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ARTICLE INFO ABSTRACT

Received: 18 Dec 2024  Prediction of emotions from human speech by machines is termed as speech emotion

recognition. Speech is one of the most common and fastest methods of communication

between humans. Speech emotion recognition (SER) by machines is a challenging

Accepted: 24 Feb 2025  task. Various deep learning algorithms are trying to make machines having such
learning capabilities to achieve this task. Several researches are being conducted
toward this area but identifying correct emotions from human speech is still
challenging. The process of speech emotion recognition consists of three main stages —
the feature extraction, feature selection and classification. The feature extraction is
considered as the most significant among them. Several researches work has been
conducted in the past years and most of them used one technique of feature extraction
for training the model. In this paper we have presented hybrid feature extraction
technique with data augmentation for an effective emotion recognition model. The
simulations are performed by using TESS dataset. From the speech data two sets of
features are extracted by using two techniques, with first technique we use mel
frequency cepstral coefficient ( MFCC )as feature sets and in the next approach the mel
spectrogram images have been extracted The data augmentation technique has been
proposed by noise addition to increase the number of samples. Then a Convolutional
Neural network (CNN) is implemented for training and testing the model to achieve
better accuracy. Our proposed hybrid feature set with data augmentation technique
achieved the accuracy of 95.21%.

Revised: 14 Feb 2025

Keywords: Speech emotion recognition (SER); deep learning; machine learning,
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INTRODUCTION

Speech is one of the common methods of communication between human beings. Humans are able to
detect emotions naturally while communicating each others. Therefore in speech emotion recognition
by machines, we train machines in such a way to predict emotions from human speech. A speech
emotion recognition system takes the file containing speech data as input and classifies the speech
data into various emotions such as happy, sad, neutral etc. With the increase of technology, the
interaction of computer with human beings has also increased .Therefore over the past two decades
the researchers are working on, to study several methods to increase the efficiency of human
computer interaction[1].

An effective Speech emotion recognition can increase the efficiency of human computer interaction by
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improving accuracy and intimacy of interaction. We can utilize an effective SER in various fields such
as medical emergencies, automotive engineering and also in decision making tasks[2].An effective
SER can also applied as an intelligent household robot[3].

SER has been a challenging task due to several reasons[4], one of the most prominent reason is ,that
the emotions are subjective and expressions may vary across individual to individual, and the other
one is the speech tone pattern ,vocal cords cues are different to exhibit the same emotion by different
people. Therefore selection of desired features is necessary by comparing feature sets from speech
signals[5].

The need of high quality datasets are very useful for training the model, sometime same utterance of
speech exhibit the different emotions because the emotions depend on context

also, therefore situational context shows the emotions. Due to these several reasons it is not easy to
predict the emotions correctly and hence research are going on to find better accuracy in evaluating
SER. therefore there is a great impact of feature selection for predicting emotions[6]. Data
augmentation is also used for increasing the number of samples to increase the possibility of improved
efficiency[7]. The motivation of this study is also to obtain better SER. This research proposes the
MFCC feature of audio signal as input and Mel Spectrogram images as input for evaluating SER with
the use of CNN model.

LITERATURE REVIEW

There is a vast research interest in speech emotion recognition. Several research works are

performed to attempt for prediction of emotions from human speech. There are many research studies
which are focusing on how to get improvement in achieving accurate emotion prediction from speech.
The research work[8] used the prosodic and linguistic features from speech for identifying emotions.
In the work[9] reflect the deep learning approaches for speech emotion recognition. The research
presents a comparative study between neural network approaches used for emotion prediction from
speech signal.

In the study [10] the author has described a fusion algorithm by fusion of spatial and temporal
features with using parallel CNNs.

