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Abstract

Reservoir Computing (RC) presents a promising pathway for efficient tem-

poral signal processing, yet its application in audio has largely been confined

to the role of a classifier. This perpetuates reliance on the conventional,

multi-stage audio processing pipeline, where computationally expensive time-

frequency transformations like Mel-Frequency Cepstral Coefficients (MFCCs)

remain a bottleneck. This inefficiency limits the deployment of audio systems

in real-time, low-power scenarios. In this work, we fundamentally redefine

the use of RC for audio by introducing a unified framework that collapses

the entire traditional pipeline. We demonstrate that a single reservoir can

be configured to function not only as a classifier but also as a powerful fea-

ture extractor, operating directly on raw audio waveforms in the time do-

main. Specifically, we show the reservoir’s high-dimensional dynamics can

be trained to mimic conventional MFCC extraction, and generate equivalent

features without the need for domain transformations. Our results confirm

that this integrated approach successfully enables end-to-end time-domain

processing from raw audio to classification, significantly reducing computa-

tional complexity and latency. This work establishes RC as a versatile and

efficient alternative for audio processing, paving the way for its integration

into next-generation technologies for embedded systems, and real-time speech

interfaces.
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1
Introduction

The relentless progress of conventional computing architectures, while revolu-

tionary, is approaching fundamental physical and theoretical limitations that

necessitate exploration of alternative computational paradigms. As we reach

the atomic limits of semiconductor technology, the scientific community faces

three critical challenges that motivate the transition towards unconventional

computing approaches.

First, Moore’s Law reveals inherent constraints in transistor scaling, where

quantum effects and thermal management issues prevent further miniaturiza-

tion while maintaining reliable performance (10). Second, the Von-Neumann

bottleneck, i.e., the inherent latency and energy inefficiency caused by sep-

arating memory and processing units, becomes increasingly problematic for

data-intensive applications (11). Third, there exists a growing performance

mismatch between conventional architectures and emerging computational

needs in artificial intelligence, real-time processing, and complex system mod-

elling (12).

Biological systems demonstrate remarkable capabilities that highlight

these limitations. The human brain, for instance, performs complex pat-

tern recognition and adaptive learning with an energy efficiency orders of
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magnitude superior to digital processors. In contrast to natural systems,

which routinely solve optimization problems and process noisy, uncertain

information with ease, such tasks push conventional computing approaches

beyond their limits.

These observations have spurred interest in alternative computing paradigms

that leverage: novel physical substrates (quantum, optical, or molecular

systems), Brain-inspired architectures (neuromorphic and Reservoir Com-

puting) (13), Complex dynamical systems (chaotic and emergent computa-

tion) (12). Such unconventional approaches offer potential solutions to cur-

rent limitations through inherent parallelism, energy-efficient computation,

and natural tolerance to noise and variability (14).

Reservoir Computing (RC) is an emerging paradigm in unconventional com-

puting that offers a simplified yet powerful approach to processing temporal

data. Inspired by recurrent neural networks (RNNs), RC utilizes a fixed,

randomly interconnected “Reservoir” of nodes, where only the output layer

needs to be trained (15). This architecture eliminates the need for com-

putationally expensive Back-Propagation Through Time (BPTT), making

RC highly efficient for real-time applications. The inherent dynamics of a

reservoir allow it to naturally capture temporal dependencies, which is partic-

ularly beneficial for audio and speech processing. Given its low training cost

and compatibility with hardware implementations, RC presents a promis-

ing alternative to traditional deep learning methods, especially in scenarios

requiring energy efficiency and rapid inference (12).
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1.1. Motivation

Modern computing systems built on Von Neumann architecture and digi-

tal logic face significant challenges when dealing with real-world cognitive

tasks (11). While they perform exceptionally well at executing precise math-

ematical operations, they struggle with processing sensory data, pattern

recognition, and adaptive learning tasks that biological systems handle effort-

lessly (13). This efficiency gap has motivated the exploration of bio-inspired

computing paradigms that move beyond traditional digital logic.

The human brain serves as a powerful inspiration, demonstrating remark-

able computational efficiency through massively parallel networks of neurons

that process continuous analogue signals (16). This biological architecture

enables real-time perception and learning with minimal energy, capabilities

that remain challenging for conventional computers to replicate (17). Rather

than executing programmed algorithms sequentially, the brain’s operation

suggests that computation can be viewed as an emergent property of a phys-

ical system’s dynamics (18).

This insight underpins the field of neuromorphic (brain-inspired) com-

puting, which seeks to replicate the brain’s information processing principles

in hardware and software. Neuromorphic systems are a leading example of

unconventional computing—a paradigm that exploits the natural physics of

a system to perform computations— often maintaining information in its

native, non-binary form (19). This thesis explores the principles of neural

networks, tracing their inspiration from biological computation to their im-

plementation as a powerful tool for overcoming the limitations of conventional
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computing architectures (12).

In recent years, the landscape of temporal signal and audio processing

has been radically transformed by the emergence of deep attention-based

architectures, most notably Transformers (20) and Large Audio-Language

Models (LLMs) (21). Frameworks like Whisper (22), AudioLM (23), and

Wav2Vec 2.0 (24) leverage massive multi-head self-attention mechanisms

to learn high-quality contextual representations directly from audio data,

achieving state-of-the-art performance across speech recognition, synthesis,

and acoustic scene classification tasks. However, these modern AI architec-

tures come with severe computational bottlenecks. They require massive

parallel hardware infrastructures, huge parameter footprints, and intense

memory bandwidth during inference. This reliance makes the deployment

of transformers highly impractical for low-power, edge-based, and real-time

streaming scenarios. This technological constraint underscores the critical

necessity for efficient alternative paradigms like Reservoir Computing (RC),

which can capture complex high-dimensional temporal dynamics without the

prohibitive training overhead and parameter scale of transformer-based sys-

tems (25).

One of the key advantages of RC in audio processing is its ability to

process temporal sequences with minimal training overhead. Unlike tradi-

tional RNNs, which require extensive parameter tuning, RC leverages a fixed

reservoir that projects input signals into a high-dimensional space, where

simple linear regression can be used to train the readout layer (15). This

approach significantly reduces computational complexity while maintaining

competitive performance in tasks like speech recognition and sound classifi-
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cation (26). Moreover, the reservoir’s dynamic properties enable it to sep-

arate useful signal features from noise, enhancing robustness in real-world

environments (27). These characteristics make RC particularly suitable for

applications such as hearing aids, voice-activated devices, and real-time au-

dio analysis systems (28).

A critical area of exploration is the implementation of RC in physical hard-

ware (29), (30), which could revolutionize energy-efficient audio processing.

Delay-based reservoirs (31), for example, use a single non-linear node with

delayed feedback to emulate the behaviour of a large recurrent network, dras-

tically reducing hardware complexity (6). Memristor networks (32), which

rely on nanoscale resistive memories, offer another promising avenue by en-

abling analogue computation with minimal power consumption (33). Pho-

tonic reservoirs (34), leveraging light-based signal processing, could further

accelerate real-time audio applications due to their inherent parallelism and

speed (35), (36). By simplifying audio signal processing for these hardware-

compatible reservoirs, researchers can contribute to the development of next-

generation, low-power devices capable of human-like auditory performance.

Ongoing investigations into RC’s potential in audio signal processing aim to

address the limitations of current technologies while paving the way for in-

novative solutions. By combining the efficiency of Reservoir Computing with

advancements in neuromorphic engineering, future systems could achieve

real-time, energy-efficient audio processing that rivals biological systems (13).

This research not only advances the field of unconventional computing but

also holds significant implications for healthcare, consumer electronics, and

industrial applications where reliable, low-power audio processing is essen-
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tial (17). As the field progresses, the integration of hardware reservoirs with

machine learning techniques may unlock new possibilities in audio signal

processing.

1.2. The Reservoir Computing Paradigm

Reservoir Computing takes its conceptual roots from recurrent neural net-

works (RNNs), which are known for their ability to process temporal data

by maintaining an internal state that evolves over time (37). However,

training traditional RNNs is computationally expensive due to the chal-

lenges of back-propagation through time and vanishing gradients (38). Reser-

voir Computing circumvents these difficulties by adopting a unique architec-

ture where only the output layer is trained, while the reservoir—a fixed,

high-dimensional dynamical system—remains untrained (39). This reservoir

serves as a complex, non-linear transformation of the input data, projecting

it into a higher-dimensional space where linear separation becomes feasi-

ble (40). The elegance of RC lies in its simplicity: rather than optimizing

every component of the network, it leverages the natural computational prop-

erties of the reservoir itself, whether implemented in software, hardware, or

even biological substrates (14).

The versatility of Reservoir Computing is evident in its wide range of

implementations. In its classical form, echo state networks (ESNs) and liquid

state machines (LSMs) use randomly connected artificial neurons to create

the reservoir (39), (40). More recently, researchers have demonstrated that

physical systems, such as optical cavities (35), memristive devices (33), or

even water droplets (41), can function as reservoirs when exploiting their
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intrinsic dynamics for computation. This shift toward physical Reservoir

Computing opens new possibilities for ultra-fast, low-power computing in

edge devices and embedded systems (14). Furthermore, RC has proven highly

effective in tasks requiring temporal memory and prediction, including speech

recognition (26), robotic control (25), financial forecasting (42), and even

modelling chaotic systems (15).

As we delve deeper into the principles and applications of Reservoir Com-

puting, it becomes clear that this paradigm offers a unique combination of

efficiency, scalability, and biological plausibility (43), (18). While RC is tra-

ditionally celebrated for its theoretical efficiency, its most compelling applica-

tion lies in the real-time processing of high-dimensional temporal signals (44).

In the context of end-to-end audio processing, RC offers a path toward low-

latency feature extraction and classification without the prohibitive training

costs of standard recurrent architectures. However, the transition from sym-

bolic audio representations to raw signal processing necessitates a deeper un-

derstanding of the Reservoir. This work explores how RC can be optimized

for audio signal processing, aiming to develop a framework that maintains

high accuracy within an end-to-end pipeline.

1.3. Research Hypothesis and Objectives

Effective audio processing is increasingly essential for many modern tech-

nologies, including communications, computerized speech transcription and

translation, speaker verification etc. (45).

The majority of contemporary audio processing entails translating audio

signals to the frequency-domain. Most of these translations eliminate the
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time information in the signal and introduce limitations like the irreversible

loss of precise time-localized features during Fourier transformations, which

significantly hinders tasks that require precise temporal alignment (46), and

significant computational overhead from repeated domain conversions. These

drawbacks limit neural networks’ capacity to extract the best representa-

tions straight from unprocessed waveforms, and they also require significant

resources for pre-processing instead of core model optimization.

A prevalent approach in audio analysis is the extraction of Mel Frequency

Cepstral Coefficients (MFCC). The core strength of MFCCs lies in their bi-

ological relevance, and the filtering process is specifically designed to mimic

the human auditory system, which perceives frequency non-linearly. The

standard MFCC extraction process involves multiple computationally de-

manding stages: pre-emphasis and framing of the input signal, followed by

Fourier Transformation through FFT, application of Mel-scale Filter-Banks,

logarithmic compression, and finally Discrete Cosine Transform to produce

the cepstral coefficients (47). Research indicates this conventional approach

requires significantly more computational resources (48).

More than half of the processing time is spent on the FFT and Mel-Filter-

Bank procedures alone. The repeated domain conversions not only increase

latency but also create memory bottlenecks, particularly for real-time ap-

plications (49). This complexity has motivated us to explore time-domain

alternatives that could potentially replicate MFCC-like features, so that the

process is simplified and the burden of calculating extra time dependent co-

efficients is avoided.

The utility of neural networks in the audio signal processing domain has
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been explored for a long time, since it is a complex task. Reservoir frame-

works present an opportunity here, because the burden of training is reduced

as it is limited to the readout. It is possible to solve several tasks with a single

input by adding multiple readouts to a single reservoir (50). Hence, multi-

tasking can be efficiently or effectively employed using reservoirs. The echo

state property of a reservoir gives the system memory so that it can process

time series (51). The fading memory property of a reservoir allows the sys-

tem not to saturate. Furthermore, the reservoir has the ability to perform

non-linear transformations (52). All these qualities of a reservoir show that

it is a suitable fit for temporal signal processing (53).

Based on the aforementioned RC properties, this work aims to integrate

reservoir dynamics directly into the audio processing chain to minimize pre-

processing overhead, leading to the formulation of the following hypotheses:

1.3.1. Hypothesis

Hypothesis An end-to-end Reservoir Computing approach is capable of

performing all signal processing functions within an audio processing system,

including feature extraction and classification.

Sub-Hypothesis 1 (Ch4): A Reservoir based classifier achieves com-

parable performance to conventional classifiers using MFCC features.

Sub-Hypothesis 2 (Ch5): Reservoir Computing can successfully repli-

cate key MFCC features, simplifying the feature extraction process exploiting

time-domain operation.

Sub-Hypothesis 3 (Ch6): The effectiveness of Reservoir-based feature
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extraction can be improved by training it on MFCC-inspired convolutions.

Sub-Hypothesis 4 (Ch7): A Reservoir-based architecture, operating

directly on the raw audio waveform, can capture sufficient discriminative

acoustic information, eliminating the need for separate feature extraction

stage.

1.3.2. Research Objectives

Objective 1: To implement the RC-based practical applications (e.g., speech

recognition, speaker identification) utilizing standard MFCC inputs and eval-

uate the performance metrics (e.g., accuracy, NRMSE), establishing a per-

formance baseline for reservoir-based audio processing.

Objective 2: To engineer the Reservoir Computing system parameters,

so that it can extract audio features (MFCC) in the time domain from the raw

waveform input, demonstrating the reservoir’s capacity to encode complex

acoustic characteristics without explicit frequency-domain transformations.

Objective 3: To develop a reservoir-based MFCC inspired convolution

feature, compare its’ performance against the conventional MFCC pipeline

and to validate its ability in capturing transient acoustic information.

Objective 4: To evaluate the feasibility of a unified reservoir architecture

that operates on raw audio that autonomously extract salient information

from raw waveforms and successfully execute classification tasks without the

intervention of traditional feature extraction techniques.

Objective 5: To utilize Echo State Networks (ESNs) as a scalable frame-

work for neuromorphic audio processing. By leveraging their inherent time-

domain dynamics, this research provides a direct pathway for translating



1.4 Contributions 11

energy-efficient, real-time speech recognition onto neuromorphic hardware,

moving closer to the goal of neuromorphic hearing.

1.4. Contributions

Throughout the process of this work, several key contributions have been

made to the academic discipline of audio signal processing with Reservoir

Computing:

• Evaluating the reservoir’s Efficacy as a Novel Audio Feature

Extractor: This work rigorously proves the ability of the Reservoir

Computing system (specifically the ESN) to function as a high-quality,

non-linear audio feature extractor. This validation establishes a new

paradigm for feature generation outside of conventional deep neural

networks and signal processing toolkits.

• Development of Pure Time-Domain Audio Features: We suc-

cessfully developed and validated a set of novel Audio Features in the

Time Domain by leveraging Reservoir Computing. This methodol-

ogy fundamentally bypasses all intermediate domain conversions (e.g.,

FFT, DCT, Mel-Filter Banks), thus solving the primary challenge of

computational overhead and latency associated with traditional frequency-

domain feature pipelines.

• Demonstration of End-to-End, Low-Complexity Audio Pro-

cessing: This research proves the efficacy of using a simple Echo

State Network (ESN) as a complete feature extraction pipeline, thereby

achieving end-to-end audio processing. This significantly simplifies the
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overall audio processing architecture, eliminating the need for expen-

sive pre-processing.

• Validation as a Computationally Lean Alternative to MFCCs:

We validated the ability of the reservoir based features to achieve

competitive performance in downstream tasks. This demonstrates the

potential of time-domain Reservoir Computing as a lightweight, low-

complexity alternative to resource-intensive frequency-domain meth-

ods, simplifying the audio processing pipeline.

• Development of a Parameter-Lean and Streamlined Architec-

ture: The proposed model utilizes a fixed-weight reservoir with a min-

imal number of neurons, significantly reducing the volume of trainable

parameters and the associated optimization overhead. This provides a

functional alternative to conventional deep learning models, which typ-

ically rely on massive datasets and extensive gradient-based updates

across high-dimensional parameter spaces.

• Simultaneous Mapping of multiple Acoustic Coefficients within

a Single Reservoir Framework By leveraging the rich dynamical

states of Reservoir Computing, we established a single, fixed reservoir

capable of driving 14 independent, parallel readout layers. This archi-

tecture enables the simultaneous extraction of distinct Mel-Frequency

Cepstral (MFC) coefficients from a single raw audio input, demonstrat-

ing the framework’s efficiency in multiplexing diverse signal character-

istics through a shared computational core.

• Validation of Direct Waveform-to-Task Mapping: We demon-
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strate the capacity of the reservoir framework to inherently capture and

represent salient acoustic patterns directly from raw waveforms. This

proves that the reservoir’s internal dynamical states can process audio

signal directly, bypassing the need for traditional signal-to-frequency

transformations or hand-engineered descriptors.

• Advancing Neuromorphic Solutions for Audio Signal Process-

ing: By utilizing the principles of biologically inspired Echo State Net-

works (ESNs), this research bridges the gap between neuromorphic

computing and current audio processing challenges, offering a scalable

and energy-efficient foundation for next-generation, real-time speech

and auditory recognition systems.

1.5. Thesis Outline

This thesis is structured to transition systematically from reservoir-based

emulations of traditional features to fully autonomous, end-to-end raw audio

processing. The following chapters detail this progression:

Chapter 1 and 2- Introduction and Background: These chapters

establish the research motivation and hypothesis, define the core objectives,

and outline the original contributions of the work. Additionally, they pro-

vide the necessary theoretical background and reviewing literature relevant

to Reservoir Computing and audio processing.

Chapter 3- Dataset and Experiments: The chapter provides the empiri-

cal foundation of the research, detailing the datasets used and the experiment

methodology used.



14 Introduction

Chapter 4- Reservoir Computing for Audio Classification: This

chapter evaluates the efficacy of Reservoir Computing (RC) as a framework

for audio signal classification. It details the architectural configuration of the

reservoir and provides a comprehensive analysis of its performance across var-

ious acoustic benchmarks, emphasizing its capacity for high-accuracy tem-

poral pattern recognition.

Chapter 5- Feature Extraction by Mimicking MFCC Function: This

chapter investigates the capacity of Reservoir Computing (RC) to generate

features that mimic standard Mel Frequency Cepstral Coefficients (MFCCs).

It sets as an initial experiments for end-to-end performance validation. The

limitations in mimicking MFCC led to the development of extracting MFCC

in time domain as explained in next chapter.

Chapter 6- Feature Extraction by Convolution: Building upon

the mimicking approach, this chapter explores the synthesis of Mel Filter-

Banks using RC-based convolution. It simplifies the entire MFCC pipeline

using Reservoir Computing, achieving comparable result. The findings posi-

tion Reservoir Computing as a viable, end-to-end alternative to traditional

frequency-domain feature engineering in neuromorphic systems.

Chapter 7- “Feature-Free” Audio Processing: This chapter ex-

plores the transition from shallow RC architectures to Deep Reservoir Com-

puting (DRC) for direct raw audio signals. Specifically, it analyses the per-

formance disparities between series-connected and parallel-connected deep

architectures when processing waveforms without prior feature extraction.

Chapter 8- Discussion: This chapter offers a comparative analysis of

the reservoir’s dual roles as a classifier and a feature extractor, addressing the
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specific challenges of raw signal processing and the necessity of multi-scale

temporal architectures.

Chapter 9- Conclusion and Future Work: This chapter provides a

definitive summary of the study’s contributions, specifically validating the

use of Reservoir Computing for raw time-domain audio analysis. Further-

more, it identifies critical areas for future development.

Appendix A: Combining MFCC and Wavelet Features in Time-

Domain: This appendix introduces the time domain Mel Frequency Wavelet

Coefficient (MFWC). It describes the methodology for designing a Time-

Domain Mel Filter-Bank (TDMFB) and evaluates the computational effi-

ciency of extracting and combining MFCC and Wavelet Coefficients via con-

volution. This method is proposed as a specialized alternative to traditional

frequency-domain extraction for real-time applications.

Appendix B: Supplementary Experiments: This appendix provide

supplementary documentation on the signal transformation pipeline and ex-

perimental cross-validation between traditional Matlab-based methods and

reservoir-based feature extraction. They also detail the mathematical frame-

works for data reduction and the implementation of acoustic coefficient ex-

traction via time-domain convolution.
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Background

This chapter provides a comprehensive overview of the foundational theo-

ries and methodologies underlying real-time, low-power neuromorphic audio

processing. It begins by tracking the progression from general Artificial Intel-

ligence (AI) and Machine Learning (ML) to the architectural layout of Arti-

ficial Neural Networks (ANNs). This computational timeline establishes the

conceptual framework for Reservoir Computing (RC), evaluating their tem-

poral dynamics as low-overhead alternatives to fully trained recurrent struc-

tures. Following this foundational computing review, the discussion transi-

tions to signal processing fundamentals, examining human speech production

along with conventional acoustic extraction methodologies—specifically Mel-

Frequency Cepstral Coefficients (MFCCs) and Wavelet Transforms. Finally,

the chapter identifies critical literature gaps in current audio feature extrac-

tion.

2.1. Artificial Intelligence

Artificial Intelligence (AI) represents one of the most transformative tech-

nological advancements of the modern era, enabling machines to perform

tasks that traditionally required human intelligence (54). AI systems are
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capable of analysing enormous volumes of data, identifying patterns, and ac-

curately adapting to new information by mimicking cognitive processes like

learning, reasoning, problem-solving, and decision-making. From virtual as-

sistants and recommendation systems to autonomous vehicles and medical

diagnostics, AI is reshaping industries and redefining how humans interact

with technology (55). Its rapid evolution continues to push the boundaries

of what machines can achieve, blurring the line between human and artificial

capabilities.

The foundation of AI lies in its ability to process and interpret com-

plex data through sophisticated algorithms and computational models. A

fundamental component of artificial intelligence, machine learning enables

systems to learn from experience and gradually advance their performance

without the need for explicit programming. Deep learning, a more advanced

technique, leverages neural networks with multiple layers to model intricate

patterns in unstructured data such as images, speech, and text (56). These

advancements have led to breakthroughs in natural language processing, com-

puter vision, and robotics, making AI a vital tool for resolving problems in

the real world.

As AI continues to integrate into everyday life, fostering responsible in-

novation and governance will be crucial in maximizing its potential while

mitigating risks (57). Looking ahead, AI has the potential to transform in-

dustries like healthcare, education, and sustainability, offering unprecedented

opportunities to address global challenges and enhance human progress (58).

With new developments like explainable AI, quantum computing, and

human-AI cooperation influencing the next wave of innovation, the future of
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AI is expected to be even more dynamic. AI’s revolutionary influence will

only increase as researchers and developers dive into new areas, strengthening

its position as a pillar of technological progress. (54).

2.2. Machine Learning

Machine Learning (ML) has emerged as a revolutionary branch of artificial

intelligence that enables systems to automatically learn and improve from

experience without being explicitly programmed (57). By developing algo-

rithms that can analyse data, identify patterns, and make intelligent deci-

sions, ML has become a driving force behind many modern technological

innovations. From personalized recommendations on streaming platforms

to fraud detection in banking and predictive diagnostics in healthcare, ML

applications are transforming industries and enhancing decision-making pro-

cesses across numerous domains (59).

At its core, machine learning relies on statistical techniques and com-

putational models that allow computers to learn from data (60). The field

encompasses several distinct approaches, including supervised learning where

models are trained on labelled datasets, unsupervised learning which discov-

ers hidden patterns in unlabelled data, and reinforcement learning where al-

gorithms learn through trial-and-error interactions with environments (61).

These methodologies power everything from speech recognition systems and

image classification to autonomous vehicles and financial forecasting tools,

demonstrating ML’s versatility in handling diverse problem types (56).

Machine Learning strives to solve complex non-linear problems—such as

recognizing intricate speech patterns or processing the temporal signals found
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in delay-feedback masking—by utilizing Neural Networks as its primary com-

putational engine (62). By mimicking biological structures, these networks

allow ML to move beyond simple linear logic through layers of intercon-

nected nodes that deconstruct high-dimensional data into manageable fea-

tures (56). This architectural depth enables the system to iteratively tune

internal weights, transforming raw inputs into meaningful predictions.

2.3. Artificial Neural Networks

Artificial Neural Networks (ANNs) are computational models inspired by

the biological brain, designed to learn complex mappings from data (56). At

their core, ANNs consist of interconnected processing units (neurons) that

collectively can approximate a wide variety of non-linear functions. The

fundamental operation of a single neuron involves computing a weighted

sum of its inputs and applying a non-linear activation function. For an input

vector x = [x1, x2, ..., xN ]T , the output y of a neuron is given by:

y = ϕ(wTx + b) (2.1)

where w are the connection weights, b is a bias term, and ϕ(·) is the activation

function (e.g., tanh, ReLU).

ANNs are broadly categorized by their connectivity patterns. The two

primary classes most relevant to this work are Feed-forward Neural Networks

(FNNs) and Recurrent Neural Networks (RNNs).
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2.3.1. Feed-forward Neural Networks

In Feed-forward Neural Networks (FNNs), information flows strictly from the

input layer, through one or more hidden layers, to the output layer without

any cycles. This architecture implements a static, memoryless mapping from

input to output.

For a network with L layers, the forward pass is described by:

h(l) = ϕ(l)(W(l)h(l−1) + b(l)) (2.2)

where h(l) is the activation vector of layer l, with h(0) = x (the input) and

h(L) = y (the output). W(l) and b(l) are the weight matrix and bias vector

for layer l, respectively.

FNNs are typically trained using back-propagation and gradient descent

to minimize a loss function L (63). While powerful for spatial pattern recog-

nition (e.g., image classification (64)), their lack of internal state makes them

unsuitable for processing temporal sequences directly.

2.3.2. Recurrent Neural Networks

Recurrent Neural Networks (RNNs) extend FNNs by introducing directed

cycles in their connection graph, allowing them to maintain an internal state

or memory of previous inputs (2). This makes them inherently suited for

processing time-series data, such as audio or text.

The dynamics of a simple RNN at discrete time step t are governed by:

h(t) = ϕ(Winx
(t) + Wrech

(t−1) + b) (2.3)
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where h(t) is the hidden state (or context) at time t, x(t) is the input vector,

Win is the input weight matrix, Wrec is the recurrent weight matrix, and

b is the bias vector. The output y(t) is typically computed from the hidden

state as y(t) = Wouth
(t).

While theoretically powerful, training RNNs using back-propagation through

time (BPTT) is notoriously difficult due to the problems of vanishing and

exploding gradients, which hinder the learning of long-range temporal de-

pendencies (65).

2.4. Fundamentals of Reservoir Computing

Reservoir Computing is a recently developed, bio-inspired, paradigm in machine-

learning. Reservoir Computing is a framework for computation derived from

the theory of recurrent neural networks that maps input signals into higher

dimensional computational spaces via the dynamics of a fixed, non-linear

system known as a reservoir. After the input signal is fed into the reservoir,

which is treated as a ’black box’ (66), a straightforward readout mechanism

is trained to read the state of the reservoir and map it to the desired out-

put (67). An RNN is created at random and just a readout is trained in

Reservoir Computing.

Since RNN development is sluggish and challenging, in 2001 Wolfgang

Maass and Herbert Jaeger independently suggested Liquid State Machines (4)

and Echo State Networks (68) as fundamentally new approaches to RNN de-

sign and training. Reservoir Computing is a term that is being used more

and more frequently to refer to this method, which has roots in compu-

tational neuroscience (69) and later consequences in machine learning as
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the Backpropagation-Decorrelation (70) learning rule. The drawbacks of

gradient-descent RNN training are avoided by the RC paradigm. This made

it much easier to use RNNs in real-world applications and outperformed tra-

ditional fully trained RNNs in many tasks (71).

2.4.1. Advantages of Reservoir Computing

Reservoir Computing is a unique system design and has various benefits. The

simplicity of the training process, which makes learning swift and stable, is

the first benefit. The weights in the network are not always selected for

training in the Reservoir Computing framework (72). Instead, the training

is mostly for the readout portion, which reduces the number of parameters

that need to be set and speeds up training considerably. The training can

be carried out with a straightforward linear regression or ridge regression,

and the ideal set of weights can be induced all at once through a batch

learning procedure, making the entire learning process simple and stable.

This is especially true if the readout part is set as linear and static weights.

Reservoir Computing is simple, this does not imply that RC is less powerful

than conventional machine learning techniques (73).

