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Abstract: In this paper, the filtering method of biomedical image denoising is described
comprehensively. Firstly, it introduces the biomedical image denoising, describes the relationship
between biomedical image denoising and medical care, introduces the filtering methods, the
filtering methods of biomedical image denoising, the challenges encountered by the current filtering
methods, and other application fields of filtering methods. Firstly, the background of biomedical
image denoising is introduced. Biomedical image denoising is a challenge. Different imaging modes
have different noise characteristics, and noise levels can vary greatly depending on the specific
application. Secondly, it describes that biomedical image denoising plays an important role in
medical care, and the biomedical image directly affects the patient's diagnosis, treatment plan and
the overall quality of medical care service. Then the filtering method is introduced in detail,
describing the core concepts and related features of linear filtering, nonlinear filtering and frequency
domain filtering, and then focusing on the adaptive filtering method, describing the characteristics,
conditions of use, common algorithms and advantages of adaptive filtering method. Then the filter
methods of biomedical image denoising are introduced, and the core concepts of Gaussian filter,
median filter, total variation denoising and Wiener filter are introduced respectively. Then, the
challenges encountered by filtering methods are described, such as the accurate selection of filters,
the balance between noise reduction and image detail preservation are introduced. Finally, the
application of filtering method in other fields is mentioned, such as audio processing, speech
recognition and so on. In summary, this paper comprehensively expounds the denoising and
filtering methods of biomedical images, the filtering methods of medical image denoising, the
relationship between medical image denoising and medical care, and the challenges encountered
by filtering methods.

Keywords: image denoising; filtering methods; biomedical image denoising; healthcare; adaptive
filtering methods

1. Introduction of Biomedical Image Denoising

Biomedical image denoising refers to the process of reducing or removing unwanted noise from
images acquired in various medical imaging modalities, such as X-ray, MRI (Magnetic Resonance
Imaging), CT (Computed Tomography) scans, ultrasound, and microscopy. These medical images
are crucial for diagnosis, treatment planning, and research in the field of healthcare and life sciences
[1]. According to Figure 1, they are often subject to noise due to various factors, including limitations
in imaging equipment, patient motion, and electronic interference.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Causes of noise in images.

Challenges in Biomedical Imaging: Biomedical images [2] often present unique challenges for
denoising. Different imaging modalities have distinct noise characteristics, and the level of noise can
vary widely based on the specific application [3]. For example, MRI images may suffer from thermal
noise, while ultrasound images may exhibit speckle noise [4]. Moreover, medical images frequently
contain subtle details and structures that need to be preserved during denoising to ensure accurate
diagnosis and research analysis [5,6].

Denoising Techniques: Various denoising techniques are applied in biomedical image
processing, including traditional methods like Gaussian filtering, median filtering, and anisotropic
diffusion, as well as more advanced 1l.approaches like wavelet-based denoising, total variation
denoising, and deep learning-based methods [7,8]. The choice of denoising method depends on the
nature of the noise, the imaging modality, and the specific objectives of the medical imaging task [9].

Impact on Diagnosis and Research: The successful denoising of biomedical images has a
significant impact on medical professionals and researchers. It enhances the visibility of critical
structures, reduces artifacts, and improves the overall quality of images [10]. In turn, this leads to
more accurate diagnoses, better treatment planning, and more reliable scientific conclusions in
biomedical research. As imaging technology continues to advance, the development and application
of effective denoising techniques remain critical for the progress of healthcare and medical science
[11]. Paper structure is as in Figure 2:
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Figure 2. Paper structure.

2. Healthcare and Biomedical Image Denoising

As in Figure 3, the relationship between healthcare and biomedical image denoising is integral
and highly symbiotic. Biomedical image denoising plays a crucial role in healthcare, directly
impacting patient diagnosis, treatment planning, and the overall quality of healthcare services [12].
Here are several key aspects of the relationship between healthcare and biomedical image denoising:

iriririﬂ

Figure 3. The relationship between healthcare and biomedical image denoising.

Biomedical image denoising enhances the quality and clarity of medical images obtained
through various modalities such as X-ray, MRI [13], CT scans, ultrasound, and more [14]. When
medical images are less noisy and contain fewer artifacts, healthcare professionals, including
radiologists, physicians, and surgeons, can make more accurate and reliable diagnoses [15]. This
directly translates into better patient outcomes and informed treatment decisions.

