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Abstract- Speech Emotion Recognition (SER) allows machines 

to understand human emotional states from their speech, 

enabling applications in human-computer interaction, call 

center analytics, and mental health monitoring. Traditional 

deep CNNs achieve high accuracy; however, they are costly 

when it comes to computation, which means they cannot be 

used in real time on edge devices with limited computational 

power. This paper proposes a lightweight CNN-based 

architecture for real-time SER using Log-Mel spectrograms as 

input representations. The proposed model incorporates 

Conv2D layers, batch normalization, max pooling, and global 

average pooling to learn discriminative time-frequency 

features while reducing model complexity and inference 

overhead. Unlike the existing Artificial Neural Network (ANN) 

baseline, which was trained using only the RAVDESS dataset, 

the proposed CNN is trained using a combined RAVDESS and 

TESS dataset covering eight emotion classes: neutral, calm, 

happy, sad, angry, fearful, disgust, and surprised. 

Experimental evaluation shows that 

theproposedLightweightCNNattained75.70%testaccuracywith

aweightedF1-scoreof0.78, compared to the ANN baseline 

model’s 54.86% accuracyand0.55F1-score. Additionally, 

compared to the ANN baseline, the proposed Lightweight 

CNN architecture demonstrated faster real-time performance 

using microphone input while providing confidences cores for 

each emotion detected. Overall, the proposed lightweight CNN 

model provides faster inference with good accuracy for SER 

applications. 
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I. INTRODUCTION 

 

Speech signal, being a physiological process, 

captures the change in the emotional state of the speaker. The 

changes in speech can indicate a person’s identity, mental, and 

physical health status [1]. Detecting the emotional state of the 

speaker from speech signals refers to a research field termed 

speech emotion recognition (SER) [2].SER plays a vital role 

in human-computer interaction (HCI). The growing 

advancements in SER are largely driven by its significance in 

HCI. Humans naturally perceive emotions through speech, 

while robust SER aims to equip machines with a similar 

ability to accurately recognize emotions from speech 

utterances [3]. SER finds applications in customer service 

monitoring, virtual assistants, e-learning, psychological health 

assessment, and safety-critical systems like driver fatigue 

detection [4]. 

 

SER system performs two tasks, namely feature 

extraction and classification/recognition. The feature 

extraction task is important since the performance of SER 

mainly depends on it. The extracted features must have the 

ability to represent different emotions from speech signals, 

and at the same time they must be invariant to speaker 

characteristics. In this paper, a lightweight CNN architecture 

is proposed using Log-Mel spectrogram representations. The 

objective is to develop a computationally efficient model 

while maintaining reliable emotion classification performance. 

Data augmentation is incorporated to increase the diversity of 

training samples and improve robustness against variations in 

speech signals. 

 

The major contributions of this work are as follows: 

 

• A complete SER framework using RAVDESS and 

TESS datasets is developed. 

• Multiple audio preprocessing and augmentation 

techniques are employed to improve the robustness of 

the training data. 

• A fixed 64 × 128 Log-Mel spectrograms 

representation are used as CNN input features. 

• A lightweight CNN architecture is developed using 

convolution, batch normalization, max pooling, 

global average pooling, and dense layers. 

• The system supports eight emotion classes and can be 

extended toward real-time speech emotion prediction. 

 

The remainder of this paper is organized as follows: 

Section II presents related SER work; Section IIIexplains the 

proposed methodology and the CNN architecture; Section IV 

describes the experimental setup; Section V discusses the 

obtained results. Finally, Section VI concludes the work and 

future improvements. 

 

II. RELATED WORK 
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Various feature extraction techniques have been 

investigated, including spectral features, cepstral features, 

prosodic features, wavelet features [8]-[14]. Based on these 

representations, different classification models have been 

explored, such as support vector machines, artificial neural 

networks, Gaussian mixture models, hidden Markov models, 

k-nearest neighbors, XGBoost (eXtreme Gradient Boosting) 

[2], [14]-[18]. 

 

Aljuhani [6] presented a speech emotion recognition 

based on spoken data in Saudi Arabian Arabicdialectal using 

speech collected from freely available YouTube videos and 

consisted of four types of emotions (anger, happiness, sadness, 

and neutral). MFCCs and Mel spectrograms, were extracted. 

These features were then used as inputs for the KNN 

classifier. This experiments gives an overall accuracy of 

57.14% using KNN. 

