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Abstract: Emotion-aware systems enable Personalized User Interaction (PUI) by dynamically adapting 

responses based on users’ emotional states. However, existing systems failed to capture latent emotional 

states between features, which affected emotion detection accuracy. Hence, this paper proposes an IoT-

based emotion-aware PUI framework with Latent Emotional State Identification (LESI) using Weibull 

Ramp-Fuzzy (WR-Fuzzy) and Tied Covariance Gaussian Hidden Markov Emission Probability Model 

(TCGHMEPM). Initially, the DREAMER dataset is pre-processed, followed by data augmentation using 

Generative Adversarial Network (GAN), clustering using Forgy Soergel K-Means (FSK-Means), and 

feature extraction. Next, from the extracted features, LESI is performed using TCGHMEPM, and feature 

fusion is done using Multimodal Autoencoder (MA). Based on LESI and the fused features, emotion 

classification is conducted using Manifold Gated Swim Recurrent Unit (MGSRU), followed by deep 

explanation using Rényi Sphere SHapley Additive exPlanations (RSSHAP). Finally, PUI is provided 

using WR-Fuzzy. Therefore, the proposed MGSRU classified emotions with a higher accuracy 

(98.8745%) than existing techniques. 

Keywords: Personalized User Interaction, Emotions, Internet of Things (IoT), Artificial Intelligence (AI), 

Latent Emotional State Identification, Human Automated AI System, and Valence-Arousal-Dominance 

(VAD). 

1. INTRODUCTION 

Emotion is a natural mental and physiological response that influences thoughts, behaviors, and social 

interactions (Alzhrani et al., 2021) (Fan et al., 2024). These responses can be captured through 

Electroencephalography (EEG) and Electrocardiography (ECG), which record brain and heart activity, 

respectively, and their combined analysis enhances Emotion Recognition (ER) (Miao et al., 2025). 

Furthermore, IoT enables intelligent systems to use physiological data (e.g., EEG and ECG signals) 

(Murhe et al., 2025). This allows real-time emotion detection in healthcare, human-machine interaction, 

and beyond (Houssein et al., 2022). AI further improves ER by learning from multimodal data to classify 

emotions with high accuracy (Khare et al., 2024). 

Recent advances in Machine Learning (ML) and Deep Learning (DL) allow ER systems to analyze EEG 

signals (Abgeena & Garg, 2023). These systems can classify emotions, such as valence (positive or 

negative feelings), arousal (level of excitement), and dominance (sense of control) (Li et al., 2021). These 

advancements enable PUI systems that adapt content and responses in real time based on an individual’s 

emotional state (Chin et al., 2021) (Khan et al., 2021). However, existing approaches often overlook latent 

emotional states (hidden emotions not directly observable) between features, reducing classification 

accuracy. The motivation of this work is to propose an IoT-based, emotion-aware PUI framework with 

LESI using WR-Fuzzy and TCGHMEPM to effectively capture nuanced emotional states and enhance 

personalized interactions. 

1.1 Problem Statements 

The drawbacks of the traditional approaches are as follows, 

 None of the existing systems captured latent emotional states across EEG and ECG features, which 

reduced ER accuracy. 

 In (Dhara et al., 2024), the differences in EEG patterns and ECG signals across age and gender were 

not considered, limiting the accurate emotion prediction. 
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 PUIs based on the corresponding emotions were not addressed in (Tuncer et al., 2022), reducing the 

system’s effectiveness in real-time adaptation. 

 Most of the existing systems lacked explainability, which reduced trust and personalization of the 

emotion-aware PUI system. 

1.2 Objectives 

The objectives of the proposed work are outlined below, 

 TCGHMEPM is utilized to perform LESI, thereby improving detection accuracy during emotion 

classification. 

  To predict emotions accurately, FSK-Means is employed for performing the age and gender-based 

clustering. 

  WR-Fuzzy is employed to enable PUI, thereby enhancing the system’s effectiveness. 