Biomedical researchers heavily rely on high-quality images for their studies, whether they are
conducting clinical trials, investigating disease mechanisms, or developing new medical technologies
and treatments. Clean and denoised biomedical images are crucial for generating valid and
reproducible research results, which can lead to breakthroughs in healthcare and the development of
new diagnostic and therapeutic approaches [16].

In the era of precision medicine, where treatments are tailored to individual patients based on
their unique genetic makeup, medical history, and disease characteristics, biomedical image
denoising plays a critical role. It ensures that the images used for personalized treatment planning
are as accurate and informative as possible, enabling healthcare providers to make the most
appropriate choices for each patient [17].

Biomedical image denoising also contributes to patient safety and comfort. When medical
imaging procedures can produce high-quality images with reduced noise, there is often less need for
repeated scans or higher radiation doses [18], which can expose patients to unnecessary risks.
Moreover, patients can experience less anxiety and discomfort when they have confidence in the
accuracy of their diagnostic images.

In healthcare settings, time is often of the essence. Biomedical image denoising can contribute to
a more efficient workflow by producing cleaner images that are easier to interpret [19]. This efficiency
benefits both healthcare professionals and patients by reducing the time required for diagnosis,
treatment planning, and follow-up procedures [20].

In the context of telemedicine and remote consultations, especially relevant during the COVID-
19 pandemic, high-quality denoised images are essential for remote healthcare providers to make
accurate assessments and recommendations without the need for in-person visits [21].

3. Filtering Methods

Filtering methods refer to a broad class of techniques used in various fields, including signal
processing, image processing, and data analysis, to modify or extract specific components of a signal
or data [22]. Filters are employed to enhance, suppress, or isolate certain features or information
within a signal or dataset. There are several types of filtering methods, including:
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Linear Filtering: (i) Linear filters, such as low-pass, high-pass, bandpass, and notch filters,
operate on signals or data using linear operations like convolution [23]. (ii) Low-pass filters allow
low-frequency components to pass through while attenuating high-frequency components, making
them useful for smoothing or noise reduction [24]. All linear low-pass filters can be understood as
integral operators acting on the space of integrable real functions. They can be expressed as integrals
on the real line, involving certain kernel functions.

G(x) = %ao + > ,(a, coskx + by, sin kx) (1)

where the coefficients are given by
a, = %f_nn dx coskx G(x) )
by = — [ dx sinkx G(x) 3)

(iii) High-pass filters emphasize high-frequency components while suppressing low-frequency
ones and are often used for edge detection [25]. (iv) Bandpass filters allow a specific range of
frequencies to pass through, ideal for isolating a particular frequency band of interest [26]. (v) Notch
filters reject a specific frequency or narrow frequency range, typically used to remove unwanted
interference or noise at specific frequencies [27]. Table 1 shows the difference between them.

Table 1. Common linear filtering differences.

Linear .
. Frequency Function
Filtering
Allow low-f
Low-pass ow jow-requency c9mpc?nents to pass Making them useful for
. through while attenuating high-frequency . . .
filters smoothing or noise reduction
components
High- Emphasize high-f t
igh-pass mphasize high-frequency components . o dge detection
filters while suppressing low-frequency ones
Bandpass . . Ideal for isolating a particular
) Allow a specific range of frequencies .
filters frequency band of interest
Reject a specific frequency or narrow Remove unwanted
Notch filters ) P q Y interference or noise at specific

frequency range .
d y rang frequencies

Non-Linear Filtering [28]: (i) Non-linear filters, unlike linear filters, apply non-linear operations
to modify or process data. Examples include median filters and morphological filters [29]. (ii) Median
filters replace a pixel's value with the median value of its neighborhood, effectively reducing the
impact of outliers and impulse noise [30]. (iii) Morphological filters are used in image processing to
perform operations like erosion and dilation, which can enhance or suppress features based on their
shapes and structures [31]. From Table 2, we can see the comparison between linear filtering and
nonlinear filtering.

Table 2. Comparison between linear filtering and nonlinear filtering.

