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Abstract—Space-borne microwave sounding instruments have
become vital data sources for weather prediction and climate
change studies. Among the various radiometer configurations, the
total power microwave radiometer is particularly appealing for
current and future operational satellites due to its superior sensi-
tivity and simple design. However, its performance is vulnerable
to degradation caused by receiver gain fluctuations, electronic
1/f noise, and other time varying receiver characteristics. For
Numerical Weather Prediction (NWP) users, 1/f noise intro-
duces inter-channel correlations, complicating the assimilation
of affeced observations and reducing their accuracy. Addressing
this noise issue in ground data processing system is essential
to enhance the utility of microwave sounding data. This paper
focuses on the characterization and mitigation of noise in current
and future microwave sounding instruments, with particular
emphasis on the impact of 1/f noise. Various methods are applied
to quantitatively characterize noise features in both frequency
and time domains. Additionally, the influence of calibration
parameters on 1/f noise are analyzed. Based on these findings,
we propose a mitigation algorithm for reducing noise during the
on-orbit calibration of microwave sounding instruments, aiming
to improve the quality of retrieved data for operational use.

Microwave Sounder, striping noise, calibration

I. INTRODUCTION

Space-borne microwave sounding instruments are critical
data sources for meteorological remote sensing applications.
For current and future operational satellites, the total power
radiometer is an appealing choice for its superior sensitiv-
ity and straightforward implementation compared to other
radiometer configurations[1]. The Advanced Technology Mi-
crowave Sounder (ATMS) is a prominent example of a total
power radiometer, first launched aboard the Suomi National
Polar-orbiting Partnership (SNPP) satellite in 2011. As of this
writing, two additional ATMS instruments are operational on
NOAA-20 and NOAA-21 satellites. The ATMS features 22
channels distributed across five frequency bands: K (23.8GHz),
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Ka (31.4GHz), V (50.3 to ˜57.29 GHz), W (88.2GHz), and G
(165.5GHz and 183 GHz) [2]. These instruments are consid-
ered part of the backbone of the global observing system, with
three more ATMS sensors slated for future launches, including
one aboard QuickSounder - a small satellite in NOAA’s Near
Earth Orbit Network (NEON) program [4]. Given this con-
tinued deployment, ATMS instruments are expected to remain
a fundamental element of the observing system for decades.
Despite their advantages, total power radiometer like ATMS
are susceptible to performance degradation caused by receiver
gain fluctuations, electronic 1/f noise, and other time varying
receiver characteristics. Studies of SNPP ATMS data have
revealed significant striping noise in observations, attribute
to low-frequency 1/f noise within the instrument. This strip-
ing manifests as spatial patterns that impair data quality[3].
For NWP users, 1/f noise exacerbates inter-channel correla-
tions, adversely affecting the assimilation of observations and
leading to inaccuracies in weather models. Furthermore, as
the development of next generation hyperspectral microwave
sounding instruments advances, the noise performance remains
a critical requirement for weather and climate applications.
Addressing these noise issues is essential to maximize the
utility of data from current and future microwave sounding
instruments. Ground data processing systems must incorporate
effective strategies to mitigate noise and enhance the quality
of observations for operational use.

In nearly all areas of measurement, the ultimate limit
of detecting weak signals is determined by noise. Some
forms of noise are unavoidable, such as the real fluctuations
in the quantity being measured, but they can be mitigated
through the techniques like signal averaging and bandwidth
narrowing. Other types, such as radio frequency interference
and instrument electronic noise, can often be reduced or
eliminated using filtering and low-noise design [5]. Noise is
typically characterized by its frequency spectrum, amplitude
distribution, and the physical mechanism responsible for its
generation. In passive microwave sounding instruments, two
primary noise types dominate: thermal noise (white noise) and
1/f noise (pink noise). Thermal noise exhibits a flat frequency
spectrum, meaning its power remains constant across frequen-
cies. It appears as random voltage variations and depends
on factors such as the scene temperature, system equivalent
noise temperature, bandwidth, and the integration time. Higher
temperatures and resistances lead to greater noise amplitude.
Statistically, thermal noise follows a Gaussian distribution
with zero mean after normalization, and its effects can be
significantly reduced through post-processing.
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(a) On-orbit striping noise in channel 9 of SNPP ATMS

(b) On-orbit striping noise in channel 9 of NOAA-21 ATMS

(c) Striping index comparison for all 22 channels between SNPP,
NOAA-20 and NOAA-21 ATMS operational products

