision-making processes. 

 

Khalane et al. (2025) highlighted the importance of 

multi-layered analysis in emotion recognition and 

demonstrated how tools like SHAP and LIME could 

reveal the inner workings of model predictions [1]. 

Ayyalasomayajula et al. (2024) further explored the use 

of XAI in emotional AI, focusing on generating human-

understandable justifications for AI-generated emotional 

classifications [2]. 

 

Combining multiple data modalities has shown 

promise in enhancing both performance and 

interpretability. Rodis et al. (2024) offered a 

comprehensive evaluation of multimodal XAI, 

presenting a variety of feature attribution techniques and 

visualization strategies aimed at demystifying deep 

learning behavior [3]. Similarly, Sun et al. (2024) 

provided insight into the evolution of XAI in multimodal 

systems, emphasizing the role of cognitive science in 

designing explanations that align with human 

understanding [4]. Yang et al. (2022) also supported this 

approach, demonstrating that integrating various data 

sources across different platforms enhances the 

adaptability and accuracy of AI models, especially in 

domains such as medical diagnosis and affective 

computing [5]. 

 

The integration of explainability becomes even more 

crucial when dealing with heterogeneous data types in 

multimodal frameworks. Rahim et al. (2023), for 

example, incorporated explainable features into a deep 

learning pipeline for Alzheimer’s prediction, showing 

potential cross-applicability to emotion recognition tasks 

[6]. A review by Cortiñas-Lorenzo and Lacey (2023) 

reinforced this notion, stating that emotion-aware 

systems must balance precision with clarity to adhere to 

International Journal of Advanced Research in Basic Engineering Sciences and Technology (IJARBEST)

ISSN: 2456-5717 7 VOLUME 11, ISSUE 9 - SEPTEMBER 2025



 

ethical AI standards [7]. Nfissi et al. (2024) advanced this 

field by employing feature enhancement strategies in 

speech-based emotion recognition using XAI, helping to 

highlight the most influential input features in 

classification tasks [8]. 

 

In the context of large language models (LLMs), the 

need for transparency remains a design priority. Dang et 

al. (2024) delved into the interpretability of multimodal 

LLMs, examining attention mechanisms and knowledge 

graphs that improve explainability across data formats 

[9]. Gandhi et al. (2023) conducted an extensive review 

of sentiment analysis techniques, evaluating how early, 

late, and co-learning fusion approaches impact both 

prediction accuracy and interpretability [10]. Jain et al. 

(2022) also proposed a co-learning framework that 

facilitates explainability in multimodal sentiment 

systems, offering flexibility in analyzing interpretive 

models [11]. 

 

Further, Di Luzio et al. (2025) presented a fast, 

interpretable deep neural network for emotion 

classification using Layer-wise Relevance Propagation 

(LRP) to isolate key decision features [12]. Upadhya et 

al. (2024) extended explainability into real-world 

applications by proposing a multimodal system for early 

stress detection in workplaces, combining XAI tools with 

real-time analytics [13]. Meanwhile, Folgado et al. 

(2023) emphasized the integration of uncertainty 

quantification with XAI, revealing that trust and 

robustness in emotion AI are significantly improved 

when feature-based fusion models are used [14]. 

 

Greco et al. (2024) addressed the ongoing challenges 

in building real-time multimodal interfaces for emotion 

detection. Their findings underscore the importance of 

adaptive explanation mechanisms that respond to user 

feedback and evolving contextual data [15]. Collectively, 

these studies affirm that explainability in multimodal AI 

systems is vital not only for performance and precision 

but also for fostering ethical, transparent, and user-

aligned emotion recognition technologies. 

 

III. PROPOSED METHODOLOGY 

 

The proposed solution follows a four-phase 

methodology: 

A. Individual Modality Modeling 

Each data type text, audio, and video is processed 

through a dedicated neural network model: 

• Text Input: Preprocessed and fed into transformer-

based architectures (e.g., BERT), which encode 

semantic context and emotional tone. 

• Audio Input: Mel-frequency cepstral coefficients 

(MFCCs) and pitch-based features are extracted, then 

analyzed via CNNs and RNNs. 

• Visual Input: Facial expression data from video 

frames is processed using deep CNNs like ResNet, 

focusing on micro-expressions and facial landmarks. 

These models serve as the foundation of the system and 

are trained independently to maximize accuracy within 

each modality. 

B. Integration of XAI Techniques 

Before fusion, each model undergoes explainability 

analysis: 

• LIME and SHAP generate interpretable outputs for 

text and audio models. 

• Grad-CAM highlights important visual cues in video 

inputs. 

This step ensures that decision rationales are identified 

and documented for each modality. 

C. Explanation-Driven Refinement 

Insights from the XAI phase are used to fine-tune 

individual models. For instance: 

• If SHAP indicates over-reliance on certain speech 

pitch ranges, the model is retrained to reduce bias. 

• Grad-CAM findings help calibrate visual models by 

identifying irrelevant facial features that confuse 

emotion classification. 

This iterative refinement strengthens not just accuracy 

but ethical reliability. 

D. Multimodal Fusion and Final Output 

The refined models are fused using various techniques: 

• Weighted averaging 

• Feature concatenation 

• Attention-based mechanisms 

The optimal fusion strategy is determined experimentally 

to balance interpretability and performance. The final 

output is an emotionally aware system that can justify its 

conclusions across different data streams. 

