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Abstract: As an open system, synthetic aperture radar (SAR) inevitably receives radio frequency
interference (RFI) generated by electromagnetic equipment in the same band. The existence of RFI
seriously affects SAR signal processing and image interpretation. In recent years, many algorithms
and models related to RFI mitigation have been proposed. However, most of that focus on effectively
mitigating the RFI is insufficient to protect the useful signals. This article proposes a mitigation
method of RFI with a signal-protected capability. (1) The kurtosis coefficient is used to detect RFI pulse-
by-pulse, and the echoes containing RFI are stored in matrix form. (2) The preliminary extraction
of RFI is complete by low-rank sparse decomposition of the echo matrix containing RFI. (3) For the
secondary separation of RFI, the accurate position of RFI in the preliminary extraction results is
located by the fuzzy C-means clustering; then, we separate the RFI and the remaining useful signals
again and reconstruct the useful signals to complete the mitigation work. The proposed method
can further protect useful signals while effectively removing interference through the secondary
separation of RFI. Experimental results based on simulated and measured data verify the performance
and potential of the proposed method.

Keywords: synthetic aperture radar; radio frequency interference; interference mitigation; low-rank
sparse decomposition

1. Introduction
1.1. Background

Synthetic aperture radar (SAR), as an active microwave sensor, can obtain a high-
resolution and a continuous coverage of ground targets all-day/night and all-weather
through the combination of wideband signals in range and a synthetic aperture in azimuth.
These characteristics make SAR widely used in military reconnaissance, resource explo-
ration, terrain mapping, environmental monitoring, disaster warning and assessment, and
other related fields [1–4].

However, SAR is susceptible to various and complex electromagnetic interferences
in the operating frequency band as an open broadband system. In general, the signals
emitted by other radiation sources in the same frequency band are called radio frequency
interference (RFI) to SAR [5–8], which can be divided into narrowband interference (NBI)
and wideband interference (WBI) according to the bandwidth of RFI. The existence of
RFI will seriously restrict the effect of SAR high-resolution imaging and further affect

Remote Sens. 2022, 14, 3278. https://doi.org/10.3390/rs14143278 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs14143278
https://doi.org/10.3390/rs14143278
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0001-8168-4595
https://orcid.org/0000-0002-4358-6449
https://doi.org/10.3390/rs14143278
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs14143278?type=check_update&version=1


Remote Sens. 2022, 14, 3278 2 of 22

the subsequent application of SAR data, such as crop monitoring and natural disaster
assessment [9]. It has become a significant research trend to uncover how SAR can survive
in this complex electromagnetic environment while maintaining its excellent performance
as much as possible [10,11].

With the development of global radio communications, the electromagnetic environ-
ment is becoming more and more complex, and RFI cases in SAR systems are becoming
more and more common. Domestic and foreign scholars have proposed various RFI miti-
gation algorithms and models in recent years [12–14]. Among them, the low-rank-sparse
model separates interference and useful signals based on RFI’s low-rank-sparse character-
istics in the transform domain and has a high RFI mitigation accuracy. However, due to
the variety of RFI types, the model will inevitably cause the loss of some useful signals
while removing RFI, resulting in the loss of details in the SAR image after RFI removal.
Therefore, researching mitigation methods of RFI that can consider both the mitigation
accuracy of RFI and the adequate protection of useful signals has significant practical
application requirements.

1.2. Previous Work

Effectively mitigating RFI in SAR data has always been an important research topic in
the SAR field. Since the 1990s, various RFI mitigation methods have been proposed [15],
which can be summed up as parametric, non-parametric, and semi-parametric meth-
ods [16].

1.2.1. Parametric Methods

The parametric methods complete the RFI mitigation work by establishing the math-
ematical model of RFI and adjusting the model’s parameters. In [17], aiming at the NBI
existing in airborne SAR data, the maximum likelihood estimation method was used to
mitigate NBI in SAR data by establishing a sine wave model. In [18,19], the NBI model was
established based on the narrow-band property of the RFI signal, and a series of RELAX
and its improved methods were used to estimate the model parameters, which achieved a
satisfactory RFI mitigation effect. In [20], an RFI mitigation method based on the iterative
adaptive approach (IAA) and orthogonal subspace projection (OSP) was proposed, which
can estimate the RFI power spectrum adaptively and iteratively without a parameter search
and model order estimation.

The form of WBI is more complex and diverse than NBI, so it is difficult to establish
an accurate parametric model. In [21], IAA was successfully applied to WBI mitigation by
improving instantaneous frequency (IF) resolution in short-time Fourier transform (STFT)
and filtering WBI based on the OSP method. In [22], a WBI mitigation method combining
IF estimation and regularized time–frequency filtering was proposed, which completes the
extraction and mitigation of sinusoidally frequency-modulated WBI.

Since it is challenging to establish parametric models of RFI in practical applications,
and the mitigation performance of such methods relies on the estimation of model parame-
ters, the application of parametric methods is not sufficiently extensive.

