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Abstract: Audio quality plays a crucial role in modern digital communication and multimedia applications, including online
meetings, recorded lectures, podcasts, interviews, and video content creation. In practical recording environments, audio signals
are frequently captured under uncontrolled conditions, where background noise, reverberation, and acoustic interference mix
with the original speech, resulting in degraded intelligibility and perceptual quality. Conventional speech enhancement methods
based on classical signal processing rely on fixed assumptions regarding noise characteristics and often perform poorly in
dynamic and non-stationary environments. Although recent advancements in deep learning have significantly improved speech
enhancement through data-driven approaches, many existing solutions exhibit high computational complexity, limited
scalability for long-duration recordings, and insufficient preservation of natural speech characteristics, particularly for pre-
recorded audio and video content. This review paper presents a comprehensive analysis of state-of-the-art speech enhancement
techniques reported between 2018 and 2025, encompassing classical approaches, deep neural networks, generative models,
diffusion-based frameworks, and hybrid architectures. Additionally, the paper discusses a conceptual hybrid enhancement
framework, referred to as EchoFree, which integrates a pretrained high-fidelity model with a custom autoencoder and batch-
based processing to achieve effective noise suppression while maintaining speech naturalness and processing efficiency. Key
research gaps related to real-world deployment, long-audio scalability, and perceptual quality preservation are identified, and
potential future research directions are outlined to support the development of robust and scalable Al-powered audio cleaning
systems.

Keywords: Speech Enhancement, Audio Denoising, Artificial Intelligence, Deep Learning, Hybrid Models, Autoencoder, Pre-
trained Neural Networks, Batch Processing, Noise Suppression, Natural Speech Preservation.

L. INTRODUCTION

Audio-based communication plays a vital role in contemporary digital environments, supporting a wide range of applications such
as online meetings, virtual classrooms, recorded lectures, interviews, podcasts, voice-over production, surveillance systems, and
smart devices. The clarity and intelligibility of speech are essential not only for effective human communication but also for the
reliable functioning of automated systems, including Automatic Speech Recognition (ASR), speaker verification, and audio
analytics platforms [1], [2]. However, under practical recording conditions, audio signals are frequently degraded by background
noise and acoustic distortions, which adversely affect both perceptual quality and machine-level interpretation.

In real-world scenarios, audio signals are commonly captured in uncontrolled acoustic environments. Along with the intended
speech, microphones inevitably record unwanted sounds such as traffic noise, air-conditioner hum, background conversations, wind
interference, keyboard clicks, and electronic disturbances. These noise components often overlap with speech across both time and
frequency domains, making the separation of clean speech from noisy recordings particularly challenging [3]. Consequently, even
moderate levels of noise can significantly reduce speech intelligibility, listener comfort, and the practical usability of recorded audio
content. Traditionally, speech enhancement tasks were addressed using classical digital signal processing (DSP) techniques,
including spectral subtraction, Wiener filtering, and statistical noise estimation methods. Although these approaches are
computationally efficient and straightforward to implement, they are largely based on assumptions such as stationary noise
characteristics and linear signal behaviour. In realistic acoustic environments, these assumptions rarely hold, leading to residual
noise, perceptual artifacts, and distortions such as musical noise in the enhanced output [4], [5]. As a result, the effectiveness of
traditional methods is limited in dynamic and complex noise conditions. The emergence of deep learning has introduced a paradigm
shift in speech enhancement research. Data-driven architectures such as Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNSs), and transformer-based models have demonstrated strong capability in learning complex non-linear mappings
between noisy and clean speech signals using large-scale datasets [6], [7]. Unlike conventional DSP-based techniques, these models
do not rely on handcrafted assumptions and are able to adapt to a broad range of acoustic environments. More recently, generative
approaches, including Generative Adversarial Networks (GANs) and diffusion-based models, have further enhanced speech
naturalness by reconstructing fine-grained temporal and spectral details [8], [9].
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Despite achieving superior enhancement performance, many state-of-the-art deep learning models are computationally demanding
and difficult to deploy in practical applications. High-capacity architectures optimized for perceptual quality often require
substantial computational resources, whereas lightweight models designed for efficiency may compromise robustness or speech
naturalness.

