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Abstract - In the current generation of communication systems, it is essential for accurate emotion recognition across
linguistically diverse settings. Extensive research has addressed emotion recognition from speech (SER) in various languages,
whereas investigations involving the Bodo language are still scarce. This work addresses a Bodo-specific SER framework,
combining signal processing techniques with deep learning models. The study introduces an innovative audio data collection
method, specifically tailored for Bodo emotional speech, which has not been previously explored. To represent the acoustic
characteristics of the Bodo speech signals, MFCC, Mel-spectrogram, Chroma, Zero Crossing Rate, and Root Mean Square
Energy are extracted and organized as input features for training the proposed model. Extraction is performed under two
conditions using original data and augmented samples for comparative evaluation. The resulting feature sets train the proposed
Convolutional Neural Network model (CNN), optimized through hyperparameter tuning. Performance is compared between
augmented and non-augmented datasets. The proposed CNN-based model, combined with augmented data, demonstrates higher
accuracy (81.71%) and robustness in emotion recognition. This work also provides a novel analysis of the unique spectral and

prosodic characteristics of Bodo speech, offering fresh insights into its acoustic properties. The proposed approach achieves

higher accuracy in Bodo speech emotion recognition and contributes to further research in this area.

Keywords - Bodo Language, Data augmentation, Deep Learning, Signal Processing, Speech Emotion Recognition.

1. Introduction

The analysis of emotional information in speech signals,
referred to as Speech Emotion Recognition (SER), has gained
increasing attention due to its importance in developing more
effective human—machine interaction systems. SER supports
the systems that require effective interaction between users
and machines, such as speech synthesis, customer service
systems, e-learning platforms, call centres, forensic analysis,
and medical diagnostics [1-4]. To communicate with a better
understanding of each other with accurate emotional cues, it
is essential to enable more natural interaction between users
and intelligent systems. However, in many digital
communication environments, the emotional intent of the
speaker cannot be easily perceived, which motivates the
development of automatic SER technologies.

Significant research has been carried out on several
languages that enabled the integration of various real-world
applications. Recent advancements in SER have been driven
by deep learning, Transfer learning, and ensemble learning.
Likewise, the Speech Former++ framework has been
proposed for paralinguistic speech processing [5],
incorporating temporally aware architectures such as Bi-
directional Multi-scale Networks (TIM-Nets) to capture
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emotional variations across time. Additionally, the approach
integrates spatial and temporal representations, combining
parallel Convolutional architectures with a transformer
encoder [6]. This method is inspired by emotional perception
theories derived from brain science for implicit emotional
attribute classification [7] and utilizes excitation features and
Zero-Shot Learning (ZSL) for emotion detection [8]. Recent
investigations suggest that CNN architectures are well-suited
for modeling speech signals and improving emotion
classification performance. Hybrid feature-based CNN
models have been suggested to achieve more accurate
classification of emotional state [9]. Furthermore, deep
learning architectures such as CNN and CNN-LSTM have
been employed for speech emotion recognition by
incorporating diverse acoustic features, for example, MFCC,
Zero Crossing Rate, Root Mean Square Energy, and pitch
[10]. In Consistent with earlier studies, CNN-based models
trained on spectrogram representations achieved strong
emotion recognition results [11]. Irrespective of these
developments, SER research for the Bodo language is limited
due to its low-resource nature, with few studies addressing
emotional speech analysis. The study in [12] is one of the
earliest studies on Bodo SER, where a Gaussian Mixture
Model (GMM)-based approach was proposed for voice
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emotion recognition across multiple languages, including
Bodo. Emotional characteristics of the speech signals are
modeled using a combination of cepstral features, namely
WPCC2, MFCC, tfWPCC2 derived through Teager Energy
operation, and tfMFCC. As an early study in Bodo SER, these
findings provide some initial insight into emotional
characteristics present in Bodo speech. Sharma [13] applied
HMM (Hidden Markov Model) for classifying emotions in
Bodo speech using pitch-related features and MFCCs.
Subsequently, research [14] suggested that a hybrid
framework for generating emotional prosody in Bodo speech
synthesis by combining rule-based and template-based
methods to model pitch, duration, and intensity. Barnali [15]
further developed an emotion speech synthesis for the Bodo
language at the syllable, word, and sentence levels using
HMM. Research on Bodo emotional speech remains at an
early stage, where most approaches are centered on traditional
statistical methods and constrained feature sets.