The second benefit is its simplicity in sequential learning or multitask-

ing (73). Multitasking can be securely done in the Reservoir Computing

framework because the training is essentially limited to the readout portion

and there is no interaction between the tasks.

The third benefit is the freedom and variety in reservoir selection. The

fundamental idea behind RC is to utilise the reservoir’s inherent dynamics by

outsourcing learning (which calls for some parameter tuning) to the readout
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component. This particular configuration allows reservoirs to be any dynam-

ical system rather than just an RNN. This idea naturally leads us to exploit

the physical dynamics as a reservoir instead of using the simulated dynam-

ics inside the PC. This framework is called Physical Reservoir Computing

(PRC) (30).

Reservoirs are high-dimensional (74). Many tasks cannot be accurately

solved by a simple linear relation between the u and ytarget. In such situa-

tions one has to resort to non-linear models. A number of generic and widely

used approaches to non-linear modelling are based on the idea of non-linearly

expanding the input u(n) into a high-dimensional feature vector x(n)εRNx ,

and then utilizing those features using linear methods, for instance by linear

regression or computing for a linear separation hyperplane, to get a reason-

able y. This transformation from input space into higher dimensional space

is an advantage of reservoir (1).

2.4.2. General Model

ESNs are used in supervised temporal ML problems when the desired tar-

get output signal ytarget(n)εRNy is known for a given training input signal

u(n)εRNu . Here, T is the number of data points in the training dataset, and

n = 1,..., T is the discrete time. Figure 2.1 shows an example of a generic

architecture of the Reservoir. The state equations used in training with a

forced teacher are:

x(n+ 1) = f(W res
res x(n) +W res

inpu(n) +W res
out y(n) +W res

bias) (2.4)

ytarget(n+ 1) = W out
res x(n+ 1) +W out

inpu(n) +W out
out y(n) +W out

bias (2.5)
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Figure 2.1: Reservoir general model (1)
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Here, all weights matrices to the reservoir (Wres) are initialized at random,

while all connections to the output (Wout) are trained (1).

The task is to learn a model with output y(n)εRNy ,where y(n) matches

ytarget(n) as well as possible, minimizing an error measure E(y, ytarget), and,

more importantly, generalizes well to unseen data. The error measure ∈ is

typically a Mean-Square Error (MSE). For example Root-Mean-Square Error

(RMSE) is given by:

E(y, ytarget) = 1/Ny

Ny∑
i=1

√√√√1/T
T∑

n=1

(yi(n) − ytargeti (n))2, (2.6)

The key metric driving the evaluation and parameter optimization process

is the multi-dimensional Normalized Root Mean Square Error (NRMSE).

Unlike absolute error metrics, this formulation computes the tracking resid-

uals across all target feature channels, normalized by their combined average

standard deviation, and is formally defined as:

NRMSE =

1
Ny

∑Ny

i=1

√
1
T

∑T
n=1

(
yi(n) − ytargeti (n)

)2
1
Ny

∑Ny

i=1

√
1
T

∑T
n=1

(
ytargeti (n) − ytargeti

)2 (2.7)

where Ny represents the total number of target feature channels, T is the

discrete time horizon, yi(n) is the predicted output, ytargeti (n) istarget output

and ytargeti is the mean of the target. This provides a standardized, bounded

measure of prediction accuracy where an NRMSE approaching 0 represents

near-perfect waveform replication, while a value of 1 indicates performance

no better than a primitive baseline mean predictor. Crucially, this metric

is highly sensitive to the amplitude and variance of the signal. Because the
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denominator depend on target volatility, higher fluctuations in signal can

produce disproportionately high NRMSE spikes—even when the Echo State

Network has successfully captured the core structural trends.

2.4.3. Global Parameters of the Reservoir

The tuple (W in,W, α) determines the reservoir. The leakage rate is chosen

as a free parameter itself, and the input and recurrent connection matri-

ces Win and W are generated at random based on the parameters specified

subsequently (75).

In analogy to other machine learning, and especially neural networks,

approaches, what we call parameters here could as well be called meta-

parameters or hyper-parameters, as they are not concrete connection weights

but parameters governing their distributions. To more accurately describe

them, we shall refer to them as global parameters, or just parameters for con-

venience. The defining global parameters of the reservoir are: the size (Nx),

sparsity, distribution of non-zero elements, and spectral radius(W) scaling(-s)

of W in, and the leaking rate(α) (76).

Size of Reservoir:

The number of units in the reservoir, denoted by Nx, is a clearly impor-

tant parameter. According to conventional wisdom, larger reservoirs pro-

duce greater performance that can be attained, provided that overfitting is

properly regularised. Reservoir sizes of order 104 are not unusual because

an ESN is computationally inexpensive to train and maintain compared to

other RNN techniques. The larger the space of reservoir signals x(n), the
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easier it is to identify a linear combination of the signals to approximate the

ytarget. The reservoir can only be overly large when the task is trivial and

there is a dearth of data.

Each trial should not take too long because the adjustment of global

parameters frequently requires numerous iterations. Even though good pa-

rameters are typically transferable to larger reservoirs, this can be verified

through several trials with larger reservoirs. Considering the number of in-

dependent real values that the reservoir must remember from the input in

order to complete the task allows one to roughly estimate a bottom bound

for the reservoir size Nx. The maximum number of values that may be saved,

or the memory capacity, in ESN is limited to Nx. Nx must at least equal the

estimated number of independent real values that the reservoir must be able

to recall from the input in order to complete its duty.

Sparcity of the Reservoir:

In the early ESN publications, sparse reservoir connections that is, setting

most of the elements in W to zero were advised. The reservoir’s sparsity

generally has little impact on performance and is not given high attention

for optimization. But the performance is marginally improved by sparse con-

nections. Also, if sparse matrix representations are applied, sparsity permits

quick reservoir updates. If a fixed fanout number is specified regardless of

reservoir size, the computational cost of network state updates increases only

linearly rather than quadratic with the network size. This significantly lowers

the cost of maintaining large reservoirs.
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Distribution of Non-zero Elements:

The matrix W is normally produced sparse, and non-zero members typically

have one of three distributions: a discrete bi-valued, symmetrical uniform,

or normal distribution with zero at the centre. Popular distributions include

Gaussian and uniform. Both distributions perform nearly identically. Al-

though there is a non-zero chance of similar neurons in the discrete bi-valued

distribution, this may make it simpler to analyse what is happening in the

reservoir. Typically dense but with the same type of distribution as W, the

input matrix Win is created.

Spectral Radius (ρ(W )):

The spectral radius of the reservoir connection matrix W, or the greatest ab-

solute eigenvalue of this matrix, is one of the most important global charac-

teristics of an Echo state network(ESN). The matrix W is scaled, or, another

way to look at it, the width of the distribution of its non-zero components is

scaled.

A random sparse W is often created, its spectral radius ρ(W ) is calculated,

W is divided by the calculated spectral radius to produce a matrix with a

unit spectral radius, which is then simply scaled with the final spectral radius

to be determined in a tuning operation.

The reservoir must fulfil the echo state property, according to which the

state of the reservoir x(n) must be solely determined by the fading history of

the input u(n) in order for the ESN technique to function. In other words,

the reservoir state x(n) should not be dependent on the initial circumstances

that existed before the input for a long enough input u(n).
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When the reservoir’s nonlinearity is high enough, large ρ(W ) values might

cause many fixed point, periodic, or even chaotic spontaneous attractor

modes, which violates the echo state property. Even though it is possible

to violate the echo state property even with ρ(W ) < 1, this is unlikely to

happen in practice.

Input Scaling:

Another crucial parameter in an ESN to be optimised is the scaling of the

input weight matrix (Win). When input weights are normally distributed,

one may use the standard deviation as a scaling measure. For uniformly

distributed input weights, the input scaling is often defined as the range of

the interval [ a; a] from which values of Win are sampled. A single scaling

value is frequently used to scale all the columns of Win in order to have a

small number of freely changeable parameters. However, it is possible to

separate the optimization of the scaling of the first column of Win from the

other columns, which corresponds to the bias input to the reservoir units.

It may be useful to have a bound for the range of input data values. For

instance, apply the tanh() squashing to u(n) if its distribution is unbounded.

Otherwise, outliers might cause the reservoir state x(n) to move into regions

that are unfamiliar to it and are not well covered by its typical working

trajectories, for which the global parameters have been tuned or the outputs

have been learned. This can lead to a virtual loss of useful memory (due

to saturation in the activation non-linearities) or unpredictable outputs at

these points, respectively.

The input scaling regulates the amount of nonlinearity of the reservoir
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representation x(n) (also increasing with ρ(W ) and the relative effect of the

current input on x(n) as opposed to the history (in proportion to ρ(W )).

Leaking Rate:

The leaking rate,is a crucial parameter that controls the speed of the reser-

voir’s dynamics, effectively determining how quickly the reservoir state up-

dates in response to new inputs. The reservoir update dynamics in continuous

time can be described as an Ordinary Differential Equation (ODE)

x. = −x+ tanh(W in[1;u] +Wx). (2.8)

Euler’s discretization of this ODE in time, taking

∆x/∆t = (x(n+ 1) − x(n))/∆t = x., (2.9)

we arrive at exactly the discrete time equations with α taking the place of

the sampling interval ∆t. Thus, might be thought of as the space of time in

the discrete realization of continuous universe between two successive time

steps. Additionally, when the signals are slow, the effect of setting is empir-

ically comparable to that of re-sampling u(n) and ytarget(n). In some cases

setting a small α, and thus inducing slow dynamics of x(n), can dramatically

increase the duration of the short-term memory in ESN (76).

While there are guiding intuitions for establishing each ESN reservoir

parameter, some of them are easier to adjust than others. In ESN reservoir,

the following three factors should be optimised
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• input scaling,

• spectral radius,

• leaking rate.

These three factors are particularly task-specific and crucial for a good per-

formance. While the rest of the parameters can be set to suitable default

levels, the reservoir size Nx virtually acts as an external restriction.

2.4.4. Requirements

A physical reservoir must meet a number of characteristics in order to effec-

tively complete computational activities (77), (76).

High Dimensionality:

To map inputs into a high-dimensional domain, high dimensionality is re-

quired. In classification tasks, this trait makes it possible to separate inputs

that were previously inseparable, and in prediction tasks, it makes it pos-

sible to read out the spatiotemporal dependencies of inputs. The quantity

of distinct signals extracted from the reservoir is correlated with the dimen-

sionality.

Non-linearity:

In order for a reservoir to function as a non-linear mapping, nonlinearity is

required. In classification tasks, this attribute enables the transformation

of nonlinearly separable data into linearly separable inputs. It can also be

effectively used to extract non-linear input relationships in prediction tasks.
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Fading Memory:

To make sure that the reservoir state depends on recent past inputs but is

independent of distant past inputs, fading memory (or short-term memory)

is required. The influence of earlier inputs on the current reservoir states

and outputs asymptotically fades off, which is also known as the “echo state

property.” A characteristic like this is crucial when describing sequential data

with transient dependencies.

Separation Property:

To categorize the responses of a reservoir to various signals into discrete

groups, separation property is necessary. In contrast, a reservoir ought to

be impervious to unimportant minor changes like noise so that similar in-

puts can be grouped together. Therefore, it is frequently advised that the

parameter be set close to the transition point where the transformation by

a reservoir is neither extremely expanding nor very contracting when a sys-

tem parameter adjustment results in a transition between non-chaotic and

chaotic regimes (78).

2.4.5. Types of Reservoir Computer Systems

With the advent of Echo State Networks (ESNs) (68) and Liquid State Ma-

chines(LSMs) (4) about two decades ago, a new movement toward under-

standing, training, and employing Recurrent Neural Networks (RNNs) was

initiated. Both approaches have the same fundamental concept, even though

the former originated in the field of Machine Learning (ML) and the latter

in computational neuroscience. There are many types of Reservoir Com-
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puting systems developed from this basic concept, however, let us evaluate

three of particular interest; Echo State Networks, Liquid State Machines,

and Delayed Feedback Reservoirs.

Echo State Networks

The echo state network is based on the finding that training simply a linear

readout from a random RNN with specific algebraic features can frequently

lead to outstanding performance in real-world applications. Recent years

have seen the emergence of echo state networks (ESNs), which are novel re-

current neural networks (RNNs) capable of processing time series with high

non-linear mapping capacity and dynamic memory. The hidden layer (reser-

voir) of an ESN contains sparse random connections, and its only parameters

are the output weights, which may be modified using straightforward linear

regression. As a result, ESNs and their variants have been successfully used

to predict time series with accuracy many orders of magnitude higher than

that of earlier methods (79).

Reservoir Computing gets its name from the untrained RNN portion of

an ESN, which is referred to as a dynamical reservoir, and the states that are

produced as a result, x(n), which are known as echoes of its input history.

Figure 2.2 shows the generic structure of an Echo state network. The

reservoir states of ESNs are often computed using

x(n) = f(Winu(n) +Wx(n− 1)), n = 1, ..., T, (2.10)

where the non-linear function f () is a sigmoid, typically the tanh() function.

When the greatest singular value of Win is less than 1, it is discovered that
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Figure 2.2: Echo state network (2)

the linearized system is asymptotically stable. In actuality, one prefers to

consider the system’s spectral radius since it provides a more accurate picture

of its dynamics. The linearized system’s hidden state will begin to increase

exponentially if is bigger than one. Another popular choice for ESNs is leaky

integrator neuron models. The reservoir readout is typically linear, where

u(n) is expressed explicitly as being a part of x (n).

y(n) = fout(Wout[u(n)|x(n)]), (2.11)

fout() is the output neuron activation function (usually the identity) applied

component-wise. By linearizing equation 19 around the origin, it is simple

to describe the dynamics.

The spectral radius should be kept below or equal to one when initializing
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reservoir weights. The network states will depend on a somewhat long history

of the input if it is near to one since they will only decay to the fixed point

slowly. The states will only be dependent on a brief history of the input if

the spectral radius is much smaller than one. The states could theoretically

depend on the complete history of the input when it is more than one, which

is typically viewed as undesirable.

The ability of the network to be influenced by the recent history of the

input signals is known as the “Echo State Property” and is essential to the

success of RC. By adjusting the connection matrix’s spectral radius, one can

adjust the system’s memory depth, where often a trade-off between precision

and memory depth must be made.

The scaling of input weights and the scaling of an optional bias term are

the other two significant factors found as being crucial for ESNs. The input

scaling, or overall nonlinearity of the reservoir, will be determined by how far

the hidden states are pushed away from the linear portion of the activation

given function by the input. An increase in non-linearity often has a negative

impact on the system’s memory depth because the quenching components of

the activation function will reduce the effective spectral radius (80).

Figure 2.3 shows the structure of an echo state network. The reservoir

layer, W, is surrounded by the input signal, u(n), which is multiplied by the

input weight matrix, Win(n). The output weight matrix, Wout, is multiplied

by the output states of the reservoir, y(n). Once the error between the goal

output, ytarget(n), and the actual output, y(n), has been minimised, training is

completed. The output weight matrix, Wout, is then updated in accordance

with this error. The reservoir layer’s input is given an additional 1 and
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Figure 2.3: Structure of ESN (3)

utilized to bias the network (3). The system can then be simply trained

by adjusting the output weights, Wout, until the error between y(n) and the

target output is minimised to zero.

Due to its attractor dynamics, ESNs have demonstrated outstanding per-

formance in time-series prediction and temporal pattern detection with little

training. When the idea of an ESN was initially put forth, Jaeger’s original

publication demonstrated this. These systems have two major advantages:

they are remarkably simple to train with off-line supervised learning, and

because the reservoir dynamics are fixed and the only thing that changes

during training are the output weights, the inputs to the reservoir shape the

dynamics of the reservoir to produce a solution. However, they need some

serious thought.
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Three main qualities set an ESN different from a conventional RNN:

• The reservoir is driven by input signals, which result in an echo response

in a high-dimensional space, allowing the reservoir to perform the same

role as the kernel in kernel-based learning techniques.

• The vanishing gradient and expanding gradient issues that are present

in conventional RNNs are avoided by the big reservoir with constant

weights.

• The reservoir’s output signal is a linear combination of linear read-

out layer weights, and can be determined using straightforward linear

regression procedures.

An ESN has strong computational capabilities for modelling temporal

information because training it is easy and quick and it won’t get stuck in

local minima (79).

Liquid State Machine(LSM)

A liquid state machine (LSM) is a type of reservoir computer that uses a

spiking neural network (SNN) (81). Spiking Neural Network is a third gen-

eration artificial neuron that is most biologically inspired (40). Since spiking

neurons function in the temporal domain and base their computation on

time resources, they are favoured over earlier generations of artificial neu-

rons. SNNs are quickly overtaking other agents in brain-inspired neuromor-

phic computing, which emulates the brain using hardware (82). SNNs were

chosen because of their innate effectiveness and accuracy on a variety of cog-

nitive tasks, including speech recognition and image categorization, etc. A
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high number of units make up an LSM (called nodes, or neurons). Each

node receives time-varying input from both neighbouring nodes and external

sources (the inputs). Nodes are joined to one another at random. The time-

varying input is transformed into a spatio-temporal pattern of activations in

the network nodes by the connection’s recurrent nature (5). By using linear

discriminant units, the spatio-temporal patterns of activation are read out.

The term liquid in the name refers to the metaphor of dropping a stone

into a motionless body of water or other liquid. There will be waves in

the liquid caused by the falling stone. A spatiotemporal pattern of liquid

displacement has been created from the input (the motion of the falling stone)

(ripples). LSMs have been proposed as a technique to describe how brains

function. There is a claim that LSMs outperform the theory of artificial

neural networks. (67)

Maass claims that the LSM model was created from a computational neu-

roscience perspective. The capacity of LSM to execute real-time calculations

by upscaling the temporally variable input stream into a higher dimensional

space is one of its fundamental principles (83). LSM is made up of three

essential parts, namely:

• An input layer

• A reservoir or liquid

• A memoryless readout circuit.

Figure 2.4 is the architecture of an LSM. A function of time (time series)

u(·) is injected as input into the liquid filter LM, creating at time t the

liquid state xM(t), which is transformed by a memory-less readout map fM
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Figure 2.4: Architecture of LSM (4)

to generate an output y(t) (4).

The main distinction between the construction of an LSM and an ESN

is the requirement for additional encoding/decoding hardware in the in-

put/output layers to convert between a spike train and a real valued num-

ber (28). The same factors, such as the reservoir size and spectral radius,

that must be taken into account when employing an ESN also apply when

utilizing an LSM.

Being highly adaptive is one of the LSM’s major advantages; in fact, the

Stone-Weierstrass theorem has demonstrated that the LSM is a universal

function approximator, provided that the reservoir network displays input

separability and fading memory. (84) The LSM computes information in a

flexible manner by mapping input spike trains onto output spike trains rather
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than merely executing an algorithm. As a result, the output, which is con-

sidered to contain multi-dimensional inputs, is greatly reliant on the sort of

readout and training carried out. (85) In order to enable parallel processing,

numerous readout layers can be constructed, each of which extracts a distinct

piece of information from the input data as shown in figure 2.5.

Figure 2.5: LSM supporting multitasking (5)

Delay Feedback Reservoirs

The class of dynamical systems known as delay systems, which includes non-

linear systems with delayed feedback and/or delayed coupling, has received a

lot of attention. Reservoir Computing implementations based on dynamical

systems with delay are known as delay-based reservoir computers. A delay

Line reservoir is a special type of RC that shares resources in time to reduce
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routing overhead (86). Different network nodes, often referred to as virtual

nodes, are given different time slots of the non linear node response by delay-

based reservoir computers. A dispersed group of virtual nodes throughout

the delayed feedback loop is comparable to the temporal multiplexing of a

single non-linear node’s response. The usefulness of delay-based reservoir

computers depends on the fact that their hardware implementations are sub-

stantially simplified (2).

There is therefore just one (hardware) node from the standpoint of the

network. Delay differential equations (DDE), which mathematically describe

delay systems, differ significantly from ordinary differential equations in that

a DDE’s time-dependent solution is not solely controlled by the state of the

system at a particular instant (87). To accurately characterise the initial

conditions for a DDE, the continuous solution on an interval of one delay

time must be given. As a result, the high-dimensional phase space that

serves as the foundation for RC is provided by a low-dimensional system

with delayed feedback. Therefore, even for very high reservoir sizes, the

delay-based technique enables a much simpler system layout (86). When

compared to systems that require more hardware, delay-based RC has a

huge benefit because of its low hardware requirements. Delay line RC at its

core is a concept that involves the exchange of space and time.

Figure 2.6 shows the general delayed feedback reservoir. In contrast to the

neural network, which feeds inputs in parallel to several nodes, the delayed

feedback system requires that all inputs be injected into a single non-linear

node. Pre-processing of the input makes up for the loss of parallelism. The

masking procedure will now be used to refer to this pre-processing. It ensures
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Figure 2.6: Delay line Reservoir Computer schematic (2)

Figure 2.7: Masking Procedure (6)

that the system always exists in the transient regime by time-multiplexing

the input and imprinting various scaling factors on the input. It can be

thought of as the result of a convolution between a masking function and the

intended system input.

Figure 2.7 shows masking procedure. A time-continuous input stream

u(t) or time-discrete input u(k) undergoes a sample-and-hold operation, re-

sulting in a stream I (t) that is constant during one delay interval τ before

it is updated. The temporal input sequence, feeding the input stream to the
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virtual nodes, is then given by J (t) = M ·I (t). The modified signal stays

in the delay line for a while after the input is injected into the node before

being re-injected into the non-linear node.

Different states present in the system are considered as the neurons or nodes

of the system because the high-dimensionality of the system may be iden-

tified along the delay line. We call them virtual nodes because they don’t

reflect actual physical nodes. They actually represent a nonlinearly changed

version of the input in the states they contain, but the transformation took

place earlier in the actual non-linear node. The performance of the system

is significantly influenced by the temporal separation of the various virtual

nodes, which is actually the interval with which we read out states of the de-

lay line. An output layer reads out the transient dynamical response of the

node along the delay line and linearly adds them up in a weighted sum (2).

Time-Delay Reservoirs (TDR) provide two significant advantages over ESNs

and LSMs in addition to a decrease in routing overhead. First, adding more

neurons to the reservoir is unnecessary and simply lengthens the feedback

loop’s delay. Second, TDRs may readily be described using delay differential

equations and can employ any dynamical system to create their activation

function (88).

2.5. Signals and Speech Production

In signal processing, signals including music, pictures, and scientific mea-

surements are analysed, modified, and synthesized. Techniques for signal

processing are used to enhance transmissions, increase the effectiveness of

digital storage, repair distorted signals, improve the subjective quality of
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video, and find or locate specific components of interest in a measured sig-

nal (89). Digital signal processing and analogue signal processing are sub-

fields of signal processing.

2.5.1. Categories of Signal Processing

Analogue Signal Processing: Analogue signal processing is used for trans-

missions that haven’t been digitized, like the majority of radio, telephone,

and television systems from the 20th century. Both linear and non-linear

electrical circuits are involved in this. Examples of the former include delay

lines, additive mixers, passive and active filters, and integrators. Compan-

ders, multipliers (frequency mixers, voltage-controlled amplifiers), voltage-

controlled filters, voltage-controlled oscillators, and phase-locked loops all

fall under the category of non-linear circuits.

Continuous Time Signal Processing: Signals that fluctuate with the

change of the continuous domain are processed in continuous time (without

considering some individual interrupted points). Time domain, frequency do-

main, and complex frequency domain are all types of signal processing tech-

niques. This technique focuses on modelling linear time-invariant continuous

systems, calculating the zero-state response integral, configuring systems,

and continuously filtering deterministic signals.

Digital Signal Processing: The processing of discrete-time sampled

signals by digital means. General-purpose computers or digital circuits like

ASICs, FPGAs, or specialised digital signal processors are used for process-

ing (DSP chips). Fixed-point and floating-point, real-valued and complex-

valued, multiplication and addition are common arithmetic operations (90).



2.5 Signals and Speech Production 45

Discrete Time Signal Processing: Discrete-time signal processing ap-

plies to sampled signals that are only specified at discrete points in time. As

a result, they are quantized in time but not in magnitude. Electronic com-

ponents like sample-and-hold circuits, analogue time-division multiplexers,

analogue delay lines, and analogue feedback shift registers are the founda-

tion of the technology known as analogue discrete-time signal processing.

The advanced processing of gigahertz transmissions still uses this technol-

ogy, which was a forerunner to digital signal processing. A theoretical field

that creates a mathematical foundation for digital signal processing with-

out taking quantization error into account is known as discrete-time signal

processing.

2.5.2. Human Speech Production System

The larynx, which is found in the throat, is primarily responsible for creating

the human voice. The vocal cords, which are two muscles stretched across

the larynx, function as rubber bands. When someone talks, air rushes out

of the lungs and causes the vocal cords to vibrate and thus creating the

voice (91). Figure 2.8 demonstrates human speech production system. The

degree to which the vocal cord muscles constrict as air from the lungs strikes

them determines the pitch of the sound that is produced (92).

Loudness

The perception of loudness is a measure of how powerful a sound wave is

in a specific location. It is a dimensionless quantity that is always used

in a relative sense. The amplitude of the vibration determines how loud
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Figure 2.8: Human speech production system (7)

something is. If the amplitude is high, it will be louder. Loudness is measured

in decibel (dB). It is given as: L = log(I), here ‘I’ is the intensity.

Pitch

A subjective psycho-acoustic characteristic of sound is pitch. A perceptual

characteristic called pitch enables the ranking of sounds on a frequency-

related scale. The pitch of a sound is the term used to describe the perception

of a frequency. Low pitch sounds are associated with low frequency sound

waves, and high pitch sounds are associated with high frequency sound waves.

Voiced speech signals are a type of quasi-periodic signal. The basic period

is called the pitch period. Pitch is simply the rate at which vibrations are

produced. Typically, this is stated as the number of Hz (hertz, or cycles per

second). A full vibration back and forth is one cycle. The frequency of the

tone is indicated by the number of Hz. The pitch of a tone increases with
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increasing frequency.

A deeper voice results from longer vocal folds. During the mutational

period, the mean fundamental frequency falls. This is associated with phys-

iological maturation, laryngeal expansion, and an ensuing drop in mean fun-

damental frequency. Pitch is a characteristic that describes the shape and

dimensions of the larynx and vocal folds (93).

Formants

Formants are the distinctive or significant frequency elements of human

speech that are necessary for humans to discriminate between vowels. The

spectral peaks of the sound spectrum are known as formants. The first for-

mant is referred to as f1, the second as f2, and the third as f3. The first two

formants, f1 and f2, are typically sufficient to distinguish vowels. The quality

of vowels in terms of the open/close and front/back dimensions is determined

by these two formants. It is frequently measured as a peak in the amplitude

of the sound’s frequency spectrum. A mathematical model of a filter is fre-

quently used to simulate the voice tract’s acoustics. The pole frequencies of

this filter model are very similar to the formant frequencies. The frequencies

of the poles are now referred to as formants by some voice researchers as a

result. Formants are defined as the spectral peaks of the sound spectrum.

The formant with the lowest frequency is called f1, the second f2, and the

third f3. Most often the first two formants, f1 and f2 are enough to disam-

biguate vowels. These two formants determine the quality of vowels in terms

of the open/ close and front/back dimensions. Formants are defined as the

spectral peaks of the sound spectrum of the voice. Formant is also used to
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mean an acoustic resonance of the human vocal tract. It is often measured as

an amplitude peak in the frequency spectrum of the sound. The acoustics of

the vocal tract are often modeled using a mathematical model of a filter. The

frequencies of the poles of this filter model fall close to those of the formants.

As a result, some voice researchers now refer to the frequencies of the poles

as formants. So, to some voice researchers, the formant refers to a peak in

the spectrum, to others it refers to a resonance of the vocal tract while to a

third group it refers to the pole in a mathematical filter model (93).

