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A B S T R A C T

Synthetic Aperture Radar (SAR) data acquisition is increasingly challenged by the overcrowded radio frequency 
bands, leading to the problem of Radio Frequency Interference (RFI), particularly at L-band. Knowledges about 
global RFI are important for the protection of the microwave bands allocated for active remote sensing, SAR 
system design and operation, as well as the systematic mitigation of RFI for SAR data end users. It is becoming 
more important as we are entering the unprecedented golden age of L-band SAR satellites. In this work, we 
develop algorithms, workflow and system for operationally measuring global RFI experienced by L-band SAR 
data. We define a data format for recording the RFI measurements, which facilitates the computation of a number 
of RFI metrics. We process all available L-band SAR data acquired by the JAXA ALOS-1 (2006–2011) and JERS-1 
(1992–1998) satellites. For comparison with RFI in C-band data, we also process part of the ESA Envisat 
(2002− 2012) data archive acquired in the same time frame (2005–2007). The final results provide a global view 
of RFI at L-band, showing its spatial and temporal variations. We find heavy RFI pollutions in East Asia, North 
America, and the region consisting of Europe, North Africa and the Middle East. Comparison of results from 
ALOS-1 and JERS-1 indicates the increasing trend of RFI pollution. Comparison with C-band Envisat result shows 
that RFI at L-band is significantly more severe than at C-band. Comparison of results from different polarizations 
shows that cross polarization data are more susceptible to RFI due to their lower radar backscatter. The global 
RFI distribution from L-band SAR data is found similar to that from L-band passive radiometers including SMOS 
and SMAP.

1. Introduction

Synthetic Aperture Radar (SAR) is an active microwave remote 
sensing instrument that can acquire high resolution images of the 
Earth’s surface. In the range direction, its resolution is attributable to its 
signal’s wide bandwidth, usually covering several tens of megahertz. In 
addition to the signals transmitted by itself, SAR antenna also receives 
any signals from other sources transmitting electromagnetic waves in 
the same frequency band. These unexpected signals would degrade SAR 
images, which is known as Radio Frequency Interference (RFI). As the 
radio frequency bands are becoming overcrowded, RFI is increasingly 
affecting SAR signals, particularly at long-wavelength bands, such as L- 
band. L-band SAR plays a critical role in active remote sensing, with a 
variety of applications such as vegetation studies (Shimada et al., 2014; 
Chang et al., 2022), deformation measurement (Haghighi and Motagh, 
2019; Liang et al., 2024), disasters monitoring (Grimaldi et al., 2020; Liu 
et al., 2021) and civilian surveillance (Arai et al., 2022). RFI is a 

potential threat to nearly all these applications.
The L-band a SAR can use ranges from 1215 to 1300 MHz, which is 

the frequency band the International Telecommunication Union (ITU) 
allocates to Earth Exploration-Satellite Service (EESS) (active). This 
frequency band is also allocated to Radio Navigation Satellite Service 
(RNSS), Radio Location Service (RLS), Space Research Service (SRS), 
Aeronautical Radio Navigation Service (ARNS), and amateur-satellite 
service. In some countries or regions (e.g. China and Japan), the 
shortage of spectrum resources has led to its repurposing for fixed and 
mobile services. RNSS, including Global Navigation Satellite Systems, 
Regional Navigation Satellite Systems, and Satellite-Based Augmenta
tion Systems, is the primary source of spaceborne RFI in SAR data 
acquisition. The transmitted power of these interference signals is 
typically low, often only a few tens of watts (Spencer et al., 2013), but 
they are also continuous wideband coded signals, making them difficult 
to distinguish from SAR echoes. Ground-based RFI sources are more 
diverse, including RLS, telecommunications equipment for mobile or 
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fixed services, amateur radio, etc. The power of these RFI signals is often 
significantly higher than SAR echoes, and therefore they comprise the 
main interferences found in SAR data.

As the RFI issue is becoming more severe, it has been attracting 
increasing attention. For example, in 2010, the EC Joint Research Center 
conducted a study on the radio frequency threat against telecommuni
cations and ICT control systems (Wildemeersch and Fortuny-Guasch, 
2010). In the same year, the United States National Research Council 
(NRC) initiated a study addressing the challenges of radio frequency 
spectrum occupancy in passive microwave remote sensing (National 
Research Council, 2010). Five years later, NASA commissioned NRC to 
perform a similar investigation, focusing on active scientific sensors, 
particularly radar systems (National Academies of Sciences, Engineer
ing, and Medicine, 2015). New Zealand (Chiang et al., 2007), India 
(Patil et al., 2011), China (Chen et al., 2012), and other regions have also 
conducted a series of spectrum occupancy analyses. Addressing the issue 
of RFI in SAR data requires a collaborative effort from the science 
community, government agencies, and the telecommunications 
industry.

Previous research on RFI in active microwave remote sensing has 
been mainly focused on algorithm development. Non-parametric 
methods primarily involve filtering and matrix operations. The former 
leverages the magnitude difference between RFI signals and SAR echo 
signals for RFI detection and mitigation (Buckreuss and Horn, 1998; 
Shimada, 2005; Chan et al., 2011; Meyer et al., 2013), while the latter 
makes use of techniques, such as principal component analysis (Zhou 
et al., 2013), eigenvalue decomposition (Yang et al., 2021), and sub
space projection (Li et al., 2022), to directly separate interference signals 
from SAR signals. Non-parametric methods usually lead to signal loss. 
Using both magnitude and phase information, parametric methods first 
try to model the RFI signals and then estimate the model parameters 
(Miller et al., 1995; Huang and Liang, 1999; Liu et al., 2013; Mao et al., 
2024). Parametric methods aim to preserve SAR signal while mitigating 
RFI. However, as the RFI signals are diverse and may even be complex, 
accurate modeling of each type of RFI is challenging. To improve the 
interference suppression performance while retaining the SAR echoes, 
the signal separation problem has been transformed into an optimiza
tion problem. This leads to the semi-parametric methods based on “low- 
rank” and “sparse” properties (Nguyen and Tran, 2016; Liu et al., 2018; 
Lu et al., 2021; Lyu et al., 2021; Su et al., 2022). These algorithms 
require tuning of one or more hyperparameters based on prior knowl
edge of RFI and SAR signal characteristics, which is why they are clas
sified as semi-parametric methods. In recent years, machine learning 
techniques have also been explored for RFI detection and mitigation 
(Artiemjew et al., 2020; Tao et al., 2022; Sorensen et al., 2023). These 
methods can also be classified as semi-parametric since they integrate 
data-driven pattern recognition with predefined model architectures 
and manually-tuned hyperparameters. However, both optimization and 
machine learning approaches entail significant computational burdens 
due to their iterative nature and high-dimensional parameter spaces.