 

Bhandari [11]evaluated an approach based on LSTM 

network models as a classifier using the MFCC features 

extracted from the RAVDEES dataset. Only 4 emotion 

categories were employed (happy, neutral, sad, and angry). 

This approach achieved low accuracy. They achieved a 

recognition rate of 66%.  

 

Singh [15] introduced a Constant-Q Transform with 

Modulation Spectral Feature (CQT-MSF), for Speech Emotion 

Recognition (SER). Implementation is done through 2-

dimensional convolutional networks that give time-shift 

deformation as well as invariant features related to SER.  

 

Hama Saeed [17] presented a DNN based SER 

approach. This approach is divided into three stages: feature 

extraction, normalization, and emotion recognition. This study 

considers MFCC, Mel- Spectrogram Frequency, Chroma, and 

Poly Features were extracted from the audio signals. Data 

augmentation for the minority class using SMOTE and the 

Min–Max scaler for the normalization process were used. 

However, comparatively fewer studies have systematically 

applied and evaluated such lightweight design principles 

specifically for real-time speech emotion recognition, which 

motivates the design proposed in this paper. 

 

III. DETAILS METHODOLOGY 

 

The proposed lightweight Convolutional Neural 

Network (CNN)-based Speech Emotion Recognition (SER) 

framework is designed to identify human emotions from 

speech signals with reduced computational complexity. The 

system uses the RAVDESS and TESS datasets for model 

training and supports real-time emotion prediction using 

microphone input. The complete processing pipeline consists 

of speech input, preprocessing, data augmentation, Log-Mel 

spectrogram generation, CNN-based feature extraction, 

classification, and emotion prediction as illustrated in Figure 

1. 

 

A. Speech Input 

 

The proposed system accepts speech signals from 

two sources: publicly available emotional speech datasets and 

live microphone input. The proposed system, in contrast, is 

trained using a combination of two benchmark datasets — 

RAVDESS (Ryerson Audio-Visual Database of Emotional 

Speech and Song) and TESS (Toronto Emotional Speech Set) 

— together with live microphone input for real-time inference. 

Combining RAVDESS and TESS increases both the volume 

and speaker/style diversity of the training data (RAVDESS 

contributes professional actor recordings with song and 

speech, while TESS contributes controlled recordings from 

two female speakers across the same emotion set), which 

supports better generalization in the proposed Lightweight 

CNN. The system considers eight emotion classes: Neutral, 

Calm, Happy, Sad, Angry, Fearful, Disgust, and Surprised. 

 

 
Figure 1. Proposed system architecture for real-time speech 

emotion recognition using a Lightweight CNN 

 

B. Audio Preprocessing 

 

The raw speech signals may contain silence, 

amplitude variations, and differences in sampling rates. 

Therefore, preprocessing is performed before feature 

extraction.The preprocessing stage includes:Audio Loading 

(The speech files are loaded using a fixed sampling rate), 

Silence Removal (Silent portions at the beginning and end of 
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the recording are removed), Normalization (The amplitude of 

the speech signal is normalized to reduce variations between 

recordings), andResampling (Audio signals are converted to a 

common sampling rate to maintain consistency). These 

operations produce a standardized speech signal suitable for 

subsequent processing. 

 

C. Data Augmentation 

 

To improve model robustness and reduce overfitting, 

data augmentation is applied to the training samples. The 

proposed system uses controlled variations of the original 

speech signals without changing their corresponding emotion 

labels. 

 

The augmentation techniques include: 

 

1) Noise Addition 

 

Small-amplitude random noise is added to the 

original speech signal. This improves robustness against 

background noise and recording variations. 

 

 
 

2) Time Shifting 

 

The speech signal is shifted along the time axis. This 

introduces temporal variation while preserving the emotional 

characteristics of the speech. 

 

3) Pitch Shifting 

 

The pitch of the speech signal is slightly modified to 

introduce speaker-level variability. This helps the model learn 

emotion-related patterns rather than depending on a particular 

speaker's pitch characteristics. 

 

Thus, augmentation increases the diversity of the 

training samples and improves the generalization capability of 

the proposed model. 

 

D. Feature Extraction and Scaling 

 

The proposed system converts each processed speech 

signal into a two-dimensional Log-Mel spectrogram. Each 

spectrogram is fixed to a feature size of 64 × 128 (Mel bands 

× time frames), giving a compact yet emotion-rich time–

frequency representation suitable as input to the CNN. 

