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ABSTRACT:

Signal sparsity has shown promising results in many applications, such as audio processing, biomedical engineering, and telecommunications since clean and
noise-free signals are vital in today’s data-driven world. Integrating machine learning with Kalman and Wiener filters, which self-adapt their parameters, allows
for improved adaptability and better performance for this project. Using real-time data from numerous sources enabled us access to an unprecedented amount of
noise, and we validated our approach under such conditions, revealing greater separation of signal from noise and decreased computational demands relative to

traditional Windows-based methods. Such progressive steps through intelligent signal processing in complex environments.
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INTRODUCTION:

Real-time noise reduction using machine learning is an evolving field that combines the precision of traditional signal processing with the
adaptability of modern computational techniques. The project, focusing on Wiener and Kalman filtering, aims to enhance the quality of signals or
images by mitigating noise in dynamic and ever-changing environments.At its core, Wiener filtering operates as a statistical approach, minimizing the
mean square error between the original signal and its noisy observation. It works exceptionally well in scenarios where noise is stationary and the signal
has predictable properties. By leveraging Wiener filtering in real-time applications, the algorithm adapts to variations in the signal's statistical
characteristics, ensuring consistent performance even in noisy environments. Kalman filtering, on the other hand, excels in estimating the state of a
dynamic system in the presence of noise. Its recursive nature makes it a powerful tool for real-time applications, as it processes incoming data
incrementally rather than requiring a batch of observations. The Kalman filter adapts seamlessly to changes in the system's dynamics, making it highly
effective in scenarios such as speech enhancement, object tracking, and sensor data processing. Incorporating machine learning into this framework
elevates the capability of these filters. Machine learning models can predict or adapt parameters of the Wiener and Kalman filters based on the observed
patterns, improving their accuracy in handling non-linear or non-stationary noise. By training on datasets representative of the noise characteristics and
the desired signal, the system learns to distinguish between the two more effectively. In MATLAB, the implementation of such a project involves
creating robust simulations of real-time scenarios. The noisy signals are passed through modules where Wiener and Kalman filters are applied. Machine
learning algorithms further refine the process by adjusting filter parameters or blending outputs to achieve optimal noise reduction. Visual and
quantitative metrics, such as signal-to-noise ratio improvement and spectral analysis, validate the system’s performance. This integration of classical
filtering techniques with machine learning not only enhances the adaptability of noise reduction systems but also ensures they are capable of handling
diverse and complex real-time challenges. Whether for audio enhancement, image restoration, or sensor data refinement, the approach exemplifies how
traditional and modern methods can be harmonized for cutting-edge solutions.

Rudolf E. Kalman created the Kalman filter as a sophisticated mathematical system which identifies real system states despite measurement noise in
the 1960s. The system performs two operations that start with prediction followed by measurement update. Kalman filters find widespread application
in sensor fusion together with navigation and robotics systems because these fields require real-time tracking and effective noise reduction.

The Wiener filter functions through statistical procedures which optimize your prediction results against original signal values by calculating average
squared differences. The Wiener filter maintains a frequency-based operational domain which enables it to produce stable long-term noise reduction
performance when compared to the time-dependent Kalman filter. The filter finds applications in enhancing speech clarity along with image recovery

and it eliminates background disturbances from communication signals.
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Noise reduction performance is successful with each filter although each system presents certain drawbacks during application. A proper system model
stands as a requirement for the Kalman filter whereas Wiener filter requires full knowledge of signal statistical patterns alongside noise statistical

patterns. The noise reduction becomes less effective when requirements for everyday scenarios fail to match these specifications during operation.

This study explores how to create a new adaptive, intelligent noise reduction system by melding machine learning with Wiener and Kalman filters.
Blending traditional filtering methods and requiements with modern Al-driven optimization means clearer signals; increased system reliability; real-

time capability that is enhanced across many different domains and all of their divisions.

LITERTURE SURVEY :

The Kalman filter served as Li et al. (2020) admitted for integrating sensory inputs for real-time object tracking operations. Through their research, the
investigators proved that the Kalman filter both estimates system states accurately and reduces noise while needing precise system model information
for optimal performance. Its performance decreases when operators use the method in nonlinear and fast-changing noise environments that occur in
autonomous vehicles as well as robotic navigation. Zhang et al. (2019) researched Wiener filtering for speech enhancement showing that it creates the
best possible filters by decreasing mean squared error. Research showed that Wiener filters cannot operate correctly under real-time conditions because

they depend on noise characteristics remaining stable.

