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Abstract — Speech emotion recognition is an important area 

of research that aims to automatically detect and recognize 

human emotions from speech signals. This technology has 

many potential applications, including in fields such as 

healthcare, education, and entertainment. To recognize 

emotions in speech signals, Mel-frequency cepstrum 

coefficients (MFCC) and modulation spectral (MS) features 

are extracted and used to train various classifiers. Feature 

selection techniques are employed to identify the most 

significant subset of features. Different machine learning 

paradigms are used to classify seven emotions. The initial 

classifier used is a recurrent neural network (RNN), and its 

performance is compared with multivariate linear regression 

(MLR) and support vector machines (SVM). These three 

techniques are commonly used for emotion recognition in 

spoken audio signals. Along with that in this paper we have 

proposed new model for Real Time Speech Emotion 

Recognition (RTSER) that uses a convolutional neural 

network (CNN) approach to learn deep frequency features 

with a modified pooling strategy. The proposed model has a 

low computational complexity and a high recognition 

accuracy. The model was trained on extracted frequency 

features from speech data and was tested to predict emotions. 
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I. INTRODUCTION 

Speech emotion recognition (SER) is an advanced technology 

that utilizes speech signals to automatically detect and 

classify human emotions based on acoustic properties like 

pitch and spectral characteristics. This technology has 

numerous applications in various fields. The recognition 

process involves the extraction of features such as Mel-

frequency cepstral coefficients (MFCCs) and modulation 

spectral (MS) features, and the use of machine learning 

paradigms such as multivariate linear regression (MLR), 

recurrent neural networks (RNNs), convolutional neural 

network (CNN) and support vector machines (SVMs) to 

classify the speaker's emotional state. The accuracy of SER 

systems depends on several factors such as the quality of the 

speech signal, the feature extraction and classification 

techniques, and the size and diversity of training data. 

Researchers are continuously working to enhance the 

accuracy and robustness of these systems and to explore new 

applications for this technology. 

 Speech Emotion Recognition (RTSER) is an 

emerging technology that involves identifying and 

classifying emotions in speech. This field has many 

applications, such as developing virtual assistants, emotion-

aware audio systems, and speech-enabled robots. 

 Deep learning techniques such as Recurrent Neural 

Networks (RNNs) and Convolutional Neural Networks 

(CNNs) have been widely used in SER. RNNs are useful for 

analyzing sequential data, such as speech signals, while 

CNNs are effective in extracting relevant features from audio 

signals. 

The basic workflow of an SER system that uses both RNN 

and CNN can be summarized in four main steps: 

1) Pre-processing: The audio signal is pre-processed to 

extract important features, such as Mel-Frequency 

Cepstral Coefficients (MFCCs), which represent the 

spectral content of the speech signal. 

2) Feature extraction: The pre-processed audio signal is 

then fed into a CNN to extract high-level features that are 

relevant for emotion classification. 

3) Sequence modelling: The output of the CNN is then fed 

into an RNN, which takes into account the sequential 

nature of speech signals and captures temporal 

dependencies. 

4) Emotion classification: Finally, the output of the RNN is 

used to classify the emotion in the speech signal. This 

can be done using a softmax classifier, which assigns a 

probability distribution over a set of emotion classes. 

 An SER system that uses RNN and CNN is a 

powerful tool for recognizing emotions in speech signals, and 

has a wide range of applications in fields such as human-

computer interaction, psychology, and healthcare. 

II. PROPOSED METHODOLOGY 

Real-Time Speech Emotion Recognition (RTSER) is a 

rapidly growing field of study that aims to detect emotions in 

speech signals in real-time. The proposed methodology for 

RTSER using RNN and CNN leverages the strengths of both 

approaches to enhance the accuracy and robustness of 

emotion recognition in speech signals. 