2.6. Audio Signal Processing

Analysing an audio signal entails extracting its qualities, forecasting its be-

haviour, identifying any patterns it may include, and determining how one

signal relates to other signals of a similar nature. Music, conversation, and

environmental noises are all included in audio signals. In terms of signal anal-

ysis and classification, audio signal processing has developed tremendously

during the previous few decades. Additionally, it has been demonstrated

that many current problems can be resolved by combining advanced ma-

chine learning (ML) algorithms with audio signal processing methods. Any

ML algorithm’s performance is based on the features used for training and

testing. Consequently, one of the most crucial steps in a machine learning

process is feature extraction (94).
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2.6.1. Audio Signal Feature Extraction

Feature extraction is a method of emphasizing the dominant and distinctive

qualities of a signal. The process of feature extraction involves converting

the speech waveform into a parametric representation at a data rate that

is relatively low for further processing and analysis. The goal of feature

extraction is to represent a spoken signal using a fixed amount of signal com-

ponents. This is due to the fact that processing all of the information in

the acoustic signal would be difficult, and some of it would be useless for

the purpose (95). An appropriate feature mimics a signal’s characteristics

in a much more condensed manner. The evolution of audio features can be

sub-categorized into time-domain, frequency-domain, joint time-frequency

domain, and deep features. The time domain is used to retrieve the earliest

and most basic properties. By the late 1950s, the time domain features had

advanced. Around the 1960s, frequency domain features began to evolve.

Pitch, formants, and other features that were developed from the frequency

domain and used in a variety of applications to evaluate the spectrum of

audio signals. Joint time-frequency feature extraction methods were created

in the latter 1960s. Since that time, audio signal processing algorithms have

leveraged these qualities. Deep features are widely employed in many appli-

cations since the development of deep learning. In audio signal processing,

deep features have been used since 2010 in the domain of acoustic scene

classification speaker recognition and audio video analysis.

The following section describes the audio features we have considered for

our study.
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MFCC

Mel Frequency Cepstral Coefficients are referred to as MFCC. The Mel-scale

used is to map between linear frequency scale of speech signal to logarithmic

scale for frequencies higher than 1 kHz. This makes the spectral frequency

characteristics of signal closely corresponding to the human auditory percep-

tion and hence Mel Frequency Cepstral Coefficients (MFCCs) are a feature

that is frequently used in automatic speech and speaker recognition. The Mel

Frequency Cepstrum (MFC), which is based on a linear cosine transform of

a log power spectrum on a non-linear Mel scale of frequency, is a represen-

tation of the short-term power spectrum of a sound. An MFC is made up

of a number of coefficients known as Mel Frequency Cepstral Coefficients

(MFCCs). They come from a particular cepstral interpretation of the audio

clip. The frequency bands of the MFC are evenly spaced on the Mel scale,

which simulates the response of the human auditory system. This frequency

warping may make it possible to depict sound more accurately.

MFCCs are commonly derived as follows:

• Take the Fourier Transform of (a windowed excerpt of) a signal.

• Map the powers of the spectrum obtained above onto the Mel scale, us-

ing triangular overlapping windows or alternatively, cosine overlapping

windows.

• Take the logs of the powers at each of the Mel frequencies.

• the Discrete Cosine Transform of the list of Mel log powers, as if it were

a signal.
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Figure 2.9: MFC extraction (8)

• The MFCCs are the amplitudes of the resulting spectrum

Framing and Windowing: The MFCCs algorithm needs to be trans-

formed from the time domain to the frequency domain because it is based on

spectral analysis. The acoustic signal is essentially stationary. The signal is

believed not to be periodic for sound samples that are longer than 200 mil-

liseconds. It is impossible to identify whether a sample that lasts between 30

and 200 milliseconds is periodic or not. It is safe to presume that a sound is

periodic for samples that are shorter than 30 ms. Signal framing is required
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due to this functionality (96). There should be between 20 to 30 millisec-

onds between each frame. Individual speech sounds’ temporal properties can

be followed by moving the time window forward by 10 ms at a time, and a

20 ms analysis window is typically long enough to resolve major temporal

characteristics while still giving these sounds acceptable spectral resolution.

The goal of the overlapping analysis is to ensure that each speech sound in

the input sequence is roughly centred at a given frame. The signal is tapered

towards the frame borders on each frame by applying a window. Hanning

or Hamming windows are typically used. While applying the DFT to the

signal, this is done to improve the harmonics, soften the edges, and lessen

the edge effect.

DFT Spectrum: Each windowed frame is converted into frequency spec-

trum by applying DFT.

X(k) =
N−1∑
n=0

x(n) ∗ e−j2πnk/N (2.12)

Mel Spectrum: Mel spectrum is computed by passing the Fourier trans-

formed signal through a set of band-pass filters known as Mel Filter-Bank.

A Mel is a unit of measurement based on how loudness is perceived by the

human ear. Since the human auditory system reportedly does not detect

pitch linearly, it does not correspond linearly to the tonal frequency physi-

cally present in the sound. The frequency spacing for the Mel scale is roughly

linear below 1 kHz and logarithmic above 1 kHz. Mel can be approximated

by physical frequency using the formula

fmel = 2595log10(1 + f/700) (2.13)
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Figure 2.10: Mel Filter-Bank

Where f denotes the physical frequency in Hz, and fMel denotes the perceived

frequency Both the frequency domain and the time domain are capable of

supporting filter banks. Filter banks are typically built in the frequency do-

main for MFCC calculations. On the frequency axis, the centre frequencies

of the filters are typically uniformly spaced. However, the warped axis, in

accordance with the non-linear function provided in equation (5), is imple-

mented in order to match the human ear’s perception. (97) The filter bank

typically consists of overlapping triangular filters.(98) Figure 2.10 shows the

generated Mel filterbank for 1024 point FFT transform, where number of

filters is 25, minimum frequency is 0 Hz, maximum frequency is 4000 Hz and

sampling frequency is 8 kHz. The algorithm of MFCCs generation creates

the filterbank before all processing is done because filterbank parameters are
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constant. The frequency spectrum of the signal(i,e, X(k) from equation (4))

is multiplied with the filter bank to obtain Mel frequency spectrum. Thus

mapping the power-spectrum of the signal on to the Mel scale.

Discrete Cosine Transform (DCT): The vocal tract is smooth and

hence there is a tendency for adjacent bands’ energy levels to correlate. The

DCT is used to create a set of cepstral coefficients from the transformed

Mel frequency coefficients. The Mel spectrum is typically displayed on a log

scale before being subjected to DCT. In the cepstral domain, this produces

a signal with a quefrency peak that corresponds to the signal’s pitch and

a number of formants that represent low quefrency peaks. Since the first

few MFCC coefficients constitute the majority of the signal information,

the system can be made robust by extracting only those coefficients while

ignoring or truncating higher-order DCT components.

Finally MFCC is calculated as

c(n) =
M−1∑
m=0

log10(s(m))cos(πn(m− 0.5)/M) (2.14)

n=0, 1,2....C-1. where c(n) are the cepstral coefficients, and C is the number

of MFCCs. MFCC systems use only 8–13 cepstral coefficients. The zeroth

coefficient is often excluded since it represents the average log-energy of the

input signal, which only carries small amount of speaker-specific information.

(97)

The log Mel spectrum is changed back to time in this last phase. For the

specified frame analysis, the cepstral representation of the speech spectrum

gives a good representation of the local spectral features of the signal. The

Discrete Cosine Transform (DCT) can be used to translate the Mel spectrum
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coefficients into the time domain because they are real numbers, as is their

logarithm. The log Mel spectrum is transformed back to time in this final

stage. The Mel Frequency Cepstrum Coefficients (MFCCs) are the outcome.

The Mel Coefficients are transformed back into the time domain using the

Discrete Cosine Transform (99).

Deltas and Delta-Deltas: Deltas and Delta-Deltas are also known as

differential and acceleration coefficients. Only the power spectral envelope

of a single frame is described by the MFCC feature vector, but it would

seem that speech would also contain information about dynamics, i.e., the

trajectory of the MFCC coefficients over time. It turns out that adding

the MFCC trajectories to the original feature vector after computing them

significantly improves ASR performance. The benefit of Delta features is

that they are used to represent the temporal information. To calculate the

delta coefficients, the following formula is used.

dt =

∑N
n=1 n(ct+n − ct−n)

2
∑N

n=1 n
2

, (2.15)

where dt is a delta coefficient from frame t computed in terms of the static

coefficients ct−n to ct+n. n is usually taken to be 2. By taking the derivative

of Delta features, Delta-Delta features are extracted. (100)

Wavelet Transform

The decomposition of a signal into a collection of basis functions made up

of contractions, expansions, and translations of a mother Wavelet function

ψ(t), referred to as the Wavelet Transform (WT). The Wavelet reduction

method is based on the multi-resolution signal decomposition method devel-
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oped by (101).The Wavelet Transform is an efficient noise reduction tech-

nique. It is employed to decompose a signal into scaled and shifted repre-

sentations of specific Wavelets. There are Wavelet families that can be used.

Two filters are used in the decomposition process, convolving the input sig-

nal and subsequently decimating it into detail coefficients (high frequency

component) and approximation coefficients (low frequency component). The

procedure is carried out repeatedly until a final level is attained. At each

level, the approximation coefficient is used to decompose the original data n

times. A graphic representation of the breakdown process at each stage is

provided in figure 2.11.

Figure 2.11: Wavelet decomposition (9)

The Wavelet Transform technique is employed for both temporal and

frequency domain analysis. At different frequency bands, the original signal

is divided into a large number of components. The wavelet Transform of a
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signal x(t) is defined as:

X(a, b) =
1√
a

∫ +∞

−∞
x(t)ψ

(
t− b

a

)
dt (2.16)

Where the parameters and variables are defined as follows:

t: The time variable of the signal.

x(t): The input signal being analyzed in the time domain.

a: The scaling parameter (a > 0). It controls the dilation (stretching) or con-

traction (compressing) of the wavelet. Large values of a correspond to

a stretched wavelet (low frequencies, broad time window), while small

values correspond to a compressed wavelet (high frequencies, narrow

time window).

b: The translation parameter. It represents the time shift, moving the wavelet

along the time axis to analyse local characteristics of the signal at dif-

ferent time instances.

ψ(·): The mother wavelet, which serves as the prototype transform func-

tion. The term ψ∗(·) denotes its complex conjugate (used if the mother

wavelet is complex-valued).

X(a, b): The resulting wavelet coefficients, representing the correlation be-

tween the signal and the shifted, scaled mother wavelet.

In this thesis, the Wavelet Transform serves as a dual-purpose mecha-

nism to overcome the temporal averaging limitations of traditional spectral
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analysis by synthesizing Mel Frequency Wavelet Coefficients (MFWCs) (Ap-

pendix A), while also providing data reduction to manage the high dimen-

sionality of time-domain reservoir processing (Appendix B).

2.7. Audio Signal Analysis Using Reservoir

Computing

Audio processing is fundamentally a challenge of temporal modelling because

sound is never a static data point rather, it is a sequential transmission of

vibrations. Within the landscape of artificial intelligence and digital signal

processing, Reservoir Computing has established itself as a transformative

framework for managing temporal data. While conventional deep learning

models—such as those used for high-end generative tasks—rely on exhaus-

tive, multi-layer training (102), they often face significant hurdles when ap-

plied to real-time audio. Traditional Recurrent Neural Networks are fre-

quently utilized for their ability to remember sequential information. How-

ever, the training of these networks is notoriously inefficient. The require-

ment to optimize every internal connection through back-propagation results

in high energy consumption and the persistent risk of gradient-related insta-

bility (103). RC decisively resolves these inefficiencies by maintaining a fixed

internal architecture, shifting the entire learning burden to a single output

layer. This structural choice ensures that the system is not only faster to

deploy but inherently more stable for processing the continuous, fluctuating

streams of data that define modern audio.

In the literature, Reservoir Computing has been prominently applied to
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audio processing tasks that involve temporal modelling and classification,

leveraging its core strength in processing sequential data with minimal train-

ing complexity. A canonical example is speech recognition. When we speak,

our voices produce a raw wave of sound, but this wave is often too messy

for a computer to handle directly. Usually, we simplify the sound into a

map called Mel Frequency Cepstral Coefficients, which highlights the parts

of the sound that the human ear cares about the most. The raw or prepro-

cessed audio signal (e.g., Mel-Frequency Cepstral Coefficients) is fed into the

reservoir’s recurrent network of randomly connected nodes (99). The high-

dimensional and transient dynamics of the reservoir nonlinearly project the

temporal audio patterns into a spatial state, making it easier for a simple

linear readout layer to classify phonemes or words. This approach avoids the

computationally expensive process of training the entire recurrent network,

as only the final readout layer is trained, often with ridge regression. Re-

search has demonstrated successful applications in isolated digit recognition

and speaker identification, showcasing RC’s effectiveness even with modestly

sized reservoirs.

Building on these principles, RC has been applied to more complex au-

ditory scene analysis problems, including sound event detection and classi-

fication. Unlike speech, general audio scenes comprise overlapping events

from diverse sources. Techniques like Deep Echo State Networks stack mul-

tiple reservoir layers to create a hierarchical temporal feature extraction

pipeline (104). In this layered system, the first reservoir handles the quick,

tiny details of the sound. It then passes its information up to the next reser-

voir, which looks for patterns that take a bit longer. This stacking method



60 Background

makes Reservoir Computing model long-term dependencies in speech more

effectively than shallow reservoirs (105)

A particularly promising research direction is the hardware implementa-

tion of reservoirs for ultra-low-power, always-on audio processing. The fixed

nature of the reservoir layer makes it ideal for implementation on neuromor-

phic hardware, FPGAs, or using memristor (106) arrays. These physical

reservoirs can process audio signals with extreme energy efficiency, enabling

applications like keyword spotting on edge devices without constant cloud

connectivity. Research in this area focuses on mapping the reservoir dynam-

ics directly onto physical substrates (73), where the computation is performed

using the inherent properties of the hardware, leading to massive gains in

speed and power reduction (14).

Overall, Reservoir Computing offers an appealing framework for tackling

challenging non-linear audio processing problems and may be used as an extra

tool in a variety of signal processing and classification applications (107).

The network is essentially temporal due to recurrent reservoir connections,

making it particularly advantageous for audio processing. In comparison to

other non-linear models, they frequently have a significantly lower computing

complexity and are fairly simple to use. They are also resistant to changes

in parameter values (108).

2.7.1. The Reservoir Computing Framework for Acous-

tic Analysis

A strong temporal component can be seen in many difficult computing prob-

lems (109). Recurrent neural networks (RNNs) are well adapted to handle
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Figure 2.12: Audio signal processing using Reservoir Computing

pattern classification and regression applications with a high temporal com-

ponent. However, the gradual convergence of the majority of present learning

rules makes their implementation difficult. The use of reservoirs provides a

convenient solution to this issue. Reservoir Computing (RC) is increasingly

being used as a conceptually simple yet powerful method for temporal pro-

cessing (110). Reservoirs are increasingly being used for audio applications

like acoustic modelling, automatic speech recognition, etc. A reservoir sys-

tem that can identify the fundamental sounds of continuous speech has been

developed in a short amount of time. The system already performs at a

cutting-edge level, but there is indication that there is still room for major

improvement
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The figure 2.12 shows the steps involved in speech signal processing using

a reservoir computer. Noise is removed after pre-processing the raw speech

samples. The reservoir receives extracted and processed features as inputs.

Pre-processing

The raw audio signal needs to be pre-processed. It is important to detect

signal in the presence of noise. A speech signal consist of voiced part, un-

voiced part and silence part in them. It is important to remove silence part

from signal. In most of speech processing usually a Short frame is analysed

at a time so we need to window the signals to short processable frame, all

these processing is generally referred to as pre-processing stage.

Feature Extraction

The acoustic features are contained in frequency domain rather than am-

plitude of time varying signals. As a result, to extract features from the

audio signals, several frequency decomposition techniques are typically ap-

plied. By altering the parametric representation of the speech waveform at

the lowest data rate, features are extracted for further processing and anal-

ysis. Numerous biologically realistic signal processing algorithms have been

documented in the literature, including MFCC (Mel Frequency Cepstral Co-

efficient), Lyon Passive Ear, and Inner Hair Cell models, etc (92) (98). A

detailed comparison is provided by (111), (109). The purpose of feature

extraction is to illustrate a speech signal by predetermined number of com-

ponents of signal. This is because all information in acoustic signal processing

is cumbersome to deal with and some information is irrelevant to the task
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performed on signal. The method of feature extraction involves converting

the speech waveform into a parametric representation at a significantly lower

data rate for further processing and analysis.

Reservoir Dynamics

Reservoirs are made use for implementing the application like speaker verifi-

cation, Speaker identification, speech classification etc. RC offers a paradigm

for using a dynamical system as a reservoir to compute complex functions.

The RC framework may be applied in many of the same circumstances as

recurrent feed-forward neural networks and is perfect for the processing of

dynamic, temporal real-time inputs (18). Additionally, RC has benefits like

fault tolerance and the ability to learn from a time-varying input through

a dynamic reservoir that results in a higher-dimensional representation of

the signal through non-linear transformation, where different points on the

reservoir are measured and linearly combined to reproduce any output sig-

nal (112).

Separation and approximation are two crucial characteristics that must

be included in a stable reservoir model. The readout function’s capacity to

categorise the state vectors sampled from the reservoir is referred to as a

readout function’s approximation property (30). The ability to distinguish

between two different input sequences is referred to as the separation prop-

erty. This is significant since a decent classification accuracy requires the

readout network to be able to distinguish between two distinct input pat-

terns. The readout network will not be able to distinguish between the two

patterns and will therefore be unable to categorize which pattern belongs to
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a given class if the output responses of a reservoir for two different inputs

are the same. The size of the reservoir, node type, likelihood of local and

global connections, and other significant elements all play a role in the vast

design space for building a stable reservoir. Other elements, such as input

features that are utilised to disturb the reservoir, in addition to the intrinsic

dynamics of the reservoir, affect a reservoir’s overall performance. A stable

reservoir’s short-term memory capacity (72), which depends on a variety of

variables including membrane threshold, reset voltage, and leaky integration,

is another important component. The advantage of bigger reservoirs is that

they increase the dimensionality of the reservoir states and data becomes

more visible to the readout neurons (113).

2.8. Related Work

The application of non-linear state models to temporal signal analysis has a

long history, particularly when using sequence-based models to handle the

high variability found in human speech. (114). This empirical evaluation

reveals a clear distinction between heavy, iterative gradient-based deep ar-

chitectures and resource-frugal, bio-inspired dynamical substrates.

Traditional architectures establish high-accuracy baselines for sequence

modelling tasks but remain constrained by severe computational overheads.

Multi-layer Convolutional Neural Networks (CNNs) and deep Residual Net-

works (ResNets) are frequently applied to speech classification by handling

hand-crafted spectrogram configurations (102), (115). However, their mas-

sive parameter profiles - often scaling between 2 and 20 million trainable

connections - require substantial gradient update cycles during training.
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To overcome static window constraints, Recurrent Neural Networks (RNNs)

and Long Short-Term Memory (LSTM) networks are widely used to maintain

long-term contextual continuity (116). Yet, optimizing these recurrent con-

nections through standard Backpropagation Through Time (BPTT) intro-

duces vanishing and exploding gradient instabilities, alongside high memory

bottlenecks that make real-time, low-power edge deployment difficult.

To lower these active training demands, neuromorphic computing paradigms

shift the processing mechanism toward asynchronous, event-driven dynam-

ics. Bio-inspired structures like Spiking Neural Networks (SNNs) and Liquid

State Machines (LSMs) use randomly connected internal topologies where

weight transformations are restricted to a localized or linear readout layer (109), (1).

While these models achieve highly energy-frugal operating profiles on edge

devices, they often experience a precision penalty when forced to handle con-

tinuous acoustic transients via non-differentiable spiking transformations (117).

To bridge this precision-efficiency gap, Reservoir Computing (RC)—formalized

via Echo State Networks (ESNs) and structured filter networks—isolates the

entire optimization process to a simple linear readout layer, leaving the high-

dimensional internal recurrent substrate fully fixed (52), (108). In standard

software frameworks, hierarchical and deep reservoir networks operating over

pre-computed Mel-Frequency Cepstral Coefficients (MFCCs) achieve high

classification performance (118), (105).

Recent advancements have expanded the general research landscape by

implementing these dynamical properties directly within unconventional hard-

ware media. For example, all-optical and optoelectronic delay-loop reservoirs

leverage light-wave modulation through a single physical non-linear node
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with delayed feedback, significantly expanding processing speeds for acoustic

tasks (119), (120). Similarly, physical hardware implementations using dy-

namic memristor networks, superconductor devices, and mechanical strain

within piezoelectric (PZT) substrates demonstrate that intrinsic material dy-

namics can passively extract complex, non-linear speech components without

traditional digital domain transforms (106), (121), (122).

Our time-domain Reservoir based framework builds on these foundations.

Rather than relying on rigid, resource-intensive Fourier, Mel-filterbank, we

show that software-based reservoirs can be configured to perform intrinsic

time-domain feature convolutions and mimic acoustic cepstral outputs na-

tively, matching the accuracy of multi-layer monolithic pipelines while dras-

tically cutting down operational overhead.

A comprehensive mapping of these modern architectural paradigms, eval-

uated across Ti-46 and Audio MNIST datasets, is summarized in Table 2.1.

Method FFT Required Filterbank Parameters Time Domain Parallel Filters
CNN / ResNet Yes Explicit High No Yes
LSTM Networks Yes Explicit High No No
AudioNet Yes Explicit High No Yes
Liquid-SNN / LSM No Spiking Moderate Yes Implicit
Piezoelectric Cube No Physical strain Low Yes No
Standard RC Yes Explicit Low No Yes
Reservoir method (Mimic) No Reservoir dynamics Very Low Yes Implicit
Reservoir method (Convolution) No Reservoir dynamics Very Low Yes Implicit

Table 2.1: Complexity and Architectural Comparison of Feature Extraction Meth-
ods

2.8.1. Key Exploration of RC in Audio Processing

We are focusing on current exploration areas in Reservoir Computing. These

exploration paths aim to move us away from traditional, power-hungry soft-

ware toward systems that are as lean and adaptive as biological ears.
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Breaking the Feature Bottleneck with Resource-Efficient RC:

Recent research, particularly in the context of Neuromorphic Computing and

Physical Reservoir Computing (PRC), has identified the feature extraction

bottleneck as the key hurdle for true resource efficiency. The goal is now

to utilize the inherent non-linear dynamics of the reservoir to perform the

feature extraction function itself.

Direct Temporal Processing in Hardware: Modern work in physical

RC, leveraging technologies like dynamic memristors or photonic systems,

aims to implement the RC core in hardware that naturally processes signals

in the temporal domain (123). These systems, by their physical nature,

perform the necessary non-linear transformation directly on the input signal,

bypassing the need for digital FFT or DCT computation entirely (124).

Deep and Hybrid RC: To boost performance and simplify implementa-

tion, researchers are investigating Deep Reservoir Computing (DRC), where

multiple reservoirs are stacked or connected in sequence. This approach

maintains the training simplicity of RC while enhancing representational

power, and is actively being explored in high-speed platforms like photonic

systems for speech recognition (125).

Efficient Multi-Tasking: The inherent fixed-weights architecture of

the RC reservoir is uniquely suited for multi-task learning, where a single,

costly transformation (the reservoir) is shared across multiple linear readouts

trained for distinct tasks (50). This framework minimizes the total parameter

count and training time compared to training multiple specialized deep neural

networks.

Building on these exploration areas, we examine how our specific approach
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redefines the standard processing pipeline.

2.9. The Audio Processing Bottlenecks and

the Reservoir Computing Alternative

The efficient processing of sequential, time-varying data is a cornerstone of

speech and audio technology. For decades, the dominant paradigm has re-

lied on a two-stage pipeline: first, the conversion of raw audio into a hand-

engineered, perceptually-motivated feature representation. Second, the ap-

plication of a statistical or neural model for classification or regression. While

effective, this paradigm suffers from inherent computational bottlenecks and

information loss, which become critical in low-power, edge-computing scenar-

ios. Deep neural networks, particularly Recurrent Neural Networks (RNNs)

and their variants (LSTMs, GRUs), possess strong sequence modelling capa-

bilities but, their extensive training time and computational cost necessitate

the exploration of simpler, yet effective alternatives. Reservoir Computing

(RC), underpinned by the Echo State Network (ESN) (51), emerged as a

potent solution, significantly reducing training complexity by keeping the

large recurrent layer fixed and training only the linear output layer. This

work traces the evolution from traditional feature extraction to modern end-

to-end deep learning, culminating in the argument for Reservoir Computing

(RC) as a uniquely efficient framework capable of unifying feature extraction

and temporal modelling.
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2.9.1. Traditional Feature Dependence in Audio Pro-

cessing

For many years, the strong performance of speech and audio technology has

been based on the fundamentals of human auditory perception, which has

resulted in a well-established reliance on manually created, frequency-domain

features. The standard was established by the groundbreaking work that led

to Mel Frequency Cepstral Coefficients (126), (47), which focused on the non-

linear connection between perceived frequency and real frequency (the Mel

scale) in order to capture acoustic information pertinent to human hearing.

Though useful for invariant acoustic modelling, this multi-stage processing

pipeline is a significant source of computing complexity and information loss,

which hinders modern low-power applications (45).

The MFCC process is inherently complex. In this context, computational

complexity refers to the high execution cost and resource demands measured

by the sheer volume of mathematical operations —specifically floating-point

operations— and memory accesses required per unit of time. This repetitive

cycle of domain transformations creates a substantial computational bur-

den; for continuous audio, the FFT must be calculated thousands of times

per second. Recent research into hardware acceleration indicates that these

initial stages—the FFT and filter bank—often account for more than half

of the total processing time. Consequently, this high operational complexity

manifests as increased processing latency and power consumption, necessitat-

ing sophisticated hardware workarounds and memory optimization to make

feature extraction feasible on resource-constrained edge devices.

Beyond the cost of computation, the traditional methodology also causes
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an irreversible loss of temporal fidelity. When a signal is windowed and

transformed into the frequency domain, precise time-localized features are

damaged by nature. This makes it nearly impossible to resolve rapid audi-

tory events that are crucial for tasks requiring precise temporal alignment.

Because the features supplied to the subsequent sequence models are already

temporally averaged, the resolution of the entire system is fundamentally

limited by the very first steps of the processing chain.

The traditional RC applications treated the input features as externally

generated, thereby inheriting the high cost and temporal information loss

associated with time-to-frequency domain conversion, which is a major con-

straint in high-speed and neuromorphic hardware implementations (48). This

reliance on pre-computed spectral features essentially forces a dynamic sys-

tem to ignore the continuity of the acoustic waveform.

The Reservoir acts as a continuous filter that retains the nuances of the

raw signal, bypassing the need for rigid, power-hungry transformations. Our

work specifically addresses critical gap by demonstrating that, ESN can func-

tion as an intrinsic feature extractor. This methodology is distinct because

it is designed to achieve the computational efficiency and temporal fidelity

of the best modern neuromorphic RC systems, but without requiring spe-

cialized hardware, thus offering a universally applicable alternative to the

traditional feature dependence.

2.9.2. End-to-End Audio Processing

This feature dependence has recently been challenged by the deep learn-

ing community. The concept of end-to-end speech processing (127) has
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gained prominence, where models attempt to learn the feature representa-

tion directly from the raw audio waveform, bypassing all conventional pre-

processing. Early attempts showed promise using large CNNs followed by

LSTMs (128). More recent work, leveraging advanced architectures, has

confirmed that features learned directly from the waveform can outperform

MFCCs, particularly in multi-task scenarios (129).

However, this shift primarily relocates the computational burden rather

than eliminating it. The models required to learn these complex transforma-

tions directly from raw data are typically extensive, demanding significantly

more training data, parameters, and energy than traditional systems (130).

Additionally, these end-to-end deep learning pipelines often function as un-

interpretable black boxes where continuous raw audio waveforms are fed into

millions of heavily optimized parameters. While the final classification output

may be accurate, tracing how or why the network extracted specific phonemes

or speaker identities from the raw audio waves remains structurally obscured.

Consequently, there remains a clear need for a methodology that captures

the rich dynamics of raw audio without the complexity and high training

overhead associated with deep, monolithic network architectures.

Our work attempts to bridge this gap by offering the simplicity and effi-

ciency of the RC framework while overcoming the significant temporal and

computational constraints of conventional feature dependence. By harness-

ing the non-linear dynamics of the ESN in the time domain, we attempt to

develop features that preserve temporal integrity, offering a true alternative

to both the complex MFCC pipeline and the resource-intensive large-scale

end-to-end deep learning models.
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2.9.3. Novelty of the Time-Domain RC Feature Ex-

tractor

Our work presents the Reservoir Computing Time-Domain Feature Extractor

(RC-TDFE), which is a significant divergence from current approaches in

both modern deep learning and conventional signal processing. By applying

the Echo State Network architecture to function as an end-to-end feature

generator on raw audio waveforms, we directly address the shortcomings of

traditional processing. In order to overcome the two constraints of computing

expense and temporal inaccuracy, this strategic change makes use of the

inherent qualities of RC.

