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ABSTRACT  

The research presents an alternative bilingual speech emotion recognition system that combines 

patch-encoded VGG-16 spectral cues and a complete Vision Transformer pipeline to train the 

affective cues on English and Gujarati speech. Mel-spectrograms are first fed into a frozen VGG-16 

backbone to extract high-level spatial spectral features, and the features are further divided into 

regular patches and mapped to an embedding space to be employed to represent it in a transformer-

based global attention model. It is tested on four reference English emotional speech datasets, namely, 

RAVDESS, CREMA-D, SAVEE, and TESS, and all have accuracy of 99%. To test the strength on 

data on non-controlled, a hand-collected bilingual corpus of student speech was developed, with the 

model achieving the accuracy of English and Gujarati speech on 90 percent and 88 percent 

respectively. These results indicate that the contextual learning with convolutional spectral extraction 

by transformers is an effective method of learning cross-lingual variation in emotions and performing 

better than the conventional convolution-based or transformer-based models. The bilingual findings 

also indicate that it is possible to stabilize the model whereby languages with differing phonetics and 

prosody are used and so is applicable in scalable and inclusive emotion sensitive speech technology 

practicing through interactive assistants, Call-Centre analytics and affect sensitive human machine 

interfaces. 

Keywords: Speech Emotion Recognition; Spectrogram Analysis; VGG-16 Feature Extraction; 

Vision Transformer Modeling; Bilingual English–Gujarati Dataset
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1. Brief description on the state of the art of the Research Topic  

The Speech Emotion Recognition (SER) has played a critical role in the modern dynamic intelligent 

systems in the sense that machines are able to infer the human affective statuses without hearing 

them. The growing popularity behind the applications of SER, such as affect conscious virtual 

assistants, medical monitoring, Call Centre automation, and intelligent tutoring systems, has led to 

much research on the creation of effective and accurate models of emotion classification. Since the 

handcrafted acoustic characteristics change to the deep learning-based features, some studies have 

demonstrated to accomplish significant improvements in the dependability and extensiveness of SER 

systems. The idea of data augmentation and deep feature extraction has now found its application in 

recent literature to achieve a high degree of robustness in real-time and varying acoustic environments 

[1]. Moreover, improved SER potential offered by the development of biologically motivated and 

once crossbreed algorithms has also broadened SER capability with enhanced discrimination in the 

instance of emotional conditions in noisy situations [2]. 

Deep learning models such as CNNs have a lot of applications and numerous applications that have 

been quite successful in modeling spatial-spectral patterns of emotions [3]. Some SER systems to 

support practical deployment applications have aimed at efficiency in computation by audio 

compression and through lightweight audio processing techniques [4]. With a language that is 

underrepresented, the method of data augmentation was discovered to enhance the performance 

significantly and overcome the insufficient data [5]. The proposal of hybrid networks consisting of 

CNN and LSTM layers is also explored and it has already been demonstrated that spatial learning 

and time-based learning can complement each other and improve the performance of emotion 

recognition [6]. According to another trend, spaces of embedding and low-level acoustic descriptions 

were optimally embedded to strengthen the presence of emotional features [7], and evaluation of the 

raw waveform modeling to prevent dependence on the manual feature engineering [8]. 

The same development of parallel multi-microphone processing, token-semantic representations, and 

hierarchical audio transformers suggests the shift to attention-based modeling [9]. Ensemble 

architectures have also been performed with MFCCs and CNNs and recurrent networks and have 

shown impressive performance with a variety of emotional datasets [10]. Further assessments also 

indicate that effective data augmentation has been a major factor of deep learning in SER tasks [11]. 

Handcrafted feature lightweight ensemble models have been also investigated in re-source-
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constrained environments [12]. The effectiveness of convolutional learning as a technique of SER is 

also established by research focusing on the mel-spectrograms and CNNs [13]. 

Multilingual SER systems that are machine-learned have been employed to circumvent the need of 

language, accent, and emotional style generalized models [14]. Another motivation that elicited cross-

accent SER frameworks that enhance strength in groups of speakers was accent diversity which 

induces performance variance [15]. More uses of LSTM attention/CNN hybrid models have 

demonstrated increased emotional discrimination under high-acoustical conditions [16], and graph-

based audio representations have been proposed to structure emotional modeling [17]. It is also found 

that cross-attention based networks have improved multimodal and multi-resolution feature 

extraction algorithms [18] and integrated CNN based designs have also been shown to extract 

hierarchical emotional information [19]. 

