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Abstract: The research introduces a new bilingual speech emotion recognition system which inte-
grates patch-encoded VGG-16 spectral cues with a whole Vision Transformer pipeline to learn the
affective cues on English and Gujarati speech. Mel-spectrograms are initially inputted into a frozen
VGG-16 backbone to obtain high-level spatial spectral features, and these features are then split into
regular patches and transformed into an embedding space to be used to represent them in a trans-
former-based global attention model. It is tested on four reference English emotional speech datasets,
including RAVDESS, CREMA-D, SAVEE, and TESS, with the results of accuracy 99% for all. To
evaluate robustness on non-controlled data, a hand-collected bilingual corpus of student recordings
was created, where the model was able to assess English and Gujarati speech with accuracy on 90%
and 88% percent respectively. Such findings show that the convolutional spectral extraction with
contextual learning by transformers is an effective way of modeling cross-lingual emotional differ-
ences and outperforms traditional convolution-only or transformer-only models. The bilingual re-
sults also show that the model can be used to achieve stable performance with languages that have
different phonetics and prosody and thus is applicable to scalable and inclusive emotion-sensitive
speech technologies in practice through interactive assistants, call-center analytics and affect sensi-
tive human-machine interfaces.

Keywords: Speech Emotion Recognition; Spectrogram Analysis; VGG-16 Feature Extraction; Vision
Transformer Modeling; Bilingual English—Gujarati Dataset

1. Introduction

Speech Emotion Recognition (SER) has been a vital part of the contemporary intelligent systems in
that machines can deduce the human affective statuses directly by hearing them. The increasing use of SER
in applications including affect conscious virtual assistants, medical monitoring, call-center automation,
and intelligent tutoring systems has driven a great deal of study into the development of effective and
precise emotion classification models. As the transition of the handcrafted acoustic features was to the deep
learning-based representations, a few studies have shown to achieve notable enhancements in the reliabil-
ity and generalizability of SER systems. In recent literature, the concept of both data augmentation and
deep feature extraction has become relevant to realize a high level of robustness in real-time and diverse
acoustic settings [1]. Furthermore, the advancement of biologically inspired and previously crossbreed al-
gorithms has also expanded SER potential with better discrimination in the case of emotional states in
noisy conditions [2].

Spectrogram analysis with deep learning models like CNNs has enjoyed a lot of use and has been
very effective when it comes to modeling spatial-spectral patterns of emotions [3]. A few SER systems to
address realistic deployment applications have focused on efficiency in computation by compressing audio
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and using lightweight audio processing methods [4]. In the case of a language that is underrepresented,
data augmentation techniques were found to improve performance dramatically and overcome the lack of
data [5]. Hybrid networks that combine CNN and LSTM layers are also investigated and it has been shown
that a combination of spatial and time-based learning enhances the accuracy of emotion recognition [6].
Another development suggests improved embedding spaces and low-level acoustic descriptions to rein-
force emotional feature representation [7], and assessments of the raw waveform modeling in order to
avoid reliance on manual feature engineering [8].

Similar progress in parallel multi-microphone processing, token-semantic representations, and hier-
archical audio transformers indicates the growing move to attention-based modeling [9]. MFCCs as well
as CNNs and recurrent networks have also been used as ensemble architectures and demonstrated impres-
sive results in diverse emotional datasets [10]. Also, in-depth evaluations reveal that efficient data aug-
mentation has been a primary determinant of the deep learning in SER tasks [11]. Resource-constrained
environments have also been studied with handcrafted feature lightweight ensemble models [12]. The ef-
ficiency of convolutional learning as a method of SER is also proved by studies that concentrate on the mel-
spectrograms and CNNs [13].

Machine learning-based multilingual SER systems have been used to overcome the necessity of lan-
guage, accent, and emotional style generalized models [14]. Accent diversity, which creates performance
variance, was also another motivation that drove cross-accent SER frameworks that increase strength
within groups of speakers [15]. Further applications of LSTM attention/CNN hybrid models have shown
higher emotional discrimination in highly acoustical conditions [16], and graph-based audio representa-
tions have been suggested to structure emotional modeling [17]. Cross-attention based networks have en-
hanced multimodal and multi-resolution feature extraction methods [18] and combined CNN architectures
also demonstrated the ability to capture hierarchical emotional information [19].