• Direct and Intrinsic Time-Domain Operation: By removing the

requirement for external signal processing modules, reservoir-based time

domain feature extraction creates a pipeline that is genuinely sim-

pler. Our approach entirely avoids all intermediary domain conversions

(FFT, filter-banks, DCT), in contrast to approaches that depend on the

computationally costly and temporally distorting time-to-frequency-to-

cepstrum transformations (131). The time-domain input is quickly con-

verted into a high-dimensional state space by the fixed, non-linear reser-

voir, where the activations operate as the intrinsic audio features. The

speed, low latency, and low power required for effective neuromorphic

applications are directly obtained by this core simplification (53), (124).

• Irreversible Temporal Information Loss Mitigation: The RC-

TDFE naturally avoids the temporal blurring brought on by the win-

dowing and frequency transformation processes because it only works
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in the time domain. In contrast to traditional feature sets, this guaran-

tees the mitigation of irreversible temporal information loss (46). For

complicated tasks like phoneme border identification and forced align-

ment, the reservoir’s fading memory characteristic enables it to capture

important temporal context while preserving high temporal fidelity.

• Neuromorphic Alignment and Resource Efficiency: This ap-

proach is perfectly aligned with the emerging paradigm of neuromor-

phic hearing. The ESN, as a biologically inspired recurrent mecha-

nism, efficiently captures acoustic information using only simple linear

regression for training the readout layer. This dramatically reduces the

burden of training enormous deep learning models (129). By transform-

ing the most complex task (feature generation) into a highly efficient,

fixed computation, our work offers a lightweight, scalable, and resource-

efficient foundation for next-generation, real-time auditory processing

hardware.

The work successfully closes a critical gap in the literature by demonstrat-

ing that Reservoir Computing can serve a dual role: not just as an efficient

sequence modeller (its traditional application), but also as a lightweight, in-

trinsic audio feature extractor. This is achieved by configuring the Echo

State Network to operate end-to-end on raw audio waveforms.

This integration produces a processing pipeline that is extremely stream-

lined, low-latency, and resource-efficient. The research goes beyond simply

optimising current techniques by removing the key bottlenecks of traditional

methods by enabling the Reservoir Computing based Time-Domain Feature
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Extractor to produce features directly. In particular, it avoids MFCCs’ com-

putationally costly and temporally distorted time-to-frequency conversions

(such as the FFT). For tasks that call for precise alignment, this guarantees

the preservation of temporal integrity. In the conclusion, the study devel-

ops a new end-to-end paradigm for audio signal processing that is inherently

appropriate for neuromorphic, energy-efficient applications.



3
Dataset and Experiments

3.1. Dataset

We conducted our preliminary experiments using the TI-46 corpus, subse-

quently validating and substantiating our findings through the significantly

more extensive and diverse Audio MNIST dataset. This tiered approach al-

lowed for initial model tuning on a controlled, high-fidelity dataset before

testing scalability and robustness against a larger variety of acoustic profiles.

The TI-46 Corpus

The TI-46 corpus is a foundational speech dataset collected by Texas

Instruments in 1980 and distributed through the Linguistic Data Consor-

tium (LDC). It contains approximately five hours of isolated spoken words

recorded by 16 speakers (eight males and eight females). The vocabulary is

comprised of 46 words: the digits 0–9, ten operational control words (e.g.,

’enter’, ’erase’, ’start’, and ’stop’), and the 26-letter English alphabet.

The data was originally captured in a sound-isolated acoustic enclosure at

a 12.5 kHz sampling rate with 12-bit quantization. Because of its high signal-

to-noise ratio and clean labelling, TI-46 is a primary benchmark for evaluat-

ing speaker-dependent and speaker-independent recognition algorithms. In

our study, it provided a precise environment to establish baseline performance

https://catalog.ldc.upenn.edu/LDC93S9
https://catalog.ldc.upenn.edu/LDC93S9
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metrics.

The Audio MNIST Dataset

To ensure the generalizability of our results across broader demographic

variations, we utilized the Audio MNIST dataset (132). Inspired by the clas-

sic MNIST handwritten digit benchmark, this open-source collection consists

of 30,000 audio recordings of English digits (0–9). The dataset represents a

significant increase in scale and diversity compared to TI-46, featuring 60

different speakers of various ages, genders, and regional accents, with each

participant providing 500 samples.

Audio MNIST is typically provided at a 48 kHz sampling rate, offer-

ing a high-density feature set suitable for deep learning architectures. It is

particularly effective for training Convolutional Neural Networks (CNNs) us-

ing two-dimensional spectrogram representations or Mel Frequency Cepstral

Coefficients (MFCCs). The inclusion of detailed speaker metadata allows re-

searchers to perform rigorous cross-validation for both digit classification and

speaker identification tasks. This dataset is publicly accessible via Kaggle

and the original GitHub repository. By validating our initial findings against

this larger corpus, we ensured that our proposed model maintains high ac-

curacy and robustness when faced with the natural variability inherent in

human speech.

3.2. Experiments

We start our experiments by analysing the usefulness of reservoir as a classi-

fier. Here we have used Mel Frequency Cepstral Coefficient as the feature for

the analysis. This experiment helps us to analyse the usefulness of MFCC as

https://www.kaggle.com/datasets/sripaadsrinivasan/audio-mnist
https://github.com/rs2224/AudioMNIST
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a feature in audio analysis as it is commonly used feature due to its ability

to mimic human audio processing system.(This is detailed in chapter 4)

Following the success of Reservoir Computing (RC) as a classifier, we eval-

uate RCs’ potential as a biologically inspired ’ear’ for front-end feature ex-

traction. We investigate whether the reservoir’s high-dimensional, non-linear

dynamics can autonomously project raw audio into feature spaces analogous

to Mel Frequency Cepstral Coefficients (MFCCs), thereby bypassing tradi-

tional signal processing overhead.

In first experiment, we design a reservoir to replicate the behaviour of

the MFCC coefficients generated by Matlab’s standard function. A primary

challenge is the high dimensionality of the raw audio signal, which created sig-

nificant computational constraints. To address this, we implement a window-

ing mechanism to segment the non-stationary speech into quasi-stationary

frames. (This is detailed in chapter 5)

In our second approach, we model a reservoir to perform direct convolu-

tion between the raw audio signal and synthesized time-domain equivalents

of a Mel Filter-Bank. This methodology is grounded in the signal processing

principle that frequency-domain filtering—the core of the MFCC extraction

process—is mathematically equivalent to convolution in the temporal do-

main. Since reservoirs are inherently dynamical systems optimized for time-

series data, we exploit this property to extract spectral energy without the

computational overhead of a Fourier Transform.

To implement this, we synthesize the time-domain equivalent of Mel

Filter-Banks by analytically decomposing each triangular frequency-domain

filter into its constituent spectral components. By precisely parametrizing a
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series of sine waves and applying the principle of superposition, we generate

complex oscillating waveforms that function as temporal impulse responses.

The raw audio signal is then convoluted with these synthesized signals, allow-

ing the reservoir’s internal fading memory to capture the evolving spectral

characteristics of the speech. This approach effectively transforms the reser-

voir into a hardware-friendly, real-time auditory processor that preserves the

phase and temporal nuances often lost in traditional spectral analysis.

But the biggest challenge of this experiment is data reduction. We have

explored a great range of data reduction method. We first tried methods

like max/min pooling, mean, peak to peak, absolute max,matrix- dimension

reduction methods, Wavelet Transform etc. Among them Wavelet methods

showed best performance. But since it takes away the whole essence of our

experiment to simplify audio signal processing, we have decided to highlight

on simple data reduction methods. Among the simple methods, Peak to

peak and absolute max pooling have given better performance. We have

been using one reservoir to extract 14 MFCC coefficients by training 14

output layers separately. To improve the performance we are also training 14

individual reservoirs (smaller reservoirs), each tuned individually to produce

each coefficient. (This is detailed in chapter 6)

While experimenting for data reduction we have found that a combination

of MFCC and Wavelets are best in audio signal analysis. There are many

literature that explores the potential of these two features. In the state of art

method of extraction of Wavelet based Mel Frequency coefficient, Wavelet

Transform is done prior to MFCC part or after MFCC part. In either case

the whole step of calculation of both MFCC and Wavelet Transform is done
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to obtain the Wavelet Transform based Mel-scaled feature extraction. This

makes the whole process complicated. So we develop an approach which, uses

the time domain feature extraction method to extract the Mel Frequency

Wavelet Coefficient, reducing the method’s complexity and increasing its ef-

ficiency. The time-domain capability of a Reservoir Computing technique is

also made use to improve the performance of the entire system. In MFCC

extraction process we use a reservoir to implement the convolution process.

here, since there is cosine and sine convolution the all-round classification effi-

ciency reduces if we are using a reservoir for feature extraction. Hence we are

only using a reservoir for classification purpose. (Therefore this experiment

is included as appendix.A)

Followed by these experiments we have also thought of exploring the po-

tential of Reservoir Computing in audio analysis without a feature extraction

stage or in other words feature-free audio analysis.

Building upon our initial benchmarks, we explore the potential of Reser-

voir Computing (RC) as a framework for efficient audio analysis. A key

motivation for this study is the elimination of the traditional feature extrac-

tion stage (e.g., MFCC) in favour of feature-free audio analysis. By feed-

ing raw temporal signals—dimensionally reduced through simplified tech-

niques—directly into the dynamical system, we leverage the reservoir’s in-

herent ability to project input sequences into a high-dimensional state space.

In this capacity, the reservoir functions as a natural, non-linear temporal fil-

ter. We have intentionally utilized simple dimensionality reduction methods,

such as absolute max pooling or peak to peak, to preserve the core objective

of our study, maintaining a streamlined, efficient processing pipeline that
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does not rely on complex pre-processing transformations.

In our first approach, we utilize a standard Echo State Network (ESN)

configuration. The (dimensionally reduced) raw audio waveform is injected

into a single, large-scale reservoir consisting of randomly interconnected neu-

rons with fixed weights. This method relies on the Echo State Property,

where the current state of the reservoir x(t) is a non-linear function of its pre-

vious state and the current input u(t). The primary advantage of this single-

reservoir approach is its computational efficiency. Since only the weights of

the linear readout layer are trained the system avoids the vanishing gradient

problems associated with traditional Recurrent Neural Networks (RNNs).

This allows for the rapid processing of the temporal dependencies present in

the TI-46 and Audio MNIST digits without the overhead of pre-computed

audio features.

To capture the complex, multi-scale temporal dynamics inherent in hu-

man speech, we have also explored the Deep Reservoir Computing concept.

Unlike the single-layer approach, Deep Reservoir Computers consists of a hi-

erarchy of stacked reservoirs where the state of one layer serves as the input

for the subsequent layer. Specifically, we implement the Parallel feature-free

Reservoir Computing (PFRC) approach. This architecture functions as a

multi-resolution ensemble, processing the raw data through multiple parallel

reservoir pathways to simultaneously capture various temporal perspectives.

By decoupling the signal across different layers and pathways, the PFRC can

effectively represent audio input, providing a more robust and comprehensive

analysis of the audio signal. (This is detailed in chapter 7).

A comprehensive discussion and comparative analysis of the methods are
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presented in Chapter 8.



4
Reservoir Computing for Audio Classification

This chapter evaluates the capability of Reservoir Computing (RC) to classify

audio signals using features extracted through conventional signal processing

methods. By establishing this baseline, we aim to determine how effectively

the reservoir’s dynamical mapping can categorize acoustic data when pro-

vided with standard pre-processed inputs.

The classification stage serves as the final component of our end-to-end

Reservoir Computing (RC) architecture. Following feature extraction—conducted

either by a time-domain RC reservoir (RC-1) or a Matlab-based MFCC func-

tion—the resulting data is processed by a dedicated RC Classifier (RC-2) to

produce the final output. This architecture is designed to validate the effi-

cacy of the generated features by performing the core tasks of audio signal

processing: digit recognition and speaker recognition.

4.1. Classification Architecture and Feature

Inputs

Our investigation models the classification stage as the final decision-making

layer, confirming that the entire pipeline can be unified within the RC frame-

work. The classifier reservoir operates in a supervised manner, where its in-
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put is the feature vector generated by the preceding stage—either the novel

RC based features (for system validation) or conventional MFCC features

(for baseline comparison).

The classifier is utilized to perform two crucial validation tasks, reflecting

the dual information embedded in speech:

1. Digit Recognition: The classifier reservoir maps the feature vector

to one of ten phonetic classes (the digits 0 to 9), validating the feature

set’s fidelity to phonetic content

2. Speaker Recognition: The classifier reservoir maps the feature vec-

tor to the class representing the specific speaker, validating the feature

set’s fidelity to individual acoustic characteristics.

4.2. Experimental Setup and Optimization

To provide a thorough and objective assessment in comparison to the recog-

nised classification benchmarks, the experimental configuration for the clas-

sifier reservoir was standardised. Figure 4.1 illustrates the classification

pipeline where features are input into the reservoir.

The input preparation involves calculating the MFCC of each digit ut-

terance and then concatenating these features of the utterance into a single,

continuous input sequence. This sequence is fed to the reservoir, allowing the

network to utilize its temporal memory to differentiate between sequential

information embedded within the features. For instance, in cross-validation

setups (like the 5-fold cross-validation used on smaller corpus), the input

matrix is structured to maximize the network’s exposure to diverse training
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samples.

4.2.1. Reservoir Parameters

The specific parameters for the classifier reservoir are tuned for optimal per-

formance in sequence classification:

• Node Count: The reservoir is composed of 400 nodes, providing

sufficient non-linear dimensionality for complex state mapping while

maintaining computational tractability.

• Spectral Radius (ρ): The spectral radius of the recurrent weight

matrix (Sx.Wres) is scaled precisely to ρ = 0.8. This setting scales the

largest eigenvalue of the network to govern global stability and sustain

the echo state property while preventing chaotic state divergence.

• Sparsity: A sparsity of 80% is implemented (connections established

with a 20% probability). This promotes diverse, decoupled temporal

dynamics within the network while conserving physical resource re-

quirements.

• Leakage Rate (α): A leakage rate (Sx.leak) of α = 0.3 is utilized.

This parameter controls the exponential decay rate of the nodes, dic-

tating the balance between the network’s short-term memory capacity

and its fast responsiveness to incoming input signals.

• Washout: A washout period of 50 time steps is applied. This

initial portion of the state matrix is discarded during training to ensure

that the linear readout utilizes only stable, fully developed internal

trajectories, eliminating initialization transient effects.
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• State Update Dynamics: The discrete-time state transitions of the

leaky Echo State Network are governed by the following non-linear

activation equation:

X(i+ 1) = ((1 − Sx.leak) ·X(i)) + Sx.leak · tanh
((
X(i) · Sx.Wres

)
+
(
u(i) · Sx.Win

))
(4.1)

where X(i) is the internal reservoir state at time step i, u(i) is the

input vector, Sx.Win represents the input weight matrix, and Sx.Wres

denotes the recurrent reservoir weight matrix.

• Input Weight Scaling: To guarantee bounded, balanced input scal-

ing, the raw input weight matrix Win is normalized and scaled sym-

metrically into the [−1, 1] range via the min-max operation:

S.Win =

(
Win −mn

mx−mn
· 2

)
− 1 (4.2)

where mn and mx denote the minimum and maximum boundaries of

the input weight matrix.

This standardized configuration of the classifier reservoir provides the

essential benchmarking platform. The final evaluation of our entire method-

ology hinges on demonstrating that the features generated by the novel reser-

voir based feature extractor can drive this classifier reservoir to achieve per-

formance metrics that are competitive with or superior to those achieved

using conventionally extracted MFCC features.
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Figure 4.1: Reservoir is used as a classifier after pre-processing using MFCC

4.3. Experimental Methodology

This section details experimental methodology and analysis employed to de-

termine the accuracy and reliability of the Reservoir Computing (RC) system

when operating as a classifier reservoir. The primary goal was to obtain sta-

tistically robust performance metrics for both digit recognition and Speaker

Recognition across two diverse datasets: the controlled TI-46 dataset and

extensive Audio-Mnist dataset.

4.3.1. Methodology for Statistical Robustness

We used a strong two-tiered validation approach to guarantee that the re-

ported classification accuracy was statistically reliable and reduced potential

bias:

1. 5-Fold Cross-Validation: We apply the standard 5-fold cross-validation

technique. Four of the dataset partitions are used for training, while

the remaining one is kept aside for blind testing, therefore the classifier

reservoir is trained five times. Importantly, the classifier is evaluated

on the complete dataset following each training iteration in order to

evaluate the model’s full capabilities and potential for overfitting. As
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a result, we are able to compute performance measures for testing and

training accuracy independently.

2. Mitigation of Random Seed Effects: The entire 5-fold cross-validation

process is methodically repeated ten times, each time using a different

random seed for reservoir construction, in order to lessen the impact of

the random initialisation of the reservoir’s internal weights. For both

training and testing accuracy across each classification task, this yields

a total of 50 independent performance measures (5 folds × 10 repeats).

4.4. Performance Measurement and Visual-

ization

For both the training and testing stages, the main performance metric—the

percentage of accurate utterance—is gathered from the total of 50 experi-

mental runs for each task and dataset. Box plots are then used to assemble

and visualise these statistics.

Figure 4.2 displays box plots showing the reservoir’s training and testing

performance as a classifier. These visualisations allow for immediate inter-

pretation of the system’s stability and generalisation capability:

The detailed analysis of these box plots confirms that the classifier reser-

voir achieves high accuracy and stability across both the digit and speaker

recognition tasks, validating the overall effectiveness of the RC-based feature

generation and classification pipeline.

It is important to note that since the classification task involves 10 distinct

classes, the baseline for a random guess is defined at 10%
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(a) Digit Recognition performance (b) Speaker Recognition performance

Figure 4.2: Performance of Reservoir as a classifier

Experiments
Digit Recognition Speaker Recognition

Ti-46 AudioMnist Ti-46 AudioMnist

Train Test Train Test Train Test Train Test

RC as classifier 100 99.37 98.24 98.09 79.43 72.15 79.90 79.38

Table 4.1: Summary of the result for Digit and Speaker Recognition using reser-
voir as a classifier

Models Accuracy (%)
LSM (109) 94.0
Liquid-SNN (133) 77.7
Reservoir Computing (MEMS)(134) 78
Reservoir- as classifier(method in the chapter) 99.36
Reservoir-based(Reservoir MFCC-Mimicking) 61.22
Reservoir-based(Time convolution) 91.82

Table 4.2: Comparison of Performance of models with Ti-46 dataset for digit
recognition

The tables 4.2 and 4.3 shows a comparison of the performance of differ-

ent audio signal processing methods using Ti-46 and Audio-Mnist datasets

respectively for digit Recognition.
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Models Accuracy (%)
CNN (135) 98.6
LSTM(135) 97.02
AudioNet(Deep-NN) (132) 92.53
Liquid-SNN (133) 82.65
Reservoir- as classifier(method in the chapter) 98.08
Reservoir-based(Reservoir MFCC-Mimicking) 60.82
Reservoir-based(Time convolution) 70.83

Table 4.3: Comparison of Performance of models with Audio-Mnist dataset for
digit recognition.

From figure 4.2, and tables 4.2 and 4.3, we can see how well the reser-

voir, which uses the MFCC Matlab function performs. This boxplot clearly

demonstrates the reservoir’s capacity to carry out classification and regres-

sion tasks with greater accuracy. It achieves a high score on the Ti-46 dataset

and on the more challenging Audio-MNIST dataset. More significantly, it ac-

complishes this feat with a fraction of the computational complexity typically

associated with high-performance audio classifiers, underscoring its efficacy

and practical potential. A comprehensive discussion and comparative anal-

ysis of the methods are presented in Chapter 8, table 8.1 and table 8.2.

4.5. Summary and Conclusion

The findings of this chapter confirm that Reservoir Computing a highly ef-

ficient alternative for audio signal processing. By establishing this baseline,

we have demonstrated that classifier reservoir can categorize acoustic data

with exceptional precision when supplied with standard pre-processed in-

puts. The RC-based classifier matches or exceeds the accuracy of traditional
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high-performance models while operating at a fraction of the computational

complexity. This underscores the practical potential of RC for real-time ap-

plications and edge-computing environments where computational resources

are at a premium. Ultimately, this chapter validates the reservoir’s dynamical

mapping as a sophisticated tool for modern acoustic feature classification.



5
Feature Extraction by Mimicking MFCC

Function

Building on the established success of Reservoir Computing as a classifier,

this chapter investigates reservoirs’ capacity to function as a biologically

inspired ear for front-end feature extraction. This study evaluates an al-

ternative approach to MFCC extraction that utilizes Reservoir Computing

to streamline the feature extraction process. We explore whether a reser-

voir’s high-dimensional, non-linear dynamics can generate acoustic latent

space representations, here specifically aiming to replicate the behaviour of

standard Mel-Frequency Cepstral Coefficients.

The conventional MFCC extraction pipeline, despite its high effectiveness,

suffers from inherent computational bottlenecks. These inefficiencies are di-

rectly caused by the pipeline’s mandatory reliance on sequential, resource-

intensive time-to-frequency transformations, most notably the Fast Fourier

Transform (FFT). The repeated execution of the FFT, along with subsequent

filter bank operations, introduces significant processing overhead and latency.

This severely constrains the ability to deploy sophisticated speech processing

systems on energy-limited edge devices and within low-power neuromorphic

hardware where energy efficiency is paramount.

The proposed method harnesses the reservoir’s high-dimensional states
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to efficiently map raw acoustic data into discriminative feature vectors. RC,

specifically implemented using an Echo State Network (ESN), known for its

ability to model complex, time-dependent signals efficiently due to its fixed,

randomly connected recurrent layer (the reservoir). By exploiting the inher-

ent temporal processing capabilities of these reservoir systems, we propose

a method to bypass the need for traditional frequency-domain conversions

entirely.

Our core hypothesis is that the complex, non-linear dynamics generated

within the fixed reservoir can be taught to implicitly perform the sophisti-

cated digital signal processing required for MFCC generation. Our architec-

ture thus demonstrates how reservoir computers can serve as highly efficient,

intrinsic feature extractors while simultaneously maintaining the crucial per-

ceptual fidelity and structural dimensions of standard MFCCs. This is a

critical distinction: we are not abandoning the perceptually sound MFCC

feature set, but rather eliminating the inefficient computational steps tradi-

tionally required to produce them. The objective shifts from calculating the

FFT and filter banks to training a simple, linear readout layer to extract the

desired feature from the reservoir’s rich internal state. We are specifically

investigating whether a reservoir can be precisely modelled to implement the

functions performed by every stage of the audio signal processing pipeline,

effectively condensing the multi-stage DSP pipeline into a single, efficient

computation. Our ultimate aim is to model a reservoir as a dedicated fea-

ture extractor that operates to mimic the output of the conventional MFCC

Matlab function, thereby dramatically simplifying this bottleneck stage of

audio signal processing.
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We present a complete, real-time audio processing framework built upon

the principle of feature mimicking. This methodology directly leverages the

inherent temporal processing capabilities of the Reservoir Computing RC

system to function as a unified processor. The framework showcases the

reservoir’s capacity to handle end-to-end signal processing—from raw wave-

form input directly to a compact feature vector output—with remarkable

accuracy.

5.1. MFCC Features with Reservoirs

This critical step is achieved by training the reservoir to precisely mimic the

output of a standard feature generator, such as the MFCC function. By

training the reservoir’s linear readout layer to map the internal recurrent

state to the ground-truth MFCC values, the system implicitly learns the

complex non-linear transformation required for feature extraction.

Crucially, because the reservoir is mapping the raw time-domain input di-

rectly to the MFCC equivalent, the architecture completely bypasses the need

for the traditional, multi-stage digital signal processing pipeline. This elimi-

nates the computationally expensive and time-consuming steps, such as the

Fast Fourier Transform (FFT), spectral filtering, and Discrete Cosine Trans-

form (DCT). Experimental results rigorously validate that our RC-based ap-

proach not only simplifies the computational workflow but also accurately re-

tains the critical acoustic features needed for robust speech recognition. This

innovation paves the way for a viable, low-power solution for implementing

sophisticated speech processing in resource-constrained environments. For

the pre-processing stage, we focused on the MFCC feature set, extracting
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Figure 5.1: Reservoir is used for end-to-end audio processing.

the first 14 MFCC coefficients from the speech signals. These 14 coefficients

represent the most essential short-term spectral features of the audio, effec-

tively capturing the characteristic shape of the vocal tract and serving as the

common standard for speech signal processing. To ensure the functionality,

robustness, and generalizability of our reservoir based time domain feature

extraction system, we conducted extensive comparative experiments utilizing

two diverse speech datasets: The TI-46 Dataset and Audio-Mnist Dataset.

To confirm correct functionality and better performance of our proposed

system, we conducted two primary sets of experiments: one focusing on

speaker recognition (identification) and the other on digit recognition (speech

content classification). The consistent performance of these experiments con-

firms that the proposed time-domain RC architecture can effectively replace

traditional digital signal processing pipelines. These results demonstrate

that reservoir-based feature extraction is a computationally efficient alterna-

tive capable of maintaining high classification accuracy without the need for

frequency-domain conversion.
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5.2. RC-Based MFCC Feature Extraction in

Time-Domain

This experiment implements a reservoir-driven architecture designed to map

raw audio directly to the Mel Frequency Cepstral Coefficient (MFCC) feature

space. By utilizing the inherent dynamical properties of the reservoir, the

system aims to replicate the traditional MFCC extraction pipeline without

relying on frequency-domain transformations. The focus of this implementa-

tion is to validate whether the RC system can maintain the representational

accuracy of standardized MFCC coefficients while operating entirely within

a time-domain framework.

5.2.1. Reservoir Training and Performance Validation

The initial phase focuses on training the reservoir system to accurately repli-

cate the MFCC algorithm. This is treated as a supervised learning task

where the target signal for the reservoir’s training is precisely defined by the

values calculated by the conventional Matlab MFCC function for the corre-

sponding audio sample. This ensures that the RC system learns to map the

raw waveform to a perceptually and structurally correct feature space.

To measure the fidelity and efficiency of the reservoir’s performance in

replicating the target coefficients, we utilize the Normalized Mean Square Er-

ror (NRMSE). The NRMSE quantifies the deviation between the reservoir’s

output and the analytical target, providing a standardized and reliable mea-

sure of prediction accuracy. The normalized mean square error of reservoir

1, which is trained to mimic the MFCC as calculated by Matlab’s function,
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is displayed in Table 5.1. The NRMSE value clearly emphasizes the ability

of a reservoir to mimic MFCC extraction.

MEL Mel 1 Mel 2 Mel 3 Mel 4 Mel 5 Mel 6 Mel 7

NRMSE-Ti 0.129 0.175 0.085 0.032 0.038 0.024 0.013
NRMSE-AMnist 0.130 0.176 0.083 0.038 0.044 0.026 0.016

MEL Mel 8 Mel 9 Mel 10 Mel 11 Mel 12 Mel 13 Mel14

NRMSE-Ti 0.018 0.015 0.013 0.015 0.013 0.014 0.009
NRMSE-AMnist 0.018 0.017 0.015 0.019 0.014 0.015 0.011

Table 5.1: NRMSE of Reservoir-1 extracting MFCC, based on 14 mel coefficients

The table 5.1 relies on two distinct dataset to validate the reservoir’s

capacity to emulate standard feature extraction algorithms : the TI-46 cor-

pus and the more extensive Audio MNIST dataset. Specifically, the tar-

get signals (ytarget) used to train the linear readout layer for table 5.1 are

precisely mapped in a supervised manner from the raw audio files to their

corresponding frequency-domain coefficients calculated via the conventional

Matlab MFCC function. The evaluation tracks the Normalized Mean Square

Error (NRMSE) across these datasets to ensure that the time-domain reser-

voir accurately tracks structurally correct feature profiles

5.2.2. End-to-End Processing Architecture

Our complete processing framework is designed for end-to-end efficiency. The

overall system involves a cascade of two reservoirs: First reservoir (feature

extraction reservoir) performs MFCC feature extraction, followed by a second

reservoir (classification reservoir) performing audio identification/verification

(classification) as shown in figure 5.1.
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A critical architectural consideration is the large disparity in the dimen-

sionality of the input and output signals. The raw audio data (input into

feature extraction reservoir is typically a long time series, denoted by the

size [N × 1] (where N is the number of audio samples). The corresponding

MFCC output (the output of feature extraction reservoir and input to classi-

fication reservoir is a compact feature matrix of size [M×14], where M is the

number of frames and the columns represent the 14 coefficients. Crucially,

N is significantly greater than M (N ≫M).