While the algorithms continue to improve particularly considering 
the diversity of RFI sources, there is also a growing need of RFI database 
to support the analysis of global RFI, the engineering and science ap
plications, and the policy making for protecting the radio frequency 
bands allocated to microwave remote sensing (Spencer and Ulaby, 2016; 
De Matthaeis et al., 2018; Pedro et al., 2022). In passive microwave 
remote sensing, global RFI products have already been routinely 
generated and analyzed for L-band microwave radiometers including 
those onboard SMAP and SMOS satellites (Mohammed et al., 2016; 
Oliva et al., 2016; Uranga et al., 2018), which indeed has helped protect 
the frequency band allocated to passive microwave remote sensing. In 
active remote sensing, however, much less effort has been put into the 
systematic generation, archiving, and analysis of the global RFI. In 
Meyer et al. (2011), a very preliminary version of global RFI from ALOS- 
1 data was generated with limited temporal coverage (2010 to 2011). 
For satellite operation agencies, such as Japan Aerospace Exploration 

Agency (JAXA), their work has been mainly focused on the removal of 
the RFI in the routine generation of SAR image products. A global RFI 
database along with its analysis become particularly important, as we 
are entering the golden age of L-band SAR satellites with a fleet of L- 
band SAR satellites in operation and to launch in the future including 
ALOS-2, SAOCOM-1 A/B, LuTan-1 A/B, ALOS-4, NISAR and ROSE-L.

In this work, we develop algorithms, workflow and system for 
operationally mapping the global RFI in L-band SAR data. We define a 
data format for recording the RFI measurements, which facilitates the 
computation of a number of RFI metrics. We process all available L-band 
SAR data acquired by the JAXA ALOS-1 (2006–2011) and JERS-1 
(1992–1998) satellites. For comparison with RFI in C-band data, we 
also process part of the ESA Envisat (2002–2012) data archive acquired 
in the same time frame (2005–2007). We also compare the results with 
those from L-band passive microwave radiometers onboard the SMOS 
and SMAP satellites. In the following sections, we present the results 
along with our analysis.

2. Method for measuring RFI

2.1. Workflow

Our purpose is to operationally and systematically process the entire 
data archive acquired by different satellites. First of all, the RFI 
measuring method should be efficient enough to allow us to handle such 
large amount of data. Secondly, the method should be robust enough to 
effectively deal with different situations.

Our workflow for measuring RFI is shown in Fig. 1. The workflow 
works with raw data and processes the data orbit by orbit. The data of an 
orbit may consist of several blocks of data in azimuth depending on the 
SAR operation periods in the orbit. For each block, the data are 
segmented into a number of smaller blocks in azimuth, with each 
smaller block having the same starting range. Each smaller block is 
further segmented into even smaller manageable blocks in azimuth, 
hereafter referred to as subblocks, so that the data volume won’t exceed 
the computer capacity. The RFI measurement algorithm works on the 
subblocks in the range frequency domain. The subblock processing re
sults are then geocoded using SAR geometry and estimated Doppler 
frequency parameters, forming the result of a whole original block that 
is not segmented.

2.2. Preprocessing of the data

For a SAR satellite, the whole Earth’s surface is divided into standard 
tracks and frames, and the data are distributed according to the track 
and frame numbers. We manage the large amount of SAR data according 
to their orbit numbers, however. When SAR orbits around the Earth, it 
may turn on and off a few times, and therefore the data acquired in one 
orbit may consist of a few continuous blocks. Each block can cover a 
number of consecutive frames in azimuth. During the acquisition of the 
block of data, the starting range can change every short period of time.

For each block of data, we first stitch the frames in the block, and 
then segment the entire block into smaller blocks in azimuth based on 
starting ranges. Note that the overlapping areas between two consecu
tive frames are large (e.g. 17,000–18,000 lines for ALOS-1) considering 
the long synthetic aperture of L-band SAR. This approach can avoid the 
redundant processing of the overlapping areas and the range zero- 
padding due to the change of starting range, and facilitate the Doppler 
centroid frequency estimation and the positioning of detected RFI. The 
resulting smaller blocks are actually large. For example, the mean 
smaller block length of ALOS-1 is about 60,000 lines. Therefore, each 
resulting smaller block is further segmented into subblocks with a length 
of 5000 lines, so that they can be easily handled by a computer.

We want to measure all RFI in the bandwidth spanning the range 
sampling frequency, rather than only the range bandwidth. However, 
the actual range spectrum magnitude varies within this frequency range, 
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affecting the detection of RFI. On the other hand, there is a null area in 
the spectrum associated with the oversampling ratio of the data. Ideally, 
the magnitude of the range spectrum is a rectangular function. The 
actual spectrum magnitude, however, depends on the specific SAR in
strument and the Gibbs phenomenon.

To remove these fluctuations of the spectrum, we first estimate a 
standard spectrum using data acquired in RFI-free areas whose back
scatter does not change with range frequency. We use a large amount of 
data acquired in South Africa, South America, and over oceans, compute 
their range spectra, and average these spectra to estimate the standard 
spectrum. The normalized standard spectrum of ALOS-1 FBD mode is 
shown in Fig. 2.

The Gibbs phenomenon is removed by dividing the range spectrum 
by the standard range spectrum. In the null area of the spectrum, 
however, the estimated standard spectrum may not be representative 
depending on noise levels. For this part of the spectrum, we use poly
nomial fitting to capture and subsequently remove the spectrum 
magnitude variations. A quartic polynomial can reach a correlation 
coefficient as high as 0.999, and thus is enough to remove the variations. 
Fig. S1 in the supplementary materials shows a result of removing the 
spectrum magnitude fluctuations for ALOS-1 FBD mode data.

As a final problem of the range spectrum, the zero-frequency 
magnitude appears abnormally high for some data (e.g. data of ALOS- 
1 FBD) as shown in Fig. S1 in the supplementary materials. This is not 
RFI. It is caused by the use of nominal bias values for the I and Q 
channels. For ALOS-1 FBD mode, both I and Q biases are 63.5. If we use 
the I and Q biases estimated as the mean value of each channel instead, 
the large magnitude of zero frequency disappears as shown in Fig. S2 in 
the supplementary materials. However, the estimated value might still 
not be precise enough as there is still a smaller anomaly at zero 

frequency. This smaller anomaly is caused by the bias in the mean value 
due to the RFI.

In azimuth, the magnitude of the radar echo varies with different 
landcovers. We use a Gaussian filter to suppress the variations to mini
mize their effects on the RFI measurement. The filtering is performed on 
the mean magnitude of each line. However, due to the presence of RFI, 
the computed mean magnitude also deviates from its true value. If the 

Segmentation in
Azimuth

All Frames of Raw
Data in a BlockSubblocks

Range FFT Range Preprocessing Azimuth
Preprocessing

Wideband RFI
Detection

Narrowband RFI
Detection

Range IFFT

RFI Mitigation

Subblocks with
RFI Removal

Doppler Centroid
Frequency Estimation Geocoding

RFI in
subblocks RFI of a Block

Block Level Processing

Subblock Level Processing

Block Level Processing

Fig. 1. The workflow for operationally measuring global RFI in L-band SAR data.

(1270)

Fig. 2. The normalized standard spectrum of ALOS-1 FBD mode. The number 
in the parentheses in the horizontal axis represents the actual radar center 
frequency, and the same applies to the subsequent figures.
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number of lines is large, the characteristics of RFI, such as bandwidth 
and power, may change significantly, leading to substantial deviation 
differences and therefore a decreased accuracy of RFI detection. This 
constraint is also one of the reasons why we limit the number of lines in 
each subblock to 5000.