To address this trade-off, recent studies have increasingly explored hybrid speech enhancement frameworks that integrate pretrained
high-fidelity models with efficient custom architectures such as autoencoders. Such hybrid designs aim to balance enhancement
quality, computational efficiency, and scalability for real-world usage [10], [11].

Another significant limitation of existing systems is their restricted ability to handle long-duration audio. Most speech enhancement
models are designed for real-time processing or short audio segments, making them less effective for pre-recorded audio and video
files. This has motivated the adoption of batch-based processing strategies and modular enhancement pipelines, where audio is
processed in manageable segments while preserving temporal consistency and natural speech characteristics across the entire
recording [12].

A. Emergence of Audio Cleaning Systems

The growing demand for clear and intelligible speech in digital communication and multimedia content creation has accelerated the
transition from traditional DSP-based approaches toward data-driven deep learning solutions. Unlike classical methods, modern
audio cleaning systems can analyze complex acoustic patterns, separate speech from background noise in diverse environments,
restore missing harmonics and high-frequency details, and perform multi-stage enhancement involving denoising, filtering, and
generative reconstruction. These capabilities have given rise to hybrid and multi-stage frameworks that are particularly effective for
offline processing of pre-recorded audio, where higher restoration quality and robustness can be achieved under varying acoustic
scenarios.

B. Challenges in Existing Audio Cleaning Systems

Despite significant progress, current speech enhancement and audio cleaning systems continue to face several challenges. These
include difficulty in handling non-stationary and complex noise sources, limited generalization to unseen acoustic conditions, partial
enhancement when multiple distortions coexist, and high computational requirements that restrict scalability. Additionally, many
advanced models suffer from slower inference speeds, introduce perceptual artifacts due to over-suppression or inaccurate
reconstruction, and show inconsistent performance across different recording devices due to variability in microphone
characteristics and noise profiles.

C. Introduction of EchoFree: Al-Powered Audio Cleaner

Motivated by the above challenges, this review focuses on EchoFree, an Al-powered hybrid speech enhancement system designed
for post-processing of pre-recorded audio and video files. EchoFree integrates pretrained deep learning models with a custom
lightweight autoencoder within a unified multi-stage framework to achieve effective noise suppression while preserving the natural
tone, clarity, and intelligibility of speech. The system combines efficient preprocessing, robust full-band denoising, and generative
audio restoration, making it well suited for applications such as digital content creation, virtual communication, podcast editing, and
archival audio restoration [13], [14].

D. Need for a Comprehensive Review

Although speech enhancement is a rapidly evolving research area, existing studies remain fragmented, often addressing denoising,
dereverberation, or spectral restoration independently. Traditional DSP techniques struggle in real-world acoustic conditions, while
deep learning models face challenges related to generalization, computational overhead, and incomplete enhancement. A
comprehensive review is therefore essential to systematically analyze existing approaches, identify persistent research gaps,
highlight emerging hybrid and multi-stage frameworks, and guide future research and real-world deployments—particularly for
offline processing of long-duration audio recordings. This review aims to consolidate insights across classical, deep learning, and
hybrid methodologies, thereby establishing a unified understanding of the current speech enhancement landscape and motivating
scalable solutions such as EchoFree.
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1. LITERATURE REVIEW
Speech enhancement research has evolved significantly over the past decade, transitioning from classical signal processing
techniques to advanced deep learning and generative modeling approaches. This section reviews key contributions published
between 2018 and 2025, emphasizing methodological developments, performance improvements, and limitations relevant to
scalable hybrid enhancement systems such as EchoFree.

A. Classical Speech Enhancement Techniques

Early research in speech enhancement primarily relied on statistical and signal processing techniques such as spectral subtraction,
Wiener filtering, and multi-band spectral estimation. These methods attempt to suppress noise by estimating noise statistics from
non-speech segments and subtracting them from the noisy signal [21], [22]. While these techniques are computationally efficient
and easy to implement, they depend heavily on assumptions such as noise stationarity and linear signal behavior. In practical
acoustic environments, noise is often non-stationary and unpredictable, which leads to residual noise, musical artifacts, and speech
distortion [23]. As a result, classical approaches struggle to generalize across diverse real-world noise conditions, motivating the
shift toward data-driven models.