The recent reviews refer to the interesting gaps in the data sets diversity, methods of features ex-

traction and cross-language generalization [20]. The architecture that establishes correlations among 

mel-spectrogram areas have shown considerable advancement in learning context-dependent patterns 

of emotion through transformer-based architecture [21]. Transformer-based vision systems Vision 

Transformer Vision Transformer systems also underline the utility of self-attention everywhere to 

comprehend spectrograms [22], and multi-axis transformer models also demonstrate good learning 

of multi-scale emotional representations [23]. The techniques which help in enhancing the accuracy 

include temporal frequency correlation techniques, positional modeling techniques and knowledge 

transfer techniques [24]. The interpretability has also been improved by explainable frameworks in 

deep transfer learning, and deep transfer learning has further improved performance on SER datasets 

[25]. 

Whether in spite of these enhancements, there remains the unstudied multilingual and low-resource 

language such as Gujarati. The disparity in phonetics, prosody, expression of emotions and recordings 

are more problematic to multilingual SER. To address such gaps, the provided work proposes a 

bilingual SER model, a combination of patch-encoded VGG-16 spectrogram features with an entire 

pipeline of a Vision Transformer and is applied to existing English datasets and a newly created 

English-speaking Gujarati protestant speech corpus. 
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2. Definition of the Problem  

The issue encountered by this study is the proper and strong identification of human emotions through 

speech in many languages especially where languages are quite different in terms of phonetics, 

prosody, and the availability of data. The current speech emotion recognition (SER) systems tend to 

use either convolutional neural networks or transformers as a single model and tend to be trained on 

monolingual and controlled data, which restricts their ability to generalize to real-life situations with 

multilingual speakers. These types of models have problems in simultaneously capturing fine-scale 

spectral structures and high-level contextual dependencies, resulting in worse performance on non-

native languages, low-resource languages, or unrestricted recording conditions. In addition, the 

majority of systems that perform well in SER are confirmed to mostly work on benchmark English 

data, thus there is a knowledge gap in how systems perform in a bilingual or cross-lingual setting, 

particularly in languages with underrepresentation like Gujarati. This poses a serious difficulty of 

integrating emotion-sensitive speech technologies in inclusive and scalable systems like interactive 

voice assistants, call-center analytics, and affect-sensitive human-machine interfaces. The issue is 

hence to come up with a single framework of SER capable of learning both discriminatory local 

spectral features and global contextual representations and be highly accurate in both controlled 

benchmark data and in real bilingual speech. To overcome this difficulty, a model is needed that can 

be generalized over language-specific properties, tolerate the variability in the expression of speakers 

and the conditions of recording, and operate reliably without undergoing a large-scale retraining on 

language-specific features. Such weak bilingual SER solutions drive the desire in an architecture that 

can successfully combine convolutional spectral feature extraction with transformer-based contextual 

learning to make steady and precise emotion recognition among speech data with linguistic 

diversities.  
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3. Objective and Scope of work 

The Objective of this research is: 

 To utilize benchmark English emotional speech datasets and a self-developed bilingual 

(English–Gujarati) corpus for spectral emotion analysis. 

 To generate Mel-spectrogram representations from raw speech signals for time–frequency 

based affective feature extraction. 

 To design and employ a special model based on patch-encoded VGG-16 spectral features and 

a full Vision Transformer pipeline for emotion learning. 

 To implement and validate the bilingual spectral emotion recognition system on both 

controlled datasets and student speech recordings. 

 To compare the performance of the proposed patch-encoded VGG–Vision Transformer 

framework with existing research using different parameters. 

