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Approach for Enhancing Visual Clarity
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P R China; jysw316@jssnu.edu.cn

Abstract: This paper explores the application of wavelet analysis, a multiscale approach for enhancing visual
clarity, in the context of image denoising, which reduces the impact of noisy pixels, caused by various factors
such as electronic sensor limitations, low-light conditions, or transmission errors in digital imaging systems.
This paper introduces some common noise types like Gaussian noise and processes of image denoising,
eliciting the strength of wavelet analysis. As a powerful image denoising technology, wavelet analysis needs
five steps to process the image, and the key step is thresholding. There are many kinds of wavelet, and each
wavelet has different advantages and functions, which makes it suitable for different applications. Hence,
wavelet analysis also makes a contribution in various fields beyond signal processing and data analysis, such
as Biomedical Imaging and Geophysics and Seismology, where preserving image quality is essential for
accurate analysis and interpretation. In short, this research highlights the promise of wavelet analysis,
emphasizing the use of high- quality image data.Keywords: Wavelet Analysis; image denoising; signal
processing; enhancing visual clarity

Introduction of Image Denoising

Image denoising [1,2] is a process of reducing or removing unwanted noise or random variations
from a digital image to improve its quality and make it visually clearer and more useful for various
applications. Noise in an image typically appears as random, irregular patterns of brightness and
color that were not present in the original scene when the image was captured. It can result from
various factors such as electronic sensor limitations, low-light conditions, or transmission errors in
digital imaging systems.

One common approach to image denoising is filtering where mathematical algorithms are
applied to the image to selectively smooth or blur areas that are likely to contain noise while
preserving important image details. Filters like Gaussian filters and median filters are commonly
used for this purpose. These filters work by averaging pixel values in the vicinity of each pixel to
reduce the impact of noisy pixels.

In recent years, machine learning techniques [3], particularly deep learning models [4] like
convolutional neural networks (CNNs), have made significant advancements in image denoising.
These models can learn complex patterns in noisy images and effectively remove noise while
preserving image details. They are trained on large datasets of noisy and clean images, allowing them
to generalize and perform well on a wide range of denoising tasks.

Image denoising has a broad range of practical applications, including improving the quality of
photographs, enhancing medical images for diagnosis, enhancing satellite and surveillance imagery,
and improving the performance of computer vision systems by providing cleaner input data.
Effective image denoising plays a crucial role in various fields where image quality [5] is vital for
accurate analysis and decision-making. Figure 1 is shown below.
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Figure 1. Introduction of image denoising.

Noise Types

Noise in digital images [6] refers to unwanted and random variations in pixel values that distort
the original information or degrade the image quality. Understanding different types of noise is
essential for effectively applying denoising techniques. Here are some common types of noise in
images:

Gaussian Noise [7]: Gaussian noise is one of the most common types of noise encountered in
digital images. It follows a Gaussian (normal) distribution and appears as random variations that
resemble the classic bell curve. Gaussian noise is often caused by electronic sensor limitations,
fluctuations in light, and other random factors. Denoising Gaussian noise is relatively
straightforward, and Gaussian filters are commonly used for this purpose.

Salt and Pepper Noise [8]: Salt and pepper noise, also known as impulse noise, appears as
random, isolated bright and dark pixels in an image. It is typically caused by malfunctioning pixels
in the image sensor or transmission errors. Denoising salt and pepper noise [9] can be challenging
because it involves identifying and replacing or interpolating these outlier pixels.

Speckle Noise: Speckle noise is a granular noise that appears as random graininess in an image.
It is often found in medical images like ultrasound and radar imagery. Speckle noise is caused by
interference patterns [10] in the image formation process [11]. Denoising speckle noise [12] usually
involves applying filters that preserve edge information while smoothing the noise.

Poisson Noise: Poisson noise is commonly found in images where the number of photons
detected at each pixel follows a Poisson distribution [13]. It is particularly relevant in low-light
conditions and is often seen in astronomical and microscopy images [14]. Denoising Poisson noise
[15] requires specialized methods that take into account the statistical properties of the noise.