Filtering Relationship with Implementation . Function
ey Common filter .
methods filtering results method implementation
Add, subtract, . Definite and
Linear Arithmetic . st Ija? Gaussian .e tte an
. . multiply, divide . unique transfer
Filtering operation filter,Mean filter .
and so on function
Maximum
Non-Linear Unspecified

Logical relation Logical operation filter, Minimum

. . . transfer function
filter, Median filter

Filtering



https://doi.org/10.20944/preprints202310.1144.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 18 October 2023 doi:10.20944/preprints202310.1144.v1

Frequency Domain Filtering: (i) Frequency domain filtering involves transforming a signal or
image into the frequency domain using techniques like the Fourier transform [32]. Filtering is then
applied in the frequency domain, followed by an inverse transform to return to the time or spatial
domain [33]. (ii) Frequency domain filters can be used for tasks like image enhancement and noise
reduction by targeting specific frequency components [34].

4. Adaptive Filtering Methods

Adaptive filtering methods [35] are a class of signal processing techniques that adjust the
parameters of a filter or the filtering process in response to changes in the input signal or data [36].
These methods are particularly useful when the characteristics of the input signal are dynamic,
unknown, or vary over time. Adaptive filters can automatically adapt to these changing conditions
to optimize their performance. As shown in the Figure 4, here are some key aspects of adaptive

filtering methods:
Adaptive Filtering Methods
Main Application Comumon
features:adapt fielgl')inclu o algorithms: the
their filter comm.unicatiofs Least Mean Goal: converge to
coefficients or audio processin ’ Squares (LMS) an optimal set of
parameters based ima eprocessing, and the filter coefficients
on the gep & Normalized Least that minimize the
oy control systems, and
characteristics of ; . " Mean Squares error
: : biomedical signal
the input signal or rocessin (NLMS)
data. P & algorithms

Figure 4. Characteristics, application fields, common algorithms and objectives of adaptive filtering
methods.

The primary feature of adaptive filters is their ability to adapt their filter coefficients or
parameters based on the characteristics of the input signal or data [37]. This adaptation allows the
filter to continuously modify its behavior, making it well-suited for scenarios where the signal
statistics are not constant.

Adaptive filtering methods find applications in various fields, including communications, audio
processing, image processing, control systems, and biomedical signal processing [38]. They are used
for tasks such as noise cancellation, echo suppression, channel equalization, and adaptive
beamforming in microphone arrays.

Two commonly used adaptive filtering algorithms are the Least Mean Squares (LMS) [39] and
the Normalized Least Mean Squares (NLMS) algorithms [40]. Consider an image Y, the filtered value
at a point p using the NLM method is calculated as a weighted average of all the pixels in the image:

NLM(N(P)) = Yvqea Z 0, IN(@),0 < Z(p,q) € L, Y vgea Z (p,q) = 1 (4)

where p is the point being filtered and q represents each one of the pixels in the neighbourhood n of

radius .The similarity Z(p,q) is then calculated as:
1 4o
2(p,q) = e i (5)
where T(p) is called normalizing constant and can be calculated as:

_dp.q)

T(p) = Suge ™ ©
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h is an exponential decay control parameter and d is a Gaussian weighted Euclidian distance of all
the pixels of each neighbourhood. These algorithms iteratively adjust filter coefficients to minimize
the mean squared error between the filter output and a desired signal, which is typically related to
the input signal.

Adaptive filters aim to converge to an optimal set of filter coefficients that minimize the error.
Convergence speed is a crucial consideration [41], as faster convergence can be desirable for real-time
applications. Tracking ability is also important to ensure that the filter adapts effectively to changes
in the input signal.

Some adaptive filtering algorithms employ variable step sizes, allowing the filter to adapt more
quickly when the input signal changes rapidly and more slowly when it stabilizes. This helps strike
a balance between adaptation speed and stability [42].

Adaptive filtering is often used for noise reduction tasks, such as echo cancellation and noise
suppression in audio and communication systems. These applications benefit from the ability of
adaptive filters to continuously adapt to changing noise conditions [43].

In modern machine learning [44] and neural network training [45], adaptive filtering techniques
can be used as optimization algorithms for training deep learning models [46,47]. They adapt the
model's parameters based on the training data and the loss function to achieve better model
performance.