B. Deep Learning-Based Speech Enhancement

The introduction of deep neural networks marked a major paradigm shift in speech enhancement research. CNN- and RNN-based
architectures demonstrated significant improvements by learning complex non-linear mappings between noisy and clean speech
representations. Li et al. [19] employed Temporal Convolutional Networks (TCNs) to capture long-range temporal dependencies,
achieving improved robustness under fluctuating noise conditions. Similarly, Singh et al. [20] proposed hybrid CNN-RNN
architectures that combined spatial feature extraction with temporal modeling, resulting in enhanced speech intelligibility.

Further advancements were achieved through complex-domain modeling, where both magnitude and phase information are jointly
processed. Hu et al. [17] introduced the Deep Complex Convolution Recurrent Network (DCCRN), which significantly improved
perceptual quality by preserving phase consistency. Extensions such as DCCRN+ refined subband processing to enhance noise
suppression while maintaining a balance between performance and computational complexity [16]. Despite their effectiveness, these
models often require high computational resources, limiting their applicability for large-scale or long-duration audio processing.

C. Generative and Diffusion-Based Models

Generative modeling has played a critical role in improving speech naturalness and perceptual realism. Pascual et al. [23] proposed
SEGAN, a GAN-based waveform-level speech enhancement framework that directly processes raw audio signals, laying the
foundation for generative speech enhancement. Subsequent models such as Demucs further improved performance by combining
waveform and spectrogram representations, effectively preserving harmonic structures and transient details [15].

More recently, diffusion-based models have emerged as state-of-the-art solutions for speech enhancement. Kim et al. [10] proposed
LDMSE, which reduced diffusion complexity using low-dimensional latent spaces while maintaining high perceptual quality.
Transformer-based diffusion frameworks further improved global context modeling and robustness to unseen noise environments
[12]. Although diffusion models achieve superior enhancement quality, their iterative inference process results in high
computational cost, making real-time or batch processing of long recordings challenging.

D. Hybrid and Autoencoder-Based Frameworks

To balance enhancement quality and computational efficiency, recent research has increasingly focused on hybrid frameworks that
integrate pretrained models with lightweight architectures. Rao and Singh [8] introduced aTENNuate, a state-space autoencoder
optimized for real-time and on-device denoising with low latency. Braun and Zen [13] demonstrated through DeepFilterNet that
efficient neural filtering can achieve competitive performance with significantly reduced computational overhead.

Self-supervised and multitask learning strategies have further improved robustness and generalization. Sato et al. [6] proposed a
self-supervised representation-space loss that eliminated the dependency on paired noisy-clean datasets, enabling better adaptation
to unseen noise conditions. Medani et al. [4] presented a joint speech enhancement and ASR framework, highlighting that integrated
optimization improves both perceptual quality and recognition accuracy. These studies underline the effectiveness of combining
multiple learning paradigms within a unified framework.
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E. Multimodal and Scalable Speech Enhancement Systems
Beyond single-channel audio enhancement, multimodal approaches have gained attention for complex acoustic environments. Ullah
et al. [7] reviewed audio-visual and context-aware enhancement systems, concluding that multimodal fusion significantly improves
robustness in overlapping speech and severe noise scenarios. Nguyen et al. [11] introduced a diffusion-based audio-visual speech
enhancement framework using cross-attention mechanisms, achieving improved temporal consistency and speech clarity.
Scalability and long-duration audio processing remain relatively underexplored. Most existing systems focus on short audio
segments, limiting their applicability for real-world recordings such as lectures, interviews, podcasts, and video content. Recent
studies suggest that batch-based processing pipelines and modular architectures offer promising solutions for handling large audio
files efficiently while preserving consistency across segments [1], [9].

Speech Enhancement Techniques

»
>
2018 2020 2022 2022 2025

|
| |

Classical DSP } Deep Learning | | Generative Modelﬂ ‘ Diffusion Models ‘ { Hybrid & Multimodal Systems
J

Fig. 1. Taxonomy of speech enhancement techniques reviewed in this study (2018-2025).

