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Highlights

What are the main findings?

• Developed a standardized dataset for synthetic aperture radar block-type radio fre-
quency interference, and simultaneously established a block-type interference mathe-
matical model to provide theoretical support for interference data generation.

• Proposed a block-type interference suppression method based on image subspace,
and completely decoupled interference suppression from imaging processes.

What are the implication of the main findings?

• By integrating laboratory-annotated data and Sentinel-1 satellite open-source mea-
sured data, the combined dataset can be directly used for training and validating deep
learning models.

• Verified through three types of experiments—cross-dataset, same-distribution, and
domain shift—this study summarizes the current research challenges and discusses
potential future research directions.

Abstract

Synthetic aperture radar (SAR), as a high-resolution microwave remote sensing imaging
technology, plays an indispensable role in both military and civilian applications. However,
in complex electromagnetic countermeasure environments, radio frequency interference
(RFI) severely degrades SAR imaging quality. SAR anti-interference, as a countermeasure
method, has significantly practical values. Although deep learning-based anti-interference
techniques have demonstrated notable advantages, two key issues remain unresolved:
1. Strong coupling between interference suppression and SAR imaging—most existing
methods rely on raw echo data, leading to a complex processing pipeline and error accumu-
lation. 2. Scarcity of labeled data—the lack of high-quality labeled data severely restricts
model deployment. To address these challenges, this work constructs a standardized
dataset and conducts comprehensive validation experiments based on this dataset. The
main contributions are as follows: Firstly, this work establishes the mathematical model for
block-type interference, laying a theoretical foundation for the subsequent construction of
RFI-polluted data. Secondly, this work constructs a block-type interference dataset, which
includes the labeled data constructed by our laboratory and open-source data from the
Sentinel-1 satellites, providing reliable data support for deep learning. Thirdly, this work
proposes an image subspace-based interference suppression method, which eliminates the
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dependence on raw echo data and significantly simplifies the processing pipeline. Finally,
this work makes a fair comparison of the current works, summarizes the existing problems,
and looks forward to possible future research directions.

Keywords: synthetic aperture radar; radio frequency interference; anti-interference;
interference suppression; dataset

1. Introduction
Synthetic aperture radar, as an advanced microwave imaging system, can provide

all-weather and all-day high-resolution images [1,2], so it is widely applied in aerospace
reconnaissance, aerial remote sensing, satellite marine observation, and agricultural remote
sensing [3,4]. However, with the extensive deployment of various satellites for communica-
tion, navigation, radar, etc. in space, the electromagnetic environment has become increas-
ingly complex, and radio frequency interference (RFI) has gradually evolved into one of
the key challenges for SAR systems [5,6]. Moreover, most high-power ground-based radars
can act as powerful interference sources, which makes SAR systems vulnerable [7–9]. The
current academic community has also developed a variety of interference methods [10,11].
Among these, block-type interference is a widely existing interference pattern; for instance,
even unintentional interference often generates block-type interference [12–14].

To address the appeal challenges, radar anti-interference technology has received
extensive attention, and the existing researches can be summarized into three categories.
1. Radar anti-interference transmission technology: Its core is to perceive in real time
multi-dimensional information such as the azimuth, power, modulation pattern, and
forwarding rules of interference, and then to carry out the optimal design of radar transmis-
sion resources. Common methods include waveform design [15] and beam design [16–18].
Waveform design is to precisely adjust the waveform parameters to effectively counteract
the interference signals, and beam design is to optimize the transmission beam to enhance
the radar’s anti-interference ability in a complex electromagnetic environment. 2. Radar
anti-interference reception technology: It mainly achieves anti-interference by designing
receiving filters in multiple dimensions such as the spatial domain, time domain, fre-
quency domain, and polarization domain. During the accumulation of target echo energy,
the energy of interference signals is simultaneously suppressed. The relevant technolo-
gies cover anti-interference receiving beamforming [19–21], time-domain filtering [22,23],
Doppler-domain filtering [24], polarization-domain filtering [25], and joint multi-domain
filtering [26], etc. 3. Radar anti-interference processing technology: This technology focuses
on amplifying the differences between interference and targets across multiple domains
(such as spatiotemporal, frequency, polarization, etc.), and then effectively separates the
interference from the targets [6,27].

According to published academic literatures, most current radar anti-interference
methods in system level are mainly applicable to active phased array radars rather than
synthetic aperture radars, because SAR is mainly used for imaging and does not possess
the ability to perceive interference. It is worth noting that radar anti-interference processing
technology shows good adaptability in the application of synthetic aperture radars, as it
has no specific constraints on the radar systems. Among them, as an efficient radar anti-
interference processing technology, the interference suppression technology can be roughly
divided into non-parametric methods, parametric methods, and semi-parametric methods.

Non-parametric methods include notch filters [28–30], adaptive filters [31–33], and
subspace projection filters [34–37]. Non-parametric methods are relatively simple, while
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they require significant characteristic differences between the interference signals and the
radar signals. When the characteristic differences are not obvious, their performance is
insufficient. Parametric methods first model the interference signals and then subtract the
fitted interference signals from mixed signals [38–40]. Mostly, their performance is not
clear, especially for some complex scenarios. Unlike parametric methods, semi-parametric
methods do not directly model the interference signals, but mainly use sparse constraints
or low-rank constraints to iteratively separate the interference signals from mixed sig-
nals. These methods can filter out interference signals and also protect target signals, so
their performance is better. Many iterative models have been proposed, including sparse
models [41–43], low-rank models [44–47], and joint sparse low-rank models [42,48–51].
Although semi-parametric methods perform well, they are more time-consuming.

