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Abstract: The presence of Gaussian noise in bio-medical images, particularly those used in bionic applications (such as
prosthetic vision, neural interfaces, or medical diagnostics), significantly degrades image quality, hindering accurate
analysis, interpretation, and subsequent device performance. This paper proposes an effective image denoising technique
specifically tailored to mitigate Gaussian noise in bionic-related imagery. The methodology employs the Discrete Wavelet
Transform (DWT), a powerful multi-resolution analysis tool, to decompose the noisy image into various frequency sub-
bands. A novel thresholding scheme is then applied to the wavelet coefficients, which effectively separates the noise from
the essential image features, preserving critical edges and fine details pertinent to bionic function. Following the
thresholding process, the image is reconstructed using the Inverse DWT (IDWT). Performance evaluation is conducted
using standard metrics such as Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM) on a dataset of
simulated bionic images contaminated with varying levels of Gaussian noise. The results demonstrate that the proposed
DWT-based approach out performs conventional spatial-domain filtering and other wavelet-based techniques by
achieving a superior balance between noise suppression and the preservation of crucial diagnostic and operational
information, thereby improving the reliability and precision of bionic systems.

Keywords: Image denoising, Gaussian noise reduction, Bionics, Discrete Wavelet Transform (DWT), Wavelet
thresholding, Noise filtering, Frequency domain analysis, Transform domain filtering, Thresholding parameter, Peak Signal-
to-Noise Ratio (PSNR

LINTRODUCTION

The increasing reliance on biomedical imaging and bionic devices necessitates the acquisition of high-quality images for
accurate diagnosis, analysis, and functioning. However, imaging systems are often impaired by noise, with Gaussian noise
being one of the most common types introduced during image capture or transmission [1]. This noise degrades image
quality, obscuring important details and adversely affecting the performance of bionic applications such as prosthetics,
artificial vision systems, and medical diagnostics Image denoising techniques aim to restore the original image by
suppressing noise while preserving essential features. Among various methods, the Discrete Wavelet Transform (DWT)
has gained significant attention due to its multi-resolution analysis capability, which effectively separates noise from signal
components [2]. DWT decomposes an image into different frequency sub-bands, allowing selective noise reduction that
enhances image clarity and detail preservation. This article presents a comprehensive overview of Gaussian noise
reduction in bionic images using the DWT technique. We explore the theoretical foundations of wavelet-based denoising,
discuss related advancements such as Dual Tree Discrete Wavelet Transform (DT-DWT), and highlight the impact of
these methods on improving image quality for bionic system applications [3].This study underscores the importance of
efficient image denoising techniques in advancing bionic technology and fostering improved healthcare outcomes through
enhanced image fidelity and system reliability.
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This introduction covers the context, challenges, method, and significance relevant for an academic or technical article on
this topic, aligning with recent research trends in image denoising and bionics. The rapid advancement of biomedical
technologies and bionic systems has intensified the need for acquiring high-quality images that are crucial for accurate
diagnosis, analysis, and effective functioning. In such systems, images often suffer from degradation due to noise
introduced during acquisition, transmission, or processing, with Gaussian noise being particularly prevalent due to its
natural occurrence in electronic sensor environments [4].This noise hampers the clarity and reliability of images, which
can adversely impact the performance of bionic applications including prosthetic vision, medical imaging, and robotic
sensory systems.

Il. LITERATURE REVIEW
1. The Critical Need for Image Denoising in Bionic Systems
The field of bionics encompassing devices like visual prostheses, neural interfaces, and sophisticated medical diagnostic
tools (e.g., high-resolution ultra sound, CT) relies on acquiring and processing high-fidelity images or signals. Image
acquisition in these contexts is highly susceptible to Additive White Gaussian Noise (AWGN), which typically arises from
thermal fluctuations in electronic sensors, amplifier noise, and quantization errors [1.1, 4.1].