1.2.2. Non-Parametric Methods

The non-parametric method is based on RFI features in the time domain or transform
domain for mitigation without establishing a parametric model. In [23], the frequency
domain notch filtering (FNF) was simple to implement and had a strong robustness.
However, the FNF will lose the useful signal while eliminating the RFI. In order to solve the
above problems, a two-step notch method based on a linear prediction model to compensate
for the missing spectrum was proposed [24]. In addition, a time domain notch method by
constructing a notch filter in the time domain and using the IAA to recover missing signals
was proposed [25], which improved the accuracy of interference mitigation and reduced
the loss of useful signals.
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The adaptive filtering method separates useful signals from interference by construct-
ing an adaptive filter. In [26], an adaptive spectrum line enhancer was proposed, which
can improve the mitigation of time varying NBI. An adaptive Wiener filter was proposed
in [27], which achieved better performance than the LMS adaptive filter.

The matrix decomposition-based methods, such as eigen-subspace projection (ESP) [28],
independent component analysis [29], complex empirical mode decomposition [30], and
independent subspace analysis [31], decompose the echo data into useful signal components
and RFI components, thereby realizing the mitigation of RFI. The matrix decomposition-based
methods can effectively mitigate the NBI and WBI, but these methods are ineffective in the
case of weak RFI.

Different from the above methods that are mainly applied to SAR level-0 products
(raw data), the sub-band spectrum cancellation (SSC) method [32] and the block subspace
filtering (BSF) method [33] are non-parametric methods for level-1 products (single look
complex data). The SSC method is based on the assumption that the distance spectrum is
strictly symmetric. Otherwise, the RFI mitigation performance would drop significantly.
BSF is based on the assumption that the RFI-free SAR image conforms to the Gaussian
distribution, and the intensity of RFI is higher than the useful signal to ensure mitigation
accuracy. In [34], a mitigation method of RFI for SAR images with joint change detection and
sub-band spectrum cancellation was proposed, effectively preserving target information
while mitigating interference.

1.2.3. Semi-Parametric Methods

With the development of the low-rank sparse decomposition (LRSD) algorithm, robust
principal component analysis (RPCA) has been used in SAR signals for various applica-
tions, such as clutter suppression and moving target detection by separating moving and
stationary targets in SAR images [35–39]. In recent years, the theory of LRSD has been
successfully applied to mitigate RFI in SAR data. This method converts complex signal sep-
aration problems into hyperparameter optimization problems and forms a semi-parametric
mitigation method of RFI. In [40], the concept of semi-parametric interference mitigation
was proposed, which completed the mitigation of NBI by solving the sparse reconstruction
optimization problem. In [41], the sparse reconstruction algorithm was extended to WBI,
providing a new idea for the extended application of these methods. In [42–44], a series
of low-rank-sparse decomposition models were proposed, further improving the related
theories. In [45] a dictionary-based SAR RFI-suppression method under the framework
of RPCA was proposed. In [46], a two-dimensional RFI mitigation method was proposed
and applied to simulated and measured data successfully. In [47], a graph Laplacian clus-
tering algorithm was proposed to mitigate RFI. In [48], a mitigation algorithm of RFI that
combines low-rank and double-sparse features was proposed based on RFI’s low-rank and
sparse features.

In general, the semi-parametric approaches utilize optimized models to constrain and
separate the RFI. However, due to the various RFI types, these models will inevitably cause
the loss of some useful signals while removing RFI, resulting in the loss of details in the
SAR image.

Moreover, with the development of deep learning methods, intelligent learning meth-
ods have become an emerging trend in signal processing. Methods based on neural
networks, especially combined with RPCA and applied to RFI mitigation in SAR data,
have shown superior performance and potential. In [49], a method to mitigate RFI us-
ing a special type of convolutional neural network, the U-Net, was proposed. In [50], a
mitigation algorithm of NBI and WBI based on the deep residual network (ResNet) was
proposed. In [51], a hybrid model-constrained deep learning approach for RFI extraction
and mitigation by fusing the classical model-based and advanced data-driven method was
proposed. However, these methods are inherently black box, lacking a certain degree of
interpretability, and since their performance relies on access to large amounts of data and
computational resources, this limits their applicability to scenarios with limited samples.
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1.3. Solution and Contributions of This Article

Given the above problems, this study makes full use of the low-rank characteristics
of RFI in the range frequency domain and proposes a mitigation method of RFI with a
signal-protected capability. First, the kurtosis coefficient method is used to detect RFI pulse-
by-pulse in the range frequency domain, and the echoes containing RFI are stored in the
form of a matrix. Second, the RFI is preliminary extracted, which is completed by the LRSD
of the echo matrix containing RFI; after decomposition, the low-rank matrix representing
RFIs can be preliminary separated. Lastly, for the secondary separation of RFI, we use the
fuzzy C-means (FCM) clustering algorithm to pinpoint the RFI in the preliminary extraction
results, then, we separate the RFI from the remaining useful signal in the low-rank matrix
again and reconstruct the useful signal to complete the mitigation. The proposal can further
protect useful signals while removing interference through the secondary separation of
RFI effectively. Experimental results based on simulated and measured data verify the
performance and potential of the proposed method.

