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Abstract As the understanding of our Earth system grows, the importance of comprehending the structure
and processes in the remote stratosphere is intensified and the interest in stratospheric observations
mushrooms. Despite its great potential, radio occultation (RO) data have been underused in exploiting the
stratosphere. A major reason for the underutilization is the imperfections in preexisting RO data processing
methods. We propose an advanced stratospheric RO data processing, where the variational method provides a
general framework in whichmultiple-frequency ROmeasurements of different quality are effectively combined
with the aid of a priori. The variational combination (VAR) is designed to extract the most information from RO
measurements, where a priori plays a role of enhancing the observation and attenuating measurement noise.
The signal-to-noise ratio (SNR) is found to be a universal quality indicator, which concisely describes the
uncertainty of RO measurements in diverse conditions. The measured SNR is used to parameterize a dynamic
observation error, which is essential for the VAR to use the observation optimally. Tests with real data show that
VAR significantly improves the accuracy of the RO retrieval even in the upper stratosphere, where the RO data
were once considered to possess little observational value. When compared with independent radiosonde
observations, for instance, the VAR-produced data are more accurate than the analysis from the European
Center for Medium-Range Weather Forecasts for which the radiosonde data have been assimilated. The
VAR-produced data are also precise enough to reveal the systematic error of the radiosonde data.

1. Introduction

The emerging concept toward understanding the Earth’s atmosphere as a whole draws keen attentions to
the remote, poorly understood stratosphere. For instance, in addition to the importance of its own structure
and variability, the stratosphere influences the evolution of the tropospheric state across a wide range of
spatiotemporal scales [e.g., Baldwin and Dunkerton, 1999; Charlton et al., 2004; Thompson et al., 2005;
Christiansen, 2005; Roff et al., 2011]. Although imperative to better understanding of the Earth’s system,
probing the stratosphere has been challenging mainly due to the scarcity and limitation of observations.

Stratospheric observations are available from a few observing systems, where radiosonde and nadir-viewing
satellite sounders provide the bulk of the data. Data coverage of many platforms in the stratosphere is very
limited; for instance, Rayleigh lidars [e.g., Hauchecorne and Chanin, 1980] reside only at a few sites over
land and sounding rockets [e.g., Briggs, 1965] are launched occasionally. Radiosondes offer poor
geographical and temporal coverage, especially over the ocean, and tropical and polar latitudes, and the
number of stations is declining with time [Uppala et al., 2005]. The increasing cost of the balloons and
additional gas necessary to lift the equipment to higher altitudes also limits the vertical coverage to the
lower stratosphere [World Meteorological Organization (WMO), 2012]. Since temperature errors in many
radiosonde systems increase rapidly at low pressures and the pressure sensors also have significant
systematic and random errors in the stratosphere, some radiosonde systems are unsuitable for observing
at high altitudes [WMO, 2012]. Thus, the importance of satellite data increases in the data-sparse areas.
However, nadir-viewing sounders have poor vertical resolutions. Recent high-spectral sounders
[e.g., Smith et al., 2009] and limb sounders [e.g., WMO, 2011] are better in resolution, but their time spans
are too short to be useful for climate applications. In processing the satellite data, accurate estimation
of surface emissivity [English, 2008; Bouchard et al., 2010] and realistic detection of clouds [McNally and
Watts, 2003] are challenging problems. These difficulties limit the usability of the data. For instance,
the assimilation of the satellite data over high latitudes is considerably less effective than over other
areas [Kalnay et al., 1998].
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Assessment of the stratospheric temperature trend is of a high priority in recent climate change research
[Ramaswamy et al., 2001; Intergovernmental Panel on Climate Change, 2007]. Both radiosonde and satellite
sounders underwent many changes in the instrumentation and observational practice to meet their primary
needs in weather analysis and forecasting. The changes caused inhomogeneity in the climate data records,
which in turn led to significant structural uncertainty [Thorne et al., 2005] in the data sets, which refers to
errors that arise as a result of subjective choices made in the processing of the observations. For instance,
striking discrepancies between the trends estimated from the same data source but processed by different
groups have been reported for the Microwave Sounding Unit (MSU) data [Thorne et al., 2005] and for the
Stratospheric Sounding Unit (SSU) data [Thompson et al., 2012]. The inhomogeneity in the data sets and
subsequent structural uncertainty leave substantial uncertainties in the assessed trend [e.g., Gaffen, 1994;
Lanzante et al., 2003; Xu and Powell, 2010; Thompson et al., 2012].