2.3. RFI detection

In general, RFI detection techniques mainly identify the presence of 
signals significantly different from the expected radar echo return, 
either in the frequency or time domain. According to the National 
Academies of Sciences, Engineering, and Medicine (2015), RFI is clas
sified as narrowband RFI, pulsed RFI, broadband RFI and heterogeneous 
RFI environments. Narrowband interference typically has a bandwidth 
significantly narrower than the operational bandwidth of the SAR sys
tem while maintaining temporal continuity relative to the sensor inte
gration time. Pulsed RFI often exhibits intermittent temporal 
characteristics with varying repetition intervals, occupying a wider 
bandwidth compared to narrowband RFI. These two categories consti
tute the predominant RFI signals in SAR datasets and are the primary 
targets of most RFI detection algorithms (Tao et al., 2019). Broadband 
RFI encompasses signals modulated over bandwidths comparable to or 
exceeding the SAR system’s operational bandwidth, and is usually 
continuous in time. Heterogeneous RFI involves concurrent emissions 
from multiple RFI sources exhibiting diverse temporal-spectral charac
teristics. The latter two categories prove particularly challenging to 
distinguish from SAR echoes due to spectral overlap and temporal 
coexistence.

No algorithms are able to detect all types of RFI considering the di
versity. To detect global RFI, efficiency should also be considered. An 
operational algorithm thus have to be both computationally efficient 
and effective for most RFI. Meyer et al. (2013) detected the first two 
types of RFI and renamed them as time-stationary narrowband RFI and 
time-varying wideband RFI, better reflecting their distinct temporal- 
spectral characteristics. We also detect these two types of RFI, which 
appears as vertical or horizontal bright lines in the range frequency and 
azimuth time domain. We hereafter refer to them as narrowband RFI 
and wideband RFI respectively.

In the range frequency domain, the spectra of RFI and radar echoes 
are superimposed, and therefore the magnitudes of spectrum compo
nents containing RFI are larger than those without RFI. We compute the 
mean value and standard deviation of the spectrum magnitude and then 
set a threshold as the mean value plus three times the standard devia
tion. Pixels with magnitude above this threshold are identified as con
taining RFI. This process is iterated twice considering the significant bias 
in the initial estimation result. RFI with lower power thus cannot be 
detected.

We execute the detection in both row and column directions, cor
responding to wideband RFI and narrowband RFI with a long time span, 
respectively. For wideband RFI detection, the range frequency spectrum 
is divided into a number of frequency bands with a 50% overlap between 
adjacent bands. Within each frequency band, the previously described 
method is used to identify pixels contaminated by RFI. Narrowband RFI 
detection involves dividing the data into a number of pieces along the 
azimuth direction and applying a similar approach. During narrowband 
RFI detection, the results from wideband RFI detection are taken into 
account to avoid extensive overlaps between the two types of RFI.

During wideband RFI detection, there may be frequency bands that 
are heavily affected by RFI, such as those near the center frequency 
shown in Fig. S3(a) in the supplementary materials. In this case, the 
computed mean magnitude may not accurately represent that of radar 
signal without RFI. Therefore, it is necessary to consider the computed 
mean magnitudes of all frequency bands collectively and conduct a 
cluster analysis, assuming that frequency bands with large mean mag
nitudes have higher RFI. We apply the k-means method, sequentially 
testing the number of clusters from 2 to 4, and select the classification 

scheme with the highest silhouette coefficient. The RFI level in fre
quency bands differs significantly in different classes. For frequency 
bands with higher RFI, their parameters, including both mean value and 
standard deviation of the spectrum magnitude, are replaced with those 
of the frequency bands in the class with the lowest RFI.

For narrowband RFI detection, the data are divided into a number of 
pieces in the azimuth direction. If some pieces have high RFI that re
quires the aforementioned clustering analysis, it indicates that many 
narrowband RFI signals with different frequencies are received in a short 
period, which rarely happens. Even if it happens, these RFI signals 
would be detected as wideband RFI earlier. Therefore, we do not 
perform clustering analysis in narrowband RFI detection.

The detection algorithm generates discrete estimation results, which 
are refined using morphological dilation and erosion methods to form 
continuous results. The effect of morphological processing is shown in 
Fig. S4 in the supplementary materials. The continuous results not only 
better characterize the two types of RFI, but also facilitate the recording 
of detected RFI.

Pixels affected by RFI are set to zero to improve the Doppler centroid 
frequency estimation as required in the geocoding of RFI. Note that the 
preprocessing in range and azimuth is only for RFI detection. When 
removing RFI, the original spectrum should be used. Then the data are 
transformed back to the 2D time domain by a range IFFT, in which the 
subsequent Doppler centroid frequency estimation is performed.

2.4. Geocoding of the detected RFI

RFI Geocoding requires the radar antenna pointing direction, mainly 
the squint angle directly related to Doppler centroid frequency. For a 
block, we first estimate the Doppler centroid frequencies in each sub
block, then we fit a 2D quadratic polynomial to the results. We use the 
phase increment method to estimate Doppler centroid frequency 
(Madsen, 1989). However, the PRF might change in a block. We esti
mate Doppler centroid frequency with data having the same PRF, 
instead of resampling the block to unify PRF. Therefore, when per
forming polynomial fitting, we use azimuth time, instead of azimuth line 
number.

Using the Doppler centroid frequency polynomial and radar geo
metric data as input, we geocode the RFI using the topo module in ISCE 
software (Rosen et al., 2012). To save time, 

1) We use a constant elevation of 0 m, instead of a DEM.
2) We geocode the RFI subblock by subblock. For each subblock, we 

only run the topo module for the first and last lines. Results of the 
remaining lines can be obtained through interpolation.

To evaluate the position errors due to the use of zero elevation, we 
first generate a geocoding result for sample data using a real DEM with 
30 m resolution. Then we repeat the process using DEMs of constant 
evaluations of 0, − 500, and 9000 m, respectively. The resulting longi
tude and latitude errors are smaller than 0.02◦ and 0.005◦, corre
sponding to a maximum position error of 2.5 km.

For the position errors due to the use of interpolation, note that the 
subblock size is only 5000 lines, and therefore the resulting errors 
should not be significant. We compare the interpolation results with 
geocoding results, and find the longitude and latitude errors are smaller 
than 0.008◦ and 0.002◦, corresponding to a maximum position error of 
1 km.

Note that our RFI detection algorithm is performed in the range 
frequency domain, making precise positioning in the range direction 
impossible. Given that the swath width is about several tens of kilo
meters, the errors caused by using zero elevation and interpolation are 
not significant.
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2.5. RFI record format

We define a data format to efficiently and precisely record the 
measured RFI. Measured RFI of each block is saved in a separate file. The 
hierarchy of the file from top to bottom includes block, smaller block 
with same starting range and subblock. In each subblock, we record the 
mean intensity of the radar signal pixels unaffected by RFI for each line, 
and the mean intensity of each detected RFI and its starting and ending 
position indices. The mean intensity is computed as the mean value of 
the squared magnitude of the pixels in the range spectrum before pre
processing. The complete data format for recording RFI is provided in 
Appendix A. From the recorded information, we can easily reconstruct 
the range spectrum as shown in Fig. S5 in the supplementary materials.