 Deep explanation is provided using RSSHAP, which increases trust in the interaction system. 

The structure of this paper is as follows: Section 2 presents the literature survey, Section 3 describes the 

proposed methodology, Section 4 provides results and discussion, and Section 5 concludes the paper with 

future recommendations. 

2. LITERATURE SURVEY 

(Dhara et al., 2024) presented a fuzzy ensemble-based DL model for EEG-based ER. The model extracted 

signal features and classified them using a fuzzy ensemble-based DL method. Hence, it attained 91.65% 

accuracy in arousal classification. Yet, the model treated all EEG and ECG signals the same without 

differentiation, limiting the accurate prediction of emotions. 

(Tuncer et al., 2022) established an automated ER system using EEG signals. A multilevel fused feature 

generation network extracted features, which were classified using a Support Vector Machine (SVM). The 

model achieved 92.86% accuracy in dominance classification. However, it lacked PUI for the 

corresponding classified emotions, limiting interpretability and user engagement. 

(Liew et al., 2021) developed an explainable ER model using ensembles. Here, clustering using fuzzy 

adaptive resonance theory, classification using boosted decision tree, and explainability using Shapley 

Additive Explanations (SHAP) were performed. Hence, the model efficiently recognized the emotions. 

Nevertheless, it had struggled with training data sensitivity, which affected the stability of clustering.  

(Ju et al., 2024) implemented an EEG-based ER model. The model utilized a temporal-difference 

minimizing neural network to recognize the emotions. Further, maximum mean discrepancy was used to 

evaluate the difference in features. Therefore, the model attained high precision. But, it faced instability 

and poor convergence, which reduced training effectiveness. 

(Kim et al., 2021) deployed a DL framework for ER. Initially, the signals were pre-processed, and 

emotions were then classified using Long Short-Term Memory (LSTM). The model attained 81% 

accuracy in classification. However, the model was affected by noise and artifacts, which reduced the 

accuracy of ER. 
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3. PROPOSED FRAMEWORK FOR IoT-BASED EMOTION-AWARE PERSONALIZED USER 

INTERACTION  

This section illustrates an IoT-based emotion-aware PUI framework with LESI, as shown in Figure 1. 

 

Figure 1: Pictorial Representation for IoT-based Emotion-aware PUI Framework  

3.1 DREAMER Dataset 

Initially, the DREAMER dataset  drD  is collected, which contains input signals like EEG  EEG  and 

ECG  ECG . 

 ECGEEGdrD  ,      (1) 

These signals are recorded from multiple participants. 

3.2 Pre-Processing 

Next, to enhance signal quality, pre-processing of  drD  is done. 

 

 Artifact Removal 

Firstly, the artifacts (eye blinks or muscle contractions) in  drD  are removed using Independent 

Component Analysis (ICA). ICA separates mixed signals into independent components, enabling the 

efficient removal of artifacts.  

Primarily,  drD  is centered by subtracting the mean    and then whitened  W  to decorrelate the data. 

   drDW     (2) 

Where,    depicts the whitening matrix. Next, the independent components    are extracted from  W  

using a separating matrix   , followed by artifact-removed signal  art  reconstruction. 

W       (3) 

 1art      (4) 
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Hence, artifacts are removed from  drD . 

 Windowing 

Next, windowing is performed on  art  based on the time domain to segment it into smaller frames   , 

preserving temporal information for efficient feature extraction.  

 Standardization 

Now,    is standardized using a Z-Score, which scales the signal to zero mean    and unit variance  V  

to provide a normalized signal. 

V


      (5) 

Where,    indicates the standardized signal (i.e., EEG and ECG signals). 

3.3 Data Augmentation 

Here,    are augmented using GAN to increase the dataset size. GAN generates realistic synthetic 

samples, expanding the dataset.  