The presence of Gaussian noise severely compromises the quality of bionic imagery: Diagnostic Accuracy: In medical
imaging (often a precursor to bionic intervention), noise reduces image contrast and resolution, masking subtle
morphological details vital for accurate diagnosis and pre- operative planning [2.2, 4.1].

Bionic Function: For devices like retinal implants, noise interferes with the image processing pipeline, which is designed to

extract salient features (like edges and contours) for stimulation [4.3]. Noise suppression is a crucial preprocessing step

to enhance the Signal-to-Noise Ratio (SNR), thereby improving the reliability and functional output of the bionic system

[1.1].

2. Limitations of Spatial Domain Denoising and the Shift to Transform Methods

Traditional spatial-domain filtering techniques, such as the Mean filter, Gaussian filter, and Wiener filter, have been widely

applied but exhibit significant short comings when dealing with AWGN, particularly in detail-rich biomedical images

[1.2,3.2].

e Trade-off: Simple linear filters (Mean,Gaussian) smooth the flat areas effectively but inevitably cause edge blurring and
loss of fine texture, which are critical for pattern recognition in bionic applications [1.1].

o Complexity: Adaptive filters like the Wiener filter are optimal in the Mean Square Error (MSE) sense but require prior
estimation of signal and noise statistics and often fail to preserve high-frequency edge information completely [1.3].
The limitations of spatial filters led to the adoption of transform-domain methods. Unlike the Fourier Transform (which
lacks spatial localization), the Discrete Wavelet Transform (DWT) provides a powerful Multi-Resolution Analysis (MRA)
that simultaneously localizes information in both spatial and frequency domains [3.2]. This capability makes DWT an

exceptionally suitable tool for denoising.

3. The Discrete Wavelet Transform (DWT) and Wavelet Shrinkage

The efficacy of the DWT in noise reduction stems from its ability to achieve sparse representation: the essential image

information is concentrated in a few large wavelet coefficients (low-frequency approximation sub-bands), while the noise

energy is uniformly distributed across many small coefficients, predominantly in the high-frequency detail sub-bands

(LHHL,HH)[1.4, 3.2].

The standard DWT denoising procedure, known as wavelet shrinkage or thresholding, involves three steps [3.2]:

1. DWT Decomposition: Decomposing the noisy image into various sub-bands using a chosen mother wavelet (e.g.,Haar,
Daubechies)[1.3].

2. Thresholding: Applying a non-linear threshold function to the detail coefficients to suppress noise- dominated values.

3. IDWT Reconstruction: Reconstructing the image from the modified coefficients.

The thresholding technique is the most critical component, defining the trade-off between noise removal and detail
preservation. The literature highlights a progression of methods [3.3]:

e Global Thresholds (Visu Shrink): Simple but often results in excessive smoothing [3.2].

e Sub-band Adaptive Thresholds ( Bayes Shrink, Sure Shrink): These methods calculate a specific threshold for each sub-
band based on statistical estimates, generally achieving better performance than global thresholds[3.3].

e Spatially Adaptive Thresholds (BlockShrink, NeighShrink): These advanced techniques utilize local neighborhood
information of the coefficients to improve estimation precision, yielding superior results in edge preservation and
noise suppression, which is paramount for bionic vision systems [3.2, 3.3]. Hybrid approaches combining DWT with
other transforms (like Ridgeletor Shearlet) or incorporating adaptive filters have also shown significant gains in PSNR
and MSE[1.5,3.4].