With the defined RFI format, we can compute a number of metrics 
reflecting the impacts of RFI. Here, we focus on the percentage of RFI- 
affected pixels, the intensity ratio of RFI to SAR signal, and the total 
RFI intensity, all defined in each line. The total RFI intensity is computed 
as the sum of the squares of the magnitudes of RFI-affected pixels in the 
range frequency domain. By taking its mean value and dividing it by the 
mean intensity of the radar signal without RFI in each line, the intensity 
ratio of RFI to SAR signal can be obtained. When mapping the global RFI 
distribution, these metrics are presented at subblock level, using the 
mean value of these metrics across all lines in each subblock.

Unfortunately, the total RFI intensity is only a relative value, instead 
of an absolute value in unit such as Watt. It is difficult to obtain the 
absolute value as the associated system parameters are not available to 
us (See Appendix B). This prevents us from comparing RFI measure
ments from different satellites in an absolute sense. Nevertheless, the 
recorded RFI information can be easily converted to absolute RFI power 
once radar system parameters are available.

2.6. Performance of the RFI detection and mitigation

A comparison of the range spectrum before and after RFI mitigation 
is shown in Fig. 3. Our method detects RFI not only in the radar signal 
bandwidth, but also outside it. As shown in Fig. 4, an RFI extending 
across the two regions can be seamlessly detected, allowing the 
extraction of a complete RFI profile.

Interference signals are diverse, and a single method usually cannot 
detect all types of RFI. While RFI is mostly either narrowband or 
wideband signal, occasionally there are other types of RFI as shown in 
Fig. 5, which cannot be effectively detected. They are mostly RFI with 
irregular shapes in the range frequency and azimuth time domain. On 
the other hand, considering more types of RFI would sacrifice the effi
ciency of the detection, which is also important for the operational 
processing of the large amount of data.

After RFI detection, simply removing the frequency components 
polluted by RFI improves the image quality as shown in Fig. S6 in the 
supplementary materials. Data reconstruction methods such as linear 
prediction (Xu et al., 2020) and MIAA (Li et al., 2021) might have a 
better performance in improving the image quality, but they are beyond 
the scope of this research.

3. Data from different satellite missions and the associated 
problems

We process data from three satellite missions including JAXA’s L- 
band ALOS-1 and JERS-1, and ESA‘s C-band Envisat. The C-band Envisat 
data acquired during the operation of ALOS-1 are used for comparison 
purposes. The important parameters of the data from the three missions 
are summarized in Table 1.

Fig. 6 shows the number of acquisitions for each dataset. The ALOS-1 
and JERS-1 datasets include both ascending and descending passes, but 
we only use pass directions with more acquisitions (ascending for ALOS- 
1 and descending for JERS-1) to compute the number of observations. 
For ALOS-1 FBD mode, most areas have 2–8 observations, with a 
maximum of 19. There are more acquisitions in FBS mode, mainly for 
additional observations of Antarctica. For JERS-1, there are more ac
quisitions in Japan and its surrounding regions. For Envisat, we use data 
acquired from 2005 to 2007, aiming to achieve a global coverage while 
keeping the data volume to a minimum. Except for some regions in the 
Americas and Southern Africa that are not covered, all other regions 
have 1 to 4 coverages.

3.1. ALOS-1

The ALOS-1 satellite was launched on January 24, 2006, and stopped 
operation on May 12, 2011. The PALSAR radar onboard ALOS-1 can 
acquire data in different modes, but mostly uses FBD and FBS modes to 
acquire data. The FBD and FBS modes are therefore used for measuring 
the global RFI. The range bandwidth of FBS mode is twice that of FBD 
mode, and thus can detect more RFI at L-band. We use the data archived 
at the Alaska Satellite Facility (ASF). Part of the archive is only provided 
as Single Look Complex (SLC), and the RFI is already removed from the 
data (Japan Aerospace Exploration Agency, Earth Observation Research 
Center, 2008). These data cannot be used in our processing. With 
ALOS-1, we have 5 years of L-band RFI records.

3.2. JERS-1

The JERS-1 satellite was launched on February 11, 1992 and stopped 
operation on October 12, 1998. We downloaded all JERS-1 raw data 

Fig. 3. (a) Original range spectrum. (b) Range spectrum after RFI mitigation.
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using JAXA’s G-Portal system. It extends the L-band RFI records by 6.5 
years.

JERS-1 is a very early SAR satellite, and has various issues in its raw 
data. Of particular relevance to our processing are the abnormal starting 
range and PRF values as shown in Fig. S7 in the supplementary mate
rials. To deal with these issues, we count the occurrences of each starting 
range or PRF value and record their start and end indices (i.e. the in
terval in which the value appears). If the value occurrences correspond 
to more than 40% of the frame length, or 80% of its occurrence interval 
and at least 10% of the frame length, it is considered as a valid value. 
Once valid values are identified, their occurrence intervals can also be 
determined. In cases where two adjacent intervals overlap, the boundary 
is determined based on the frequency of occurrence. For a gap between 
two intervals, the mean value in the gap is computed and replaced with 
the closest valid value. Additionally, the fact that the change in starting 
range is typically limited to a few hundred meters at a time can also be 
used as an additional constraint for restoring the true starting range.

Another problem is that some radar echoes do not seem normal as 
shown in Fig. S8 in the supplementary materials. They usually appear at 
the end of a frame with a significant jump of starting range. They are 
identified and not used in the RFI detection. In addition, sometimes 
there are missing lines in the raw data. Therefore, we add a separate field 
in the RFI record format for JERS-1 to record the number of valid lines in 
each subblock (see Appendix A), which helps characterize the data 

quality.

3.3. Envisat

Envisat was launched on March 1, 2002 and stopped operation on 
May 9, 2012. The C-band Advanced Synthetic Aperture Radar (ASAR) 
onboard the Envisat satellite can acquire data in 5 distinct modes. The 
mostly used one is the Image Mode (IM). The concurrent operation of 
Envisat and ALOS-1 provides us the opportunity to compare the RFI at C- 
and L-bands. However, ESA only allows users to access a limited amount 
of raw data. We use SLC instead.

We process part of the archive acquired in IM mode (swath IS2, VV 
polarization and descending track). We mainly process data acquired in 
2007, achieving a maximum spatial coverage with minimum redun
dancy through careful selection of complete orbits. However, the data 
acquired in 2007 alone was insufficient for a global coverage. Therefore, 
we also use data from 2005 to 2006 to achieve a near global coverage.

For Envisat SLC, the radar signal and RFI energy is redistributed by 
azimuth focusing. We cannot directly use the aforementioned processing 
workflow to measure RFI. Before measuring RFI, we defocus the SLC 
using an inverse azimuth matched filter computed with parameters that 
are used to focus the raw data. We discard the incomplete convolution 
results at both ends of the data. A defocusing result is shown in Fig. S9 in 
the supplementary materials. The original SLC data provided by ESA 

Fig. 4. RFI detection performance across range spectrum regions with and without radar signals. (a) Original range spectrum. (b) Range spectrum after RFI miti
gation. The left side of the cutoff frequency represents the SAR signal, while the right side is outside the SAR bandwidth.

Fig. 5. The types of RFI that cannot be effectively detected.
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typically has an overlap of more than 5000 lines between adjacent 
frames. Since the synthetic aperture length of the C-band ASAR corre
sponds to only about 1000–2000 data lines, there is still enough overlap 

between adjacent frames after defocusing. The defocused frames are 
stitched using time information. Note that unlike raw data, the starting 
range of each frame is fixed during focusing. We treat each frame as a 
smaller block, which are then divided into subblocks and processed with 
the previously described workflow.