The overall workflow of the proposed system includes
preprocessing of the recorded Bodo speech signals,
computation of spectral and prosodic descriptors, and
subsequent classification using a deep learning model. Among
these stages, the extraction of acoustic features is critical for
encoding information relevant to emotion recognition [16].
Nevertheless, it is not an easy task to determine a set of
features that can be effectively used to differentiate between
different emotional states [17]. Improved SER performance
has been reported when spectral and prosodic representations
are utilized together [18-23]. Although Sharma [24] suggested
that tonal languages may have limited influence on prosodic
features, the Bodo language is significantly influenced by the
prosodic features of its regional linguistic structure. Therefore,
analysing both spectral and prosodic features may provide
valuable insights into emotional characteristics in Bodo
speech. Nevertheless, deep learning methods of speech
emotion recognition in the Bodo language are poorly studied.
In the context of Bodo emotional speech analysis, earlier
approaches have predominantly relied on GMM- and HMM-
based frameworks, with comparatively fewer studies
exploring deep neural models for automated feature extraction
and emotion recognition. Thus, this paper will explore the
issue of spectral and prosodic features together with a CNN-
based model as an effective SER method in Bodo to enhance
a higher classification accuracy as compared to existing
methods.

This study introduces several novel contributions to SER
in Bodo speech as outlined below:

1. The introduction of a novel emotion-labelled Bodo
speech data collection method that allows the formation
of more diverse and representative data to train models is
presented.

2. The research investigates key spectral and prosodic

actualizations of Bodo speech, analyzing their
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contributions to the of emotion

classification.

performance

3. Anintroduction of a deep learning—based CNN model is
applied on speech emotion recognition to improve
performance.

4. Application of data augmentation to achieve an improved

and more robust emotion recognition performance with
the integration of data augmentation strategies with CNN.

1.1. The Bodo Language

From a linguistic perspective, Bodo is recognized as a
member of the Tibeto-Burman subgroup within the wider
Sino-Tibetan family of languages [25]. It is among the 8th-
scheduled Indian languages of the government of India. In
northeastern India, especially in Assam, this language is
predominantly spoken by the Bodo community. In addition to
its core region, the language is also found in surrounding
northeastern states, namely Tripura, Meghalaya, Nagaland,
Arunachal Pradesh, and in some districts of West Bengal [26,
27]. Apart from this, Bodo-speaking populations can also be
found in nearby countries such as Bangladesh, Nepal, and
Bhutan, indicating their broader regional distribution.

2. Materials and Methods
2.1. Dataset Description

Being a low-resource language, Bodo does not have a
publicly available and well-structured emotional speech
corpus, which motivates the development of a dedicated
dataset in this study. The proposed study used a self-built
Bodo emotional speech corpus. The corpus was designed from
an interview-based speech dataset. A questionnaire consisting
of 15 emotionally rich Bodo sentences in text-independent
format and of varying lengths was documented for data
collection. For the purpose of modeling, six discrete emotion
states are defined, namely neutral, happiness, sadness, anger,
fear, and surprise, which form the target classes of the system.
In this context, emotional scenarios were created to bring such
emotions into play. Each speaker was asked to read out the
specific sentence and imagine the emotional situation or
scenario mentioned in the set of scripts of each of the six
emotions. They were required to repeat each sentence twice
for every emotion. The process of audio collection spanned six
sessions per speaker, dedicating one session to each specific
emotion. After each session, a 10-15-minute break was given.
The age of the speaker is limited to 15-45 years, possessing a
good speaking voice quality with at least a matriculation
qualification. In this way, for each speaker, there are 180
audio speeches in total, i.e., 30 speeches for each emotion,
repeating each sentence two times. So, the dataset contains a
total of 3960 audio files in .wav format, with a total of 660
files for each emotion. The speech dataset was developed
using recordings from 22 native speakers, including 10 males
and 12 females, to ensure diversity in speaker representation.
Speech samples were acquired using a condenser microphone
(SF-666), keeping approximately 24 inches from each
participant. Recording was carried out in stereo mode using
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Audacity, an open-source audio acquisition tool, with a fixed
sampling frequency of 44.1 kHz to maintain consistent signal
quality. Recorded audio files are then pre-processed for the
implementation process.

