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Abstract

The 21 cm radiation of neutral hydrogen provides crucial information for studying the early universe and its

evolution. To advance this research, countries have made signi>cant investments in constructing large low-

frequency radio telescope arrays, such as the Low Frequency Array and the Square Kilometre Array Phase 1 Low

Frequency. These instruments are pivotal for radio astronomy research. However, challenges such as ionospheric

plasma interference, ambient radio noise, and instrument-related effects have become increasingly prominent,

posing major obstacles in cosmology research. To address these issues, this paper proposes an ef>cient signal

processing method that combines wavelet transform and mathematical morphology. The method involves the

following steps: Background Subtraction: Background interference in radio observation signals is eliminated.

Wavelet Transform: The signal, after removing background noise, undergoes a two-dimensional discrete wavelet

transform. Threshold processing is then applied to the wavelet coef>cients to effectively remove interference

components. Wavelet Inversion: The processed signal is reconstructed using wavelet inversion. Mathematical

Morphology: The reconstructed signal is further optimized using mathematical morphology to re>ne the results.

Experimental veri>cation was conducted using solar observation data from the Xinjiang Observatory and the

Yunnan Observatory. The results demonstrate that this method successfully removes interference signals while

preserving useful signals, thus improving the accuracy of radio astronomy observations and reducing the impact

of radio frequency interference.

Key words: methods: data analysis – techniques: image processing – techniques: spectroscopic – Sun: radio

radiation – methods: numerical

1. Introduction

1.1. Background

The emergence of 21 cm cosmology marked a signi>cant

turning point in the >elds of astronomy and cosmology (Katz

et al. 2024). The 21 cm radiation of neutral hydrogen, which

arises from the spin-Cip transition of electrons and protons in

hydrogen atoms, provides crucial insights into the early

universe. In particular, it sheds light on the evolution of the

universe during the “Dark Ages” and the “Age of Reioniza-

tion” (Blain et al. 2004; Furlanetto & Briggs 2004; Zhang

et al. 2019). By observing 21 cm radiation at different

redshifts, scientists can map the distribution of neutral

hydrogen across various epochs of the universe. This enables

them to study the formation of the >rst generation of stars and

galaxies, trace the process of gas reionization, and precisely

measure the early evolution of the large-scale structure of the

universe. These observations reveal the transition of the

universe from darkness to light, offering a vivid narrative of its

early history (Furlanetto et al. 2006; Barkana 2016; Yin 2024).

To facilitate these studies, numerous large low-frequency radio

telescope arrays have been constructed worldwide. Notable

examples include 21CMA (Martineau-Huynh et al. 2012),

LOFAR (Grießmeier et al. 2012), MWA (Tingay et al. 2013),

PAPER (Parsons et al. 2010), HERA (DeBoer et al. 2017) and

the next-generation large low-frequency array SKA1-low

(Nindos et al. 2019), which is under construction. Using

large-scale array technology, these telescopes can cover a

wider frequency range and signi>cantly improve the signal-to-

noise ratio, resulting in higher-resolution images. Using

advanced large-scale array technology, these telescopes can

cover a broader frequency range, signi>cantly enhance the

signal-to-noise ratio, and produce higher-resolution images.

These concerted efforts have not only advanced the >eld of

21 cm cosmology but have also provided a powerful tool for

uncovering the universe’s underlying structure and evolution.
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However, as an open broadband system, astronomical

observations face signi>cant challenges from radio frequency

interference (RFI). Many observation frequency bands are not

speci>cally allocated for radio astronomy services by the

International Telecommunication Union, making them parti-

cularly susceptible to interference from human-generated

signals (Chengalur et al. 2007). This issue is compounded by

various factors along the electromagnetic wave propagation

path. These include plasma interference from the Earth’s

ionosphere, background radio noise from the surrounding

environment of the observation station, the effects of the

observation instruments themselves, and other unrelated

electromagnetic signals. These sources of RFI severely impact

the accurate detection of cosmic radio signals. The presence of

RFI not only limits the telescope’s ability to produce high-

resolution imaging but also imposes signi>cant constraints on

the scienti>c applications of the signals. These applications

include studies of stellar activity and space weather prediction

(Yang et al. 2015; Ghosh et al. 2023; Sajichandrachood &

Sethunadh 2023). Effectively suppressing such interference in

complex electromagnetic environments has therefore become a

key focus in current research.

With the rapid development of global radio communication,

researchers worldwide have proposed various methods and

models to address the increasingly serious problem of RFI.

Among these, the wavelet transform, known for its excellent

time-frequency localization capabilities, has been widely

applied in the suppression of RFI. This technique effectively

distinguishes signals from noise (Kumar et al. 2021; Liu et al.

2024). However, the number of decomposition layers used in

the wavelet transform plays a crucial role in the >nal

interference suppression outcome. Using too many or too few

layers can result in signal distortion or inadequate interference

elimination. In contrast, mathematical morphology analyzes the

structure of signals using morphological operations, making it

effective for removing interference components of speci>c

frequencies (Peters 1995). However, this method may lead to a

loss of signal detail during processing. As a result, there is a

strong practical need to develop fast and ef>cient noise

reduction methods that can suppress interference while preser-

ving the integrity of useful signals.

1.2. Related Work

In recent years, various measures have been developed to

mitigate and suppress RFI in single-station observations.

These methods can be broadly categorized into traditional

techniques and arti>cial intelligence-based approaches.