While endeavors to better utilize the data from aforementioned platforms are important and continuing, new
sources of observation are emerging. The Global Positioning System (GPS) Radio Occultation (RO) is one of
such promising data sources and has been providing a wealth of atmospheric soundings [Melbourne et al.,
1994; Ware et al., 1996; Kursinski et al., 1997; Anthes et al., 2008]. The technique is based on the GPS signal
recorded by an accurate, customized receiver onboard low-earth orbiting (LEO) satellites when a GPS satellite
sets or rises behind the Earth’s atmospheric limb relative to an LEO satellite. By relating precisemeasurements
of a signal’s phase path to the occultation geometry, one can infer the atmospheric structure. The primary
observable of RO is the atmospheric phase delay of GPS signals from which Doppler shift and ray’s bending
angle are deduced. The atmospheric refractive index can then be derived via the inverse Abel transform
[Fjeldbo et al., 1971]. Further processing can lead to retrievals of atmospheric pressure, temperature, and the
partial pressure of water vapor. Over the past two decades, a number of studies have demonstrated the
unique strengths of GPS RO, which include high accuracy, high vertical resolution, global data coverage, all
weather capability, and self-calibration [e.g., Kursinski et al., 1997; Hajj et al., 2002; Wickert et al., 2004; Kuo
et al., 2004]. Global centers worldwide now recognize GPS RO data as a reliable source of data for operational
numerical weather prediction (NWP) [Poli et al., 2010]. The data have shown clear positive impacts on weather
forecasting [e.g., Healy, 2008; Buontempo et al., 2008; Cucurull and Derber, 2008; Aparicio et al., 2009] and
merits in atmospheric reanalysis projects [Saha et al., 2010; Dee et al., 2011].

Despite its advantages, RO data have been underutilized for stratospheric research. An indirect but important
reason behind the underutilization is the lack of accurate verifying data that can prove the superior quality of
RO data. Another reason is the shortcomings in current methods of stratospheric RO data processing. The
problem stems from annoying noises in the measurement for which RO is no exception. The measurement
noises are particularly problematic in the stratospheric altitudes, where even a small noise becomes
prominent in the thin air, depreciating the value of RO data.

Meanwhile, the ionosphere, as well as the neutral atmosphere, influences the GPS signals that travel along
the path connecting a GPS satellite and the receiver. Therefore, the ionospheric effect contained in the
measurement must be eliminated in advance to derive neutral atmospheric parameters, and vice versa.
To aid the separation of the two effects, the GPS operates in dual-frequency mode at the radio L-band
(f1 = 1.57542GHz; f2 = 1.2276GHz). Since the ionosphere is a dispersive medium in the frequency range,
composing a frequency-weighted linear combination (LC hereafter) of the dual-frequency measurements
can eliminate most of the ionospheric effect. The frequency-independent residue is considered as the neutral
atmospheric effect, although it also contains ionospheric remnants and contribution from other error
sources. This method, applied to separate the ionospheric and neutral atmospheric effects, is referred to as
the Conventional Linear Combination (CLC) hereafter. The shortcoming of the CLC is that it combines not
only signal components but also noises in the two frequencies. Tomake the problemworse, the CLC amplifies
the noise, resulting in a combination noisier than the uncombined data. This is particularly problematic in
high altitudes, where the thin air causes the combined noise to stand out. At altitudes higher than 25 km, in
general, the measurement noise becomes comparable to or exceeds the signal components [Ao et al., 2012].
Consequently, the noise muddies the separation between the ionospheric and neutral atmospheric effects.
Unless properly mitigated, the combined and amplified noise remains in the data processing chain, vertically
propagating and being carried from one variable into another. This deteriorates the quality of higher-level
data products in the lower altitudes and also leads to a very complicated error structure.
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The prevailing remedy has been Background-based Noise Regularizations (BNR hereafter). In the BNR,
external information, a priori, is introduced and is combined with the noisy measurement, where the two
are weighted according to their assumed accuracies. The BNR is typically applied to the ray’s bending
angles prior to entering the inverse Abel transform to deduce the refractivity. The general concept is that at
higher altitudes, where the measurement noise exceeds the uncertainty of a priori, the BNR relies on a
priori more heavily, and vice versa. Because sensible BNR is vital to obtain results of good quality in the
stratosphere [Gobiet and Kirchengast, 2004], a number of methods have been proposed. The existing BNRs
are all based on the optimal estimation theory but with varying degrees of simplification. They also differ
significantly in the choice of a priori and assumed errors for measurements and a priori. Therefore, a
general consensus on the method of choice, at least in practical terms, has not been reached yet. For
instance, intercomparisons of RO data sets processed by different centers worldwide [Ho et al., 2009, 2012;
Steiner et al., 2013] showed that intercenter difference increases rapidly with height above 25 km. Steiner
et al. [2013] attributed the elevated difference at high altitudes to the difference in the BNR employed by
different centers (see Ho et al. [2012] for a summary of data processing methods, including the BNR, used
by the centers). This large intercenter difference in high altitudes in a way reflects our limited
understanding of the problem.

