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Fengyun-3B MicroWave Humidity Sounder
(MWHS) Data Noise Characterization

and Filtering Using Principle
Component Analysis
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Abstract—MicroWave Humidity Sounder (MWHS) onboard
both Fengyun-3A (FY-3A) and FY-3B satellites have three chan-
nels (channels 3–5) near the 183-GHz water-vapor absorption
line. These channel frequencies are also used in other instruments
such as Advanced Microwave Sounding Unit-B (AMSU-B) and
Microwave Humidity Sounder (MHS) onboard MetOp and NOAA
satellites. Both MWHS and MHS are cross-track scanners. In
this paper, a comparison between the simulated brightness tem-
peratures with MWHS measurements clearly shows that MWHS
observations from the three sounding channels contain a scan-
angle-dependent cohesive noise along the instrument scanline.
This noise does not cancel out when a large amount of data over
a sufficiently long period of time is averaged, which eliminates the
possibility of such a noise to arise from the natural variability of
the atmosphere and the surface. The noises are around 0.3, 0.2,
and 0.2 K for channels 3–5, respectively. A principle component
analysis is used for the characterization of this cohesive noise
using one-month FY-3B MWHS data. It is shown that the MWHS
cohesive noise is primarily contained in the first principal compo-
nent (PC) mode, which mainly describes a scan-angle-dependent
brightness temperature variation, i.e., a unique feature of the
cross-tracking instrument. The first PC accounts for more than
99.91% total variance in the three MWHS sounding channels. A
five-point smoother is then applied to the first PC, which effectively
removes such a data noise in the MWHS data. The reconstruction
of the MWHS radiance spectra using the noise-filtered first PC
component is of good quality. The scan-angle-dependent bias from
the reconstructed MWHS data becomes more uniform and is
consistent with the NOAA-18 MHS data.

Index Terms—Fengyun-3B (FY-3B), MicroWave Humidity
Sounder (MWHS), Microwave Humidity Sounder (MHS), princi-
pal component analysis (PCA).
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TABLE I
FY-3B MWHS INSTRUMENT CHARACTERISTICS

I. INTRODUCTION

THE FIRST satellite of the second series of Chinese polar
orbiting satellites, i.e., Fengyun-3A (FY-3A), was suc-

cessfully launched into orbit on May 27, 2008. The perfor-
mance of atmospheric sounding instruments, in particular, met
the specifications [1], [2]. Two years later, the second satellite
in the new series, i.e., FY-3B, carrying the same 11 instruments
as FY-3A, was successfully launched on November 5, 2010.
The MicroWave Humidity Sounder (MWHS) is one of the
11 instruments onboard the FY-3B satellite. FY-3B has an
afternoon configuration whose equator local crossing time is
1:30 P.M. MWHS has five channels at the frequency rang-
ing from 150 to 190 GHz and provides atmospheric water
vapor sounding. The three MWHS sounding channels have
exactly the same frequencies as the three sounding channels
on Advanced Microwave Sounding Unit-B (AMSU-B) onboard
NOAA-15, NOAA-16, and NOAA-17 satellites and Microwave
Humidity Sounder (MHS) onboard NOAA-18, NOAA-19, and
MetOp-A satellites.

The five channel microwave measurements from MWHS
and MHS are designed for sounding atmospheric water vapor
in all weather conditions except for heavy precipitation [3].
Since these instruments are designed as cross-track scanners,
the instrument viewing angle is different for different pixels
along a scanline. Sometimes, the contamination from various
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Fig. 1. (a) and (b) Observed, (c) and (d) simulated, and (e) and (f) O–B differences of brightness temperatures at channel 3 of (left panels) MWHS and (right
panels) MHS (right panels) at 0300–1500 UTC, April 2, 2011.

active sources on these water-vapor sounders can be embedded
in the data and mixed with the natural atmospheric variables
from the limb darkening or brightening effects. Fortunately,

the atmospheric limb effect under clear-sky conditions depends
only on the viewing angle and should be symmetric about the
nadir point in the middle of the instrument scan. The limb
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Fig. 2. (Left panel) Global bias and (right panel) standard deviation of bright-
ness temperature differences between observations and model simulations
during April 2 to 30, 2011, at nadir for FY-3B MWHS (solid) and NOAA-18
MHS (dashed) Ch3, Ch4, and Ch5.