2.2. Features Selection for the Study

As discussed in [28-31], the effectiveness of any SER
system is strongly influenced by the selection of appropriate
acoustic representations. SER commonly relies on acoustic
descriptors similar to those used in speech processing, such as
fundamental frequency (pitch), signal energy, speaking rate,
and spectral representations including Mel-frequency cepstral
coefficients (MFCCs) [3, 32]. In this study, 3 spectral features:
MFCC, chroma, and mel-spectrogram, and 2 prosodic
features: ZCR and RMSE were considered.

2.3. Features Extraction Approach

Realizing a strong SER of an environment with a
scarcity of data is not easy, especially when it comes to a
language with limited data. To achieve significant
performance, training a deep learning model typically
necessitates a huge amount of data [33, 34]. Training a deep
learning model, challenges with data scarcity and lack of
generalization can hinder the training process [35].
Therefore, the training dataset was expanded using additive
white noise and temporal stretching to improve model
robustness under noisy conditions and enhance
generalization to unseen samples. Feature extraction was
performed in two approaches: first, without adding data
augmentation, and second, with data augmentation on the
training dataset. This work examines whether augmentation
strategies enhance the classifier’s ability to generalize,
particularly by improving accuracy and robustness under
varied conditions. The extracted feature sets are
subsequently used as input into the proposed DL SER
model. Figure 1 represents the block diagram of the model
to be used for implementation.

Training Phase

. Feature MFCC, Mel-
Preprocessing Extraction Spectrogram,
with DA Chroma,
RMSE & ZCR 5
v 8
Emotional o} I Ay
— Nidic — Model ©
Dataset 2
o
e
MFCC, Mel- “
Feature Spectrogram,
. i ¥ Chroma,
Preprocessing ¥ E\,)Jittrﬁcggn RMSE & ZCR

Testing Phase
Fig. 1 Block Diagram of Speech Emotion Recognition
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2.4. Features Extraction Methods
2.4.1. Spectral Features
MFCC

The flowchart in Figure 2 describes the MFCC
extraction procedure, where the time-domain speech signal
is first divided into overlapping windows and then
converted into its corresponding spectral form through FFT-
based analysis of each segment. Since human auditory
perception is nonlinear at frequencies higher than 1000Hz,
the mel-scale theory, which describes the sound
characteristics, is considered. A triangular filter, the Mel
filter bank, is applied to the spectrum using convolution
between the spectrum and filter bank coefficients to get the
Mel-spectrum. A Mel frequency, F, is obtained from a
normal frequency f by the formula as in (1).

Mel(F) = 2595 * logyo (1 + L)

700 @)
Then the logarithm of the mel-spectrums at each Mel
frequency is calculated. MFCCs are derived through DCT as
in (2)
Mn = Tk_;(logSi)Cos[n(k — )] 0
Where S;, denotes the energy corresponding to the output
of the k" triangular filter, with k ranging from 1 to L.