The main contributions of this article are summarized as follows:

1. An idea of implementing secondary separation for RFI is proposed, which can solve
the insufficient protection of useful signals in traditional mitigation methods of RFI.
By separating the extraction results of RFI again, the loss of useful signals can be
effectively reduced. In particular, this idea of secondary separation can be extended to
other mitigation methods of RFI, which provides a new perspective of RFI mitigation
in SAR data;

2. This study proposes a mitigation approach for RFI with a signal protection capability
based on the low-rank property of RFI in the range frequency domain. Specifically,
the method includes three steps: the detection, extraction, and secondary separation
of RFI. Compared with traditional methods, this proposal pays more attention to
the preservation of SAR image details while effectively detecting and mitigating RFI,
avoiding the situation that the interpretation of SAR images is more difficult due to
excessive loss of useful signals after RFI mitigation.

Theoretical discussions are validated through extensive experiments. Specifically,
in experiments with simulated data, the mitigation effect and useful signal protection
capability of the proposed method under different bandwidths of RFI and different SINRs
are discussed. Experiments with the measured data verify the effectiveness and superiority
of the proposed method.

1.4. Organization of This Article

The remainder of this article is organized as follows. Section 2 introduces the geometric
and signal models and analyzes the sparse and statistical characteristics of RFI in the range
frequency domain. Section 3 shows the detailed workflow of the RFI mitigation method
proposed in this article. Section 4 gives the experimental results and performance analysis
of the method. Lastly, Section 5 concludes this article and discusses the further application
of the method.

2. Problem Formulation
2.1. Geometric Model of RFI

Various electromagnetic devices operating in the same frequency band as SAR systems
are major sources of RFI. In recent years, many RFI cases have been observed in spaceborne
and airborne SAR data, among which the main sources are not only space-based sources
such as airborne radars and co-frequency satellites but also ground-based sources such as
ground base stations and ground-based radars. In general, the spatial relationship between
the RFI sources and the irradiated area of the spaceborne SAR beam is shown in Figure 1.
For ground-based sources, RFI is usually received in the form of direct waves by the main
or side lobes of the SAR. For space-based sources, RFI is usually received by the SAR in the
form of direct or scattered waves.
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2.2. Signal Model of RFI

When the SAR system is working, the raw signal is usually superimposed into the
azimuth (i.e., slow time) and the range (i.e., fast time) domain. Since the RFI signal is
independent of the SAR echo signal, in each azimuth echo [25], the SAR echo containing
RFI can be expressed as

S(τ, η) = X(τ, η) + I(τ, η) + N(τ, η) (1)

where X(τ, η), I(τ, η), and N(τ, η) represent the useful signal, RFI, and system noise,
respectively. τ and η represent the range fast time and the azimuth slow time, respectively.

Although there are many different forms of RFI, in general, RFI is considered to be a
linear combination of multiple single frequencies caused by radiating sources. According
to its bandwidth, it can be divided into two categories: NBI and WBI. As mentioned in [15],
NBI can be regarded as the superposition of a series of sinusoidal signals, and its model
can be expressed as

INBI(τ, η) =
N

∑
n=1

An(η)exp(2jπ fnτ + ϕn) (2)

where N represents the number of interference signals. An(η), fn, and ϕn represent the
amplitude, frequency, and phase of the nth interference signal, respectively. NBI generally
does not have a complex frequency modulation, and often appears in the form of bright
lines in the image.

In contrast, WBI has a larger bandwidth and a more complex frequency modulation,
occupying more frequency cells in the range frequency domain. Typically, WBI can be
modeled as linear frequency modulation (LFM) and sinusoidal frequency modulation
(SFM) [25]. Its signal model can be expressed as

IWBI(τ, η) =
N

∑
n=1

An(η)exp(jφ) (3)

where the phase term φ is divided into two modulation terms, φLFM and φSFM, which
represent LFM and SFM, respectively. The specific form is

φLFM = 2π fnτ + πKnτ2 (4)

φSFM = βnsin(2π fnτ + ϕn) (5)
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where Kn represents the chirp rate of the nth WBI signal, and βn represents the modula-
tion factor.