Recent advances in RO observing technique also demand a breakthrough in the data processing. The
modernization of the GPS will provide additional frequencies to civilian users in the future, e.g., the L5
(f5 =1.17645GHz) which is transmitted by a few satellites since May 2010. Also, upcoming new Global
Navigation Satellite Systems (GNSS) (e.g., Russian GLONASS, European Galileo, and Chinese BeiDou) are
planned to provide more than two frequencies for each system. This will provide new possibilities for RO;
however, practical considerations find it challenging to fully utilize the information content in the
additional frequencies [e.g., Montenbruck et al., 2010]. Given that two frequencies are sufficient to estimate
ionospheric effects in the ideal condition, the extra frequencies do not add much new information on the
ionosphere. The availability of more than two frequencies for each occultation gives two choices for the
linear combination: one approach is to use the very two frequencies, amongt all possible pairs, that
serves best for the particular purpose of the combination and another is to construct a linear combination
that involves all measurements from the multiple frequencies simultaneously [e.g., Simsky, 2006]. Although
attractive, the latter comes with the considerable increase of the noise level [e.g., Urquhart, 2009].
Therefore, it is not straightforward to take the full advantage of multiple frequencies in the context of
linear combination. An effectual data processing will thus be of more importance for multifrequency
GNSS signals.

It is thus imperative to develop an effective method that can further enhance the value of RO data in the
stratosphere. This study focuses on integrating previous efforts and improving existing data processing
methods in order to foster the use of RO data in the stratosphere. We propose a variational method that
combines multifrequency RO measurements with a priori to yield the best possible atmospheric estimates.
The main purpose of this study is to utilize the variational technique to negate many of the simplifications
made in earlier studies, which served conveniently in the past but are now holding back advances in effective
stratospheric data processing. Another outstanding advantage of the variational combination (VAR hereafter)
is the readiness for future multifrequency GNSS signals. We also propose a novel dynamic measurement error
that helps the VAR to fulfill its optimality.

The remainder of this paper is organized as follows. In the next section, we provide a brief review of existing
stratospheric data processingmethods for RO data and outline their limitations. Also discussed is the need for
an advanced method. In section 3, we discuss the general aspect of the optimal analysis and introduce the
new methodology. Results and key findings from our study are presented in section 4. Finally, concluding
remarks are given in section 5.