Chroma

Chroma features represent how spectral energy is
distributed across 12 pitch classes. The filter bank stage
aggregates spectral information by computing the mean log-
magnitude of DFT coefficients within a predefined
frequency group. As defined in (3), V, is calculated by
averaging values

Vi = Snes, ((22) k= 01,2, ... 11

Ng

®)

Over the subset S, corresponding to the k¢" filter bank
region and N, is the size of the subset, the number of
frequency components involved in the averaging process
[34]. Chroma is obtained by applying STFT to the signal,
mapping the log frequency spectrogram onto the closest
pitch class. Then, aggregating the log frequency magnitude
spectrum within each pitch class across time, a single
coefficient is determined.

Mel-Spectrogram

A mel-spectrogram represents the time—frequency
structure of an audio signal using a perceptual frequency
mapping, where frequency components are transformed into
a scale that reflects human auditory sensitivity [36]. Time-
frequency representation of the signal was obtained using
STFT, which allows spectral variations to be analyzed over
short temporal segments. Following this,
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Fig. 2 Flowchart of MFCC Feature Extraction

The resulting frequency components were subjected to a
nonlinear transformation, and their amplitudes were converted
into a decibel scale to improve perceptual interpretability. This
representation aligns with the human auditory perception
system, which has nonlinear responses to frequency,
particularly with reduced sensitivity at higher frequencies.
Figure 3 is the flowchart of the mel-spectrogram feature
extraction.

2.4.2. Prosodic Features
Zero Crossing Rate (ZCR)

ZCR reflects the temporal density of polarity reversals in
an audio signal, serving as an indicator of its oscillatory
behavior. Its corresponding mathematical formulation is
expressed as equation (4).

Z(D) = o Sty signlx(@)] = signlx(=D]|  (4)
Where sign () is the sign function by (5)

. —1,x; 0
signlz ) = { 10 < ©)

And x;(n), corresponds to the n'" discrete sample of the i
segmented frame of the speech signal. Each frame consists of
W, samples, which determines the temporal resolution of the
analysis.

Root Mean Square Energy (RMSE)

RMSE is used as a measure of the energy content of a
speech frame. It is computed as the square root of the average
of squared amplitude values within each frame, as given in
equation (6).

RMSE = 3,1| x,(n)] ? ©)

Where x;(n) represents the signal amplitude at the it
frame and W, denotes the frame length [37]. In speech
emotion analysis, RMSE reflects the intensity or loudness of
speech segments and is used as a basic energy-based feature
[38]. Similar methods were used in the second stage of feature
extraction separately. The only difference is that in this case,
two data augmentations, namely noise injection and
stretching, were added.

2.4.3. Data Augmentation (DA)

Using a Gaussian-based stochastic process, as
expressed in (7):

y(@) = x(t) + a.n(t) (7

Here, n(t) represents a randomly generated noise
component characterized by a zero-centered distribution with
variance 62, which is applied to the input signal. a is a scaling
factor that controls the noise level and depends on the SNR
value, which defines how much noise will be injected into the
signal, as in (8)

SNR = 10.logy, (=22 (8)

Proise

Time Stretching

The original speech signal is time-stretched with a
constant stretch factor of 0.91 and used to simulate changes in
speaking rate. The transformation is implemented using a
phase vocoder-based approach. Analysis is performed using
frames of 512-1024 samples with a hop size of N/4 (i.e., 75%
overlap), and the reconstruction of the signal is done using a
Hann window.

2.5. Classification Model: Design and Setup

The proposed model is built with a deep learning CNN
using Python 2.14.1. The proposed architecture consists of
four convolutional layers activated using ReLU (Rectified
Linear Unit), each followed by max-pooling operations for
dimensionality reduction. The learned feature representations
are further processed through two dense layers with ReLU
activation, and finally classified using a SoftMax output layer.
Figure 4 is its corresponding detailed neural architecture.
Dropout is incorporated between fully connected layers to
prevent overfitting and enhance generalization. A Rectified
Linear Unit (ReLU), formulated as RelL U (x) = max (0, X) is
incorporated between the fully connected layers to enhance
non-linear feature learning. The output layer is configured
with a neuron count equal to the number of target classes,
enabling direct multi-class prediction [39]. Output activations
are normalized via SoftMax to represent relative probabilities
for each target class. Model parameters are optimized using
the Adam algorithm to enable efficient convergence.
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Fig. 3 Flowchart of Mel-Spectrogram Feature Extraction
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Fig. 4 Architecture for the proposed SER model