Academics improve traditional filtering methods by merging machine learning models with classical techniques. The research team of Patel et al. (2021)
improved the speech denoising Wiener filter through deep learning by implementing convolutional neural networks which predicted and eliminated
dynamic noise components. The study produced noticeable enhancements in speaking clarity as well as spoken quality beyond Wiener filter
recommendations. Gupta et al. (2022) designed a combination of Kalman filter and CNN architecture which shows promise for biomedical signal
processing of electrocardiogram (ECG) noise reduction. The research showed deep learning-driven Kalman filtering enhanced its response to diverse

physiological noise levels leading to better diagnostic precision in real-time observation systems.

Kim et al. (2021) examined how connecting Kalman filters with recurrent neural networks (RNNs) works to decrease noise in time-series data analysis.
The study demonstrated how RNNs develop their ability to discover temporal patterns within noisy information sources which extends Kalman filtering
into unpredictable environments. Thomas et al. (2023) expanded Kalman-Wiener filtering by integrating AI methods to estimate adaptive noise sources.
Staff tested their system with industrial automation and financial market analysis because real-time noise filtering plays a critical role in generating
accurate predictions during decision-making processes. The Al-amplified Kalman-Wiener filter proved superior to standard filtering methods through

noise-adjusted parameter adjustment capabilities according to their experimental outcomes.

New advancements in machine learning-based noise reduction are now used for image processing methods in addition to medical imaging applications.
The research by Chen et al. (2022) developed a Wiener filter enabled by artificial intelligence technology for dynamic MRI and CT scan image
denoising which delivered superior visual outcomes and medical diagnosis capabilities. Edge computing solutions developed by Sharma et al. (2023)
delivered Al-powered noise reduction by reducing computational complexity at the same time it provided real-time performance. The research by Lee
et al. (2023) demonstrated how lightweight neural networks function together with filtering methods to enhance noise reduction features on IoT devices

with restricted power capabilities.

The developments encountered problems with machine learning filter performance because of processing limits and speed constraints as well as the
need for extensive training datasets. Scientists conducting present-day research work to enhance Al-powered Kalman and Wiener filtering by
developing new solutions using reinforcement learning together with transformer models and neuromorphic computing approaches for achieving more
efficient and scalable results. This project intends to develop contemporary noise reduction technology through machine learning integration with
Kalman and Wiener filters which allows real-time operational capacity and adaptive characteristics. The integration of Al-based noise prediction
models with classical filtering techniques enables an advanced system that delivers accurate results and shows robustness end adaptability in speech

processing and biomedical monitoring and industrial automation and autonomous navigation applications.

PROPOSED SYSTEM :

The described system represents the integration of learning machine and wiener or kalman filter technologies implemented through MATLAB
development work. The system seeks to create a filtering mechanism that eliminates sound disturbances from speech and biomedical signals and

industrial automation signals.

This approach employs a significantly dissimilar method when compared to conventional noise reduction techniques. The utilization of machine
learning for frame optimization brings about superior system execution under numerous noise conditions.



International Journal of Research Publication and Reviews, Vol 6, Issue 3, pp 1497-1502 March 2025 1499

Noisy input signal
(audio/sensor data)

Preprocessing
(normalization &
feature extraction)

Machine Learning

Model (Noise
estimatiom & filter
parameter)

v v
Kalman filter ‘Weiner filter
(MATLAB (MATLAB
DSP) DSP)

¥ ¥
Adaptive Fusion
Layer (Machine
Learning-Based
weighting &
Combination)

v

Clean Output
Signal (Enhanced

& noise- free)

Fig 1 : Block diagram of proposed system

NOISY INPUT SIGNAL

The system starts with collecting input signals at Noisy Input Signal Acquisition from diverse sources which may include microphone recordings or
industrial monitoring systems and biomedical sensors. Unwanted noise commonly exists in these signals to deteriorate their usability for successive
processing steps. The DSP and Data Acquisition Toolboxes through MATLAB allow the acquisition of both pre-recorded signals with audioread()
function and real-time signals. Data acquisition through sensors can be achieved through daqread() MATLAB function. A system within the framework
maintains a continuous flow of signals which preserves uniform sampling rates and format specifications to make data processing precise.

PREPROCESSING

In the Preprocessing stage normalisation starts before noise feature extraction commences. Signal normalisation serves to standardise its amplitude
range thus protecting against distortion and enabling better philtre operations. The signal normalisation process utilises MATLAB’s max() function to
adjust its amplitude range into a -1 to 1 scale. Noise features are identified during preprocessing through FFT and spectrogram analysis combined with

variance measurements that allow evaluation of noise intensity.

The machine learning model receives signal features extracted from MATLAB functions fft(), spectrogram(), and var().