Quantization Noise: Quantization noise [16] occurs when an analog signal [17] is digitized with
limited precision, resulting in rounding errors. It manifests as a fixed pattern of discrete values [18]
or steps in the image. Dithering techniques [19] are often used to mitigate quantization noise during
the digitization process.

Color Noise: In color images, noise can affect individual color channels [20], leading to color
distortion [21] or artifacts. Color noise may result from sensor limitations, compression artifacts [22],
or other factors. Denoising color noise often requires specialized algorithms that consider the
correlation between color channels [23]. Table 1 is shown below.
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Table 1. Comparison of noise types.

Noise Types Noise Characteristics Cause of Noise Method of Noise Removal

Electronic sensor
Follows a Gaussian (normal) limitations, fluctuations
distribution in light, and other
random factors
Malfunctioning pixels in

Gaussian Noise Gaussian filters

Random, isolated bright and

Salt and Pepper Noise the image sensor or Difficult
PP dark pixels 8¢ Y
transmission errors
Interference patterns in Preserve edge information while
Speckle Noise Random graininess the image formation smoothing the noise
process
. . Follows a Poisson . . Consider statistical properties of
Poisson Noise . Low-light conditions . Prop
distribution the noise
An analog signal is
L. . A fixed pattern of discrete .. L. . . .
Quantization Noise P digitized with limited  Dithering techniques
values or steps ..
precision

Sensor limitations, . .
Consider the correlation between

color channels

. Lead to color distortion or . .
Color Noise compression artifacts, or

artifacts
other factors

Procedures of Image Denoising

Image denoising is a crucial image processing task that aims to remove or reduce noise while
preserving important image details. The procedures for image denoising typically involve the
following key steps:

Noise Characterization [24] and Estimation: The first step in image denoising is to understand
and characterize the type of noise present in the image [25]. This involves estimating the noise
statistics, such as its distribution and intensity. Different noise types require different denoising
approaches. Common noise estimation techniques include analyzing local neighborhoods in the
image, using statistical methods, or leveraging prior knowledge about the imaging system [26] and
noise sources.

Filtering or Denoising Algorithm Selection: Once the noise characteristics are understood, the
next step is to choose an appropriate denoising algorithm [27,28] or filter. The choice depends on
factors such as the type and intensity of noise, the desired level of noise reduction, and the importance
of preserving image details. Common denoising techniques include: (i) Linear Filters: Gaussian filters,
mean filters, and bilateral filters [29] are examples of linear filters that smooth the image while
reducing noise. (i) Non-linear Filters: Median filters, adaptive filters [30], and wavelet-based
methods are non-linear approaches that are effective in handling various noise types. (iii) Deep
Learning: Convolutional neural networks (CNNSs) [31] and other machine learning models have
shown remarkable performance in image denoising by learning noise patterns from training data.

Denoising Implementation: After selecting the denoising algorithm, it is applied to the noisy
image. The filter or algorithm processes the image to reduce noise while trying to preserve the image's
essential features and details. In some cases, multiple denoising stages or techniques may be used in
succession to achieve the desired level of noise reduction without over-smoothing the image [32].

Quality Assessment and Fine-Tuning: It's essential to evaluate the denoised image's quality to
ensure that it meets the desired objectives. Metrics like peak signal-to-noise ratio (PSNR) [33],
structural similarity index (SSIM) [34], and visual inspection can be used to assess the denoising
performance. Depending on the results, fine-tuning of denoising parameters or algorithm selection
may be necessary to strike a balance between noise reduction and preservation of image details.
Iterative approaches may also be employed, where the denoising process is repeated until the desired
image quality is achieved.
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Image denoising procedures can vary significantly depending on the specific noise
characteristics and the chosen denoising method. The goal is to achieve a noise-free or visually
improved image while minimizing the loss of important image details, ensuring the final result is
suitable for its intended application, whether it be in photography, medical imaging, remote sensing,
or computer vision. Figure 2 is shown below.
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Figure 2. The workflow of image denoising.