To manage the significant dimensionality reduction and ensure the reser-

voir operates efficiently, a precise windowing technique is applied. While

windowing is a foundational method for analysing non-stationary audio sig-

nals (90), preliminary experiments conducted in this research demonstrated

that a structured windowing approach is necessary to align the temporal

dynamics of the reservoir with the target feature set. Specifically, the raw

audio signal is segmented so that each resulting window, when processed by

the reservoir, corresponds to exactly one discrete data point (one frame) of

the MFCC coefficient output.

5.2.3. Windowing Strategy and Mathematical Deriva-

tion

To determine the appropriate window size for this time-domain segmenta-

tion, we adopted a method that establishes numerical equivalence with the

frame count of the standard MFCC function. We invert the standard MFCC

framing process to determine the required window size based on the final

frame count M .
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The first step is calculating the number of non-overlapping windows

(Nwindows) that the audio signal is divided into. We found that the standard

MFCC process, factoring in common frame overlap ratios (usually 50%),

often yields an effective number of non-overlapping frames that can be ap-

proximated by the equation:

Nwindows =
MMFCC + 2

2
(5.1)

where MMFCC is the total number of MFCC samples (frames) calculated

by the reference Matlab function. Once Nwindows is calculated, the precise

Window Size for the RC input is determined by dividing the total number of

audio samples (Saudio) by this number of effective non-overlapping windows:

Window Size =
Saudio

Nwindows

(5.2)

This ensures that the sequential processing of audio segments, equal to

the calculated Window Size, will result in an output vector that aligns dimen-

sionally with the MMFCC target frames. This alignment ensures that each

reservoir output corresponds precisely to a single MFCC data point, which

is essential for evaluating the system’s performance. By establishing this

dimensional consistency, the system’s fitness can be calculated directly with-

out resorting to arbitrary averaging or temporal interpolation. This approach

ensures a more rigorous evaluation of the reservoir’s mapping accuracy by

maintaining a one-to-one relationship between the processed states and the

reference features.

The feature extraction reservoir is then created and configured such that
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its input size is equal to the calculated window length of the signal. The

audio signal corresponding to one window length is provided as input to the

reservoir, and the target for the reservoir’s training is the corresponding single

MFCC coefficient frame. We rigorously evaluate the performance by mea-

suring the NRMSE between the reservoir’s output and the target coefficient

to confirm the feature-extraction reservoir’s accuracy.

5.2.4. System Validation and Performance Testing

Following the extraction of RC-TDFE features via the reservoir framework,

we must now validate the end-to-end system’s functional utility and verify

its performance across diverse speech tasks. To do this, the time-domain

MFCCs generated by the feature extraction reservoir is fed directly into

a subsequent classifier reservoir. We then perform comprehensive speaker

and digit recognition experiments to evaluate the efficacy of this integrated

methodology.

Initial validation is conducted using the TI-46 dataset, confirming the

system’s foundational ability to extract features that retained phonetic and

speaker information. Subsequently, we verify the system’s performance us-

ing the larger and more acoustically diverse Audio MNIST dataset, thereby

confirming the system’s scalability and robustness.

The initial finding is that this reservoir-based time domain feature ex-

traction methodology works fine, successfully generating competitive time-

domain features. However, recognizing that substantial gains are often achieved

through fine-tuning, we are actively investigating various factors that can im-

pact and hence improve the performance of the RC-based feature extraction
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method.

5.2.5. Reservoir Parameters

The specific parameters for the classifier reservoir are tuned for optimal per-

formance in sequence classification:

• Node Count: The reservoir is composed of 950 nodes.

• Spectral Radius (ρ): The spectral radius of the recurrent weight

matrix (Sx.Wres) is scaled precisely to ρ = 0.8.

• Sparsity: A sparsity of 80% is implemented (connections established

with a 20% probability).

• Leakage Rate (α): A leakage rate (Sx.leak) of α = 0.3 is utilized.

• Washout: A washout period of 50 time steps is applied.

• State Update Dynamics: The activation equation:

X(i+ 1) = tanh
(
Sx.leak ·

(
X(i) · Sx.Wres

)
+ u(i) · Sx.Win

)
(5.3)

where X(i) is the internal reservoir state vector at time step it, u(i)

is the input vector, Sx.Win represents the scaled input weight matrix,

and Sx.Wres denotes the recurrent reservoir weight matrix.

• Input Weight Scaling: The raw input weight matrix Win is normal-

ized and scaled symmetrically into the [−1, 1] range via the min-max

operation:

S.Win =

(
Win −mn

mx−mn
· 2

)
− 1 (5.4)
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where mn and mx denote the minimum and maximum boundaries of

the input weight matrix.

5.3. Improving Performance of MFCC Extrac-

tion

We identified that the window length and, consequently, the effective frame

overlap used in the temporal decimation phase, has a significant impact on

the performance of the end-to-end system. This is a critical parameter,

governing the trade-off between local acoustic detail captured and the overall

length of the feature vector. Based on our findings, we are analysing three

distinct scenarios to optimize the windowing strategy:

Setup 1: Baseline Windowing

This scenario establishes the baseline performance of the system, utilizing the

window length obtained directly from the derived baseline equation (Equa-

tion 3.1). This calculation yields the window size that minimizes effective

frame overlap, providing a standardized, minimally redundant feature set.

Setup 2: Dense Windowing (Decreased Window Size )

In this method, we investigate the impact of increasing the temporal reso-

lution of the feature extraction. This is achieved by decreasing the window

size, which, mathematically, results in a corresponding increase in the num-

ber of overlapping windows. By sampling the raw audio more frequently,

the resulting MFCC features provide a denser temporal representation of the
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acoustic event. Initial findings have shown that this method performs bet-

ter than the first method, demonstrating the benefit gained from increased

contextual information.

Setup 3: Tuned Windowing (Task-Specific Optimized Overlap)

The success of Scenario 2 led to a specialized investigation into optimizing the

windowing based on the classification task. Recognizing that lower frequen-

cies (lower Mel Coefficients) are critical for digit identification, and higher

frequencies (higher Mel Coefficients) are vital for speaker identification, we

developed a non-uniform windowing strategy:

• For Speaker Identification: We increased the number of overlapping

windows by decreasing the window size for higher frequencies (higher-

order Mel Coefficients) to maximize the resolution of subtle speaker-

specific spectral details.

• For Digit Identification: Conversely, we increased the number of

overlapping windows by decreasing the window size for lower frequen-

cies (lower-order Mel Coefficients) to focus resources on extracting the

robust phonetic information necessary for accurate digit classification.

This approach tailors the feature extraction process itself to the final classifi-

cation goal, maximizing the informativeness of the features for each respective

task.
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5.3.1. Parameter Assignments for windowing

Baseline Windowing

The baseline windowing strategy sets a fixed, standard reference point for

short-time audio analysis. Based on the underlying feature extraction equa-

tions, the baseline architecture utilizes a static window size. for example

for Ti-46 dataset window size Wbase = 250 time steps, accompanied by a

window increment length (hop size) of Hbase = 125 time steps. This config-

uration ensures a standard 50% frame overlap, balancing temporal tracking

with computational payload restrictions on edge hardware.

Dense Windowing

In this case we are keeping the window increment length fixed to match the

baseline framework (Hdense = 125 time steps), the active window frame size is

compressed to Wdense = 200 time steps. By shrinking the window size while

keeping the hop rate steady, the system extracts more localized states from

the signal per frame, creating a denser representation of immediate spectral

shifts.

Tuned Windowing

The tuned windowing approach introduces channel-dependent multi-rate sam-

pling to accommodate the distinct physical natures of separate acoustic clas-

sification tasks. Because lower and higher frequency bands require different

structural granularities, the windowing properties are modified dynamically

based on whether the target task is isolated digit recognition or speaker iden-
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tity verification.

Digit Recognition Configuration: For the digit recognition task, tem-

poral duration tracking of phonetic structures takes priority.

• Channels 1–8 (Lower Mel Coefficients): The sampling frequency

(Fs) is halved (Fs/2) for these initial channels. Structurally, halving the

sampling rate doubles the resulting total frame count (window number)

across the temporal span, granting twice the temporal resolution to

capturing foundational low-frequency phonetic shifts.

• Channels 9–14 (Higher Mel Coefficients): To match the doubled

frame count established by the first 8 channels without altering their

high-frequency capture properties, the extracted values for channels

9 through 14 are duplicated sequentially. This maps the entire high-

frequency envelope evenly across the expanded time matrix.

Speaker Identification Configuration: Conversely, speaker identifica-

tion relies heavily on high-frequency, fine-grained glottal characteristics and

unique timbre profiles located in the upper spectrum. The multi-rate strat-

egy is therefore inverted:

• Channels 9–14 (Higher Mel Coefficients): The sampling fre-

quency (Fs) is manipulated to double the frame count across these

upper-indexed channels. This localized oversampling captures high-

resolution biometric vocal traits.

• Channels 1–8 (Lower Mel Coefficients): The lower-indexed co-

efficient values are systematically duplicated to align their matrix di-
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mensions with the doubled frame structures generated by the high-

frequency channels.

5.4. Results

(a) Digit Recognition Performance of Base-
line windowing

(b) Speaker Recognition Performance of
Baseline windowing

Figure 5.2: Speaker and Digit Recognition performance of Baseline windowing

(a) Digit Recognition Performance of Dense
windowing

(b) Speaker Recognition Performance of
Dense windowing

Figure 5.3: Speaker and Digit Recognition performance of Dense windowing



106 Feature Extraction by Mimicking MFCC Function

(a) Digit Recognition Performance of Tuned
windowing

(b) Speaker Recognition Performance of
Tuned windowing

Figure 5.4: Speaker and Digit Recognition performance of Tuned windowing

Experiments
Digit Recognition Speaker Recognition

Ti-46 AudioMnist Ti-46 AudioMnist

Train Test Train Test Train Test Train Test

Baseline windowing 53.16 43.99 51.28 36.53 59.87 51.24 62.87 53.84
Dense windowing 61.22 63.32 62.02 53.22 66.22 58.22 88.24 86.88
Tuned windowing 78.96 61.29 74.34 60.82 80.88 70.88 91.87 84.89

Table 5.2: Comparison of different experiments for Digit and Speaker Recognition

The training and testing performance are shown as box-plots. We have

conducted both Digit and Speaker recognition using Ti-46 dataset and Audio-

Mnist data set. The box-plots of training and testing performance of the

reservoir as a classifier are shown in figure 5.2, 5.3, and 5.4.

Table 5.2 summarises the results of three experiments. This chapter has

investigated the use of Reservoir Computing (RC) as a direct alternative to

the traditional MFCC extraction pipeline. By comparing the reservoir-based

feature extraction against standard Matlab benchmarks, the results demon-

strate that the RC framework accurately captures essential acoustic features

without transitioning into the frequency domain. Chapter 8, table 8.1 and
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table 8.2 provides a more detailed comparison of this method with other

methods.

5.5. Summary and Conclusion

This chapter demonstrates that Reservoir Computing provides a highly ef-

ficient, time-domain alternative to traditional MFCC extraction by elim-

inating the computational overhead of Fourier Transforms. Our findings

confirm that a reservoir architecture could extract features similar to stan-

dard Matlab-based methods while significantly reducing parameter count and

maintaining a streamlined time-domain pipeline. Ultimately, this approach

simplifies hardware implementation and enables real-time audio processing

without the need for complex frequency-domain conversions.

While time-domain mimicking methods theoretically operate within the

temporal domain, they are fundamentally hampered by their attempt to

replicate Mel Frequency Cepstral Coefficients (MFCCs). The system is forced

to imitate features that necessitate complex frequency-domain transforma-

tions necessary when conventionally computing MFCCs, resulting in a ‘func-

tional mismatch’ with the reservoir’s original architecture. These demerits

are effectively overcome by the time-domain convolution method discussed in

the following chapter, which eliminates the need to emulate frequency-based

features by remaining aligned with the reservoir’s more natural inherent tem-

poral processing dynamics.
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Feature Extraction by Convolution

The functional mismatch of the mimicking approach identified in the previous

chapter has been the inspiration for improving the MFCC extraction frame-

work, which is detailed in this chapter. By synthesizing Mel Filters directly

within the time domain and using reservoir-based convolutions, we leverage

the reservoir’s inherent dynamics to replace traditional domain transforma-

tions. This unified approach facilitates the extraction of discriminative fea-

tures from raw audio while significantly reducing the computational overhead

associated with conventional processing.

Feature extraction is a critical step in speech signal processing, with Mel

Frequency Cepstral Coefficients being one of the most widely used features.

However, conventional MFCC extraction relies on time-frequency transfor-

mations, which introduce computational complexity. To address the com-

plexities of the MFCC extraction pipeline, we introduce a simplification

based on Reservoir Computing (RC). As RC is inherently capable of op-

erating in the time domain (TD), we are eliminating the need for multiple

domain conversions. This is achieved by replacing those MFCC extraction

steps with ‘convolution’ operation, enabling direct Mel Frequency Convolu-

tion Filter(MFCF) extraction without time-frequency transformations. This

approach not only reduces computational overhead but also aligns seamlessly
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with Reservoir Computing architectures.

While Mel Frequency Cepstral Coefficients represent numerical values

within the cepstral domain, features extracted with the proposed approach

remain entirely in the time domain. Consequently, labelling them a ‘Mel

Frequency Cepstral Coefficients’ would be technically inaccurate. To better

reflect their temporal and convolutional nature, Mel-inspired features are

termed Mel Frequency Convolution Filters (MFCF) in this thesis.

As stated in our hypotheses, we construct an experimental framework

that aims at end-to-end audio processing. This framework is tested to assess

its viability for energy-efficient, real-time speech signal analysis. The stream-

lined architecture maintains classification performance with lower computa-

tional complexity, validating the use of time-domain Reservoir Computing

for acoustic feature extraction. Our findings mark a significant step toward

developing low-power, high-performance audio processing systems, which will

facilitate their integration into practical applications.

6.1. Time-Domain Mel Filter-Bank Synthesis

Our work establishes a novel capacity for time-domain audio pre-processing

by directly synthesizing the Mel equivalent filter bank operation in the time

domain, allowing the Echo State Network (ESN) to learn the feature extrac-

tion process directly from the raw waveform. This novel approach enables

the Reservoir Computing (RC) system to operate as a true, end-to-end time-

domain feature extractor, entirely circumventing the need for computation-

ally expensive domain conversions.
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6.1.1. Synthesis of the Mel Filter-Bank Signal

The conventional Mel Filter-Bank consists of a series of triangular weighting

functions applied in the frequency domain. These filters are designed to

isolate spectral energy within specific frequency bands, simulating the non-

linear response of the human ear. Our approach replicates this function not

through spectral analysis, but through direct time-domain synthesis (136).

For each of the N target Mel Coefficients, we analytically determine the

set of constituent frequencies and their necessary parameters that, when com-

bined, accurately mimic the resulting spectral characteristics of the desired

triangular Mel Filter. This process requires mapping the spectral properties

of the frequency-domain filter onto a set of time-domain components. The

specific frequency and parameter sets corresponding to each Mel Coefficient

are systematically catalogued. In table 6.1, where the detailed composition

for the first Mel Coefficient is given as an example. We synthesise our mel

wave based on the equation given below.

To synthesize the time-domain impulse response for the first Mel coeffi-

cient we use data given in table 6.1, each ∆fi denotes a constituent frequency

(in Hz) and each corresponding parameter acts as its scaling amplitude weight

(Ai). By applying the principle of superposition, these weighted discrete com-

ponents are linearly combined into a single, complex time-domain waveform

via equation

x(t) =
∑
i

(parameteri) · sin

(
2π · ∆fi · t

Fs

)
(6.1)

Where:



6.1 Time-Domain Mel Filter-Bank Synthesis 111

• x(t) represents the synthesized time-domain waveform (impulse re-

sponse) corresponding to the targeted Mel coefficient.

• parameteri denotes the scaling amplitude weight (Ai) assigned to the i-

th constituent frequency component, structurally shaping the ascending

and descending slopes of the triangular filter.

• ∆fi is the specific constituent discrete frequency (measured in Hz) of

the i-th sine wave component extracted from the filter-bank profile.

• Fs represents the sampling frequency (in Hz), which normalizes the

continuous-time components into the discrete-time domain to prevent

spectral aliasing.

• t represents the discrete time-step index, ranging from 0 to the maxi-

mum window length (typically between 100 and 350 time-steps in this

implementation) to define the finite duration of the impulse response.

This resulting oscillating waveform represents the time domain impulse

response of the filter.

parameter= 0.002454697 0.004909393 0.00736409 0.009818787
∆f= 131 141 151 161

parameter= 0.007781114 0.00561907 0.003457026 0.001294982
∆f= 171 181 191 201

Table 6.1: Parameters and frequencies for first Mel coefficient

Signal Generation via Superposition

A waveform is then constructed corresponding to each specific Mel Coef-

ficient. For each entry in the parameter table, we synthesise a sine wave
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corresponding to its frequency and parameter set. Crucially, we then su-

perimpose all these synthesized sine waves to obtain a single, complex Mel

Filter-Bank signal in the time domain. This synthesized waveform acts as

the time-domain impulse response of the filter, and this systematic synthesis

process is repeated for all N Mel Coefficients, creating a full set of distinct

time-domain filter bank signals. The final visualized result is shown in fig-

ure 6.1. We showcases the Mel Filter-Bank not as a set of static triangles in

the frequency domain, but as a series of complex, oscillating waveforms in

the time domain.

Figure 6.1: Time-domain filterbank

Figure 6.1 illustrates the time-domain translation of the Mel filter-bank,

showcasing the physical waveforms synthesized via the superposition process.

As observed in the figure, the lower channels exhibit slower, low-frequency os-

cillations with broader envelopes, which structurally replicate the tight spac-
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ing of the initial Mel filters. Conversely, the higher-indexed traces display

progressively rapid oscillations with narrower, densely packed peaks. This vi-

sual evolution directly reflects the underlying parameter distribution: as the

centre frequency increases, the component frequencies (∆fi) scale upward,

while the corresponding amplitude parameters modulate the structural de-

cay. Consequently, figure 6.1 visualizes the transformation of abstract, static

frequency-domain triangles into complex, dynamic time-domain waveforms

ready for direct signal convolution.

6.2. Time-Domain Mel Feature Extraction

6.2.1. Reservoir Training for Time-Domain Convolu-

tion

In signal processing, convolution in time domain is the same as applying a

filter in the frequency domain. Therefore, the core objective of this stage

is to train the Reservoir Computing system to perform the time-domain

convolution operation between the input audio signal and each synthesized

time-domain filter bank signal. The desired output for each Mel Coefficient

at any given time is the mathematically calculated result of the convolution

between the raw audio signal and the respective synthesized filter bank sig-

nal. The raw audio signal is fed into the reservoir continuously, creating a

complex, high-dimensional state trajectory. We then train a simple, linear

readout layer to map this complex state directly to the calculated convolution

result. By training a separate readout layer for each target Mel Coefficient,

we effectively train the reservoir to perform multiple convolution operations
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simultaneously. Once trained, the reservoir’s readout directly outputs the

Mel inspired audio feature in the time domain. This process successfully

eliminates the need for the computationally demanding FFT operation, as

its function is now absorbed into the dynamic, fixed weights of the reser-

voir and the training of the readout layer. The result is a highly simplified

feature extraction pipeline that preserves the desired perceptual properties

of the Mel scale while achieving the superior computational efficiency inher-

ent to the RC framework. However, this time-domain convolution results in

a significantly larger volume of samples than traditional frequency-domain

methods. This creates a need for strategic data reduction.

6.2.2. Data Reduction for Experimental Framework In-

tegration

Following the successful synthesis and application of the time-domain Mel

Filter-Bank signals via the Reservoir Computing (RC) system—where the

ESN implicitly learned the convolution operation—the subsequent critical

challenge is temporal decimation. The convolution of the audio signal (which

has a certain number of samples) with the filter bank signal (which also has

a finite, non-zero length) naturally results in an output signal that is longer,

i.e. consists of more samples, than the original audio. This elongated signal

is computationally inefficient and contains redundant information, primarily

in the form of convolution residue. Therefore, it becomes necessary to signif-

icantly reduce the number of data points without sacrificing the rich acoustic

information captured by the RC system.

The two goals are to isolate the essential features and format the data for
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seamless integration with the subsequent analytical stages, particularly the

second classification reservoir used later in the experiment. The decimation

process begins with signal pruning. We first trim the data-points which are

beyond the length of the original audio signal. This trailing segment of the

convoluted signal carries minimal meaningful information about the input

audio and is largely a residue of the convolution operation. Removing it

isolates the core signal. Next, to standardise the output for the experimen-

tal framework, the remaining signal is subjected to windowing. The goal

is to obtain a discrete sequence of output features that aligns numerically

with the standard output of conventional methods. We split the signal into

windows such that the total number of windows is precisely equivalent to

the number of MFCC output samples that would be generated by a stan-

dard implementation (e.g., using the Matlab MFCC function) on the same

audio input. This equivalence ensures direct comparability and structural

compatibility with the second reservoir, which expects a feature vector of a

predetermined, standardized size. Finally, to produce the final, single feature

point for each window, we employ a specific peak-to-peak sampling strategy.

Out of each defined window, we select just one data-point based on the

peak-to-peak amplitude measurement within that segment. This method

effectively captures the maximum energy or variability within that short

temporal window, serving as the final, temporally decimated feature vector

(as visualized in Figure 6.2). This process of windowing and peak-to-peak

sampling preserves the inherent simplicity of time-domain feature generation

and ensuring that complex data reduction does not compromise the goal of

straightforward, end-to-end audio processing. Simultaneously, it produces a
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compact, standardized output ideal for subsequent classification tasks. Fig-

ure 6.2 illustrates this Mel Frequency Convolution Filter (MFCF) extraction

process within the time domain.

Figure 6.2: Time-domain MFCF extraction

6.3. Single Reservoir with Multi-Output Ar-

chitecture

Our initial experimental validation of the Reservoir Computing Time-Domain

Feature Extractor (RC-TDFE) focuses on maximizing computational sim-

plicity by implementing a single-reservoir, multi-output architecture. In this

baseline setup, a singular Echo State Network (ESN) is employed for the

entire feature extraction process. The core functionality requires the ESN to

implicitly learn the time-domain convolution operation for all 14 target Mel

Frequency Cepstral Coefficients (MFCCs) selected. To achieve this, the single

reservoir is connected to 14 distinct output layers (readouts), with each layer

being individually trained to generate one specific Mel Frequency Convolu-

tion Filter(MFCF), from MFCF1 through MFCF14. This design aims to test

the limits of the RC framework’s ability to model multiple, complex, and si-
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Figure 6.3: Single Reservoir architecture for feature extraction

multaneous temporal dynamics using minimal hardware resources. Figure 6.3

shows a schematic of single RC architecture. Within this single-reservoir con-

straint, we explore two distinct methodological approaches for integrating the

time-domain filter bank operation with the reservoir’s processing flow. Cru-

cially, the difference between the two approaches lies in the sequencing of the

convolution and the temporal windowing/decimation steps.

6.3.1. Continuous Convolution Followed by Decima-

tion

In this first approach, the single reservoir operates continuously on the un-

segmented, raw audio stream, where it is trained to perform an implicit

time-domain convolution across all 14 synthesized Mel filter-bank channels

simultaneously. The 14 output layers simultaneously predict the correspond-

ing convolved signals, resulting in 14 continuous output streams, each con-
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Figure 6.4: Convolve then window method

siderably longer than the original audio due to the convolution residue. The

subsequent stages involve temporal decimation to normalize the feature di-

mensions. Following the output of the reservoir, the data points correspond-

ing to the convolution residue—those exceeding the original audio signal

length—are trimmed as they carried minimal meaningful information. The

remaining signal is then divided into a series of overlapping windows. The

number of windows is chosen to be equivalent to the number of MFCC out-

put samples that would be generated by a standard, frame-based frequency-

domain feature extractor (e.g., the Matlab MFCC function). This precise

sizing is essential to ensure the output structure fits seamlessly into the ex-

perimental framework for the second, downstream classification reservoir.

Finally, from each defined window, a single representative data point is ex-

tracted using a peak-to-peak amplitude measurement, yielding the final, com-

pressed time-domain MFCF feature vector. This method leverages the reser-

voir’s fading memory to process long-term temporal context before the final

data compression. Figure 6.4 illustrates the method.
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Figure 6.5: Window then convolve method

6.3.2. Frame-by-Frame Convolution

The second approach adopts a more traditional frame-based processing struc-

ture, prioritizing the segmentation of the input signal before processing. In

this design, the audio signal is first segmented into overlapping windows,

where each window is designed to eventually contribute a single Mel Coef-

ficient. The single reservoir is then utilized to process the windowed audio

signal. For each individual window, the reservoir is tasked with performing

the implicit convolution with the entire synthesized Mel Filter-Bank sig-

nal, followed by a slicing and a final data reduction operation to obtain one

Mel time-domain Coefficient for that window. Conceptually, this method

is designed to mimic the short-time analysis characteristic of conventional

FFT-based methods. While intuitively appealing for maintaining strict lo-

cal control over the analysis frame, this approach places greater strain on

the reservoir to rapidly discard and rebuild context with every new window.

The continuous resetting of the input context prove detrimental to the reser-

voir’s ability to utilize its inherent temporal memory across frame boundaries

effectively. Figure 6.5 illustrates the method.
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6.3.3. Quantitative Comparison andMethodological Se-

lection

A thorough quantitative comparison is conducted between Approach 1 and

Approach 2, focusing on two critical performance metrics: computational

speed and prediction accuracy, measured using the Normalized Root Mean

Square Error (NRMSE). The results clearly indicate that Approach 1 is bet-

ter, it demonstrated quicker execution times, primarily because the reservoir

only processes the input stream once, with the feature segmentation oc-

curring passively downstream. More significantly, Approach 1 consistently

produces a smaller NRMSE, indicating a higher fidelity and lower error in

the predicted Mel Coefficients. This finding suggests that allowing the sin-

gle reservoir to continuously view the input signal, leveraging its continuous

fading memory, provided a richer, more contextually complete internal state

for the readout layers to extract the implicit convolution result. The per-

formance in both efficiency and accuracy led us to select Approach 1 as the

baseline methodology for our experiments and analysis.

6.4. The Transition to the Multi-Reservoir

System

With the single reservoir established as our baseline, we investigated, whether

the system is constrained by the raw processing power of one reservoir or by

the inherent difficulty of tuning a non-specialized parameter set.

To isolate these factors, we implement an intermediate validation step: a
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decoupled architecture using 14 identical reservoirs, each assigned to a single

output layer. By keeping the configuration parameters uniform across all 14

units, we create a direct comparison to the single-reservoir setup.

The experimental output from this multi-reservoir is identical to the

single-reservoir system. This confirms that adding more recurrent units does

not inherently improve performance if they are all governed by the same

generalized dynamics. This finding provides the final justification for our

advanced setup: a parallel feature extraction where 14 reservoirs are trained

and optimized individually to capture the unique spectral features of each

MFCF.

The primary bottleneck in the single-reservoir approach was the reliance

on a singular parameter set to model 14 distinct spectral features. This uni-

versal setup prevented ideal fidelity for any single Mel Coefficient, although

being computationally efficient.

To overcome this, we transitioned to a parallel feature extraction engine.

In this architecture, we utilize 14 independent reservoirs, each possessing

its own unique hyper-parameter configuration. This specialization allows

each reservoir’s internal dynamics—such as its spectral radius and connec-

tivity—to be tuned specifically to the frequency characteristics of its assigned

Mel band.

6.4.1. Multi-Reservoir Architecture for Feature Extrac-

tion

The Reservoir Computing Time-Domain Feature Extractor (RC-TDFE) is

defined by an architecture consisting of 14 distinct and parallel Reservoir
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Computing (RC) systems. This design represents a methodological departure

from single-model feature extraction, where one complex network is tasked

with modelling the entire feature vector simultaneously. Instead, the complex

process of generating the full 14-dimensional feature vector is decomposed

into 14 parallel and independent operations. Each dedicated reservoir is

assigned the sole responsibility of extracting a single, specific Mel-Frequency

Convolution Filter (MFCF) feature. This parallelization strategy enables

a highly targeted, specialized, and robust approach to feature generation,

fundamentally enhancing the fidelity and overall accuracy of the extracted

acoustic features.

6.4.2. Architectural Decomposition and Parallelism

The decision to transition from a single, monolithic RC system to a dis-

tributed, multi-reservoir framework is rooted in the inherent complexity of

the feature extraction task. While the Mel Filter-Bank structure is per-

ceptually motivated, the mathematical characteristics of the resulting coef-

ficients vary widely. For instance, the lower-order coefficients (MFCF 1–4)

typically capture the broad spectral envelope, which is crucial for phoneme

identity, while higher-order coefficients (MFCF 8–14) capture fine spectral

details often related to speaker vocal tract differences and noise components.