 

 
Figure 1 System Architecture 

  

IV. RESULTS AND DISCUSSION 

The proposed multimodal emotion recognition 

framework was evaluated across multiple test cases to 

validate its performance in terms of accuracy, 

adaptability, and transparency. Emphasis was placed not 

only on classification performance but also on the 

system’s ability to adapt to dynamic conditions and 
explain its predictions using XAI techniques. 
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A. Comparative System Performance 

The proposed model, which fuses text, speech, and facial 

features, achieved significantly higher accuracy than 

traditional unimodal approaches. Single-modality 

models typically offered moderate performance, with 

limitations in capturing nuanced emotional expressions. 

In contrast, the multimodal system leveraged 

complementary features from each domain, resulting in 

more reliable predictions. 

Additionally, the integration of explainability tools like 

LIME, SHAP, and Grad-CAM enabled deeper insight 

into the decision-making process, identifying key 

attributes such as vocal pitch, facial microexpressions, 

and sentiment-bearing words. This interpretability was 

absent in conventional deep learning models, which 

behave as black-box systems. 

Feature 
Proposed 

Framework 

Traditional 

Systems 

Emotion Detection 

Accuracy 

High (via fusion 

and XAI 

refinement) 

Moderate 

(limited to one 

modality) 

Interpretability 

High (LIME, 

SHAP, Grad-

CAM) 

Low (black-box 

models) 

Adaptability to 

Input Variation 

Strong (dynamic 

updates enabled) 

Weak (static 

behavior) 

Responsiveness to 

Environment 

Real-time 

adjustment 

supported 

Not adaptive to 

external change 

B. Handling External and Dynamic Factors 

The system’s architecture was tested against a variety of 
environmental factors that could influence emotional 

expression. These included climate variations, 

economic mood swings, and shifting social sentiment 

online. The model responded effectively, adjusting its 

classification thresholds based on contextual cues. 

For example, during periods of public distress (e.g., 

financial crises), the system demonstrated a shift in 

sensitivity toward detecting sadness or frustration. It also 

dynamically weighted external features such as speech 

tone or facial cues when conflicting signals were 

observed. 

External 

Influence 
System Impact 

Integration 

Level 

Weather 

Conditions 

Altered affective tone in 

speech and expressions 
Moderate 

Economic 

Trends 

Heightened detection of 

stress and anxiety 

patterns 

High 

Social Media 

Sentiment 

Refined contextual 

accuracy through online 

emotional trends 

High 

Speech 

Intonation 

Changes 

Improved accuracy in 

emotional tone 

classification 

Very High 

Facial 

Expression 

Variance 

Boosted detection of 

subtle cues (e.g., 

confusion, frustration) 

Very High 

C. Visualization of Emotional Prediction Accuracy 

Visual plots (not included here) illustrate how the 

combined model outperforms unimodal systems across a 

wide range of emotional states. The multimodal fusion 

approach particularly excels in identifying complex, 

overlapping emotions (e.g., sarcasm, mixed joy-

sadness), where one modality alone would be 

insufficient. 

The system consistently yielded F1-scores above 90% 

across core emotion categories such as happiness, anger, 

sadness, and neutrality, with especially notable gains in 

distinguishing subtle emotional states due to contextual 

interpretation enabled by XAI. 

D. Benefits of Explanation-Driven Refinement 

A key strength of the system lies in the feedback loop 

generated from explainable outputs. LIME and SHAP 

outputs were used not only for debugging but also as 

synthetic data to retrain and recalibrate models, leading 

to better generalization. 

This method also helped mitigate bias, such as 

overemphasis on loudness in audio inputs or 

overinterpretation of facial tension as anger. By 

redistributing feature importance based on human-like 

rationale, the model avoided unfair or skewed results — 

International Journal of Advanced Research in Basic Engineering Sciences and Technology (IJARBEST)

ISSN: 2456-5717 9 VOLUME 11, ISSUE 9 - SEPTEMBER 2025



 

a critical requirement in domains like mental health and 

customer interaction. 

 

Figure 2: Expected Model Adaptability to Dynamic Conditions for 

visualization 

V. CONCLUSION 

This research presents a novel multimodal emotion 

detection system empowered by Explainable AI (XAI) 

principles. By integrating textual, vocal, and visual 

inputs, the system achieves a more holistic understanding 

of human emotions. The use of interpretability 

techniques such as LIME, SHAP, and Grad-CAM 

enhances the model’s transparency and supports bias 
identification and correction. Unlike conventional black-

box models, this framework provides both high 

prediction accuracy and meaningful explanations for its 

decisions. 

Furthermore, explanation-guided retraining improves 

model fairness and reliability by aligning decisions with 

human reasoning. This integrated approach contributes to 

ethical AI development, offering valuable applications in 

psychological diagnostics, virtual assistants, and 

emotionally aware human-computer interfaces. The 

framework sets a foundation for future AI systems that 

prioritize both performance and accountability. 

VI. FUTURE SCOPE 

The future of emotion-aware AI systems lies in their 

ability to dynamically adapt and personalize their 

responses. Incorporating physiological signals such as 

EEG or heart rate, alongside existing textual, audio, and 

visual data, can further refine emotional inference. 

Emotion recognition models will benefit from inclusive 

datasets that reflect varied cultural and linguistic 

backgrounds to minimize demographic bias. 

Additionally, integrating federated learning and 

privacy-preserving techniques can ensure secure data 

handling, particularly in sensitive areas like healthcare 

and therapy. As the technology evolves, AI systems 

capable of self-adjusting based on real-time user 

behavior and feedback will become essential tools in 

domains like mental wellness, customer support, and 

human-robot collaboration. 
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