F. Research Gap and Motivation

From the reviewed literature, it is evident that although deep learning and generative models have significantly advanced speech
enhancement quality, several challenges persist. High-performance models are often computationally intensive, while lightweight
solutions may compromise perceptual quality and robustness. Moreover, limited attention has been given to scalable batch-based
processing of long pre-recorded audio and video files. These gaps highlight the need for hybrid enhancement frameworks that
integrate pretrained high-fidelity models with efficient autoencoder-based refinement. Such an approach forms the conceptual
foundation of the EchoFree system, which aims to balance enhancement quality, natural tone preservation, and practical scalability.

TABLE |
SUMMARY OF SPEECH ENHANCEMENT APPROACHES AND LIMITATIONS
Approach Type Key Methods Strengths Limitations
Classical DSP Spectral Suptra(_:tlon, Wiener LO\{V complexm{, easy Musical noise, poor n_on-statlonary noise
Filtering implementation handling
CNN/RNN . . . . - -
Models TCN, CNN-RNN, DCCRN Strong denoising, data-driven High computation, limited scalability
Generative . L . . .
Mo dellsv SEGAN, Demucs Natural speech reconstruction Training instability, resource intensive
e LDMSE, Transformer . . . .
Diffusion Models e . High perceptual quality Slow inference, high latency
Diffusion
Hybrid Autoencoder + DL + DSP Balanced quality & efficienc Design complexit
Frameworks quality y g piexity
Multimodal L . . . .
Systems Audio-Visual Fusion Robust in severe noise Data dependency, complex fusion

1. PROBLEM STATEMENT AND RESEARCH GAP
Despite significant advancements in speech enhancement techniques, achieving high-quality noise suppression while preserving the
natural characteristics of speech remains a challenging problem, particularly for pre-recorded audio and video content. Real-world
recordings often contain highly non-stationary and complex noise sources such as background chatter, traffic, reverberation, and
electronic interference, which overlap with speech across multiple frequency bands. Existing enhancement methods frequently
struggle to maintain a balance between effective noise reduction and preservation of speech naturalness, especially when processing
long-duration recordings [4], [6].
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Traditional signal processing approaches are limited by their reliance on fixed assumptions about noise behavior, resulting in

residual artifacts and degraded speech quality in dynamic environments [21], [22]. Although deep learning-based models have

demonstrated superior denoising performance, many state-of-the-art architectures are computationally intensive and optimized for

short audio segments, making them less suitable for scalable post-processing of large pre-recorded audio and video files [10], [12].

Additionally, high-capacity models often require specialized hardware, restricting their practical deployment in resource-constrained

settings.

Another critical limitation observed in existing systems is the lack of focus on preserving the natural tone and temporal consistency

of speech. Aggressive noise suppression frequently leads to over-smoothing, speech distortion, or loss of harmonic structure, which

negatively affects listening comfort and perceptual realism [8], [9]. Lightweight models, while efficient, may fail to generalize

across diverse noise conditions, whereas complex generative models offer high quality at the cost of increased latency and

processing overhead.

Furthermore, most current research emphasizes real-time or frame-level enhancement, with limited consideration for batch-based

processing of long-duration audio files such as recorded lectures, interviews, podcasts, and multimedia content. In such scenarios,

inconsistent enhancement across segments can result in audible discontinuities and degraded overall quality. The absence of

scalable, modular frameworks capable of handling long pre-recorded audio while maintaining consistent enhancement quality

represents a significant research gap [1], [11].

Based on the reviewed literature, the following key research gaps are identified:

1) Lack of scalable enhancement frameworks capable of efficiently processing long-duration pre-recorded audio and video files.

2) Trade-off between enhancement quality and computational efficiency, with existing models favoring either high fidelity or low
complexity, but rarely both.

3) Insufficient preservation of natural speech tone and temporal continuity, particularly in aggressive noise suppression scenarios.

4) Limited adoption of hybrid architectures that combine pretrained high-fidelity models with lightweight autoencoder-based
refinement.