Among these methods, Offringa et al. (2010) applied singular

value decomposition to the time-frequency matrix. By

identifying and reconstructing the matrix using the largest

singular value of the offset zero, they effectively mitigated the

impact of the RFI. Zhou et al. (2013) employed independent

component analysis (ICA) to decompose mixed signals into

independent components. Using statistical characteristics, they

were able to effectively identify and suppress interference. Xu

et al. (2020) introduced linear prediction technology to recover

lost spectral components in the original data. They also

implemented a two-step notch >lter with limited bandwidth to

effectively reduce the impact of interference. Ojowu & Li

(2013) achieved effective noise reduction by developing an

NBI model and estimating its parameters based on the

characteristics of RFI. Huang et al. (2018) proposed a fast,

sparse method to eliminate RFI outside the main frequency

band. Yang et al. (2020a) introduced an operator modeling

method based on an echo dictionary and proposed a

dictionary-based suppression algorithm within the framework

of robust principal component analysis. In addition, Yang et al.

(2020b) combined interferometric synthetic aperture radar

(SAR) data pairs with RFI models to reconstruct SAR images

using a combined low-rank and sparse optimization method.

The use of deep learning-based methods for the suppression

of RFI has also shown promising results. Akeret et al. (2017)

proposed a new method using convolutional neural network

(CNN) technology to reduce the impact of RFI in radio data.

The study employed the U-Net framework, which can identify

and locate clean signals as well as RFI in two-dimensional

time series data obtained from radio telescopes. Sun et al.

(2022) proposed a robust CNN model for identifying RFI

using machine learning methods. Kerrigan et al. (2019)

proposed a deep fully CNN that utilizes both amplitude and

phase information from interference data to identify RFI.

However, deep learning-based approaches face challenges

such as the need for large amounts of labeled data, high

computational resource consumption, and dif>culties in real-

time processing. Most traditional processing methods are

based on well-established signal processing theories, which

have been validated through long-term practice. These

methods are highly stable and can reliably handle a variety

of RFI scenarios. However, when it comes to processing large

amounts of data over extended periods, some traditional

algorithms are relatively slow. Therefore, this paper applies the

wavelet transform and digital morphology to radio signal noise

reduction, aiming to develop a fast and ef>cient method for

RFI suppression.

1.3. Solution and Contributions of this Article

To address the problem of RFI, this study takes advantage of

the characteristics of RFI in the radio spectrum and proposes an

innovative suppression method that combines the strengths of

wavelet transform and mathematical morphology. First, back-

ground noise in the radio spectrum is effectively removed

through data preprocessing, laying a solid foundation for

subsequent analysis. Next, three layers of two-dimensional

discrete wavelet decomposition are applied for multi-scale
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analysis of the preprocessed data. The high-frequency wavelet

coef>cients obtained after decomposition are thresholded, and

the absolute median threshold is used to detect outliers in the

low-frequency coef>cients. Finally, the wavelet-reconstructed

signal is processed using mathematical morphology to eliminate

isolated and discontinuous RFI, further enhancing the signal

quality. This method achieves fast and ef>cient RFI suppression

while effectively preserving useful signals. Experimental results

based on measured data validate the performance and potential

of this method, demonstrating its wide application prospects in

complex electromagnetic environments.

The main contributions of this paper are as follows.

1. To address the limitations of traditional RFI mitigation

methods in protecting useful signals, this paper proposes an

innovative processing approach that combines the wavelet

transform and mathematical morphology for effective RFI

suppression. The process emphasizes the separation and

protection of useful signals, ensuring that the integrity and

quality of the signals are preserved as much as possible while

suppressing interference. Additionally, the paper analyzes the

similar characteristics of RFI between different stations,

demonstrating that the proposed method provides excellent

noise reduction results in various scenarios. This >nding not

only improves the applicability of the method but also offers a

new perspective for developing a general RFI suppression

strategy.

2. Based on the characteristics of RFI in low-frequency

observations, this paper proposes an RF signal suppression

method that preserves useful signals. The method consists of

three key steps: data preprocessing, two-dimensional discrete

wavelet transform, and mathematical morphology processing.

Compared to traditional suppression techniques, the proposed

method not only effectively reduces RFI but also prioritizes

the preservation of image details. This approach helps to avoid

the dif>culty of image interpretation caused by the excessive

loss of useful signals.

1.4. Organization of this Article

The rest of this paper is organized as follows: Section 2

introduces the mathematical model of RFI signals. Section 3

provides a detailed description of the noise reduction workCow

using the two-dimensional discrete wavelet transform and

mathematical morphology. Section 4 presents the experimental

results and performance analysis of the proposed method.

Finally, Section 5 concludes the paper and discusses the

potential future applications of this method.

2. Signal Model of RFI

Since radio astronomy observations are often affected by

signi>cant RFI, the primary source of interference is the non-

correlated electromagnetic signals generated by human activ-

ities within the same frequency band as the radio observations.

When a radio telescope is in operation, the radio signal it

receives can be modeled as shown in Equation (1):

( ) ( ) ( ) ( ) ( )= + +y n x n n n 1

where x(n) represents the actual radio signal, ω(n) denotes the

inherent noise of the system, and j(n) is the RFI signal. For

the received signal y(n), n is the sampling index.

Although RFI can take many different forms, radio astronomy

observations are generally classi>ed as wideband interference

(WBI) and narrowband interference (NBI; Ding et al. 2022).

WBI is typically caused by sudden events such as lightning

strikes, short circuits in electronic devices, or issues with

Ethernet cables. Its spectral characteristics include broad

frequency coverage and high signal strength, as shown in

Figure 1. In the time-frequency spectrogram, it appears as a

bright stripe, as shown in Figure 2. The mathematical expression

for this interference is given in the following Equation (2):

[ ( )] ( )= +

=

I A j f nexp 2 2
l

L

l l lBB

1

where L is the number of RFI sources, and Al, fl, and θl

represent the amplitude, frequency, and phase of the >rst

interference component of WBI, respectively.