2.3. Low-Rank Sparse Model

The linear reversibility of the fast Fourier transform (FFT) ensures that this transform
does not affect the linear superposition characteristics of the SAR echo. Therefore, according
to (5), the SAR echo data can be expressed as

S( fτ , η) = X( fτ , η) + I( fτ , η) + N( fτ , η) (6)

where fτ represents the range frequency cells after FFT.
The RFI in the range frequency domain has a relatively stable frequency in the slow

time direction, and its amplitude appears as some parallel straight lines, as shown in
Figure 2a. It is clear that RFI has low-rank properties in the slow time direction. For further
verification, the eigenvalue decomposition of Figure 2a is performed, and the corresponding
results are shown in Figure 2b. The eigenvalues reflect the energy of different components
in the SAR echo and the structural redundancy of the matrix. As can be observed, only a
few large eigenvalues are related to RFI, which further illustrates the low-rank feature of
RFI in the range frequency domain.
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According to the low-rank characteristic of RFI in the frequency domain, RFI can be
initially extracted by solving the following LRSD problem.

min
I,X

rank(I) + λ‖X‖0

s.t. S = I + X
(7)

where rank(·) represents the rank of the matrix, ‖ · ‖0 represents the `0 norm of the matrix,
that is, the number of non-zero elements in the matrix, and λ > 0 is a compromise factor.

The rank and `0 norm of matrices can be convexly relaxed, providing a way to solve
the above issues. Since the kernel norm of the matrix is the convex envelope of the rank,
and the `1 norm of the matrix is the optimal convex approximation of `0, (7) can be relaxed
as the following convex optimization problem.

min
I,X

‖I‖∗ + λ‖X‖1

s.t. S = I + X
(8)



Remote Sens. 2022, 14, 3278 7 of 22

where ‖ · ‖∗ is the kernel norm that can represent the sum of the singular values of the
matrix, ‖ · ‖1 represents the `1 norm of the matrix, that is, the sum of the absolute values of
each element in the matrix, as mentioned in [12], the compromise factor λ is set as:

λ =
1√

max(m, n)
(9)

where m and n represent the number of rows and columns of matrix S, respectively.

2.4. Statistical Model

Generally speaking, under the assumption of complex Gaussian distribution of a SAR
echo without RFI, the real and imaginary parts of its range frequency domain spectrogram
obey Gaussian distribution. When there is RFI in the echo, the histogram will deviate from
the Gaussian distribution and be more concentrated in the low-amplitude region, resulting
in sharper peaks on the left and tails on the right.

Figure 3a,b sequentially shows the frequency amplitude images of RFI-free and RFI-
containing echoes, and Figure 3c shows the frequency amplitude images of the RFI extracted
by LRSD. It can be clearly observed that some useful signals remain in Figure 3c. The
amplitude histograms of Figure 3a–c are separately counted for further analysis, as shown
in Figure 3d–f. It can be seen that Figure 3d–f all obey the Rayleigh distribution. Figure 3e
has a sharper left peak than Figure 3d, while Figure 3f has the sharpest left peak, and there
are remaining useful signals in the right tail.
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Through the above analysis, this study performs LRSD based on the low-rank char-
acteristic of RFI to realize the extraction of RFI. On the basis of RFI extraction, a binary
masking matrix is generated for the low-rank matrix, so as to complete the secondary
separation of RFI.
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3. Methodology

In order to solve the problem of RFI detection and mitigation in SAR data, a mitigation
method of RFI with signal protection capability is proposed. Specifically, the method
includes three steps: RFI detection based on kurtosis, RFI extraction based on LRSD, and
RFI secondary separation based on binary masking. The proposal can detect and mitigate
RFI robustly while protecting useful SAR signals and effectively reducing the loss of details
in SAR images. The specific flow chart is shown in Figure 4.
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3.1. RFI Detection Based on Kurtosis

In order to accurately and efficiently mitigate the RFI and protect the useful signal as
much as possible, it is necessary to perform detection of RFI pulse-by-pulse. Unlike the
traditional mitigation method, which needs to detect the position of RFI in the frequency
domain accurately, the method proposed in this study only needs to distinguish between
the RFI-containing echo and the useful signal. Considering the difference in statistical
characteristics between the SAR signal and RFI, the presence of RFI can be quickly detected
by calculating the kurtosis of the frequency domain echoes [52].

Assuming that S is a random variable, the mean is u, and σ is the standard deviation,
the kurtosis can be defined as:

K(S) =
E[S− u]4

σ4 =
1
n ∑n

i=1(si − s)4(
1
n ∑n

i=1(si − s)2
)2 (10)

where E[·] denotes the expectation operator. Kurtosis characterizes the steepness of distri-
bution, which is usually a statistic relative to a normal distribution. If the kurtosis is greater
than 3, the sample has a steep distribution, and conversely, it has a flat distribution.

It is supposed that Nr and Na denote the number of samples for range and azimuth,
respectively. By calculating the kurtosis of each echo in a pulse-by-pulse manner, a sequence
of kurtosis values can be obtained, which can be expressed as

Φ(i) = [K1, K2, . . . , KNr ] (11)



Remote Sens. 2022, 14, 3278 9 of 22

The robust K-means algorithm [53] is used to classify Φ(i) into two categories, one of
which indicates the presence of RFI and the other indicates the absence. The operation of
threshold segmentation can be expressed as

Φ(i) =
{

0, Φ(i) < α, ⇒Without RFI
1, Φ(i) ≥ α, ⇒With RFI

(12)

where Φ(i) is the detection result, α is the threshold, and constants 1 and 0 indicate the
presence and absence of RFI, respectively.