Primarily, a random noise  n  is fed into the generator  genF  to produce synthetic data   . 

 nF gen      (6) 

Then, the discriminator  disF  evaluates the real    and generated   samples to distinguish between 

them. Next, the GAN is trained iteratively using the discriminator  dlossF and generator losses  glossF .  

       nFFFF gendis

n

disdloss   1loglog     (7) 

   nFFF gendis

n

gloss log     (8) 

        (9) 

Where,    denotes the expectation operator. Finally, after training, the augmented data    are 

obtained. 

3.4 Clustering 

Next,    is clustered based on age and gender to improve the accuracy of emotion prediction. K-Means 

assigns all data points to clusters, ensuring uniform distribution. However, it struggles when clusters have 

varying densities. Therefore, Soergel Distance (SD) is utilized to measure similarity. Also, to overcome 

  -randomness in cluster initialization, Forgy Initialization (FI) is employed, which selects initial cluster 

centroids randomly from the dataset. 

Initially, FI  U  is utilized to initialize    cluster centroids  Q  based on   . 

  QQQQQU ,,,, 321      (10) 

Next, the SD    ,dis  is computed to determine similarity between two points     and     from   . 

 
 












,max
,dis      (11) 
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Moreover, based on    ,dis , each data point is assigned  R  to the nearest centroid, and centroids are 

iteratively updated until convergence, forming final clusters  C . 





CR

R
C

C
1

     (12) 

Thus, based on age and gender,   are clustered. 

3.5 Feature Extraction 

From  C , the EEG features  feat , such as theta, alpha, and beta Power Spectral Density (PSD) for each 

electrode, are extracted. Also, from  C , the ECG features  feat̂  like mean, standard deviation, median, 

min, max, range of each PQRST complex (P-wave, QRS complex, and T-wave), the root mean square of 

successive differences between consecutive RR intervals (R-peaks), PSD for Low Frequency (LF) and 

High Frequency (HF), LF to HF ratio, and total power are extracted. 

3.6 Latent Emotional State Identification 

Now, LESI is performed using TCGHMEPM to capture latent emotional states between  feat  and  feat̂ , 

enhancing prediction accuracy. A Hidden Markov Model (HMM) captures temporal dependencies within 

signals and is robust to variations. But, it may require windowing that can distort the signal and does not 

explicitly account for the time spent in a specific state. Therefore, Tied Covariance Gaussian Emission 

Probability (TCGEP) is used, which shares covariance across states to improve stability and accurately 

model state durations. 

 Initially, the hidden emotional states   , the initial probability  in , and the transition 

probability  tra  are defined. Similarly, observed feature vectors  ob (  feat  and  feat̂ ) are also 

defined. 

 Then, TCGEP    is applied to improve the stability of the model. 

 
     








  



obtob

q

1

2
1

2 2

1
exp

2

1
  (13) 

Where,   ,,,q  denote the feature dimension, shared covariance across states, mean vector, and 

mathematical constant of  feat  and  feat̂ , respectively, and  t  implies transpose function. 

 Next, based on  in ,  tra , and   , the maximum probability  ~  in  ob  is evaluated using the 

Viterbi algorithm.  

       tra

ob

inj 


1max
~

   (14) 

Where,  
1j  signifies the previous   . Finally, regarding  ~  and  ob , the latent emotional states are 

identified. Therefore, by considering the time dependence, the LESI outcome    is obtained. 

3.7 Feature Fusion 

Meanwhile,  feat  and  feat̂  are fused using MA to combine information over time and smooth 

variations for improved analysis. MA learns compact representations of ECG and EEG features, reducing 

dimensionality and merging them into a common space. 

Primarily, the encoder  Z  compresses  feat  and  feat̂  into compact and meaningful latent 

representations. 
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 featfeatencodingZ  ˆ,     (15) 

Next,  Z  is aligned in a common latent space to enable effective feature fusion. 

