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Abstract Satellite microwave emission mixed with
signals from active sensors is referred to as radio-
frequency interference (RFI). RFI affects greatly the
quality of data and retrieval products from space-borne
microwave radiometry. An accurate RFI detection will not
only enhance geophysical retrievals over land but also
provide evidence of the much-needed protection of the
microwave frequency band for satellite remote sensing
technologies. It is difficult to detect RFI from space-borne
microwave radiometer data over winter land, because RFI
signals are usually mixed with snow in mid-high latitudes.
A modified principal component analysis (PCA) method is
proposed in this paper for detecting microwave low
frequency RFI signals. Only three original variables, one
RFI index (sensitive to RFI signal) and two scattering
indices (sensitive to snow scattering), are included in the
vector for principal component analysis in this modified
method instead of the nine or seven RFI index original
variables used in a normal PCA algorithm. The principal
component with higher correlation and contribution to the
original RFI index is the RFI-related principal component.
In the absence of a reliable validation data set of the “true”
RFI, the consistency in the identified RFI distribution
obtained from this method compared to other independent
methods, such as the spectral difference method, the
normalized PCA method, and the double PCA method,
give confidence to the RFI signals’ identification over land.
The simple and reliable modified PCA method could
successfully detect RFI not only in summer but also in
winter AMSR-E data.

Keywords microwave remote sensing, radio-frequency
interference (RFI), the Advanced Microwave Scanning
Radiometer for Earth Observing System (AMSR-E),
principal component analysis (PCA)

1 Introduction

X-band and C-Band have been occupied and used by both
passive and active microwave devices in recent years (Zou,
2012). Satellite passive microwave radiometer-measured
natural radiation mixed with signals from active micro-
wave transmitters is referred to as radio-frequency
interference (RFI) (Ruf et al., 2006; Guner et al., 2007;
Misra and Ruf, 2008; Piepmeier et al., 2008). RFI emerges
because artificial emissions from active microwave
transmitters easily contaminate the remote measurements
of the Earth’s relatively weak scattered and emitted
radiation by adding unpredictable spurious noise. The
interference signals come dominantly from low-frequency
active microwave transmitters, including radar, air traffic
control, cell phone, garage door remote control, GPS
signals on highways, defense tracking, and vehicle speed
detection for law enforcement, etc. (Zhao et al., 2013). RFI
seriously affects the quality of the data and retrieval
products from space-borne microwave radiometers (Wentz
et al., 2000; Weng et al., 2001; Njoku et al., 2004; Yang
and Weng, 2011).
The Advanced Microwave Scanning Radiometer for the

Earth Observing System (AMSR-E) was on board the
Aqua satellite in 2002 (Kawanishi et al., 2003). AMSR-E
provides dual-polarized passive microwave measurements
at six frequencies, 6.9 GHz, 10.7 GHz, 18.7 GHz, 23.8
GHz, 36.5 GHz, and 89 GHz. However, the observations
from its C-band (6.9 GHz) and X-band (10.7 GHz)
revealed strong and widespread radio-frequency interfer-
ence (RFI), which further impacted soil moisture estima-
tion (Njoku and Li, 1999; Njoku et al., 2003; Chaurasia et
al., 2012). Besides, RFI was also found in the WindSat
which was on board the Department of Defense Coriolis
satellite (Ellingson and Johnson, 2006; Li et al., 2006) and
in the Microwave Radiation Imager (MWRI) X-band,
which was on board the Chinese second-generation polar-
orbiting satellite (FY-3B) (Yang et al., 2011; Zou et al.,
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2012). The low-frequency observations of the latest
AMSR-2, which was the payload of the Global Change
Observation Mission Water (GCOM-W) satellite launched
in May 2012, might also be contaminated by RFI. All of
these sensors have similar channel frequencies near X-
band and C-Band.
To properly identify and correct the RFI contamination,