Fig. 3. Scan-angle dependence of O–B biases for (a) (black) MWHS and
PCA-reconstruct data at channels (red) 3, (blue) 4, and (green) 5. (b) Same
as PCA-reconstructed data in (a) but for MHS data. Nadir biases are subtracted.

effects can be accurately simulated by a radiative transfer model
using outputs of numerical weather prediction (NWP) models
as its inputs. The bias between simulations and observations can
be used to detect the instrument-induced scan-angle-dependent
biases such as polarization misalignment or an antenna pointing
angle error for AMSU-A [4], [5] and AMSU-B [6] instruments.

Fig. 4. Globally averaged monthly mean O–B (solid) power spectral density
and (dashed) 95% confidence level for MWHS channels (red) 3, (blue) 4, and
(green) 5 in April 2011.

In this paper, we present a comparison study of the
FY-3B MWHS data with brightness temperatures simulated by
a radiative transfer model using NWP fields as its input. A FOV-
fixed line-pattern cohesive noise is present in the MWHS data.
A principal component analysis (PCA) is employed to filter the
noise in the MWHS data without altering other weather-related
features in MWHS observations. Using PCA to characterize
sensor noise in the Earth scene data is not new. The authors
in [7] applied a PCA-based noise filter, which eliminates
the higher order principal components, to reduce the random
noise present in the simulated and real hyperspectral infrared
observations. The authors in [8] showed that the PCA is a
powerful technique for diagnosing and filtering Atmospheric
Infrared Sounder (AIRS) noise and other variable artifacts in
hyperspectral data. The author in [9] also used the PCA ap-
proach to remove the subtle distortions in the AIRS instrument
line shape introduced by nonuniform scene effects.

This paper is organized as follows: In Section II, FY-3B
MWHS instrument characteristics, a radiative transfer model,
and input fields for the radiative transfer model used in the
paper are presented. Global biases, standard deviations, and
scan-angle dependence of biases are presented in Section III.
The line-pattern noise in the MWHS data, the PCA approach
for characterizing it, a five-point smoother for filtering it, and
the reconstructed MWHS data obtained by applying a PCA-
based noise filtering to real MWHS observations are illustrated
in Section IV. Section V provides a brief summary.

II. MWHS MEASUREMENTS AND MODEL SIMULATIONS

A. MWHS Data

The radiance data in the Level-1B format from both FY-3B
MWHS and NOAA-18 MHS in April 2011 are employed
for this paper. Both FY-3B and NOAA-18 have afternoon-
configured orbits, and the equator-crossing local time of
NOAA-18 (2:00 PM) is closed to FY-3B. Major sensor
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Fig. 5. (Left panels) PC coefficients (�ui) and (right panels) matrix of the vector products of the PC coefficients with PCs (�ui�ei) for the (a) and (b) first, (c) and
(d) second, and (e) and (f) third modes calculated for MWHS channel 3 from a single swath data at 0114–0255 UTC, April 2, 2011.

characteristics are summarized in Table I and [3]. MWHS and
MHS channels 1 and 2 are window channels. The center fre-
quency of MWHS channel 1 is 150 GHz (vertical polarization),

which is different from MHS channel 1 at 89 GHz (vertical po-
larization). The center frequencies of MWHS channels 2–5 are
the same as MHS channels 2–5, located at 150 GHz (horizontal
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Fig. 6. Distributions of the power spectral density of each PC exceeding 95% confidence level for different recognized periods for MWHS channels (a) and
(b) 3, (c) and (d) 4, and (e) and (f) 5 for (left panels) all 98 PCs or (right panels) only the first ten PCs calculated for the same swath as in Fig. 5.

polarization), 183.31 ± 1 GHz (vertical polarization), 183.31
± 3 GHz (vertical polarization), and 183.31 ± 7 GHz (vertical
polarization), respectively. The three sounding channels 3–5

have their weighting functions located near 400, 600, and
800 hPa, respectively. MWHS provides a total of 98 FOVs
along each scanline in 8/3 s, whereas MHS observes 90 FOVs
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on each scanline in 8/3 s. The observation resolution at nadir is
15 km for both MWHS and MHS. The MWHS swath width is
2700 km, which is wider than the swath width of MHS (i.e.,
2250 km). The noise equivalent delta temperature (NEDT)
values are 1.10, 0.90, and 0.90 K for MWHS channels 3–5,
respectively, which are comparable with the NEDT values
of 0.55, 0.42, and 0.35 K for MHS [10]. Data comparisons
between MWHS and MHS are made only for channels 3–5.
Measurements from these three sounding channels are sensitive
to temperature, water vapor, and cloud information in the tro-
posphere [5]. The NOAA-18 MHS data are routinely ingested
and assimilated at major NWP operational centers around the
world [11]. NOAA, the European Centre for Medium-range
Weather Forecasts, and China are undertaking studies to evalu-
ate the possible future operational use of MWHS. Comparisons
between MWHS channel 1 and MHS channel 1 are not possible
because of their frequency difference. Comparisons for MWHS
channel 2 and MHS channel 2 will be made in a future study
since the comparison results need to be interpreted and ana-
lyzed with many other auxiliary data (e.g., surface parameters)
and more advanced radiative transfer capability.