4. Global RFI maps

Unless otherwise specified, the RFI distribution maps in this section 
show the mean values of the respective metrics computed using the 
number of acquisitions shown in Fig. 6 in Section 3.

4.1. ALOS-1 FBD mode

Although the ALOS-1 PALSAR acquires data on both ascending and 
descending orbits, there are significantly fewer acquisitions on 
descending orbits. We only present the RFI measurements from 
ascending orbits.

Fig. 7 shows the global distribution of RFI from ALOS-1 FBD mode 
data of different polarizations. The RFI in HV polarization data seems to 
be much more severe than that in HH polarization data. In fact, the L- 
band backscatter measurements from NASA/JPL AIRSAR data for a 
variety of landcovers (Freeman and Saatchi, 2004) indicate that the 
backscatter coefficient for almost all landcovers in HV polarization is 
weaker than the backscatter coefficient in HH polarization. Therefore, 
the signal power of cross-polarized imagery is lower than that of co- 
polarized data, which leads to a higher RFI-to-signal ratio, making RFI 
more pronounced (Meyer et al., 2013).

RFI is significantly more severe on oceans as shown in Fig. 7. This is 
primarily due to the very low backscattering strength on water surface. 
The intensity ratio of RFI to SAR signal is thus much larger than that on 
land, and therefore small RFI that would not be detectable on land can 

Table 1 
Parameters of the satellite SAR data used.

JERS-1 ALOS-1 Envisat

FBD FBS

Date of First Acquisition 
Used

04/15/1992 05/16/2006
01/01/ 
2005

Date of Last Acquisition Used 10/11/1998 04/02/2011 12/31/ 
2007

Orbit Type Noon-Night Noon-Night
Noon- 
Night

Local Time on Descending 
Node

10:30–11:00 
am 10:30 am ±15 min

10:00 
am

Center Frequency 1.275 GHz 1.270 GHz
5.331 
GHz

Transmit Power (peak 
power)

1.1–1.5 kW 2 kW 1.365 
kW

Orbit Height 568 km 691.65 km 782 km

Look Angle 32◦- 38◦ 9.9◦ , 21.5◦, 34.3◦, 
41.5◦, 50.8◦

19.2◦- 
26.7◦

Swath Used – – IS2

Swath Width 75 km 70 km 104.8 
km

Range Bandwidth 15 MHz 14 MHz 28 MHz 16 MHz

Range Sampling Rate 17 MHz 16 MHz 32 MHz 19.2 
MHz

Orbit Direction Used 
(Ascending/Descending) A, D A, D A, D D

Number of Frames Used 478,447 314,356 426,089 36,637
Number of Blocks Processed 

(i.e. Number of RFI Record 
Files)

23,268 9618 16,375 3896

Fig. 6. Number of acquisitions of each dataset.
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still be detected. Another possible reason is the strong specular reflection 
of RFI signal on the water surface. Therefore, we can see significant 
increase of RFI in both the percentage of RFI-affected pixels and the 
intensity ratio of RFI to SAR signal on oceans. Early results in Meyer 
et al. (2011) are also subject to this issue. Our third metric, total RFI 
intensity introduced later, can address this issue.

Fig. 7 reveals heavy RFI pollutions in three regions: East Asia, North 
America, and the region consisting of Europe, North Africa and the 
Middle East. The military conflicts in the Middle East might have 
contributed to the high levels of RFI. In Mongolia, preliminary results 
from the L-band LuTan-1 SAR satellite also reveal significant RFI (Chen 
et al., 2024). Furthermore, RFI in Mongolia has persistently been a major 
issue for the L-band passive SMOS mission (Kaihotsu et al., 2013; Oliva 
et al., 2016). The origins of these RFI emissions remain unknown. A 
comparison of the results from ALOS-1 and JERS-1 in Section 4.2 (e.g. 
Fig. 10) reveals that these RFI sources might have started to exist be
tween the end of JERS-1 mission and the start of ALOS-1 mission.

Different from Middle East and Mongolia, the detected RFI in North 
Africa likely originates from Europe. In the RFI environment observed 
with the L-band passive SMAP mission (Bringer et al., 2018), the RFI 
sources in Africa are concentrated in Egypt, particularly near the border 
with Asia, with almost no RFI sources observed in other regions. Oliva 
et al. (2016) compared the RFI probability maps of SMOS for 2010 and 
2014, clearly suggesting that RFI mitigation efforts in Europe signifi
cantly reduced the pollution observed in North Africa. In the results we 
generated, the percentage of RFI-affected pixels in Fig. 7(a) gradually 
decreases from Europe to North Africa. However, the intensity ratio of 
RFI to SAR signal does not follow this trend; instead, it is most pro
nounced in the Sahara Desert region of North Africa other than urban 
areas in Europe. This is due to the smaller dielectric constant in the dry 
desert, which leads to a lower radar backscatter. This phenomena 

further support the idea that RFI observed in North Africa mainly 
originates from Europe.

Fig. 8 shows the total RFI intensity in each line. The total intensity 
metric not only integrates the other two metrics, the percentage of RFI- 
affected pixels and the intensity ratio of RFI to SAR signal, but also in
corporates the mean intensity of SAR signal, which depends on factors 
such as the surface backscattering coefficient (see Appendix B). It’s 
difficult to compute total RFI intensity in absolute physical unit due to 
lack of knowledge about the radar systems (see also Appendix B), which 
adds to uncertainties in the comparisons across different datasets. 
However, total intensity provides a better representation of the actual 
RFI distribution, showing a more concentrated RFI distribution 
compared to the other two metrics. In particular, the maritime RFI is no 
longer clear and the concertation is moved to land. The RFI in North 
Africa has also been traced back to Europe, Egypt, and the Middle East.

In North America, the RFI hotspots arise from the Air Route Sur
veillance Radar (ARSR-4) along the continental United States border and 
the North Warning System (NWS) along the northern border of Alaska 
and Canada as shown in Fig. 9. Some of them are discussed in Meyer 
et al. (2013). These results also validate our RFI processing system.

4.2. ALOS-1 FBS mode and JERS-1

Fig. 10 shows the percentage of RFI-affected pixels and the intensity 
ratio of RFI to SAR signal for data acquired by ALOS-1 in FBS mode and 
JERS-1. The results of ALOS-1 FBS mode data in Fig. 10(a) and (c) show 
similar characteristics as those observed in FBD mode data. For the 
percentage of RFI-affected pixels, JERS-1 and ALOS-1 results show a 
high degree of consistency. In Antarctica, both ALOS-1 FBS and JERS-1 
results contain a high proportion of pixels affected by RFI, which is an 
anomaly as explained in Section 4.3.