a spectral difference technique has been developed to
quantify the RFI magnitude and scope over land areas (Li
et al., 2004). Based on examining the spatial and temporal
characteristics of the RFI by the use of spectral indices
(differences between brightness temperatures at two
different frequencies for a given polarization), Njoku et
al. (2005) demonstrated that using means and standard
deviations of the spectral indices was effective in
identifying strong RFI. Surface often produces smooth
and ultrawideband microwave radiation which is different
from RFI signatures. The multichannel correlations of
radiometer data from natural radiations are usually high.
The spectral difference technique did not explicitly utilize
this channel correlation information from natural radia-
tions. Li et al. (2006) proposed a principal component
analysis (PCA) method with several consecutive RFI
indices. Their PCA method integrated the spectral
difference technique with the multivariate correlation of
radiometer data. The spectral difference method and the
PCA method both worked well for data over land in
summer, but failed to detect RFI reliably over frozen
ground and scattering surface.
Scattering from natural targets (e.g., snow and ice) can

decrease substantially the observed brightness tempera-
tures at high frequencies (Kunzi et al, 1976). The reversed
(positive) spectral difference can also be derived from
surface snow and ice. To avoid taking snow and ice as false
RFI signals, Zou et al. (2012) added a scattering-sensitive
spectral difference criterion TB89‒TB18≧‒10 K for detect-
ing RFI signals over continental Asia and Europe in winter,
based upon the X-band observations of FY-3B MWRI
(MicroWave Radiation imager). Although this method was
simple and convenient to understand, it did not work when
snow was mixed together with RFI signals in high- latitude
winter conditions. It removed the snow areas directly and
might include some real RFI regions. To improve this
deficiency they proposed a normalized PCA (NPCA)
method to detect winter RFI signals. The RFI indices must
be normalized by the mean and standard deviation before
principal component analysis. Using the NPCA method,
the snow scattering effects were removed without altering
the PCA-detected RFI results. The latest method used to
identify WindSat RFI over Greenland and Antarctic
regions was a double PCA (DPCA) method developed
by Zhao et al. (2013). The DPCA method took advantage
of the multi-channel correlation for natural land and ice
surface radiations, as well as the de-correlation between
different frequencies for RFI detection. This method
increased the stability and the reliability of the RFI

identification better than the NPCA method; meanwhile it
was effective in detecting C- and X-band RFI signals under
permanent sea ice-covered conditions and other snow-free
or snow-rich regions.
Previous research has proven that RFI detection for

satellite microwave imagery of low-frequency radiances
over land is extremely important before the data can be
used for either geophysical retrievals or data assimilation
in numerical weather prediction models. Detection of RFI
in space-borne microwave radiometer data is difficult
under snow/ice-covered underlying surface where snow/
ice scattering signal mixes with RFI signal. A software
solution must be derived to identify and remove RFI. It is
necessary to develop a simplified method to quantify the
RFI magnitude and extent. A modified PCA (MPCA)
method to detect the RFI-contaminated AMSR-E data over
snow-covered land was developed with this research,
which performed well not only in summer but also in
winter. A combination of one RFI Index (RI) and two
Scattering Indices (SI) replaced the original variables
(consecutive several RFI Indices) in the previous PCA
methods.
This paper is organized as follows: Section 2 provides a

brief description of AMSR-E data. Section 3 introduces
some RFI detection methods and describes the modified
RFI identification method in detail. Numerical examples
are presented in Section 4. Section 5 gives some
conclusions.

2 AMSR-E data

The AMSR-E is onboard the National Aeronautics and
Space Administration (NASA) Earth Observing System
(EOS) Aqua satellite which was launched on 4 May 2002
with equator crossings at 1:30 pm and 1:30 am local time.
AMSR-E has vertical and horizontal polarization channels
at six frequencies, i.e., 6.925 GHz, 10.65 GHz, 18.7 GHz,
23.8 GHz, 36.5 GHz, and 89.0 GHz, for a total of 12
channels. The AMSR-E provides a fixed earth incidence
angle of 55°. The antenna beams scan conically about the
nadir axis with an observation swath-width of 1,445 km.
The spatial resolution of the individual measurement
decreases from 5.4 km at 89 GHz to 56 km at 6.9 GHz.
The AMSR-E Level 1A instrument data are provided by

the Japan Aerospace Exploration Agency (JAXA). Then
Level 2A brightness temperatures are generated by
reconstructing the AMSR-E antenna gain patterns at each
channel to five footprints at the Remote Sensing Systems
(RSS) facility in Santa Rosa, CA. Hence, there are five
different resolutions for the re-sampled data, from 56 km to
5.4 km. The resolution of 56 km was chosen for each
channel in this study. For the Level 2A data if the measured
brightness temperatures of one channel exceed 330 K the
value is set to zero. The same Field of View (FOV)
observations of other channels are all set to zero. The
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FOVs with zero value observations are represented by
some small white areas in the displayed figures of
brightness temperature.

