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ABSTRACT: Speech Emotion Recognition refers to the study of how we can recognize different emotional states 

through spoken words.   Neuromorphic Computing relates to artificial neural networks designed to mimic biological 

neural circuits or function like biological brains.  Spiking Neural Networks (SNNs) relate to artificial neural networks 

with discrete time representations of activity (i.e., the "spike" of an action potential).  Spiking Convolutional Neural 

Network (SCNN) relates to SNNs which utilize convolutional layers to analyze spatially localized input patterns.  

Leaky Integrate-and-Fire (LIF) Neuron Model relates to a biologically inspired neural network model that uses LIF 

neurons.  Mel-Frequency Cepstral Coefficients (MFCC) relates to a type of audio feature extraction that represents 

frequency components of audio in mel-frequency space.  Audio Feature Extraction relates to extracting specific types 

of features from audio to be used as input to machine learning algorithms.  Spike-Based Learning relates to how neural 

networks learn from data when they use spikes to communicate.  Temporal Signal Processing relates to signal 

processing techniques that take advantage of temporal relationships in signals.  Event-Driven Computation relates to 

computing approaches where computation occurs only when events occur (e.g., spikes).  Human–Computer Interaction 

relates to the design and engineering of interfaces that allow humans to interact with computers.  Real-Time Emotion 

Detection relates to detecting emotional states in real-time from people's speech.  Brain-Inspired Artificial Intelligence 

relates to AI systems that are designed to behave similarly to biological brains. 

 

KEYWORDS: Speech Emotion Recognition, Neuromorphic Computing, Spiking Neural Networks, Spiking 

Convolutional Neural Network (SCNN), Leaky Integrate-and-Fire (LIF) Neuron Model, Mel-Frequency Cepstral 

Coefficients (MFCC), Audio Feature Extraction, Spike-Based Learning, Temporal Signal Processing, Event-Driven 

Computation, Human–Computer Interaction, Real-Time Emotion Detection, Brain-Inspired Artificial Intelligence. 

 

I. INTRODUCTION 

 

Speech is also an intuitive method of communicating emotions through the use of non-verbal vocalizations such as 

voice volume, pitch and rate of delivery. As such, it may be possible to recognize emotional states from speech data 

without relying on content analysis. Emotional recognition systems can be based on the application of machine learning 

or deep learning models to continuous speech signals, although these systems typically consume large amounts of 

computational resources. However, it is possible to implement these types of systems using neuromorphic processors, 

which are designed to mimic the function of biological nervous systems.  
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Spiking Neural Networks (SNNs) are particularly well-suited to the task of recognizing emotions in speech because 

they process and analyze time series data, and because their processing paradigm closely resembles the way in which 

the human nervous system processes sensory input. Therefore, a speech-based emotional state classification system 

utilizing an SNN would utilize a combination of speech processing techniques and neuromorphic principles. The first 

step would be to pre-process the speech signal to reduce noise and to normalize the audio quality. The next step would 

be to extract acoustic features from the pre-processed speech signal to identify the emotional characteristics of the 

original signal. Finally, the extracted feature sets would be converted to spike train formats so that they could be 

analyzed by an SNN model. The SNN model would analyze the timing and firing patterns of the spike trains to make 

classifications of the speaker's emotional state. 

 

Therefore, the objective of this project is to develop and test an SNN-based speech emotion recognition system that 

uses both speech processing and neuromorphic paradigms to create an efficient and effective method for classifying 

speakers' emotional states from speech signals. 

 

By integrating speech feature extraction with spiking neural computation, the proposed system aims to achieve both 

accuracy and energy efficiency. This makes it suitable for real-time applications, portable devices, and next-generation 

intelligent systems. The study highlights how biologically inspired computing can bridge the gap between advanced 

emotional intelligence and practical, low-power implementation in modern technology. 

 

II. RELATED WORK 

 

The proposed system utilizes biologically-inspired computing to integrate speech feature extraction with spiking neural 

computation to enable both low power consumption and high accuracy, making this type of system suitable for use in 

real-time applications, portable devices, and next generation intelligent systems. The work described in this study 

exemplifies the ability of biological inspiration to link the theoretical development of advanced emotional intelligence 

to practical implementations that are also lowpower. 

 

 Emotion recognition has grown significantly over the last 20 years from unimodal analysis to more complex 

multimodal frameworks. Early emotion recognition research primarily focused on single sources of information, 

including speech, facial expressions, and/or textual cues. Speech based emotion recognition systems typically used 

acoustic feature extraction methods to determine features such as pitch, energy, and Mel-Frequency Cepstrum 

Coefficients (MFCCs) that were then used in traditional machine learning classification methods including Support 

Vector Machines (SVM) and Hidden Markov Models (HMM). Although the unimodal methods showed great promise 

when tested in controlled conditions, they performed poorly in real world scenarios due to noise, speaker variability, 

and contextual ambiguity. 