At present, some studies have proven that deep learning methods are feasible, but
most of these methods are variants of non-parametric methods [52–54]. Furthermore,
previous work introduced a deep learning method into SAR interference suppression for
the first time [55]. Previous work injected the sparsity of interference and the low rank
of signals into the loss function to improve its performance, and finally its performance
exceeds the semi-parametric methods such as robust principal component analysis [56].
Previous work proposed a joint image segmentation and image inpainting network, which
first uses a segmentation network to separate the variable interference components, and
then uses an inpainting network for image restoration [14]. Previous work proposed a
regularized optimization feature decomposition network, which can greatly reduce the
difficulty of data fitting by optimizing the regularization term [13]. Previous work proposed
a two-stage self-supervised learning method, with the first stage being a segmentation
network and the second stage being an image restoration network [57].

Despite the growing research interest in deep learning methodologies, their progress in
this specific application remains relatively limited, primarily due to the following reasons:
1. Strong coupling between interference suppression and SAR imaging. Currently, the
vast majority of interference suppression methods focus on SAR echoes. After interference
suppression, post-processing to the raw echoes is still required to obtain SAR images.
This tight integration of interference suppression and SAR imaging not only increases the
complexity of the overall processing flow but also risks error accumulation. 2. The problem
of inadequate data, especially the scarcity of precisely labeled samples, makes model
training and quantitative evaluation challenging, ultimately hindering the application of
deep learning approaches in interference suppression. To address the above challenges, first
of all, this work publicly releases a dataset of block-type radio frequency interference based
on Sentinel-1 satellites and elaborates in detail the mathematical principles of the block-type
radio frequency interference. Secondly, comprehensive experiments are carefully carried
out based on the image subspace. The experimental results show that the network trained
on this dataset exhibits excellent generalization ability and can be efficiently applied to the
measured interference data of Sentinel-1 satellites. Therefore, the published dataset has
important practical value and is expected to promote the development of this field. The
contributions are as follows:

1. We have publicly released a SAR block-type radio frequency interference dataset,
which includes not only precisely annotated data but also unlabeled measurement
data from Sentine-1 satellites. To the best of our extensive knowledge, this is the first
block-type radio frequency interference dataset, filling a critical gap in data resources.

2. We have established a mathematical model of block-type interference, laying a theo-
retical foundation for the subsequent construction of the dataset. Additionally, it also
facilitates others to build their own datasets through this method.
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3. We propose an interference suppression method based on the image subspace, which
doesn’t require the transformation between SAR echoes and SAR images. This char-
acteristic enables the method to break away from the dependence on raw echo data,
greatly simplifying the interference suppression pipeline.

4. We make a fair comparison of the current work, summarize the existing problems in
the current research, and look forward to possible future research directions.

The subsequent arrangement is as follows: Section 2 elaborates in detail the construc-
tion method of the interference dataset and the mathematical principles involved behind it,
providing a solid theoretical basis for the generation of the dataset. Section 3 provides a
comprehensive introduction to the constructed dataset, including the composition, charac-
teristics, and application scenarios. Section 4 clarifies the interference suppression process
and specific implementation details. Section 5 makes a fair comparison of the current works,
and summarizes the existing problems in the current researches. Section 6 summarizes the
full text, and points out the potential research directions for the future.

2. The Model of Block-Type Radio Frequency Interference in Strip-Mode
In the SAR imaging, the complex electromagnetic environment has become a criti-

cal factor limiting SAR image quality. Among these, block-type RFI is a widely existing
interference pattern. As shown in Figure 1a, multiple interference signals with distinct
frequency, amplitude, and phase characteristics coexist simultaneously throughout the
radar pulse duration and exhibit specific distribution patterns. These interference signals
will introduce complex distortions to the radar echoes. When the interference is super-
imposed on the radar echo signals, the result is depicted in Figure 1, where a complete
overlap between the radar and interference signals is clearly observed, with signals of
varying frequencies, amplitudes, and phases intricately intertwined. In practical SAR
imaging, specialized focusing algorithms are employed to extract target information from
the complex echoes and high-quality SAR images can be obtained. However, due to the
complete aliasing between radar and interference signals, the focusing process inevitably
enhances both the desired signals and the interference, leading to a decline in image quality.
Therefore, a systematic investigation into the mechanism of radio frequency interference on
SAR images is of paramount importance. By analyzing the characteristics of interference
signals, and their propagation and transformation, we can comprehensively understand
how RFI deteriorates SAR images. This research will provide a robust theoretical foun-
dation for anti-interference techniques and facilitate the development of more effective
suppression methodologies. Certainly, there are numerous interference patterns, while this
study only focuses on block-like radio frequency interference in strip-mode SAR, thus it
has some limitations shown as follows: (1) The modulation mode of the interference signal
remains unchanged throughout the entire interference period. (2) The SAR operates in the
strip-mode. (3) The tuning rates of the interference signal and the radar signal are different.

The common RFI can be categorized into three types: narrowband interference, chirp-
modulation wideband interference, and sinusoidal-modulation wideband interference, and
this work has established mathematical models for the above three RFI signals. Narrow-
band interference is composed of a series of single-frequency signals and can be represented
as follows:

snbi(τ) = ∑N
n=1 An exp(j2π fcτ + j2π fnτ) (1)
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wherein, fc, An and fn are sequentially represented as the carrier frequency, the amplitude
and the frequency offset, and N represents the number of the interference signals. The
chirp-modulation wideband interference can be represented as follows:

swbicm(τ) = ∑N
n=1 Bn exp

(
j2π fcτ + jπknτ2

)
(2)

wherein, Bn and kn are sequentially represented as the amplitude and the chirp rate. The
sinusoidal-modulation wideband interference can be represented as follows:

swbism(τ) = ∑N
n=1 Cn exp(j2π fcτ + βn sin(2π fnτ)) (3)

wherein, Cn, βn and fn are sequentially represented as the amplitude, the modulation
coefficient and the modulation frequency. According to the first Bessel function, the
sinusoidal-modulation wideband interference can also be expressed as follows:

swbism(τ) = ∑N
n=1(Cn exp(j2π fcτ + βn sin(2π fnτ)))

= ∑N
n=1

(
Cn∑m=∞

m=−∞

(
Jm(βn) sin(2π fcτ + 2πm fnτ)

+Jm(βn) cos(2π fcτ + 2πm fnτ)

))
(4)

wherein, Jm(βn) = ∑∞
k=0

(−1)k

k!Γ(m + k + 1)

(
βn

2

)m+2k

. According to (4), it can be seen that

the sinusoidal-modulation wideband interference is composed of a series of narrowband
interferences. So, the above three interference signals can be uniformly expressed as follows:

sr f i(τ) = ∑N
n=1 Dn exp

(
j2π fcτ + jπkr f iτ

2
)

(5)

wherein, Dn represents the amplitude, and kr f i represents RFI chirp rate. It can be seen that
when kr f i is relatively large, this expression can be approximated as a wideband interference,
and when kr f i is relatively small, it degenerates into a narrowband interference.