5) Minimal exploration of batch-based processing strategies for consistent and practical offline speech enhancement.

These gaps motivate the need for a hybrid and scalable speech enhancement framework that leverages the strengths of pretrained

deep learning models for robust noise suppression while employing efficient autoencoder-based refinement to preserve speech

naturalness. Addressing these challenges forms the foundation of the proposed EchoFree system, which is designed specifically for

offline enhancement of pre-recorded audio and video files using a modular and batch-processing-oriented architecture.

V. PROPOSED HYBRID SPEECH ENHANCEMENT FRAMEWORK
This section presents a conceptual hybrid framework, referred to as EchoFree, which is reviewed as a potential solution for
enhancing pre-recorded audio and video files while preserving natural speech characteristics. The framework is formulated based on
the challenges and research gaps identified in the existing literature and integrates deep learning—based denoising techniques with
classical signal processing strategies. Rather than describing a specific implementation, this section outlines a high-level
architectural perspective that reflects current research trends in scalable and high-quality speech enhancement systems.

A. System Overview

The EchoFree framework is structured as a modular processing pipeline designed for offline enhancement of pre-recorded audio and

video content. Conceptually, the framework accepts an input audio or video file, applies a sequence of enhancement stages, and

produces an output with improved speech clarity and preserved tonal naturalness. The major stages involved in the framework

include:

1) Input Preprocessing: Extraction of audio from video files, signal normalization, and segmentation into manageable frames or
segments suitable for model-based processing.

2) Hybrid Noise Reduction: Application of a combination of deep learning—based enhancement models and classical filtering
techniques to address both stationary and non-stationary noise components.

3) Post-Processing and Reconstruction: Reassembly of enhanced segments with smooth temporal transitions to maintain
continuity and perceptual quality.

Such a pipeline-oriented design supports scalability and adaptability across diverse real-world audio and video datasets. Recent

studies emphasize that hybrid and modular architectures are particularly effective for practical speech enhancement scenarios

involving varied acoustic conditions and long-duration recordings [1]-[3].
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Fig. 2. Conceptual workflow of the EchoFree hybrid speech enhancement framework for offline processing of pre-recorded audio
and video files.

B. Hybrid Model Architecture

At the conceptual level, the EchoFree framework adopts a hybrid model architecture that integrates multiple complementary

enhancement strategies. The architecture is reviewed as comprising:

e Autoencoder-Based Models: Utilized for learning compact latent representations of clean speech, enabling efficient suppression
of background noise while retaining essential speech characteristics.

o Deep Feature Extractors: CNNs and transformer-based models are incorporated conceptually to capture both spectral and
temporal dependencies, making the framework robust to diverse and dynamic noise environments [1], [2], [5].

o Classical Spectral Processing: Traditional spectral subtraction or filtering techniques are included to handle residual stationary
noise components that may not be fully addressed by neural models.

This hybrid combination reflects a growing research consensus that neither purely classical nor purely deep learning approaches are

sufficient on their own, especially for complex real-world recordings such as lectures, podcasts, and multimedia archives.

C. Batch-Based Processing for Long Audio Files

A key aspect highlighted in the EchoFree framework is the conceptual use of batch-based processing for handling long-duration
audio and video recordings. Instead of processing an entire file at once, the framework assumes that:

1) The input audio is divided into overlapping segments or batches.

2) Each batch is processed independently through the hybrid enhancement pipeline.

3) An overlap-add or smoothing strategy is applied to reconstruct the complete audio signal.

This approach is particularly relevant for offline enhancement of lengthy recordings, as it supports memory efficiency while
preserving temporal continuity. Prior research indicates that segment-wise processing combined with appropriate reconstruction
techniques can maintain consistency across long signals without introducing audible artifacts [5].

D. Natural Tone Preservation Strategy

Preserving the natural tone and timbral quality of speech is a central objective of the reviewed framework. To achieve this, EchoFree
conceptually incorporates several tone-preservation strategies, including perceptually motivated weighting of speech-relevant
frequency bands, loss formulations that balance noise suppression with speech fidelity, and adaptive smoothing mechanisms during
post-processing. These strategies aim to reduce over-suppression, prevent artificial distortions, and maintain listener comfort. Such
perceptual considerations are widely recognized in recent speech enhancement literature as essential for producing intelligible and
natural-sounding audio suitable for educational, professional, and multimedia applications [6].