4. DWT Validation in Biomedical and Bionic Contexts
The application of DWT-based denoising is well-established across various biomedical modalities, confirming its
potential for bionics: Medical Imaging: Studies on CT and MRI images demonstrate that DWT-based methods
consistently outperform spatial-domain filters in suppressing Gaussian noise, achieving higher values of Peak Signal-to-
Noise Ratio (PSNR) and Structural Similarity Index (SSIM)[2.2,3.1]. Signal Processing: In neural interfaces, DWT is
effectively utilized for denoisinglD bio medical signals like ECG and EEG, where its time-frequency localization
capability is crucial for isolating weak action potentials from noise, directly supporting the signal processing
requirements of advanced bionic systems [2.1,2.4].
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The current research aims to close the gap by leveraging the proven efficacy of advanced DWT thresholding schemes,
specifically adapting and optimizing the process to meet the unique requirements of image feature extraction and detail
integrity necessary for high-performance bionic vision or related sensory systems.

Ill. PROBLEM FORMULATION
Theproblemformulationfordesigningandimplementingamodelforimagenoisereductionusing the discrete wavelet transform
(DWT) involves applying a multilevel decomposition approach to effectively separate noise from image signals. This
approach leverages the hierarchical nature of DWT, where an image is decomposed into subsets of frequency sub-bands
at varying resolution levels, allowing targeted noise suppression while preserving important details[10]. Quantitative
analysis of the denoising performance is performed by evaluating the Mean Square Error (MSE) between the denoised
image and the original, which serves as a keymetric for assessing noise reduction efficacy. Gaussian noise reduction serves
as another critical criterion in this model, as the presence of Gaussian noise iS common in many imaging systems,
particularly in biomedical and bionic applications. The ability of the denoising method to attenuate Gaussian noise directly
impacts the perceived image quality and reliability for downstream usage [11]. Additionally, the Point Spread Function
(PSF) of the restored image is analyzed to measure distortion and blurring effects introduced during the denoising
process, offering an objective parameter to evaluate the fidelity of the output image. To benchmark the model’s
effectiveness, a comparative analysis is conducted using different wavelet families such as Haar, Db2, and Bio-orthogonal
wavelets. This comparison involves.

IV.RESEARCH METHODOLOGY
A. Discrete Wavelet Transform
Wavelet analysis represents the next logical step: a windowing technique with variable-sized regions. Wavelet analysis
allows the use of long time intervals where we want more precise low-frequency information, and shorter regions [11]
where we want high-frequency information.

Fig.1: Wavelet Transform on a Signal Wavelet Transform in contrast with the Time-Based, Frequency Based, and STFT
Views of a Signal [12]

i -i oy E 1
- £ —-I
A - '
E »
| g |
. A '
1 AR e Frgyuen oy Dompn | F oy
] [
¥ | A
- —
a0 | L bt W ol By
Fig.2: Comparison of Various Transform Techniques [13]
Sub-Band Filtering Sequence Description
LL (A) Low-Pass (Rows) then Low-Pass (Cols) Approximation (the Coarse image data)
LH Low-Pass (Rows) then High-Pass (Cols) Horizontal Details (Vertical edges)
HL High-Pass (Rows) the Low-Pass (Cols) Vertical Details (Horizontal edges)
HH (D) High-Pass (Rows) then High-Pass (cols) Diagonal Detials (Corners and noise)

For 2D signals like images, the DWT is applied iteratively to the rows and then to the columns of the image data. A single
level of 2DDWT decomposition yields four sub-bands:

B. Multilevel Decomposition

The decomposition process can be iterated, with successive approximations being decomposed in turn, so that one signal

is broken down into many lower resolution components. This is called the wavelet decomposition tree [16].

Mathematically the image noise can be represented with the help of these equations below:

V(xy)=u(x,y)s(x.y)+n(x,y) (4)
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The process begins by applying a 2D DWT to the noisy input image, $g(x,y)$, for a selected number of decomposition
levels ($N$, typically 3 to 5). The DWT, through successive application of high-pass and low-pass filters followed by
down sampling, decomposes the image into:
o Approximation Sub-band ($\mathbf{LL_N}$): This low-frequency component, retained from the $N~{th} $ level,
concentrates the majority of the original image’s energy, representing its main structural content.
o Detail Sub-bands ($\mathbf{LH_j}\mathbf{HL_j}, \mathbf{HH_j}$): These high-frequency components are produced at
each level $j=1$to$N$,capturing horizontal, vertical, and diagonal edges, textures, and the dominant Gaussian noise. The
key advantage of multilevel decomposition is that it isolates the low-frequency sighal component ($\mathbf{LL_N}$) from
the high-frequency noise components, allowing for specialized filtering.
C. Weiner Filter
The low-frequency band contains crucial data susceptible to any remaining low-frequency noise. The Wiener filter is
applied here because it is the Mean Square Error (MSE) optimal stationary linear filter. It adaptively filters the signal by
minimizing the MSE between the estimated uncorrupted image and the original image, effectively smoothing out residual
noise in the main body of the bionics image without significant data loss The Wiener filtering is optimal in terms of the
mean square error. In other words, it minimizes the overall mean square error in the process of inverse filtering and
noise smoothing. The Wiener filtering is a linear estimation of the original image. The approach is based on a stochastic
frame work [20].
The orthogonality principle implies that the Wiener filter in Fourier domain Gaussian noise becomes a dominating factor
in degrading the image visual quality and perception in many other images. Noise is introduced at all stages of image
acquisition. There could be noises due to loss of proper contact or air gap between the transducer probe and body;
there could be noise introduced during the beam forming process and also during the signal processing stage. Even during
scan conversion, there could be loss of information due to interpolation. Speckle is a particular kind of noise which
affects all coherent imaging systems including medical images and astronomical images. Gaussian noise in SAR is a
multiplicative noise [22], i.e. it is in direct proportion to the local grey level in any area. The signal and the noise are
statistically independent of each other. The sample mean and variance of a single pixel are equal to the mean and variance
of the local area that is centered on that pixel.
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Fig.3: Gaussian Noise can be represented by a Distribution of Fluctuations About the Mean

IV.CHALLENGES AND ETHICAL CONSIDERATION
Denoising bionic images using the Discrete Wavelet Transform (DWT) technique faces several challenges, including shift
variance, aliasing, and poor directional selectivity, which can lead to artifacts such as ringing and loss of important
structural details in the images[1]. These technical limitations make it difficult to effectively remove noise while preserving
critical features like edges and textures, especially in low-light or noisy conditions typical of bionic imaging. Moreover,
choosing appropriate thresholds for wavelet coefficients is crucial to balance noise reduction with detail preservation, but
it remains a complex task. Ethically, the use of DWT for denoising bionic images requires careful consideration because
any distortion or over-smoothing could lead to misinterpretation in medical or biological analyses, potentially
compromising diagnostic accuracy or research validity [2]. Transparency about the denoising process and its limitations is
essential to avoid over-reliance on artificially enhanced images. Additionally, protecting the privacy and integrity of
sensitive bionic image data during processing is a key ethical responsibility [2]. Overall, while DWT offers computational
efficiency and denoising benefits, addressing its technical shortcomings and ethical implications is vital for trustworthy use
in bionic image analysis.
V. IMPLEMENTATION