Additive White Gaussian Noise (AWGN) injection:
Random noise is superimposed onto each audio waveform
To ensure effective model training and evaluation, the dataset
was randomly split into 80% training data and 20% testing
data. Model configurations corresponding to the baseline
(original data) and augmentation-based feature extraction
settings are detailed in Tables 1 and 2, respectively, with
training conducted over 100 epochs using a batch size of 64.

3. Experimental Results and Analysis

This section presents a detailed analysis of the
experimental results to assess the performance of the proposed
SER model. ZCR-based feature analysis reveals distinct
fluctuations for happy and angry emotions compared to the
other emotional categories. For the remaining emotional
categories, only minimal variation was observed. Table 3
presents the zero-crossing counts obtained from a sample
speech “é?%Tﬁr&m R AR (The winner will get an
award) under both non-augmented and augmented conditions.
Figure 5 illustrates the corresponding waveform of this sample
in six emotions (a, b, ¢, d, e, and f) under normal recording
conditions. Figure 6 depicts an example of the same, but
adding data augmentations, namely, noise injection (all
figures are not included). Figures 7(a) and 7(b) highlight
differences in RMSE behavior between non-augmented and
augmented data conditions. The results show remarkable
differences from each other. From the visual graphs of MFCC,
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it is seen that MFCCs with non-augmented and augmented are
unable to be distinguished clearly from one another. Figure
8(a) and 8(b) present this result for the same speech

EIRdI in Happy emotion. The extracted
chroma feature in both conditions also shows a clear,

remarkable difference.

a) Neutral b) Happy c)Sad'ness'
d) Anger e) Fear f) Surprise

Fig. 5 Samples of “dRTRIIRAT F=IT AN in six emotions (raw)

Fig. 6 Speech sample of «STRTRITAT FTRIT AN in Happy emotion

after adding noise injection
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configured with 96, 64, and 34 filters

Table 3. Number of ZCR of one of the speeches in different emotions
with and without data augmentation

Layer (Operation) Feature Trainable Speech Number of ZCR | Number of ZCR

Y P Dimension Parameters (é??Tﬁlﬁ'qT (Feature (Feature when

CE:]?,ZITult i:) ) (None,2,96) 576 it extractj;lt;vnhout extra;:le;g with
Downsampling (None.1,96) 0 in Emotion augmentation) augmentation
(Max Pooling) " Neutral 4 4
Regularization Happy 11 11

(Dropout) (None,1,96) 0 Sadness 5 12
Comolution | (None186) | 46170 T i i
Downsampling Surprise 21 21
. (None,1,96) 0
(Max Pooling)
Block 3 - Also shows a clear, remarkable difference. Figure 9 is an
. None,1,64 30784 . ‘ .

Convolution ( ) example of a visual representation of the speech “grgRifar
Downsampling (None,1,64) 0 §RI A" in Happy emotion. In the case of the mel-
(Max Pooling) " Spectrogram, when data is augmented, the color of the
Regularization (None,1,64) 0 waveform becomes black in some periods. It represents that

(Dropout) " the amplitude is reduced, which means energy is reduced at
Block 4- Convolution | (None,1,34) 10914 times. But the brightness of the color remained the same. It
Downsampling N 134 0 shows that irrelevant energy(loudness) of audio is discarded.
(Max Pooling) (None,1,34) The brighter the color, the higher the energy. Since energy
Flattening Stage (None,34) 0 signifies the loudness of a sound, it is useful for classifying

Dense Layer (None,16) 560 anger, surprise, and fear from sadness and neutral emotions.
Dropout Stage (None, 16) 0 B_ased on the arougal dimensior] of emotion.representation,
Output Layer high-energy states include emotions such as joy, anger, and