 

  As deep learning progressed, Convolution Neural Networks (CNN) became an increasingly important tool in 

extracting higher level representations from visual data, particularly from facial expressions. Recurrent Neural 

Networks (RNNs) and Long-Short Term Memory (LSTM) networks also improved the modeling of temporal 

dependencies in speech and video sequences. These models allowed for better capturing of dynamic emotional patterns 

over time instead of just relying on static snapshots. However, even though the capabilities of unimodal systems have 

been improved, there is still a significant challenge to overcome; that being that unimodal systems will always be 
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limited by the potential for incomplete or ambiguous signals. Thus, there is a growing consensus to develop multimodal 

emotion recognition systems. 

 

Multimodal Emotion Recognition Systems To address the above-mentioned limitations, the Multimodal Emotion 

Recognition (MER) systems began to be developed. MER combines multiple information sources, including speech, 

vision and text to provide improved robustness and accuracy. Early Fusion is one strategy for combining multiple 

modality features together at the input level, Late Fusion is another strategy, which integrates decisions from multiple 

independent models at the output level. Hybrid Fusion Strategies combine the benefits of both, providing flexibility 

while enabling cross-modal interactions. The majority of research studies demonstrated that multimodal systems 

perform better than single-modality systems, especially in noisy or complex environments. 

 

The most recent developments in the area of emotion recognition show a trend toward using Transformer-based 

Architectures and Attention Mechanisms for Cross-modal Learning. Transformer-based Models can learn contextual 

relationships between modalities, which enables the model to attend to the emotionally relevant parts of the input in 

each modality. In addition to improving performance with Transformer-based Models, integrating physiological 

signals, such as EEG, ECG and Wearable Sensor Data, into emotion recognition expands the scope of research. This 

multimodal extension aims to emulate how humans perceive emotions through the integration of multiple senses. 

 

Reviews of the field have identified several challenges currently being addressed by researchers, including; cross-

corpus generalization, dataset imbalance, model interpretability and computational efficiency. As researchers continue 

to explore lightweight architectures for use in real-time emotion-aware applications in Health Care, Education, Human-

Robot Interaction etc., they also stress the importance of developing systems that will not only perform well (high 

accuracy), but will also be able to adapt to various cultural and linguistic contexts. 

 

Related studies demonstrate a consistent evolution from traditional machine learning models to deep multimodal 

models, and then to Transformer-based models. Although significant advances have been made in this area, the field 

continues to evolve toward more biological inspiration, adaptability, and more efficient use of resources in Emotion 

Recognition Frameworks. 

 

III. EXISTING SYSTEM 

  

The current architecture employed in our project draws from the architecture of the HPCNeuroNet platform that was specifically 

developed for the neuromorphic processing of auditory signals. In addition to utilizing Spiking Neural Networks (SNN) to perform 

efficient processing of audio signals, this architecture also employs Transformer-based attention mechanisms, high-performance 

computing platforms and is focused primarily on the enhancement and denoising of audio signals in situations requiring low-latency 

and/or energy-efficient performance. 

 

Raw audio waveforms are first converted into their time-frequency representations via use of the Short-Time Fourier 

Transform (STFT) and these time-frequency representations are then inputted to the Transformer layers for self-

attention based identification of relevant patterns and relationships within the audio sequence. The Transformer layers 

are able to identify both short-term and long-term relationships within the audio sequence. 

 

Following Transformer-based processing, the output data is converted into spike-trains by using spike-train encoding 

techniques. The spike-trains are then inputted into Spiking Neural Networks that communicate using discrete events 

similar to those used by biological neurons. Since they utilize discrete events instead of continuous-valued inputs, 

SNN's make them suitable for the analysis of temporal signals and can be implemented on low-power hardware. 

Following processing by the SNN's, the spike-train outputs are converted into an audible signal using the Inverse Short-

Time Fourier Transform (ISTFT). 
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One of the main advantages of the current architecture is its ability to be implemented in various hardware forms. 

Current implementations have utilized CPU's, GPU's, and most notably, Field Programmable Gate Arrays (FPGA's) in 

order to increase the overall throughput and reduce the amount of power consumed. The parallel-processing capabilities 

of FPGA's enable the architecture to process large amounts of audio data quickly and at very low latencies. Most often, 

the performance of the architecture is measured using signal-quality metrics such as Signal-to-Noise Ratio (SNR) in 

combination with computational metrics such as throughput and energy-efficiency. 