3.2. Extraction of RFI Based on LRSD

After the detection work, it is necessary to perform LRSD on the RFI-containing echo
in the frequency domain to complete RFI extraction, which can be transformed to obtain
the optimal solution to the convex problem (8) based on the analysis in Section 2. The
alternating direction multiplier method (ADMM) adopts the idea of divide and conquer,
which can be applied to the solution of large-scale optimization problems and obtain
the optimal solution of the problem. The augmented Lagrangian function is constructed
as follows.

L(I, X, Y, µ) = ‖I‖∗ + λ‖X‖1 − 〈Y, I + X− S〉+ µ

2
‖I + X− S‖F (13)

where µ is the penalty factor, Y is the Lagrange multiplier, 〈·〉 represents the matrix inner
product, and ‖ · ‖F represents the Frobenius norm. When Y = Yk, µ = µk, use the ADMM
method to solve the block optimization problem.

min
I,X

L(I, X, Yk, µk) (14)

First, fix the variables X and Y, and the operation of updating the variable I is as follows.

Ik+1 = arg min
I

L(I, Xk+1, Yk, µk)

= arg min
I
‖ I ‖∗ −〈Yk, I + Xk+1 − S〉+ µk

2 ‖ I + Xk+1 − S ‖F

= arg min
I
‖ I ‖∗ + µk

2 ‖ I−
(

S− Xk+1 +
Yk
µk

)
‖F

= G 1
µk

(
S− Xk+1 +

Yk
µk

) (15)

where G 1
µk
(·) is the shrinkage operator of singular threshold, and the specific operation

can be described as:

W’ = G 1
µk
(W) =


[U, Σ, V] = svd(W)

Σ = sgn(Σ) · ∗max(abs(Σ)− 1
µk

, 0)
W’ = U ∗ Σ ∗VH

(16)

where [U, Σ, V] = svd(W) is the singular value decomposition of W.
Then, fix the variables I and Y, and the operation of updating the variable X is

as follows.

Xk+1 = arg min
X

L(Ik+1, X, Yk, µk)

= arg min
X

λ ‖ X ‖1 −〈Yk, Ik+1 + X− S〉+ µk
2 ‖ Ik+1 + X− S ‖F

= arg min
X

λ ‖ X ‖1 + µk
2 ‖ X−

(
S− Ik+1 +

Yk
µk

)
‖F

= F λ
µk

(
S− Ik+1 +

Yk
µk

) (17)
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where F λ
µk
(·) is the shrinkage operator of soft threshold, and the specific operation can be

described as:
F λ

µk
(W) = sign(W) · ∗ max(abs(W)− 1

µk
, 0) (18)

when I = Ik+1, S = Sk+1, the update formula of matrix Y is

Yk+1 = Yk − µk(Ik+1 + Sk+1 −R) (19)

the penalty factor µk can be updated as follows.

µk+1 =

{
ρµk

µk‖Xk+1−Xk‖F
‖S‖F

< ε

µk otherwise
(20)

therefore, the optimization problem of (8) can be solved iteratively by (15), (17), and (19). It
can provide extraction results of RFI until convergence, that is

I′( fτ , η) = Ik (21)

3.3. Secondary Separation of RFI

Since there are various forms of RFI in the actual scene, and the result of LRSD is
an approximate solution to the convex optimization problem, some useful signals will
inevitably remain in the extracted RFI matrix. It can be expressed as

I′( fτ , η) = I( fτ , η) + X′( fτ , η) (22)

where I( fτ , η) is the RFI actually present in the SAR echo and X′( fτ , η) represents the
remaining useful signal.

In order to further reduce the loss of useful signals after RFI mitigation, this study
proposes a secondary separation of RFI, the process is shown in Figure 5.

Remote Sens. 2022, 14, x FOR PEER REVIEW 10 of 24 
 

 

𝐗 = 𝑎𝑟𝑔 𝑚𝑖𝑛𝐗 𝐿(𝐈 , 𝐗, 𝐘 , 𝜇 )= 𝑎𝑟𝑔 𝑚𝑖𝑛𝐗 𝜆‖𝐗‖ − ⟨𝐘 , 𝐈 + 𝐗 − 𝐒⟩ + 𝜇2 ‖𝐈 + 𝐗 − 𝐒‖= 𝑎𝑟𝑔 𝑚𝑖𝑛𝐗 𝜆‖𝐗‖ + 𝜇2 𝑿 − 𝐒 − 𝐈 + 𝐘𝜇= 𝐹 𝐒 − 𝐈 + 𝐘𝜇
 (17) 

where 𝐹 (∙) is the shrinkage operator of soft threshold, and the specific operation can 

be described as: 𝐹 (𝐖) = 𝑠𝑖𝑔𝑛( 𝐖) ⋅∗ 𝑚𝑎𝑥( 𝑎𝑏𝑠( 𝐖) − 1𝜇 , 0) (18) 

when 𝐈 = 𝐈 , 𝐒 = 𝐒 , the update formula of matrix 𝐘 is 𝐘 = 𝐘 − 𝜇 (𝐈 + 𝐒 − 𝐑) (19) 

the penalty factor 𝜇  can be updated as follows. 