Modelling this wide range of phenomena effectively with a single set of fixed

reservoir weights and a single, generalized readout layer proves inefficient.

Figure 6.6 shows a schematic of Multi-reservoir architecture.

By dedicating an individual, unique reservoir to each coefficient, the ar-

chitecture leverages the principle of task-specific specialization. This allows
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Figure 6.6: Multi-Reservoir architecture for feature extraction

the dynamics of each reservoir—determined by its internal connectivity, spec-

tral radius, and input scaling—to be tailored to the particular input features

and memory requirements necessary to accurately predict its assigned coef-

ficient. The system avoids the limitations imposed by a generalized model

that must compromise its performance across different spectral regions. In

effect, we are creating 14 specialized experts, each optimized for a narrow,

well-defined task. This approach minimizes the competing demands placed

on a single model and enhances the model capacity without increasing the

computational complexity of the core recurrent processing, as all reservoirs

operate concurrently on the same raw input stream.

6.4.3. Optimization via NRMSE

The efficacy of the multi-reservoir architecture is realized through a inde-

pendent optimization protocol. The design mandates that each individual

reservoir is being treated as a separate computational unit, independently

tuned and optimized with the objective of accurately predicting its desig-
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nated Mel Coefficient. This optimization involves a systematic exploration

of parameter space, including reservoir size, spectral radius, sparsity, and

input scaling, to optimize performance for each coefficient.

The goal is to systematically adjust each reservoir’s parameters to achieve

the lowest possible NRMSE for its specific coefficient. This focused optimi-

sation ensures maximum fidelity for each component of the 14-dimensional

feature vector. The low NRMSE of each system proves that the reservoir

has learned the implicit convolution operation for that filter’s impulse re-

sponse. This decentralised, error-driven tuning process guarantees a robust

and highly accurate collective output across the feature space. Table 6.2

shows the Normalised mean square error (NRMSE) of the feature extraction

reservoir.

NRMSE Mel 1 Mel 2 Mel 3 Mel 4 Mel 5 Mel 6 Mel 7

single RC 0.1138 0.2216 0.1784 0.0216 0.0094 0.0079 0.0077
multi RC 0.0099 0.0053 0.0045 0.0062 0.0067 0.0069 0.0070

NRMSE Mel 8 Mel 9 Mel 10 Mel 11 Mel 12 Mel 13

single RC 0.0068 0.0069 0.0074 0.0065 0.0066 0.0053
multi RC 0.0061 0.0061 0.0062 0.0062 0.0062 0.0053

Table 6.2: NRMSE of Reservoir-1 extracting MFCC, based on 14 Mel Coefficients

6.4.4. Impact of Multi-Reservoir Approach

The methodological rigour of the multi-reservoir, coefficient-specific opti-

mization translates directly into significant and valuable improvements in

the performance of time-domain MFCF extraction. Because each coefficient

is generated by an expert system dedicated to minimizing error for that



6.4 The Transition to the Multi-Reservoir System 125

specific component, the resulting feature vector is intrinsically more repre-

sentative of the underlying speech signal compared to features extracted by

generalized models. The enhanced fidelity and minimized noise component of

this feature set offer substantial advantages for subsequent machine learning

tasks.

The validation of this advanced feature set is directly observed in down-

stream task performance. As evident in our experimental results, the features

generated by the selectively composed, tailored multi-reservoir system lead to

notable improvements in both digit recognition accuracy and speaker identifi-

cation performance. In the context of digit recognition, the improved fidelity

in the lower-order coefficients (spectral shape) enhances the discriminative

power between phonemes. For speaker identification, the greater accuracy in

the higher-order coefficients (related to vocal tract details and speaker char-

acteristics) provides a sharper distinction between individuals. The tailored

reservoir system is a highly effective strategy for improving speech processing

systems. It shows that architectural specialisation and decentralised optimi-

sation are crucial for superior feature extraction quality in resource-efficient,

time-domain RC frameworks. This robust performance validates the novel

end-to-end paradigm, confirming that the RC-TDFE not only simplifies the

pipeline but also fundamentally improves the quality of the resulting acoustic

features.

6.4.5. Reservoir Parameters

The specific parameters for the classifier reservoir are tuned for optimal per-

formance in sequence classification:
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• Node Count: The reservoir is composed of 35 nodes for each reser-

voir.

• Spectral Radius (ρ): The spectral radius of the recurrent weight

matrix (Sx.Wres) is scaled precisely to ρ = 0.8.

• Sparsity: A sparsity of 80% is implemented (connections established

with a 20% probability).

• Leakage Rate (α): A leakage rate (Sx.leak) of α = 0.3 is utilized.

• Washout: A washout period of 50 time steps is applied.

• State Update Dynamics: The activation equation is:

X(i+ 1) = tanh
(
Sx.leak ·

(
X(i) · Sx.Wres

)
+ u(i) · Sx.Win

)
(6.2)

where X(i) is the internal reservoir state vector at time step it, u(i)

is the input vector, Sx.Win represents the scaled input weight matrix,

and Sx.Wres denotes the recurrent reservoir weight matrix.

• Input Weight Scaling: The input weight matrix Win is normalized

and scaled symmetrically into the [−1, 1] range via the min-max oper-

ation:

S.Win =

(
Win −mn

mx−mn
· 2

)
− 1 (6.3)

where mn and mx denote the minimum and maximum boundaries of

the input weight matrix.



6.5 Results 127

6.5. Results

The train and test performance of feature extraction in time domain using

convolution method utilizing single reservoir is shown in box-plots 6.7.

(a) Digit Recognition Performance of single
RC experiment

(b) Speaker Recognition Performance of sin-
gle RC experiment

Figure 6.7: Speaker and Digit Recognition performance of Single RC Experiment

The train and test performance of feature extraction in time domain using

convolution method utilizing 14 individual reservoirs is shown in box-plots

6.8.

Experiments
Digit Recognition Speaker Recognition

Ti-46 AudioMnist Ti-46 AudioMnist

Train Test Train Test Train Test Train Test

Single Reservoir 88.61 65.52 82.64 68.17 87.09 76.83 86.23 66.93
Multi Reservoir 97.15 91.82 82.06 70.83 95.28 79.17 92.71 78.57

Table 6.3: Comparison of the two methods for Digit and Speaker Recognition

The table 6.3 summarises the result. Table 4.2 and 4.3 show how well a

reservoir is able to extract MFCF in the time domain. For the case where the



128 Feature Extraction by Convolution

(a) Digit Recognition Performance of multi-
ple RC experiment

(b) Speaker Recognition Performance of mul-
tiple RC experiment

Figure 6.8: Speaker and Digit Recognition performance of Multiple RC Experi-
ment

time domain MFCF is applied to the input of the second classifier reservoir,

the resulting performance is shown as box plots in figure 6.7 and 6.8. The

plot shows the ability of reservoir in extracting MFCF feature in time domain.

Even with the simple max-pooling/peak-to-peak method that we have used

to reduce the number of data points, we are able to get good performance.

We were able to get better results with methods like Wavelet Transform if

used as the data reduction method; however, they complicate the system and

detract from the main objective of our study. Our focus for future work is

therefore to further develop a simple methodology to reduce the number of

data points without losing relevant information of the signal.

6.6. Summary and Conclusion

This chapter demonstrates that Reservoir Computing (RC) systems can ex-

tract Mel Frequency features directly in the time domain, utilizing reservoir-
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based convolutions to bypass the usual need for domain conversions. This

streamlined approach enables end-to-end audio processing that remains ef-

ficient even when incorporating simple data-reduction techniques like max-

pooling. By delivering competitive performance with significantly less com-

putational overhead, this framework provides a low-complexity alternative to

traditional frequency-domain methods. The result is a unified architecture

where the reservoir dynamics are natively aligned with the raw temporal de-

tails of the acoustic input. Chapter 8 table 8.1 and table 8.2 provides a more

detailed comparison of this method with other methods.



7
“Feature-Free” Audio Processing

This chapter explores the potential of Reservoir Computing for “feature-

free” audio processing, that is, audio processing without separate feature

extraction stage. We investigate whether the reservoir’s inherent dynamics

can classify acoustic signals without any dedicated feature extraction stage,

and thus simplifying the system into a single-stage, end-to-end processor.

This study seeks to answer whether a reservoir computer can directly

process raw audio signals, thereby bypassing the complex feature extrac-

tion steps that are standard in audio pattern recognition. The goal is to

eliminate the long-standing dependence on carefully designed, handcrafted

features, which constitute a significant intellectual and computational bot-

tleneck in traditional audio pipelines. Conventional methods mainly rely on

techniques such as Mel-Frequency Cepstral Coefficients (MFCCs) to accom-

plish two crucial tasks: first, to significantly reduce the high dimensionality

of the audio signal, and second, to highlight perceptually relevant informa-

tion that is in line with human auditory mechanics. In contrast, we leverage

the inherent temporal dynamics and high-dimensional projection of RC to

model a “feature-free” audio processing framework. This architectural shift

aims to produce a more robust, efficient, and general-purpose system that

operates independently of specialized Digital Signal Processing (DSP).
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7.1. Exploring Single RC for Raw Audio Pro-

cessing

7.1.1. Raw Audio Data Size Challenge

A central and inescapable challenge in pursuing a “feature-free”, single-step

RC approach is the data-intensive nature of raw audio. Digital audio signals

captured at standard sampling rates result in lengthy, high-resolution time-

series waveforms. Presenting an input vector of tens of thousands or even

hundreds of thousands of samples directly to a standard reservoir for tasks

like word classification is computationally impractical and often too dense

for the network to extract meaningful high-level information efficiently.

The reservoir’s ability to create stable, discriminative recurring states

may be undermined by the amount of redundant or low-value information in

an unprocessed signal. In order to make the problem tractable and reduce

the signal size into an input dimension that the reservoir’s fixed structure

can handle, some sort of data reduction is therefore a practical necessity

rather than a matter of methodological preference. Making sure this needed

reduction didn’t undermine our main goal of simplification by merely adding

another layer of complex non-linear processing was the main limitation.

7.1.2. Managing Data Size via Pre-Processing

The data reduction task stands as the most important step in attaining end-

to-end, “feature-free” audio processing. Our goal of simplification would be

compromised if we used a complicated, mathematically demanding, non-
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linear transformation since it would only substitute one computationally

costly feature extraction step with another. Rather, it is an explicit design

constraint here to use only straightforward, lightweight pre-processing meth-

ods intended simply for dimensionality reduction rather than complex feature

extraction. These techniques, which concentrate on reducing the signal size

while essentially maintaining its structure and temporal characteristics, were

selected for their computational simplicity.

1. Temporal Windowing: The raw audio signal is segmented into small,

defined time frames relevant to phonetic events. The raw audio signal

is segmented into fixed-length frames of N = 250 samples. This specific

window size was determined through empirical testing, as both larger

and smaller windows significantly degraded classification performance.

2. Down-Sampling: Within each temporal window, we apply simple

elementary data reduction techniques, such as max-pooling or peak-to-

peak detection.

These methods efficiently select a single representative value or a small

summary statistic from many samples within a window. For example, peak-

to-peak detection highlights the fundamental envelope and important tran-

sient features for speech perception. These simple, almost instantaneous pro-

cessing steps can be easily implemented in simple hardware. By using only

these simple, almost instantaneous processing steps, we reduce data intensity

without adding complexity or computational cost like spectral analysis. The

resulting lower-dimensionality sequence retains the overall temporal envelope

and energy profile of the original sound, preparing it for the reservoir. This
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prepared signal is then fed directly into the reservoir, tasking it with the role

of both a dynamic feature extractor and a classifier.

7.1.3. Performance Measurement and Visualization

(a) Digit Recognition performance (b) Speaker Recognition performance

Figure 7.1: Digit and Speaker Recognition using “feature-free” audio processing
using shallow reservoir

The capacity of a single reservoir to process audio utilising the raw audio

signal without any feature extraction is demonstrated by the box plots7.1.

Challenges of Raw Signal Processing

Feeding “feature-free” raw audio samples directly into a standard Echo State

Network (ESN) is often suboptimal due to two fundamental constraints:

1. Temporal Scale Invariance: A standard ESN possesses a fixed

timescale determined by its spectral radius and leakage rate. How-

ever, speech consists of multi-scale temporal events, such as transient

phonemes and slower syllabic envelopes.
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2. Lack of Frequency Decomposition: Unlike the biological cochlea, a

single reservoir node cannot inherently separate a signal into frequency

bands. Without this spectral analysis, the network struggles to distin-

guish the frequency-based patterns fundamental to audio classification.

7.1.4. From Shallow to Deep RC Raw Audio Process-

ing

In seeking to maximize the Reservoir Computing (RC) system’s capacity for

“feature-free”, end-to-end raw audio understanding, we extend our investiga-

tion to include the necessity and potential utility of a Deep Reservoir Com-

puting(DRC) approach. While the canonical RC model, the Echo State Net-

work (ESN), is inherently defined by its architectural simplicity—consisting

of a single recurrent layer (the reservoir) with fixed, random internal weights—the

sheer complexity involved in transforming a lengthy, high-resolution, un-

processed audio signal into a low-dimensional, discriminative, and class-

separable state space suggested that the computational capacity of a single

layer might prove insufficient for the task.

7.2. Sequential Deep Reservoir Architectures

This experiment investigate a Series-Connected Deep Reservoir Computing

(DRC) architecture, a multi-layered framework engineered to enhance the

precision of audio recognition without feature extraction stage. By moving

beyond the limitations of a single-layer reservoir, this design implements a

hierarchical strategy for temporal feature extraction.
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Figure 7.2: Deep series “feature-free” audio signal processing

The architectural process begins with the primary reservoir, which re-

ceives the raw acoustic input and maps it into a high-dimensional space. This

first stage captures the immediate temporal dynamics of the signal. Rather

than extracting a final classification at this point, the system harvests the

internal hidden states of this primary reservoir. These states, which serve as

a filtered representation of the initial audio, are then passed as a continuous

input stream into a secondary reservoir. Figure 7.2 shows the deep series

architecture.

By processing these pre-encoded states, the secondary reservoir is able to

perform higher-order integration. Finally, the output of this secondary layer

is fed into a trained readout mechanism for audio identification. This sequen-

tial flow effectively increases the system’s fading memory and computational

depth.

As illustrated in Figure 7.2 , the architecture follows a linear series con-

figuration. The architecture connects two reservoir layers in series to process

raw acoustic waveforms. Instead of extracting an intermediate classification,

the primary layer (RC1) acts as a high-dimensional non-linear filter, captur-

ing immediate temporal dynamics and passing its continuous hidden-state

vectors directly as inputs into the secondary layer (RC2). Both reservoirs



136 “Feature-Free” Audio Processing

update synchronously at temporal frame rate; however, their internal fad-

ing memory scales are governed independently by their respective hyper-

parameters.

• Primary Input: Raw audio signals, represented as S(t), are fed into

the first layer.

• Reservoir Layer 1: A reservoir consisting of neurons. It processes

the audio input to generate high-dimensional internal states.

• Second Layer Input: The internal state vectors generated by first

reservoir (Xtrain1) are passed directly as the input to the subsequent

layer.

• Reservoir Layer 2: A secondary reservoir that further transforms the

temporal features provided by the first layer.

• Readout Layer (Wout): The internal states of the second reservoir

(Xtrain2) are used to train the readout layer, mapping the deep tem-

poral features to the final digit/speaker classification.

• State Update Dynamics: The discrete-time state transitions of the

leaky Echo State Network are governed by the following non-linear

activation equation:

X(i+ 1) = ((1 − Sx.leak) ·X(i)) + Sx.leak · tanh
((
X(i) · Sx.Wres

)
+
(
u(i) · Sx.Win

))
(7.1)

where X(i) is the internal reservoir state at time step i, u(i) is the

input vector, Sx.Win represents the input weight matrix, and Sx.Wres

denotes the recurrent reservoir weight matrix.
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• Input Weight Scaling: To guarantee bounded, balanced input scal-

ing, the raw input weight matrix Win is normalized and scaled sym-

metrically into the [−1, 1] range via the min-max operation:

S.Win =

(
Win −mn

mx−mn
· 2

)
− 1 (7.2)

where mn and mx denote the minimum and maximum boundaries of

the input weight matrix.

• Node Count: The first reservoir is composed of 250 nodes and the

second reservoir is composed of 500 nodes.

• Spectral Radius (ρ): The spectral radius of the recurrent weight

matrix (Sx.Wres) is scaled precisely to ρ = 0.8.

• Sparsity: A sparsity of 80% is implemented (connections established

with a 20% probability).

• Leakage Rate (α): A leakage rate (Sx.leak) for first and second reser-

voirs are α = 0.3. This parameter controls the exponential decay rate

of the nodes.

• Washout: A washout period of 50 time steps is applied. This

initial portion of the state matrix is discarded during training to ensure

that the linear readout utilizes only stable, fully developed internal

trajectories, eliminating initialization transient effects.
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7.2.1. Results for Sequential Deep RCs

The train and test performance of digit and speaker utilizing Ti-46 dataset

using series deep “feature-free” method is shown in box-plots

(a) Digit Recognition performance (b) Speaker Recognition performance

Figure 7.3: Performance of series deep reservoir used for “feature-free” audio
processing

This experiment serves as a preliminary evaluation of the series-connected

deep reservoir architecture for “feature-free” audio signal processing. How-

ever, the performance metrics observed during testing did not meet the nec-

essary benchmarks for viability. Consequently, the data is insufficient to

support any definitive inferences or broader conclusions regarding the effi-

cacy of this specific configuration at this time, instead as an indication that

the current model requires fundamental realignment.

However, the performance discrepancies observed reveals a fundamental

trade-off between feature extraction and signal degradation. When using

a series-deep connection, the first reservoir functions as a high-dimensional

non-linear filter, extracting low-level acoustic features from the raw audio.

However, this creates an information bottleneck; by the time the data reaches
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the second reservoir, it is no longer the original signal but rather the internal

state of the first layer. If hyper-parameters-like the spectral radius or leak

rate-are not perfectly tuned, this first stage washes out critical high-frequency

details. This signal washing forces the second reservoir to learn from blurry

data, explaining the poor accuracy.

The shallow model highlights the inherent difficulty of processing raw

audio without pre-processing. Typically, audio signals are converted into

Mel Frequency Cepstral Coefficients (MFCCs) to simplify the task. With-

out this assistance, a single reservoir must perform the heavy lifting of fre-

quency analysis itself. When a Deep Series Reservoir is supplied with Mel

Figure 7.4: Performance of deep series RC with MFCC as input

Frequency Cepstral Coefficients (MFCCs) as input rather than raw audio, it

typically yields better classification results as shown in figure 7.4, because
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the MFCCs serve as a pre-conditioned, low-dimensional representation of the

acoustic manifold. Raw audio signals contain high-frequency redundancies

and noise that can overwhelm the stochastic dynamics of a reservoir, whereas

MFCCs transform the signal into perceptually relevant spectral features that

are already semi-linearly separable. This is particularly advantageous in a

series-connected design because the informational smoothing effect—where

important high-frequency transients are lost before reaching subsequent lay-

ers—is prevented by providing stable, pre-processed MFCC features to the

first layer.

However, even in these experiments, the performance of the Deep Series

Reservoir is lower compared to the performance of a shallow reservoir fed

with MFCCs. This discrepancy suggests that the second reservoir may be

amplifying errors or losing critical information if it does not receive a direct

copy of the input signal from the first layer. To rectify this, one potential fix

is to provide the second reservoir with a copy of the input to maintain signal

integrity throughout the hierarchy. Based on this hypothesis, we modified

the Deep Series Reservoir by providing the second layer with a direct copy

of the input signal alongside the output from the first reservoir.

While this architectural adjustment yielded a noticeable improvement in

performance as shown in figure 7.5—confirming that maintaining signal in-

tegrity is vital for deeper hierarchies—the results did not surpass the baseline

shallow model. This persistent gap suggests that the raw audio signal, even

when processed through multiple reservoir stages, lacks the discriminative

power of hand-engineered spectral features.

Building on the observation that even with input copies the series-style
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Figure 7.5: Output of series deep “feature-free” with second layer receiving a
copy of Input

deep reservoir struggled, we implemented a parallel configuration. In this

setup, both reservoirs receive the raw input signal simultaneously rather than

in a sequential chain. By decoupling the second layer from the transformed

output of the first, we ensure that the second reservoir is not forced to process

potentially degraded or overly filtered information. This parallel approach

allows each reservoir to act as an independently —potentially operating at

different temporal scales—thereby preserving the richness of the raw audio

across the entire hidden state and preventing the error propagation inherent

in deep serial hierarchies.
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7.3. Parallel “feature-free” Reservoir Archi-

tectures

The Parallel “feature-free” Reservoir Computing approach works more like a

multi-resolution ensemble, simultaneously recording many temporal perspec-

tives of the same raw data, whereas the sequential (series) approach imitates

the hierarchical abstraction of CNNs. It underscores why moving to a par-

allel strategy is more effective. It allows multiple independent reservoirs to

be tuned to capture different aspects of the signal, providing a more robust

analysis than a single layer or a degrading series chain.

In the parallel “feature-free” architecture, the implementation of hetero-

geneous leak rates facilitates a multi-scale temporal analysis of the raw audio

signal, which is essential for capturing the complex dynamics of speaker-

specific identities. By assigning a lower leak rate (αlow) to one reservoir, the

system establishes a slow integrator with an extended fading memory. This

reservoir effectively smooths the high-frequency fluctuations of the raw wave-

form to capture global acoustic characteristics, such as the speaker’s rhythm

and long-term resonance.

Simultaneously, the second reservoir, configured with a higher leak rate

(αhigh), serves as a fast tracker. This layer is more sensitive to the immediate

temporal changes in the input signal, allowing the network to preserve the

fine-grained textures of speech, such as rapid consonantal attacks and pitch

variations. Because these reservoirs operate in parallel, the final readout

layer can simultaneously leverage both the long-term temporal context and

the immediate acoustic transients. This functional diversity prevents the
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information redundancy typically found in shallow models and avoids the

catastrophic signal degradation observed in series-connected architectures,

thereby providing a more robust and comprehensive representation of the

speaker’s voice directly from the time-domain input.

By diversifying αi across the parallel layers, the model ensures that the

concatenated state vector X(t) = [x1(t); x2(t)] presented to the readout layer

contains a multi-resolution profile of the acoustic signal, capturing both in-

stantaneous and evolutionary vocal features.

Reservoir Parameters

• Primary Input: Raw audio signals, represented as S(t), are fed into

the first layer.

• Reservoir Layer 1: A reservoir consisting of neurons. It processes

the audio input to generate high-dimensional internal states.

• Second Layer Input: Raw audio signals, represented as S(t), are fed

into the input to the subsequent layer.

• Reservoir Layer 2: A secondary reservoir that further transforms the

temporal features provided by the first layer.

• Readout Layer (Wout): The internal states of the both reservoirs

(Xtrain1 and Xtrain2) are used to train the readout layer, mapping

the deep temporal features to the final digit/speaker classification.

• State Update Dynamics: The discrete-time state transitions of the

leaky Echo State Network are governed by the following non-linear
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activation equation:

X(i+ 1) = ((1 − Sx.leak) ·X(i)) + Sx.leak · tanh
((
X(i) · Sx.Wres

)
+
(
u(i) · Sx.Win

))
(7.3)

where X(i) is the internal reservoir state at time step i, u(i) is the

input vector, Sx.Win represents the input weight matrix, and Sx.Wres

denotes the recurrent reservoir weight matrix.

• Input Weight Scaling: To guarantee bounded, balanced input scal-

ing, the raw input weight matrix Win is normalized and scaled sym-

metrically into the [−1, 1] range via the min-max operation:

S.Win =

(
Win −mn

mx−mn
· 2

)
− 1 (7.4)

where mn and mx denote the minimum and maximum boundaries of

the input weight matrix.

• Node Count: The first reservoir is composed of 250 nodes and the

second reservoir is composed of 500 nodes.

• Spectral Radius (ρ): The spectral radius of the recurrent weight

matrix (Sx.Wres) is scaled precisely to ρ = 0.8. This setting scales the

largest eigenvalue of the network to govern global stability and sustain

the echo state property while preventing chaotic state divergence.

• Sparsity: A sparsity of 80% is implemented (connections established

with a 20% probability). This promotes diverse, decoupled temporal

dynamics within the network while conserving physical resource re-

quirements.
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• Leakage Rate (α): To capture the multi-scale temporal dynamics

inherent in speech, both reservoirs are configured with distinct time

scales. First reservoir utilizes a leakage rate (Sx.leak) for of α = 0.3 and

second reservoir is α = 0.4. This parameter controls the exponential

decay rate of the nodes.

• Washout: A washout period of 50 time steps is applied. This ini-

tial portion of the state matrix is discarded during training to ensure

that the linear readout utilizes only stable, fully developed internal

trajectories, eliminating initialization transient effects.

The parallel architecture avoids the single point of failure inherent in se-

ries models. In a parallel setup, every reservoir receives the raw audio signal

directly and simultaneously. Because each reservoir is initialized with dif-

ferent random weights, they develop feature diversity, each noticing distinct

nuances of the speaker’s voice. This creates a redundancy where if one reser-

voir misses a specific frequency cue, another likely captures it, allowing the

final readout layer to aggregate the most relevant information from all paths.

This approach bypasses the bottleneck problem, resulting in an improvement

over the shallow model. Figure 7.6 shows the parallel architecture.

7.3.1. Architectural Advantages of Parallel Models

The main idea behind the Parallel “feature-free” RC investigation is that

the system might take use of a variety of dynamical behaviours to create a

more complete representation by simultaneously feeding the raw audio input

into several distinct reservoirs. The parallel design concentrates on breadth

(using reservoirs with varied hyper-parameter configurations to analyse the
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Figure 7.6: Parallel “feature-free” architecture

same signal over several temporal scales and resolutions) in contrast to the

sequential paradigm, which aims to increase abstraction through depth. Us-

ing this idea for audio, we hypothesise a horizontal division of tasks in which

the readout layer’s feature set is enhanced by the combined dynamics of the

reservoirs.

1. Multi-Scale Temporal Integration: By assigning different leaking rates

and spectral radii to each parallel reservoir, the system can simultane-

ously capture distinct aspects of the audio. For instance, one reservoir

can be tuned with fast dynamics to track rapid acoustic transients and

phonemic transitions, while a second reservoir is tuned with slow dy-

namics to track fast acoustic transients and phonemic transitions.

2. Richness and State-Space Redundancy: Each reservoir offers a distinct

non-linear projection of the raw audio since it is initialised with a dif-
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ferent random internal weight matrix. When these diverse state vectors

are concatenated, they create an expanded, high-dimensional feature

space. This richness is governed by the principle that non-linear map-

pings into higher-dimensional spaces increase the likelihood of data

becoming linearly separable. By providing the readout layer with a

vast library of distinct projections, the system can more easily isolate

specific signal components that might be indistinguishable within the

limited state-space of a single-reservoir ESN.

3. Signal Integrity and Memory Resolution: The parallel architecture is

fundamentally superior for raw audio processing because it expands the

system’s Memory-Resolution in a way that shallow and serial models

cannot. Parallel reservoirs each retain direct, unfiltered access to the

original input, in contrast to serial (deep) architectures where the raw

signal is gradually filtered and distorted as it moves through subse-

quent layers. This ensures that acoustic features lost in one branch

are captured in another, avoiding the information decay or cumulative

non-linear distortion common to deep stacks. By merging these spe-

cialized, high-fidelity projections at the readout, the parallel approach

achieves a multi-resolution analysis that captures the full hierarchical

complexity of audio without sacrificing signal integrity.

By merging these parallel dynamics, the RC is theoretically capable of

a multi-resolution analysis of raw audio, ensuring that both high-frequency

localized features and long-term temporal context are preserved and available

for the final identification task.
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7.3.2. Implementation Challenges in Parallel RC

While the parallel architecture bypasses the signal propagation instabilities

found in sequential stacking, it introduces its own set of non-trivial imple-

mentation hurdles:

1. Dimensionality and Computational Overhead: The primary challenge

in parallel RC is the curse of dimensionality. Because the states of all

reservoirs are concatenated before reaching the readout, the size of the

output weight matrix grows linearly with the number of reservoirs. This

significantly increases the memory footprint and the computational cost

of the training phase, which scales cubically with the total number of

internal nodes.