2. Stratospheric RO Data Processing
2.1. Conceptual Preliminaries
2.1.1. Conventional Linear Combination
The ionosphere, as well as neutral atmosphere, influences the propagation of GPS signals. Therefore,
one must eliminate the ionospheric effect from RO measurements in order to extract the neutral
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atmosphericinformation, and vice versa. This can be understood with a simplified GPS observation equation
[e.g., Leick, 1995]:

L1 ¼ ρþ I

f 21
þ ε1; L2 ¼ ρþ I

f 22
þ ε2; (1)

where L1 and L2 are the measurements from two carrier frequencies, with ε1 and ε2 being their errors; ρ is the
neutral atmospheric effect; and I�f�2

1 and I�f�2
2 are ionospheric effects. The measurement error consists of

thermal noise and all other residual terms. The frequency dependency of the ionospheric effect allows one to
form the well-known ionosphere-free (IF) combination, which approximates the neutral atmospheric effect:

LIF ¼ f 21L1 � f 22L2
f 21 � f 22

¼ ρþ εIF ¼ ρþ f 21ε1 � f 22ε2
f 21 � f 22

≈ ρ þ 2:55ε1 � 1:55ε2 (2)

The IF is useful when εIF≪ ρ, which is seldom fulfilled in high altitudes. Moreover, the IF is a noise-amplification
process as the combination coefficients indicate. On the other hand, L1� L2 allows one to estimate the
ionospheric effect, eliminating the neutral atmospheric effect common to both frequencies. The ionospheric
linear combination is again valid only when the measurement errors, ε1 and ε2, are smaller than the
ionospheric effect in question.
2.1.2. Statistical Estimation
Themeasurement contains errors rooted in various sources. On the other hand, a priori information, although
limited by itself, is increasingly considered crucial for enhancing imperfect observations as our understanding
of the real world expands, and thus, the value of a priori knowledge keeps growing. In applications where a
priori information is useful, statistical estimators (e.g., those based on principles of minimum variance,
maximum a posteriori, or maximum likelihood) can be used to estimate the state of a system by combining
noisy measurements and a priori in a way considered optimal. Readers are referred to Tarantola [1987] for the
more detailed description of the estimators and differences among them.

The minimum variance estimator, equivalent to the maximum a posteriori estimator in the context of our
study, in a general algebraic form can be written as follows [Rodgers, 1976]:

xa ¼ xb þW y� H xbð Þf g; (3)

where xa is the solution vector in model space (i.e., analysis), xb the background (a priori) state, yo the
observation vector, and,H the observation operator that maps the background onto the observation. The
weight matrix, often referred to as gain matrix, is given by

W ¼ BHT Rþ HBHT
� ��1

; (4)

where H is the linear approximation of H, the superscript T is the transpose, and B and R are error covariance
matrices for the background and observation, respectively. Equations (3) and (4) state that correcting the
background in a certain way can attain the statistically optimal analysis. Specifically, the correction must be
equal to the innovation (departure of observation from the background) multiplied with an adjustment
factor that weighs the trustworthiness of observation relative to the background. This method has been used
for a wide range of applications, from regression of noisy experiment data to large-scale multidimensional
data assimilation research. In RO data processing, the estimator has been used for statistical optimization
because it yields a reduced error variance suppressing measurement noise in virtue of smooth a priori.
Although intuitive and easy to implement, the algebraic method poses practical difficulties, especially for
real-time or operational data processing. Because the covariance matrices are dependent on the distribution
of observation, they must be customized for each occultation event. In addition, inverting the matrices in (4)
becomes challenging as the problem increases in the size. Therefore, a variety of simplifications were
introduced to make the Matrix-Inverting Statistical Analysis (MISA hereafter) practical.

2.2. A Selective Review of Previous Approaches
2.2.1. Background-Based Noise Regularization
Noise in RO measurements, when not corrected or filtered out, negatively affects the quality of higher-level
data products. In high altitudes, oftentimes the noise is comparable to or exceeds signal in amplitude. This
leads to a significant loss of information or appearance of artifacts in the retrieved parameters if improper
mitigations are applied. Noise propagation in the data processing chain can be complicated, making it
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challenging to properly characterize the uncertainty in the subsequent data products. Sokolovskiy and Hunt
[1996] (SH96 hereafter) are the first who proposed a regularization of measurement noise based on the
statistical optimization. Disregarding all error correlations, they combined the IF bending angle with a
climatology. The simplification leads the problem to an optimal estimation of a scalar value at a single point
(i.e., at the location of each measurement datum) as follows:

Φc ¼ σ2bΦo þ σ2oΦb

σ2b þ σ2o
; (5)

where Φo is the IF measurement; Φb is the climatic counter part of Φo; σo and σb area their assumed errors;
and Φc is the blend of Φo and Φb. Thanks to the simplicity, SH96 has been used widely. A variant of SH96,
“heuristic weighting,” is also proposed [Hocke, 1997; Steiner et al., 1999]. SH96 proceeds in two steps: first, the
CLC is applied to the dual-frequency measurements to deduce the IF bending angle; then, the ionosphere-
corrected measurement is combined with the climatology. As explained earlier, the CLC is a noise
amplification process. In order to deal with the boosted noise level, SH96must give an otherwise unnecessary
large weighting to the climatology. This in turn leads to an underutilization of observational information.

In order to overcome the limitation of SH96, Gorbunov [2002] proposed a two-parameter BNR in which
ionospheric and neutral atmospheric components are estimated concurrently by combining L1 and L2
bending angles and a climatology all at once. This method omits the CLC and prevents the noise
amplification. Another essential but overlooked aspect in the linear combination is that between the two
channels, the noise is severe on the L2 channel where the signal is weak and encrypted. Therefore, the two
channels differ significantly in their quality. As a way to address the issue, Wee and Kuo [2013] (WK13
hereafter) proposed a generalized method, called Noise-Aware Combination (NAC), which also solves the
conjoined problem of LC and BNR (LC+ BNR hereafter) concurrently. In the analytic method, the L1 and L2
data are each regarded independently, with each contributing to the combination according to its
dynamically assessed accuracy. It is shown that the NAC achieves the minimum error variance, which is
always smaller than that of the CLC. Also, the more the L1 and L2 data differ in the quality, the more
accentuated is the improvement of the NAC over the CLC.
2.2.2. A Priori and Its Error
The solution provided by BNR is sensitive to the choice of a priori, and assumed error of a priori [Healy, 2001;
Gorbunov, 2002] as well as that of measurement. Customarily empirical models such as MSIS (acronym for the
Mass Spectrometer and Incoherent Scatter Radar, the two primary data sources for development of earlier
versions of the model) [Hedin, 1991] of the US Naval Research Laboratory (NRL) or the International Reference
Atmosphere of the Committee on Space Research (COSPAR) [Fleming et al., 1988] serve as a priori [e.g.,
Sokolovskiy and Hunt, 1996; Gorbunov, 2002; Kuo et al., 2004]. The empirical models are prone to systematic
errors coming from those in the observations used to derive the climatologies. To tackle the issue, RO-driven
neutral atmospheric climatology has been proposed as an alternative a priori [Ao et al., 2012; Gleisner and
Healy, 2013]. Although the RO-driven climatology might be beneficial for climate applications, it is not so
useful for individual occultation events providing very little information about the atmospheric condition at
the moment of each observation. In response to growing awareness of the importance of the stratosphere,
operational forecasting and climate models are raising their tops, adding more stratospheric model layers,
incorporating more stratospheric processes, and assimilating data higher into the stratosphere than ever
before [Gerber et al., 2012]. Consequently, model data have progressively advanced to more realistic
depictions of the stratosphere. For instance, the high-top NWP models incorporating state-of-the-art data
assimilation techniques offer a priori of sufficient quality for the BNR [e.g., Gobiet et al., 2007;Wee et al., 2010].
In particular, WK13 showed that short-term forecasts from the European Center for Medium-Range Weather
Forecasts (ECMWF) drastically reduce the BNR-bearing error when used as a priori replacing a climatology.