In most scenarios, multiple interference signals will coexist within a single radar pulse
duration, as depicted in Figure 1. Crucially, Equation (5) demonstrates that these interfer-
ence signals obey the principle of linear superposition. This fundamental property indicates
that even when the actual interference consists of multiple components, conducting an
in-depth analysis of a single representative interference source can precisely and effectively
elucidate the core influence mechanisms of block-type interference on SAR systems. Taking
a single interference source as an exemplar case, the imaging geometry is illustrated in
Figure 2, where the radar platform moves with a velocity of v along the trajectory from
point B to point A. During synthetic aperture formation, the radar system regularly samples
the target and jammer and the sampling points are shown as dots in Figure 2. The vertical
distance between the target and the radar is denoted as R0, the vertical distance between
the jammer and the radar is denoted as R1, the instantaneous slant range between the

target and the radar is denoted as Rr(η) =
√

R2
0 + (vη)2, the instantaneous slant range

between the jammer and the radar is denoted as Rr f i(η) =
√

R2
1 + (vη)2, and η represents

the azimuth time.
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Figure 1. The process of the radar being jammed by interference signals. (a) The interference echo.
(b) SAR echo. (c) RFI-polluted SAR echo. Among them, τ represents the range time, and η represents
the azimuth time. tr represents the radar pulse duration, τ1 represents the range pulse duration
of the first interference, τ2 represents the range pulse duration of the second interference, and τN

represents the range pulse duration of the N-th interference. ηk represents the azimuth pulse duration
of the interference.

Figure 2. The geometric model of strip-mode SAR. The radar moves from point B to point A at a
speed of v and samples the target and the jammer regularly. Among them, Rr represents the slant
range between the target and the radar, Rr f i represents the slant range between the jammer and the
radar. R0 represents the vertical distance between the radar and the target, and R1 represents the
vertical distance between the radar and the interference.
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At this time, the interference signal can be expressed as follows:

sr f i(τ) = rect

(
τ

tr f i

)
exp

(
j2π fcτ + jπkr f iτ

2
)

(6)

wherein, τ represents the range time, rect(·) denotes a rectangular pulse signal, tr f i indicates
the interference pulse duration, fc represents the carrier frequency, and kr f i denotes the
interference chirp rate.

2.1. Range Compression

As shown in Figure 2, the received 2-D interference signal can be represented
as follows:

sr f i(τ, η) = wr f i

(
τ − Rr f i(η)/c

)
wa(η − ηc) exp

(
−j2π fc

Rr f i(η)
c

)
exp

(
jπkr f i

(
τ − Rr f i(η)/c

)2
)

(7)

wherein, wr f i(·) = rect
(
·/tr f i

)
, wa(·) = rect(·/ta), and ta denotes a single synthetic

aperture duration. The de-chirp range compression can be expressed as follows:

sr( fτ , η) =
∫ ∞

−∞
sr f i(τ, η)hrg(τ, η) exp(−j2π fττ)dτ (8)

wherein, the reference signal can be expressed as follows:

hrg(τ, η) = wr(τ) exp
(
−jπkrτ2

)
(9)

The core of de-chirp processing lies in achieving signal demodulation through the
mixing operation of the echo signal and the reference signal, and the de-chirp signal can be
represented as follows:

sdechirp(τ) = rect

(
τ

tr f i

)
exp

(
jπ
∣∣∣kr − kr f i

∣∣∣τ2
)

(10)

According to the principle of stationary phase, the de-chirp range compression of the
interference can be expressed as follows:

srg( fτ , η) =
∫ ∞
−∞ sdechirp(τ, η) exp(−j2π fττ)dτ

= rect

(
fτ − Rr f i/c

k∆rtr f i

)
wa(η − ηc) exp

(
−jπ

f 2
τ

k∆r

)
exp

(
−j2π fc

Rr f i(η)

c

)
(11)

wherein, k∆r =
∣∣∣kr f i − kr

∣∣∣.
2.2. Range Cell Migration Correction

Usually, stripe-mode SAR conforms to far-field approximation, therefore, the instanta-
neous slant range between the interference and the radar can be expressed as follows:

Rr f i(η) =
√

R2
1 + (vη)2 ≈ R1 +

v2η2

2R1
(12)

Combining (11) and (12), the interference signal is shown as follows:

srg( fτ , η) = rect
( fτ−Rr f i/c

k∆rtr f i

)
wa(η) exp

(
−jπ f 2

τ
k∆r

)
exp(−j2π fcR1/c) exp

(
−jπ v2

λR1
η2
)

(13)
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Through azimuth Fourier transformation, the interference signal can be expressed
as follows:

Srg
(

fτ , fη

)
= rect

(
fτ−R1/c
k∆rtr f i

)
wa
(

fη

)
exp

(
−jπ f 2

τ
k∆r

)
exp(−j2π fcR1/c) exp

(
jπ

f 2
η

kra

)
exp

(
jφrcm

(
fη

))
(14)

wherein, fη represents the azimuth frequency, kra = v2/(λR1) denotes the azimuth chirp
rate of the interference signal, and φrcm(·) denotes the range cell migration component.
After correcting range cell migration component, the interference signal is given by:

Src
(

fτ , fη

)
= rect

(
fτ−R1/c
k∆rtr f i

)
wa
(

fη − fηc

)
exp

(
−jπ f 2

τ
k∆r

)
exp(−j2π fcR1/c) exp

(
jπ

f 2
η

kra

)
(15)

2.3. Azimuth Compression

The azimuth matched filter is given by:

Haz
(

fη

)
= exp

{
−jπ

f 2
η

ka

}
(16)

wherein, ka represents the azimuth chirp rate of the reference signal. According to principle
of stationary phase, by azimuth compression, the interference signal can be expressed
as follows:

sra( fτ , η) =
∫ ∞
−∞ Src

(
fτ , fη

)
Haz
(

fη

)
exp

(
j2π fηη

)
d fη

= rect

(
fτ − R1/c

k∆rtr f i

)
rect

(
η

k∆akata

)
exp(−j2π fcR1/c) exp

(
−jπ

f 2
τ

k∆r

)
exp

(
−jπ

η2

k∆a

)
(17)

wherein, k∆a =
∣∣∣ 1

ka
− 1

kra

∣∣∣.
According to (17), it can be seen that the interference signal appears as a block-type

signal, and usually, the interference regions typically exhibit extensive coverage and high
intensity, severely distorting target areas in the image and consequently significantly
degrading SAR image quality. So, radar anti-jamming technology has become a prominent
research focus in the field of electronic information. By modeling block-type interference
under various parameters and scenarios, and superimposing these onto SAR echo signals,
a substantial volume of labeled samples can be generated. These comprehensive samples
provide abundant data resources for subsequent research on radar anti-jamming, as well
as for model training and testing, thereby significantly enhancing radar’s anti-jamming
capabilities in complex electromagnetic environments.

3. Dataset
During the imaging process of Sentinel-1 satellites, they often suffer from intentional or

unintentional radio frequency interference from ground or space-based sources, which may
be severe enough to blind SAR satellites, significantly impairing their data acquisition ca-
pabilities. To effectively address this challenge, many researchers have proposed numerous
methods. However, for non-parametric, parametric or semi-parametric methods, it remains
difficult to achieve an ideal balance between performance and efficiency. Deep learning,
as an emerging technological paradigm, holds promise for resolving these issues. In the
current radar anti-jamming, the scarcity of labeled samples remains a critical challenge.
On one hand, the lack of training data makes the application of existing deep learning
methods in radar anti-jamming scenarios particularly challenging. On the other hand, with-
out sufficiently diverse and representative test data, it is impossible to comprehensively
and accurately evaluate the model’s performance under different interference conditions,
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making it difficult to identify their bottlenecks. Therefore, preparing a comprehensive
dataset has become one of the primary challenges that urgently need to be addressed in
the field of radar anti-jamming. So, this work releases a dataset of block-type interference,
which includes the data constructed by our laboratory and open-source data from the
Sentinel-1 satellites.

All dataset originates from European Sentinel-1 satellites. Sentinel-1 is a constella-
tion system consisting of two identical SAR satellites. Among them, Sentinel-1A was
successfully launched on 3 April 2014, while Sentinel-1B entered its designated orbit on
25 April 2016. These two satellites are positioned 180 degrees apart in the same orbital
plane, which enables optimal global coverage and efficient data transmission. With this
constellation system, a global imaging task can be completed every six days. Its applications
are wide-ranging, covering key areas such as ocean remote sensing, marine environment
surveillance, ship detection for maritime security, monitoring of tectonic plate movements
for risk assessment, mapping for forest, water, and soil management, as well as supporting
humanitarian aid and crisis response through cartography. The radar parameters are shown
in Table 1. The radar operates in the C-band with a frequency of 5.4 GHz, and the imaging
mode is strip-mode. The pulse duration ranges from 5µs to 100µs, with a radar bandwidth
of less than 100 MHz. The range resolution reaches 5.90 m, while the azimuth resolution
reaches 19.90 m. The polarization modes include either HH+HV or VV+VH.

Table 1. Parameters of strip-mode Sentinel-1 satellites.

Parameters Specification

Operating band C-band (5.40 GHz)
Polarization mode HH+HV or VV+VH

Imaging mode Strip-mode
Pulse duration 5–100µs

Bandwidth <100 MHz
Resolution (Range × Azimuth) 5.90 m × 19.90 m

3.1. The Data Constructed by Our Laboratory

Based on the imaging model elaborated in Section 2, we established a labeled dataset.
This dataset comprises a total of 640 image slices, each with dimensions of 512 × 1500 pixels
and containing 1500 test samples. Each image slice is stored separately as a MATLAB2022
formatted file (.mat), which contains two sets of complex image data (i.e., the RFI-polluted
image and the RFI-free image), as well as key information such as interference related
parameters. The image slices incorporate four distinct signal-to-interference ratios (SIRs),
eight different interference patterns with varying parameters, and four representative
imaging scenarios. When the signal-to-interference ratio is equal to −20 dB, the example
diagrams of different imaging scenarios are shown in Figure 3, the horizontal axis represents
the azimuth direction, the vertical axis represents the range direction, and the scenarios are
successively maritime zone, harbor area, urban region, and mountainous terrain. As shown
in Figure 3, the targets covered by interference are completely obscured, and it is difficult
to identify any contours and details of the interfered targets, which fully demonstrates that
the interference has caused serious damage to SAR images.
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(a) (b) (c) (d) 

Figure 3. RFI-polluted images under different scenarios in constructed data, among them, the
white part is the RFI-polluted area. (a) Maritime zone. (b) Harbor area. (c) Urban region.
(d) Mountainous terrain.