3 RFI detection methods

3.1 Spectral difference technique

The principle of the spectral difference RFI detection
technique is based on the distinct signature differences
between natural radiation and RFI induced by human
activities. Because RFI has narrower bandwidth relative to
natural radiation, its emission/scattering characteristics are
very different. The brightness temperature of natural
surface tends to increase with frequency at frequencies
below 30 GHz, while RFI can only increase brightness
temperature significantly at a particular frequency and
generate a negative spectral gradient (Li et al., 2004). Thus,
Li proposed an RFI Index (RI) to identify the location of
RFI and quantify its intensity:

RIf1p ¼ TBf1p –TBf2p, (1)

where TB denotes brightness temperature, the subscript p
stands for horizontal or vertical polarization, and f1 and f2
represent the two neighborhood frequencies (f1< f2). For
example, land RFI is identified for the 6-GHz horizontal
polarization channel if the RI exceeds a threshold beyond
its natural variation (5 K) (Li et al., 2004; Wu and Weng,
2011).

RI6H ¼TB6H –TB10H: (2)

3.2 Principal Component Analysis (PCA) method

In principle, RFI identification relies on two kinds of
information. The first one is the emission/scattering
characteristics represented by RFI indices, which are the
physical information determined by the Earth materials
and structures of the natural targets. The second one is the
correlations between different channels or indices, which is
the statistical information introduced by the natural
variability of the targets. The multichannel correlations
of radiometer data from natural radiations are often high.
While the channel correlations between RFI contaminated
channels and the remaining AMSR-E channels are low
since RFI only increases brightness temperatures signifi-
cantly at a particular frequency. The spectral difference
technique does not explicitly utilize multichannel correla-
tions of radiometer data, which are key information in
separating RFI from natural radiations.
Li et al. (2006) advised the principal component analysis

(PCA) of RFI Indices over land. This method integrates
statistics of target emission/scattering characteristics

(through RFI Indices) and multivariate correlation of
radiometer data into a single statistical framework for
PCA. It generates an RFI-related principal component that
is orthogonal to multivariate natural radiations. For 6 GHz
RFI identification, the RFI indices used in the PCA are

RFI
↕ ↓

indicies ¼

RI6H Vð Þ
RI10V

RI10H

RI18V
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BBBBBBBBBBBBBBBBBB@
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0
BBBBBBBBBBBBBBBBBB@

1
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: (3)

To avoid the coupling of RFI signals between vertical
and horizontal polarizations, RI6V and RI6H are grouped
into separate datasets with the rest of the RFI Indices.
In the area where data have a higher projection onto the

first PC mode, RFI is presented, in general (Li et al., 2006).
The principal component scores of RFI components are
then used to identify RFI-contaminated observations. RFI
is identified for scores with a value greater than zero.
Higher score values indicate stronger RFI.

3.3 Normalized Principal Component Analysis (NPCA)
method

However, neither the spectral difference nor PCA methods
detect RFI reliably over frozen grounds and scattering
surfaces. The scattering from natural targets (e.g., snow
and ice) can substantially decrease brightness temperatures
at high frequencies (Zou et al., 2012). The reversed
spectral differences can also be related to surface snow and
ice. This presents a problem in simply implementing the
spectral difference method or PCA method that works for
data in summer to winter cases. To avoid taking snow and
ice as false RFI signals from the aforementioned indices in
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winter, Zou suggested a normalized PCA (NPCA) method
(Zou et al., 2012). The RFI Indices need to be normalized
before the principal component decomposition. For
example, for 6 GHz RFI identification the RFI indices
used in the NPCA method are

RFI
↕ ↓

normalized
indicies ¼

RI6H Vð Þ – μ
σ

RI10V – μ
σ

RI10H – μ
σ

RI18V – μ
σ

RI18H – μ
σ

RI23V – μ
σ

RI23H – μ
σ

0
BBBBBBBBBBBBBBBBBBBBB@

1
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¼

TB6H Vð Þ –TB10H Vð Þ – μ
σ
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σ
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σ
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σ
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σ

0
BBBBBBBBBBBBBBBBBBBBB@

1
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(4)

where μ and σ are the mean and standard deviation of the
RFI indices. The snow scattering effects are removed by
normalizing the RFI indices. This works more effectively
than PCA for identifying RFI signals in the presence of
snow.