B. Model Simulation

The Community Radiative Transfer Model (CRTM) devel-
oped by the U.S. Joint Center for Satellite Data Assimilation
for rapid calculations of satellite radiances and their derivatives
under various atmospheric and surface conditions [12], [13] is
used for producing global simulations of brightness tempera-
tures that are measured by either MWHS or MHS from National
Center for Environmental Prediction global forecast system
(NCEP GFS) 6-h forecast fields. The NCEP GFS 6-h forecast
fields have a horizontal resolution of 1◦ × 1◦ and 26 vertical
levels, with the highest vertical level located near 10 hPa.
The input required by the CRTM includes the vertical profiles
of temperature, specific humidity, and pressure; the surface
parameters of the surface skin temperature; 10-m wind speed
and wind direction; and sensor’s (MWHS or MHS) azimuth and
scan angles.

III. PCA APPROACH

The principal component analysis (PCA) is carried out on a
swath-by-swath basis. The data matrix A is constructed from
MWHS brightness temperature observations, i.e.,

A98×N =

⎛
⎜⎝

TB1,1 · · · TB1,N

...
. . .

...
TB98,1 · · · TB98,N

⎞
⎟⎠ (1)

where TBk,j (k = 1, 2, . . . , 98, j = 1, 2, . . . , N) indicates the
brightness temperature at the kth FOV and the jth scanline of
a swath, and N is the total number of scanline involved in the
calculation.

The covariance matrix S is then constructed from the data
matrix A : S = AAT , whose eigenvalues (λi, i = 1, . . . , 98)

and eigenvectors
⇀
ei, i = 1, . . . , 98) are then calculated as

S
⇀
ei= λi

⇀
ei (λi, i = 1, . . . , 98) (2)

Fig. 7. Spectra of the first five PCs for MWHS channels 3–5 extracted by
Fourier analysis using the same swath as in Fig. 5.

where

⇀
ei=

⎛
⎜⎜⎝

e1,i
e2,i

...
e98,i

⎞
⎟⎟⎠

is called the principal component for the ith mode, and λi

represents the contribution of the ith mode to the total variance
of data in matrix A. Equation (2) can be written in matrix
form as

SE = EΛ (3)

where

Λ =

⎛
⎝

λ1 0 0

0
. . . 0

0 0 λ98

⎞
⎠ E =

( ⇀
e1

⇀
e2 · · · ⇀

e98
)
.

Since the values of
⇀
ei (i = 1, . . . , 98) are orthonormal,

E−1 = ET . Therefore, we have

S = EΛET (4)

Finally, the PC coefficient matrix U is calculated as

U = ETA =

⎛
⎜⎜⎝

u1,1 u1,2 · · · u1,N

u2,1 u2,2 · · · u2,N

...
...

. . .
...

u98,1 u98,N · · · u98,N

⎞
⎟⎟⎠ =

⎛
⎜⎜⎜⎝

⇀
u1
⇀
u2
...
⇀
u98

⎞
⎟⎟⎟⎠

(5)

where
⇀
ui= (ui,1 ui,2 . . . ui,N ) is the so-called PC coefficients

for the ith mode.
The correction algorithm simply involves the reconstruction

of the spectra with the first “noisy” principal component
⇀
e1
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Fig. 8. Differences between MWHS observations and the PC- reconstructed fields for channels (a) 3, (b) 4, and (c) 5 at 0114–0255 UTC, April 2, 2011. (d) Same
as (c) except for the entire swath. (Black box) Region shown in (a)–(c).

being smoothed, i.e.,

Areconstructed =
⇀
e1

sm⇀
u1 +

98∑
i=2

⇀
e1

⇀
u1 (6)

where
⇀
e1

sm
is the same as

⇀
e1 except for a five-point smoothing

applied.