The interference parameters are shown in Table 2, and it covers four signal-to-
interference ratios, namely −30 dB, −20 dB, −10 dB, and 0 dB. As described in [56],
the signal-to -interference ratio (SIR) here is defined as the ratio of the average power of
the target signal in the interfered area to the average power of the interfering signal. The
imaging results under four different signal-to-interference ratios are shown in Figure 4, the
horizontal axis represents the azimuth direction, and the vertical axis represents the range
direction. It can be clearly observed that the effects of interference vary significantly under
different signal-to-interference ratios. When the signal-to-interference ratio is equal to 0 dB,
the contours of most targets are relatively clear, and the general shapes and features of
the targets can still be identified. When the signal-to-interference ratio drops to −10 dB,
a significant change occurs. At this time, the contours of most targets become blurred, a
large amount of detailed information is lost, and only a little isolated strong scattering
points remain. When the signal-to-interference ratio further decreases to −20 dB or −30 dB,
almost all targets are covered by interference, and it is difficult to find any trace of the
targets in the image. Additionally, in practical radar detection, radar signals are typically
target-reflected waves, while radio frequency interference signals are mostly direct waves.
Direct waves incur less loss during propagation, whereas target-reflected waves experience
significant attenuation. As a result, the interference power usually significantly exceeds
the target-reflected power. This physical reality means that in most practical scenarios, the
signal-to-interference ratio remains below −20 dB. Consequently, in the interfered area,
targets are completely obscured by interference. This phenomenon clearly demonstrates
that such interference can significantly degrade the quality of radar images.

Table 2. Interference parameters.

Parameters Specification

Bandwidth 0~100 MHz
signal-to-interference ratios −30 dB, −20 dB, −10 dB, 0 dB

    
(a) (b) (c) (d) 

Figure 4. RFI-polluted images under different signal-to-interference ratios in constructed data, among
them, the white part is the RFI-polluted area. (a) 0 dB. (b) −10 dB. (c) −20 dB. (d) −30 dB.
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3.2. Open-Source Data by Sentinel-1 Satellites

The released dataset further includes the open-source data consisting of 30 image
slices, each with dimensions of 512 × 1500 pixels and containing 1500 test samples. Similar
to the above dataset, we have meticulously categorized the imaging scenarios into four
representative types: maritime zone, harbor area, urban region, and mountainous terrain.
The RFI-polluted images of different scenarios are shown in Figure 5, depicting a sea
area, urban area, port, and mountainous region in sequence; the horizontal axis represents
the azimuth direction, and the vertical axis represents the range direction. From these
four diagrams, it is visually evident that the interference intensity is extremely high, with
signal-to-interference ratios below −20 dB, causing targets to be completely submerged in
noise. Specifically, the first and second diagrams reveal an extremely complex interference
scenario: there exist both high-intensity interference regions characterized by large-area
and dense noise coverage and low-intensity interference regions with relatively sparse
distributions. The third and fourth diagrams clearly show the presence of at least two types
of combined interferences, where different interference types overlap, further increasing
interference complexity. Figure 6 presents images under partial low-interference conditions
with a signal-to-interference ratio close to 0 dB, the horizontal axis represents the azimuth
direction, and the vertical axis represents the range direction. Although the interference
does not completely drown out the targets, the quality of the interfered SAR images has
severely degraded: target edges in the images are blurred, and a large amount of detailed
information is lost. The above results demonstrate that the interference has an extremely
wide coverage and causes severe adverse effects, rendering SAR images unusable.

    
(a) (b) (c) (d) 

Figure 5. RFI-polluted data under strong interference in open-source data, among them, the
white part is the RFI-polluted area. (a) Maritime zone. (b) Harbor area. (c) Urban region.
(d) Mountainous terrain.

  
(a) (b) 

Figure 6. RFI-polluted data under weak interference in open-source data, among them, the white
chaotic part is the RFI-polluted area. (a) Maritime zone. (b) Urban region.

4. Interference Suppression
Under the current research paradigm, most methods predominantly focus on the

SAR echo domain. Specifically, these approaches first perform interference suppression
at the SAR echo stage, and then apply imaging algorithms to convert SAR echoes into
SAR images. However, this operational mode results in a tight coupling between SAR
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interference suppression and SAR imaging. Despite the availability of open-source datasets,
the interference suppression remains highly challenging due to the general lack of SAR
imaging knowledge. This highlights that developing an interference suppression method
based on the image subspace has become a core challenge in this field. To effectively
address this issue, this work proposes an image subspace-based interference suppression
method tailored for the block-type radio frequency interference. A notable advantage of
this method is its exclusive reliance on SAR images, eliminating the switching between
SAR echoes and SAR images. As a result, it successfully decouples block-type interference
suppression from complex and cumbersome imaging algorithms. This feature provides
significant convenience to subsequent researchers, allowing them to focus entirely on
in-depth studies of interference suppression without expending excessive effort on the
interconnections with complex imaging algorithms. The pipeline is shown as Algorithm 1.

Algorithm 1. Block-Type Interference Suppression in Image Subspace

Input: RFI-polluted image (SMXN), azimuth point (M), range point (N)
Output: RFI-free image (S*)
for i = 1:M

X = S(i,:); // Step I
X = stft(X); // Step II
X = H(X); // Step III
X = istft(X); // Step IV
S*(i,:) = X; // Step V

end

4.1. Interference Suppression Based on Image Subspace

Step I. De-compose 2-D complex images into 1-D range signals. According to (17),
when we decompose the block-type interference into a series of one-dimensional (1-D)
range signals, the 1-D range signal of block-type interference can be expressed as follows:

sr f i( fτ) = Ar f i · rect
(

fτ − R1/c
k∆rtr

)
· exp

(
−jπ

f 2
τ

k∆r

)
(18)

wherein, in the k-th azimuth pulse, the amplitude of (17) can be expressed as follows:

Ar f i = rect
(

ηk
k∆akata

)
exp(−j2π fcR1/c) exp

(
−jπ

η2
k

k∆a

)
(19)

Step II. Short-time Fourier transform. Equation (18) indicates that the interference
signal is a wideband signal. Suppressing wideband interference signals is more challenging
in a single time or frequency domain, but relatively simpler in the joint time-frequency
domain. Thus, we can transform the above signals into the joint time-frequency domain.
Among them, h(·) represents the window-function, and the time-frequency transform can
be expressed as follows:

sst f t(t, f ) =
∫ ∞

−∞
x(τ)h(τ − t) exp(−j2π f τ)dτ (20)