𝜇 = 𝜌𝜇 𝜇 ‖𝐗 −𝐗 ‖‖𝐒‖ < 𝜀𝜇 otherwise
 (20) 

therefore, the optimization problem of (8) can be solved iteratively by (15), (17), and (19). 
It can provide extraction results of RFI until convergence, that is 𝐼 (𝑓 , 𝜂) = 𝐈  (21) 

3.3. Secondary Separation of RFI 
Since there are various forms of RFI in the actual scene, and the result of LRSD is an 

approximate solution to the convex optimization problem, some useful signals will inev-
itably remain in the extracted RFI matrix. It can be expressed as 𝐼 (𝑓 , 𝜂) = 𝐼(𝑓 , 𝜂) + 𝑋 (𝑓 , 𝜂) (22) 

where 𝐼(𝑓 , 𝜂) is the RFI actually present in the SAR echo and 𝑋 (𝑓 , 𝜂) represents the 
remaining useful signal. 

In order to further reduce the loss of useful signals after RFI mitigation, this study 
proposes a secondary separation of RFI, the process is shown in Figure 5. 

 
Figure 5. The secondary separation process of RFI. Figure 5. The secondary separation process of RFI.

The secondary separation of RFI is done by using the FCM algorithm to generate

a binary masking matrix
~
T( fτ , η) from the extraction result of RFI. Then, the secondary

separation can be expressed as

I( fτ , η) = I′( fτ , η) ∗
~
T (23)
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Finally, the useful signal can be reconstructed by removing the RFI, which can be
expressed as

Xtotal( fτ , η) = S( fτ , η)− I( fτ , η) (24)

Through the above detection, extraction, and secondary separation of RFI, the SAR echo
without RFI can be obtained. The specific steps of the proposed method are summarized in
Algorithm 1, and the detailed performance will be presented in the following subsection.

Algorithm 1 Extraction and Secondary Separation of RFI

Input: S = S( fτ , η), λ > 0, µ0 > 0, ρ > 1, δ > 0
Initialization: I0 = 0, X0 = 0, Y0 = S

max(‖S‖2,
√

mn‖S‖∞)
, k = 0

While ‖S− Ik+1 + Xk+1‖2
F/‖I‖2

F > δ do

Low rank matrix: Ik+1 = G 1
µk

(
S− Xk+1 +

Yk
µk

)
Sparse matrix: Xk+1 = F λ

µk

(
S− Ik+1 +

Yk
µk

)
Update variable Y: Yk+1 = Yk − µk(Ik+1 + Xk+1 − S)

Update penalty factor µ: µk+1 =

{
ρµk

µk‖Xk+1−Xk‖F
‖S‖F

< ε

µk otherwise
k = k + 1

End while
Extraction of RFI: I′( fτ , η) = Ik

Generate binary masking matrix:
~
T( fτ , η)

RFI secondary separation: I( fτ , η) = I′( fτ , η) · ∗
~
T

Remove RFI: Xtotal( fτ , η) = S( fτ , η)− I( fτ , η)
Output: I( fτ , η), Xtotal( fτ , η)

4. Experimental Results and Discussion

Extensive experiments are performed in this section using simulated SAR data and
Sentinel-1 level-0 raw data. Specifically, based on real SAR data and simulated RFI, the
mitigation performance of the proposed method is quantitatively analyzed by comparing
the root mean square error (RMSE) under different signal-to-interference and noise ratios
(SINR) and different RFI bandwidths. Experiments based on measured SAR data verify the
effectiveness of the method, and the mitigation performance is evaluated by calculating the
gray level entropy and average gradient of the SAR image after RFI mitigation.

4.1. Experimental Results Based on Simulated SAR Data
4.1.1. On the Performance of RFI Mitigation for Different SINR Cases

Simulated experiments based on different SINRs are used to verify the RFI mitigation
performance of the proposed method. Furthermore, by comparing the proposal with
ESP [28], RPCA [8], and complex tensor RPCA (CT-RPCA) [44] methods, the potential of
the proposed method for useful signal protection is further verified. Table 1 summarizes
the main system parameters of the simulation.