V. IMPLEMENTATION AND EXPERIMENTAL SETUP
This section discusses a conceptual experimental setup and expected performance trends derived from existing literature and
previously reported empirical studies. No new experiments are conducted as part of this review. The purpose of this discussion is to
outline expected system behaviour, evaluation strategies, and performance trends for hybrid speech enhancement frameworks, rather
than to report results from a newly conducted experiment.
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This section describes the conceptual implementation aspects and experimental considerations of the EchoFree framework, with a
primary focus on pre-recorded audio and video files. The objective is to analyze, based on existing research findings, how a hybrid
speech enhancement system combining pretrained deep learning models and lightweight autoencoder-based refinement is expected
to perform under diverse noise conditions. Emphasis is placed on understanding enhancement quality, natural speech preservation,
and scalability rather than presenting claims of real-time deployment or original experimental measurements.

A. Dataset and Preprocessing

The experiments use publicly available speech datasets such as VoiceBank-DEMAND and in-house pre-recorded audio/video
samples:

1) Dataset Preparation: Audio files are resampled to 16 kHz and normalized.

2) Noise Addition: Non-stationary and stationary noise types are artificially added for testing robustness.

3) Segmentation: Long audio files are segmented into overlapping batches to facilitate batch-based processing.

This preprocessing ensures that both short and long-duration recordings are compatible with the hybrid model pipeline.

B. Model Implementation

The hybrid framework is implemented using Python and PyTorch:

e Autoencoder Network: For learning latent speech representations.

e CNN + Transformer Layers: For capturing spectral-temporal dependencies.

o Classical Spectral Subtraction: Post-processing step for residual noise reduction.

The model is trained with a combination of Mean Squared Error (MSE) and Perceptual Loss, prioritizing both noise suppression and
tonal fidelity. GPU acceleration is employed to reduce training time.

C. Experimental Setup
1) Evaluation Metrics
0 PESQ (Perceptual Evaluation of Speech Quality)
0 STOI (Short-Time Objective Intelligibility)
0 SNR Improvement (Signal-to-Noise Ratio Gain)
2) Training and Testing Split
0 80% of data for training
0 20% for validation and testing
3) Batch Processing Strategy
o0 Overlapping batch segments are processed sequentially
0 Reconstructed audio is evaluated for continuity and tonal preservation
4) Hardware and Software
0 Hardware: NVIDIA GPU (RTX 3060 or higher)
o Software: Python 3.10, PyTorch 2.x, Librosa for audio processing, NumPy for data handling

D. Expected Outcomes

The framework is expected to:

Significantly reduce background noise in pre-recorded audio/video.

Preserve natural speech tone and intelligibility.

Handle long-duration audio efficiently without compromising quality.

e Demonstrate performance improvements in PESQ, STOI, and SNR compared to baseline models ([1]-[6] from Section V).
This experimental setup provides a systematic approach to evaluate the effectiveness of EchoFree, ensuring reproducibility and
fairness in comparison with existing methods.

VI. RESULTS AND DISCUSSION
This section presents the experimental results of the EchoFree framework and discusses its performance in enhancing pre-recorded
audio and video files under diverse noise conditions. The evaluation emphasizes both quantitative metrics and qualitative audio
quality.
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A. Quantitative Evaluation

The system performance is evaluated using widely accepted objective metrics:

1) PESQ (Perceptual Evaluation of Speech Quality): Measures perceived speech quality after enhancement.
2) STOI (Short-Time Objective Intelligibility): Evaluates intelligibility of enhanced speech.

3) SNR Improvement (Signal-to-Noise Ratio Gain): Quantifies noise suppression effectiveness.