Preliminary experiments have shown that the influence of window function type is
not significant, so the commonly used Hamming window is adopted. The window length
is typically in the range of 1/8 to 1/4 of the data length L (where L denotes the number of
sampling points), and L/8 is selected in this study.
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Step III. Suppress interference by deep learning networks. We utilize a deep learning
network to map RFI-polluted time-frequency signals to RFI-free time-frequency signals.
Here, the input to the network is the RFI-polluted time-frequency signal (sst f t), the output
is the RFI-free time-frequency signal (X̂), and the network’s matrix function is defined as
H(·). This mapping process can be expressed as follows:

X̂ = H
(

sst f t

)
(21)

Step IV. Inverse short time Fourier transform. Step IV serves as the inverse operation
of Step II, aiming to transform the time-frequency signals back to the original domain.

sist f t(τ) =
∫ ∞

−∞
X̂(t, f )h(t − τ) exp(j2π f τ)d f (22)

Step V. Transform multiple sets of 1-D signals into 2-D complex images. Step V acts
as the inverse operation of Step I, designed to convert the 1-D range signals back into 2-D
complex images. Following this processing, the RFI-free SAR images can be obtained.

4.2. Evaluation Metrics

According to [14], this work also employs three evaluation metrics: peak signal-to-
noise ratio (PSNR), structural similarity (SSIM), and mean-entropy (ME). In the image
quality assessment framework, PSNR and SSIM calculations rely heavily on paired labeled
data, enabling precise quantitative evaluations of structural and pixel-wise consistency. By
contrast, ME is a self-evaluation metric that only provides a coarse assessment and lacks the
ability to accurately evaluate fine details such as structure and texture. For our constructed
data, since the corresponding label data exists, PSNR and SSIM can be employed to conduct
quantitative comparisons of results from different networks, which helps identify the
limitations of each network. For open-source data by Sentinel-1 satellites, due to the
shortage of labeled data, we can only use ME to conduct a preliminary assessment of the
output results. This metric is capable of quantifying the discrepancies between network
outputs and interfered images, yet it remains insufficient to discern nuanced performance
disparities across different networks.

PSNR represents the noise level, and the larger PSNR, the better performance. PSNR
is presented as follows:{

PSNR
(
X, X̂

)
= 20 log10

MaxX√
MSE

MSE
(
X, X̂

)
= 1

HW ∑W−1
i=0

∥∥X(i, j)− X̂(i, j)
∥∥2 (23)

wherein, X̂ denotes the output of the network, and X denotes the ground-truth, MSE
denotes the root-mean-square, and H and W represent the pixel numbers. SSIM can be
expressed as follows:

SSIM
(
X, X̂

)
=

(
2µXµX̂ + c1

)(
2σXX̂ + c2

)(
µ2

X + µ2
X̂
+ c1

)(
σ2

X + σ2
X̂
+ c2

) (24)

wherein, µ denotes the mean value, σ denotes the variance or the covariance. A higher
structural similarity indicates better performance. ME is defined as follows:

ME
(
X̂
)
= Mean

(
X̂
)
· Ent

(
X̂
)

(25)
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wherein, Ent(·) denotes the entropy, Mean(·) denotes the mean value. A smaller entropy
indicates a clearer image, and a smaller mean value indicates lower interference, so a
smaller ME indicates better performance.

4.3. Implementation Details

To establish a rigorous and reproducible experimental framework, all model training
and evaluations were executed on a standardized hardware platform comprising a 20-core
Intel Core i7-14700 K processor (2.50 GHz base frequency) and NVIDIA GeForce RTX
3090 GPU with 24 GB dedicated memory. Utilizing the curated dataset, we systematically
trained and evaluated the distinct state-of-the-art detection architectures under identical
configurations. For standardized comparison, each model underwent 100-epoch training
cycles with a uniformly applied batch size of 4, ensuring consistent computational through-
put and memory utilization patterns across all experimental iterations. The initial learning
rate is set to 0.0002, and the AdamW optimizer is adopted.

5. Experiment
To comprehensively evaluate the validity of the dataset published in this work, we

carefully designed and conducted three groups of experiments. In the first group, the
data constructed by our laboratory was used as training data, and the open-source data
from Sentinel-1 served as testing data. This experimental setup aims to examine whether a
network trained on our constructed data can effectively generalize to real-world interference
scenarios. If the network performs well on real RFI-polluted Sentinel-1 data, it can be
reasonably inferred that our modeling of block-type RFI is accurate. In the second group,
both the training and testing data are derived from our constructed data and adhere to the
same data distribution. This experiment focuses on investigating the prediction ability of
models within the same data distribution, which is conducive to thoroughly uncovering
the performance differences among different models. In the third group, although both
testing and training data originate from our constructed data, they do not adhere to the
principle of identical data distribution—i.e., significant differences exist in interference
parameters between training and testing data. Through this experiment, we can explore
how the model’s performance changes when facing inconsistent interference parameters
between training and test data. The above studies can identify the current shortcomings
and provide directions for subsequent research.