The latest reviews point to the important gaps in the data sets diversity, methods of features extraction
and cross-language generalization [20]. Architectures that build relationships between mel-spectrogram
regions have demonstrated significant progress in learning context-dependent patterns of emotion via
transformer-based architecture [21]. Vision Transformer-based SER systems also emphasize the usefulness
of self-attention all over the world to understand spectrograms [22], and multi-axis transformer models
also show good learning in multi-scale emotional representations [23]. Temporal frequency correlation
techniques, positional modeling techniques, and knowledge transfer techniques are also useful in improv-
ing the accuracy [24]. Explainable frameworks in deep transfer learning have further enhanced interpreta-
bility as well as performance on SER datasets [25].

Regardless of these improvements, there is still the under-researched multilingual and low-resource
language, like Gujarati. The difference in phonetics, prosody, emotional expression and recording condi-
tions pose more problems to multilingual SER. To fill these gaps, the given work suggests a bilingual SER
model, which combines patch-encoded VGG-16 spectrogram features with a full Vision Transformer pipe-
line and is tested on both established English datasets and a newly created English-speaking Gujarati
protestant speech corpus.

2. Related Works

The development of deep learning and spectrogram-based analysis has seen a significant advance-
ment of Speech Emotion Recognition (SER). The first SER methods used mainly handcrafted acoustic char-
acteristics like MFCC, pitch, energy, and prosodic indicators, which constituted the foundations of the
classical machine learning models. Barhoumi et al. [1] showed the potential of using a combination of the
traditional spectral features and data augmentation to enhance the stability of recognition in different
acoustic conditions. Later literature took the approach of biologically inspired algorithms and multi-stage
signal processing to improve emotional separability, with CNN technique [2] demonstrating significant
resilience in noisy conditions.

The most popular spectrogram feature extraction methodology is now the deep convolutional neural
networks (CNNSs). In Author et al. [3], CNN-based systems were effective in fine-grained spatial-spectral
variations in emotional speech. Being lightweight and efficient frameworks like those suggested in Author
et al. [4], placed an emphasis on the minimization of computational complexity in real-time SER. In low-
resource language fields, augmentation-based gains were made by means of domain expansion methods
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[5], whereas hybrid CNNLSTM architectures allowed to make better temporal spatial predictions regard-
ing emotional clues [6]. Embedding space and low-level acoustic descriptors were also optimized, and
feature discriminability was reinforced [7], as well as raw waveform modeling presented in Kilimci et al.
[8] eliminated manual feature engineering. Multilingual SER experiments with raw waveforms [8] have
been shown to be strongly performing without the postprocessing of spectrograms; they are however sen-
sitive to channel distortions and tend to consume large amounts of data. Conversely, our hybrid architec-
ture with spectrogram provides more stability in different microphone-related conditions and small sam-
ple bilingual data, as the extracted spectral abstractions through VGG-16 are processed by Transformer to
provide more accurate results.

The attention mechanisms have been a major force in recent advances. Semantic token representations
[9], CNNRNN pipeline and augmentation-based training protocols [10] have continued to enhance gener-
alization over datasets with multi-microphone processing. Lightweight handcrafted-feature ensembles
[12] and mel-spectrogram CNN frameworks [13] can also be applied to resource-constrained applications.
The necessity of multilingual SER solutions inspired the cross-language models discussed in Author et al.
[14], and speech diversity cross-accent discussed in XYZ framework [15]. Multimodal and multi-resolution
learning was also improved by hybrid LSTM-attention systems [16], graph-based emotional representa-
tions [17], and dual-stream cross-attention networks [18]. Further CNN-based aggregation [19] and exten-
sive review results [20] indicated a requirement of more extensive contextual modeling in SER architec-
tures.

Recently, networks driven by transformers have been popular because of their capability to capture
long-range spectral dependencies. The multi-axis local-global attention structures [23], Spectrogram re-
gion-aware transformer modeling [21], and full vision transporter pipelines of SER [22] showed a substan-
tial rise in the emotion classification performance. Other contributions towards resolving the dataset vari-
ability and model interpretability problem included positional correlation analysis [24] and transfer-learn-
ing-enabled explainable systems [25]. The combination of all these changes highlights the significance of
strong spectral representations, attention, and multilingual diversity-gaps, which the current study suc-
cessfully addresses through the combination of patch-encoded VGG-16 features with full Vision Trans-
former pipeline to both the English and Gujarati speech emotion-recognition.