3.4 Double Principal Component Analysis (DPCA) method

Zhao proposed the DPCA method, which proved to be
effective in snow-free or snow-rich regions, such as winter
data over high latitude (Zhao et al., 2013). The DPCA
method developed for global RFI detection consists of two
PCA steps. In the first PCA step a vector of ten-variable
brightness temperature (except for the 89 GHz) is defined
for PCA analysis. The data matrix can finally be
reconstructed using the PC coefficients by two parts. The
sharp gradients across the edge of ice sheets or snow are
captured by the correlated matrix A1, which is recon-
structed by first number PC modes due to strong channel

by channel correlations for these natural surface condi-
tions. RFI signals are contained in the residual matrix A2.
The second step of the DPCA method is to apply a
normalized PCA to the residual matrix A2. The DPCA
works with both non-scattering and scattering surfaces.

3.5 Modified Principal Component Analysis (MPCA)
method

The PCA method is modified for RFI identification of
AMSR-E data over high latitude snow areas in winter. The
MPCA method takes advantage of the de-correlation
between RFI frequencies with other channels and the
multi-channel correlation for natural land including snow
surface radiations.
Surface brightness temperatures tend to increase with

frequency at frequencies below 30 GHz, so RI values
should be negative over natural land surfaces. RFI is the
possible cause of positive RI values (Li et al., 2004).
Moderate and strong RFI can be detected if the RI exceeds
a threshold (5 K) beyond its natural variation. The higher
positive RI value means stronger RFI. But the scattering
effect of the snow-rich or ice regions cannot be ignored in
winter. When volume scattering effects dominate, bright-
ness temperatures are reduced with increasing frequencies,
thereby snow areas also make RI positive. To describe the
low-frequency snow characteristics, the 18 GHz and 36
GHz frequencies were often used as a Scattering Index (SI
= TB18‒TB36) in numerous previous studies (Grody, 1991;
Grody and Basist, 1996; Kelly et al., 2003; Qiu et al.,
2010). The TBs at 18.7‒36.5GHz (SI) are more reliable for
snow evaluation than those at high frequency. Since the
scattering effects from snow and ice are much stronger at
the high-frequency channels (36 GHz) than at the low-
frequency channels (10.65 GHz or 18.7 GHz), high
positive SI values mean radiation from scattering surfaces.
So we add the variable SI in the vector for principal
components analysis. Since the aim of this paper is to
identify RFI signal instead of snow detection, we just
display qualitatively the snow distribution from the high-
frequency 89 GHz observation (Fig. 1(f)) and Scattering
Index (Figs. 2(b) and 2(c)).
In this research, we found that the objective of

identifying RFI in winter still can be reached by retaining
part channels of AMSR-E and using PCA calculation only
once. The Scattering Index was introduced in our RFI
analysis vector together with RI to identify the RFI signals
mixed with snow. There are three variables constructing
the vector for principal component analysis in our modified
PCA method, one RFI index (RI) and two Scattering
Indices (SI). The first RI variable is sensitive to RFI
contamination and the SI is snow-sensitive. Hence, we
believe that replacing the consecutive RFI indices with RI
and SI will help to identify RFI distribution and exclude
snow disturbance.
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For identifying RFI at 6.9 GHz a vector of three-variable
RFI indices is defined as

RFI
↕ ↓

indicies ¼
RI6HðVÞ
SIV

SIH

0
B@

1
CA ¼

TB6HðVÞ –TB10HðVÞ
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TB18H –TB36H

0
B@

1
CA:

(5)