IV. NUMERICAL RESULTS

A. Biases and Standard Deviations

Fig. 1 presents a 12-h global distribution of MWHS and MHS
channel-3 observations [see Fig. 1(a) and (b), respectively],
model simulations [see Fig. 1(c) and (d), respectively], and
differences between observations and simulations [see Fig. 1(e)
and (f), respectively] of brightness temperatures at 0300–

1500 UTC, April 2, 2011. The overall distributions of bright-
ness temperatures provided by MWHS are very similar to those
of MHS. MWHS has wider swath and large scan-angle depen-
dence. The monthly mean global biases and standard deviations
of brightness temperature differences between observations and
model simulations in April 2011 for the FY-3B MWHS and
NOAA-18 MHS data at nadir are provided in Fig. 2. The
biases for MWHS data are comparable with those of MHS,
with channel 3 having the largest global bias (between 3 and
6 K). The standard deviations of the MWHS data are consis-
tently larger than the MHS data, suggesting a larger variability
in the MWHS data. The standard deviations increase with the
channel number.

The scan-angle dependences of MWHS and MHS biases
are shown in Fig. 3(a) and (b), respectively. The scan-angle
dependence of MWHS and MHS biases are asymmetric for
all sounding channels 3–5. A data noise characterized by a
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Fig. 9. (a) Cloud LWP and (b) IWP retrieved from surface-sensitive channels of NOAA-18 AMSU-A and MHS, respectively, at 0100–0249, April 2, 2011, in
the region shown in Fig. 8(a)–(c).

scan-angle-dependent high-frequency oscillatory signal noise
that occurred in MWHS observations (figures omitted), result-
ing a similar high-frequency oscillatory signal noise in O–B
biases for all three MWHS sounding channels [see Fig. 3(a)].
The O–B biases of MHS data [see Fig. 3(b)] are much smoother
than those of the MWHS data.

In order to find out at which frequencies the O–B variations
are strong, the power spectral density is calculated for all
swaths and then averaged to obtain global-average monthly
mean O–B power spectral densities for MWHS data in April
2011. Results are shown in Fig. 4. The 95% confidence levels
for all three MWHS channels are also indicated. The power
spectral densities in Fig. 4 provide a quantitative measure of the
overall frequency content of the MWHS data along different
scanlines. It is seen that the strength of the data variation
weakens as the frequency increases except for a strong high-
frequency oscillatory signal noise with a periodicity of 2.6
FOVs in all three sounding channels. The strength of the signal
noise is stronger for lower tropospheric channel 5 than upper-
level channels 3 and 4.

B. Characterization of MWHS Sensor Noise Using PCA

The PCA approach is employed to convert a set of obser-
vations of possibly correlated scan-angle-dependent brightness
temperatures into a set of uncorrelated PCs, each revealing the
internal structure of the MWHS data in a way that the first
PC accounts for as much variability in the data as possible
and explains most variance in the data, and each succeeding
component in turn has the highest variance possible under
the constraint that it is orthogonal to (uncorrelated with) the
preceding PC components. The first PC explains more than
99.91% total variance of the MWHS data. The first ten PCs
explain more than 99.99% total variance.

As examples, we show in Fig. 5 the PC coefficients [
⇀
ui in

(5)] and the matrix of the vector products of the PC coefficients
with PCs [

⇀
ui

⇀
ei in (6)] for the first three PC modes calculated

for MWHS channel 3 from a single swath data at 0100 UTC,
April 2, 2011. It is seen that the latitudinal variations of
the brightness temperature of an orbit going from the South
Pole and the North Pole and back are captured by the PC
coefficients of the first PC mode, i.e.,

⇀
u1 [see Fig. 5(a)]. The

scan-angle dependence of the brightness temperature of a cross-
track radiometer instrument, with the brightness temperatures
being warmer at smaller scan angles than larger scan angles,
is captured by the vector products of the PC coefficients with
PCs, i.e.,

⇀
ui

⇀
ei [see Fig. 5(b)]. The second PC mode mainly

describes the asymmetric variations with a scan angle, and
the third PC seems to represent the symmetric part that are
of different magnitudes in high latitudes and low and middle
latitudes.