This research scope has a range since it can be applied to real-world emotion-sensitive speech systems 

that involve multilingual communication. It can be successfully employed in interactive voice 

assistance to localize responses to the emotional condition of the speaker of various languages. When 

it comes to call-center analytics, the model is appropriate to track customer emotions and make the 

service better. It is also applicable in human-machine interfaces that are sensitive to affect and can be 

used in the medical field, education and mental health monitoring. Besides, the system can be used 

in intelligent surveillance, e-learning systems, and inclusive AI applications that need to 

accommodate high-resource and low-resource languages. 
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4. Novel contribution of the Thesis 

Primarily Original Contributions of the Thesis. 

 Introduces a new architecture of bilingual speech emotion recognition that combines frozen 

VGG-16-based spectral feature extraction with an encoder-based patch-encoded Vision 

Transformer as a global contextual learner. 

 Presents a powerful CNN-Transformer pipeline that represents local spectral patterns and 

long-range emotional dependence in speech signals. 

 Achieves state of the art results on several English emotional speech datasets on a variety of 

benchmarks, with good accuracy and generalization. 

 Creates a real-world bilingual emotional speech corpus comprised of English and Gujarati 

recordings to test in non-controlled conditions. 

 Shows strong cross-lingual emotion recognition abilities between languages that have 

differing phonetic and prosodic make-ups. 

 Confirms the relevance of the proposed model to scalable, inclusive and real-world emotion-

aware speech.  
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5. Methodology of Research, Results / Comparisons  

Figure 5.1 provides the end-to-end architecture of the suggested speech emotion recognition (SER) 

system with bilingualism, which is based on a hybrid deep learning model that consists of the VGG-

16 backbone and a Vision Transformer (ViT) encoder. The methodology is structured according to 

five consecutive steps: (1) data acquisition, (2) preprocessing and spectrogram generation, (3) hybrid 

fea-ture learning with VGG-16 + ViT, (4) fine-tuning strategy, and (5) evaluation of the performance. 

The stages are quite particular in their attempts to maximize robustness, linguistic generalization, and 

emotion discriminability among both English and Gujarati speech datasets. 

  

Figure 5.1 Proposed Block Diagram 

The proposed framework can be extended to more future work to include larger and more different 

multi-institutional datasets to enhance the generalization to other populations and imaging devices. 

The combination of self-supervised or semi-supervised learning methods can make performance less 

dependent on labeled data and improve performance in low-resource conditions. Also, the framework 

may be further extended to facilitate multi-modal learning through integrating chest X-rays with 

clinical metadata or laboratory results to make a more comprehensive diagnosis. Deploying the edge 

and mobile device optimized models and testing them in actual clinical processes will be beneficial 

towards viable implementation. Lastly, an examination of more sophisticated explainability methods 

than Grad-CAM can also help enhance clinical trust and decision support in clinical settings. 

A. Datasets 

It is developed on bilingual speech emotion recognition system based on six complementary datasets 

which represent controlled, semi-natural and real-world emotional variability combined. To achieve 

robustness and comparison to the existing research, four popular benchmark English emotional 

speech datasets are used: RAVDESS, CREMA-D, SAVEE, and TESS. RAVDESS offers samples of 
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eight fundamental emotions, which are studio-recorded, therefore, it is apt with baseline testing. 

CREMA-D provides both acoustic and demographic diversity at the large scale, which favors the 

cross-speaker generalization. SAVEE is a smaller model but presents minor emotional variations that 

are hard to predict with deep learning models. TESS provides balanced and high-clarity recordings 

which can be used as an evaluation of model stability. Besides these benchmarks, there are two self-

gathered data sets, i.e., an English student speech corpus and a Gujarati emotional speech corpus. 

Collectively, these datasets allow assessing the model proposed in detail in both controlled and 

bilingual real-life conditions. The bilingual English-Gujarati corpus is particularly created to reflect 

natural linguistic variation as well as the variability in the real world. It has variations of speaking 

rate, articulation strength, accent thickness and background noise levels, and has been closely 

designed to replicate real-life situations of using it like in mobile and telephonic communication. The 

English corpus demonstrates the diversity of accents and pacing among the students of universities, 

whereas the Gujarati corpus presents the peculiarities of phonetics and prosodics of the low-resource 

language of the Indo-Aryan group. Several regional Gujarati dialects are covered, which causes a 

great difference in modulating the pitch, the length of vowels, and emotional prosody. Acoustic 

diversity is also enhanced by the differences in recording settings and recording devices. Despite its 

small size, the corpus has high linguistic representativeness as it includes several dialect clusters, 

traits of speakers, and ambient conditions. This diversity is essential in measuring cross-lingual 

robustness and in making sure that the given model is generalizable across languages with different 

phonological and prosodic systems. 