 

The existing framework is mostly focused on improving the quality of audio (for example, by removing noise) and 

enhancing computing performance. However, the main emphasis was on the general aspects of speech recognition. The 

current system has a good base for implementing neuromorphic processing for audio; however, our project expands 

upon this idea and focuses on speech emotion recognition by developing spike based processing to extract and classify 

emotional characteristics of speech, which include changes in intensity, tone, and pitch, rather than just improve the 

quality of the audio. 

 

IV. PROPOSED SYSTEM 

 

The proposed system uses a neuromorphic framework to recognize speech emotions using a spiking convolutional 

neural network (scnn). Unlike artificial neural networks that use continuous activation to process information, the 

proposed model utilizes a discrete event processing strategy of spike events similar to biological neurons to better 

understand the temporal properties of emotional speech.  

  

The proposed SCNN architecture integrates conventional convolutional layers to perform the extraction of features 

from speech, and Leaky Integrate-And-Fire (lif) spiking neurons to make decisions temporally. The proposed model 

was developed to analyze speech, transform it into a spike representation, and utilize the pattern of spikes to determine 

an individual's emotional state across multiple time steps.  Speech inputs to the proposed method are processed using 

preprocessing, and the resulting acoustic features are transformed into meaningful features such as mfcc, chroma, mel 

spectrogram, and spectral contrast. Following transformation, the features are normalized and processed using the 

convolutional layers to generate higher level representations of the data. The results of this step are processed through 

spiking neuron layers simulating the accumulation of membrane potential and the generation of action 

potentials/spikes. 
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Each of the output neurons produces a spike train that represents a particular type of emotional class. To determine 

which emotion will be represented, we simply count how many spikes each of the output neurons has fired during a 

specific number of time steps. The emotion with the most spikes at the end of this process is what will be classified as 

the user's current emotional state in this system.  The primary focus of this project was developing an algorithm capable 

of accurately identifying an emotion from an audio input source.  

 

 
 

This project does not attempt to enhance all aspects of audio, but instead only attempts to classify emotions based upon 

audio inputs.This could be very useful for real time applications, such as Human Computer Interaction (HCI), Mental 

Health Monitoring Systems, or Assistive Communication Systems. 

 

V. METHODOLOGY 

 

The overall framework for the speech emotion recognition system includes an integrated pipeline that involves the use 

of both audio signal processing techniques, and neural computational models based upon artificial neurons with spiking 

dynamics. First, the initial step of collecting speech samples is accomplished by categorizing these samples according 

to pre-defined emotional states such as calm, happy, fearful, disgusted, sad, and angry. Next, every speech sample is 

resampled at a uniform sampling frequency so that there is no variation among the samples in the dataset. Once this is 

done, basic preprocessing tasks such as normalizing the samples, and adding zero values to pad samples so they are 

dimensionally equivalent are performed on the feature representation of each sample prior to feeding them into the 

neural network. 

 

 
 

Following the preprocessing stage, relevant acoustic information is extracted from each speech signal. The system uses 

an ensemble approach to provide multiple feature types representing different aspects of the speech signal such as Mel-

Frequency Cepstral Coefficients (MFCC), Chroma features, Mel Spectrograms, and Spectral Contrast. These 

representations can capture different acoustic properties that are commonly found when people express emotions 

through their speech such as tone, spectral characteristics, and amplitude changes. The resulting feature matrices are 

then padded or truncated to ensure that the input size to the model is consistent for training purposes. 

 

The features are also normalized using the mean and standard deviation computed from the training set to help stabilize 

the model's learning process. After the feature tensors are normalized, they are sent into the Spiking Convolutional 

Neural Network (SCNN) for processing.. Normalized feature tensors are fed into the Spiking Convolutional Neural 

Network (SCNN) to be processed by the SCNN. The architecture of SCNN is designed as follows; convolutional layers 

first function as a non-spiking feature extractor. Through convolution and pooling layers, these layers extract spatial 
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and spectral information from input features to reduce the size of feature vectors while maintaining the most salient 

emotional cues. 

 

The high-level feature representation data was then inputted into layers of spiking units made up of Leaky Integrate-

and-Fire (LIF) neurons. LIF neurons are different than typical artificial neurons. LIF neurons store membrane potential 

for extended periods of time and fire at specific times when their membrane potential reaches a certain level. Since this 

network processes information over several time steps, it has the capability to capture temporal features of emotions in 

spoken words. At each time step, spikes are generated and recorded from the output layer. 

