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One approach that overcomes the limitations of traditional methods is the
use of multi-layer neural network architectures such as MLP and RNN. These
networks can automatically learn from input signals and adjust their parameters
for optimal filtering. The network consists of three main components: an input
layer, one or more hidden layers, and an output layer, which allows for nonlinear
transformation of the signal. The network is trained using the backpropagation
algorithm, which minimizes the error between the actual and desired output.

Adaptive filters are essential tools for reducing noise and interference in
digital signals. Traditional adaptation methods, such as the Least Mean Squares
(LMS) and Recursive Least Squares (RLS) algorithms, work well for linear sig-
nals, but their effectiveness decreases when processing nonlinear or complex
data. This limitation arises because these methods cannot account for complex
relationships between signals and noise that are often present in real-world ap-
plications. To address this issue, neural networks, particularly multi-layer per-
ceptrons (MLP) and recurrent neural networks (RNN), are increasingly used, as
they can adapt to varying signal conditions and effectively handle nonlinear,
high-dimensional data.

The filtering process in a neural network adaptive filter involves passing
the input signal through several layers of the network, with each layer responsi-
ble for a certain level of data abstraction. After each training iteration, the
weights of the neurons are adjusted to minimize the error between the desired
result and the actual output. This enables the filter to adapt to changes in signal
characteristics such as frequency spectrum or noise level. The mathematical de-
scription of a neural network adaptive filter can be expressed by the error func-
tion EEE, which the network attempts to minimize during the training process:

1 T
F= Ethd(t) -y

where E is the error function, d(t) is the desired signal (e.g., a noise-free
signal), y(t) is the output signal after filtering, and T is the number of time sam-
ples.

The backpropagation algorithm is used to adjust the network's weights,
which allows for optimal filtering results. This approach has advantages over
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traditional methods in situations where the signal is nonlinear or has complex
statistical characteristics that are difficult to describe using classical algorithms.

Due to the ability of neural networks to effectively process large volumes
of data and adapt to changes in input signals, they are used for signal filtering in
real-world applications such as biomedical signal processing (EEG, ECG), audio
and video signals, and telecommunications to reduce noise and distortion [1-4].

The use of neural network filters in biomedical signal processing is particu-
larly relevant, as these signals exhibit high variability and are often accompanied
by various types of noise. In these cases, classical filters often cannot provide
sufficiently accurate filtering, while neural networks, due to their adaptability,
provide much better results. Similarly, in telecommunications, neural networks
can significantly improve signal quality under low signal levels or high noise
conditions.

The adaptability of neural network filters also makes them effective in situ-
ations where signal characteristics change, such as in mobile communications,
where the signal level constantly varies depending on the distance to the trans-
mitter or obstacles in the signal path.

Therefore, neural networks for implementing adaptive filters are a powerful
tool for digital signal processing, enabling effective handling of nonlinear and
complex data while reducing the impact of noise and interference on signal qual-

ity.
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