B. Preprocessing  

Each of the six datasets is subject to a common preprocessing pipeline in order to be consistent across 

various recording conditions and corpora. The Librosa library converts raw audio signals into Mel-

spectrogram representations by using Short-Time Fourier Transform applications to convert time-

domain audio signals into time-frequency audio signals. This conversion facilitates successful 

characterization of emotional indicators of pitch, timbre, harmonics as well as spectral energy 

distribution. The produced spectrograms are scaled to make the differences in the intensity produced 

by recording dissimilarities irrelevant to the spectrograms and resized to a size of 224 x 224 x 3 to fit 

the convolutional neural network input criteria. Emotion labels are encoded to numerical numbers to 

allow supervised learning. The preprocessing stage minimizes the effects of noise, variability of the 

speakers, and duration of recording by converting variable-length audio signals to fixed-size 
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spectrogram images. This uniform representation gives an opportunity to consider the task of 

recognizing emotions as an image classification problem so that the hybrid deep learning can be 

trained in a stable and efficient manner. 

C. Hybrid Modelling  

The hybrid architecture described in the paper combines convolutional feature extraction followed 

by transformer-based contextual modeling to be successful in learning the speech spectrogram 

emotional patterns. A convolutional front-end based on a pre-trained VGG-16 network is used to 

extract hierarchical spectral features representing local time frequency textures. These patches are 

encoded into patches of a set size by a patch-encoding mechanism. All patches are placed in an 

embedding space, and they are presented as a series of tokens that are used with a Vision Transformer 

encoder. Multi-head self-attention is used in the transformer to capture long-range dependencies over 

the whole spectrogram, and, therefore, to capture non-local emotional correlations that could be 

overlooked by conventional CNNs. The model acquires links between remote spectral areas and local 

emotional signals, through global attention. Transformer output goes to a classification head that 

classifies emotion. This fusion architecture has been shown to be very useful in combining local 

spectral variations of the object with global awareness of its context to become a strong bilingual 

emotion detector. 

 

Figure 5.2 Hybrid Model Architecture Layers  
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D. Fine Tuning 

The hybrid VGGVision Transformer model is fine-tuned with a supervised training plan in order to 

optimize results in both benchmark and bilingual datasets. Adam optimizer is used with the learning 

rate of 1x10 -4 in order to achieve stable and efficient convergence. The training is done in 100 or 

more epochs, which enables learning of complicated emotional patterns. In fine-tuning all is trained 

end-to-end but certain layers of the VGG-16 backbone are unfrozen to learn to adjust convolutional 

filters to domain-specific emotional attributes of speech spectrograms. This biasing unfreezing 

approach trades off-feature stability and adaptability and lowers the overfitting rate and enhances 

generalization. The training approach allows the model to acquire short-term spectral content with 

the long-range contextual dependencies across the languages. Subsequently, the fine-tuned model 

achieves the generation of stable and discriminative representations that are useful in portraying 

emotional stimuli in both English and Gujarati speech in varying acoustic environments. 

E. Evaluation Parameters 

The effectiveness of the suggested hybrid speech emotion recognition system is evaluated with the 

help of a number of standard evaluation measures, each of which presents a distinct vision of 

reliability of the model and classification quality. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (𝑇𝑃 +  𝑇𝑁) / (𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁)              [1] 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑃)                                    [2] 

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑁)                                    [3] 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2 (𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗  𝑅𝑒𝑐𝑎𝑙𝑙)/ (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙)   [4] 

𝐾𝑎𝑝𝑝𝑎  𝐼𝑛𝑑𝑒𝑥(𝜅) =
𝑝𝑜−𝑝𝑒

1−𝑝𝑒
                                 [5] 

where Po is seen agreement and Pe is projected agreement. 