Table 1. Existing Research Don Speech Emotional Recognition
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3. Materials and Methods

Figure 1 provides the end-to-end architecture of the suggested speech emotion recognition (SER) sys-
tem with bilingualism, which is based on a hybrid deep learning model that consists of the VGG-16 back-
bone 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 feature learning with
VGG-16 + ViT, (4) fine-tuning strategy, and (5) evaluation of the performance. The stages are quite partic-
ular in their attempts to maximize robustness, linguistic generalization, and emotion discriminability
among both English and Gujarati speech datasets.

ID : 1146-1001/2025



Journal of Computing & Biomedical Informatics Volume 10 Issue 01

Proposed Hybrid Modelling
. X Model
Speech Dataset Audioto Preprocessing B — = Ealuation
.||‘“.|, Spectrogram macions "] o [¥] Trsamer o Gesiteaon aluatio
RAVDESS ACC, P, R, F1-
’ Librosa Library - Fine Tuning: Score, Kappa
CREMA-D, Shortfime Normalization, Epoch=100 Index, MCC,
SAVEE, TESS Label
! ' Frequency Encoding LR=0.0001 AUC-ROC,
0“{" Data_sel ‘ Trasform Optimizer=Adam Cross-
(English, Gujarati) Validation

Figure 1. Proposed Block Diagram of Bilingual Spectral Emotion Recognition through Hybrid Modelling
3.1. Datasets

The design of the bilingual speech emotion recognition system is based on six complementary da-
tasets, which all combine to offer controlled, semi-natural and real-world emotion variation. The initial
data is RAVDESS, which is a popular benchmark in emotion recognition researchers [1], and its advantages
are quality, studio-recorded emotional utterances. It consists of 1440 audio samples that are spread in eight
emotions categories such as angry, calm, disgust, fearful, happy, neutral, sad and surprised. CREMA-D is
the second database, a large acoustically varied emotional database of 2400 samples of angry, disgust, fear-
ful, happy, neutral, and sadness categories [2]. It has a broad range of demographic distribution and inher-
ent variability, which makes it imperative to cross-speaker generalization. SAVEE is the third data set,
which comprises 480 utterances with emotion which were made by four speakers [3]. Despite its small size,
SAVEE has seven different emotional categories, with minor variations in speech that pose a challenge to
deep learning models. TESS is the fourth dataset, which adds 2800 high-clarity audio files that are uni-
formly spread on the angry, disgust, fear, happy, neutral, sad, and the surprise categories [4]. It has a ho-
mogenous representation of the classes and is thus suitable when stability of the models is to be evaluated.

Besides these publicly available datasets, two real-world datasets were also obtained to investigate
the performance of bilinguals. The former consists of 498 samples of English emotional speech of the uni-
versity students aged between 22 and 35 years which included the angry, fear, fearful, happy, neutral, sad,
and surprise classes. These audio recordings add the elements of accent variations, pacing, recording
equipment, and background noise, which are typical of the conditions of practical use. The second own
dataset has 496 Gujarati emotional speech samples, which have been recorded on the same protocol and
emotional categories. Due to the regional language peculiarities, unique phonemic framework and tone,
the Gujarati dataset can be instrumental in assessing the multilingual soundness of the model, which is
consistent with the current studies on low-resource language emotion recognition. The jointly provided
datasets provide a detailed basis of the training and testing of a bilingual hybrid deep learning structure.

The bilingual English-Gujarati corpus was formed with the purpose of natural linguistic diversity.
The bilingual corpus is characterized by variability of the speech rate (slow, normal, fast), the strength of
articulation and the condition of ambient noise (quiet rooms, low-level environmental noise). These states
mimic the uncertainties experienced in telephone and cell phone use. The thickness of accent differs among
participants, causing great spectral and prosodic variations hindering cross-lingual emotion modeling.
There are significant dialect differences in Gujarati speakers in Western India (e.g. Surati, Kathiyawadji,
standard Gujarati), and a greater range of variations in vowel lengthening as well as the range of pitch
modulation than found in English. We have recordings of speakers of three large regional dialect families
in our pool, and we are recording variable age (2235), prosody, accent thickness, and speaking rate. This
heterogeneity was viewed as paramount to determine cross-lingual strength, as emotional prosody ap-
pears differently in Indo-Aryan and Germanic phonetic organization. The size of the corpus is compara-
tively low, but the inclusion of several clusters of dialects and recording environments (quiet rooms, mod-
erate ambient noise, and different microphone devices) develops a high level of linguistic representative-
ness in the confined resources.
3.2. Pre-Processing