During data acquisition, radio telescopes may encounter

NBI from sources such as radio stations, mobile communica-

tions, and other transmitters. These disturbances appear as

distinct frequency spikes in the frequency domain, typically

Figure 1. WBI in the frequency domain.

Figure 2. WBI time-frequency spectrogram.
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concentrated within a speci>c frequency range, as shown in

Figure 3 of the spectrum diagram. In the time-frequency

spectrogram, NBI is represented as a horizontal line, as shown

in Figure 4. The mathematical expression for this interference

is given in Equation (3):

[ ( )] ( )= +I A j fnexp 2 3NB

Where j is the imaginary unit, and A, f, and θ represent the

amplitude, frequency, and initial phase of NBI, respectively.

3. Methodology

The proposed RFI elimination method, based on the two-

dimensional wavelet transform and mathematical morphology,

effectively and quickly removes radio interference. Using the

time-frequency series of the received data as input, the method

>rst reduces the interference by subtracting the background

noise. The data are then decomposed using the wavelet

transform, and the RFI is further eliminated by processing the

decomposed wavelet coef>cients. Finally, mathematical morph-

ology is applied to the reconstructed signal. Experimental

results show that this method can effectively remove RFI while

preserving signal quality. The speci>c algorithm principle is

illustrated in Figure 5.

3.1. Data Preprocessing

Background subtraction is a classical and effective data

processing technique used in radio observation. This method

not only helps identify useful signals in dynamic spectra but

also eliminates the inCuence of background noise. By

subtracting the background noise, the analysis becomes

cleaner and more accurate, allowing for a better study of the

characteristics and effects of useful signals. The core of this

method involves highlighting the signal changes by extracting

a pre-recorded background signal and then subtracting it from

the current observation data. This technique not only aids in

accurately analyzing the target signal but also improves the

Catness of the data, providing a reliable foundation for radio

astronomy research. Its de>nition is shown in Equation (4):

( )

= +

=

P P P

P P P 4

rec sky sun

rec rec sky

where Psky is the actual power of the background sky, Prec is

the total power from the solar eruption, PSun is the actual

power of the solar eruption, and Prec is the output power after

background subtraction.

3.2. Two-dimensional Discrete Wavelet Transform

Wavelet transform is an advanced mathematical signal

processing technique primarily used to decompose complex

signals or images into wavelet components at different

frequencies. This enables a more accurate analysis of the

signal’s characteristics and structure across multiple timescales

(Subramaniyan et al. 2023). Compared to the traditional

Fourier transform, the wavelet transform offers better time-

domain localization and frequency-domain multi-resolution

features. These advantages allow the wavelet transform to

effectively capture sudden changes and local features in a

signal, without needing to analyze the entire signal globally

(Uesugi 2023). Its Cexibility and precision make the wavelet

transform an essential tool for processing non-stationary

signals and conducting multi-scale analysis. Given the scale

function j(x) and the wavelet function ψ(x), a two-dimen-

sional scale function and three two-dimensional wavelet

functions can be combined, as shown in the mathematical

de>nition of Equation (5):

( ) ( ) ( )

( ) ( ) ( )

( ) ( ) ( )

( ) ( ) ( ) ( )

=

=

=

=

x y x y

x y x y

x y x y

x y x y

,

,

,

, 5

H

Y

D

The input time-frequency series signal f (x, y) can be

represented as a linear combination of wavelet basis functions

at multiple scales and positions. The expression for this

Figure 3. NBI in the frequency domain.

Figure 4. NBI time-frequency spectrogram.
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representation is shown in Equation (6):

( ) ( ) ( ) ( )= +f x y
MN

W m n x y M,
1

0, , , 6

m n

m n0, ,

The mathematical de>nition of M is provided in Equation (7):

{ } ( )= + +

=

M
MN

M M M
1

7

j 0

1 2 3

The mathematical de>nitions of M1, M2 and M3 are provided

in Equation (8):

( ) ( )

( ) ( )

( ) ( ) ( )

=

=

=

M W j m n x y

M W j m n x y

M W j m n x y

, , ,

, , ,

, , , 8

m

H

j m n

H

m n

V

j m n

V

m n

D

j m n

D

1

n

, ,

2 , ,

3 , ,

The mathematical de>nition of the approximation coef>cient is

given by Equation (9):

( ) ( ) ( ) ( )=

= =

W m n
MN

f x y x y0, ,
1

, , 9

x

M

y

N

m n

0

1

0

1

0, ,

The mathematical de>nition of the detail coef>cient is

provided in Equation (10):

( ) ( ) ( )

{ } ( )

=

=

= =

W j m n
MN

f x y x y

i H V D

, ,
1

, ,

, , 10

i

x

M

y

N

j m n
i

0

1

0

1

, ,

where H, V, and D represent horizontal, vertical, and diagonal

decomposition coef>cients, respectively. M and N refer to the

pixel dimensions M ∗ N of the input image, while m and n

represent the translation parameters in the x and y directions,

respectively. j0,m,n(x, y) and ( )x y,
j m n

i

, , are scale and wavelet

functions at different scales and positions, respectively. Their

mathematical de>nitions are given in Equations (11) and (12):

( ) ( ) ( )/
=x y x m n, 2 2 , 2 11

m n

j j j

0, ,
2

( ) ( ) { } ( )/
= =x y x m n i V H D, 2 2 , 2 , , 12

j m n

i j i j j

, ,
2

Noise reduction methods based on wavelet transform can be

categorized into three types (Kumar et al. 2021). The >rst

method involves wavelet thresholding, where smaller ampl-

itude wavelet coef>cients are treated as noise and suppressed

by applying a threshold. The second method utilizes the local

maximum principle of wavelet transform. This method

exploits the differences in the propagation characteristics of

Figure 5. Noise reduction process using wavelet transform and mathematical morphology.
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signals and noise at various scales. It separates the signal from

noise by identifying the mode maxima and reconstructing the

wavelet coef>cients using the residual mode maxima, which

helps restore the original signal. The third method is based on

the correlation principle of wavelet coef>cients at different

scales. This approach takes advantage of the strong correlation

between coef>cients across different scales to distinguish the

signal from noise.