Wavelet Analysis for Image Denoising

Wavelet analysis is a powerful technique used in image denoising to effectively remove noise
while preserving important image features [35]. It relies on the mathematical concept of wavelets,
which are functions that can be scaled and shifted to analyze different frequency components of an
image. Here's how wavelet analysis works for image denoising:

Multiresolution Analysis [36]: Wavelet analysis is based on the idea of multiresolution analysis,
which means examining an image at multiple scales or resolutions. In this context, the original image
is decomposed into different levels or layers of detail. High-frequency components, which often
correspond to noise, are separated from the low-frequency components representing image structure.

Wavelet Transform: The discrete wavelet transform (DWT) [37] is a fundamental tool in wavelet
analysis for image denoising. It involves convolving the image with a set of wavelet functions at
different scales and positions. The result is a decomposition of the image into approximation (low-
frequency) and detail (high-frequency) coefficients for each level of resolution.

Thresholding: In image denoising using wavelet analysis, the key step is thresholding [38].
Thresholding involves setting small wavelet coefficients (which correspond to noise) to zero while
retaining or modifying the larger coefficients (which correspond to image features). This effectively
eliminates or reduces noise in the image.

Selection of Threshold: The choice of the threshold value is critical in wavelet-based image
denoising. Various thresholding techniques can be employed, such as hard thresholding (setting
coefficients below the threshold to zero) or soft thresholding [39] (shrinking coefficients toward zero).
The threshold can be selected based on statistical properties of the noise or using techniques like
Stein's Unbiased Risk Estimate (SURE) to optimize denoising performance.

Inverse Wavelet Transform: After thresholding the wavelet coefficients, the denoised image is
reconstructed by performing the inverse wavelet transform. This combines the modified detail and
approximation coefficients from each resolution level to produce a denoised version of the original
image.

Wavelet analysis for image denoising has several advantages. It can effectively remove noise
while preserving image details and structures at different scales, making it suitable for a wide range
of noise types. Additionally, wavelet-based denoising can be adaptive, as it can vary the thresholding
strategy and levels of decomposition to suit the specific characteristics of the image and noise [40].

Overall, wavelet analysis is a versatile and powerful tool for image denoising, finding
applications in fields like medical imaging, transportation [41], satellite imagery processing, and
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digital photography, where preserving image quality is essential for accurate analysis and
interpretation [42]. Figure 3 is shown below.
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Figure 3. The workflow of Wavelet Analysis.

Common Wavelet Types

Wavelets are mathematical functions used in signal processing and image analysis to analyze
and represent signals and data at multiple scales [43]. There are several types of wavelets, each with
its own properties and characteristics [44]. Here are some common wavelet types:

Haar Wavelet: The Haar wavelet is one of the simplest wavelets and serves as the foundation
for understanding wavelet analysis. It is a piecewise constant function with a simple step shape and
is often used for educational purposes. The Haar wavelet can efficiently represent abrupt changes or
discontinuities in data.

Daubechies Wavelets (db) [45]: Daubechies wavelets, often denoted as dbN, where N represents
the number of vanishing moments, are widely used in practical applications. They come in different
orders, such as db1, db2, db3, etc., each with increasing levels of smoothness and vanishing moments.
Daubechies wavelets are popular for image compression and denoising due to their good localization
properties in both time and frequency domains.

Symlet Wavelets (sym): Symlet wavelets are similar to Daubechies wavelets but offer better
symmetry and smoothness properties. They are denoted as symN, where N specifies the number of
vanishing moments [46]. Symlet wavelets are commonly used in applications where a compromise
between smoothness and compact support is required.

Biorthogonal Wavelets (bior): Biorthogonal wavelets come in pairs: one for decomposition and
one for reconstruction. They offer flexibility in adapting to specific signal characteristics.
Biorthogonal wavelets are used in image compression [47], denoising, and feature extraction.

Coiflet Wavelets (coif): Coiflet wavelets are known for their high smoothness and compact
support. They are suitable for analyzing signals with a high degree of smoothness, such as medical
images. Coiflet wavelets are denoted as coifN, where N represents the number of vanishing moments.

Each type of wavelet has its advantages and is suited for different applications. The choice of
wavelet depends on factors such as the characteristics of the signal or image being analyzed [48], the
desired level of time-frequency localization, and the specific task at hand, such as compression,
denoising, or feature extraction. Wavelet analysis has found widespread use in various fields,
including image processing, signal processing [49], data compression, and pattern recognition, due
to its ability to capture and represent information at different scales. Table 2 is shown below.
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Table 2. Comparison of common wavelet types.