For at 10.7 GHz is

RFI
↕ ↓

indicies ¼
RI10HðVÞ
SIV

SIH

0
B@

1
CA ¼

TB10HðVÞ –TB18H Vð Þ
TB18V –TB36V

TB18H –TB36H

0
B@

1
CA:

(6)

The three-dimensional data matrix for identifying RFI at

Fig. 1 AMSR-E brightness temperatures at (a) 6.9 GHz, (b) 10.7 GHz, (c) 18.7 GHz, (d) 23.8 GHz, (e) 36.5 GHz and (f) 89 GHz with
horizontal polarizations for ascending passes over the United States on February 10, 2011.
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6.9 GHz horizontal polarization using PCA is defined as,

A3�N ¼
ðTB6H –TB10HÞ1
ðTB18V –TB36VÞ1
ðTB18H –TB36HÞ1

ðTB6H –TB10HÞ2
ðTB18V –TB36VÞ2
ðTB18H –TB36HÞ2

� � � � � �
� � � � � �
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ðTB6H –TB10HÞN
ðTB18V –TB36VÞN
ðTB18H –TB36HÞN

0
B@

1
CA, (7)

where N is the total number of data points over a specified
region.
Next, construct the covariance matrix S5�5 ¼ AAT,

whose eigenvalues (l ¼½l1,l2,l3�) and eigenvectors
(u ¼½u1,u2,u3�) are found to satisfy the following equation:

Su ¼lu: (8)

Then, the data matrix A can be projected onto a new
orthonormal data space as

Z3�N ¼ uTA ¼
Z1

Z2

Z3

0
B@

1
CA: (9)

The elements of Z are often defined as the principal
components, which are uncorrelated with each other
(Rothrock et al., 1988). Each principal component (e.g.,

Z1, Z2) is an exact linear combination (i.e., weighted sum)
of the original variables (e.g., RI, SI) (Lattin et al., 2003).
The first principal component (Z1) exhibits maximum
variance, and the second principal component (Z2)
accounts for the remaining maximum variance not yet
accounted for by Z1. PCA is a method for re-expressing
multivariate data to highlight their similarities and
differences. In our data matrix, the first principal
component tends to describe the similarities of the original
data set, while the second and third ones present the
uncorrelation.
Based on the fact that multichannel correlations of

radiometer data are often high from natural radiations but
low between an RFI low-frequency channel (6.8 GHz or
10.7 GHz) with the remaining AMSR-E channels, the RFI-
related principal component is extracted for RFI detection.
The principal component which has the highest correlation

Fig. 2 (a) RI6H, (b) SIV, and (c) SIH distribution over the United States on 10 February, 2011 from AMSR-E ascending measurements.
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and contribution to the original RFI index is the RFI-
related principal component. Higher values of the RFI-
related principal component indicate stronger RFI. The
similarities and correlations of original variables will be
described in Z1 when RFI mixes together with snow
because snow and RFI areas both own larger variance. In
winter, the variance formed by widespread snow data is
usually larger than RFI data. Z2 is the RFI-related principal
component and denotes the uncorrelated information.
Higher values of the second principal component (Z2)
would suggest greater probabilities of RFI. In summer,
only the RFI areas own larger variance under non-
scattering surfaces or shallow snow regions, so the RFI
signals will be presented by Z1. Therefore this modified
PCA method works not only in winter, but also in the
summer season. In winter, the RFI-related principal
component is Z2, while in summer it is Z1. Based on
previous research, the threshold to identify the RFI signal
was also set to 5 K (Li et al., 2004; Wu and Weng, 2011).
Those pixels with the RFI-related principal component
greater than 5 K are identified as RFI effect.
Compared to PCA and NPCA methods, computer time

is saved by our MPCA method. The vector for analysis is
simplified to only three variables, while nine or seven
variables are used in the PCA or NPCA methods. The
vector in the first decomposition of the DPCA method
includes ten variables; the second PCA step has seven
variables. The dimensions in the data matrix are decreased
greatly, so the calculation of the covariance matrix,
eigenvalues, eigenvectors, and the principal components
are faster. The NPCA method needs to normalize the RFI
indices before decomposition, and DPCA has to do PCA
decomposition twice, which are all time consuming. It
takes just several seconds for one AMSR-E orbit to do the
MPCA analysis. Another advantage over other PCA
methods is that the principal component with higher
correlation and contribution to the original RFI index is
used as the RFI-related principal component for RFI
identification, whereas the PCA-identified RFI signal
always appears in the first principal component by
previous PCA methods.