 ZP fusion

fus       (16) 

Where,  fusP  indicates fused features, and  
fusion  implies the fusion layer operation.  Further, if 

necessary, then the final fused features    are decoded and reconstructed.  

 

3.8 Emotion Classification 

Moreover, based on    and   , emotion classification is performed using MGSRU to provide 

personalized interaction. Gated Recurrent Units (GRUs) excel at capturing temporal dependencies and 

identifying patterns. However, when applied to small datasets, they tend to overfit. Hence, Manifold 

Regularization (MR) is utilized to promote sparsity by encouraging many parameters to be zero, thereby 

avoiding overfitting. Similarly, GRU has vanishing gradient issues that occur during backpropagation. So, 

the Swin Activation Function (SAF) is employed, which stabilizes gradient flow. Figure 2 depicts the 

diagrammatic representation of the proposed MGSRU. 

 

Figure 2: Diagrammatic Representation of MGSRU in Emotion Classification 

 Primarily,    and   , commonly denoted as   , are fed into the proposed MGSRU. 

 Then, the overfitting issues are mitigated by regularizing    using MR  mani , attaining regularized 

input   . 

 
    




a

vu

vuuvmani gg
a 1,

2

2

1
    (17) 

Where,  a  signifies the total number of data points,  vu,  represent the indexes of  a ,    depicts the 

weight factor, and  g  indicates the MR function. 

 Next, the reset gate  resG  and update gate  upG  are computed. Here, SAF  swimS  is utilized to 

overcome the vanishing gradient problem.  
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  sJrSG jswimres   ,1      (18) 

  sJrSG jswimup   ,1 1     (19) 




















21
1

2

1 d
S swim      (20) 

Here,  rr ,  and  ss ,  indicate the weights and bias of  resG  and  upG , correspondingly,  1jJ  

signifies the previous hidden state at time  1j , and  d  implies the trainable parameter. 

 Now, the candidate hidden state  jĴ  is computed, which determines what new information to be 

added to the hidden state  jJ . 

  sJGrJ jupj   ,tanhˆ 1     (21) 










ee

ee
tanh      (22) 

  jupjupj JGJGJ ˆ1 1       (23) 

Where,  sr  ,  represent the weight and bias of  jĴ , respectively,  e  demonstrates the exponential 

function, and  tanh  depicts the hyperbolic tangent activation function. 

 Finally, the output gate  outG  is established to control information flow from  jĴ  to the final output. 

 sJrS
e

eG jswim

G

Gout
out

ou t
















   (24) 

















Dominance

Arousal

Valence

3

2

1

     (25) 

Where,  sr  ,  signify the weight and bias of  outG , respectively. Then, from  outG , the classified 

emotions    like Valence  1 , Arousal  2 , or Dominance  3  are obtained.  

Pseudocode for MGSRU 

Input: LESI Outcome    and Fused Features     

Output: Classified Emotions    

Begin 

 Initialize  a ,  vu, , iteration   , and maximum iteration  max  

 Set  1  

 While  max  

  For each   and     do 

   Perform MR  mani  

    
 

    



a

vu

vuuvmani gg
a 1,

2

2

1
  

   Compute  resG  and  resG  
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   Apply 


















21
1

2

1 d
S swim   

   Evaluate  jĴ  

   Determine  jJ  

   Compute  outG  

     sJrS
e

eG jswim

G

Gout
out

ou t
















 

  End for 

 End while 

 Return      

End 

Thus, the proposed MGSRU accurately classifies the emotions. 

3.9 Deep Explanation 

Further, to provide a deep explanation about   , RSSHAP is utilized, providing interpretable insights and 

trust in model decisions. SHAP provides better consistency across model types and improves trust and 

transparency. However, it is sensitive to weight assignment when improper weight assignment functions 

are used. Therefore, Rényi Sphere Entropy (RSE) is utilized to assign appropriate weights to the features. 

 Primarily, the features or SHAP values    are derived from   , followed by weight assignment using 

the RSE   .  