Each audio signal of the six datasets is processed through a preprocessing pipeline that is standard-
ized so that there is uniformity across recording conditions and across corpora. The raw audio waveforms
are then used to create spectrogram images with the help of Librosa library that uses Short-Time Fourier
Transform to rearrange the time-domain signals into frequency-time representations. This change makes
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it possible to capture emotional cues that are present in pitch, timbre, harmonics and spectral energy dis-
tribution. The spectrograms are canonized to eliminate fluctuations in their intensity and resized to
224x224x3 to satisfy the input dimensionality of convolution-based structures. Normalization is also useful
in stabilizing the training process by keeping the pixel-values ranges of all dataset’s constant. Moreover,
label encoding is applied to the categorical labels of emotion to turn them into encoded numerical values
so that they can undergo supervised learning. The formal preprocessing step allows the model to take the
emotional information as an image classification task. Variance due to different recording lengths, noise in
the environment, and the charisma of the speaker are reduced by transforming audio clips into fixed-size
inputs, which will guarantee the uniform data distribution throughout the next hybrid modeling phase.
3.3. Hybrid Modelling

Figure 2 presents the sequential arrangement of layers within the proposed hybrid Vision Trans-
former + VGG16 framework.

VGG16 Feature Extractor

[ Block 1: Conv64 — Conv64 — MaxPool ]

PR

Block 2: Conv128 — Conv128 — MaxPool ]

[ Block 3: Conv256x 3 — MaxPool ]

[ Block 4: Conv512x 3 — MaxPool ]

[ Block 5: Conv512x 3 — MaxPool ]
[ 1x1 Conv —» 7x7x256 ]

v

{ Patch Encoding (221-paches) ]

4 x Transformer Encoder

LayerNorm Multi-Head
Attention

MLP

Figure 2. Hybrid Model Architecture Layers

The hybrid modeling structure combines the capability of a convolutional network to extract features
and the global contextual knowledge of the transformer in an encoder. This design leverages on the
strengths of these two model families. The convolutional front-end of VGG16 is a pre-trained model de-
signed to extract spectral features of the spectrogram images at different levels. The structured convolu-
tional layers of VGG16 have also shown high performance on spectral and visual activities because they
have stable spatial representations of various sizes. Within the suggested arrangement, the convoluted
result is sent to a patch encoder which splits the feature maps into fixed-size patches. Patches are projected
to a token embedding which constitutes the input of the Vision Transformer encoder.

The Vision Transformer component uses multi-head self-attention to be learned in order to obtain
long-range dependencies in the entire spectrogram. This process enables the model to find emotion-rele-
vant correlations in both time-frequency and frequency scales that are hard to capture in conventional
convolutional networks, particularly when emotional patterns lie in spectral non-contiguity. It has been
underlined in the literature of the recent times that transformers are better in capturing the contextual
information used to find meaning in audio and image modes. In the transformer encoder, each token reacts
to each other token with the aid of attention mechanism, which allows the model to develop a global insight
into the relationship across acoustic regions. The sequence output is fed on a classification head that antic-
ipates one of the emotional categories. Convolutional feature extraction coupled with transformer-based
contextual modeling generates a strong structure that can acquire both local spectral textures and the global
emotional structure of bilingual speech data.
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3.4. Fine Tuning
A supervised training strategy is used to fine-tune the hybrid architecture to optimize it. Adam opti-
mizer is used with a learning rate of le-4, which has been generally known to be efficient and stable in
deep learning models with both convolutional and transformer networks. The training of the model takes
100 epochs, which is time-consuming enough to simultaneously optimize the VGG16 feature extractor and
transformer encoder. In the process of fine-tuning, the entire Vision Transformer is trained end-to-end,
with selective unfreezing of layers of VGG16 ensuring that the impact of domain-specific emotional cues
of spectrogram images on the learned convolutional filters. Such a hybrid fine-tuning approach is more
adaptable to the model in a variety of datasets, including cross-lingual recordings. The controlled training
system reduces overfitting and at the same time enables the model to generalize well across the various
speech sources and acoustic conditions. The final fine-tuned model gives the stable representations, which
encode both short-term and long-range emotional features of English and Gujarati speech.
3.5. 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 is the measure that determines the proportion of correctly classified samples of all predic-
tions and gives a general measure of recognition performance. The equation is:
Accuracy = (TP + TN) /(TP + TN + FP + FN) (1)
Precision is used to determine the number of samples that are correctly predicted to be a given emo-
tion and this is a measure of reliability of the positive prediction. The equation is:
Precision = TP /(TP + FP) (2)
Recall is the number of correct instances of the emotion being identified by the model, which proves
that it is able to identify the relevant instances. The equation is:
Recall = TP /(TP + FN) (3)
The F1-score is more representative because it is a weighted score that combines precision and recall
into one, which is particularly helpful in unevenly distributed classes. The equation is:
F1 —score = 2 (precision * Recall)/ (Precision + Recall) 4)
Kappa coefficient quantifies the agreement of predicted and actual labeling as well as incorporates
correctness at the level of odds. The equation is:

__ Po~Pe
= 1-pe (5)

where Po is seen agreement and Pe is projected agreement.
Matthew’s correlation coefficient is a quality measure of classification that considers both true and
false results of all categories and more balanced measure when the data is skewed. The equation is:
MCC = TP-TN—FP-FN ©)
J(TP+FP)(TP+FN)(TN+FP)(TN+FN)
AUC-ROC is used to evaluate the capacity of the model to differentiate between emotional classes
based on the analysis of the relationship between TP rate and FP rate. The equation is:
AUC — ROC = Area under ROC curve given by TPR FPR )
TP = TP / (TP + FN) and FP = FP / (FP + TN) are the true positive and false positive probabilities
respectively.
The stability and generalizability of the model are determined through cross validation which in-
volves the training and testing of the model using multiple data partitions. The general formula is:
CV score = Mean,performance on K folds (8)
Collectively, the parameters provide an effective evaluation of classification, robustness and con-
sistency alongside multilingual emotional speech data sets.

4. 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 spec-
trogram data. The model was trained to 100 epochs with the batch size of 32, the Adam optimization
method and the learning rate of le-4, which made sure that the model converged steadily in the bilingual
emotional speech corpora. This configuration offered enough processing power to support high-resolution

ID : 1146-1001/2025



Journal of Computing & Biomedical Informatics

Volume 10 Issue 01

spectrogram inputs and transformer patch embeddings, which gives them consistent and reproducible
evaluation results.
4.1. Ravdess English Dataset

Figures 3-5 illustrate the complete processing pipeline for the RAVDESS dataset, including high-res-
olution spectrogram generation, stable model convergence during training, and near-perfect evaluation
performance. The hybrid VGG16-ViT model consistently achieved around 99% accuracy, reflecting strong
feature separability. These results confirm that the dataset’s-controlled recording conditions support

highly discriminative emotional representations.

angry (count=192)

happy (count=192)

disgust (count=192)

calm (count=192)

neutral (count=96) sad (count=192)

Figure 3. Audio Spectrogram Generation (Ravdess)
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4.2. Crema Dataset

Figures 6-8 illustrate the complete processing pipeline for the Crema dataset, including high-resolu-

tion spectrogram generation, stable model convergence during training, and near-perfect evaluation per-

formance. The hybrid VGG16-ViT model consistently achieved around 99% accuracy, reflecting strong

feature separability. These results confirm that the dataset’s-controlled recording conditions support

highly discriminative emotional representations.
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True label

Figure 6. Audio Spectrogram Generation (Crema)
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4.3. Savee Dataset
Figures 9-11 illustrate the complete processing pipeline for the Savee dataset, including high-resolu-

tion spectrogram generation, stable model convergence during training, and near-perfect evaluation per-
formance. The hybrid VGG16-ViT model consistently achieved around 99% accuracy, reflecting strong
feature separability. These results confirm that the dataset’s-controlled recording conditions support
highly discriminative emotional representations.
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Figure 9. Class Wise Spectrogram Samples (Savee)
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4.4. Tess Dataset
Figures 12-14 illustrate the complete processing pipeline for the Tess
tion spectrogram generation, stable model convergence during training, a

dataset, including high-resolu-
nd near-perfect evaluation per-

formance. The hybrid VGG16-ViT model consistently achieved around 99% accuracy, reflecting strong

feature separability. These results confirm that the dataset’s-controlled

highly discriminative emotional representations.
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Figure 12. Audio Spectrogram Generation (Tess)
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4.5. Own English Dataset