4 MPCA algorithm application

To avoid coupling of RFI signals between vertical and

horizontal polarizations, RI6h and RI6v were grouped into
separate datasets from the rest of the indices and used in
two independent PCA studies, which have very similar
results. Therefore, only the case of horizontal polarization
will be presented here. For the purposes of this research, a
snow case over the northern United States on 10 February
2011 was taken as an example. Figure 1 shows AMSR-E
brightness temperature observations at 6.9 GHz (Fig. 1(a)),
10.7 GHz (Fig. 1(b)), 18.7 GHz (Fig. 1(c)), 23.8 GHz (Fig.
1(d)), 36.5 GHz (Fig. 1(e)), and 89 GHz (Fig. 1(f)) with
horizontal polarization for ascending passes over the
United States on 10 February, 2011. In all the figures
presented, gray lines indicate the swath width bound of
each orbit, and the blank zones between two intersected
gray lines are the observation gap areas. There are some
visible scattered “hot spots” with red color in the 6.9 GHz
measurements (Fig. 1(a)) (e.g., along the United States
West and East Coasts) where the brightness temperatures
are abnormally higher than the naturally-emitted radiation.
These “hot spots” are potential locations of RFI. Since the
scattering effects from snow and ice are much stronger at
the high-frequency channels, the dark-blue areas over 40 N
with brightness temperature below 240 K from the
observation of channel 36.5 GHz (Fig. 1(e)) and 89 GHz
(Fig. 1(f)) denote areas covered by thick snow. Table 1
shows the correlation matrix for horizontal polarization
channels from land data over the U.S. on February 10,
2011. The 6.9 GHz channel has significantly decreased
correlations against all other channels. The correlation
decreases from 0.81 to 0.67 as the frequency increases.
Except for the 6.9 GHz channels, correlations between
other channels remain quite high, around 0.9. Therefore,
the RFI signal in 6.9 GHz is indeed de-correlated with
natural radiation in the contaminated areas.
From Fig. 1(a) and Fig. 1(b) we can see that the RFI at

6.9 GHz distributes widely over the United States and is
less populated at 10.7 GHz. So the first variable in the data
matrix of our modified PCA method used RI6. The
brightness temperature difference, 6.9 minus 10.7 GHz
with horizontal polarization (RI6H), 18.7 minus 36.5 GHz
with vertical polarization (SIV), and horizontal polarization
(SIH) are displayed in Fig. 2(a), Fig. 2(b) and Fig. 2(c),
respectively. The moderate and strong RFI areas are
indicated when RI6H is larger than 5 K (with red color) in
Fig. 2(a). Snow also contributes to the positive RI6H (e.g.,
the yellow regions in Montana and North Dakota). This

Table 1 Correlation matrix for horizontal polarization channels from land data over the U.S. on February 10, 2011

6H 10H 18H 23H 36H

6H 1.0000 0.81412 0.77312 0.74112 0.67152

10H 1.0000 0.97091 0.92380 0.90323

18H 1.0000 0.98585 0.94499

23H 1.0000 0.97769

36H 1.0000
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presents a problem when simply implementing the spectral
difference method, that works for data in summer, to winter
cases. Snow areas are depicted by SI index in Figs. 2(b)
and 2(c) with values greater than 10 K (brown and red
color). The spectral difference method only with the
positive spectral gradient criterion RI6H> 5 K cannot
separate RFI from the mixed snow surfaces.
Table 2 gives us the statistical characteristics of these