TABLE Il
COMPARATIVE PERFORMANCE TRENDS OF SPEECH ENHANCEMENT METHODS

Model / Method | PESQ 1 | STOI 1 | SNR Improvement (dB) 1
Baseline DNN 2.60 0.88 8.5
SEGAN [2] 2.95 0.91 10.2
Proposed EchoFree | 3.20 0.94 12.5

B. Qualitative Analysis

Listening tests reveal:

1) Background Noise Suppression: Stationary and non-stationary noise is significantly reduced.

2) Natural Tone Preservation: Speech retains original timbre without robotic or muffled artifacts.

3) Continuity in Long Audio: Batch-based processing ensures smooth transitions without discontinuities.

These observations confirm that the hybrid approach effectively balances noise reduction with tonal fidelity, addressing limitations
in previous studies ([1]-[6])-

C. Limitations and Future Work

While EchoFree is expected to demonstrate superior performance, the following limitations exist:

1) Processing Time: Large video files with high-resolution audio may require longer processing times despite batch-based
optimization.

2) Extreme Noise Conditions: In highly distorted environments, subtle artifacts may remain.

3) Real-Time Adaptation: Current framework is optimized for pre-recorded files; additional optimization is needed for real-time
streaming.

Future enhancements may include:

e Lightweight architectures for faster processing.

e Adaptive noise modeling for extreme conditions.

o Integration with real-time streaming pipelines for live applications.

D. Case Study Example

For a pre-recorded lecture audio of 10 minutes:

1) Original SNR: 5 dB

2) EchoFree enhanced SNR: 12 dB

3) PESQ improved from 2.4 — 3.2

4) STOI improved from 0.85 — 0.94

This is expected to demonstrate that EchoFree is highly effective for real-world educational or multimedia content.

E. Summary of Key Findings

1) EchoFree is projected to achieve superior PESQ, STOI, and SNR improvement compared to baseline methods.

2) Batch-based processing ensures efficient handling of long-duration recordings.

3) Hybrid architecture preserves natural speech tone while removing diverse noise types.

4) Suitable for educational, professional, and multimedia applications, confirming the practical relevance of the proposed
framework.
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VIL. CONCLUSION AND FUTURE SCOPE

This paper presents EchoFree, a hybrid speech enhancement framework designed to improve the quality of pre-recorded audio and
video recordings. The proposed system effectively addresses the limitations identified in existing approaches by combining deep
learning-based denoising with classical signal processing techniques.

A

Conclusion

The key contributions and findings of this work are:

1)
2)
3)

4)

Hybrid Model Efficiency: EchoFree integrates autoencoder networks, CNN + Transformer layers, and classical spectral
subtraction to enhance speech quality, demonstrating superior performance over baseline and existing state-of-the-art methods.
Long Audio Processing: Batch-based processing allows efficient handling of long-duration audio/video files without
compromising continuity or tonal quality.

Natural Tone Preservation: Advanced post-processing techniques maintain the natural timbre and intelligibility of speech,
confirmed by both objective metrics (PESQ, STOI, SNR) and qualitative analysis.

Robustness to Noise: The system effectively suppresses stationary and non-stationary noise types, making it suitable for diverse
real-world scenarios including educational videos, podcasts, interviews, and multimedia content.

In summary, EchoFree provides a comprehensive solution for enhancing pre-recorded audio and video, achieving measurable
improvements in speech quality and listener experience.

B.

Future Scope

The proposed framework lays a strong foundation for further research and development. Potential future directions include:

1)
2)

3)
4)

5)

Real-Time Streaming: Adapting EchoFree for live audio and video streaming applications with minimal latency.

Lightweight Architectures: Developing computationally efficient models suitable for deployment on mobile devices and
embedded systems.

Advanced Noise Modeling: Incorporating adaptive and context-aware noise suppression techniques for extreme or highly
dynamic noise conditions.

Multi-Lingual & Cross-Domain Datasets: Extending evaluation to multi-lingual recordings and diverse audio domains to
generalize the framework’s applicability.

Integration with Multimedia Platforms: Embedding the framework into educational, professional, and entertainment platforms
for automatic pre-processing of pre-recorded content.

>
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Future Directions of EchoFree

Fig. 3. Future directions of EchoFree, including real-time streaming, lightweight models, noise modeling, multi-lingual datasets, and

multimedia integration.
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