Wavelet Types Wavelet Characteristics Wavelet Functions
Represent abrupt changes or

Haar Wavelet A piecewise constant function epreseit abrup 8
discontinuities in data

Daubechies Wavelets (db) Come in different orders Good localization properties

Be used in applications where a
Offer better symmetry and smoothness PP

Symlet Wavelets (sym) compromise between smoothness and

"
Properties compact support is required
Biorthogonal Wavelets (bior) Come in pairs,offer flexibility Be us.ec.i fnimage COIan'ESSlOl’l.,
denoising, and feature extraction
Coiflet Wavelets (coif) High smoothness and compact supportAnalyze signals with a high degree of

smoothness

Advantages of Wavelet Analysis

Localization in Time and Frequency: Wavelets provide excellent localization properties in both
the time and frequency domains. Unlike traditional Fourier analysis [50], which offers precise
frequency information but lacks time localization, wavelets allow you to pinpoint the occurrence of
features in both time and frequency. This feature is crucial in applications where knowing when an
event happens is as important as its frequency content [51].

Adaptability and Flexibility: Wavelet analysis offers a wide range of wavelet functions with
different properties. This allows you to choose a wavelet that best suits the characteristics of your
data or signal [52]. For example, you can select a wavelet that emphasizes smoothness, compact
support, or vanishing moments depending on your specific analysis requirements [53]. This
adaptability makes wavelets suitable for a broad spectrum of applications.

Efficient Compression and Denoising: Wavelet analysis is widely used in data compression,
classification, and denoising [54]. The multiresolution representation of data makes it possible to
remove noise or reduce data size while preserving essential features and details. Wavelet-based
compression methods, such as JPEG 2000 for images and wavelet-based audio compression [55], are
known for their efficiency and high-quality results. Figure 4 is shown below.

Provide excellent localization properties
in both the time and frequency domains.

Advantages of Offer a wide range of wavelet functions
wavelet analysis with different properties to ensure

adaptability and flexibility.

Be known for efficiency and high-quality
results.

Figure 4. The advantages of wavelet analysis.
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Disadvantages of Wavelet Analysis

Wavelet analysis, like any analytical technique, possesses several disadvantages that merit
academic consideration. These drawbacks include:

The choice of an appropriate wavelet basis is non-trivial and often requires a deep
understanding of the data characteristics. Selecting an inappropriate wavelet can lead to misleading
results, making the analysis highly dependent on user expertise.

Wavelets are sensitive to both scale and translation, which can make it challenging to compare
features at different scales or positions. This can complicate the interpretation of results, particularly
in multiresolution analysis.

While wavelet analysis can capture non-stationary signals [60], the decomposition process may
introduce artifacts [61], and it may not always provide an intuitive way to interpret non-stationary
components [62] effectively. The finite extent of data often leads to boundary effects [63] or artifacts
in the wavelet analysis. This issue can impact the accuracy of features extracted from signals,
especially at the edges of the data.

The computation of wavelet transforms, particularly for large datasets, can be computationally
intensive and time-consuming. This aspect may hinder its practical application in real-time or high-
throughput analysis. Table 3 is shown below.

Table 3. The disadvantages of Wavelet Analysis.

Disadvantages Reasons Consequences of advantages

The choice of an appropriate requires a
deep understanding of the data
characteristics.

The analysis is highly dependent on

user expertise. Lead to misleading results.

Make it challenging to compare Wavelets are sensitive to both scale . . .
. o . Complicate the interpretation of results
features at different scales or positions and translation.

Impact the accuracy of features

Capture non-stationary signals The finite extent of data. .
extracted from signals

The computation of wavelet

. . . Hinder its practical application in real-
transforms may be intensive and time- Large amount of data. P PP

consuming. time or high-throughput analysis.