Matthew’s correlation coefficient (𝑀𝐶𝐶) =
𝑇𝑃⋅𝑇𝑁−𝐹𝑃⋅𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
               

 [6] 

𝐴𝑈𝐶 − 𝑅𝑂𝐶 =  𝐴𝑟𝑒𝑎 𝑢𝑛𝑑𝑒𝑟 𝑅𝑂𝐶 𝑐𝑢𝑟𝑣𝑒 𝑔𝑖𝑣𝑒𝑛 𝑏𝑦 𝑇𝑃𝑅 𝐹𝑃𝑅              [7] 

TP = TP / (TP + FN) and FP = FP / (FP + TN) are the true positive and false positive probabilities 

respectively. 

𝐶𝑉 𝑠𝑐𝑜𝑟𝑒 =  𝑀𝑒𝑎𝑛, 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑜𝑛 𝐾 𝑓𝑜𝑙𝑑𝑠                        [8] 
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F. Results  

All the experiments were performed on the Kaggle computational platform and a T4 library with 16 

GB VRAM to effectively train the hybrid VGG16 -Vision Transformer architecture on a large scale 

of spectrogram data. The model was trained to 100 epochs with the size of 32, the Adam optimization 

method and the learning rate of 1e-4, which made sure that the model converged steadily in the 

bilingual emotional speech corpora.  

1. Ravdess English Dataset 

Figures 5.3–5.5 illustrate the complete processing pipeline for the RAVDESS dataset, including high-

resolution spectrogram generation, stable model convergence during training, and near-perfect 

evaluation performance. 

 
Figure 5.3 Audio Spectrogram Generation (Ravdess) 

 
Figure 5.4 Model Training Plots (Ravdess) 
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Figure 5.5 Model Evaluation (Ravdess) 

2. Crema Dataset 

Figures 5.6–5.8 illustrate the complete processing pipeline for the Crema dataset, including high-

resolution spectrogram generation, stable model convergence during training, and near-perfect 

evaluation performance. 

 
Figure 5.6 Audio Spectrogram Generation (Crema) 

 
Figure 5.7 Model Training Plots (Crema) 
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Figure 5.8 Model Evaluation Plots (Crema) 

3. Savee Dataset 

Figures 5.9–5.11 illustrate the complete processing pipeline for the Savee dataset, including high-

resolution spectrogram generation, stable model convergence during training, and near-perfect 

evaluation performance.  

 
Figure 5.9 Class Wise Spectrogram Samples (Savee) 

 
Figure 5.10 Training Convergence Curves (Accuracy/Loss) 
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Figure 5.11 Confusion Matrix With AUC-ROC Plots for Each Emotional Category 

4. Tess Dataset 

Figures 5.12–5.14 illustrate the complete processing pipeline for the Tess dataset, including high-

resolution spectrogram generation, stable model convergence during training, and near-perfect 

evaluation performance.  

 
Figure 5.12 Audio Spectrogram Generation (Tess) 

 
Figure 5.13 Model Training Plots (Tess) 
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Figure 5.14 Model Evaluation (Tess) 

5. Own English Dataset 

Figures 5.15–5.17 illustrate the complete processing pipeline for the Own English dataset, including 

high-resolution spectrogram generation, stable model convergence during training, and near-perfect 

evaluation performance.  

 
Figure 5.15 Audio Spectrogram Generation (Own English) 

 
Figure 5.16 Model Training Plots (Own English) 
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Figure 5.17 Model Evaluation (Own English) 

6. Own Gujarati Dataset 

Figures 5.18–5.20 illustrate the complete processing pipeline for the Own Gujarati dataset, including 

high-resolution spectrogram generation, stable model convergence during training, and near-perfect 

evaluation performance.  

 
Figure 5.18 Class Wise Spectrogram Samples (Own Gujarati) 

 
Figure 5.19 Training Convergence Curves (Accuracy/Loss) 
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Figure 5.20 Confusion Matrix With AUC-ROC Plots For Each Emotional Category 

7. Discussion 

As shown in Table 5.1, the proposed hybrid VGG16-Vision Transformer architecture outperforms 

then the conventional existing research. 