The individual contributions of the 98 PC modes to the total
power spectral density are provided in Fig. 6, which shows the
power spectral densities of each PC exceeding 95% confidence
level for different recognized periods for MWHS channel 3 [see
Fig. 6(a) and (b)], channel 4 [see Fig. 6(c) and (d)], and channel
5 [see Fig. 6(e) and (f)] for all 98 PCs (left panels) and the first
ten PCs (right panels). Results in Fig. 6 are calculated for a
single swath at 0100 UTC, April 2, 2011. The following three
features are noticed: 1) The larger the PC mode number, the
smaller the period of the large power spectral density. 2) The
high-frequency oscillatory signal noise with a periodicity of
2.6 FOVs shown in Figs. 3(a) and 4 is contained in the first
PC mode. 3) It requires more PC modes to capture most of the
variations in the channel-5 data than upper level modes.

A Fourier analysis is carried out for all the PCs. Results for
the first five PCs are presented in Fig. 7. It further confirms that
the cohesive noise in the MWHS data is largely in the first PC.



4900 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 50, NO. 12, DECEMBER 2012

Fig. 10. Differences between MWHS observations and five-point smoothed fields for channels (a) 3, (b) 4, and (c) 5 at 0114–0255 UTC, April 2, 2011. (d) Same
as (c) except for the entire swath. (Black box) Region shown in (a)–(c).

C. Elimination of the Line-Shape Noise in the MWHS Data

Since the high-frequency noise is primarily contained in the
first PC mode (see Figs. 6 and 7), a five-point smooth is applied
to the first PC. Equation (6) is then used to the reconstructed
MWHS data.

Differences between the MWHS observations and the PCA-
reconstructed fields for channels 3–5 show a line-shape noise
(see Fig. 8), implying that the MWHS data noise oscillation
is fixed in the phase with respect to the FOV. This will
lead to high correlations between different scanlines, which
explains why the MWHS data noise is contained in the first
PC mode.

It is emphasized that the proposed PCA-based smoothing is
able to remove data noise over the land and the ocean. We
examine if the aforementioned line-shape noise change under
cloudy conditions. Fig. 9 presents the horizontal distributions
of the cloud liquid water path (LWP) and ice water path

(IWP) retrieved from surface-sensitive channels of NOAA-18
AMSU-A and MHS, respectively, during a similar time period
and in the same region, as shown in Fig. 8(a)–(c). It is clearly
shown that the proposed method worked well in both cloudy
and clear-sky conditions.

As shown in Fig. 8, the cohesive periodic data noise is
removed by applying a five-point smoothing to the first PCA,
which explains more than 99.99% total variance. A natural
question arises as whether a direct five-point smoothing to
the MWHS data without a PCA decomposition would work.
Fig. 10 presents the differences between MWHS observations
and the five-point smoothed fields at the same time as in Fig. 8.
Compared with Fig. 8, a direct five-point smoothing to the
MWHS data modified the weather-related features at a mag-
nitude that is an order of magnitude greater than the data noise
shown in Fig. 8. A power spectral density analysis (see Fig. 11)
indicates that the PCA method eliminates the signal with their
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Fig. 11. (Color shaded) Power spectral density obtained for data along all the
complete scanlines in (a) Fig. 8(c) and (b) Fig. 10(c). The contour in (a) and (b)
indicates the 95% confidence level.

wavelength centered around 2.5 FOVs, but direct smoothing
on the data removes those features whose wavelength varies
from 3 to 10 FOVs. The main features eliminated by the PCA-
assisted smoothing have a fixed scale for all the scanlines,
while those eliminated by direct smoothing on the data are
different for different scanlines. This further demonstrates the
effectiveness of the proposed method for the elimination of the
line-shape noise in the MWHS data, while the true signal does
not project onto the first PC and is left untouched by the PC
smoothing.

The scan-angle dependence of the O–B biases of MWHS
sounding channels 3–5 calculated from PCA-reconstructed
MWHS observations and model simulations are shown in
Fig. 3. Compared with raw data, the O–B bias calculated from

the reconstructed MWHS data smoothly varies with the scan
angle without changing the large-scale features.

V. SUMMARY

Detecting, characterizing, and removing observation noise
in FY-3B MWHS data are extremely important before they
could be effectively applied in NWP and climate studies.
PCA has been employed for characterizing the noise in the
MWHS data, and a five-point filter has been used for filtering
the noise primarily contained within the first PC mode. The
reconstruction of the brightness temperature spectra with the
first term in the PCA reconstructed field smoothed provides an
effective data filter. This PCA-based filter is not only accurate
and robust but also flexible in its implementation. It can be
applied on a swath-by-swath or granule-by-granule basis. The
root cause of this noise is not clear. Further investigation is
required.
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