In one of the research work[11], sparse auto encoder and gated recurrent unit has been utilized for
speech feature extraction .The deeper text features are extracted .the Bi-LSTM model and loss
function has been utilized to find accuracy. In one of the research work[12] traditional Hidden
Markov Model(HMM)has been introduced for SER.Two methods have been used ,one by deriving
features of speech signals using Gussain Mixture Model(GMM) and other by introducing HMM which
derive the low level in stantaneous features of audio data the accuracy given by this method is
comparatively not as good as modern deep learning techniques are performing.

The work[13] suggested the algorithm which introduce the impact of modified feature extraction in
speech emotion recognition and also explored the various benefits of deep convolutional neural
network. Pattern recognition method is suggested by researchers [14] for emotion recognition from
speech signal.

In the study[15] proposed a joint model architecture that joins discrete and dimensional emotions for
SER. It has used self attention and co-attention mechanism to improve the accuracy of emotion
prediction. One of the research methodologies proposed as safety-security system by detecting
negative emotions from speech. The research used CNN and LSTM model for detecting some
keywords based on negative emotions[16]. In the study[17]) proposed the graph theory for classifying
emotions extracted from speech., with the help of graphical tools structural and statistical
information of time series has been captured, which proved beneficial for identifying emotions. Hand
crafted feature set was utilized in the research work with ensemble deep neural network using
different speech datasets to conduct the research[18].Machine learning techniques are being best
utilized by number of researchers for finding the accuracy in emotion detection[19].

In one of the research emotion prediction accuracy has been improved with the help of data
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augmentation technique and shifting of spectrogram using different speech datasets. Deep learning
algorithms like CNN and multilayer perception with Bi-dimensional LSTM has been deployed[20].
The work[21]combination of features such as MFCC, Spectral,Harmonis etc. with Recurrent neural
Network(RNN) are used for better accuracy in SER.

METHODOLOGY

The main steps in Speech emotion recognition is to derive the unique and suitable features from the
speech data, and then select the suitable classifier to accurately predict the emotions from the audio
speech signals.

In this section we have explained the proposed methodology to predict emotions from audio file, here
we have used two approaches of feature extractions and derived two features sets from audio signals,
first we have extracted MFCC from speech signals and other the spectrogram features of input audio
signals. We have also done data augmentation technique by noise addition to increase the dataset
samples[22].

Emotions
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Convolutional layers of CNN Predicted Emotions

Figure 1: Architecture of proposed hybrid feature extraction using CNN model

The proposed work suggests a method in which this hybrid set of features is extracted from audio file.
Then we have proposed data augmentation to increase the data samples. These feature set are further
processed using CNN model.

Data augmentation technique is used to make our dataset more robust by increasing the number of
samples for better accuracy in real time environment.

Data augmentation has been utilized here by adding noise and extends the range of speech signal
pattern and hence increases the number of samples.

The framework TensorFlow and libraries like NumPy help in data augmentation process while
training the model.

In the first approach we have used audio file from database to export Mel frequency Cepstral
Coefficient (MFCCs) features from the audio speech signal, speech signals are pre emphasized, after
that frame blocking is done, it is then goes under windowing to reduce discontinuities of signal In the
next approach we extract the a Mel spectrogram features from the audio datasets.

These hybrid features are then processed under CNN model for training and testing to evaluate
emotion prediction. There are different datasets are available for research[23],we have utilized TESS
dataset.
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THE TESS Dataset:

The Toronto Emotional Speech Set is one of the dataset used in emotion prediction from audio
speech. It consists of two female speakers (actresses) of age 24 and 64 years old. It consists of total
seven emotions happy, fear, sad, neutral, surprise, anger, disgust. This dataset has 200 target words
which speaker has to speak with the phrase ‘say the word.......” The dataset contains 2800 audio files.
The file contains WAV format. This dataset has high quality audio file.