In this section, the wavelet threshold denoising method is

applied to process the measured radio signal (Guo et al. 2022).

Among the different techniques, hard thresholding is one of

the simplest and most straightforward methods. The basic

principle is to set the coef>cients with absolute values less than

or equal to the threshold to zero while retaining those with

absolute values greater than the threshold. This method is

particularly effective when the strong signal component is

clearly distinguishable from the weak noise component, as it

can effectively remove noise below the threshold while

preserving the main signal information. However, when the

difference between the signal and noise is not signi>cant, using

hard threshold denoising can lead to signal distortion and

artifacts, often referred to as “edge artifacts.” This occurs after

the wavelet transform when the energy levels of the signal and

noise are similar. In such cases, hard threshold denoising tends

to over-truncate the coef>cients, causing the processed signal

to appear discontinuous and introducing a sawtooth effect. Its

mathematical de>nition is shown in Equation (13):

ˆ ( )=
>

W
W

W W

0,

,
13j k

j k

j k j k
,

,

, ,

Soft Thresholding: The wavelet coef>cients are processed by

applying a threshold λ. Speci>cally, the coef>cients larger

than the threshold are reduced by a certain amount, while those

less than or equal to the threshold are set to zero. This method

helps minimize the effect of noise while preserving the

smoothness and key features of the signal. It is an effective

technique for signal processing. The mathematical de>nition

of this method is shown in Equation (14):

ˆ
( )( )

( )=
>

W
W

W W W

0,

sgn ,
14j k

j k

j k j k j k
,

,

, , ,

Compared to hard threshold processing, the soft thresholding

method not only smooths the signal but also introduces higher

computational complexity. The advantage of this method is its

ability to more accurately preserve the >ne details of the

signal, particularly the low-amplitude components. However,

it may also cause some signal details to be lost or blurred

during processing. The hard and soft threshold functions are

shown in Figures 6 and 7.

In radio astronomy observation, the signals are often very

weak and can easily be masked by background noise.

However, wavelet analysis can signi>cantly address this issue.

After applying the wavelet transform, the energy of the

effective signal is distributed across wavelet coef>cients at

different scales. This means that even if the signal is weak, it

retains a relatively uniform energy distribution in the

transformed data. This characteristic makes wavelet analysis

an effective tool for detecting and extracting weak radio

signals, enabling better detection and analysis of astronomical

signals amidst complex background noise. In contrast, the

energy of the RFI signal after wavelet transformation tends to

be concentrated in a few key wavelet coef>cients. By

analyzing these signi>cant coef>cients, we can effectively

detect and distinguish weak signals or interference hidden

within the noise.

Due to the diversity of RFI, it manifests itself differently in

the wavelet coef>cients. A sustained wideband RFI signal is

typically more visible in the low-frequency coef>cients of the

wavelet transform. In the case of the two-dimensional discrete

wavelet transform, signals with variability, such as broadband

pulse signals in RFI, narrowband signals, or point-frequency

instantaneous signals with abrupt changes, generally exhibit the

following characteristics in the high-frequency coef>cients:

>rst, a straight line representing the frequency component of the

signal, followed by a bright point that reCects the sudden or

Figure 6. Hard threshold function diagram.

Figure 7. Soft threshold function diagram.
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burst nature of the signal (Tian-qi et al. 2021). The reason for

this phenomenon is that the mutational nature of these signals is

more pronounced in the high-frequency coef>cients, whereas in

low-frequency coef>cients, this effect may be less noticeable.

This is because high-frequency coef>cients typically correspond

to rapid changes and detailed structures of the signal, making

them more effective in capturing the instantaneous nature of

sudden signal changes.

In statistics, the Median Absolute Deviation (MAD) is a

robust measure of the sample deviation for univariate

numerical data. It can also represent the population parameter

derived from the MAD estimate of the sample. As a result, the

absolute median >lter is applied to the coef>cients after the

wavelet transform. Additionally, MAD is more adaptable to

outliers in the data set than the standard deviation (Hellbourg

et al. 2012; Buch et al. 2019). In the case of the standard

deviation, the square of the distance from the data to the mean

is used. Larger deviations receive higher weights, which means

that outliers signi>cantly inCuence the results. On the other

hand, MAD is less sensitive to outliers, and a small number of

them will not affect the outcome of the experiment. Its

de>nition is given by Equation (15):

( )

| | ( )
( )

=

= = …

XM

x M k K

median

MAD median , 1, 2, ,
15

k

In the equation, X(x1, x2, …, xK) represents the given signal,

where K is the number of samples. First, the residual

difference between the data and their median is calculated.

The MAD is then de>ned as the median of the absolute values

of these deviations.

Figure 8 shows the Cow chart of the wavelet threshold

denoising method used in this paper. A suitable wavelet basis

is selected to construct the wavelet function. After transform-

ing the time-frequency series data (with background noise

removed) using the two-dimensional discrete wavelet trans-

form, the wavelet coef>cients of low-frequency, horizontal

high-frequency, vertical high-frequency, and diagonal high-

frequency are obtained. Threshold processing is then applied

to eliminate certain outliers. Finally, the initial denoised signal

is obtained through inverse wavelet transformation.