Fig. 7. The global RFI distribution maps from ALOS-1 FBD mode data, presented with two metrics including the percentage of RFI-affected pixels and the intensity 
ratio of RFI to SAR signal.
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In the percentage of RFI-affected pixels shown in Fig. 10(a) and (b), it 
seems that the RFI in JERS-1 data is more severe than that of ALOS-1 FBS 
mode data, which is not true. This is caused by a number of reasons. First 
of all, the transmission power of ALOS-1 is much larger than JERS-1, and 

thus less sensitive to RFI, which was also noted in the early ALOS-1 
PALSAR Cal/Val summary (Shimada et al., 2007). Secondly, the 
higher percentage of RFI-affected pixels in JERS-1 is caused by more 
frequent false detections due to the poor quality of the JERS-1 data. The 

Fig. 8. The global RFI distribution map from ALOS-1 FBD mode data, shown as the total RFI intensity in each line.
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missing lines in JERS-1 raw data can significantly affect the estimation 
of the mean SAR signal magnitude and its variance in RFI detection, 
leading to normal data near the missing lines mistakenly identified as 
interference. Another reason is the unstable JERS-1 range spectrum. The 
estimated “standard spectrum” is not applicable to some images. As a 
result, removing the Gibbs effect in these images may occasionally cause 
normal data to be misclassified as RFI. The intensity ratio of RFI to SAR 
signal in JERS-1 is lower than that in ALOS-1 as shown in Fig. 10(c) and 
(d), which also suggests that the higher RFI percentage of JERS-1 may be 

partially attributed to misdetection. The metric based on total RFI in
tensity proves superior again in this case, as normal data mistakenly 
identified as RFI generally have relatively low power. Mistakenly 
detected RFI does not stand out prominently on maps generated using 
this metric as shown in Fig. 11(b).

In Fig. 11, we can find the trend of increasing RFI pollution from the 
comparison of ALOS-1 and JERS-1 results, particularly in the continental 
United States and China. Although there are larger uncertainties in the 
cross-mission RFI comparison since we are not able to measure RFI in 
absolute physical unit, we can use the RFI caused by the NWS along the 
northern border of North America as reference. The construction of NWS 
was completed on July 31, 1957 (Lackenbauer et al., 2005), predating 
the operation periods of both ALOS-1 and JERS-1. In JERS-1 results, the 
RFI in the continental United States and China is much weaker 
compared to the RFI generated by NWS. However, for ALOS-1, the RFI in 
these two regions has become comparable to that of NWS. As shown in 
Fig. 9, the primary source of RFI in the continental United States is 
ARSR-4, which was promulgated in 1981, with building, testing, and 
evaluation taking place during the JERS-1 operation (Healy et al., 1997), 
and completed in May 2000 (FAA, 2002). Therefore, the RFI generated 
by the ARSR-4 is virtually absent in the JERS-1 results but is clearly 
noticeable in the ALOS-1 results. For China, although the RFI sources are 
unknown, the period between the end of JERS-1 operations and the start 
of ALOS-1 operations coincides with China’s rapid development, which 
explains the changes in the observed RFI.

4.3. Envisat

Fig. 12(a)-(c) shows the RFI measurements from the C-band Envisat 
data. The RFI in C-band data is much lower than that in L-band, which is 
in agreement with other observations (Spencer and Ulaby, 2016).

Fig. 9. RFI hotspots and the positions of the Air Route Surveillance Radar 
(ARSR-4) and the North Warning System (NWS) stations. ARSR-4 and NWS 
source: Wikipedia contributors, 2024a; Wikipedia contributors, 2024b.

Fig. 10. The global RFI distribution maps from ALOS-1 FBS mode and JERS-1 data, presented with two metrics including the percentage of RFI-affected pixels and 
the intensity ratio of RFI to SAR signal.
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The high total RFI intensity along the margin of Greenland does not 
seem normal. In southern Greenland, RFI pollution was also found in 
data acquired by the C-band passive AMSR2 onboard the GCOM-W 
satellite (Parinussa et al., 2015). To further investigate this problem, 

we extract the mean intensity of the SAR signal with RFI removed from 
the RFI record file, which is shown in Fig. 12(d). The regions with high 
total RFI intensity are exactly those with high mean intensity of the SAR 
signal. According to Benson’s (1960, page 153) classification of the 

Fig. 11. The global RFI distribution map from ALOS-1 FBS mode and JERS-1 data, shown as the total RFI intensity in each line.
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Greenland ice sheet, the regions with low and high mean intensities 
correspond to the dry snow zone and percolation zone. The dry snow 
zone has a high elevation with minimal melting and thus smaller snow 
grains. This allows microwaves to penetrate deeper into the snow and to 
be absorbed, leading to small radar backscatter. In contrast, the perco
lation zone, where sublimation related to melting occurs, is covered by 
larger snow grains. During the summer melting period, the percolation 
zone may even form lens-like subsurface ice structures, leading to 
stronger backscatter (Ashcraft and Long, 2005). Therefore, much of the 
detected RFI is caused by false detections in this region. Zhao et al. 
(2013) used a multi-channel correlation method to mitigate the impacts 
of ice surfaces, but the method is not suitable for the data we use here. 
Therefore, RFI measurements in ice and snow regions should be treated 
with cautions.

The mean intensity of the SAR signal from L-band satellites in Fig. 13
is also higher in the percolation zone than in dry snow zone in 
Greenland. A similar pattern is observed in Antarctica, where regions 
with high radar backscatter coefficients are mostly those with longer 
annual melt periods (Fraser et al., 2016). The low backscatter of oceanic 
and desert regions mentioned in Section 4.1 is also clear in these results. 
However, the backscatter contrast between ice/snow and land surfaces 
at L-band is less pronounced than at C-band. Therefore, the L-band re
sults in Greenland and Antarctica in Figs. 8 and 11 do not exhibit high 
total RFI intensity in areas with strong backscatter.

In the dry snow zones of Greenland and Antarctica, a high percentage 
of RFI-affected pixels is observed in L-band results. This is because the 
radar backscatter in the dry snow zone is very low. Besides, the back
scattering mechanism of snow is complex, depending on particle size, 
frequency, incidence angle, azimuthal modulation, temporal change, 
etc. (Ashcraft and Long, 2005; Fraser et al., 2013). Therefore, the range 
spectra of these regions are of irregular shapes as shown in Fig. 14, 
significantly different from the standard spectrum shown in Fig. 2. This 

unexpected spectral response can easily cause a large portion of data in 
the frequency bands to be mistakenly detected as RFI, resulting in a high 
percentage of RFI-affected pixels. In Antarctica, RFI is mostly from false 
detections. In Greenland, however, there is indeed a certain amount of 
real RFI, because Greenland has a large and stable community, along 
with a relatively well-developed communication infrastructure 
(Andrews et al., 2021). The spectrum in the red box of Fig. 14(a) rep
resents the RFI in Greenland. The higher intensity ratio of RFI to SAR 
signal in Greenland compared to Antarctica further corroborates this 
observation. The false detections in dry snow zones have low intensity, 
and thus are not clear in the maps representing total RFI intensity in 
each line shown in Figs. 8 and 11. The varying characteristics of false 
detections in different metrics were also found in the RFI-sensitive 
spectral difference indices computed using C-band passive AMSR-E 
data of dry snow zones in Greenland and Antarctica (Njoku et al., 2005).

4.4. Comparison with L-band passive microwave missions: SMAP and 
SMOS

Fig. 15 presents the earliest RFI results from two major L-band pas
sive microwave remote sensing missions SMOS and SMAP, which are 
close to the operation time of ALOS-1. The central frequency of both 
SMOS and SMAP is the same, 1.4135 GHz, with a slight difference in 
bandwidth. The former has a bandwidth of 19 MHz, while the latter has 
a bandwidth of 24 MHz. Similar to the detected RFI in ALOS-1 data, East 
Asia and the region consisting of Europe, North Africa and the Middle 
East are again heavily polluted by RFI. Unlike these two regions, the 
pollution in North America is not heavy.