Figure 2.(a) Sample of Waveform Figure 2.(b) Sample MFCC
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Here we have utilized 80% of data for training CNN model and rest 20% data for testing the model.
The proposed model performance has been evaluated by comparing with other SER models

We have used librosa library to export the MFCC s sequences from the audio file presence in

The speech contains the emotions including happy, sad, calm, surprise, disgust, fearful and angry. We
have classified the emotions here are angry, disgust, fear, happy, sad. For performance evaluation we
have employed confusion matrix for these five emotions.

In this work we have utilized two methods to propose two types of feature extraction. In the first way,
we extracted MFCC features and then Mel-spectrogram images have been extracted as feature set. The
librosa library is used for extracting features. The preprocessing is done afterwards using sklearn to
reduce the high dimensionality. Data Augmentation has done for increasing number of samples. The
total of 2800 features has been extracted, and after augmentation samples increased to 8400 and the
model is trained for 100 epochs.

The MFCC generation from the audio speech signal is performed. In the MFCC feature the Mel scale is
formulated as-

Mel (F)-= 2595*log10 (1+f/700)
F=actual frequency, Mel(f)=perceived frequency

Spectrogram generation of speech signal is best suited to learn the foremost features required for
SER[24]. Similarly waveform generation of speech signals are generated[25].

Spectrogram is the visual representation of these speech signals with their frequencies over different
time axis.

The extracted spectrogram for different emotions in speech signal is shown below with frequencies (f)
and time (t) on x axis and y axis respectively.
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Figure 3.The extracted Spectrograms of different emotions present in speech signal.
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Figure 4. The extracted Waveforms for different emotions present in speech signal

Evaluation Confusion Matrix:

The performance of our experiment has been evaluated with the weighted accuracy. The weighted
accuracy is termed as the ratio of the sum of all correctly predicted true positive and true negative
values with all predicted values. The formula is:

Neouray — LT TP+ TN
YT NE\TPT TN+ FP+EN

i
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CNN architecture:
The Convolutional Neural Network is a deep learning algorithm and a type of neural network. It
comprises of multiple layers like convolution layers, pooling layers and fully connected layers. The
basic architecture of CNN is based on the human brains processing technique. It comprises of
artificial neural network. The CNN is doing well in capturing hierarchical pattern in images[26]. The
different layers of CNN are:
Convolutional layers: It constitutes the essential part of CNN, which find extensive application in
image processing. The function of CNN comprises:
Filters/Kernel: To identify particular features, these tiny matrices such as 3*3 or 5*5 are slid over the
input image .Every filter is made to be react to specific patterns like textures or edges. An activation
map also known as feature map is produced by repeating the process over the whole image. This layer
also maintains the spatial dependencies among pixels.
Pooling Layers: This is the essential layer which assists in numerous ways-
Dimension Reduction: Pooling layer reduces the amount of computation needed for succeeding layers
by down sampling the spatial dimensions.
Parameter reduction: By condensing the size of feature maps, pooling reduces the number of
parameters and computation.
Feature extraction: Max pooling keeps the most important features (max value) from a group of
adjacent pixels to identify the most salient characteristics and also eliminate
irrelevant information. Pooling also introduces invariance, when translating input data an
concentrates on most important data.
Activation Functions: Rectified Linear Unit (ReLU) and other non-linear activation functions add
non-linearity to the model, enabling it to discover more intricate links in the data to adjacent pixel
groups.
Fully Connected Layers: These layers use the high-level features that were taught to them by the
preceding layers to make predictions. All of the neurons in one layer are connected to all of the
neurons in the layer below.

RESULT

In this research we trained the SER model on TESS dataset using Spectrogram and MFCC we
conducted the experiment on these two types of features (hybrid features).The data was spitted into
80/20 means 80 percent data is used for training and 20 percent was used for testing the model using
the sklearn library. The Data augmentation technique is also utilized here. The extracted samples are
2800 first and increased after augmentation process to 8400.