3.3. Mathematical Morphology

Mathematical morphology is a structured approach to image

processing, grounded in set theory and algebraic theory, and

mainly involves morphological operations. It can accurately

identify and remove radio interference by analyzing the speci>c

shape and structure of the signal. In addition, mathematical

morphology offers ef>cient computational speed and real-time

processing capabilities, allowing signal interference to be

quickly addressed and ensuring the quality of communication.

Furthermore, mathematical morphology can adjust its opera-

tional parameters and structural elements based on different

signal characteristics and types of interference. This adaptability

makes it highly effective in handling a variety of complex signal

environments and interference types (Nikolaou & Antonia-

dis 2003; Li et al. 2011, 2017a; Chen et al. 2015).

Mathematical morphology involves two fundamental opera-

tions: erosion and dilation. The combination of erosion and

dilation leads to the formation of the opening and closing

operations (Li et al. 2017b). Dilation is the process by which

background points in contact with an object are incorporated

into the object under the constraint of a structural element B. As

a result, the area of the object increases by the corresponding

pixels. The mathematical de>nition of dilation is shown in

Equation (16):

{ ( ) } ( )=A B x y B A, 16xy

This equation represents the dilation of a target A using a

structuring element B, where the origin of B is translated to the

position of the image pixel (x, y). If the intersection of B and A at

the image element (x, y) is not empty (that is, at least one of the

image values corresponding to A at the position of the element of

1 in B is 1), the pixel (x, y) in the output image is assigned the

value 1. Otherwise, it is assigned 0. Thus, the dilation operation

Figure 8. Flow chart of part of algorithm wavelet transform.
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can be used to >ll small holes in the target area and remove

minor noise particles contained within the target.

Erosion is the process of removing certain boundary points

of an object using a structuring element. As a result, the area of

the object is reduced by the corresponding number of points.

Its de>nition is given in Equation (17):

{ ( ) } ( )=A B x y B A, 17xy

It is important to de>ne an origin for the structuring element B.

When the origin of B is shifted to the pixel (x, y) of image A, if

B completely overlaps with the corresponding region in image

A (that is, all image values in A corresponding to the positions

of elements in B that are equal to 1 are also 1), the output

image at pixel (x, y) is assigned a value of 1. Otherwise, the

value is set to 0. Therefore, the erosion operation can

effectively eliminate small, irrelevant objects.

In mathematical morphology, the open and closed opera-

tions are image-processing techniques based on structural

elements. The open operation is used to remove small objects

while preserving the shape of the main structure. It works by

>rst performing erosion and then dilation. The closed

operation, on the other hand, performs dilation before erosion.

It is mainly used to >ll small holes within objects and smooth

the boundaries of the objects (Motomura et al. 1996).

The selection of appropriate structuring elements is crucial

for the effectiveness of morphological operations, as it directly

impacts the precision of the operation and the extent of its

inCuence. Common types of structuring elements include linear,

square, and circular shapes, each with unique characteristics and

suitable applications. The details are as follows:

(1) Linear Structuring Elements. These are primarily used to

process linear objects in images, allowing for control over the

directionality and effect of morphological operations in

speci>c cases. However, their effectiveness decreases when

dealing with round or large-sized objects.

(2) Square Structuring Elements. As simple and versatile

elements, square structuring elements are suitable for most

morphological operations and offer good adaptability. How-

ever, when working with non-square objects, they may not

match the shape accurately, and complex image features might

not be processed well.

(3) Circular Structuring Elements. Circular elements are

ideal for processing round or near-round targets. They provide

higher accuracy in shape matching and >lling effects.

However, their computational complexity is high, particularly

for large structuring elements. For non-circular targets, the

results may be less satisfactory, and the operation’s effective-

ness can be uncertain.

4. Experimental Results and Analysis

4.1. Background Noise Analysis

In this paper, we have developed an eight-channel radio

analyzer to monitor and analyze the quiet solar background noise

at the Qitai Station of the Xinjiang Observatory and the Yunnan

Observatory. The results show that RFI in the quiet solar

background noise primarily originates from human activities,

including shortwave AM broadcasting, single sideband commu-

nication, FM broadcasting, data broadcasting, and television

signals, as detailed in Table 1. These interferences typically span

a wide frequency range, disrupt the observed data spectrum, and

degrade the quality of the data. They are commonly observed as

strong horizontal fringes in the time-frequency graph. The shared

characteristics of these interferences provide a crucial foundation

for subsequent signal processing.

Figures 9 and 10 present the time-frequency spectrogram of

quiet solar background noise collected from both stations at

13:06 on 2024 September 24. Speci>cally, Figure 9 shows the

Table 1
0–100 MHz Common Arti>cial Interference Signals

Wave Band Frequency Use

(MHz)

HF(SW) 3.5–29.7 MHz Shortwave AM broadcasting and single

sideband communication

VHF(FM) 88–108 MHz FM broadcasting and data broadcasting

VHF 48.5–92 MHz Television and data broadcasting

Figure 9. Background noise at the Qitai Station of the Xinjiang Observatory.

Figure 10. Background noise at the Yunnan Observatory.
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observation data from the Qitai Station of the Xinjiang

Observatory, while Figure 10 shows the data from the Yunnan

Observatory.

Figures 11, 12, and 13 show three groups of radio burst

events that are affected by RFI. These NBIs cause disconti-

nuities in the burst structure and obscure weak bursts,

signi>cantly affecting visual quality. This interference not

only complicates the detection of solar radio bursts but also

hampers the extraction of key information. In addition, the

presence of noise reduces the detail and resolution of the

image, resulting in poor image quality. This makes it more

dif>cult to study the >ne structure of solar radio bursts.