Fig. 1: Striping noise and the striping index in current opera-
tional ATMS units onboard the SNPP, NOAA-20 and NOAA-
21 satellites

In contrast, 1/f noise follows a 1/fα power spectrum and
manifests as low-frequency noise with a striped pattern in ob-
servations. Figure.1a illustrates the “O-B” results(observations
minus radiative transfer model simulations) for the SNPP
ATMS SDR product at channel 9, revealing visible striping
patterns likely caused by instrument noise. For comparison,
Figure 1b shows the same results for NOAA-21 ATMS,
where striping is less pronounced. ATMS channel 9 has a
weighting function that peaks at the top of troposphere, where
atmospheric microwave radiation fluctuations are relatively
steady. The striping observed in “O-B” thus originates from
instrument noise. The striping index(κSI) is used as a metric
to quantify the significance of striping noise, defined as the
ratio of variance in cross-track direction(σ2

CT ) to that in the
along-track direction(σ2

AT ):

κSI =
σ2
CT

σ2
AT

(1)

A value of κSI = 1 indicates no striping noise, while values
greater than 1 signify increasing striping. Figure 1c compares
striping index across SNPP , NOAA-20 and NOAA-21 ATMS
instruments, showing significantly higher striping noise in
SNPP data. However, the striping index measures relative
significance rather than absolute magnitude. For NWP users,
striping noise introduces channel correlation, adversely affect-
ing data assimilation and reducing forecast accuracy[2].This
makes striping noise a major concern for future applications,
particularly for the NWP community. Unlike the white noise,
which can be reduced by averaging consecutive samples,
low-frequency striping noise requres more sophisticated ap-
proaches. Most striping mitigation algorithms, such as those
combining Principal Component Analysis (PCA) and En-
semble Empirical Mode Decomposition (EEMD) have been
tested on SNPP ATMS SDR data[6][7]. While effective for
temperature sounding channels, these methods occasionally
over-correct in W- and G-band channels, where non-uniform
liquid water and cloud features are prominent. Additionally,
processing large global datasets with these algorithms is time-
intensive, presenting challenges for operational use. Moreover,
current approaches lack mathmatical models to quantitatively
evaluate spatial resolution degradation caused by low-pass
filter-based mitigation.

This work addresses these challenges by investigating the
impact of striping noise in ATMS measurements and proposing
a new calibration algorithm to improve on-orbit calibration
processes. Section II provides a detailed noise analysis of the
SNPP ATMS, characterizing noise in both time and frequency
domains. Section III examines the influence of calibration
parameters on striping noise using datasets from ground ther-
mal vacuum (TVAC) tests. Section IV details the development
and evaluation of the new calibration algorithm. Additionally,
Section V explores a dynamic window B-G algorithm as a
post-processing step for total noise reduction. Conclusions and
further discussions are provided in Section VI.

II. NOISE FEATURE CHARACTERIZATION

To gain a deeper understanding of the noise characteristics
in the original instrument measurements, data was collected
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Fig. 2: Noise spectrum for SNPP and NOAA-21(JPSS-02)
ATMS channel 16 (88.2GHz). Note that for SNPP, the noise
power spectrum is modified with exaggerated 1/f noise to
represent the worst case of the instrument noise performance

from an external target with uniform and stable radiation.
The calibrated noise data was then analyzed in both the
frequency and time domains. For this study, the noise data
was derived from the SNPP ATMS TVAC tests, with the 1/f
noise component intentionally amplified to simulate a worst
case scenario for future ATMS-like instruments.

A. Power Spectrum Analysis

The noise power spectral density (PSD) is commonly used
as a metric to evaluate the frequency-dependent characteristic
of the noise. To compute the PSD, the noise data in the time
domain is first transformed into the frequency domain using
a Fast Fouriier Transform (FFT). The PSD is then calculated
using the following equation:

PSD(f) =
1

0.5 · Fs ·N

∥∥∥∥FFT (t)

∥∥∥∥2 (2)

Where Fs = 1
0.018 = 55.6Hz is the sampling frequency

of the instrument measurements, and N is number of data
samples. The unit of the PSD is K2/Hz. To minimize the
noise in the results, the total number of 20,000 data samples
(corresponding to 6 minutes continuous observations) were
split into five segments, and the final PSD was obtained by
averaging the PSD for each segment. Figure 2 presents the
PSD calculation result for W-band (88.2GHz) of SNPP ATMS
instrument, alongside a comparison with the NOAA-21 ATMS
noise PSD.