When climatologies are used as a priori, a certain fraction of the bending angle (5–20% as suggested by
SH96) is usually assumed as the error: for instance, 15% [Gobiet and Kirchengast, 2004], 20% [Hocke, 1997;
Healy, 2001; Gorbunov, 2002], and a linear increase from 6% to 18% between 30 and 120 km [Rieder and
Kirchengast, 2001]. This stems from the fact that it is difficult, if not impossible, to accurately estimate the
climatology error. WK13 proposed an alternative approach in which the climatology error is defined as the
natural variability in the atmosphere. Numerical models can provide the data sets needed to compute the
natural variability, e.g., WK13 used 6-hourly operational ECMWF analyses to encompass short-time scales
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down to atmospheric tides. Meanwhile, recent advances in data assimilation techniques offer reasonable
tools to estimate the uncertainty of a model’s state. For example, the NMC (National Meteorological Center)
method [Parrish and Derber, 1992] and the Hollingsworth-Lönnberg method [Hollingsworth and Lönnberg,
1986] are used to estimate a priori error for RO data processing [e.g., Kuo et al., 2004]. In addition to providing
accurate a priori, the capability of yielding a realistic error for a priori, which underpins the optimality of BNR,
is an important advantage of using NWP data. The importance of error correlation is also stressed. For
instance, Healy [2001] claimed that the error correlation (6 km) of a priori plays a significant role in the BNR by
determining the solution’s smoothness. While disregarded in most studies, the background error correlation
was modeled in few studies with Gaussian [Healy, 2001; Rieder and Kirchengast, 2001] or exponential [Gobiet
and Kirchengast, 2004] functions.
2.2.3. Measurement Error
Compared to a priori error, efforts to characterize the uncertainty of RO data have been made
comprehensively. Kursinski et al. [1997] presented a variety of error sources for retrieved parameters based on
first-order statistics. Feng and Herman [1999] described the error propagation in RO data processing chain in
linear algebraic terms. Other methods such as a Monte Carlo technique [Steiner et al., 1999] and a Bayesian
analysis [Rieder and Kirchengast, 2001] are also utilized. Statistical approaches in connection with correlative
data are also widely pursued [Rocken et al., 1997; Hajj et al., 2004; Kuo et al., 2004]. The precision and accuracy
of RO measurements are also assessed by comparing collocated RO soundings with each other, between
occultations from CHAllenging Minisatellite Payload (CHAMP) and Satélite de Aplicaciones Cientificas-C
(SAC-C) missions [Hajj et al., 2004], and among occultations from different LEOs of the Constellation
Observing System for Meteorology, Ionosphere, and Climate (COSMIC) [Schreiner et al., 2007]. These studies
have broadened the understanding of the quality and uncertainty of RO data, confirmed many claimed
strengths of RO, and exchanged mutual guidance with the BNR.

The simplest form of measurement error used for BNR is a fixed value. For instance, Healy [2001] used a
vertically constant error (5 μrad) for the IF bending angle. This is quite reasonable because the dominant
receiver thermal noise tends to be stationary within a single occultation in the absence of other occasional
error sources. An ideal instrument would be insensitive to environmental factors. In reality, however, RO data
quality is dependent on geophysical location, season, and atmospheric and instrumental conditions. For
instance, Lohmann [2007] found that the occultation-to-occultation variability of the measurement errors
generally spans 1 order of magnitude. Hocke et al. [1999] first introduced the concept of dynamic error, the
innate measurement error for each occultation. In estimating bending angles by using a short-term Fourier
transform, they postulated that multipath propagation and diffraction effect cause broadening of the
main spectral peak. Based on the notion, they related the full width of half maxima to a measure of
uncertainty of the instantaneous bending angle. This allowed them to estimate an occultation- and height-
dependent error for the bending angle. Similarly, Gorbunov et al. [2006] estimated the bending angle error as
the width of the running spectra of Fourier-transformed wave field in the impact parameter space. The
occultation-dependent measurement error is often estimated from the difference between measurement
and its model counterpart or from the high-frequency modes in the observed signal in high altitudes where
noise dominates the signal: for instance, within a range of 10–15 km above 65 km [Gorbunov and Gurvich,
1998; Hajj et al., 2002], 70–80 km range [Gobiet and Kirchengast, 2004], 60–80 km range [Kuo et al., 2004], or
within a 20 km height range between 30 and 80 km, but below the ionospheric E-layer [Lohmann, 2007].
While the estimates described as yet seek measurement error from time-frequency contents of directly
relevant variable (e.g., bending angle error from phase shift or bending angle itself ), Lohmann [2006] related
the variations in Fourier-transformed log amplitude to the error of retrieved bending angles. WK13 showed
that the measured signal-to-noise ratio (SNR) well represents the uncertainty of phase measurement in both
time and Fourier-transformed frequency domains.