4.5. Variations with region and frequency

The occurrence of RFI apparently varies with regions, as well as 

Fig. 12. The global RFI distribution map from Envisat data and the global mean intensity of the SAR signal with RFI removed.
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frequency bands. Again, the RFI record format greatly facilitates the 
analysis of these variations. Here, we analyze the RFI results derived 
from ALOS-1 FBD HH mode data. In measuring RFI, the original SAR 
data are transformed to the range frequency domain with an FFT length 
of 6144. We further compute the mean of every 8 samples. The 16 MHz 
sampling rate is then represented by 768 samples, with a sample size of 
about 21 kHz. As mentioned in Section 2.2, the magnitude at zero fre
quency, which represents the direct current signal, strongly depends on 
the bias values of the I and Q channels. On the other hand, from the 
perspective of Fourier transform, the bias values of the I and Q channels 
only affect the magnitude at the zero frequency. Therefore, narrowband 
RFI at zero frequency is unreliable.

Fig. 16 presents the mean results on a global scale. There is clearly a 
higher proportion of wideband RFI than narrowband RFI. Frequencies 
with high proportions of wideband RFI generally also have high 

proportions of narrowband RFI. The spike at zero frequency in the 
narrowband result is caused by the errors in I and Q biases. The fre
quency bands of 1266–1268 MHz and 1271–1274 MHz are less affected 
by RFI (The center frequency of ALOS-1 PALSAR is 1270 MHz, corre
sponding to the zero frequency in the figure).

Fig. 17 shows the regional scale results for Alaska, the continental 
United States, and mainland China. The manifestation of RFI varies 
across different regions due to the differences of RFI sources. As dis
cussed in Section 4.1, the primary source of RFI in the continental United 
States is ARSR-4, while the RFI in northern Alaska primarily originates 
from NWS. In Alaska and the continental United States, the predominant 
form of interference is wideband RFI. In contrast, apart from wideband 
RFI, there is also notable narrowband RFI around the frequencies of 
1264 MHz and 1274 MHz in China.

We further perform a more detailed spatial-frequency analysis by 

Fig. 13. Global mean intensity of the SAR signal with RFI removed from ALOS-1 and JERS-1.

(a) ALOS-1 FBD, HV, Greenland (b) ALOS-1 FBS, HH, Antarctic (c) JERS, HH, Antarctic

(1270) (1270) (1270)

Fig. 14. Range spectra of L-band SAR data in Greenland and Antarctica. (a) Spectrum of a Greenland image (ALPSRP130691440-L1.0) acquired by ALOS-1 in FBD 
mode HV polarization. (b) Spectrum of an Antarctica image (ALPSRP028265680-L1.0) acquired by ALOS-1 in FBS mode HH polarization. (c) Spectrum of an 
Antarctica image (J1SAR19920903R02020607232431_0000G006) acquired by JERS-1 in HH polarization.
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taking North America as an example. We focus on four frequency bands: 
1260–1265 MHz, 1265–1270 MHz, 1270–1275 MHz, and 1275–1280 
MHz, which aligns with the 5 MHz band intervals used in the United 
States Federal Government Spectrum Use Reports (National Telecom
munications and Information Administration, 2024) for displaying 
spectrum contours for radars. The results are shown in Fig. 18. The NWS 

along the northern border of Alaska and Canada leads to consistent total 
RFI intensity across the frequency bands, but has minimal impacts on 
frequencies below 1265 MHz, in agreement with the Alaskan regional 
results shown in Fig. 17(a). In contrast, the total RFI intensity in the 
continental United States varies significantly across different frequency 
bands, especially in the northwestern and southern regions (highlighted 

Fig. 15. Global distribution map of RFI from L-band passive microwave remote sensing missions. (a) RFI presence probability of SMOS from 2010 to 01–16 to 2010- 
01-30 retrieved from ESA RFI Monitoring & Information Tool (Uranga et al., 2022) at https://rfi.smos.eo.esa.int/rfimanager/publicindex.jsp. (b) SMAP RFI per
centage in April 2015 retrieved from https://salinity.oceansciences.org/smap-radiometer.htm.

Fig. 16. Variations of global mean RFI impact (percentage of RFI-affected pixels) with frequency.
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by the red ellipses in Fig. 18). This indicates the variations in the 
operating frequency bands of ARSR-4 sites, although other RFI sources 
might also be involved. Furthermore, the RFI results from different 
frequency bands are in agreement with the spectrum contours, indi
cating that the RFI record files we generated and the defined total RFI 
intensity can effectively and accurately reconstruct the sources of 
ground-based RFI.

4.6. Variations with time

Fig. 19 presents the global distribution of total RFI intensity from 
2007 to 2010, measured with ALOS-1 FBD HH polarization data. In 
general, the regions experiencing severe RFI are consistent in different 
years, albeit with some subtle variations.

We also compute the temporal variance of the total RFI intensity 
from ALOS-1 FBD data in HH polarization as shown in Fig. 20. The 
distribution of RFI variance is consistent with the distribution of RFI 
itself. The large variance observed in China and Eastern Russia may 
suggest the increasing interference in these regions.

4.7. Correlation with population density

Since RFI is generated by human activities, there should be a cor
relation between RFI intensity and population density. Zhou et al. 
(2019) demonstrated a strong positive correlation between SMAP- 
derived RFI and population density across Chinese urban agglomera
tions. Fig. 21(a) shows the LandScan 2010 global population density 
with 1 km spatial resolution (Bright et al., 2011). Compared with Fig. 8

Fig. 17. Variations of mean RFI impact (the percentage of RFI-affected pixels) with frequency in Alaska, the continental United States, and mainland China. (a) 
Wideband RFI. (b) Narrowband RFI.

Fig. 18. Upper row: total RFI intensity across different frequency bands in North America. Lower row: spectrum contours for radars in the United States Federal 
Government Spectrum Compendium (National Telecommunications and Information Administration, 2024), including aeronautical radio-navigation and radio- 
location services. The contours indicate the locations where the radar signal power increases the thermal noise power of a generic ground-based communication 
receiver by 1 dB.
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Fig. 19. Comparison of RFI distribution in different years.

Fig. 20. The temporal variance of the total RFI intensity.
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(a), however, high population density regions in Africa and India display 
minimal RFI. In North America, the overwhelming RFI contributions 
from NWS and ARSR-4 systems obscure any population density corre
lation. Meanwhile, the RFI data for Europe derived from ALOS-1 raw 
data are incomplete. Therefore, we analyze the correlation between RFI 
intensity and population density in China. Furthermore, we use total RFI 
intensity in each line for the correlation analysis.

Considering the spatial resolution of the detected RFI and the am
biguities in locating the detected RFI, we use a grid size of 800 km × 800 
km for the correlation analysis as shown in Fig. 21(b). A linear regres
sion between mean population density and mean RFI intensity yields a 
correlation coefficient of 0.71 as shown in Fig. 21(c).