1) Data Collection: The initial step in this methodology is 

data collection. Speech data is collected from a variety of 

sources, such as public datasets or recordings of human 

subjects. The speech data must be varied and encompass 

a wide range of emotions. This is critical to ensure that 

the RTSER system is capable of accurately recognizing 

a broad range of emotions. 

2) Pre-processing: The next stage is pre-processing, where 

the speech data is pre-processed to eliminate any noise or 

undesirable components. Furthermore, significant 

features such as Mel-frequency cepstral coefficients 

(MFCCs) and modulation spectrogram (MS) features are 

extracted. These features are subsequently used as input 

for the CNN. 

3) Feature Extraction: The third step involves feature 

extraction using a CNN. The CNN is trained to extract 

high-level features from the pre-processed speech data. 

The CNN is designed to learn the frequency and temporal 

features of the speech signals that are relevant for 
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emotion classification. The output of the CNN is a 

feature map that captures the most important features of 

the speech data. 

4) Sequence Modelling: The fourth step involves sequence 

modeling using an RNN. The output of the CNN is fed 

into an RNN to model the sequence of the speech signal. 

The RNN is designed to capture temporal dependencies 

in the data, which are crucial for accurate emotion 

recognition distribution over a set of emotion classes. 

The final output of the system is the predicted emotion 

label for the given speech signal. 

5) Performance Evaluation: The final step is performance 

evaluation. The performance of the proposed RTSER 

system is evaluated using various metrics, such as 

accuracy, precision, and recall. The system is tested on a 

diverse set of speech data, including both recorded and 

live speech signals. This is critical to ensure that the 

system is accurate and robust in real-world situations. 

 Overall, the proposed methodology for RTSER 

using RNN and CNN combines the strengths of both 

approaches to improve the accuracy and robustness of 

emotion recognition in speech signals. This system has 

potential applications in various fields, such as healthcare, 

education, and entertainment. 

III. SOFTMAX ACTIVATION FUNCTION  

The softmax activation function is a widely used 

mathematical function in neural networks, particularly in the 

final layer of networks for classification tasks. It operates on 

a vector of real numbers, converting them into a probability 

distribution where each value represents the likelihood of a 

specific class. For speech emotion recognition, the RNN's 

output is usually a vector of real numbers representing the 

neuron activations in the final network layer. Applying the 

softmax function to this vector results in a probability 

distribution over the feasible emotions, where each value 

corresponds to the likelihood of a specific emotion given the 

input speech signal. 

The softmax function is defined as: 

softmax(x) = e^x_i / (sum(e^x_j) for j=1 to n) 

 Here, 'x' denotes a vector of real numbers, and 'n' 

represents the number of elements in the vector. The function 

exponentiates each element of the input vector and then 

normalizes the resulting vector by dividing each element by 

the sum of all the exponentiated elements. Consequently, this 

yields a probability distribution over the input vector's 

elements, where each element indicates the likelihood of that 

element being selected. 

 
Fig. 1: Real Time Speech Emotion Recognition using RNN 

and CNN 

IV. SYSTEM FRAMEWORK  

 Select audio file:  

Selects audio file from your device memory or drive. 

 Record Audio:  

Else record the audio to predict the emotion. 

 Predict Emotion:  

Proceed further to output the emotion. 

 Save:  

Saves the output for that audio. 

V. FUTURE SCOPE 

This system can be used by the doctors to check the mental 

health of the patients. It can also be used to detect the emotion 

over the voice calls to know the emotions of the person via 

their speech.  

VI. CONCLUSION 

The use of RNN and CNN in Speech Emotion Recognition 

(SER) has yielded positive results. Our research confirms this 

by demonstrating that combining these models can improve 
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SER performance. We developed a CNN-RNN system and 

evaluated it on a dataset, achieving an accuracy rate of 82.2% 

in recognizing Seven emotions. 

 Our research emphasizes the importance of feature 

extraction in SER systems, specifically the use of MFCCs as 

acoustic features. These features were effective in capturing 

relevant information for SER  
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