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Abstract

Modern hearing aids have improved a lot, but they still face problems in noisy and changing
environments. Traditional noise-reduction methods like spectral subtraction or fixed beamforming work
only in easy situations. When the noise changes fast or many people are talking at the same time, these
methods do not perform well. Because of this, many users say that they can hear the sound, but they
cannot clearly understand the speech.

In this paper, | propose a new Al-based adaptive noise-cancellation (ANC) system designed for low-
power hearing-aid devices. The method uses a small Convolutional Neural Network (CNN) with an
attention mechanism to separate speech from noise in real time. I compare this Al model with two
common algorithms the Multi-channel Wiener Filter (MWF) and the MVDR beamformer. Simulation
results show that the Al system can improve SNR by up to 12 dB and increase speech understanding by
around 45% in difficult sound conditions. These results suggest that future hearing aids can offer a more
natural, clear, and comfortable listening experience.

1. Introduction

Hearing loss affects more than 1.5 billion people around the world , so hearing aids have become one of
the most important support devices today. Even with improvements in small electronics and digital
signal processing (DSP), many users still face the biggest problem in social places where many people
are talking at the same time. This problem is called the cocktail party problem . It is not mainly about
loudness it is about focusing on one speaker while ignoring others. Most normal hearing aids increase
the volume of all sounds, including background noise, which makes listening more tiring instead of
easier.

Traditional methods like spectral subtraction or fixed beamforming depend on certain assumptions about
the type of noise. But in real life, noise keeps changing and is not predictable, so these methods often do
not work well. Advanced adaptive beamforming methods such as MVDR give better results, but they
need very accurate information about speech and noise levels. Getting this information in real time is
very difficult.

Deep learning gives a new way to solve this problem. Instead of manually creating rules for every
complex sound situation, neural networks can learn from large collections of real and artificial speech-
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noise mixtures. The aim of this work is to study how such Al models can be designed to work within the
strict power and low-latency limits of hearing aids, while still giving a big improvement in performance.

2. Literature Review
2.1 Traditional Noise Reduction

Early digital hearing aids mostly used simple single-channel noise reduction methods. These methods
worked okay for steady background sounds like fan noise or an air conditioner. But they could not
handle situations where other people were talking, because speech changes very quickly and traditional
DSP methods cannot follow these changes .

When hearing aids started using multiple microphones, new options became possible through spatial
filtering. Algorithms like the Generalized Sidelobe Canceller and MVDR beamforming became
common . However, their performance reduces when there is echo (reverberation), very low SNR, or
when the speaker changes position quickly.

2.2 Machine Learning and Deep Learning

In the last few years, deep learning has completely changed the field of speech enhancement. Earlier
machine-learning methods like NMF and CASA were helpful, but deep neural networks (DNNSs),
Convolutional Neural Networks (CNNs), and Long Short-Term Memory networks (LSTMs) soon
became much better because they can learn complex patterns in both time and frequency. Many modern
methods train these models to estimate ideal masks or to directly predict clean speech signals from noisy
inputs.

2.3 Al in Hearing Aids

Recent research has focused on bringing neural networks directly into hearing-aid systems. Heymann et
al. showed that neural networks can estimate masks that greatly improve beamforming results. But the
main problem is power use: hearing aids run on very small batteries and must process sound with a delay
of less than 10 ms. Another challenge is personalization, because every user has a different hearing loss
pattern. Some new studies are now looking at user-specific fine-tuning and interactive learning methods.

This paper continues from these ideas and introduces a small, efficient neural-network design made
specially for real-time use in hearing aids.
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3. Proposed System Architecture
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3.1 Hardware Setup
The system is designed for a binaural (both ears) hearing aid that includes:

<> two microphones on each ear,
< alow-power SoC specially optimized for Al, and
<~ awireless connection between the two earpieces so that both sides can process sound together.

The hardware is similar to modern embedded NPUs that can run neural-network operations using only a
few milliwatts of power.

3.2 Algorithm Overview
The processing pipeline includes:

1. Feature Extraction
Signals from all microphones are first converted using STFT (Short-Time Fourier Transform). The
magnitude values from this step are given to the model as input, while the phase information is kept
for reconstructing the final output sound.

2. Al-Based Speech Separation
Two model designs were tested:
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a small model inspired by Conv-TasNet, anda CRNN (Convolutional Recurrent Neural Network)
with an attention mechanism.

The CRNN model finally gave the best balance between good accuracy and low computation.

3. Target Speaker Tracking (Optional)
A VAD (Voice Activity Detection) or a speaker identification module can help the network focus
more on the main speaker the user wants to hear.
4. Personalization Layer
The output settings can be adjusted to match the user’s audiogram or their personal listening
preferences.
5. Signal Reconstruction
The model predicts either a mask or a clean speech waveform. This information is then used to create
the improved (enhanced) audio signal before it is amplified.

3.3 Training Procedure

The model is trained using a mix of public datasets (such as CHiME and LibriSpeech) along with
custom-made mixtures of speech and different types of noise at many SNR levels. The training loss uses
both SI-SDR and perceptual measures so that the output sounds clear as well as natural.

4. Methodology and Experimental Setup
4.1 Algorithms Compared
We evaluated:
MWEF (Multi-Channel Wiener Filter)
MVDR beamformer(Minimum Variance Distortionless Response beamformer)
The proposed CRNN (Convolutional Recurrent Neural Network) model
4.2 Datasets and Metrics
Testing was done using the CHIME-4 dataset and another dataset that included many speakers in a
reverberant (echo-filled) environment.
The evaluation metrics used were:
< SNR improvement (Signal-to-Noise Ratio improvement)
<~ PESQ (Perceptual Evaluation of Speech Quality)

< STOI (Short-Time Objective Intelligibility)

estimated computational load measured in MOPS (Million Operations per Second)
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4.3 Implementation
The neural network was built using PyTorch and was kept under 100k parameters so that it can run on

small embedded devices. The beamforming methods used for comparison were implemented in
MATLAB.

5. Results and Discussion

Table 1: Performance Comparison

Algorithm ASNR (dB) PESQ STOI MOPS
Input (No 0.0 1.95 0.62 -
Processing)

MWF 5.1 2.45 0.71 120
MVDR 7.3 2.68 0.76 180
Proposed

Model 12.2 3.41 0.90 950

5.1 Interpretation

The results clearly show that the Al-based system performs better than the traditional methods. The
higher SNR and STOI values mean that users would hear speech more clearly and understand it more
easily. The PESQ score also shows that the enhanced sound has fewer unwanted artifacts and less
distortion compared to older techniques.

5.2 Discussion

The improvements most likely come from the model’s ability to learn complex (nonlinear) patterns
using spatial, frequency, and time-based information. Traditional algorithms were not designed to handle
these kinds of relationships, so they cannot match this performance. The main limitation of the Al model
is that it needs more computation, but this problem is reducing as modern embedded NPUs keep getting
better. Methods like quantization and pruning can also help reduce the processing load even further.

6. Conclusion and Future Directions

This work studied a deep-learning-based method for adaptive noise cancellation in hearing aids and
showed that it gives much better results than two commonly used algorithms. As Al hardware becomes
more powerful and energy-efficient, using such models in real hearing aids is becoming more practical.

Future research can focus on:

On-device learning, so the model can slowly adjust to each user’s daily environments;
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Explainable Al, which can help audiologists understand how the system is working;

Using EEG or other biological signals to guide the system toward the speaker the user wants to
listen to ;

Energy optimization by compressing and simplifying the model.

Al-based hearing-aid processing can greatly reduce listening fatigue and help users communicate better
in real-life situations.
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