5. Implications

The results from this study provide implications for a variety of as
pects. Here we discuss some of them. The already severe RFI pollution 
and its increasing trend raise the strong need of regulations at interna
tional and national levels to reduce RFI pollution for the microwave 
band allocated for active remote sensing (National Academies of Sci
ences, Engineering, and Medicine, 2015). This involves the effort of not 
only science community, but also government and industry. Such effort 
has proved to be successful in dramatically reducing RFI in passive 
remote sensing.

For the design of future L-band SAR missions, RFI should also be 
taken into account. For example, reducing the impacts of RFI requires 
the radar transmit power should be raised so that the received radar 
signal is much stronger than RFI signals. The SweepSAR technique 
(Freeman et al., 2009) used by NISAR (Kellogg et al., 2020) requires a 
transmit power several times lower than regular SAR. This pro unfor
tunately turns out to be a con as far as RFI is concerned. Some SAR 
systems, such as NISAR and ALOS-4, add a side band for InSAR iono
spheric correction. This side band might be completely corrupted by RFI. 
For making global observation plans for SAR systems with a limited duty 
cycle, the global RFI maps can guide the use of the limited duty cycle.

The end data users should also pay attention to the RFI issue 
depending on study area and application. The global RFI maps directly 
provide information about the RFI levels for different areas. The most 
commonly used RFI mitigation algorithm is notch filtering, and the 
impacts of the resulting loss of range spectrum should be evaluated for 
specific applications. Furthermore, as cross-polarization data are more 
susceptible to RFI, polarization applications are affected.

6. Conclusions

We have developed algorithms, workflow and system for opera
tionally measuring RFI. We have defined an RFI format that can be easily 
used to compute a number of RFI metrics, in particular, the total RFI 
intensity, which proves to be very useful. We processed all the archived 
ALOS-1 and JERS-1 data that are publicly available, generating global 
RFI maps. We find 

(1) The spatial distribution of RFI shows that heavy RFI pollutions 
are mainly in three regions: East Asia, North America, and the 
region consisting of Europe, North Africa and the Middle East. 
The RFI sources are different in different regions.

(2) It is challenging to measure RFI in Greenland and Antarctica 
because of the unique radar backscatter of the snow and ice in 
these regions.

(3) Comparison of results from different polarizations shows that 
cross polarization data are more susceptible to RFI, since their 
radar backscatter is lower.

(4) Comparison of results from ALOS-1 and JERS-1 indicates the 
increasing trend of RFI pollution.

(5) Comparison with C-band Envisat result shows that RFI at L-band 
is significantly more severe than at C-band, in agreement with 
previous observations.

(6) The global RFI distribution from L-band SAR data is similar to 
that from L-band passive radiometers including SMOS and SMAP.

We also analyzed the variations of RFI with region, frequency and 
time, as well as the correlation with population density. The results 
provide references for satellite mission design and operation, systematic 
mitigation of RFI, improving the management of electromagnetic spec
trum, etc. This becomes more important as we are entering the golden 
age of L-band satellite SAR missions.
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Appendix B. Unit of total RFI intensity

The total intensity of RFI is computed by summing the squared magnitude of all RFI-affected pixels in each line in the range frequency domain. The 
range frequency spectrum is computed by the Fourier transform of raw data. The absolute unit of total RFI intensity thus depends on the absolute unit 
of the raw data.

The generation of raw data involves a number of processes with parameters not known to us, such as the factor for converting electric field strength 
to voltage, the gain of the low noise amplifier, and the scaling factor for mapping sampled signals to raw data (e.g. 8-bit unsigned integer values). In 
fact, these parameters are normally not disclosed.

Another method starts from the radar equation 

Pr =
PtG2σ

(4π)3R4λ2L
(B.1) 

where Pr is the received power, Pt is the transmitted power, G is the antenna gains, σ is the radar cross section, R is the slant range, λ is the radar 
wavelength, and L is the loss factor. L = Latmos • Lradar, where Latmos is the atmospheric loss factor during the wave propagation, and Lradar is the 
microwave transmission loss factor due to miscellaneous sources (Doerry, 2006). The loss factor can be estimated in the calibration process (Crisp, 
2018).

The radar cross section σ can be computed by 

σ = σ0 βR
sinθ

Cτ
2

(B.2) 

where σ0 is the normalized radar cross section (NRCS), β is the azimuth antenna beam width, R is the slant range, θ is the incident angle, C is the 
speed of light, and τ is the pulse width. The parameters are normally made available for converting SLC or raw data to σ0. However, the loss factor is 
not known to us.

In conclusion, we are not able to determine the absolute physical unit of raw data, since some associated radar system parameters are not available 
to us.

According to Eq. (B.1), the received signal power primarily depends on the transmitted power, wavelength, and backscatter coefficient. This 
explains not only the higher percentage of RFI-affected pixels in JERS-1 data compared to ALOS-1, but also elucidates both the more severe RFI in HV 
polarization than in HH polarization observed in ALOS-1 FBD mode data and the higher RFI occurrence over ocean surfaces.

Block body = (smaller block header + smaller block body) * N, N = number of smaller blocks.
Smaller block body = (subblock header + RFI) * N, N = number of subblocks.
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Appendix C. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.rse.2025.114955.

Data availability

Data will be made available on request.
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Figure S1. Range spectra before (a) and after (b) removing spectrum magnitude fluctuations for a scene that is 

acquired by ALOS-1 in FBD mode (ALPSRP145510770-L1.0) and heavily affected by RFI. The bias values for 
both I and Q channels are the nominal value 63.5. The number in the parentheses in the horizontal axis represents 

the actual radar center frequency, and the same applies to the subsequent figures. 

 

 

 
Figure S2. Range spectra before (a) and after (b) removing spectrum magnitude fluctuations for a scene that is 

acquired by ALOS-1 in FBD mode (ALPSRP145510770-L1.0) and heavily affected by RFI. The bias values for 
the I and Q channels are estimated as the mean value of each channel. 

 

 

 
Figure S3. The improvement of cluster analysis on RFI detection results. (a) Range spectrum of the raw data 

before preprocessing. (b) Range spectrum after RFI detection and removal without clustering analysis. (c) Range 

spectrum after RFI detection and removal with clustering analysis. 
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 Figure S4. The improvement of morphological processing on RFI detection results. (a) Detection results without 

morphological processing. (b) Detection results with morphological processing. 

 

 

 
Figure S5. Part of the range spectrum reconstructed from a RFI record file. 

 

 

 
Figure S6. (a) SLC without RFI mitigation. (b) SLC with RFI mitigation. 

(Generated from ALOS-1 raw data, ALPSRP263230860-H1.0) 
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Figure S7. (a) Abnormal starting range values in JERS-1 raw data 

(J1SAR19970822M08202005476211_0000G006). 

(b) Abnormal PRF values in JERS-1 raw data  

(J1SAR19920427R01007705115219_0000G006.03). 

 
 

 
Figure S8. Abnormal radar echoes in JERS-1 raw data (J1SAR19950123R05107806145298_0000G006) 

(a) Magnitude of the raw data. (b) The corresponding starting range. 
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Figure S9. (a) Original Envisat ASAR SLC. (b) SLC after azimuth defocusing. 

(ASA_IMS_1PNESA20070227_181332_000000152056_00013_26119_0000.N1) 
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