 
     



















1

!1!

!

1

h

binbin

binbin h

h
     (26) 

  












 


 

 


p

b

p

b

k
bb

kpk 1 1

11
log

1

1
    (27) 

Where,  hbin,  indicate the subset and maximum number of   , respectively,  bb 
 ,  

illustrate  thb  and  thb  SHAP features, respectively, and  ,, pk   imply the Rényi order, number of 

samples, and sphere kernel function, respectively.  

 Further, based on    and base value  base , the explanation model    is established. 

   hbin
h

h

h

base





  
1

     (28) 

Here,  h  depicts the index of  h . Thus, RSSHAP provides a deep explanation of why the emotion 

classification is made. 

3.10 Personalized User Interaction 

Here, for   , PUI is provided using WR-Fuzzy to give adaptive responses based on the user’s emotional 

state, enhancing the system’s effectiveness. Fuzzy is simple and interpretable and can offer effective 

solutions to complex problems. However, it requires careful tuning of membership functions, scaling 

factors, and control rules. Therefore, the Weibull Ramp Membership Function (WRMF) is used for 

precise and adaptive fuzzy reasoning. 

Fuzzification: Firstly, the crisp inputs (   ) are converted into fuzzy data  fuz  using WRMF  weiL .  
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 weifuz L      (29) 
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

z

zye

y

L
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z
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wei

,1

,1

,0

    (30) 

Where,  oz, indicate the Weibull parameters, and  zy ,  illustrate the start and saturation point of 

membership, respectively. 

Rule Generation: Next, based on  fuz  and   , the fuzzy rules  rules  are generated to provide the PUI.  

















fr

su

pl

rules

Cprovidethenobtainedisif

Cprovidethenobtainedisif

Cprovidethenobtainedisif

,

,

,

3

2

1

   (31) 

Where,  plC  indicates interactions like playing calming, uplifting music, reading motivational quotes, 

and watching a fish tank,  suC  implies interactions like walking, stretching, swimming, and motivational 

fitness, and  frC  represents interactions like engaging with friends, attending functions, interacting with 

professionals, and reading books.  

Defuzzification: Further, the defuzzification converts the data into a crisp value  def  (PUI) through 

inferred outcome  inf  computation. 

 
 







inf

infinf

wei

wei

def

L

L
    (32) 

Therefore,  def  determines the PUI for the users based on their emotions.  

 

Pseudocode for WR-Fuzzy 

Input: Classified Emotions    

Output: PUI  def  

Begin 

 Initialize  oz, ,  zy , , iteration   , and maximum iteration  max  

 Set  1  

 While  max  

  For each    do 

   Perform fuzzification 

     weifuz L  

   Apply WRMF  weiL  

   Generate rules  rules  

   Infer data #  inf  

   Perform defuzzification  

    
 

 







inf

infinf

wei

wei

def

L

L
 

  End for 

 End while 

 Return  def   
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End 

Hence, the proposed framework efficiently supports user interactions for the classified emotions, and its 

performance analysis is discussed further. 

4. RESULT AND DISCUSSION 

In this section, the performance of the proposed framework is evaluated.  The implementation of the 

proposed work is carried out on the Python platform. 

4.1 Dataset Description 

The proposed work uses the DREAMER dataset to identify emotions, which includes 23 participants (14 

male and 9 female) and 18 videos. A summary of the dataset is presented in Table 1. 

Table 1: DREAMER Dataset Details 

Dataset Classes Before Augmentation After Augmentation 

DREAMER 

Valence 

414 2070 Arousal  

Dominance 

From the entire dataset (2070), 80% (1656) and 20% (414) of the data are used for training and testing, 

respectively. 
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Table 2: Image Results 

Classes/ 

Phases 

Valence Arousal Dominance 

EEG 

Input 

Signal 

   

Artifact 

Removal 

   

Windowi

ng 

   

Standard

ization 

   

 ECG 

Input 

Signal 
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Artifact 

Removal 

   

Windowi

ng 

   

Standard

ization 

   

Table 2 depicts the image results of the EEG and ECG signals.  