(Softmax) (None,6) 102 fear, while low-energy conditions are typically represented by

Table 2. CNN architecture with augmented data: convolutional layers
with 256, 128, and 64 filters

e Oy | e | e
C(I);rll(\):)ll(ulti;)n (None,162,256) 1024
?B‘;g:if‘o‘::ﬁﬂ:g (None,81,256) 0
Cfl:‘éf)'l‘uzﬁ;n (None,81,256) 196864
?&Zgiﬁ‘(‘)‘(‘)‘l’iﬁ‘;)g (None,41,256) 0
Cflll‘éf)'l‘uii;n (None,41,128) 98432
]()D"l:;‘sl‘;‘(;‘(‘)‘l’illilz)g (None,21,128) 0
Re(*g];‘:z;ijzg"“ (None,21,128) 0
Cf;‘;f)'l‘u‘:i;n (None,21,64) 24640
?&Z;‘i’;‘g‘)ﬁi‘l‘g (None,11,64) 0
Flattening Stage (None,704) 0
Dense Layer (None,32) 22560
Dropout Stage (None,32) 0
0}‘;‘;}1;{:3)” (None,6) 198
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sadness, boredom, and neutrality [40].

Root Mean Square Energy
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Fig. 7 (b) RMSE after adding data augmentation
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Other emotional states, such as anger, happiness, and fear,
have relatively high amplitude [41, 42]. The total parameters,
including trainable weights derived by the classification
model extracted features with data augmentation, are 343,718,
and those derived by the classification model using extracted
features without data augmentation are 98,112. This indicates
an enhancement of 245606 parameters of data.

The model achieved training and testing accuracies of
85.67% and 66.66% on non-augmented data, and 94.57% and
81.71% on augmented data, respectively. This indicates that
applying augmentation to the features improved the
recognition rate of the model by 15.05%. Figures 10 and 11
depict the model’s loss and accuracy curves over the non-
augmented vs augmented datasets, respectively.

Figures 12 and 13 illustrate the classification performance
through confusion matrices for models trained on non-
augmented and augmented datasets, respectively. Table 4
presents the detailed results of the proposed SER model in two
conditions.

4. Comparative Analysis with Existing Studies

The comparison analysis showing the development of
emotional speech processing methods on the Bodo language
is presented in Table 5.

It is important to note that the datasets, strategies of
extracting features, and modeling frameworks vary across the
studies; thus, the comparison is qualitative and demonstrates
the methodological development in the same low-resource
Bodo language context instead of being strictly quantitative.
Early Bodo emotion recognition relied on GMM and HMM

with input features selected from spectral and prosodic
acoustic characteristics [12, 13].

Although these approaches demonstrate that emotion
recognition is feasible, they struggle to represent intricate
speech features, making it difficult to capture nuanced
emotional variations and high-dimensional patterns.

Moreover, research [14, 15] did not concentrate on
emotion recognition but rather on the synthesis of emotional
speech, focusing on prosodic speech-generation models, but
not classification. Even though these studies are very
insightful into the emotional characteristics of Bodo speech,
they are not directly comparable to recognition-based
frameworks.

These limitations make it clear that more flexible
modelling approaches are important, which could improve
recognition performance, especially with the low-resource
Bodo language. In this context, the proposed CNN-based
model utilizes multiple spectral features and automatic feature
learning, which allows better discrimination of emotional
states and proves a remarkable improvement as compared to
previous studies.

The findings of the proposed approach show that the
model is better at capturing more complex emotional patterns
in comparison to previous approaches using GMM and HMM
(75.12% and 55.12% accuracy) based on the hierarchical
feature representation. Further, unlike synthesis-oriented
literature [ 14, 15], the current study, which focused on creating
emotional speech, prioritizes correct categorization of
emotional states and thus fills a research gap in Bodo speech
processing with improved performance.