As shown in Figure 2, the measured receiver power spec-
trum is the Root Sum Square (RSS) of two major components.
At low frequencies, from DC to 10Hz, the PSD is inversely
proportion to the frequency, reflecting the characteristics of
1/f noise. At frequencies above 10Hz, the spectrum transi-
tions to a uniform Gaussian distribution with lower magni-
tude, representing white noise, whose PSD is indepdent of
frequency. The frequency where the transition occurs is known
as the 1/f corner frequency (FC), a critical performance: lower
values indicate better performance. For NOAA-21 ATMS, the

Fig. 3: Noise characterization for SNPP ATMS at scene
temperature of 280K

1/f noise is significantly lower than for SNPP ATMS, as
indicated by the lower corner frequency.

The PSD of the 1/f noise component can be modeled as
an inverse function of the frequency:

PSD1/f (f) = a · f−α (3)

Fitting results reveal that the PSD of SNPP ATMS increases
steeply as frequency decreases. For instance, in the power
spectrum shown in Figure 2, the value of alpha rises from
0.18 for NOAA-21 ATMS to 0.79 for SNPP ATMS, indicating
a sharp increase in noise power at lower frequencies for the
latter.

B. NEdT Analysis

The PSD analysis reveals two different noise components
in the ATMS measurements: thermal (white) noise with uni-
form Gaussian spectrum and 1/f noise. Based on the method
published in [8], the total noise in the measurements can be
calculated using the following equation:

NEDT total =

√√√√ 1

M − 1

M∑
i=1

(
Tbinoise − Tbnoise

)2
(4)

The Noise equivalent differential Temperature (NEdT) for
thermal noise can be determined from the two-elements Allan
variance as:

NEDT thermal =

√√√√ 1

2(M − 1)

M−1∑
i=1

(
Tbi+1

noise − Tbinoise
)2
(5)

In these equations, Tbnoise represents the calibrated noise data
samples in brightness temperature, M is the total number of
noise data samples used in calculations. With the total noise
and thermal noise determined, the 1/f noise can be calculated
using:

NEDT 1/f =

√
NEDT total

2 −NEDT thermal2 (6)
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Fig. 4: Comparison of the 1/f noise percentages between SNPP
and NOAA-21 ATMS

From Eq.4 to 6, the percentage contribution of 1/f
noise can be calculated as the power ratio of NEdT1/f to
NEdTtotal using the following equation:

ρ1/f =
NEDT 2

1/f

NEDT 2
total

(7)

The percentage of 1/f noise derived from Eq.7 serves as a
metric for assessing the impact of 1/f noise in the measure-
ments. As illustrated in Figure 4, for most of the V(50 60
GHz) and W (88.2GHz)-band channels, 1/f noise dominates
the total noise in SNPP ATMS, contributing over 60%. In the
G-band (165 183 GHz), while 1/f noise is lower, it remains
a significant noise source.

It is noteworthy that the characteristics of 1/f noise de-
picted in Figure 4 align with the striping index shown in Figure
1c, highlighting a strong correlation between 1/f noise and
the striping noise.

C. Channel Correlation Analysis

ATMS observations are a critical data source for NWP ap-
plications. Proper characterization of notable error correlations
is essential for the effective assimilation of these observations.
A Study of SNPP ATMS data at ECMWF indicates increased
inter-channel correlations in ATMS compared to the legacy
AMSU instrument, which is attributed to striping effects in
the data[2]. The inter-channel error correlation coefficient can
be calculated as below:

ρi,j =
Cov(Xi, Xj)

σXiσXj

Cov(Xi, Xj) =
1

m

m∑
k=1

(Xi[k]− µXi
)(Xj [k]− µXj

)

µX =
1

m

m∑
k=1

X[k]

σX =

√√√√ 1

m

m∑
k=1

(X[k]− µX)2

(8)

Where Xi and Xj represent the noise data for channels i
and j, respectively, and m is the number of data samples for
each channel.

Figure 5 illustrates the inter-channel error correlation for
SNPP and NOAA-21 ATMS, derived from the same noise data
samples used for the PSD and NEdT analyses. The results
reveal a significant increase in inter-channel correlations for
the V- and G-band channels in SNPP ATMS.