The experimental results of the proposed method compared with ESP, RPCA, and CT-
RPCA are shown in Figure 6. It can be seen from the first row that the RFI under different
SINRs has different degrees of contamination to the SAR image. At the SINR of –30, the
artifacts caused by RFI significantly suppress scene information. The following four rows
are the RFI mitigation results after using ESP, RPCA, CT-RPCA, and the proposed method.
As can be seen from Figure 6, all four methods can effectively mitigate RFI under different
SINR conditions but have different performances in the protection of useful signals. The
magnified region marked with a red box in Figure 6 is the region of interest (ROI), as shown
in Figure 7. It can be seen from Figure 7a–d that there are abnormal sidelobe effects on
the point targets of the image after RFI suppression using the ESP method, which is due
to the loss of useful signals caused by the method over-penalizing the eigenvalues when
reconstructing the RFI. Figure 7e–l show the corresponding ROIs after using the RPCA and
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CT-RPCA methods. Since these two methods do not further separate the remaining useful
signals after the low-rank and sparse decomposition of the SAR signal, the high sidelobe
phenomenon still exists to varying degrees. Figure 7m–p show the corresponding ROIs
after the proposed method mitigates RFI, and it can be seen that the high sidelobe effect of
the point target is no longer present. This indicates that this method can further protect the
useful signal while effectively removing RFI.

Table 1. Main parameters of measured SAR data and simulated RFI.

Parameters Values

Carrier frequency 5.300 GHz
Sampling frequency 32.317 MHz

Efficient velocity 7000 m/s
Slant range 988,647 m

PRF 1256.98 Hz
Pulse width 41.74 µm

Pulse bandwidth 30 MHz
Carrier frequency of RFI 5.305 GHz

Bandwidth of RFI 1 MHz

To quantitatively evaluate the performance of the interference mitigation method,
the RMSE was selected as the evaluation index to evaluate the mitigation results in the
experiment. RMSE is defined as

RMSE(X, S) =
‖S− X‖F
‖S‖F

(25)

RMSE describes the normalized difference between the original and recovered SAR
data. The smaller the RMSE, the better the mitigation performance. Table 2 summarizes
the RMSE comparison results of ESP, RPCA, CT-RPCA, and the proposed method under
different SINR conditions. The results show that the RMSE of the proposed method is
lower under different SINR conditions, which means that the proposed method has a more
prominent signal protection performance while mitigating RFI.

Table 2. Evaluation metrics for the four methods in the different SINR cases.

Metric
Method

ESP RPCA CT-RPCA Proposed
Method

RMSE

SINR = 0 dB 0.1851 0.1926 0.1648 0.1695

SINR = −10 dB 0.2295 0.2198 0.2221 0.2126

SINR = −20 dB 0.2691 0.2797 0.2536 0.2450

SINR = −30 dB 0.2926 0.3050 0.2878 0.2816
The best results in each metric are highlighted in bold.
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4.1.2. On the Performance of Mitigation for Different Bandwidths of RFI

Simulation experiments were used to explore the proposed method’s mitigation per-
formance under different RFI bandwidths and compared with ESP, RPCA, and CT-RPCA
methods. The experimental results are shown in Figure 8. From the first row, it can be seen
that RFI with different bandwidths has different degrees of influence on the SAR image.
When the bandwidth of RFI is 2 MHz, the four methods can effectively mitigate RFI. While
the details in the SAR images using the proposed method are clearer, indicating that it is
more effective in protecting useful signals, which is verified by subsequent quantitative
analysis. When the bandwidth is increased to 4 MHz, the high sidelobe effect caused by
the ESP and RPCA methods is more obvious in the SAR images, and the proposed method
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still shows excellent performance. When the bandwidth is increased to 6 MHz, the RFI
mitigation performance of the proposed method degrades.

The magnified view of the ROI marked by the red box in Figure 8 is shown in Figure 9.
It is evident from Figure 9a–c that the loss of useful signal caused by ESP methods becomes
more severe as the RFI bandwidth increases. Figure 9d–i show the corresponding ROIs
for the RPCA and CT-RPCA method, and it can be found that when the RFI bandwidth is
increased from 2 M to 6 M, the high sidelobe effect caused by the loss of useful signal still
exists since these two methods only rely on LRSD to extract the RFI. Figure 9j–l shows the
corresponding ROI of the proposed method. It can be seen that when the bandwidth of
the RFI exceeds 4 M, although the interference mitigation effect of the method begins to
decline, the useful signal can still be effectively protected.

Table 3 summarizes the RMSE comparison results of ESP, RPCA, CT-RPCA, and the
proposed method under different RFI bandwidths.

Table 3. Evaluation metrics for the four methods in the different bandwidths of RFI.

Metric
Method

ESP RPCA CT-RPCA Proposed
Method

RMSE
Bandwidth = 2 MHz 0.1868 0.2202 0.1853 0.1819

Bandwidth = 4 MHz 0.2419 0.2377 0.2260 0.2138

Bandwidth = 6 MHz 0.3477 0.3534 0.3305 0.3340
The best results in each metric are highlighted in bold.