Figures 15-17 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. The hybrid VGG16-ViT model consistently achieved around 90% accuracy, reflecting strong
feature separability. These results confirm that the dataset’s-controlled recording conditions support

highly discriminative emotional representations.
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SAD (count=72)

HAPPY (count=73)
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Figure 15. Audio Spectrogram Generation (Own English)
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Figure 16. Model Training Plots (Own English)
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4.6. Own Guijarati Dataset
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Figures 18-20 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. The hybrid VGG16-ViT model consistently achieved around 99% accuracy, reflecting strong
feature separability. These results confirm that the dataset’s-controlled recording conditions support

highly discriminative emotional representations.
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Figure 18. Class Wise Spectrogram Samples (Own Gujarati)

Accuracy Loss
094 — Train Acc —— Train Loss
Val Acc W-W\’\ Val Loss
0.8 - A 204
0.7 1

0.6 4 1 15 \,\)

0.5 +
1.0 J
0.4 4
!
0.3 1
0.5 1 ,
0.2 A \’v\__\,\
L ]
0' 1 a T T T T T T T T T T T T
0 20 40 60 80 100 4] 20 40 60 80 100
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5. Discussion

As shown in Table 2, the proposed hybrid VGG16-Vision Transformer architecture always outper-
forms the conventional MFCC-based and CNN-LSTM models, both with the maximum accuracy of 0.99
on the traditional SER datasets and with competitive results on the recently obtained bilingual corpora.
The current approaches like SVM baselines [7], CNN-BiLSTM [12], and ResNet-50 [15] are relatively poorer
in their performance because of the lack of feature abstraction and generalization across the differences in
emotions. The architecture of transformer based [19] is a strong one, but it does not match the unified
performance of the proposed pipeline. One of the main weaknesses is that there is a marginally reduced
performance at Own English (0.90) and Gujarati (0.88) datasets which shows that variability of speakers
and noise during recording continues to be an issue in the real-world application of multilingual. Misclas-
sification trends show that the most difficult ones were the pairs of fear and fearful as well as neutral and
sad, especially within the Gujarati corpus. Such misidentifications are ascribed to overlapping low-energy
spectral areas and such like harmonic decline patterns. Spectrogram maps have shown the model occa-
sionally to overemphasize mid-frequency textures as opposed to temporal energy contours and cause am-
biguity in the classes.

Table 2. Comparative Analysis with Existing Research

Model / Da- Accurac Preci- Re- F1- Cohen’s MCC AUC- Cross-Valida-
taset Y sion call  Score Kappa ROC tion Metric
MFECC + SVM
Baseline 0.874 0869 0872  0.870 0.83 082 0911  0.874+0.027

Model for SER
[7]

CNN-BiLSTM
Spectrogram- 0.921 0918 0920 0.919 0.89 088 0963  0.920+0.018
Based SER [12]

ResNet-50

Transfer

Learning on 0.945 0942 0944 0943 0.91 0.90 0.978 0.945 +0.016
Spectrograms

[15]

Transformer-
Based SER
with Attention
Fusion [19]

0.962 0960 0961 0.960 0.93 0.92 0.985 0.962 +0.013

Proposed

Model

(RAVDESS,

CREMA-D,

SAVEE,

TESS)

Proposed

Model (Own 0.90 0.90 0.90 0.90 0.90 0.90  0.9928
English )

Proposed

Model (Own 0.88 0.88 0.88 0.88 0.88 0.88  0.9928
Gujarati)

0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.999 + 0.001

0.8669 +
0.0215

0.8529 +
0.0110
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The small scale of the tailor-made English and Gujarati corpora is bound to have an impact on cross-
linguistic generalizability. The small subsets of emotions cause the model to become more sensitive to
speaker-specific characteristics like habitual pitch, articulation patterns and coloration of the microphone.
Although the hybrid VGG16 ViT model achieves stability with 0.90 and 0.88 accuracy respectively, it is
possible that these scores are the maximum due to the lack of intra-class diversity. For the bilingual da-
tasets, additionally performed stratified 5-fold cross-validation to test robustness under speaker-splitting
scenarios. Accuracy variations remained within +3.2% for English and +4.1% for Gujarati, indicating that
the model maintains reasonable generalization despite limited sample sizes.