The analysis of ATMS noise data shows that the high per-
centage of 1/f noise in the noise signal strongly contributes to
increased inter-channel error correlations. This underscores the
importance of mitigating 1/f noise to reduce such correlations
and improve the quality of ATMS observations for NWP
applications.

III. IMPACTS OF CALIBRATION PARAMETERS ON THE
STRIPING NOISE

The Study by Hersman and Poe demonstrates that the
noise performance of a total power radiometer with periodic
absolute calibration, such as ATMS, is fundamentally linked
to the receiver output noise power spectrum, Sr(f), and the
calibration processor transfer function H(f), as described by
the following equation [9]:

(∆T )2 = c2
∫ ∞
0

dfSr(f)H(f) (9)

The transfer function H(f) depends on the radiometer param-
eters, including the observation integration time τ , calibration
duration tc, and the weighting function applied to calibration
samples. as shown in [9], both integration time and calibration
duration significantly affect the noise characteristic of the
calibrated brightness temperature.

This section explores the influence of calibration parame-
ters on the noise characteristics of the calibrated brightness
temperature for ATMS. Specifically, the effects of calibration
duration, receiver integration time, and the weighting function
applied to calibration data are analyzed.

A. Impacts of the Weighting Function

As described in [9], the power spectrum of the calibration
transfer function H(f) can be expressed as a function of the
integration time for scene observation τs, integration time for
calibration samples τc, calibration time tc, and the weighting
function for the calibration samples:

H(f) = |sin(πfτs)

πfτs
−sin(πfτc)

πfτc

∑
k

w(ts−ktc)e−j2πf(ts−ktc)|2

(10)
for ATMS instruments, τs = τc = 0.018s. During on-orbit
calibration, four consecutive calibration samples from the cold
space and warm load are averaged, resulting in an effective
τc = 4τc. Typically, a boxcar weighting function with varying
window size is used for different channel in the calibration
process.

To assess the impact of the weighting function’s window
size on the calibration process, H(f) was generated for the
calibration times of 2.67s, 13.35s, and 26.7s, corresponding
to window sizes of 1, 5, and 10 scan lines, respectively. As



IEEETRANS. GEOSCIENCE AND REMOTE SENSING, VOL. XX, NO. XX, 2024 5

Fig. 5: Comparison of the inter-channel error correlations between SNPP and NOAA-21 ATMS

Fig. 6: Impacts of window size of the weighting function on
calibration process function

shown in Figure 6, the calibration transfer function acts as a
band-pass filter for the signal’s PSD. It attenuates signals with
frequencies lower than the calibration frequency (fl = 1/tc)
and allows signal between fl and the sampling frequency
fh = 1

2τs
to pass. With an increasing window size, the

stop frequency fl shifts to the lower end of the frequency
spectrum, incorporating more low-frequency 1/f noise into
the calibration results.

Additionally, a boxcar weighting function with window size
ranging from 1 to 50 was also applied to the calibration data
collected from a constant scene temperature of 280K, the total
noise and 1/f noise were calculated to evaluate the weighting
function’s impact on calibration noise. As shown in Figure 7,
for SNPP ATMS K-(23.8 GHz), Ka-(31.4GHz) and V-band
(50 60GHz), both total noise and 1/f noise decrease with the
increase of the window size and stabilized at window size of
10. In contrast, for W-(88.2GHz) and G-(165 183GHz) band,
increasing the window size reduces total noise but increases
1/f noise.

B. Impacts of calibration time

To investigate the impact of calibration time on the noise
feature of calibrated observations, original continuous obser-
vations were calibrated with different calibration times of
ts,5ts,10ts, and 50ts, with ts = 18ms. PSD analysis was
then performed on the calibrated noise data for different
calibration times to assess the impact of the calibration time
on 1/f rejection. Figure 8 shows the PSD calculation results
for ATMS channel 8, indicating that the 1/f noise increased
sharply with increasing calibration time.

C. Impacts of the integration time

To investigate the impact of integration time on the 1/f
noise in the calibrated observations, the same dataset was used
with a constant calibration time of 8/3 seconds and a sampling
time of 0.018 seconds. The percentage of 1/f noise was then
calculated by using Eq.7. As shown in Figure 9, the percentage
of 1/f noise increases as the integration time increases up
to around 200ms, due to the sharp decrease of the thermal
noise. However, as the integration time is further increased, the
percentage of 1/f noise decreases due to reduced 1/f noise.