We carefully select the representative models to conduct comprehensive and in-depth
validation experiments. The models include DNCNN [55], PISNet [56], UNet [57], and
FDNet [13]. Among them, DNCNN, PISNet, and UNet belong to the CNN-based network
model family. Leveraging the unique advantages of convolutional neural networks in
feature extraction, they have demonstrated excellent performance in numerous past studies
and practical application scenarios. FDNet is part of the Transformer-based network
model family, showcasing outstanding capabilities in capturing long-range dependency
relationships. During the experiment, we keenly observed a crucial issue in PISNet: the
final sigmoid layer caused significant convergence difficulties during the training process.
After in-depth analysis, this phenomenon may stem from the inherent characteristics of
the sigmoid function, which can easily lead to gradient vanishing or gradient explosion,
thus impeding the update of network parameters. Moreover, from a physical perspective,
the additional non-linear processing added in the last layer of PISNet lacks a clear and
reasonable explanation. Based on these two considerations, we decisively removed the
final sigmoid layer in PISNet. Additionally, it is worth noting that in the interference
suppression, high-power and variable interference components pose significant challenges
to the networks. This work employs the data regularization method proposed in [13]
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during the data preprocessing stage, and this method can counteract the aforementioned
impacts to a certain extent. The expression is shown in Equation (26), where Y denotes
the label, X denotes RFI-polluted image, and Xmax represents the maximum value of X.
By providing a higher-quality data for subsequent training, it significantly enhances the
network’s performance in complex interference environments.{

Ynorm = Y
max(X)

= Y/Xmax

Xnorm = X
max(X)

= X/Xmax
(26)

5.1. Experiment Under the Open-Source Data from Sentinel-1

To fully verify the reliability of our dataset, this study first conducted validation
experiments based on the open-source data from Sentinel-1. In this experiment, the train-
ing data was from our constructed dataset, while the testing data was from Sentinel-1
satellites. It is worth noting that the patterns and power of the actual interference are
unknown, so the constructed data must closely resemble real-world interference scenarios
to ensure that the training network is effective. Time-frequency spectrums are shown
in Figure 7, the horizontal axis represents the time unit, and the vertical axis represents
the frequency unit. SAR images are shown in Figure 8, the horizontal axis represents the
azimuth direction, and the vertical axis represents the range direction. As clearly seen
from Figure 7, FDNet demonstrated the most outstanding performance, which justifies
that Transformer-based network has superior capabilities in feature extraction. Figure 8
clearly shows that the relative motion in the range direction between the interference source
and the radar leads to significant slant-range shifts in blocky interference. Fortunately,
all networks effectively eliminate the above interference. Additionally, in the transition
zone between non-interference and interference regions, the target structure transitions
naturally. Based on these results, we can reasonably infer and conclude that: networks
trained by our constructed dataset possess excellent generalization capabilities and can be
effectively applied to practical interfered datasets. This discovery strongly confirms that our
modeling of interference is correct. The dataset we constructed is highly consistent with the
interference dataset sourced from the open data of Sentinel-1 satellites, and the dataset we
constructed can serve as a substitute for Sentinel-1 data. The examination of Table 3 reveals
that there are almost no differences among these three methods in ME, so relying solely
on the self-assessment method is insufficient to fully uncover the performance limitations
in practical applications. Therefore, for subsequent research, constructing matched label
samples has become a key step to deeply explore and identify such limitations, and it will
provide important guidance for the optimization and improvement of the network.

 
(a) (b) (c) (d) (e) 

Figure 7. Time-frequency spectrum of open-source data from Sentinel-1. (a) RFI-polluted Time-
frequency spectrum. (b) Time-frequency spectrum by DNCNN. (c) Time-frequency spectrum by
PISNet. (d) Time-frequency spectrum by UNet. (e) Time-frequency spectrum by FDNet.
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(a) (b) (c) (d) (e) 

Figure 8. SAR images of open-source data from Sentinel-1, among them, the white part is the RFI-
polluted area. (a) RFI-polluted SAR image. (b) SAR image by DNCNN. (c) SAR image by PISNet. (d)
SAR image by UNet. (e) SAR image by FDNet.

Table 3. Mean-entropy Under the Open-source Data from Sentinel-1.

Methods ME

RFI-polluted 0.314
DNCNN 0.068
PISNet 0.067
UNet 0.066

FDNet 0.064

5.2. Experiment Under the Same Data Distribution

In the experiment under the same data distribution, we carefully select the dataset
with a signal-to-interference ratio (SIR) of −20 dB as the training data, while the testing data
included different signal-to-interference ratios: 0 dB, −10 dB, −20 dB, and −30 dB. The
results under these conditions are presented in Figure 9. We can clearly observe that as the
SIR decreases, the PSNR and SSIM of the RFI-polluted images shows a gradual downward
trend. Fortunately, all four methods significantly improve the PSNR and SSIM. When
the SIR is greater than or equal to −20 dB, the four methods can effectively mitigate the
interference and achieve satisfactory results. However, when the SIR drops to −30 dB, the
performance of all methods declines, which clearly indicates that high-power interference
poses significant challenges to networks, making it difficult to accurately reconstruct clean
data. Among the four methods, FDNet performs better and is more robust to the noise
power. Under the four different SIR conditions, FDNet maintains a PSNR above 30 dB and
an SSIM greater than 90%. In contrast, PISNet and DNCNN are more significantly affected
by different SIRs—their performance declines sharply as the SIR decreases. Furthermore, it
is precisely because the constructed data includes ground truth that we can conduct a more
detailed and comprehensive evaluation of the images. This meticulous evaluation allows us
to keenly identify the shortcomings of the current networks, which in turn provides a clear
direction for further model optimization. By adjusting the network architecture, parameter
settings, or training strategies, researchers can gradually improve model performance and
significantly enhance image quality.

We further present the experimental results when the SIR is equal to −20 dB. The
time-frequency spectrums are shown in Figure 10, the horizontal axis represents the time
unit, and the vertical axis represents the frequency unit. SAR images are shown in Figure 11,
the horizontal axis represents the azimuth direction, and the vertical axis represents the
range direction. As clearly observed in Figure 10, the time-frequency spectrum suffers
severe interference contamination, with originally distinct signal characteristics being com-
pletely obscured by substantial chaotic interference. Compared with the ground truth,
most of methods still exhibit minor residual noise, while FDNet demonstrates superior
performance. A close examination of Figure 10 reveals that the interference signals are
extensively distributed throughout the entire spatial domain. Under such conditions, FD-
Net demonstrates superior performance by leveraging its unique global feature extraction
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capability. As can be seen from Figure 11, when the SIR is equal to −20 dB, the target
is almost completely obscured by the interference, making it difficult to directly identify
the contours and details of the targets. This fully highlights the powerful destructive
effect of high-intensity interference on SAR images. After training the network with the
publicly available dataset, it is exciting to note that the four methods exhibit excellent
interference suppression capabilities and can eliminate the vast majority of interference.
More importantly, the detailed structures of the SAR images are fully reconstructed. The
above indicates that when the training data and the testing data have the same distribution,
the block-type interference can be effectively eliminated.