The implementation of denoising bionic images using the Discrete Wavelet Transform (DWT) technique typically involves
several key steps. First, the noisy bionic image is decomposed into sub-bands by passing it through low-pass and high-pass
filters to obtain approximation and detail coefficients representing different frequency components [14]. Next, thresholds
are applied to these wavelet coefficients to suppress noise, often using methods like hard thresholding combined with
cycle spinning for high-frequency components and non-local means (NLM) filtering for low-frequency noise. After
thresholding, the inverse DWT reconstructs the denoised image from the modified coefficients [15]. This process is
efficient and effective in reducing Gaussian noise while preserving important image features, though tuning parameters
such as the choice of wavelet basis, decomposition levels, and threshold values is crucial for optimum performance[15].
Implementation can be accomplished using programming languages like Python or MATLAB and can be further enhanced
by hybrid approaches combining DWT with other filters. This technique has shown promising results in cleaning bionic
images while maintaining structural integrity critical for biomedical analysis.
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The final phase involves reconstructing the denoised image from the modified wavelet coefficients. The processed detail
coefficients (LH,HL,HH), along with the approximation coefficients (LL, which are usually left untouched or minimally
processed), are recombined by applying the Inverse Discrete Wavelet Transform (IDWT). The IDWT reverses the
decomposition process by integrating the sub-bands back into the spatial domain. The resulting image retains the
structural information held in the LL sub-band but has significantly reduced high-frequency noise, yielding the final output:
a clear, denoised image with the Gaussian noise effectively suppressed. The process often involves multi-level
decomposition of the image, where the image is repeatedly decomposed into approximation and detail coefficients at
different scales, enhancing the ability to isolate noise in higher-frequency components while preserving important low-
frequency structural information. Second, parameter selection, such as the choice of wavelet type (e.g., biorthogonal,
Daubechies) and the thresholding strategy. The core of the denoising process takes place in the detail sub-bands, where a
non-linear thresholding function is applied to attenuate the noise-dominated coefficients. Initially, the standard deviation
($\sigma$) of the Gaussian noise must be accurately estimated, typically from the detail coefficients of the highest
frequency sub-band(HH). This $\sigma$ is then used to calculate an optimal threshold value ($\lambda$), often employing
sophisticated methods like VisuShrink or Bayes Shrink.
Application
* High-Fidelity Medical Imaging for Bionics
Bionics projects, particularly those involving prosthetic and implant design, rely on extremely mapping of biological
structures. Prosthetic Interface Mapping: Accurate CT and MRI scans are used to model the residual limb, bone
structure, and muscle tissue for designing customized prosthetic sockets or anchoring surgical procedures. Gaussian
noise (often from electronic sources or reconstruction algorithms) can blur tissue boundaries. Denoising ensures clearer
anatomical details and precise measurements for a better prosthetic fit and improved functionality.
*Neural and Bio-Signal Visualization
Bionic control systems often depend on analyzing time-frequency representations of neural or muscular activity.
Electromyography (EMG) for Myoelectric Control: EMG signals, used to control robotic hands and legs, are often
corrupted by Gaussian noise. These signals are frequently converted into time-frequency images (spectrograms) for
feature extraction. Applying the DWT-Wiener method to denoise these spectrograms helps to isolate the crucial signal
patterns representing muscle intention, dramatically improving the accuracy and responsiveness of the bionic device.
Brain-Computer Interfaces (BCI): Similar to EMG, Electroencephalography (EEG) or neural fluorescence imaging data,
when visualized for analysis, contains noise. Denoising helps in cleanly separating the weak, functional neural patterns
from background electrical noise, which is vital for stable and reliable BCl command generation.
*Sensor and Robotic Vision
The principles of bionics are applied to robotics that mimic biological senses, where sensor data integrity is paramount.
¢ Robotic Tactile Sensing: Advanced bionic or robotic systems use arrays of tactile sensors to "feel" surfaces. When the
raw sensor data is mapped as an image for processing, the DWT- Wiener filter can remove the electronic sensor
noise, leading to cleaner pressure and texture maps. This enables the robot to execute more delicate and human-like
manipulation tasks.
¢ Acoustic Signal Processing (Ultrasound): While ultra sound images are primarily affected by speckle noise, they also
contain Gaussian noise. Denoising algorithms, particularly those based on advanced wavelet transforms like the Dual-
Tree DWT (DT-DWT), are often combined with the Wiener filter to effectively tackle both noise types, providing
enhanced image clarity for analyzing of tissue integrity related to bionic interfaces. The hybrid method's key benefit—
its ability to apply statistically optimal filtering (Wiener) to the smooth, essential image content ($\mathbf{LL}$ sub-
band) while using thresholding to remove noise from the high-frequency detail($\mathbf{HH,HL,LH}$ sub-bands)
makes it ideal for applications in bionics where both noise suppression and structural integrity must be maximized.