IV. CALIBRATION ALGORITHM FOR STRIPING
MITIGATION

From section III, it is evident that for microwave observa-
tions with significant 1/f noise, data quality can be enhanced
by reducing the calibration time and increasing the integration
time. Additionally, an appropriate selection of the weighting
function window size for calibration data can further mitigate
1/f noise in the calibrated products. For operational satellite
observations, traditional calibration algorithms typically rely
on a two-point calibration approach, applying a fixed window
to calibration samples to reduce noise.

In this paper, we propose a novel calibration algorithm
based on a differential calibration scheme. Unlike traditional
methods that calibrate at a fixed calibration time Tc, this ap-
proach calibrates the calibration gain at each scene observation
time ts. The scene temperature is then derived by taking the
differential of the receiver output counts.
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Fig. 7: Impacts of weighting function window size on the calibration noise. The results are calculated based on the modified
SNPP noise measurements

Fig. 8: Noise power spectrum for the calibrated noise mea-
surements in ATMS channel 8 with different calibration time
of ts,5ts,10ts, and 50ts

Fig. 9: Percentage of 1/f noise for the calibrated noise
measurements in different detection bands of ATMS with
integration time varies from 0.018 to 1.8 seconds

Fig. 10: Comparison of the noise calibration results between
the traditional two-point calibration (a) and the new differential
calibration (b). Presented is the deep space scan observations
for SNPP ATMS channel 8

A. Differential Calibration Algorithm

As demonstrated in section II, the two-element Allan vari-
ance can effectively assess thermal noise within the noise
signal. For noise signals containing non-Gaussian noise com-
ponents, these components can be transformed into Gaussian
noise. Additionally, section III shows that shortening the
calibration time can enhance the 1/f noise rejection, thereby
reducing its impact. Building on these analyses, we propose
the following new calibration algorithm for on-orbit satellite
calibration:

Tai+1 = Tai + Ĝi[CS(i+ 1))− CS(i)], i = 1, N

Ta1 = Ĝi(i = 1) · (CS1 − ĈWi(i = 1)) + T̂wi(i = 1)
(11)

Here,
• Tai is the calibrated temperature for the ith scene

observation sample,



IEEETRANS. GEOSCIENCE AND REMOTE SENSING, VOL. XX, NO. XX, 2024 7

Fig. 11: Evaluation results of the striping index and channel correlation for the new calibration algorithm

Fig. 12: ATMS Earth Scene Scan Geometry in K/Ka(left) and V/W band (right). Each circle is 3dB contour Instantaneous
Field of View (IFOV) at center of a Beam Position (BP) at nadir

Fig. 13: SNPP ATMS channel 16 noise error covariance matrix

• CSi denotes the corresponding receiver output counts,
• T̂w and ĈW are the brightness temperature and receiver

outputs for the calibration reference at each of the obser-
vation time ts, and

• Ĝ is the calibration gain calculated at ts.

B. Application and Validation of the New Calibration Algo-
rithm

To evaluate the impacts of the new calibration method on
noise characteristics in the calibrated results, special datasets
from the SNPP pitch maneuver observations were utilized in
this study. On February 20, 2012, the Suomi NPP satellite,
equipped with an ATMS, executed a pitch maneuver to scan
deep space, collecting 18-minutes of data across 96 fields of
view (FOVs) per scan. In principle, the brightness tempera-
tures calibrated from the cold space should exhibit uniformity
across the scan.

Figure 10a illustrates the calibrated brightness temperatures
using the traditional two-point calibration approach, where the
original receiver output counts were calibrated at a fixed cali-
bration time tc every 2.67s. In contrast, Figure 10b presents the
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results from the new calibration algorithm based on Eq.(11), in
which the original counts were calibrated at the observations
time ts every 0.018s. During the calibration process, the
scan-angle-dependent antenna emission was corrected using
a physical model developed in previous study[12].

The results demonstrate that the new calibration algorithm
effectively reduces the striping pattern in the calibrated bright-
ness temperatures. To quantify this improvement, the striping
index and channel correlation were calculated, with the re-
sults shown in Figure 11. Using the differential calibration
algorithm, the striping noise was reduced by an average of
12% for K/Ka and V bands, and 10% for W and G bands.