2. The Challenge of Diversity Enforcement: For a parallel architecture to

be effective, the reservoirs must be sufficiently different from one an-

other. If the hyper-parameters (spectral radius, input scaling, sparsity)

are too similar, the parallel branches produce highly correlated states,

leading to redundancy without any gain in predictive power. Finding

the optimal spread of hyper-parameters to ensure complementary dy-

namics requires a more nuanced search than tuning a single reservoir.

3. Feature Normalization: Integrating dynamics from reservoirs with vastly

different scales can lead to numerical instability in the readout. A reser-

voir with high-amplitude activations might drown out the subtle but

critical information provided by a more dampened reservoir. This ne-

cessitates careful feature scaling or regularization strategies to ensure



7.3 Parallel “feature-free” Reservoir Architectures 149

that the linear readout can effectively weigh the contributions of each

parallel branch.

7.3.3. Performance Measurement and Visualization

The box plots7.7 show how a deep reservoir may process audio using the raw

audio data without any feature extraction.

(a) Digit Recognition performance (b) Speaker Recognition performance

Figure 7.7: Digit and Speaker Recognition using deep “feature-free” parallel
audio processing using reservoir

Experiments
Digit Recognition Speaker Recognition

Ti-46 AudioMnist Ti-46 AudioMnist

Train Test Train Test Train Test Train Test

Shallow feature-free Audio processing 53.06 51.22 56.98 41.79 50.27 44.02 68.11 58.28
Parallel feature-free Audio processing 61.98 56.86 61.81 43.44 63.98 46.32 72.89 71.21

Table 7.1: Comparison of different methods for Digit and Speaker Recognition

Table 7.1 summarises the result.

The architectural shift from shallow to deep configurations reveals that

while serial connections often suffer from signal washing and initialization

instability, parallel reservoirs provide a more robust framework for capturing
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diverse acoustic features. By distributing raw audio across independent reser-

voirs simultaneously, Parallel “feature-free” Reservoir Computing (PFRC)

bypasses the information bottlenecks and fine-tuning inherent in stacked lay-

ers. Chapter 8 table 8.2 provides a more detailed comparison of this method

with other methods used in the thesis.

7.4. Summary and Conclusion

In short, while a single-reservoir approach reduces architectural complex-

ity, it often lacks the representational depth required for peak performance.

PFRC overcomes this limitation by decoupling signals across multiple path-

ways, delivering a comprehensive analysis of the raw audio. Ultimately, this

demonstrates that Reservoir Computing can function as a self-contained pro-

cessor that projects signals into a higher-dimensional space, enabling audio

processing without the need for traditional handcrafted features.

Despite these advantages, this framework exhibits significant instability

and inconsistency. The model’s performance is highly sensitive to minor

fluctuations in hyper-parameters and variations in input data, leading to high

variance in output results. This stochastic behaviour suggests that while the

PFRC offers an alternative to traditional complex feature extraction, further

research is required to stabilize its dynamics and ensure reliable, reproducible

performance across diverse acoustic environments.
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Discussion

8.1. Reservoir as Classifier

We are training the reservoir as a classifier with the MFCC obtained using

Matlab function to evaluate its capability in categorization tasks and address

the validation of Sub-Hypothesis 1. This hypothesis states that ’A Reservoir

Computing (RC) based classifier achieves comparable performance to conven-

tional classifiers when utilizing MFCC features.’ To test this, the reservoir

is implemented with a lean architecture of only 100–400 nodes, represent-

ing a reduction in computational complexity by several orders of magnitude

compared to traditional neural networks that typically demand significant

temporal and energy resources.

The experimental results demonstrate the reservoir’s capacity to carry out

classification and regression tasks. Given the complexity of audio analysis,

any neural network that does audio classification often needs a large number

of nodes. The efficient use of resources makes the approach particularly well-

suited for applications where computational resources, power, and time are

constrained.

The results demonstrate that the RC-based classifier achieves superior

performance when integrated with conventional feature extraction, validating
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its robustness as a back-end engine. This efficiency underscores the model’s

practical potential, proving that high accuracy in complex tasks like au-

dio processing does not necessitate massive, energy-intensive models. Such

an approach is particularly well-suited for applications where computational

resources, power, and time are constrained. By demonstrating that the reser-

voir achieves performance parity with conventional models while using sig-

nificantly fewer resources, the reservoir’s robust categorization capabilities

were confirmed. Thus, Sub-Hypothesis 1 is validated.

8.2. Feature Extraction by Mimicking MFCC

Function

In our investigation, we are utilizing a reservoir to mimic the MFCC extrac-

tion and validate our Sub-Hypothesis 2 which states that ’Reservoir Com-

puting can successfully replicate key MFCC features, simplifying the feature

extraction process exploiting time-domain operation.’ To prove that reser-

voir dynamics can replicate MFCC features, which significantly simplifies

the feature extraction pipeline, we are modelling reservoir to mimics MFCC

extraction. The low NRMSE values for most coefficients demonstrates the

reservoir’s capability to perform this task. We utilize the output of feature

extraction reservoir(first reservoir-RC-1) as the input to the Classification

reservoir (second reservoir RC-2) and the resulting output is shown as box

plots. The plot shows the reservoir’s capability in mimicking MFCC feature

extraction. The outcome of our method is comparable to the result of Matlab

based MFCC.
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We have found that the window length we consider has a significant

impact on the performance of the system. Based on this finding, we are

analysing three scenarios.

As explained earlier, to calculate the number of non-overlapping windows,

we use the equation N = (M) + 2)/2, where M is the number of MFCC

samples. In the first method (baseline window experiment), we are using

the window length obtained based on this equation. In the second method

(dense window experiment), we have increased the number of overlapping

windows by decreasing the window size. This method performs better than

the first method. In the third method (tuned window experiment), we have

increased the number of overlapping windows by decreasing the window size

for higher frequencies(Higher Mel Coefficients) for speaker identification and

increased the number of overlapping windows by decreasing the window size

for lower frequencies(Lower Mel Coefficients) for digit identification.

This method’s primary benefit is that it reduces computing complexity,

particularly when executing the Fourier Transform, by doing away with the

necessity for intricate time-frequency conversion. It also facilitates the imple-

mentation of a real-time audio signal processor, which is another significant

benefit. A third benefit is that, by avoiding sophisticated computations,

the system may be implemented with a basic hardware reservoir, leading to

a processing system that can easily duplicate the MFCC extraction. This

reduces the need for more complex systems.

In terms of speaker recognition, the outcome of our method is comparable

(or even better) to the result of Matlab based MFCC. In dense and tuned

window experiment, we are able to improve the performance of speaker recog-



154 Discussion

nition compared to baseline window experiment. Digit recognition is more

challenging than speaker recognition. In dense and tuned window experiment

we are able to improve the performance of Digit recognition. We have also

found that the performance is significantly impacted by the window size. In

short, our approach to MFCC extraction is effective and seems promising.

Thus, Sub-Hypothesis 2 is achieved.

8.3. Feature Extraction by Convolution

In this experiment we are trying to validate the sub-Hypothesis 3 which

states that ’The effectiveness of reservoir-based feature extraction can be

improved by training it on MFCC-inspired convolutions.’ To prove this, we

use a reservoir to obtain the time domain Mel Frequency Convolution Filter

(MFCF) audio feature by convoluting the audio signal and Mel Filter-Bank

in time domain. We utilize the output of this first reservoir that extract the

audio feature in time domain as the input to the second reservoir, and the

resulting output is shown as box plots.

The extraction of MFCF in time domain utilizing convolution is done

in 2 method. In first method we are using a single reservoir for feature

extraction. The reservoir used will have 14 output layer each individually

trained to generate each of the Mel Coefficient.

In the second method we employ 14 distinct reservoirs, each reservoir is

dedicated in extracting a single, specific MFCF. So, there will be 14 parallel

and independent reservoirs for each of the MFCF feature extraction.

A significant merit of this method is its demonstrated ability to achieve

comparable or even superior performance in the challenging task of digit
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recognition when bench-marked against time domain mimicking method, all

while operating exclusively in the time domain. The core reason for this

success lies in the nature of Reservoir Computing (RC) itself: a reservoir is

natively optimized to mimic time-domain dynamics rather than operations

that require multiple domain transformations (such as moving from time to

frequency). The evidence for this is found in the performance gap observed

across different methodologies. When the reservoir is used to mimic the stan-

dard Matlab MFCC extraction (Chapter 5), which involves multiple domain

transfers, the performance gap is significantly wider because the reservoir

struggles to replicate frequency-domain logic. In contrast, when the reser-

voir mimics the MFCF extraction via time-domain convolution (Chapter 6

and ’MFCF extraction Via time-domain convolution’ in Appendix B), the

gap is minimized. Because this second method performs all processing na-

tively in the time domain without domain switching, it aligns perfectly with

the reservoir’s inherent strengths, demonstrating that RC reaches its highest

efficiency when it operate in time domain.

This approach entirely bypasses the computational overhead and poten-

tial information loss associated with time-frequency transformations like the

Fast Fourier Transform (FFT). It underscores the efficacy of the specialized

reservoir architecture, proving that its precision in generating clean, indepen-

dent Mel inspired features directly from the raw signal translates into robust

performance for the most demanding classification tasks without requiring a

frequency-domain intermediate.

Table 8.1 shows a comparison of the number of neurons used by differ-

ent audio signal processing methods. The number of neurons in a network
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Model
Architecture

Task / Dataset Test % Parameters/Complexity

CNN Audio-MNIST (Digit
Recognition)

98.63 2M–10M parameters

Word embedding Spoken Language
Identification

92.20 1M–5M parameters

ResNet50 Speech Classification
Baseline

80.20 ∼5M parameters

CapsNet Speech Command
Profiling

88.76 10M–20M parameters

CNN LSTM Continuous Speech
Processing

80.52 5M–15M parameters

SVM Acoustic Token
Classification

83.32 Support Vector dependent

Log. Regression
(137)

Parameter Scaling
Baseline

80.23 1M parameters

Acoustic model Phonetic Feature
Extraction

73.23 Dataset dependent

RF (VGG16) Speech Feature Mapping 71.90 10K–100K trees
LSTM-CNN (138) Spoken Language

Identification
68.33 5M–15M parameters

2D ConvNet Bi-GRU Speech Emotion
Recognition (SER)

65.23 10M–20M parameters

Extended LSM
(ELSM) (117)

TIDIGITS (Isolated Digit
Speech)

86.3 2000 Spiking Neurons

RC (Matlab
MFCC)

TI-46 / Audio-MNIST
(Digit)

98.30 400 Neurons

RC (Mimic
MFCC)

TI-46 / Audio-MNIST
(Digit)

73.89 RC1: 950 / RC2: 400

RC (Time
Domain)

TI-46 / Audio-MNIST
(Digit)

94.33 RC1: 450 / RC2: 400

Table 8.1: Performance measures obtained from various language identification
and speech processing techniques (137) (139) (140) (117)

is calculated based on architecture implementation and hyper parameters

such as the number of hidden layers, the number of units (neurons) in each

layer, and the input/output dimensions. As can be seen from the table, Our

method is the most lightweight and effective model, achieving high accu-

racy with smaller number of neurons. By utilizing significantly less parame-

ters while maintaining the audio feature extraction in the time domain, our
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method demonstrates good performance. The refinement of feature extrac-

tion through MFCC-inspired convolutions showed that the effectiveness is

notably enhanced by the reservoir based method. Thus, Sub-Hypothesis 3 is

achieved.

8.4. “Feature-Free” Audio Processing

A primary objective of this study is to determine if a Reservoir Computer

(RC) could process raw audio signals directly without a feature extraction

stage and thus prove our sub-hypothesis 4, which states that ’A reservoir-

based architecture, operating directly on the raw audio waveform, can cap-

ture sufficient discriminative acoustic information, eliminating the need for

separate feature extraction stage.’ Here we are trying to bypass the complex,

domain-specific feature extraction stages standard in audio pattern recogni-

tion and conducted experiments feeding raw waveforms into both single-layer

and hierarchical reservoir architectures to prove this hypothesis.

We are particularly deliberate in our choice of data reduction techniques.

To address the high dimensionality of raw audio while preserving the tem-

poral essence of the signal, we utilise simple methods such as absolute max

pooling and peak-to-peak reduction. We have avoided more computation-

ally intensive or transformative methods, as we believe such complicated

pre-processing can tamper with our core objective: evaluating the intrin-

sic capacity of the reservoir to handle raw temporal dynamics. By sticking

to a streamlined reduction process, we ensure that any success in pattern

recognition is attributable to the reservoir’s dynamical states rather than

the complexity of a feature-engineered front end.
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8.4.1. From Shallow to Deep Architectures

The architectural evolution from shallow to deep configurations reveals a

critical trade-off between structural complexity and signal integrity. A shal-

low reservoir serves as the initial baseline; however, without the aid of pre-

processing, a single-layer system lacks the precision required for complex

frequency analysis. While Deep Reservoir Computing (DeepRC) theoreti-

cally offers a hierarchy of temporal representations—where layers capture a

spectrum of fast transients and slow global patterns—the implementation

method significantly dictates success.

In our experiments, a series-deep connection yielded underwhelming re-

sults due to the phenomenon of signal washing. In this configuration, the

first reservoir acts as a high-dimensional non-linear filter that often obscures

high-frequency details like pitch and timbre. Consequently, subsequent lay-

ers receive a blurred internal state rather than the original audio features.

While precise calibration of the spectral radius and leak rate could theoreti-

cally mitigate this degradation, the fine-tuning process is notoriously tedious

and highly sensitive to minor adjustments.

The parallel model bypasses the information bottlenecks inherent in serial

chains. By feeding the raw audio to multiple independent reservoirs simulta-

neously, the architecture fosters feature diversity. This redundancy ensures

that the readout layer can aggregate a broad spectrum of acoustic cues, cap-

turing nuances that a single or stacked reservoir might overlook. The parallel

reservoir architecture offers notable robustness and feature diversity,
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8.4.2. Evaluation of Actual Performance and Findings

While our parallel “feature-free” architectures demonstrate that raw audio

waveforms can be processed directly to capture discriminative acoustic infor-

mation, an evaluation of the empirical results reveals substantial performance

trade-off. This approach serves as a highly promising, hardware-lean proof

of concept; however, its classification accuracy remains strictly lower than

our alternative pipelines.

Specifically, when benchmarked against configurations where the reservoir

performs analytical time-domain convolutions, the “feature-free” framework

experiences a noticeable drop in absolute accuracy. This discrepancy demon-

strates that while simple absolute max pooling and peak-to-peak reduction

preserve fundamental global structures, they discard the fine-grained spectral

boundaries necessary to extract essential information from the audio signal.

Furthermore, because the analytical time-domain convolution architecture

itself maintains a highly optimized, low-overhead computational complexity,

the marginal savings offered by the “feature-free” framework do not justify

such a significant compromise in classification performance.

Consequently, Sub-Hypothesis 4 is only partially validated. A “feature-

free” parallel reservoir architecture can autonomously isolate acoustic pat-

terns from raw waveforms, successfully eliminating the rigid requirement for

a separate feature extraction front end; yet, it does so at the expense of peak

classification performance.

Furthermore, we observed a persistent challenge regarding model insta-

bility. Small variations in weight initialization or hyper-parameter drift can

trigger unpredictable fluctuations in the reservoirs’ internal states, poten-
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tially compromising the long-term reliability of the readout output. This

susceptibility to architectural instability highlights a fundamental limitation

of relying solely on structural scaling to compensate for the absence of clean

acoustic features.

8.5. Inference

Table 8.2 presents a comparative performance analysis of various audio pro-

cessing and recognition methods across two primary tasks: Digit Recognition

and Speaker Recognition. The evaluation is conducted using two benchmark

datasets, Ti-46 and Audio-Mnist, with results broken down into Training and

Testing accuracies.

Digit Recognition Speaker Recognition

Ti-46 AudioMnist Ti-46 AudioMnist

Train Test Train Test Train Test Train Test

Reservoir as classifier 100 99.37 98.24 98.09 79.43 72.15 79.90 79.38
Reservoir-based MFCC by Mimicking 78.96 61.29 74.34 60.82 80.88 70.88 91.87 84.89
Reservoir-based MFCC by Convolution 97.15 91.82 82.06 70.83 95.28 79.17 92.71 78.57
Shallow feature-free Audio processing 53.06 51.22 56.98 41.79 50.27 44.02 68.11 58.28
Deep feature-free Audio processing(parallel) 61.98 56.86 61.81 43.44 63.98 46.32 72.89 71.21

Table 8.2: Comparison of different methods for Digit and Speaker Recognition

The analysis of our experimental results leads to a definitive conclusion

regarding the architectural trade-off between depth and efficiency. While

increasing the hierarchy of a Deep Reservoir Computing system offers incre-

mental improvements in capturing multi-scale dynamics, it simultaneously

introduces significant structural complexity and hyper-parameter sensitivity.

We propose that the optimal path forward is not found in further complicat-

ing the reservoir’s depth, but in implementing a simplified, reservoir-based
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time-domain feature extraction front end.

Our approach is centred on the principle of time-domain convolution.

By configuring the reservoir to function as a bio-mimetic ear, we facilitate

the extraction of Mel Frequency Cepstral-like features without ever leaving

the temporal domain. This provides the critical frequency decomposition

required for high-accuracy speech recognition while entirely bypassing the

computational latency and memory overhead of the Fourier Transform.

Ultimately, our findings demonstrate that a time-domain front end lever-

ages the reservoir’s natural strengths—specifically its fading memory and

non-linear high dimensional mapping—to perform the heavy lifting of fea-

ture engineering. This strategy avoids the structural overhead of massive

deep reservoir hierarchies as well as complex computation, offering a supe-

rior balance between computational simplicity and classification robustness.

We conclude that for real-time audio analysis, a shallow classifier (RC) cou-

pled with a time-domain convolutional front-end reservoir provides the most

efficient, hardware-friendly architecture for next-generation auditory proces-

sors.

The successful validation of these four pillars confirms the overarching

hypothesis: ’an end-to-end Reservoir Computing approach is fully capable of

performing all essential signal processing functions—from feature extraction

to classification—within a unified, time-domain audio processing system.’
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Conclusions and Future Work

9.1. Conclusions

The transition from traditional, power-hungry digital signal processing to

the next generation of energy-efficient, real-time audio systems represents a

critical frontier in modern computational research. For decades, the indus-

try has relied on frequency-domain transformations such as the Short-Time

Fourier Transform and Mel Frequency Cepstral Coefficients to bridge the gap

between raw sound waves and machine understanding. While these meth-

ods are mathematically robust, they are inherently expensive in terms of

computational cycles and energy consumption, largely because they require

the conversion of time-series data into a different mathematical realm be-

fore any meaningful analysis can begin. This creates a significant bottleneck

for embedded systems, wearable medical devices, and always-on voice assis-

tants that must operate within strict battery constraints. To address this

bottleneck, this thesis introduces a comprehensive and novel framework that

simplifies audio and speech signal processing by leveraging the unique dy-

namics of Reservoir Computing in combination with time-domain techniques.

By bypassing the traditional reliance on frequency-domain analysis, we offer

a biologically inspired alternative that processes raw waveforms with high
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efficiency, maintaining both the temporal precision and spectral sensitivity

necessary for advanced speech recognition tasks.

At the heart of this framework is Reservoir Computing, a paradigm shift

in the way we utilize recurrent neural networks. Conventional recurrent

networks often struggle with high training costs and vanishing gradients be-

cause every connection within the network must be optimized. In contrast,

a reservoir consists of a fixed, randomly connected dynamical system that

maps input signals into a high-dimensional state space. Because the internal

recurrent weights are never changed during the learning process, the only

component that requires training is a simple linear readout layer. This ar-

chitecture provides several immediate advantages: it is incredibly fast to

train, requires minimal memory overhead, and possesses an inherent fading

memory that makes it naturally suited for time-varying signals like audio.

Our work investigates the reservoir not merely as a classifier, but as a pow-

erful non-linear feature extractor. By exploiting the intrinsic dynamics of

the reservoir, we can transform raw, oscillating audio signals into rich, infor-

mative representations without the need for handcrafted features or explicit

spectral transforms. This effectively bridges the gap between signal transfor-

mation and learning, creating a unified perspective where the reservoir serves

as a seamless interface between the physical world of sound and the digital

world of classification.

Beyond traditional methodologies, this research investigated the viabil-

ity of end-to-end audio analysis. To rigorously validate this approach, we

conducted a series of distinct experiments designed to test the versatility of

Reservoir Computing across different levels of complexity. The first experi-
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ment investigated the lower bounds of hardware requirements by using the

reservoir as a stand-alone classifier. We were able to demonstrate that a net-

work with as few as 100 nodes could achieve competitive accuracy on speech

recognition benchmarks. This result is particularly significant for the field of

edge computing, as it proves that high-level intelligence can be packaged into

extremely small architectures. When we consider that modern deep learning

models often require millions or even billions of parameters, the ability of a

100-node reservoir to distil speech into actionable data underscores a level

of efficiency that is orders of magnitude beyond current standards. This

minimalist approach allows for the deployment of speech intelligence on low-

cost microcontrollers that were previously thought to be too limited for such

tasks.

The second experiment addressed the most common objection to time-

domain processing: the potential loss of spectral information. Because hu-

mans perceive sound on a non-linear scale—specifically the Mel scale—most

speech systems use MFCCs to mimic the human ear’s sensitivity. We chal-

lenged the reservoir to mimic this conventional feature extraction process.

Our findings revealed that the reservoir’s dynamic response can naturally

approximate MFCC-like representations. By projecting the raw waveform

into a high-dimensional non-linear space, the reservoir inherently captures

the relevant spectral characteristics usually reserved for frequency-domain

mathematics. This mimics the logarithmic compression and filter-bank anal-

ysis of traditional pipelines but does so through the natural physics of the

dynamical system. This experiment confirmed that we do not need to tell

the system how to hear like a human; the reservoir’s dynamics can learn to
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approximate those perceptual models on their own.

Building on this success, the third experiment involved the implementa-

tion of an MFCC-like pipeline entirely within the time domain. Rather than

using an FFT to generate filter banks, we utilized convolution with synthe-

sized Mel Filters applied directly to the raw waveform. This method allows

the system to operate on a sample-by-sample basis, maintaining a level of

temporal precision that is often lost in the windowing process required by

Fourier Transforms. By eliminating the FFT stage, we significantly reduce

the processing latency and the mathematical complexity that negatively af-

fect real-time responsiveness of the system (141). Furthermore, this approach

leverages the inherent flexibility of Reservoir Computing (RC); unlike tra-

ditional architectures restricted to a single, rigid task, the RC framework

can adaptively process continuous streams for multiple concurrent objectives

(142), (143). To further optimize the system, we propose that energy ef-

ficiency can be significantly increased by utilizing a Liquid State Machine

(LSM) rather than an Echo State Network (ESN), as the spiking nature of

LSMs offers a more power-frugal alternative for temporal data (144), (145).

This time-domain implementation proves to be a more efficient architecture,

opening the door for real-world applications where instantaneous response is

required, such as in high-fidelity hearing aids or industrial acoustic monitor-

ing systems.

We also explored the possibility of direct audio analysis bypassing the

need for intensive manual feature extraction. Our findings indicate that this

streamlined approach is not only viable but highly promising; specifically, we

demonstrated that the integration of deep reservoir architectures significantly
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enhance performance of “feature-free” audio signal processing.

Unlike conventional deep learning approaches that require massive datasets

and extensive training, Reservoir Computing offers a lightweight alternative

that is ideally suited for neuromorphic hardware. The fixed structure of the

reservoir draws direct parallels to the auditory processing found in the hu-

man brain, specifically the way the cochlea acts as a mechanical, time-domain

filter bank. The efficiency gained by avoiding FFT computations and reduc-

ing network complexity directly translates to longer battery life and smaller

device footprints.

An important contribution of this work is the demonstration that com-

plex, handcrafted feature extraction pipelines are not strictly necessary for

effective speech processing. By leveraging the inherent dynamics of Reservoir

Computing, we show that raw audio waveforms can be transformed into infor-

mative representations suitable for classification and recognition tasks. This

challenges the traditional reliance on frequency-domain analysis and suggests

new directions for the design of audio processing systems. Our framework

provides a unified perspective on time-domain feature extraction and classifi-

cation. Rather than treating feature extraction and classification as separate

stages, the reservoir serves as a bridge between the two, seamlessly integrat-

ing signal transformation and learning. This end-to-end approach simplifies

system design and reduces the need for domain-specific expertise in feature

engineering.

In conclusion, our study highlights the substantial potential of Reservoir

Computing for speech and audio processing tasks. This approach simpli-

fies system design, reduces the need for domain-specific expertise in fea-
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ture engineering, and significantly lowers the barrier for implementing high-

performance audio intelligence on the edge. As the demand for intelligent,

low-power solutions continues to grow, the integration of time-domain pro-

cessing and Reservoir Computing stands out as a versatile paradigm. This

research provides a foundation for future bio-inspired computing systems that

process sound with the same elegance and efficiency as the human ear and

brain, paving the way for a world where technology listens more effectively

while using less power.

9.2. Future Work

RC as a Unified Feature Extractor in Time Domain

The success of generating Mel-Frequency Cepstral Coefficients (MFCCs) di-

rectly within the time domain using Reservoir Computing (RC) opens a

new frontier for audio signal processing. Traditionally, features such as

Wavelet Transforms, Lyon’s Cochlear Model, etc were developed using com-

plex frequency-domain transformations primarily to bypass the historical

computational burden of high-dimensional convolution. These features can

be easily generated using reservoir in time domain using the same concept.

An attempt to develop wavelet Transform with Mel Filters is detailed in

appendix as an example. (Appendix A)

Future research will focus on expanding this concept to recreate diverse

bio-inspired models—such as Lyon’s Cochlear model or such audio signal

features within a single RC architecture. This approach eliminates the need

for expensive domain-switching overhead, offering a streamlined pathway for
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real-time audio analysis on low-power edge devices and neuromorphic hard-

ware. By treating the reservoir as a self-contained engine for implicit convo-

lution, we aim to demonstrate that traditional mathematical transformations

can be surpassed by the efficient, temporal processing capabilities of RC.

Toward Hardware-Integrated, Low-Power Auditory Intelligence:

Neuromorphic Ears

Another critical and promising area of exploration in modern artificial intelli-

gence is the implementation of Reservoir Computing (RC) in physical hard-

ware, particularly as a means to revolutionize energy-efficient audio signal

processing. As intelligent systems increasingly migrate from centralized com-

puting environments to edge devices, wearables, and embedded platforms,

the limitations of conventional digital signal processing and deep learning

approaches have become increasingly apparent. These methods, while pow-

erful, often rely on high computational complexity, extensive training, and

significant energy consumption, making them ill-suited for continuous, real-

time auditory processing under strict power constraints. Reservoir Comput-

ing offers an alternative paradigm that aligns computation with the intrinsic

dynamics of physical systems, opening a pathway toward next-generation

auditory intelligence that is both efficient and biologically inspired.

Reservoir Computing is uniquely well suited for audio signal processing

because it decouples complex temporal processing from costly training proce-

dures. In RC, a fixed, high-dimensional dynamical system —the reservoir—

transforms incoming temporal signals into rich internal representations, while

only a simple readout layer is trained. This architectural simplicity enables
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reservoirs to be implemented directly in hardware using analogue circuits,

neuromorphic substrates, memristive devices, photonic systems, or other

physical media.

The development of a more efficient audio processing pipeline using Reser-

voir Computing (RC) motivates me to transition these models directly into

specialized neuromorphic hardware. Unlike traditional digital signal process-

ing, which relies on power-hungry spectral transformations and deep layers

of trained weights, RC allows for a fixed, high-dimensional dynamical system

where only the readout layer requires optimization. By mapping this archi-

tecture onto a neuromorphic substrate, the temporal dynamics of the audio

signal translate directly into the hardware, allowing computation to emerge

from the system’s intrinsic physics rather than through resource-heavy digital

emulation.

This implementation aims to verify the performance of a fully on-chip

audio reservoir, targeting the high-speed, low-power requirements of sensing.

By leveraging the event-driven parallelism and fading memory inherent to

neuromorphic devices, the system can capture complex temporal patterns

and acoustic biomarkers in real-time. This approach inherently operates in

the time domain, mirroring biological auditory processes and providing a ro-

bust solution for dynamic environments where, latency and energy efficiency

are critical.