These hybrid features are fed into the CNN model to evaluate the result. The description of CNN
layers we have used here are mentioned, firstly Convolution1D (Conv_1D), then we activated function
‘relu’, after that Dropout layer which is used to avoid over fitting we have used maxpooling layer. We
used the flatten layer to convert the n dimensional matrix,

which we obtained from the above layers for providing input for the dense layer. Then finally dense
layer provide the input to the softmax activation function .The softmax activation function give the
different probabilities which we get by training our model.

Therefore in total we have used 13862 trainable parameters in our model.
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Layer(type) Output shape parameters
convad_1(Conv2D) (None,13,1,32) 320
flatten_ 1(Flatten) (None,416) 0
dense_2(Dense) (None,32) 13,344
Dense_3(Done) (None,6) 198

Total parameters: 13,862(54.15 KB)
Trainable parameters: 13,862(54.15 KB)
Non-Trainable parameters: 0(0.00 B)

We train our model in 100 epochs, as the number of epochs increases we can see the increased
accuracy
The evaluation is done by measuring the model in terms of confusion matrix.

The accuracy shown by our model is 95.21%

The loss graph and accuracy graphs are shown below:
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Figure 5(a) Model accuracy graph
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Confusion matrix:
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Figure 6. Confusion matrix of different emotions for TESS using CNN
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Table 1.Comparative analysis of proposed approach with other approaches using TESS

dataset:
Reference | Method Input features Dataset Accuracy
[27] LSTM-CNN Mel-Spectrogram, MFCC | TESS, 68%
RAVDESS
[28] LSTM with CNN MFCC TESS 88.92%
[33] CNN MFCC, Mel Spectrogram | TESS 89%
Proposed Hybrid MFCC, | MFCC, Mel Spectrogram | TESS 95.21%
Spectrogram images

Table 2. Comparative analysis of proposed model with other approach using different

datasets
Ref | Year | Model Input features Dataset Accurac
y
[29] | 2019 | Hybrid DNN and SVM based | Heterogeneous accoustic | IEMOCAP 64%
approach features
[30] | 2019 | CNN+Bi-LSTM based model MFCC,Spectrogram IEMOCAP 50.05%
EMO-DB 82.35%
[31] | 2020 | DSCNN(Deep Stride CNN) Spectrogram RAVDESS 80.0%
IEMOCAP 84%
[6] 2020 | DCNN+CFS+ML Log-Mel Spectrogram RAVDESS 81.30%
IEMOCAP 83.80%
SAVEE 83.80%
EMO-DB 82.10%
[32] | 2021 | CNN+LSTM MFCC IEMOCAP 79.52%
[7] 2022 | Combined CNN with | Acoustic features based on | IEMOCAP 76.39%
LSTM,MLP,SVM Wavavec2.0 JTES(Japanese | 77.25%
(Wavavec2.0) Twitter  based
emotion speech
[11] | 2024 | Attention layer, Duel Bi-LSTM eGeMAPS, deeper text | IEMOCAP 74.27%
features
[15] | 2025 | Pre-trained Wavavec2.0 and | MFCC, short term | IEMOP 73.22%
HuBERT model features ,Mel Spectrogram
and raw audio signal
2025 | Proposed Hybrid feature | MFCC, Mel Spectrogram | TESS 95.21%
extraction model using CNN images
CONCLUSION
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This research work proposed a CNN based method with hybrid feature extraction of audio file for
recognition of emotion from speech signal. Using TESS dataset we export Mel Frequency Cepstral
Coefficient (MFCCs from audio file and then Mel Spectrogram images, with the use of CNN model,
the experimental result shows that the proposed model has achieved a good performance. Therefore
this research contributes several directions for future work in this area. Though the large literature on
speech emotion recognition system is present, still it has many challenges, SER is not an easy task for
several reasons, like the subjective nature of emotions and also different person uses different speech
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pattern, tones, and vocal signals and also there is a great need to focus on feature extraction and
selection.. Therefore the proposed work confirm that it would contribute towards a more robust SER.
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