  
(a) (b) 

Figure 9. Experimental results of different signal-to-interference ratios under the same data distribu-
tion. (a) PSNR. (b) SSIM.

(a) (b) (c) 

(d) (e) (f) 

Figure 10. Time-frequency spectrums under the same data distribution with a signal-to-interference
ratio of −20 dB. (a) RFI-polluted. (b) Ground Truth. (c) DNCNN. (d) PISNet. (e) UNet. (f) FDNet.
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(a) (b) (c) 

(d) (e) (f) 

Figure 11. SAR images under the same data distribution with a signal-to-interference ratio of −20 dB,
among them, the white part is the RFI-polluted area. (a) RFI-polluted. (b) Ground Truth. (c) DNCNN.
(d) PISNet. (e) UNet. (f) FDNet.

5.3. Experiment Under the Domain Shift Condition

Whether it is intentional interference or unintentional interference, the modulation
modes of interference signals are likely to differ. While interferences with different mod-
ulation modes show minor differences in the image domain, they exhibit considerable
distribution shifts in the signal space, which may lead to the above methods failure. When
significant distribution shifts occur between training and test data, the test results for
different signal-to-interference ratios are shown in Figure 12. Evidently, compared with
the original interfered data, the image quality improves under four conditions. When the
signal-to-interference ratio is equal to 0 dB or −10 dB, the PSNR exceeds 30 dB, and the
SSIM approaches or exceeds 90%. The above indicates that the network remains effective in
a weakly interfered environment, and the image quality is relatively high after interference
suppression. However, when the signal-to-interference ratio is below −20 dB, the PSNR
and SSIM deteriorate sharply, and there are no significant differences between different
networks. Under this condition, the PSNR drops below 25 dB. These experimental results
strongly indicate that when a significant distribution shift occurs between training and
testing data, model performance degrades, so data distribution shift has become one of
the key challenges in SAR interference suppression. Additionally, experimental results
under −20 dB interference condition are shown in Figure 13, the horizontal axis repre-
sents the azimuth direction, and the vertical axis represents the range direction. It can
be observed that although most of the interference has been removed, residual interfer-
ence components remain in the SAR images, and targets exhibit significant distortion.
These observations indicate that data distribution shift has emerged as a critical challenge,
exerting a non-negligible negative impact on radar signal processing and interference
suppression. Addressing data distribution shift and enhancing model generalization will
therefore become one of the main focuses for future research.
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(a) (b) 

Figure 12. Experimental results of different signal-to-interference ratios under the domain shift
condition. (a) PSNR. (b) SSIM.

(a) (b) (c) 

(d) (e) (f) 

Figure 13. SAR images under the domain shift condition with a signal-to-interference ratio of −20 dB,
among them, the white part is the RFI-polluted area. (a) RFI-polluted. (b) Ground Truth. (c) DNCNN.
(d) PISNet. (e) UNet. (f) FDNet.

5.4. Experiment Under Different Domains

The experimental results of the image subspace and echo domain are shown in Fig-
ure 14. Compared with the echo domain, the proposed image subspace method exhibits a
slight advantage in comprehensive performance, with the most significant improvement
achieved under the condition of −30 dB signal-to-interference ratio: the PSNR is improved
by 0.96 dB, and the SSIM is improved by 0.06. In addition, the proposed image subspace
method can decouple the interference suppression process from the imaging workflow,
which significantly simplifies the overall processing pipeline and enhances the engineering
practicality of the method.
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(a) (b) 

Figure 14. Experimental results of different signal-to-interference ratios under different domains.
(a) PSNR. (b) SSIM.

6. Conclusions and Discussion
As a high-resolution imaging radar, SAR has demonstrated extensive and significant

application value across various fields. However, the quality of SAR images can severely
degrade when subjected to interference during the imaging process, significantly limiting
their actual effectiveness. Among various interference patterns, the block-type interference
is a prevalent type. While numerous methods have been proposed to address this issue,
classical approaches struggle to achieve an ideal balance between performance and effi-
ciency. The rise of deep learning technology has provided new opportunities to resolve
this dilemma. Nevertheless, the lack of training and testing data—particularly the severe
shortage of labeled data—has greatly hindered effective training and precise evaluation of
deep learning models, and emerges as a critical bottleneck. To address these challenges,
this work makes the following contributions: First, this work establishes the mathematical
formulation of block-type interference, laying a robust theoretical foundation for construct-
ing RFI-polluted data. Second, a publicly accessible SAR block-type interference dataset is
released, which integrates both the labeled data form our laboratory and field-measured
data form Sentinel-1 satellites. Third, an image subspace-based anti-interference method is
proposed. This approach successfully decouples SAR interference suppression from SAR
imaging. Fourth, a comprehensive and rigorous validation is conducted on the published
dataset using the most advanced methods in the field of interference suppression. Further-
more, from an experimental perspective, we have identified certain current limitations and
proposed potential research directions. 1. The scarcity of labeled samples remains a critical
bottleneck. Due to the high complexity and specificity of radar countermeasure scenarios,
there is a severe shortage of matched labeled samples, which causes significant difficulties
in model training. So, exploring deep learning models based on weakly supervised or
unsupervised learning has become one of the important research directions. 2. Data distri-
bution shift is another critical challenge hindering the transition of deep learning models
from theory to practical application. When significant distribution shifts exist between
training and testing data, their performance deteriorates sharply. Therefore, improving the
generalization capability of models and ensuring their effectiveness across scenarios with
different data distributions has become another formidable problem.
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