The hybrid model requires approximately 67M parameters and ~2.1 GFLOPs per inference, making
deployment feasible on GPUs and high-end mobile chipsets but less suitable for microcontroller-level de-
vices. Model compression via pruning or lightweight ViT variants can enable edge deployment without
significant performance degradation. Although ViT slightly outsmarts CNN-LSTM architectures in bench-
mark data, differences in performance are reduced in bilingual data through spontaneous variation. Nev-
ertheless, ViT has better contextual awareness, which captures long-range dependencies (e.g. emotional
crescendos) that CNN-LSTM is likely to mislead by its sequential bottlenecks. McNemar test was used to
determine whether the improvements in performance were statistically significant in the RAVDESS and
CREMA-D test partitions. Compared to CNN-BiLSTM [12] the proposed model produced p < 0.01 and
compared to ResNet-50 p < 0.05, which means that the improvements that could be observed are statisti-
cally significant. The 95% confidence intervals of benchmark datasets were between (+0.002 and +0.006),
which once again proves the stability of the model.

Further examination of attention maps demonstrated that the ViT component is continuously drawn
to the harmonic-energy changes, formant-band changes and time spectral ages that vary considerably be-
tween English and Gujarati. The more extensive vowel repertoire and the greater reminiscence of syllabic
stress are used in Gujarati than in English lead to a more compact low-frequency harmonic configurations
whereas English is more inclined to reveal clearer shifts in voiced and unvoiced segments. The capability
of the hybrid architecture to globally serve these patterns makes it able to elicit language-specific emotional
cues despite a variation in the phonetic structures.

The decrease in performance on custom datasets can largely be attributed to discrepancies in the re-
cording in the real world, informal speech, and accent drift, and spontaneous expression of emotions,
which are not common in the benchmark datasets. These aspects decrease spectral regularity and cause
more ambiguity in the emotional cues, thus resulting in increased confusion between similar classes like
that between fearful and fear and neutral and sad.

6. Conclusions

The research introduced a unified bilingual speech emotion recognition model incorporating the use
of spectrogram-based features extraction with a hybrid deep neural network incorporating VGG-16 and a
complete Vision Transformer pipeline. Through the utilization of high-resolution time-frequency repre-
sentations produced by Librosa and the patch learning of Transformers, the proposed system has demon-
strated very competitive performance on a wide variety of benchmark datasets, including RAVDESS,
CREMA-D, SAVEE, and TESS, and an overall accuracy of 99%. The model further showed good generali-
zation with two recently built real-life datasets consisting of English and Gujarati emotional speech sam-
ples and a high accuracy of 90% and 88% respectively. These results indicate that convolutional feature
hierarchy, along with global self-attention, are effective in capturing fine prosodic, spectral and temporal
variance in speech that can define emotional states.

Although it has a good performance, the research exposes some limitations that can be explored fur-
ther. The slightly reduced accuracy of the custom bilingual data sets implies that spontaneous or semi-
spontaneous speech can cause variation by accent, age disparity, erratic loudness, and noise. The ability of
the proposed system to make use of bilingual can also be applied to real-life technologies. Application
Healthcare Emotion sensitive virtual assistants could be used to monitor stress or depression signs in mul-
tilingual Indians. Bilingual emotion detection in call-center analytics predicts escalation and measures cus-
tomer satisfaction in English-Gujarati interactions. Moreover, transfer of emotion feedback loops tuned to
multilingual environment can be useful in interactive classroom tutors and assistive technologies used in
serving the elderly. Background noise in practice can blur harmonic contours and quality spectrograms.
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However, the hybrid model, despite being robust to moderate levels of noise, can be subjected to excessive
noise levels where preprocessing block like spectral subtraction or the use of neural noise suppression
would be a requirement to deploy in real time.

The future work will hence be to develop the bilingual corpus to capture more regional languages in
India, more respondents and set up a balanced sample of emotional levels. The use of raw waveform-based
encoders, multimodal fusion with facial expressions, and oversized pre-trained audio transformers can
also promote performance. Also, edge, real-time deployments, model compression, and attention-driven
explainability modules will be investigated to enhance interpretability, efficiency, and accessibility to be
applied in practice in healthcare, assistive technology, and human-computer interaction. Also, the next
step in research will be to investigate the use of log-mel and power spectral signal representations instead
of standard mel-spectrograms to emphasize low-frequency emotion information. The addition of raw
waveform encoders in a multimodal fusion pipeline can also help more accurately represent micro-varia-
tions occurring in time that are lost in conversion to spectrograms.
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