4.2 Performance Analysis 

Here, the performance of the proposed methods is compared with the existing methods.  

Table 3: Analysis of TCGHMEPM in LESI 

Techniques SE (%) Perplexity BS 

Proposed TCGHMEPM 4.1054 9.1028 0.2206 

HMM 12.5645 17.2369 0.4121 

GMM 28.5678 24.1478 0.6655 

DBN 33.2104 33.2065 0.8059 

CRF 37.8475 36.3284 0.9083 

As shown in Table 3, the proposed TCGHMEPM achieved lower Sequence Error (SE), perplexity, and 

Brier Score (BS) of 4.1054%, 9.1028, and 0.2206, respectively. In contrast, the existing HMM, Gaussian 

Mixture Model (GMM), Dynamic Bayesian Network (DBN), and Conditional Random Fields (CRF) 

attained higher SE, perplexity, and BS values. For instance, the existing HMM attained a higher SE 

(12.5645), perplexity (17.2369), and BS (0.4121). Hence, by utilizing TCGEP, the proposed 

TCGHMEPM efficiently identified latent emotional states. 
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(a) 

 

(b) 

Figure 3 (a) and (b): Performance Validation of MGSRU in Emotion Classification 

Table 4: Emotion Classification Analysis 

Techniques 
Accuracy 

(%) 
Precision (%) Recall (%) Specificity (%) 

Training 

Time (ms) 

Proposed MGSRU 98.8745 98.8865 98.4578 98.5645 63528 

GRU 96.2356 96.4875 96.2351 96.4872 68471 

Bi-LSTM 94.2598 94.2147 94.3265 94.1528 74545 

LSTM 92.1245 92.9481 92.3265 92.2047 77842 

RNN 90.2394 90.3251 90.2056 90.5687 83695 

The proposed MGSRU outperformed the existing techniques by achieving higher accuracy (98.8745%), 

precision (98.8865%), recall (98.4578%), and specificity (98.5645%) while also reducing training time 
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(63528ms), as shown in Figures 3 (a) and (b) and Table 4. This improvement was due to the use of MR 

and SAF. In contrast, the prevailing GRU, Bi-directional Long Short-Term Memory (Bi-LSTM), LSTM, 

and Recurrent Neural Network (RNN) showed relatively lower performance, with longer training 

durations. Hence, the proposed MGSRU classified emotions more accurately and efficiently than the 

existing techniques. 

 

Figure 4: Computational Complexity Assessment 

As illustrated in Figure 4, the proposed MGSRU achieved the lowest computational complexity with O(1), 

demonstrating stable performance across epochs. In contrast, the prevailing GRU (O(n)), Bi-LSTM (O(n 

log n)), LSTM (O(n2)), and RNN (O(2n)) exhibited significantly higher complexity. Thus, the proposed 

MGSRU was most efficient in terms of computational cost. 

 

Figure 5: Clustering Time Analysis  

Figure 5 shows the clustering time comparison between the proposed FSK-Means and existing techniques. 

Due to the employment of SD and FI, the proposed FSK-Means had the lowest clustering time of 9745ms, 

outperforming the conventional K-Means (12656ms), Balanced Iterative Reducing and Clustering using 

Hierarchies (BIRCH) (16847ms), Clustering Large Applications (CLARA) (20958ms), and Fuzzy C-

Means (FCM) (24187ms). Therefore, the proposed FSK-Means delivered more accurate clustering results. 
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Figure 6: Validation of WR-Fuzzy for PUI 

The proposed WR-Fuzzy’s performance in PUI is compared with the existing techniques, as shown in 

Figure 6. The proposed WR-Fuzzy took 3024ms, 3045ms, and 1024ms for fuzzification, defuzzification, 

and rule generation, respectively. In comparison, the existing Fuzzy, Sigmoid Fuzzy, Gaussian Fuzzy, and 

Cubic Fuzzy attained higher average fuzzification, defuzzification, and rule generation times of 

8393.25ms, 8488.25ms, and 3836.5ms, respectively. Therefore, by employing WRMF, the proposed WR-

Fuzzy provided PUI more interactively, enabling the user to receive appropriate interactions effectively. 