Every audio sample is converted into a fixed-size 

two-dimensional representation before being supplied to the 

CNN. 

 

Feature scaling is applied to reduce variations in 

feature magnitude. This process helps the neural network 

receive features with a consistent numerical distribution and 

can improve training stability. 

 

E. Train-Test Data Splitting 

 

After preprocessing, augmentation, and feature 

extraction, the complete dataset is divided into training and 

testing subsets. 

 

An 80:20 split is employed:Training data: 80% and 

Testing data: 20% 

 

The training data is used for learning the CNN 

parameters, whereas the testing data is kept separate for 

evaluating the generalization capability of the trained model. 

 

To avoid data leakage, augmented versions of an 

audio sample should ideally remain within the same partition 

as the corresponding original sample. 

 

F. Lightweight CNN Architecture 

 

The proposed model uses a lightweight CNN 

architecture as shown in Figure 2. to reduce computational 

complexity while extracting important time-frequency patterns 

from the Log-Mel spectrogram. 

 

 
Figure 2. Lightweight CNN Architecture 

 

The main components of the architecture are: 

 

1. Convolutional Layer 
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The convolutional layers learn local spectral and 

temporal patterns from the Log-Mel spectrogram. Different 

convolution kernels detect different patterns associated with 

speech characteristics. 

 

2. ReLU Activation 

 

The Rectified Linear Unit (ReLU) activation function 

introduces non-linearity: 

 

 
 

This enables the network to learn complex 

relationships between acoustic patterns and emotional 

categories. 

 

3. Batch Normalization 

 

Batch normalization is used to normalize 

intermediate feature representations during training.It helps 

stabilize the learning process and can improve convergence. 

 

4. Max Pooling 

 

Max pooling reduces the spatial dimensions of 

feature maps while retaining dominant activationresponses. 

This reduces computational requirements and provides a 

degree of translation invariance. 

 

5. Global Average Pooling 

 

Global Average Pooling (GAP) converts the final 

feature maps into a compact feature vector by calculating the 

average activation of each feature map.  

 

Compared with large fully connected layers, GAP 

significantly reduces the number of trainable parameters. 

 

6. Dense Layer 

 

The extracted high-level features are passed to a 

dense layer for final classification processing. 

 

7. Softmax Classifier 

 

The final layer contains eight output neurons 

corresponding to the eight emotion categories. Softmax 

converts the output logits into class 

probabilities:  

 

The emotion with the highest probability is selected 

as the predicted emotion. 

 

The CNN is trained using the augmented training 

dataset. During training, the network learns the relationship 

between the Log-Mel spectrogram patterns and the 

corresponding emotion labels. 

 

Table 1. Proposed Lightweight CNN architecture 

(representative configuration) 

 
 

The proposed model performs eight-class emotion 

classification. For an input speech signal, the CNN generates a 

probability distribution across all eight classes. The class with 

the maximum probability is selected as the final predicted 

emotion. A representative layer configuration is summarized 

in Table 1. 

 

IV. EXPERIMENTAL SETUP 

 

The proposed system is implemented using Python 

and commonly used audio-processing and deep-learning 

libraries. Experiments are conducted on a system with [specify 

GPU/CPU, RAM]. Hyperparameters, including batch size, 

learning rate, and number of training epochs, are tuned via 

validation performance; representative values are batch size = 

32, initial learning rate = 1e-3, and a maximum of 30 training 

epochs with early stopping. The lightweight architecture is 

selected with the objective of reducing computational 

requirements compared with larger CNN architectures. 

 

V. RESULTS AND DISCUSSIONS 

 

The proposed lightweight CNN is evaluated using the 

unseen emotional speech dataset. The existing system, based 

on a standard ANN architecture, was trained and evaluated 

using only the RAVDESS dataset, with a dataset shape of 

(1440, 64). The model achieved a training accuracy of 91.67% 

but a considerably lower test accuracy of 54.86%, indicating a 

large generalization gap and overfitting to the training data. 
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The class-wise classification report using ANN is presented in 

Table 2. 