Figures 14 and 15 display the time-frequency spectrograms of

the Qitai Station at the Xinjiang Observatory, showing the

frequency range of 0–100MHz from 08:37:07 to 08:40:38

(Beijing time) on 2024 April 18. The time-frequency spectro-

grams illustrate the intensity of the solar radio signal as it

varies over time and frequency. From the spectrograms, we

observe a burst of instantaneous signal in the high-frequency

band, approximately between 50 and 80MHz, highlighted in

the images. This may be related to a solar radio event.

Although the signal timescale is short, the noise interference

makes it dif>cult to discern its temporal characteristics. With a

signal-to-noise ratio of only 0.14 dB, the interference signal

signi>cantly affects the overall power. Noise has severely

impacted signal quality. In contrast, NBI appears as a smooth

and continuous background with a more uniform energy

distribution, but with localized intensi>cations at speci>c

points, as indicated by the red arrow in Figure 14.

From the perspective of the power distribution curve over

the entire time period, the spectral characteristics of the solar

radio signal are almost entirely obscured by noise. The power

throughout the period is predominantly inCuenced by noise,

making it dif>cult to identify the characteristics of the solar

radio signal. The impact of NBI is particularly noticeable,

mainly concentrated in the high-frequency range of

90–100MHz and the low-frequency range of 0–20MHz.

Figure 16 illustrates the characteristics of high-frequency

interference, low-frequency interference, and the signal

strength of solar bursts across different frequency bands over

time. The blue curve represents high-frequency signals, which

are relatively strong and Cuctuate over time. The green curve

represents low-frequency signals, which maintain a relatively

stable strength with minimal Cuctuation. The stability of the

low-frequency signal makes it easier to remove interference

during the data preprocessing stage. However, both low-

frequency and high-frequency interference exhibit sudden

events, and these burst features are primarily reCected in the

high-frequency coef>cients after wavelet transformation,

allowing for further elimination. Meanwhile, the red curve

represents the solar burst signal, which shows that, although

the interference effect is minor, the energy of the solar radio

burst varies signi>cantly. Despite this, small Cuctuations are

still observed in the signal during periods without bursts, and

these Cuctuations can affect the signal-to-noise ratio of the

solar radio signal.

4.2. Data Preprocessing Results and Analysis

The solar radio signal is an abrupt random signal with

signi>cant transient characteristics, and its generation and

disappearance usually occur in a very short period of time.

Therefore, the pre-acquisition process of the background signal

is relatively simple. However, in order to effectively avoid the

interference of pre-acquisition signals that may contain radio

signals, we refer to the real-time spectral data provided by the

Learmonth Observatory in Australia (data source: https://www.
sws.bom.gov.au/Solar/3/2/1). By analyzing the time periods

Figure 11. Noise images 1.

Figure 12. Noise images 2.

Figure 13. Noise images 3.
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in which no solar outbursts occurred in these data, we were able

to accurately select the acquisition data from the observatory as

the samples to be used in the preprocessing of the solar quiet

background sky noise.

Figure 17 shows the solar radio burst data received by the

Qitai Station of the Xinjiang Observatory on 2024 April 18. In

the original image, two Type III solar radio bursts are visible

(Hettiarachchi et al. 2024), along with signi>cant NBI, some

WBI, and bright spots, all of which severely affect subsequent

data processing. Figure 18 presents the radio spectrogram after

subtracting the background noise. By comparing Figure 17

with Figure 18, it becomes clear that, after background noise

subtraction, the Type III solar burst near 60MHz is more

clearly displayed. Compared to the channel effect removal

methods of subtracting the mean value of the corresponding

channel in Figure 19 and subtracting the maximum value of

the corresponding channel in Figure 20, Figure18 exhibits

fewer RFI and clearer burst information. These results fully

Figure 14. The top panel shows the time-frequency spectrogram of the original image, while the bottom panel presents the power change curve over time.

Figure 15. On the left is the time-frequency spectrogram of the original image, while the full-time power distribution curve is displayed on the right.
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Figure 16. For the spectral line Cow at selected frequency points in the original image, the blue curve represents the high-frequency NBI at 90 MHz, the red curve

corresponds to the solar radio burst at 60 MHz, and the green curve indicates the low-frequency NBI at 10 MHz.

Figure 17. Original image.

Figure 18. Subtracting background noise.

Figure 19. Subtracting channel means.

Figure 20. Subtracting channel maximum.
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demonstrate the feasibility and effectiveness of the proposed

method.

4.3. Experimental Results and Analysis of Wavelet
Transform

First, the time-frequency spectrogram with subtracted

background noise is decomposed using a three-layer two-

dimensional discrete wavelet transform, obtaining both low-

frequency and high-frequency components. In this example,

the high-frequency components after the three-layer decom-

position of the reconstructed part, including the horizontal,

vertical, and diagonal components, are shown in Figure 21.

These high-frequency components do not contain broadband

solar radio signals but only exhibit mutational NBI and

isolated bright spot interference, as indicated by the red arrow

in Figure 21.

The high-frequency coef>cients are set to zero using a

threshold value to eliminate high-frequency interference. The

low-frequency coef>cients are then processed using the MAD

threshold input; coef>cients above the threshold are set to zero,

and the difference between the original coef>cients and the

thresholded coef>cients is calculated to preserve more useful

signals. The processing steps are shown in Figure 22. Using

the processed wavelet coef>cients, the original spectral data is

then reconstructed through an inverse wavelet transform. The

inverse wavelet transform is the process of transforming the

thresholded wavelet coef>cients back to the time domain,

resulting in the reconstructed image without RFI.