 

At the end of processing, the total number of spikes from the output layer for each emotion class are calculated by 

summing the total number of spikes generated during each time step for the output layer. The emotion with the most 

spikes is considered to be the predicted emotion.  

 

A cross entropy loss function is used to train the model, which also uses an Adam Optimizer to improve its ability to 

make accurate predictions of emotion based on the patterns of spikes produced in the output layer. Once the model has 

been trained, it can be placed within a user interface which will allow users to upload audio or record live audio, and 

predict the emotion expressed within that audio. By utilizing both spectral characteristics and temporal spike patterns, 

the model is able to accurately classify emotions from audio input. 

 

VI. ALGORITHMS USED 

 

The proposed system uses a structured procedure combining speech signal processing and spike-based neural 

processing to recognize emotions from spoken language. The procedure for emotion recognition begins with acquiring 

a speech signal from a data set or through real-time recording. The acquired audio is then sampled at a constant 

sampling frequency so that all signals have the same number of samples. After the speech is sampled, multiple acoustic 

characteristics are derived from the signal such as Mel-Frequency Cepstral Coefficients (MFCC), chroma 

characteristics, Mel spectrogram characteristics and spectral contrast characteristics. Together these characteristics 

represent many aspects of emotional expression such as tone, spectrum, and intensity of the speech signal. The 

characteristics are then padded or truncated to provide an input size that is consistent, and normalized using the mean 

and standard deviation of the training data set to stabilize the learning process. 

 

The normalized feature matrix is passed through a series of convolutional layers. Convolutional layers are used as non-

spiking feature extractors; they perform convolution and pooling operations to increase the level of abstraction of the 

learned representations of speech patterns while decreasing the dimensionality of the representation. The flattened 

output from the convolutional layers is fed into a spiking classification layer composed of leaky integrate-and-fire (LIF) 

neurons. In this layer, the network processes the input signal over multiple time-steps, and at each time-step the 

membrane potential of the neurons accumulate input current and decay according to a leakage factor. Once the 

membrane potential reaches a predefined threshold, the neuron fires a spike and resets its membrane potential. This 

spike-based behavior enables the model to characterize the temporal behavior of emotionally expressed speech. 

 

 
 

VII. EXPERIMENTAL RESULTS 

 

The experimental phase of this study demonstrates the effectiveness of a hybrid spiking convolutional neural network 

(SCNN) for the identification of human emotion using vocal cues. As opposed to other approaches that have treated the 
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processing of spoken language as a static input or a sequence of inputs, a neuromorphic approach is used in the 

proposed system; therefore, the processing of the speech signal as a dynamic temporal event can occur. The 

methodology proceeds with an initial step to transform the audio signal into a 187-dimensional feature space. This 

feature space includes the Mel Frequency Cepstral Coefficients (MFCCs), and the Harmonic Chroma features, both of 

which are representative of human auditory perception. The feature values represent a continuous "current" that drives 

the LIF neurons during the 30 discrete time steps of processing. The SCNN thus enables the accumulation of evidence 

on each of the individual features, and a spike is fired only when the cumulative evidence exceeds a threshold value 

representing the intensity of the emotion expressed through the speech. This aspect of the SCNN reflects the rhythmic 

and fluctuating nature of the human speech signal. 

 

                 
 

The The model was trained to identify emotion over 150 iterations using the RAVDESS dataset with six basic 

emotional states (anger, disgust, fear, happiness, sadness and calm). Training and test accuracy improved 

simultaneously, showing that the model was identifying the "universal signature of emotion", as opposed to simply 

memorizing the voice of each subject. Spike Raster analysis revealed distinctive visual "fingerprints" of emotional state 

by virtue of the pattern of firing. High arousal states such as 'Anger', 'Fear', etc., produced high density, rapidly firing 

patterns, whereas low arousal states ('Calm', 'Sad', etc.) were characterized by sparse, rhythmic spike trains. These 

findings indicate that the network has successfully encoded the intensity of an emotion into the temporal characteristics 

of the neural spikes. 

 

                        
 

The high-confidence (often > 80%) real-time predictions were consistent in the Streamlit dashboard testing 

environment and the system experienced little to no latency. These results indicate that the proposed neuromorphic 

architecture can provide a low power, fast, real-world applicable method for many use cases including but not limited 

to; monitoring an individual's mental health or providing a responsive interface to a user. Using CNNs for spatial 

pattern recognition and using spiking neurons for timing accuracy, this approach is more biologically grounded than 

traditional methods of recognizing patterns in data and may be able to create a more empathetic, efficient form of 

machine intelligence. 
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VIII. CONCLUSION 

 