Table 5.1 Comparative Analysis with Existing Research 

Model / Dataset  Accuracy Precision Recall F1-

Score 

Cohen’s 

Kappa 

MCC AUC-

ROC 

MFCC + SVM 

Baseline Model for 

SER [7] 

0.874 0.869 0.872 0.870 0.83 0.82 0.911 

CNN-BiLSTM 

Spectrogram-Based 

SER [12] 

0.921 0.918 0.920 0.919 0.89 0.88 0.963 

ResNet-50 Transfer 

Learning on 

Spectrograms [15] 

0.945 0.942 0.944 0.943 0.91 0.90 0.978 

Transformer-Based 

SER with Attention 

Fusion [19] 

0.962 0.960 0.961 0.960 0.93 0.92 0.985 

Proposed Model  

(RAVDESS, CREMA-

D, SAVEE, TESS) 

0.99 0.99 0.99 0.99 0.99 0.99 0.99 

Proposed Model (Own 

English ) 

0.90 0.90 0.90 0.90 0.90 0.90 0.9928 

Proposed Model (Own 

Gujarati) 

0.88 0.88 0.88 0.88 0.88 0.88 0.9928 
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6. Achievements with respect to objectives  

 Effectively exploited four standard benchmark English emotional speech corpora 

(RAVDESS, CREMA-D, SAVEE, and TESS) and a home-built bilingual English-Gujarati 

student corpus of speech to conduct a global spectral emotion analysis in controlled and 

natural settings. 

 Representations of Mel-spectrogram derived successfully on raw speech signals, which allow 

a powerful time frequency analysis and proper identification of affective speech properties. 

 Developed and deployed an innovative patch-encoded hybrid model that incorporates VGG-

16-based spectral features extraction and a complete Vision Transformer pipeline that enables 

effective learning of both local and global emotional features. 

 Tested the proposed bilingual speech emotion perception system on reference data sets and 

actual student records and was found to be accurate and possess notable resilience with 

regards to bilingual and non-managed speech information. 

 Compared the proposed VGG–Vision Transformer framework to the existing state-of-the-art 

methods based on various performance parameters and it was established that the proposed 

VGG trained with a transformer framework is always superior to the traditional CNN-only 

and transformer-only baselines. 
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7. Conclusion  

The study proposed a combined model of speech emotion recognition using two languages, including 

the use of features in the spectrogram with the extraction of spectrogram features and a hybrid deep 

neural net based on VGG-16 and a full pipeline of Vision Transformer. Using the high-resolution 

time-frequency representations generated by Librosa and the patch learning of Transformers, the 

proposed system has shown highly competitive results across most of the benchmark datasets, such 

as RAVDESS, CREMA-D, SAVEE, and TESS, and an average accuracy of 99%. The model also 

exhibited good generalization on two newly constructed real-life datasets namely English and 

Gujarati emotional speech samples as well as a high accuracy of 90 percent and 88 percent 

respectively. These findings suggest that convolutional feature hierarchy, and global self-attention 

are useful in fine pro-sodic, spectral and temporal variance in speech that can characterize emotional 

state. Despite its good performance, there are a few limitations that are revealed by the research and 

that can be investigated. The slightly lesser accuracy of the home-made bilingual sets of data is that 

spontaneous or semi-spontaneous speech may vary due to accent, age gap, sporadic loudness and 

noise. The possibility of the proposed system utilizing the bilingual can be applied to real life 

technologies as well. The use of Application Healthcare Emotion sensitive virtual assistants may be 

implemented to help monitor the signs of stress or depression in multilingual Indians. Call-center 

analytics predicts the escalation based on bilingual emotion detection and customer satisfaction upon 

the contact of English-Gujarati communication. In addition, any emotional feedback loop transfer of 

emotion to multilingual environment may prove helpful in interactive classroom tutors and assistive 

technologies utilized in serving the aged. Harmonic contours and quality spectrograms can be blurred 

by the background noise in practice. The hybrid model though strong in case of moderate noise can 

be exposed to extreme noise levels at which preprocessing block such as spectral subtraction or even 

the incorporation of neural noise suppression would be mandatory to implement in real time. 

The future work to develop the bilingual corpus in order to capture greater number of regional 

languages in India, greater number of respondents and establish a balanced sample of emotional 

levels. 
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