5. Filtering Methods for Biomedical Image Denoising

Filtering methods for biomedical image denoising are essential techniques used to enhance the
quality and clarity of medical images by reducing or removing unwanted noise and artifacts [48].
Biomedical images, acquired through modalities like MRI, CT scans, ultrasound, and microscopy,
often suffer from noise due to factors such as equipment limitations, patient motion, and interference
[49]. Filtering methods are crucial in healthcare and life sciences for accurate diagnosis, treatment
planning, and research. As shown in Table 3, here's an introduction to some of the key filtering
methods used in biomedical image denoising:

Table 3. Key filtering methods for biomedical image denoising.

Filtering methods Data processing Function

Apply a weighted average Reducing Gaussian noise, which is

Gaussian filters to pixel values within a characterized by a bell-shaped
local neighborhood probability distribution.
Replace each pixel with the
Median filters median value within a local Removing impulse noise
window
Decompose an image into ~ Well-suited for medical images
Wavelet-based methods different frequency with varying textures and
components structures
Regularization technique,
Total variation minimizes the total Smoothing the image while
denoising variation in pixel values maintaining sharp boundaries

within the image
Minimizes the mean
squared error between the
estimated image and the
true image

Useful when noise statistics are
known or can be estimated
accurately

Wiener filtering

Gaussian filters are commonly used in biomedical image denoising to reduce noise. They apply
a weighted average to pixel values within a local neighborhood, effectively smoothing the image [50].
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Gaussian filters are particularly useful for reducing Gaussian noise, which is characterized by a bell-
shaped probability distribution.

Median filters are effective for removing impulse noise, such as salt-and-pepper noise,
commonly seen in medical images. Instead of averaging pixel values, median filters replace each pixel
with the median value within a local window. This approach is robust against outliers and preserves
edges and fine details [51].

Wavelet-based methods utilize the discrete wavelet transform (DWT) to represent images at
multiple scales. These methods decompose an image into different frequency components and then
apply thresholding or other techniques to denoise high-frequency components while preserving low-
frequency details. Wavelet denoising is well-suited for medical images with varying textures and
structures [52].

Total variation denoising is a regularization technique used to reduce noise in biomedical
images while preserving edges. It minimizes the total variation in pixel values within the image,
effectively smoothing the image while maintaining sharp boundaries [53].

Wiener filtering is an optimal linear filter that minimizes the mean squared error between the
estimated image and the true image. It is particularly useful when noise statistics are known or can
be estimated accurately [54].

Deep learning techniques, particularly convolutional neural networks (CNNs), 2DCNN is
composed of convolution layer and pooling layer. The m th feature map of the n th layer is obtained
by the calculation of several feature maps in the upper layer, which can be calculated as

X = Z w4+ bR 7)

(€N,

where S() is an activation function called relu. x]*~* represents the pixel value of the upper feature
map, Ny, represents the subset of the upper feature map, wj,is the convolution kernel, by, It's a
deviation. The pooling window slides on the feature map at a certain step size and samples in the
corresponding block, which is expressed as

X = S[GGe ) + bl ®)
where G() denotes the pooling function. The three-dimensional convolution process can be expressed
as

e = s (b + BiZp e 0 B W VR0 ®

represents the result of the m th feature mapping pixel (x,y) in the layer i, s() represents the activation
function, by, is the deviation of the m th feature in layer i, 1 is the number of feature mappings in
layer (i-1).They have shown remarkable success in biomedical image denoising [55]. These networks
are trained on large datasets of noisy-clean image pairs and can learn complex noise patterns for
effective denoising while preserving important image features.

6. Challenges of Filtering Methods

While filtering methods are powerful tools for various signal processing and image
enhancement tasks. As shown in Figure 5,they also face several challenges and limitations that need
to be considered during their application:

Challenges of Filtering ]

Methods
|
— ; * : -
rade-olt between Selection of Edge Artifacts and Adaptation to Varying Computational
Noise Reduction and Appropriate Filter Oversmoothin, Noise Levels Complexi
Detail Preservation Pprop g plexity

Figure 5. The challenges of filtering methods.
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Trade-off Between Noise Reduction and Detail Preservation: One of the primary challenges of
filtering methods is finding the right balance between noise reduction and detail preservation [56].
Aggressive noise reduction can result in the loss of important image features and structures,
potentially impacting the accuracy of diagnostic or analytical results. Striking the optimal trade-off
often requires fine-tuning filter parameters, which can be a complex and time-consuming task.