V. DYNAMIC WINDOW B-G ALGORITHM

When white noise dominants the noise signal, as is the
case for most of the current operational microwave sounding
instruments, the total noise remains largely unaffected by the
new calibration algorithm. To further reduce the total noise
in the calibrated brightness temperature, a dynamic window-
based B-G algorithm has been developed and applied. This
approach leverages the oversampling capability inherent in the
ATMS instrument’s scanning geometry.

As illustrated in Figure 12, ATMS scanning geometry
includes overlapping observations. By exploiting the redundant
information from the consecutive FOVs, a mathematical model
can be constructed to account for both the degradation in
spatial resolution and the reduction in the noise. This model
enables the derivation of a set of weighting coefficients to
generate new observations within predefined FOV sizes from
the overlapping original observations, simultaneously reducing
noise to the desired level.

A. The Math Model

For a space-borne microwave radiometer with a scanning
antenna, Earth observations can be modeled as the convolution
of the noisy scene brightness temperature with the antenna
gain function G as below:

Ta(ρ0) =

∫
Tb(ρ)G(ρ0, ρ) (12)

Here, Tb(ρ) = represents the scene brightness temperature
at location ρ, and G(ρ0, ρ) is the normalized antenna gain
centered at ρ0.

For instruments with oversampling design, new observations
at the desired spatial resolution can be reconstructed from
overlapping footprints of the original observations:

Tanew(ρ0) =

n∑
i=1

ai · Taorg(ρi) (13)

In this equation, Taorg denotes the original antenna observa-
tions, expressed as the sum of the scene brightness temperature
and instrument noise:

Taorg(ρ0) =

∫
[Tb(ρi) + ∆Tnoise(ρi)]G(ρ0, ρi)dA (14)

The noise in the new observations is derived from the noise
variance of the original observations:

∆T 2
noise = σ̂ = aTEa (15)

Fig. 14: Trade-off curve for reduction of noise and degradation
of spatial resolution for ATMS 2.2°beam width channels

Here, a represents the weighting coefficients, and E is the error
covariance matrix of the original measurements, calculated
from the instrument noise observations for each channel. Fig-
ure 13 presents the error covariance matrix for SNPP channel
16. Since each channel exhibits distinct noise characteristics,
the covariance matrix must be calculated separately for each
channel.

For operational applications, such as numerical weather
prediction(NWP), the goal is to reduce noise to acceptable
levels without significantly degrading spatial resolution of the
original observations. To achieve this, a set of optimal weight-
ing coefficients (ai) is derived by minimizing the following
objective function Q [10]:

Q = Q0 cos γ + σ̂w sin γ (16)

The first term in Eq.(16) measures the spatial resolution
loss by evaluating the difference between the new and target
antenna patterns:

Q0 =

∫  n∑
i=1

n∑
j=1

aijGij(ρ̂)− F (ρ̂0, ρ̂)

2

dA (17)

Here, Gij represents the antenna gain for the original obser-
vations at position (i,j) , andF is the target antenna pattern for
the new observation at ρ0.

The second term in Eq.(16) represents the noise in the new
observations, with σ̂ calculated from Eq.15. The parameter γ,
ranging from 0 to π/2, adjusts the trade-off between spatial
resolution and noise reduction. At γ = 0, spatial resolution is
preserved, while increasing γ prioritizes noise reduction at the
cost of spatial resolution.

The optimal coefficients ai,j can be determined using the
following expression [10][11]:

a = S−1
[
cos γ · v +

1− cos γ · uTS−1v
uTS−1u

· u
]

(18)

Here, S is the covariance matrix of the measurements, u is
a vector of original antenna weights, and v represents the
correlation between the original antenna gain and the target
antenna gain for the observations. For operational applications,
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the optimal value for γ needs to be determined for channels
with different footprint size at the different scan positions.

B. Calculation of the Remapping Weighting Coefficients

For the ATMS noise mitigation algorithm, the primary
challenge is to reduce the noise to the same level as the current
operational ATMS unit without significant degrading spatial
resolution. To achieve this, an antenna pattern identical to
the original antenna beam is selected as the target antenna
pattern in Eq.17, such that F (ρ̂0, ρ̂) = G(ρ̂0, ρ̂). Based on
our previous study in [13],a dynamic window technique is
employed to derive the coefficients a in Eq.17. Figure 14
shows the trade-off curves between noise reduction and the
spatial resolution degradation for channels with an original
beam width of 2.2 °. To generate these curves, the parameter
γ is varied from 0 to the maximum value of π/2 in steps of
0.01. For each γ, a set of coefficients a is calculated from
Eq.18. Using these coefficients, the ratio of the new noise to
the original noise is determined from Eq.13. The loss of spatial
resolution is then computed using the normalized Q0 in Eq.17
as follow:

Q̂ =
Q0∫∫

G(ρ̂0, ρ̂)dA
(19)

Figure 14 reveals that noise reduction is accompanied by
spatial resolution degradation. For instance, reducing noise by
50% results in a 5% degradation in spatial resolution. Futher
reducing the noise to 20% of the original level leads to a
50% degradation in spatial resolution. It is also worth noting
that the trade-off curve varies slightly with scan positions. For
scan positions closer to the nadir view (e.g., FOV-48), spatial
resolution degradation is more sensitive to changes in noise.

C. Evaluation of the Noise Mitigation Algorithm

In this study, γ is determined based on the preset noise ratio,
defined as NR =

σ2
tgt

σ2
src

. The trade-off between noise and spatial
resolution in ATMS channels requires different considerations
depending on the channel type. For window channels, placing
greater emphasis on the Q̂ terms can help minimize the impact
of noise mitigation. In contrast, for sounding channels in V
and G bands, the noise term requires higher weighting since
noise reduction is more critical for applications such as NWP
and climate studies.

To address this, two noise ratios, NR = 0.5 and NR = 0.2,
were selected to generate the weighting coefficients. A com-
prehensive evaluation of the changes in spatial resolution and
noise characteristics in the new dataset is essential for the user
community. This paper evaluates these changes using model-
simulated datasets. Specifically, simulated ATMS observations
for Hurricane Sandy at 0600 UTC October 28, 2012, were
generated using the Community Radiative Transfer Model
(CRTM) with inputs from a 3 × 3Km grid of a 66-hours
forecast from the Hurricane Weather Research and Forecasting
model (HWRF) model. Details of the simulation process
provided in [11]. To ensure the simulated datasets exhibit the
same noise characteristics as the operational instrument obser-
vations, the noise spectrum datasets in Section II were utilized

TABLE I: Comparison of the Footprint Size between the Orig-
inal and New Observations for σnew

σold
= 0.5 and σnew

σold
= 0.2

Scan Posi-
tion

XOrg
3dB

(Km)
Y Org3dB

(Km)
∆X
(NR=0.5)

∆Y
(NR=0.5)

∆X
(NR=0.2)

∆Y
(NR=0.2)

1 142.4 70.7 3.3 8.3 36.6 36.1
48 33.2 31.9 8.5 7.3 26.5 21.3
96 144.7 61.7 5.3 9.8 43.3 37.2

to generate noise brightness temperatures, which were added
to the simulated antenna temperature for ATMS observations.
For reference, the antenna temperature of NOAA-21 was also
simulated using the noise spectrum derived from the ground
tests.

In this study, SNPP ATMS channel 16 was selected to
evaluate the noise mitigation algorithm due to its significant
1/f noise and highly non-homogeneous scene, making it a
worst case scenario for the implementation. Figure 15 presents
the noise mitigation results, showing a substantial reduction in
the striping features in the new observations compared to the
original data.

Additionally, the changes in spatial resolution and noise
characteristics in the observations were evaluated to assess the
effectiveness of the noise mitigation algorithm.

1) Evaluation of the Changes in Spatial Resolution: The
change in spatial resolution at different scan positions was
assessed by comparing the 3dB footprint size between the
original and the new observations. Figure 16 illustrates the 3dB
footprints at scan position 1, 48 and 96 for both the original
and new observations. A two-dimension Gaussian function
was used to model the antenna patterns projected onto the
Earth surface with a grid resolution of 3× 3Km:

G(x, y) = Aexp(−(
x− x0

2σ2
x

+
y − y0

2σ2
y

)) (20)

The 3dB footprint size was derived as the Full Width at Half
Maximum (FWHM) using the following equations:

FWHMX = 2
√

2ln(2) · σx
FWHMY = 2

√
2ln(2) · σy

(21)

Table 1 presents the footprint sizes for the original observa-
tions and the changes observed in the new measurements at
scan positions 1, 48, and 96, with units in kilometers. For a
noise reduction factor (NR) of 0.5, the footprint size increases
by an average of 8 km at the scan center and 5 km at the scan
edges. However, for NR=0.2, the spatial resolution degradation
becomes more pronounced, with an increase of 23 km at the
scan center and 36 km at the scan edges.