three original variables for the studied winter snow case.
The variance of RI6H (Fig. 2(a)), SIV (Fig. 2(b)), and SIH
(Fig. 2(c)) are 44.07, 126.59, and 86.4, respectively. We
also can see from Fig. 2 that the snow index contributes
more variance because it is widespread with big values.
After principal components analysis Fig. 3 shows the
enginevectors of the three principal components derived
from the MPCA method. Each principal component (e.g.,
Z1, Z2) is an exact linear combination (i.e., weighted sum)
of the original variables (e.g., RI, SI). In the second
principal component Z2, SI owns small weight (about ‒0.1)
while RFI-contaminated RI6H owns a 1.0 weight that is
much larger than that of SI (Fig. 3(b)). In the first principal
component Z1, more weight contribution comes from SI
(Fig. 3(a)). The second principal component Z2 is a
probable RFI-related component. According to Eq. (9), the
principal components Z1, Z2, and Z3 are computed. The
values are shown in Table 3. The variance contribution of
the first principal component Z1 to accumulative variances
is 83.08%, and the second principal component Z2 is
15.58%. However, the correlation coefficient of Z2 with
RI6H (0.9311) is far higher than Z1 or Z3 with RI6H (0.051

or 0.0001). Based on the weight contribution and
correlation to the RFI information, the principal compo-
nent Z2 is the RFI-related principal component in winter.
So the principal component Z2 is displayed in Fig. 4(a).
The magnitude and scope of RFI can be identified
reasonability when the Z2 of the MPCA method is greater
than 5 K. Compared with Fig. 2(a), the false RFI
identification in high latitudes (yellow color with RI6H>
5K) derived by snow influence are dispelled at the same
time the RFI areas are saved.
To compare our MPCA method with other PCA

methods, we computed the first principal component of
the PCA method, the NPCA method, and the DPCA
method separately. The results are shown in Fig. 4(c), Fig.
4(d), and Fig. 4(e). The pattern of our MPCA method is
very similar to that of the DPCA method. In the DPCA
method a coastline mask has been applied to remove ocean
and large inland water regions. However, brightness
temperatures within land pixels near the coastline are
affected by ocean emission viewed in the antenna
sidelobes (Njoku et al., 2005). So the red lines along the
coastline are not RFI regions in Fig. 4(e). In Fig. 4(c) the

Fig. 3 Three eigenvectors of MPCA indices: (a) the first eigenvector; (b) the second eigenvector; (c) the third eigenvector.

Table 2 Characteristics of each original variable

Original variables Variance Percentage of variance/%

RI6H 44.07 17.14

SIV 126.59 49.23

SIH 86.46 33.63

Table 3 Characteristics of each principal component

Principal
component

Variance Percentage of variance/% Correlation coefficient with RI6H Correlation coefficient with SIV Correlation coefficient with SIH

Z1 213.62 83.08 0.0510 0.7585 0.6177

Z2 40.06 15.58 0.9311 0.0066 0.0079

Z3 3.44 1.34 0.0001 0.0667 0.1188
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values of snow area are much larger than real RFI signals.
The spectral difference of 6.9 GHz and 10.7 GHz measure-
ments is shown in Fig. 4(b) with pixels TB18h‒TB89h> 10
K removed. This scatter criterion TB18h‒TB89h> 10 K can
identify snow areas in high latitudes, but at the same time
the RFI regions mixed with snow are removed too.
RFI signals typically originate from a wide variety of

coherent point target sources and are often isolated. So the
locations of the RFI distribution tend to be persistent in
time, though their magnitudes exhibit temporal and
directional variability (Li et al., 2004). The first principal
component Z1 of our MPCA method for a summer case on
4 July, 2011 is shown in Fig. 4(f). Figure 4(f) is very close
to Fig. 4(a) and Fig. 4(e). The location of RFI in summer

Fig. 4 RFI-related principal component of 6.9 GHz with horizontal polarization over the U.S. on 10 February, 2011 calculated by (a) our
modified PCA method, (b) spectral difference method (only show the data that meet TB18h‒TB89h< 10 K), (c) PCA method, (d) NPCA
method, (e) DPCA method and (f) our MPCA method on 4 July, 2011.
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and winter is nearly same, which validates the effect of the
modified PCA method.
The RFI distributions at 6.9 GHz with horizontal

polarization over the U.S. on 10 February, 2011 identified
by the modified PCA method are shown in Fig. 5(a). To

illustrate the robustness of the proposed modified RFI
detection methods, the RFI distributions are displayed in
Figs. 5(b)‒5(e), which are the results from the spectral
difference method, the PCA method, the NPCA method,
and the DPCA method, respectively. RFI-free locations are