The alternative method for interacting with a computer system described in this paper is accomplished through the 

implementation of a virtual mouse, which is controlled by the user’s hand movements and processed using artificial 

intelligence (AI). This AI-based virtual mouse allows the user to interact with a computer system in a touch-free 

manner through hand gestures and provides the capability to have real-time HCI. The hardware required for this system 

consists of a standard webcam for capturing images from the camera, OpenCV for processing the captured video 

images, and MediaPipe Hands for detecting landmarks on the hand images. These landmarks allow for somewhat 

intuitive control of the system, while at the same time providing the ability to control the computer system without the 

need for traditional input devices. The proposed system achieves stable and responsive interaction with the computer 

system through the use of lightweight geometric gesture recognition techniques in conjunction with an EMA-based 

cursor smoothing technique. Additionally, the proposed system includes a single-user session control feature to prevent 

interference with other users’ gestures when two or more users are located within the same spatial environment, 

enhancing both the usability and reliability of the system. 

 

The results from the experiments indicated that the cursor moved smoothly, the gesture was recognized accurately and 

with low delay. Potential future work could include developing gesture calibration methods, improving the systems 

robustness to varying lighting conditions and implementing customized mapping of specific gestures to achieve a 

higher level of performance. 

 

REFERENCES 

 

[1] J. K. Eshwarappa and G. Orchard, “spiking Neural Network Torch (snntorch): a software library for training deep 

Spiking Neural Networks on commodity hardware,” arXiv preprint arXiv:2110.00840, 2021.  

[2] A. Paszke et al., “pytorch: an imperative-style, high-level deep learning library,” Advances in Neural Information 

Processing Systems (NeurIPS), Vol. 32, 2019.  

[3] S.R. Burkert, “Speech Emotion Recognition using Spiking Neural Networks and Leaky Integrate-and-Fire (LIF) 

Neurons,” [Your Institution/Project Repository], 2025. (You can insert your actual project title and name here.)  

[4] L. van der Maaten and G. Hinton, “Visualizing Data Using t-SNE,” Journal of Machine Learning Research, Vol. 9, 

2579 – 2605, 2008. (If you’re using t-SNE to visualize your emotion clusters.)  

[5] Y. Gao, Y. Sandamirskaya, and G. Indiveri, “A Spiking Neural Network Model of Auditory Feature Extraction and 

Analysis,” Frontiers in Neuroscience, Vol. 13, 424, 2019.  

[6] M. Zhang et al., “A Survey of Neuromorphic Computing and Spiking Neural Networks: Advancing Toward 

Biological Efficiency,” IEEE Press, 2022. (To support your use of LIF neurons to achieve efficiency.)  

[7] J. Wu, Y. Chua, M. Zhang, G. Li, H. Li, and K.C. Tan, “Deep Spiking Convolutional Neural Network for Single-

Channel Speech Separation,” Frontiers in Neuroscience, Vol. 12, 945, 2019.  

[8] F. Pedregosa et al., “scikit-learn: machine learning in python,” Journal of Machine Learning Research, Vol. 12, 

2825 – 2830, 2011. (Standard reference for your confusion matrix and accuracy metrics.)  

[9] L.N. Smith, “a disciplined approach to neural network hyper-parameters: part 1 — learning rate, batch size, 

momentum, and weight decay,” arXiv preprint arXiv:1803.09820, 2018. (Relevant for the training loop and optimizer 

settings we covered.) 

 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

   8.379 

 

 

 

 

 

 

     


	K.Sandya Rani, Hasansabugari Ayas, Madhavaram Joseph Babu, Kancham Sunil Reddy, Ambaldage Chandra Vignesh
	Assistant Professor, Department of Artificial Intelligence, G. Pullaiah College of Engineering and Technology, Kurnool, Andhra Pradesh, India
	Student, Department of Artificial Intelligence, G. Pullaiah College of Engineering and Technology, Kurnool,  Andhra Pradesh, India
	Student, Department of Artificial Intelligence, G. Pullaiah College of Engineering and Technology, Kurnool,  Andhra Pradesh, India
	Student, Department of Artificial Intelligence, G. Pullaiah College of Engineering and Technology, Kurnool,  Andhra Pradesh, India
	Student, Department of Artificial Intelligence, G. Pullaiah College of Engineering and Technology, Kurnool,  Andhra Pradesh, India
	ABSTRACT: Speech Emotion Recognition refers to the study of how we can recognize different emotional states through spoken words.   Neuromorphic Computing relates to artificial neural networks designed to mimic biological neural circuits or function l...
	I. INTRODUCTION
	II. RELATED WORK
	V. METHODOLOGY
	VII. EXPERIMENTAL RESULTS
	VIII. CONCLUSION
	REFERENCES