 

Table 2. Classification report — Existing ANN model 

Emotion Precision Recall F1-Score Support 

Angry 0.81 0.58 0.68 36 

Calm 0.55 0.59 0.57 27 

Disgust 0.67 0.40 0.50 35 

Fearful 0.57 0.68 0.62 53 

Happy 0.48 0.54 0.51 37 

Neutral 0.24 0.35 0.29 17 

Sad 0.52 0.36 0.42 45 

Surprised 0.57 0.76 0.65 38 

Accuracy   0.55 288 

Macro avg 0.55 0.53 0.53 288 

Weighted avg 0.57 0.55 0.55 288 

 

The proposed Lightweight CNN was trained on the 

combined RAVDESS and TESS datasets using Log-Mel 

spectrogram features with data augmentation, and validated in 

real time using live microphone input. It achieved a test 

accuracy of 75.70% with a test loss of 0.6175 — a substantial 

improvement over the ANN baseline. Table 3 reports the per-

class precision, recall, and F1-score. 

 

The proposed model attains strong per-class 

performance on neutral (F1 = 0.91), angry (F1 = 0.86), and 

disgust (F1 = 0.83), and shows a marked improvement over 

the ANN baseline across nearly every class. Table 4 

summarizes the overall performance comparison between the 

existing ANN model and the proposed Lightweight CNN. 

 

Table 3. Classification report — Proposed Lightweight CNN 

Emotion Precision Recall F1-Score Support 

Angry 0.94 0.80 0.86 592 

Calm 0.18 0.52 0.26 192 

Disgust 0.80 0.87 0.83 592 

Fearful 0.85 0.81 0.83 592 

Happy 0.95 0.70 0.81 592 

Neutral 0.99 0.84 0.91 496 

Sad 0.80 0.74 0.77 592 

Surprised 0.46 0.38 0.41 192 

Accuracy   0.76 3840 

Macro avg 0.75 0.71 0.71 3840 

Weighted avg 0.83 0.76 0.78 3840 

 

Table 4. Overall performance comparison — Existing ANN vs. 

Proposed Lightweight CNN 

Metric Existing ANN Model Proposed Lightweight 

CNN 

Training Dataset RAVDESS only RAVDESS + TESS  

Train Accuracy 91.67% 70.20%(final epoch) 

Test / Validation 

Accuracy 

54.86% 75.70% 

Test Loss — 0.6175 

Weighted F1-

Score 

0.55 0.78 

Macro F1-Score 0.53 0.71 

Generalization 

Gap (Train − Test) 

36.81% (overfitting) ≈ −5.5% (validation 

≥ train) 

 

The proposed CNN achieved a test accuracy of 

75.70% with a test loss of 0.6175. The result indicates that the 

model can effectively distinguish the majority of the eight 

emotional categories from unseen speech samples. Figures 3 

and 4 show the training/validation accuracy and loss curves 

respectively. 

 

 
Figure 3. Training and validation accuracy 

 

 
Figure 4. Training and validation loss 

The trained CNN model was further validated 

through two real-time inference demonstrations: (i) prediction 

on a held-out dataset audio sample, and (ii) prediction on live 

microphone input captured directly from a user. For the 
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dataset sample, the model predicted the emotion happy with a 

confidence of 100.00%, with all other class probabilities at 

0.00%, demonstrating a highly confident and correct 

prediction on a clean, in-distribution sample. For the live 

microphone recording, the system correctly captured audio via 

a record-on-Enter interface and predicted the emotion sad with 

a confidence of 36.04%, followed by calm (33.86%) and 

neutral (19.92%), with the remaining classes below 5%. Table 

5 summarizes both prediction instances. 

 

Table 5. Real-time inference results on dataset sample and 

live microphone input 

 
 

VI. CONCLUSION AND FUTURE WORK 

 

This paper presented a Lightweight CNN architecture 

for real-time Speech Emotion Recognition, designed using 

Conv2D blocks with batch normalization and global average 

pooling to minimize computational overhead while 

maintaining strong classification accuracy. Compared against 

an existing ANN baseline, the proposed Lightweight CNN 

model improved test accuracy from 54.86% to 75.70% and 

weighted F1-score from 0.55 to 0.78, while also showing 

substantially reduced overfitting, as evidenced by validation 

accuracy tracking closely with training accuracy across 30 

epochs. Real-time validation on both a dataset sample and live 

microphone input confirmed the feasibility of deploying the 

proposed system for real-time, on-device emotion recognition.  

 

Future work includes extending the model with 

attention mechanisms to better capture temporally salient 

emotional cues, applying quantization and pruning for further 

compression, improving robustness on the calm–sad–neutral 

and surprised–fearful confusion pairs through targeted 

augmentation, evaluating cross-corpus and cross-lingual 

generalization, and integrating multimodal cues (e.g., facial 

expression) to improve robustness in real-world, noisy 

environments. 
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