Figure 23 shows the time-frequency spectrogram after the

removal of background noise and reconstruction of the wavelet

transform. The left image displays the result of background

noise removal, while the right image shows the result after RFI

removal using a wavelet transform. Comparing the two

images, it can be seen that after the wavelet transform, most

NBI and bright spot interferences are eliminated without losing

the key information in the image. Additionally, continuous

NBI is converted into isolated points, which facilitates the

subsequent mathematical morphology processing.

In wavelet transform, increasing the number of decomposition

layers can more effectively separate the noise and signal features,

which aids in their removal. However, as the number of

decomposition layers increases, the reconstructed spectrum signal

may experience signi>cant distortion, negatively impacting the

>nal noise reduction effect. Additionally, the wavelet transform

typically performs further decomposition on the low-frequency

components of the spectrum data, while the high-frequency

components are not subdivided. Therefore, increasing the number

Figure 21. Remapping of high-frequency coef>cients.

Figure 22. Processing of low-frequency coef>cients.
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of decomposition layers may lead to a loss of spectral signal

details, whereas reducing the number of layers may not

effectively eliminate high-frequency noise. Figure 24 shows the

results after a two-layer wavelet decomposition and noise

reduction. The radio spectrum signal does not exhibit signi>cant

distortion, but the RFI remains noticeable. Figure 25 presents the

results after a three-layer wavelet decomposition and noise

reduction. The spectrum signal shows no obvious distortion, and

most of the RFI is eliminated. In Figures 26 and 27, four- and

>ve-layer wavelet decompositions cause noticeable spectrum

signal distortion. Therefore, this study chooses the three-layer

wavelet decomposition as the optimal choice for radio spectrum

signal processing.

4.4. Experimental Results and Analysis of Mathematical
Morphology Processing

In this paper, mathematical morphology operations are

applied based on wavelet transform processing. First, a

mathematical morphological erosion operation is performed

on the data. By sliding the structuring element across the

image, the pixel under the element is set to the minimum value

within the covered area. This effectively eliminates small

Figure 23. Comparison of RFI removal and background noise elimination through wavelet transform.

Figure 24. Two-layer wavelet decomposition.

Figure 25. Three-layer wavelet decomposition.

Figure 26. Four-layer wavelet decomposition.

Figure 27. Five-layer wavelet decomposition.
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targets in the image and smooths the edges of the object, as

shown in Figure 28. This operation removes most of the NBI

from the time-frequency spectrogram. However, artifacts are

still visible after interference is eliminated, and a small amount

of interference remains. To address this, threshold processing

is applied to the image after the corrosion operation to

eliminate the artifacts. The result after elimination is shown in

Figure 29.

Although the RFI is eliminated after the erosion operation,

the spectrum data image suffers from the separation and loss of

some data information. To address this issue, this paper

performs a dilation operation on the image processed by the

initial erosion and threshold steps. This operation increases the

size of the target in the image and >lls the gaps between the

objects. After erosion and dilation, some RFI remains, so the

image is further processed using mathematical morphology

operations. The opening operation is applied to remove small

RFI points while preserving the size of the desired objects. The

>nal data processing results are shown in Figures 30 and 31.

In mathematical morphology, selecting the appropriate size

for structural elements is a delicate balance between

maintaining operational ef>ciency and preventing overproces-

sing or loss of detail. In this paper, we focus on NBI in the

solar radio spectrum, which is typically characterized by long,

straight lines in time-frequency spectrograms. After applying

the two-dimensional discrete wavelet transform, some isolated

linear interference remains in the solar radio spectrum. Given

this, the linear structural element in mathematical morphology

proves to be particularly effective in addressing such issues, as

it can ef>ciently remove these interferences.

Therefore, this paper adopts the empirical formula for

selecting structural elements:

· ( )=L 18

where L is the length of the structural element, λ is the

interference length of the target signal, and α is the empirical

coef>cient, with a value range of 0.8–1.2.

Based on Equation (18), linear structural elements of

various sizes were tested in comparative experiments. The

10 × 10 linear structural element was ultimately selected to

effectively suppress interference while preserving the features

of the original signal as much as possible.

To evaluate the optimal denoising performance, this paper

examines the use of different shapes of structuring elements,

including linear, rectangular, and circular forms. To more

intuitively compare how these structuring elements affect the

effective signal, the results in Figure 32 (with background

noise removed) are used as a reference. Figures 33, 34, and 35

present the >nal denoising outcomes. While both rectangular

and circular structuring elements effectively eliminate RF

interference, they also cause some loss of radio burst spectral

Figure 28. The >rst corrosion results.

Figure 29. First corrosion threshold treatment.

Figure 30. Original image.

Figure 31. Denoising result.
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data. In contrast, the linear structuring element shown in

Figure 33 not only retains the integrity of the spectral data but

also effectively suppresses RF interference.

4.5. Performance Analysis

Currently, the radio analyzer we developed conducts radio

observations at three stations: the Qitai Station of the Xinjiang

Observatory, the Yunnan Observatory, and the Mianyang

Liangdan City Observation Station. The data collected from

these three stations are used in this paper to validate the

universality and adaptability of the algorithm for 0–100MHz

low-frequency observations. This paves the way for high-

quality data acquisition at more small-scale, low-cost radio

observatories in the future.

Through the tests conducted, the noise reduction method

based on wavelet transform and mathematical morphology

proposed in this paper effectively suppresses noise in individual

radio burst events. To further validate the universality of the

proposed method, burst cluster events observed at the Qitai

Station of the Xinjiang Observatory, the Yunnan Observatory,

and the Mianyang Liangdan City Observation Station were

selected for veri>cation. Figures 36 and 37 demonstrate that for

Figure 33. Linear structure.