 

Figure 7: Analysis of RSSHAP for Deep Explanation 

Figure 7 shows that by utilizing RSE, the proposed RSSHAP achieved high interpretability with 0.9856 

fidelity, 0.9765 sparsity, and 0.9526 stability. In contrast, existing SHAP, Local Interpretable Model-

agnostic Explanations (LIME), Partial Dependence Plot (PDP), and Global Surrogate (GS) attained lower 

fidelity scores of 0.9145, 0.8236, 0.7896, and 0.7124, respectively, and reduced sparsity and stability. 

Hence, compared to existing methods, the proposed RSSHAP provided more reliable classification 

explanations. 
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4.3 Comparative Analysis 

Here, the comparative analysis of the proposed and traditional works is depicted. 

Table 5: Comparative Assessment of the Proposed and Existing Techniques 

References 
Techniques/Methods 

Used 
Dataset Accuracy (%) Precision (%) 

Proposed  MGSRU DREAMER 98.8745 98.8865 

(Nalwaya et al., 

2022) 

K-nearest neighbors 

(KNN) 
DREAMER 97.87 98.08 

(Nita et al., 2021) 
Convolutional Neural 

Network (CNN) 
DREAMER 86.0866 - 

(Topic et al., 2022) CNN + SVM DREAMER 92.2166 - 

(Ma et al., 2024) 

Dual Attention 

Mechanism with CNN 

and Bi-LSTM 

DREAMER 88.8766 89.2733 

(Kumari et al., 

2022) 

Emotion-based Capsule 

Network 

(EmotionCapsNet) 

DREAMER 81.96 - 

Table 5 presents the comparative assessment of the proposed MGSRU against traditional methods for 

emotion classification using the DREAMER dataset. The proposed MGSRU achieved the highest 

performance with 98.8745% accuracy and 98.8865% precision, surpassing the existing KNN and Dual 

Attention with CNN and Bi-LSTM. Likewise, lower results were attained by prior (Nita et al., 2021) and 

(Topic et al., 2022), which employed CNN (86.0866% accuracy) and CNN+SVM (92.2166% accuracy). 

Similarly, EmotionCapsNet also yielded reduced accuracy (81.96%). These findings demonstrated that the 

proposed MGSRU effectively addressed the limitations of existing approaches and significantly enhanced 

the IoT-based emotion-aware PUI. 

5. CONCLUSION 

This paper presented an enhanced IoT-based emotion-aware PUI framework with LESI using WR-Fuzzy 

and TCGHMEPM. Initially, EEG and ECG signals from the DREAMER dataset were pre-processed and 

augmented. Clustering was then performed using FSK-Means with a clustering time of 9745ms. Further, 

LESI was performed using TCGHMEPM with 9.1028 perplexity. Moreover, based on the fused features 

and LESI outcomes, emotion classification was performed using MGSRU, achieving 98.8745% accuracy 

and 98.8865% precision. A deep explanation was provided using RSSHAP, with a 0.9856 fidelity score. 

Finally, personalized interaction was delivered using WR-Fuzzy, with a rule generation time of 1024ms. 

Thus, an IoT-based emotion-aware PUI was efficiently developed, thereby enabling seamless user 

interaction. 

Future Recommendation 

In the future, the proposed model will be enhanced by incorporating advanced techniques to effectively 

handle mixed emotions occurring simultaneously, thereby improving the accuracy of recognition. 
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