The concept of neuromorphic ears encapsulates this vision. By embed-

ding intelligence directly into physical substrates, neuromorphic ears trans-

form auditory perception from a resource-intensive computational task into

an efficient, embodied process. By embedding intelligence directly into the



170 Conclusions and Future Work

hardware, we can reframe advanced auditory processing as a pervasive and

invisible utility. Such a system would enable continuous health monitoring,

responsive brain-computer interfaces, and ambient smart environments that

function seamlessly within strict power budgets, making sophisticated audi-

tory intelligence more sustainable and accessible for edge applications.

Temporal Integration as the Foundation of Artificial Perception

While audio signal processing provides a compelling and practical focus, this

line of research also highlights the need to move beyond audio and address

a more fundamental question concerning the future of artificial perception.

Perception is fundamentally temporal rather than modality-specific. The

integration of temporal information is essential to the development of sound,

vision, touch, and other senses. Instead of complicating each individual sense

with its own heavy, separate architecture, we are building a unified way for

AI to process information, creating systems that are more natural, efficient,

and cohesive.

Reservoir Computing provides a path toward a more unified and all-

purpose framework for perception by utilising time as a universal compu-

tational currency. A single reservoir-based architecture can project different

temporal inputs into a high-dimensional space, from which significant pat-

terns may be recovered using straightforward readouts, eliminating the need

to create specialised algorithms for every single sense. This method promotes

richer and more effective representations of the world by streamlining sys-

tem design and facilitating seamless integration all sensory modalities. This

expansion of time-domain processing is a significant step toward artificial
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perception that is as effective and comprehensive as human perception.

In short, the exploration of Reservoir Computing in physical hardware for

signal processing represents a foundational shift in how intelligent systems

are conceived and realized. By simplifying audio processing to align with

hardware-compatible reservoirs and integrating these systems with neuro-

morphic engineering, we can create energy-efficient systems that approach

biological performance. More broadly, by embracing time as the unifying

principle of perception, we are pointing toward a unified framework for ar-

tificial intelligence. This brings artificial perception closer to the depth and

power of human experience by establishing the foundation for perceptual

systems that are effective, flexible, and deeply interconnected with the real

environment.
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Features in Time-Domain

Feature extraction is arguably the most critical process within the field of

speech signal processing. The selection of an effective feature set directly

dictates the performance and robustness of downstream applications, such

as speaker identification and automatic speech recognition. For decades,

the Mel Frequency Cepstral Coefficient (MFCC) has reigned as the domi-

nant feature, owing its popularity to its effective resemblance to the filtering

mechanisms that occur within the human auditory system. The fundamental

strength of MFCCs lies in their capacity to provide a compact, robust repre-

sentation of the signal’s frequency content. By mapping the linear frequency

spectrum onto the non-linear Mel scale, MFCCs successfully emphasize the

crucial low-frequency bands where most speech energy and phonetic distinc-

tions reside, aligning well with human perception of pitch. However, the

primary drawback of MFCCs stems from their inherent time-averaging na-

ture. The traditional extraction process, which involves a Discrete Fourier

Transform (DFT) followed by the calculation of the log energy within static

Mel Filter-Banks, provides only the frequency information of the signal but

fails to adequately capture the precise temporal location of those frequencies.
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A.1. Mel FrequencyWavelet Coefficient (MFWC)

The lack of fine-grained time-frequency resolution makes MFCCs less ef-

fective at analysing rapidly changing or non-stationary signals like speech,

particularly when dealing with transient sounds, stop consonants, or sud-

den noise bursts. To overcome this limitation, researchers turned to tools

with more flexible analysis capabilities, most notably the Wavelet Transform

(WT). The WT is an appropriate tool for the analysis of non-stationary sig-

nals because it utilizes a flexible time-frequency window. This means the WT

can provide both time and frequency information of the signal simultaneously,

offering high-frequency resolution for low frequencies and high-time resolu-

tion for high frequencies. Despite its inherent strength in time-frequency

analysis, the typical Wavelet Transform presents its own challenge when ap-

plied directly to speech. Standard Wavelet Transform often employ a uniform

frequency scaling, which runs counter to the non-linear way the human ear

perceives sound. This can result in poorer frequency resolution in the cru-

cial low-frequency range and make the feature set less in line with human

auditory perception than MFCCs. The recognition of these complementary

strengths and weaknesses led to a concerted effort to develop a feature that

incorporates the merit of both MFCC and the Wavelet Transform. This syn-

thesis resulted in several techniques centred around Wavelet-based MFCCs,

all attempting to leverage the Mel Frequency Cepstral Coefficient scale (mim-

icking human hearing perception) with the time-frequency resolution capa-

bilities of the Wavelet Transform. The resulting feature, often termed the

Mel Frequency Wavelet Coefficient (MFWC), offers advantages by ensuring
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frequency analysis is perceptually relevant while simultaneously allowing for

time-localized analysis of the signal’s frequency components, enabling better

analysis of transient sounds and noise variations within a speech signal (146).

A.1.1. Addressing Computational Complexity with Time-

Domain Processing

In the state-of-the-art methods for extracting Wavelet-based Mel frequency

coefficients, the process is inherently complex due to the sequential nature

of the two major operations. Existing approaches typically involve applying

the Wavelet Transform (WT) either prior to the MFCC part or after the

MFCC part. In either conventional scenario, the entire calculation steps of

both MFCC and the Wavelet Transform are required to obtain the Wavelet

Transform-based Mel-scaled feature extraction. This sequential, multi-step

dependency makes the whole process computationally complicated, demand-

ing significant resources for the successive domain conversions and complex

mathematical operations.

Figure A.1: Wavelet based Mel Frequency Coefficient extraction methods
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Our research introduces a paradigm shift in MFWC extraction designed

to radically reduce this complexity and increase efficiency. The core of our

innovation lies in moving away from the conventional frequency-domain and

sequential processing towards a time-domain feature extraction method. To

achieve this, we harness the unique capabilities of Reservoir Computing (RC),

an efficient framework derived from recurrent neural networks. The feasibility

of this simplification rests entirely on the fact that the chosen implementa-

tion of Reservoir Computing (specifically, the feature extraction reservoir) is

highly capable of operating efficiently and natively in the time domain (TD).

Unlike conventional signal processing techniques that often require converting

the time-domain audio signal into the frequency domain (via DFT) before

applying filters, an RC system can process the raw, sequential time-series

data directly.

In our novel approach, we use the time-domain capability of the Reser-

voir Computing technique to extract the Mel Frequency Wavelet Coefficient

directly from the raw speech signal. This design allows us to bypass the two

major bottlenecks of the conventional methods: we avoid the need to fully cal-

culate both the traditional Fourier/Log-Mel steps and the complex Wavelet

Transform steps sequentially, and the entire feature extraction process is in-

tegrated into a unified time-domain operation, perfectly aligning with the

innate architecture of the RC system. This method effectively replaces the

intricate mathematical steps of traditional spectral and wavelet analysis with

the dynamic, non-linear processing capability of the reservoir. This stream-

lining dramatically reduces the method’s complexity and increases its effi-

ciency by minimizing computational overhead associated with domain con-
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versions. Furthermore, the robust nature of the Reservoir Computing tech-

nique is also made use of to improve the performance of the entire system,

leading to features that are not only computationally cheaper to obtain but

also superior in their ability to capture relevant speech characteristics. This

streamlined, time-domain approach represents a significant advance in the

quest for low-latency, energy-efficient speech processing systems.

A.2. Methodology

The efficient extraction of features from raw speech data requires careful con-

sideration of the computational environment, particularly in systems where

resources are constrained, such as low-power edge devices. The limitations of

MFCC—primarily its poor time-frequency resolution—necessitated the de-

velopment of more robust features, specifically the Mel Frequency Wavelet

Coefficient (MFWC). The MFWC is a crucial feature because it successfully

combines the perceptually relevant frequency resolution of the Mel scale with

the superior time localization capabilities of the Wavelet Transform. How-

ever, the conventional extraction of MFWC typically inherits and often com-

pounds the computational complexities of the standard MFCC pipeline.

The standard practice for deriving the Mel Frequency Cepstral Coeffi-

cient (MFCC) involves a sequence of operations primarily conducted in the

frequency domain, as shown in Figure 2.9. The fundamental motivation

for operating in the frequency domain is computational simplification: the

complex operation of convolution in the time domain becomes a much sim-

pler multiplication in the frequency domain. Furthermore, this multiplication

transforms into an addition in the log-frequency domain, simplifying the final
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cepstral analysis. While computationally elegant in a centralized processing

environment, this approach necessitates multiple domain conversions (time

to frequency, frequency to log-frequency, and back via the Inverse Discrete

Cosine Transform (IDCT)), which adds significant computational overhead

and latency, particularly when aiming for real-time performance.

A.2.1. Designing Mel Filter-Bank

To overcome the inherent complexity of conventional frequency-domain pro-

cessing, our methodology focuses on moving the entire MFWC extraction

process into the time domain (TD). The challenge lies in recreating the ef-

fect of the frequency-domain Mel Filter-Bank and the Wavelet Transform

using purely time-domain operations.

Our approach begins by creating a set of time-domain Filter-Bank sig-

nals corresponding to each coefficient of the Mel Filter-Bank. In the standard

MFCC process, each Mel Coefficient corresponds to a triangular filter cen-

tred at a specific frequency in the Mel scale. The shape of this filter, when

transformed back into the time domain, dictates the temporal response we

need to replicate. We achieve this replication through synthesis.

For each Mel Coefficient, there is an associated set of frequencies and a

corresponding set of parameters (such as magnitude and phase, which define

the filter shape in the time domain). As an example, the structure for the first

Mel Coefficient involves defined frequency and parameter values, as outlined

in Table 6.1). We then leverage the principles of Fourier and Wavelet analysis,

recognizing that any arbitrary time-domain signal (including a filter’s impulse

response) can be decomposed into a sum of sine and cosine waves.
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Specifically, for the n-th Mel Coefficient:

1. We synthesize a sine wave corresponding to each key frequency and

parameter associated with that Mel Coefficient.

2. We synthesize a cosine wave corresponding to each key frequency and

parameter associated with that Mel Coefficient.

3. We then superimpose (sum) all the synthesized sine waves to generate

the imaginary part of the final time-domain Mel Filter-Bank signal,

which embodies the necessary Wavelet Transform properties.

4. Similarly, we superimpose (sum) all the synthesized cosine waves to

generate the real part of the final time-domain Mel Filter-Bank signal.

By repeating this process for all Mel Coefficients, we synthesize all the neces-

sary Mel Filter-Bank signals in the time domain (TDMFB). This synthesized

TDMFB essentially acts as a set of time-domain basis functions, which, when

applied to the audio signal, perform the combined function of Mel filtering

and Wavelet decomposition. Figure 6.1 visually represents the resulting time-

domain Mel filter bank signal, showcasing its unique temporal structure.

A.2.2. Extraction of MFWC via Convolution

The core principle of our feature extraction is the application of the synthe-

sized TDMFB signals directly to the input audio signal. In the time domain,

the operation equivalent to applying a frequency filter is convolution. This

is the critical operational shift that allows us to bypass the Discrete Fourier

Transform (DFT).
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In order to obtain the Time-domain Mel Frequency Wavelet Coefficient

(TMFWC), the input audio signal, s(t), is convolved separately with the

synthesized real part, h
(m)
real(t), and the imaginary part, h

(m)
imag(t), of the time-

domain Mel-Wavelet Filter corresponding to each Mel coefficient m:

Realm(t) = s(t) ∗ h(m)
real(t)

Imagm(t) = s(t) ∗ h(m)
imag(t)

where ∗ denotes the convolution operation. This direct convolution yields

a sequence of coefficients (Realm(t) and Imagm(t)) that effectively encode the

signal’s energy localized in the Mel-frequency band m and time t, possessing

the desirable time-frequency characteristics of a Wavelet Transform.

A.2.3. Calculating the Magnitude and Data Reduction

The output of the convolution provides the complex-valued Wavelet coeffi-

cients. The magnitude of a Wavelet Transform refers to the absolute value

of these complex Wavelet Coefficients, essentially representing the strength

or intensity of the signal components at different scales and locations in

the time-frequency domain. It indicates how well the signal aligns with the

chosen time-domain filter function at a specific time position. A larger mag-

nitude value in a coefficient signifies a stronger presence of the corresponding

frequency component within the signal at that specific time window.

The final TMFWC is obtained by calculating the magnitude of the re-

sulting complex coefficients using the standard formula for the magnitude of
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Figure A.2: Finding magnitude

a complex number:

TMFWCm(t) =
√

(Imagm(t))2 + (Realm(t))2

We have made use of the concept illustrated in Figure A.2 to find the

magnitude of the corresponding signal components. The resulting signal,

TMFWCm(t), is a set of time-domain features, one sequence for each Mel

band m.

A crucial characteristic of this time-domain approach is that the number

of data points of the resulting TMFWC coefficient sequence is almost the

same as the length of the input audio signal. This high dimensionality is

typical of time-domain processing but poses a significant challenge for sub-

sequent classification or learning tasks, particularly when feeding the data

into a machine learning model like a Reservoir Computing system. High
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dimensionality increases computational load and can dilute the information

concentration.

Therefore, we must employ a data reduction method before feeding the

TMFWC data to the reservoir for classification. We have chosen to use the

absolute max-pooling technique for this purpose. Max-pooling is a stan-

dard downsampling operation used in convolutional neural networks, but

here it serves a specific informational purpose: in this case, the largest coef-

ficient among a small interval of data corresponds to the coefficient with the

strongest signal information (i.e., the time instance where the corresponding

Mel-Wavelet energy was highest). By extracting only the maximum abso-

lute value within a defined pool size (a small time window), we retain the

most salient features—the highest energy events—while drastically reducing

the overall data size. This focused data reduction method does not nega-

tively affect the critical information content of the signal and prepares the

TMFWC sequence for efficient processing by the Reservoir Computing archi-

tecture. The final pooled TMFWC signal is then fed directly to the reservoir

for the ultimate classification task, demonstrating an end-to-end time-domain

feature extraction and learning pipeline.

A.3. Experiment and Results

To evaluate the performance of the proposed methods we have used both the

Ti-46 data-set and Audio-Mnist dataset for our studies. We have tried to

identify the speaker as well as digit using the TMFWC as the feature. We

have calculated the percentage of correct utterance across 10 reservoirs and

plotted the result. The result is as shown in the figure A.3andA.4. The table
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A.1 gives a summary of result.

(a) Digit Recognition performance (b) Speaker Recognition performance

Figure A.3: Performance of our system with Ti-46 dataset

(a) Digit Recognition performance (b) Speaker Recognition performance

Figure A.4: Performance of our system with Audio-Mnist dataset

By demonstrating methods for implementing efficient time-domain Mel

Frequency Wavelet Coefficient (MFWC) extraction, we present a framework

that improves the efficiency of real-time audio processing. Our approach

reduces computational complexity, particularly in performing the Fourier

and Wavelet Transforms, by eliminating the need for complex time-frequency
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Experiments
Digit Recognition Speaker Recognition

Ti-46 AudioMnist Ti-46 AudioMnist

Train Test Train Test Train Test Train Test

MFWC 93.03 93.04 74.75 73.13 88.5 87.9 88.40 87.9

Table A.1: Performance analysis of Digit and Speaker Recognition of TI-46 and
Audio Mnist data set

conversion. These results are promising, as the system delivers competitive

performance while significantly reducing computational overhead.

A.4. Discussion

In this chapter, we discussed the usefulness of the time-domain Mel Frequency

Wavelet Coefficient (TMFWC) in the context of high-efficiency speech sig-

nal processing. We presented a novel methodology centered on generating

the MFWC entirely in the time domain, a strategic shift that minimizes the

significant computational complexity associated with existing, conventional

extraction methods. By synthesizing time-domain Mel-Wavelet Filter Banks

and employing direct convolution, we successfully eliminated the resource-

intensive steps of Fourier and inverse transforms and sequential Wavelet de-

composition that typically plague traditional frequency-domain feature engi-

neering.

The TMFWC feature displayed significantly more discriminative power

than other comparable features, including traditional Mel-scale based fea-

tures (like standard MFCCs) or pure Wavelet-based Coefficients, when eval-

uated on critical tasks like speaker and digit recognition. This superior dis-

crimination indicates that the time-domain synthesis successfully captures
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both the perceptually relevant frequency information (the ’Mel’ aspect) and

the crucial localized temporal details (the ’Wavelet’ aspect) with high fidelity.

Accompanied by the Reservoir Computing (RC) architecture as the clas-

sifier, the entire end-to-end method has substantially improved the overall

efficiency of speech signal processing. The RC system is inherently suited for

processing the high-dimensional, time-series TMFWC data efficiently, avoid-

ing the need for complex, feed-forward deep network training. The combined

simplicity of the feature extraction pipeline and the low-training-cost of the

RC classifier positions this framework as a superior solution for real-time and

energy-constrained environments. Ultimately, the successful validation of the

TMFWC feature confirms its potential to act as a crucial building block for

low-power, high-performance edge computing applications in speech and au-

dio analytics.

A.5. Inference and Future Works

The experimental results across both datasets (TI-46 and Audio-MNIST)

and both tasks (speaker and digit recognition) clearly demonstrate that the

TMFWC feature, combined with the Reservoir Computing classification ar-

chitecture, yields competitive performance metrics in terms of correct utter-

ance percentage.

The successful validation of the TMFWC feature confirms its potential to

act as a crucial building block for low-power, high-performance edge comput-

ing applications in speech and audio analytics. The system delivers perfor-

mance comparable to traditional methods while fundamentally minimizing

computational overhead, making it ideally suited for deployment in power-
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constrained environments such as voice-activated devices, wearable technol-

ogy, and low-latency, real-time speech recognition systems.

While the current framework achieves high efficiency by using Reservoir

Computing as a classifier, the next logical evolution is to extend this reservoir

philosophy to the feature extraction stage itself. Future research will explore

the development of a Reservoir-based Mel-Frequency Wavelet Coefficient (R-

MFWC) extraction method.
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B.1. Reservoir Computing

To validate the reservoir’s temporal memory and non-linear mapping capa-

bilities, the system is benchmarked using the NARMA 10 task. As illustrated

in the figure B.1, the tracking accuracy is high, with the predicted output

closely following the target signal. The model achieves a Normalized Root

Figure B.1: Narma: target Vs reservoir output
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Mean Square Error (NRMSE) of 0.13215 after a washout period of 50 sam-

ples. Furthermore, the reservoir demonstrate a Memory Capacity of 14.3887,

confirming its ability to retain and process information well beyond the 10th-

order dependencies required by the benchmark. These results verify that the

reservoir is well-suited for complex tasks.

B.2. Signal Transformation Pipeline: From

Time Domain to Cepstrum

The progression from a raw acoustic signal to the cepstrum involves a series

of transformations designed to decouple the underlying physical components

of sound. Initially, the signal exists in the Time Domain as a continuous

representation of amplitude over time, x(t). While this captures the raw

pressure waves, the spectral characteristics remain latent. By applying the

Fourier Transform, the signal is projected into the Frequency Domain,

resulting in a Spectrum that identifies the constituent harmonics and their

respective magnitudes.

To bridge the gap between physical sound and human perception, the

Log-Magnitude Spectrum is calculated. This step is mathematically crit-

ical because speech is produced through the convolution of a source (vocal

cords) and a filter (vocal tract); taking the logarithm transforms this multi-

plicative relationship into an additive one, expressed as:

log(Source · Filter) = log(Source) + log(Filter) (B.1)

Finally, by applying the Inverse Fourier Transform (or the Discrete Co-
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sine Transform for MFCCs) to this log-spectrum, we reach the Quefrency

Domain, or the Cepstrum. This “spectrum of a spectrum” effectively sep-

arates the rapidly varying fine structure (source) from the slowly varying

spectral envelope (filter), providing a compact, decorrelated representation

of the signal’s shape.

B.2.1. Temporal Evolution and Mel-Spectrogram Vi-

sualization

While the cepstral pipeline provides a snapshot of spectral features, the Mel-

based Spectrogram serves as the temporal extension of this process, illustrat-

ing how these features evolve over time. It represents a significant departure

from standard linear analysis by warping the frequency axis to mimic the

non-linear sensitivity of the human auditory system. By projecting high-

resolution Short-Time Fourier Transform (STFT) data onto a bank of 14

filters that broaden as frequency increases, the process performs intelligent

dimensionality reduction, prioritizing perceptually relevant information while

filtering out spectral noise.

This transformation effectively condenses the signal’s energy into a com-

pact feature space that preserves the spectral envelope, a step crucial for

preventing the reservoir model from becoming overwhelmed by redundant

data. The resulting 3D visualizations in Figure B.2 capture the critical tem-

poral dynamics and transient power shifts characteristic of human speech.

As illustrated in Figure B.2, the Mel-based Filter-Bank successfully cap-

tures unique acoustic signatures across different datasets. In the Ti-46 sample

(a), there is a prominent, sustained energy peak in the lower frequency bands
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(a) Ti-46 sample’s Spectrogram (b) Audio-Mnist sample’s Spectrogram

Figure B.2: Comparative Mel-based Spectrograms showcasing time-varying
power distribution.

early in the signal. Conversely, the Audio-MNIST sample (b) exhibits more

dispersed, fluctuating energy across the 500 Hz to 1500 Hz range. These

differences demonstrate that the 14-band reduction is sensitive enough to

distinguish between varying phonetic utterances while maintaining the con-

sistent feature dimensionality.

B.3. An Experiment for Cross-validating Mat-

lab and Reservoir MFCC

To evaluate the fidelity of the reservoir-based MFCC extraction, we conduct

a rigorous cross-validation experiment designed to test the functional align-

ment between our system and existing digital signal processing. The primary

objective is to determine if the features synthesized by the reservoir-based

generator are algorithmically consistent with those produced by established

methods. By decoupling the training and testing feature sources, we could
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effectively measure whether the reservoir has captured the universal char-

acteristics of the Mel-frequency scale or has merely developed a proprietary

mapping unique to its own internal architecture.

In the initial phase of the experiment, the reservoir-based classifier is

trained using MFCC features synthesized entirely by the reservoir’s internal

approximation of the extraction pipeline. This establishes a baseline where

the classifier learned to categorize audio data based on the reservoir’s specific

interpretation of MFCC. Following this, the performance is validated by test-

ing the classifier on a separate dataset of MFCC features generated via the

standard Matlab reference function. This transition from internal training

to external testing serves as a critical stress test for the system’s robustness.

Figure B.3 shows the performance of the experiment.

This cross-validation approach ensures that the reservoir’s approximation

of the MFCC algorithm maintains high functional compatibility with estab-

lished signal processing methods. If the classifier achieves high accuracy when

processing Matlab-generated features—despite never having seen them dur-

ing the training phase—it demonstrates that the reservoir has successfully

replicated the mathematical transformations (such as the Mel-Filter-Bank

integration and Discrete Cosine Transform) required for standard MFCC

generation. Ultimately, this confirms that the reservoir-based extraction is

a viable, transferable alternative to traditional computational frameworks in

real-world applications.
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Figure B.3: Cross-validation result

B.4. MFCF Extraction Via Time-Domain Con-

volution

To evaluate the feasibility and performance of time-domain MFCF extrac-

tion, we design an experiment centred on the convolution method. In stan-

dard digital signal processing, MFCCs are typically calculated in the fre-

quency domain; however, this experiment transitions those operations into

the time domain to establish a performance baseline. While the method de-

tailed in Chapter 5, utilize a reservoir to perform these complex operations,

the current experiment intentionally omits the reservoir from the convolution

stage. Instead, we manually synthesize a bank of Mel frequency filters in the

time domain( as detailed in Chapter 5) and perform a direct convolution
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with the raw audio signal.

This setup serves as a controlled environment to isolate the impact of

the convolution process itself. By convolving the audio signal with the syn-

thesized filter banks before feeding the resulting features into a classification

reservoir, we can observe how effectively time-domain filtering preserves es-

sential acoustic characteristics. This step is critical for validating that the fil-

ters—when expressed as temporal impulses rather than frequency bins—can

still accurately capture the spectral envelope required for speech and audio

recognition tasks. Ultimately, this experiment functions as a comparative

Figure B.4: Digit Recognition performance of Time MFCF

benchmark. By performing the convolution manually and analytically in

this stage, we create a point of comparison for the reservoir-based approach.
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The results of this study highlights how well reservoir can mimic time domain

processing when the reservoir is tasked with the feature extractor, underscor-

ing its role not just as a classifier, but as a sophisticated signal processor.

B.5. MFWC Using Reservoir

While Chapter 9 provides a comprehensive technical breakdown of Mel-

Frequency Wavelet Coefficients (MFWC), this section investigates a novel

implementation strategy. Specifically, it details an experimental approach

where the feature extraction pipeline is replaced by a reservoir.

Figure B.5: Digit Recognition performance of MFWC using Reservoir using Ti-46
dataset

The core objective of this implementation is to evaluate the reservoir’s
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capacity to automate the extraction of MFWC-like features directly from raw

data. In this architectural setup, the reservoir is tasked with emulating the

behaviour of a complex filterbank. Specifically, the system must be trained

to perform separate convolutions for both the sine (imaginary) and cosine

(real) components of the filterbank. The final feature set is then derived by

calculating the magnitude of these results through the following relation:

TMFWCm(t) =
√

(Realm(t))2 + (Imagm(t))2

While this approach demonstrates the reservoir’s potential as a sophisticated

signal processor, it necessitates highly precise fine-tuning of the reservoir’s

internal dynamics to synchronize the dual-pathway convolutions effectively.

The inherent difficulty in achieving this level of hyper-parameter optimiza-

tion is likely the primary contributor to the observed degradation in perfor-

mance compared to method described in chapter 9. Consequently, refining

the stability and synchronization of these parallel processing paths remains

a priority for future iterations of this research, where more advanced opti-

mization strategies will be explored to bridge the performance gap.

B.6. Data Reduction

B.6.1. Wavelet Transform Based Data Reduction

We model a reservoir to do convolution between audio-signal and synthesized

time domain equivalent signal of Mel Filter-Bank. While the reservoir suc-

cessfully emulated the filter bank’s behaviour, the primary technical obstacle
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emerges in the form of extreme data dimensionality. To address this, we con-

duct an extensive exploration of data reduction techniques to condense the

high-resolution signal into a manageable feature set without losing critical

temporal information. Among the various methods tested the application of

Wavelet Transforms proves to be the most effective, providing the highest

fidelity for the subsequent recognition tasks.

Figure B.6: Time domain MFCC where Wavelet Transform is used for data
reduction (1 group =160 audio data used for training. 2 group=2*1 group and
so on)

As illustrated in Figure B.6, the Wavelet-based reduction method demon-

strates a strong capacity for feature preservation, though its effectiveness was

closely tied to the volume of the training set. A notable observation from

these results is the inverse relationship between performance and dataset
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scale: the system achieved peak accuracy when the training data size is rela-

tively small. However, as the training size increased, a marginal degradation

in absolute performance was observed. Interestingly, this decrease in accu-

racy is accompanied by a narrowing gap between training and testing per-

formance. This convergence suggests that while smaller datasets may allow

the reservoir to over-specialize, the larger datasets—despite the slight per-

formance dip—enhance the model’s generalization capabilities and provide a

more stable estimate of its true predictive power.

B.6.2. Baseline Temporal and Matrix-Based Data Re-

duction

While Wavelet-based reduction provides high fidelity, its implementation in-

troduces significant computational complexity that can obscure the primary

objectives of this study. To maintain focus on the reservoir’s processing

capabilities, we explored several lower-complexity data reduction strategies

such as mean, peak to peak, max-pool/min-pool, absolute max-pool. These

methods involve partitioning the input signal into discrete temporal windows,

where the number of windows is equivalent to the number of MFCC output

samples that we get when using the Matlab MFCC function in order to fit

into the experiment framework with the second reservoir later. Out of each

window we pick one data-point using one of the above said method.

We have also tried matrix method for dimension reduction. Here we first

created a matrix of size equivalent to the window size. We have tried different

functions to generate this matrix such as atanh, GELU, hann,hamm,sigmoid

and so on. We then multiply our input signal with this window in a sliding
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window concept. Thus we get one data-point from a window-length of the

signal.

Figure B.7: Data reduction methods performance

We utilise the Audio-MNIST dataset to conduct speaker recognition ex-

periments, the results of which serve to evaluate the performance of our

dimensionality reduction methods in Figure B.7

The performance of each dimensionality reduction technique is rigorously

assessed based on classification accuracy and computational overhead. Ulti-

mately, the Peak-to-Peak method is adopted for the final end-to-end pipeline,

as it provided the best trade-off between feature compression and the reten-

tion of distinctive acoustic signatures required for the task.
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André Van Schaik, Ralph Etienne-Cummings, Tobi Delbruck, Shih-
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