MACHINE LEARNING MODEL

Through the Machine Learning Model it is able to forecast the properties of noise before making adaptive changes to filtering parameters. A
MATLAB Deep Learning Toolbox-trainable model acts as a real-time detector which determines noise types together with their intensity levels. The
noise-aware model contains datasets with clean and noisy signals which helps it gain expertise on how noise affects signal quality. With the MATLAB
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trainNetwork() function the development of a neural network which performs noise classification and prediction takes place. The Kalman and Wiener
philtres receive guidance from these predictions to ensure dynamic and optimised noise reduction according to the current conditions.

KALMAN FILTER

The Kalman Philtre reduces such non-stationary noise because it adapts to time-varying signal conditions. Simple noise acts as a frequent
disturbance in speech signals together with biomedical monitoring and dynamic industrial environments. Through observations the Kalman philtre
calculates future signal states before it modifies those states with probabilistic correction values. Using dsp. Kalman Filter in MATLAB performs the
implementation of the philtre which sets its noise covariance parameters through the predictions obtained from the machine learning model. Through
this mechanism the philtre maintains ongoing signal estimation and correction functions to reduce time-variant noise without compromising signal
quality.

WEINER FILTER

The Wiener Philtre analyses stationary noise at the same time it exists as white noise and electrical interference together with steady background
hum. The Wiener philtre functions by optimising frequency domain noise suppression through minimum Mean Squared Error (MSE) optimization of
noisy-clean signal comparison. Using MATLAB the wiener2() function applies to small signal blocks to execute effective filtering operations. The
Wiener philtre needs noise characteristic information to operate but obtains this data from machine learning model estimates to make adaptive filtering
possible.

ADAPTIVE FUSION LAYER

The Adaptive Fusion Layer combines signals through which both philtres processed the signal by selecting dynamically which output provides the
best results under current noise conditions. The adaptive decision mechanism of machine learning implements weight assignments to the outputs of
both philtres based on philtre performance characteristics against dynamic noise for the Kalman philtre and stationary noise for the Wiener philtre. The
adaptive weighting equation based on a sigmoid function balances the philtre contributions by determining the value of alpha according to real-time
noise characteristics through finalOutput = alpha * kalmanOutput + (1 - alpha) * wienerOutput. The system optimises noise reduction performance
through its strategy for various environmental conditions.

CLEAN OUTPUT SIGNAL

The process ends with the creation of the Clean Output Signal that allows users to playback or save the improved signal for additional purposes.
The denoised signal is output using MATLAB’s sound() function when real-time playback becomes necessary for keeping the original sampling rate.
When the processed signal requires storage the audiowrite() function produces a.wav file format save. The noise-reduced signal reaches application
readiness at this stage since it works for speech enhancement along with biomedical signal analysis and industrial monitoring systems which create a
dependable real-time noise reduction system.

RESULTS AND DISCUSSION :

A performance analysis of the system's noise reduction solution in MATLAB based on integrated machine learning and Wiener and Kalman philtres
will be done through Signal-to-Noise Ratio (SNR) evaluation and Mean Squared Error (MSE) metrics alongside Spectrogram Analysis. A noticeable
audio clarity enhancement together with noise level reduction exists as the expected outcome which maintains the original signal characteristics.

The Wiener and Kalman philtres applied to the system should boost the SNR measurement because they produce cleaner signals than noisy signals. The
filtered signal must have a lowered MSE than the original clean signal. The Wiener and Kalman philtre work in conjunction to provide system
optimization throughout stationary and dynamic noise conditions. The system uses machine learning to determine real-time which filtering method
brings the best noise reduction results thus outperforming conventional filtering approaches.

The proposed method can be verified through spectrogram analysis performed before and after noise reduction functions.The noisy input signal exhibits
high noise intensity that distributed itself across various frequency bands at the starting point.

The spectrogram produces a noticeable distinction because noise energy has been minimised while the clean signal emerges clearly.The signal quality
enhancement becomes evident through the analysis of waveforms between the signals before and after processing. Both the original noisy signal and
the processed signal reveal different patterns because noise creates inconsistent amplitude variations yet noise filtering generates a more consistent

waveform.
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Fig 2 : Graph of clean, noisy and predicted signal

CONCLUSION :

Noise estimation through deep learning allows automated noise suppression that functions in various conditions through adaptive filtering techniques.
The Kalman philtre detects dynamic noise which it removes and the Wiener philtre enhances speech together with audio clarity. A machine learning
framework perfectly unites both philtres to produce better results in different applications. Analysis of SNR, MSE, and spectrogram demonstrates that
the system achieves successful audio processing in real-time applications and biomedical signal analysis and industrial noise mitigation.
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