Fig. 5 RFI distributions at 6.9 GHz with horizontal polarization over the U.S. on 10 February, 2011 identified by (a) our modified PCA
method, (b) spectral difference method, (c) PCA method, (d) NPCA method, (e) DPCA method, and (f) our MPCA method on 4 July,
2011.
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in gray color. The magnitude and scope of RFI from the
MPCA method in winter (Fig. 5(a)), summer (Fig. 5(f)),
and from the DPCA method (Fig. 4(e)) are nearly same.
The spectral difference method (Fig. 5(b)) excludes
directly the RFI sources covered with snow, especially in
the states of Iowa, Illinois, and partly Pennsylvania. The
RFI identified by the PCA method is from snow, instead of
real RFI signals. So the PCAmethod does not perform well
at detecting RFI in winter. The NPCA method uses
normalized RFI indices as the original variables to identify
RFI. In Fig. 5(d) the scope of the RFI distribution seems to
be extensive, and the magnitude is also a little stronger by
this method. The feasibility of the NPCA method for
detecting RFI mixed with snow is weaker than MPCA and
DPCA methods.
The statistical characteristics of the RFI-related principal

component from four different PCA methods are shown in
Table 4. The RFI-related PC from PCA, NPCA, and DPCA
methods is the first PC, but in the MPCA method it is the
second PC. The variance and r2 are computed for the RFI-
related PC. The variance of the PCA method is the largest
with very small r2 (0.0814), because the PCA method
identifies the snow as RFI signals. The variance of DPCA
is smaller than that of NPCA because the RFI scope
detected by DPCA is smaller than that using NPCA
(Fig. 5(d) and Fig. 5(e)). The MPCA method owns larger
variance and the largest r-square (0.8567).

Using the proposed MPCA method to identify RFI is
also feasible for vertical polarization channels, and the RFI
distribution results are very similar (The figures were
omitted). The encouraging research results indicate that the
RFI identification algorithm is effective. This method can
successfully detect RFI not only in AMSR-E summer data
but also in winter data.

5 Conclusions

The strong scattering signature of dry snow and ice leads to
similar characteristics with positive spectral gradient as
radio-frequency interference signals. This phenomenon
makes the identification of RFI more difficult in the data of
the AMSR-E and other similar imagery sensors in winter,
especially in regions where RFI is mixed with scattering

surfaces. The objective of this study is to find a way to
identify RFI over snow covered land efficiently and
consistently. We used one RFI Index (RI) and two
Scattering Indices (SI) to construct the vector for principal
components analysis in our proposed modified PCA
method. It appears to be robust in separating RFI from
scattering surfaces and time-saving in the computation
process. AMSR-E PCA data analysis reveals widespread
C-band land RFI in many regions of the U.S. To validate
this new method we compare the identified RFI distribu-
tion among the spectral difference method, the PCA
method, the NPCA method, and the DPCA method.
Because the spectral difference method using snow
criterion (TB18h‒TB89h> 10 K) firstly excludes the scatter
effect of snow, the RFI information mixed together with
snow is also removed. The PCA method does not work for
winter RFI identification. The magnitude and scope of RFI
from our MPCA method are very similar to those from the
DPCA method. The range of RFI seems to be extended,
and the magnitude also enhanced a little by NPCA. The
MPCA method is simple and reliable, which is suitable for
both summer and winter seasons.
The new MPCA method is applicable over AMSR-E,

but needs further tests before it is used with other satellite-
based microwave imagers to detect RFI, such as the
WindSat radiometer, MWRI (MicroWave Radiation Ima-
ger) uploaded on the Chinese FY-3 meteorological satellite
series, and so on. The MPCA method can be applied to
satellite radiometer data at the orbit-by-orbit or granule-by-
granule data level, offering a real-time RFI detection
method before C- and X-band data is delivered to users.
The MPCA method has been tested over U.S., Europe,

and Asia, using AMSR-E observations. It performed well
at detecting RFI over land. However, it is not optimal for
ocean RFI due to the inherent large natural variability of
the spectral difference over the ocean. It also does not work
over regions with permanent snow and ice such as
Greenland and the Antarctic.
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