2) The Total Noise: The total noise for the noise mitigation
results at NR=0.5 and NR=0.2 was calculated using the
equation provided in section II. As shown in figure 17, the
total noise was reduced to approximately 50% and 20% of
the noise levels in the original observations, respectively. For
the NR=0.5 results, the noise in the low V-band of the new
observations is comparable to that of NOAA-21 ATMS, while
the the high V-band demonstrates improved performance.

3) 1/f noise: To assess changes in 1/f noise in the noise
reduction products, PSD analysis was conducted on both the
original and new observations. Figure 18 presents the PSD
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Fig. 15: Results for implementation of the noise mitigation algorithm on SNPP ATMS channel 16. The top panels are the
simulated original SNPP and NOAA 21 ATMS observations; the bottom panels are the noise mitigation results for NR=0.5
and NR=0.2. The color bar is in kelvins

Fig. 16: Comparison of the footprint size between the original and new observations

analysis results for ATMS channel 16, corresponding to noise
ratio of 0.5 and 0.2. For reference, the PSD of the original
SNPP and NOAA-21 ATMS data was also calculated.

As shown in the figure, for NR=0.5, the magnitude of white
noise component at frequency above 10Hz is significantly
reduced after applying the noise mitigation algorithm. For
NR=0.2, both 1/f noise and white noise are attenuated, but
to different extents. To quantify the change in 1/f noise, the

following metric is used:

R1/f =

∫ fC
0

PSD(f)df∫ fH
0

PSD(f)df
(22)

Here, fC = 10Hz represents the corner frequency that
separates the 1/f noise from white noise, fH = 0.5 · Fs
is the maximum frequency in the noise signal, equal to half
the sampling frequency Fs. PSD(f) denotes the noise power
spectrum density for the original observations. The 1/f noise
ratio at NR=0.5 and NR=0.2 was calculated for ATMS channel
3 to 16, and results shown in figure 19. The figure reveals
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Fig. 17: NEdT evaluation results for implementation of the
noise mitigation algorithm on SNPP ATMS channels 3 to 16.
Results for both NR=0.5 and NR=0.2 are included

Fig. 18: Power spectrum evaluation results for the noise
mitigation results at ATMS channels 16. Results for both
NR=0.5 and NR=0.2 are included

Fig. 19: The Noise ratio between the 1/f portion and the total
PSD. Results for original observations (blue bar) and new
observations at NR=0.5 (red bar) and NR=0.2 (yellow bar)
in ATMS channel 3 to 16 are presented

that the reduction in 1/f noise varies across channels. For
channel 16, the original 1/f noise constituted 85% of the
total noise in the initial measurement. After applying the noise
mitigation algorithm, the proportion decreased to 65% percent
for NR = 0.5 and 45% for NR = 0.2.

4) Channel Correlation: As discussed in section III, the
inter-channel correlation is primarily influenced by the per-
centage of 1/f noise in the total noise signal, rather than its
absolute magnitude. Evaluation results demonstrate that the
dynamic window B-G noise mitigation algorithm effectove;u
reduces both the magnitude of 1/f noise and white noise com-
pared to the original measurements. However, the corrected
noise power remains inversely proportional to the frequency,
as illustrated in Figure 18.

Figure 20 represents the inter-channel noise error correlation
for ATMS V-band channels 3 to 15 in the new datasets
with NR=0.5 and NR=0.2, derived from the simulated noise
signal. The results indicate that as the percentage of 1/f
noise in the total noise increases after applying the noise
mitigation algorithm, there is corresponding rise in inter-
channel correlation.

VI. SUMMARY AND CONCLUSIONS

The presence of Significant striping noise in measurements
degrades the quality of calibrated radiance products and nega-
tively impacts on various applications. This paper investigates
the effects of striping noise and explores a new method to
mitigate it during the calibration process. Preliminary results
indicate that enhancing the calibration performance for 1/f
noise rejection effectively reduces striping noise in calibrated
measurements.

Additionally, applying a noise mitigation algorithm based on
the dynamic-window B-G method further reduces total noise
to the required level. It is also observed that when white noise
dominates the measurements, the proposed method effectively
minimizes noise without significantly compromising spatial
resolution.

The proposed algorithm can be seamlessly integrated into
the operational calibration process with minimal computa-
tional overhead. Future work will focus on testing the method
for broader operational applications.
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