5. Discussion and Conclusion

Feature extraction and classification of emotion in the
Bodo language have been experimented with in two
approaches: one without augmenting data, and another that
augments the data.

The results found that extracted features and parameters
are highly different in the two cases. Training a model and
achieving a high performance depends on preparing the
dataset, feature extraction, and the classification method used.
Data augmentation generates additional training samples by
slightly altering the original data, which helps improve model
robustness.

When data augmentation was added to feature extraction,
the performance of the previous model (without
augmentation) achieved a huge change, with an improved rate
of 15.05% error-free. This is possible because of the greater
variety of training data, which strengthens the model's
generalizability and mitigates overfitting.
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Fig.10. Model Accuracy graph without data augmentation, the blue curve represents training, and the yellow represents testing.
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Fig. 11 Model Accuracy graph with data augmentation, the blue curve represents training, and the yellow represents testing.
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Moreover, the successful combination of both MFCC and
Mel-spectrogram characteristics is another factor that
promotes improvement in performance, as it captures
complementary spectral features. CNN-based architecture
effectively acquires spatial patterns using these rich feature
representations and achieves improved discrimination of the
emotional states. This study describes an effective method of
speech emotion recognition concerning the Bodo language,

which will be very helpful for further investigation. The
proposed model can be used in smart rooms, business (or
commercial) fields, and psychological diagnosis.

This study provides a robust and novel resource for future
research endeavors for upgrade. This can also be added to the
multilingual and cross-cultural speech emotion recognition
system to advance SER technology.

Table 4. Performance comparison of the proposed model under augmented and non-augmented speech data conditions

Emotion Precision (%0) Recall (%) F1-Score (%0) Overall accuracy (%)
With DA | Without DA | With DA | Without DA | With DA | Without DA | With DA | Without DA
Angry 91 81 82 66 87 74
Fear 80 69 80 71 80 70
Happy 78 66 83 69 81 68
Neutral 82 64 86 70 84 67 8171 66.66
Sadness 77 62 78 63 78 62
Surprise 78 60 76 58 77 59
Table 5. Comparative Analysis of Existing Studies and Proposed Approach in Bodo Emotional Speech Processing
Study Task Features Model Focus of the study Key contribution Limitations
_ MFCC, WPCC, Cross—lmggal em_otlon Dempnstrated Not.specmc to
Emotion recognition using effectiveness of | Bodo; depends on
12 o tfIMFCC, GMM
Recognition advanced spectral wavelet-based handcrafted
tfWPCC
features features features
Emotion pitch Analysis of emotional | Highlighted the role Limited
13 o ! HMM characteristics in Bodo | of features in tonal | performance and
Recognition MFCC e
speech speech generalization
. Rule-based + ;
Emotional Prosodic Template- Prosody modeling for Model of emotional | Not applicable to
14 Speech - emotional speech . "
. features based with : variations recognition task
Synthesis generation
GMM
Emotional Acoustic + . . Focus on _SynthESIS;
. ; Emotional speech emotional speech limited
15 speech synthesis prosodic HMM . . - e
. synthesis and analysis processing classification
and analysis features o
capability
Automatic feature | -Mited to the low-
Current Emotion MFCC, Chroma, Robust emotion learning and resource Bodo
stud Recoanition Mel-spectrogram,| Deep CNN | recognition in low- im ro%/e d language rather
y g RMSE & ZCR resource Bodo speech prove than other low-
classification
resource languages.

Note: The comparison is limited to studies related to the Bodo language only and is qualitative in nature as the datasets, feature extraction methods, and
experimental conditions vary across studies. In addition, certain previous studies were concerned with the synthesis of emotional speech, but not recognition,
and they incorporated elements to reflect the whole research scenario in Bodo emotional speech processing.

6. Discussion and Conclusion

Since pitch(FO0) is the fundamental feature to distinguish
the tone of a language, and the Bodo language is a tonal
language, adding pitch with prosodic features and pitch-
shifting data augmentation may extend emotion recognition
using a tonal-based emotional speech corpus.
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