Other Application Fields of Wavelet Analysis

Wavelet analysis, with its ability to capture and represent data at multiple scales, has found
applications in various fields beyond signal processing and data analysis [56]. Here are some
additional application fields of wavelet analysis:

Biomedical Imaging: Wavelet analysis is widely used in biomedical imaging , including MRI
(Magnetic Resonance Imaging) and CT (Computed Tomography) scans [57]. It helps enhance image
quality, reduce noise, and improve image reconstruction. In electroencephalography (EEG) and
electrocardiography (ECG), wavelet analysis aids in the detection of subtle patterns and anomalies
in brain and heart signals, which is essential for diagnosis and monitoring of neurological and cardiac
conditions.

Geophysics and Seismology: Seismologists use wavelet analysis to analyze seismic signals and
identify earthquake events. Wavelet transforms can help extract information about the timing and
frequency content of seismic waves, contributing to earthquake prediction and hazard assessment.
In exploration geophysics, wavelet analysis assists in processing and interpreting seismic data to
locate underground oil and gas reservoirs [58].

Image and Video Compression: In addition to its use in image denoising, wavelet analysis plays
a vital role in image and video compression. Wavelet-based compression algorithms, such as JPEG
2000 and the wavelet transform in video codecs, achieve high compression ratios with minimal loss
of image quality.
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Finance and Econometrics: Wavelet analysis is applied in finance to analyze financial time series
data [59]. It helps identify patterns, trends, and irregularities in stock prices, currency exchange rates,
and other financial data. Econometric studies often use wavelet analysis to investigate the
relationship between economic variables across different time scales, providing insights into long-
term trends and short-term fluctuations.

Environmental Science and Remote Sensing: Wavelet analysis aids in processing and analyzing
environmental data, including remote sensing data from satellites and ground-based sensors. It can
help detect changes in land use, monitor environmental variables like soil moisture and vegetation,
and analyze climate data to identify patterns and trends at various temporal and spatial scales. Table
4 is shown below.

Table 4. More application fields of Wavelet Analysis.

Application fields Functions Concrete examples

. . . Enhance image quality, reduce noise, Diagnose and monitor of neurological
Biomedical Imaging . ; . . s
and improve image reconstruction and cardiac conditions
Help extract information about the
Geophysics and Seismology timing and frequency content of

seismic waves

Locate underground oil and gas

reservoirs

fmage and Video Compression Play a Vitz.al role in image and video A?h.ieve high Co.mpression .ratios with
compression minimal loss of image quality

Identify patterns, trends, and

irregularities in stock prices, currency Provide insights into long-term trends

exchange rates, and other financial and short-term fluctuations

data

Finance and Econometrics

. . . . . Detect changes in land use, monitor
Environmental Science and Remote  Aid in processing and analyzing 8

. . environmental variables and analyze
Sensing environmental data

climate data to identify patterns

Conclusions

In conclusion, wavelet analysis has emerged as a highly effective and versatile tool for image
denoising, offering several advantages and techniques that make it a preferred choice in many
applications.

First and foremost, wavelet analysis excels in its ability to perform multiresolution analysis,
allowing it to capture and represent image information at various scales. This capability is crucial
when dealing with images that contain both fine details and global structures, as it permits the
selective removal of noise while preserving essential image features [64].

Moreover, wavelets provide excellent localization properties in both the time and frequency
domains. Unlike traditional Fourier-based methods, wavelet analysis enables precise pinpointing of
noise and image details, which is invaluable when the temporal and spectral localization of features
is essential.

Wavelet analysis is adaptable and flexible, offering a range of wavelet functions with different
properties, such as Daubechies, Symlet, and Coiflet wavelets. This flexibility allows practitioners to
choose the most suitable wavelet for their specific denoising task and image characteristics.

Furthermore, wavelet-based denoising methods have demonstrated their effectiveness in
various applications, including medical imaging, satellite image processing, and digital photography.
These techniques have played a crucial role in enhancing image quality for accurate analysis and
interpretation, making them indispensable in many fields [65].

In summary, wavelet analysis for image denoising is a powerful and versatile approach that
leverages its multiresolution analysis, localization properties, adaptability, and proven effectiveness
to remove noise while preserving image details. As the demand for high-quality image data continues
to grow across various domains, wavelet-based image denoising techniques will remain a valuable
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tool for researchers, engineers, and practitioners striving to extract meaningful information from
noisy images.
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