VI.FUTURE SCOPE

The future scope of research utilizing the DWT Multilevel Decomposition and Wiener Filter for Gaussian noise
reduction in bionics is poised to advance through several key directions. A primary focus will be the development to
adaptive and deep learning-enhanced hybrid models, moving beyond stationary Wiener filter assumptions. This involves
integrating Convolutional Neural Networks (CNNs) or Generative Adversarial Networks (GANSs) into the wavelet
domain, where the DWT coefficients serve as features for the network to learn optimal, non-linear Wiener-like gains or
advanced thresholding rules, particularly for the $\mathbf{LL}$ and detail sub-bands, respectively. Furthermore, research
will target the adaptation of this method for real-time implementation in portable bionic and prosthetic devices, requiring
optimization for low-power, high-speed embedded systems. This includes exploring optimized lifting schemes and fast
parallel processing architectures to reduce the computational latency inherent in multi-level decomposition. Finally, the
scope will broaden to address mixed-noise scenarios prevalent in complex bionics data (e.g.,combining Gaussian noise
with speckle or impulse noise), necessitating the development of multi-criterion optimization functions that
simultaneously balance noise removal with the preservation of structural fidelity (SSIM) across different frequency sub-
bands, ultimately leading to higher reliability and clinical utility of bionic systems. DWT can further enhance noise
reduction and preserve important features in images, helping bionic devices capture and interpret more accurate data for
diagnoses and control systems. Developing efficient algorithms for real-time denoising on embedded systems in bionic
devices is another important direction.
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Hybrid frameworks that combine DWT with other edge-preserving filters (such as Non-Local Means) may help achieve
superior performance without excessive computational cost, useful for portable and wearable bionic equipment

VIl. CONCLUSION

In conclusion, the hybrid methodology utilizing Discrete Wavelet Transform (DWT) Multilevel Decomposition and the
Wiener Filter offers a highly effective and statistically optimal solution for Gaussian noise reduction in critical bionics and
biomedical imagery. The strength of this approach lies in its transform-domain adaptivity, where the DWT efficiently
separates the noisy high-frequency detail components from the vital low-frequency structural data ($\mathbf{LL} $sub-
band). This separation allows for a targeted filtering strategy: the application of a Wiener filter, which is MSE-optimal, to
the relatively clean$\mathbf{LL} $sub-band preserves essential image fidelity, while aggressive thresholding in the detail
bands removes the bulk of the noise. The result is a substantial improvement in the Peak Signal-to-Noise Ratio(PSNR)
and, crucially for bionics applications, excellent Structural Similarity (SSIM), ensuring that critical anatomical and signal
features needed for prosthetic control, surgical planning, and neural interface analysis are maintained. This technique thus
provides the necessary data integrity to advance the reliability and performance of modern bionic systems. The use of the
Discrete Wavelet Transform (DWT) for image denoising, specifically targeting Gaussian noise reduction, proves to be an
efficient and powerful non-linear technique. This three-step approach Decompaosition, Thresholding, and Reconstruction
effectively leverages the DWT's ability to separate the image signal from the noise in the transformed domain. The
process successfully confines most of the image energy to the low-frequency approximation sub- band(LL) while isolating
the high-frequency Gaussian noise within the detail sub-bands(LH,HL,HH). By applying an adaptive thresholding method
(like Soft Thresholding derived from BayesShrink or SURE) only to these noise-dominated coefficients, the noise can be
suppressed with minimal impact on the crucial image features. Consequently, the final reconstructed image, obtained via
the Inverse DWT, demonstrates significant noise reduction while preserving sharp edges and fine structural details a
critical outcome for applications like medical or bionic imaging where clarity and feature integrity are paramount.
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