Selection of Appropriate Filter: Choosing the most suitable filter for a specific task can be
challenging. Different types of noise and image characteristics may require different filtering
techniques [46]. Understanding the nature of the noise in the data and the desired outcome is crucial
for selecting the right filter. In some cases, a combination of filters or advanced hybrid approaches
may be necessary to achieve the desired results.

Edge Artifacts and Oversmoothing: Many filtering methods, such as Gaussian or median filters,
can introduce edge artifacts or oversmooth the image, particularly near sharp transitions or
boundaries. These artifacts can distort the image and obscure important features [57]. Careful
consideration of the filter's impact on edges and boundaries is essential to mitigate this challenge.

Adaptation to Varying Noise Levels: In real-world scenarios, noise levels may vary within an
image or across different images. Standard filtering methods may not be well-equipped to handle
such variations effectively. Adaptive filtering approaches, which adjust filter parameters based on
local image characteristics, can address this challenge to some extent but may require complex
algorithms and extensive computational resources [58].

Computational Complexity: Some advanced filtering methods, especially those based on
wavelets or deep learning, can be computationally intensive. Processing large biomedical images or
high-resolution data can be time-consuming and resource-intensive, which may limit their practical
application in real-time or resource-constrained environments [59].

7. Other Application Fields of Filtering Methods

Filtering methods find applications in various fields beyond traditional signal processing and
image enhancement. Their ability to modify or extract specific components of data or signals makes
them valuable tools in a wide range of domains. As shown in Figure 6, here are some other
application fields of filtering methods:

Other Application Fields of

Filtering Methods
. . .. Radar and Sonar Geophysics and
Audio Processing Speech Recognition Szl e Sl Control Systems

Figure 6. Other areas where filtering methods can be applied.

Audio Processing : Filtering methods are extensively used in audio processing for tasks such as
noise reduction, equalization, and audio effects like reverb and echo removal [60].Audio equalizers
employ filters to adjust the frequency response of audio signals, allowing users to enhance or
attenuate specific frequency bands.

Speech Recognition: Filtering is crucial in speech recognition systems for preprocessing speech
signals. Techniques like voice activity detection (VAD) and noise reduction filters help improve the
accuracy of speech recognition algorithms [61].

Radar and Sonar Signal Processing: Radar and sonar systems use filtering methods to extract
relevant information from complex signals. Filters help detect targets, remove clutter, and enhance
signal-to-noise ratios in radar and sonar data [62].
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Geophysics and Seismology: Filtering plays a critical role in the analysis of seismic data. Filters
help identify earthquake events, locate underground structures, and study ground motion
characteristics in geophysics and seismology [63].

Control Systems: Control systems often utilize filters for noise rejection, signal conditioning, and
feedback control. Filters can improve the stability and performance of control systems in engineering
applications [64].

8. Conclusions

In conclusion, filtering methods for biomedical image denoising are indispensable tools in
healthcare and life sciences, playing a pivotal role in enhancing the quality and reliability of medical
images. These methods address the persistent challenge of noise reduction in medical images
acquired through modalities such as MRI, CT scans, ultrasound, and microscopy [48]. The
effectiveness of filtering techniques is instrumental in ensuring accurate diagnoses, precise treatment
planning, and scientific research in the field.

Biomedical image denoising encompasses various filtering approaches, including Gaussian
filtering, median filtering, wavelet denoising, total variation denoising, non-local means (NLM)
denoising, and deep learning-based methods [65]. Each of these techniques is tailored to address
specific noise characteristics and image structures encountered in medical imaging.

The application of filtering methods in biomedical image denoising is guided by a deep
understanding of the underlying noise sources and the need to strike a balance between noise
reduction and the preservation of critical anatomical and pathological features. Challenges, such as
edge artifacts, oversmoothing, and adaptability to varying noise levels, must be carefully considered
and mitigated during the denoising process [66].

In healthcare, filtering methods for biomedical image denoising contribute significantly to
improving patient care, enabling precise diagnoses, and advancing medical research [67]. As
technology continues to evolve, these methods will play an increasingly vital role in harnessing the
potential of medical imaging for better patient outcomes and deeper insights into the complexities of
human health and disease.
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