4.2. Experimental Results Based on Measured Data

Experiments are implemented using Sentinel-1 (TOPS mode) level-0 raw data to verify
the method’s effectiveness. The performance of different methods for RFI mitigation was
evaluated by calculating the gray level entropy and average gradient of SAR images after
RFI mitigation.

4.2.1. Experimental Data Description

Figure 10 shows a pseudo color image of the measured Sentinel-1 level-0 raw data.
The data were acquired on 12 February 2020. As shown in Figure 10a, the SAR image
is heavily contaminated by RFI due to multiple potential sources of interference in the
illuminated area. The RFI-corrupted burst is shown in Figure 10b. It can be observed that
the artifacts generated by RFI are all over the image.

4.2.2. Experimental Results Based on Spaceborne SAR Data

Figure 11 shows the RFI mitigation results for Sentinel-1 Level-0 raw data. Figure 11a–d show
the RFI mitigation results for ESP, RPCA, CT-RPCA, and the proposed method. Figure 11e–h show
the ROIs in Figure 11a–d. It is obvious that after using the ESP method, the artifacts generated by
RFI in the image have been effectively removed, while the image quality is significantly degraded
due to the raised sidelobes of the strongly scattering targets. When using the RPCA and CT-RPCA
methods, the image still has certain sidelobe effects due to the loss of part of the useful signal
during RFI mitigation. While the proposed method pays more attention to signal protection, it
can avoid the loss of image details after RFI mitigation.
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Further, the mitigation performance of the proposed method was analyzed using
gray level entropy and average gradients. The entropy of the image can represent the
distribution characteristics of the gray level in the image, indicating the texture complexity,
which is defined as

E = −
L

∑
k=1

Pklog2(Pk) (26)

where E represents the image entropy, L is the total gray level of the image, and Pk represents
the probability of the occurrence of a pixel with a gray value of k. The average gradient is
defined as

AG =
∑Nr

τ=1 ∑Na
η=1

1
4

√(
∂S(τ,η)

∂τ

)2
+
(

∂S(τ,η)
∂η

)2

(Nr − 1)(Na − 1)
(27)

where S(τ, η) represents the position of the pixel in the SAR image, and ∂S(τ, η)/∂τ and
∂S(τ, η)/∂η represent the grayscale gradient of the image in the vertical and horizontal
directions, respectively.

The above experimental results show that all four methods can mitigate RFI with
different performances. The ESP and RPCA methods are prone to abnormal side lobe effects
when effectively removing RFI. The CT-RPCA method adds constraints when performing
LRSD and can extract and mitigate RFI more effectively. However, it only decomposes the
RFI in SAR signals once and has a limited ability to protect useful signals. Compared with
the above three methods, the method proposed in this study has a better signal protection
ability while effectively removing RFI, consistent with the previous results in this section.
Table 4 shows the evaluation metrics for the four methods. It can be seen that the gray
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level entropy and the average gradient of the proposed method are higher than ESP, RPCA,
and CT-RPCA, which indicates that the proposed method can more effectively protect the
useful signal while mitigating RFI.
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Table 4. Gray level entropies and average gradients after ESP, RPCA, CT-RPCA, and proposed approach.

Metric
Method

ESP RPCA CT-RPCA Proposed
Method

Gray Level Entropy 2.7351 2.2473 3.0627 3.1969

Average Gradient 2517.2639 2384.9916 2521.8028 2550.0796
The best results in each metric are highlighted in bold.

5. Conclusions

The existence of RFI seriously hinders SAR signal processing and image interpreta-
tion. However, most existing methods focused on the effective mitigation of RFI, but the
protection of the useful signal was insufficient. To solve this problem, this article analyzed
the characteristics of RFI in the frequency domain in detail. A mitigation method of RFI
with a signal protection capability was proposed, including three steps, i.e., RFI detection,
RFI extraction, and RFI secondary separation.

In the proposed method, the kurtosis coefficient was used to detect the RFI pulse-
by-pulse in the range frequency domain. The preliminary RFI extraction was realized by
performing LRSD on the echo matrix containing RFI. Then, a binary masking matrix was
generated based on the extraction result of RFI, and the RFI and remaining useful signal in
the low-rank matrix were separated again. The useful signal was reconstructed to complete
the interference mitigation work. Compared with the traditional RFI mitigation method,
the proposal considered both the RFI mitigation effect and the protection of useful signals
simultaneously. The experimental results based on simulated and measured SAR data
showed that this method can protect the useful signal more effectively than the ESP, RPCA,
and CT-RPCA methods while mitigating RFI.

It is worth noting that protecting useful signals during the mitigation process is as
necessary as the RFI mitigation effect. Otherwise, the loss of useful signals will reduce the
resolution of SAR images. The proposed method can effectively reduce the loss of useful
signals by secondary separation of the RFI extraction results and has great potential in RFI
mitigation and useful signal protection. The authors hope that the proposed method can
become a valuable tool to solve the RFI problem.
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