Figure 34. Square structure.

Figure 35. Circular structure.Figure 32. Subtracting background noise.

Figure 36. Original image of the burst cluster.

Figure 37. Denoising result of the burst cluster.
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successive burst events, the algorithm effectively suppresses

most NBI, thereby making the burst signals more prominent.

Additionally, Figures 38, 39, 40, and 41 illustrate that the

method achieves excellent noise reduction results when applied

to single radio burst events at Yunnan Observatory and cluster

burst events at Mianyang Liangdan City Observation Station.

This con>rms the robustness of the method in various

observational scenarios.

The above analysis indicates that, due to the similar

characteristics of the interfered signals in the time-frequency

Figure 38. Original image of Yunnan Observatory.

Figure 39. Denoising result of Yunnan Observatory.

Figure 40. Original image of Mianyang Liangdan City.

Figure 42. 30 MHz spectral line Cow.

Figure 41. Denoising result of Mianyang Liangdan City.

Figure 43. 50 MHz spectral line Cow.

Figure 44. 60 MHz spectral line Cow.

Figure 45. 70 MHz spectral line Cow.
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graph, the algorithm effectively suppresses interference from

various locations, such as the Qitai Station of Xinjiang

Observatory, Yunnan Observatory, and Liangdan City Obser-

vatory in Mianyang. Therefore, it can be preliminarily

concluded that the algorithm is highly adaptable and can

effectively meet the needs of different observation stations.

To evaluate the effectiveness of the noise reduction

algorithm and its impact on the spectrum signal, the spectral

line Cow method is used to quantify the intensity and

frequency distribution of the signal. The Cow of the spectral

line reCects the intensity and energy distribution of the signal

at a speci>c frequency. For analysis, the spectral line Cow at

the same frequency, before and after noise reduction, was

extracted from data collected at the Qitai Station of the

Xinjiang Observatory on 2024 April 18. From the spectral line

Cow analysis in Figure 42, it is evident that the quality of the

Figure 46. At the top is the time-frequency spectrogram of the noise-reduced image, while at the bottom is the power change curve over time.

Figure 47. On the left is the time-frequency spectrogram of the noise-reduced image, and on the right is the full-time power change curve.
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spectrum signal data improves signi>cantly after noise

reduction in the absence of solar radio bursts. The interference

signal is effectively eliminated, making the spectrum signal

smoother and more stable. The peak noise decreases from

0.4 dBm to 0 dBm. In the spectral line Cow displays of

Figures 43, 44, and 45, the intensity of the radio burst

spectrum signal is not signi>cantly weakened after noise

reduction, but the NBI is effectively suppressed. Furthermore,

the Catness of the spectrum of the signal after processing has

improved signi>cantly, indicating that the signal is purer and

closer to ideal broadband characteristics. This enhancement

provides a clearer and more accurate data set for subsequent

analysis and research.

After noise reduction, the signal interference in Figures 46

and 47 is effectively suppressed. The time variation trend of

the spectrum signals is restored, and the sharp increase and

duration of the solar radio burst spectrum signals can be

clearly observed. The signal-to-noise ratio increases from 0.14

to 13.03 dB. The spectral characteristics of the solar radio burst

signal are now clearly presented, highlighting the broadband

nature of the solar radio burst spectrum.

Additionally, several events observed in 2024 are analyzed

in this paper, with the statistical results shown in Figure 48.

The method signi>cantly improves the signal-to-noise ratio,

which, in the raw spectrum data, is mostly concentrated

between 0 and 1 dB, indicating that the signal is nearly

completely obscured by noise. After noise reduction, the

signal-to-noise ratio improves signi>cantly, with the mean

value reaching 10 dB. This result fully demonstrates the

feasibility and effectiveness of the proposed method.

5. Summary and Prospect

The presence of RFI signi>cantly hinders the detection and

processing of radio spectrum signals. However, most existing

methods focus primarily on mitigating RFI, often at the cost of

excessive signal loss and a lack of general applicability. To

address these issues, this paper proposes a comprehensive RFI

suppression method that not only effectively reduces the

impact of RFI but also preserves the integrity of the spectrum

signals. The method consists of three main steps: data

preprocessing, two-dimensional discrete wavelet transform,

and mathematical morphology processing.

In this method, most of the background interference in the

radio spectrum is removed by data preprocessing. Next, a

three-layer wavelet decomposition is applied to the prepro-

cessed signal data using a two-dimensional discrete wavelet

transform. The high-frequency and low-frequency wavelet

coef>cients are then processed using thresholding and absolute

median thresholding, respectively. The useful spectrum signal

data, post-thresholding, is then separated and reconstructed.

Finally, any remaining RFI is further eliminated through

mathematical morphology operations, ensuring that useful

spectrum signals are preserved while completing the inter-

ference suppression process. Compared to traditional RFI

suppression methods, this approach places a greater emphasis

on protecting useful signals while effectively suppressing RFI.

Experimental results based on measured solar radio burst

spectrum signal data demonstrate that this method successfully

preserves useful signals while mitigating RFI. However, it is

important to highlight that safeguarding useful signals during

Figure 48. Signal-to-noise ratio before and after noise reduction for the data recorded in 2024.
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RFI suppression is simply as crucial as the RFI reduction itself.

Failure to do so may lead to the loss of valuable spectrum

information, thus reducing the resolution of the radio spectrum

image. The method proposed in this paper combines the

advantages of wavelet transforms for multi-scale analysis with

the ability of mathematical morphology operations to extract

morphological features. The authors believe that this method

can be a valuable tool for suppressing RFI in single-station

radio astronomy observations.
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