2.3. Considerations of Advanced Stratospheric Data Processing

Many studies have shown that RO provides stratospheric observations of a good quality even though the
data processing methods used therein have clear limitations. In the past, it might have been relatively easy to
demonstrate the superiority of RO data to NWP data, considering the fact that the skill of the NWP and data
assimilation systems at that time was lacking. Thanks to the earlier studies though, RO data are increasingly
considered indispensible and are expected to take the position of de facto reference for stratospheric
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observations. However, rapidly diversifying stratospheric observing systems and advances in numerical
modeling and data assimilation techniques are likely to make such a demonstration more challenging.
Another difficulty is that the growing interest in RO data and extensive use of the data will influence and
constrain other sources of stratospheric data, including the NWP data, in many ways. This will impel other
data to reduce their distances from RO data in the long run. As RO now strongly impacts broad areas in the
study of Earth sciences, it is of crucial importance to find a way that can substantially improve the RO data
quality in the stratosphere.

Earlier studies utilized the concept of statistical estimation to deal with measurement noise in RO data
processing, but with simplifications to ease the implementation of MISA and to reduce computational
complexity associated with the method. This made the noise suppression based on the MISA practical and
allowed to produce a significant amount of stratospheric data. On the other hand, the simplifications are a
major source of error, limiting the data quality of subsequent data products. In light of recent advances in
numerical modeling, data assimilation, and observing systems, we strongly feel that it is the time to obliterate
the simplifications and to tackle the LC+BNR in a less restrictive manner. However, reverting to MISA is not
trivial as earlier approaches have proven. Among the difficulties, computational expense, for instance, soars
as the size of the problem increases. There are a few reasons that the problem size might be concerned in the
RO data processing. The oversampling in relation to wave optics approach escalates the problem size
significantly [e.g., Wee and Kuo, 2013]. The wave optics may be used in high altitudes as a way to deal with
multipath propagations due to small-scale ionospheric disturbances (e.g., sporadic E-layer and ionospheric
scintillation). The oversampling is usually performed in the time domain to ease the subsequent phase
unwrapping in the Fourier-transformed frequency domain. Another example is the data of a high sampling
rate (1 KHz) from the GRAS (GNSS Receiver for Atmospheric Sounding) on board the Metop-A satellite in the
raw sampling mode [Luntama et al., 2008; von Engeln et al., 2011; Gorbunov et al., 2011; Schreiner et al., 2011].
The future extension to GNSS RO also enlarges the problem size as the number of frequencies available
increases. The increased amount of information available from high-sampling-rate data or multiple-
frequency signals might be used to constrain a larger state vector of a higher resolution that can well
represent small-scale features commensurate with the details in the measurement. Nonetheless, the larger
problem size inevitably makes the application of MISA less practical.

The most computationally demanding part in MISA is the cost required to compute, invert, and store error
covariance matrices. The cost is enormous if the covariance matrices have a large number of elements. The
difficulty is well observed in the use of optimal interpolation (OI), which is the MISA tailored to the operational
use during the early development period of the atmospheric and oceanic data assimilations. The immense
cost associated with error covariance matrices led the operational groups to divide the model domain into
smaller subareas (e.g., each grid point or a small grid volume) and to deduce local solutions of the global
analysis for the individual areas separately, rather than to seek for a grand one-shot solution. In order to apply
the MISA locally, the data selection, collection of data closest to the grid point or volume being analyzed, was
needed. Although the expedient made the OI operationally feasible, the resulting analysis interlacing the
local solutions often showed unrealistic discontinuities in the boundaries between regions for which different
observations were selected (see Kalnay [2003] for more details and other limitations of the approach).
Observing the deficiencies of the OI, operational NWP centers made a rapid shift to variational methods. The
reason for the transition is that the variational method has many advantages over the OI, although the two
methods are mathematically equivalent.

After putting earlier studies of RO data processing together, we recognize a few crucial components that are
desirable for advanced stratospheric data processing: (1) the problems of LC and BNR must be handled at the
same time, (2) the quality difference among measurement samples (e.g., in terms of carrier frequency and
height) must be addressed, (3) a proper estimate of measurement error pertaining to individual samples must
be provided so as to substantiate the differentiation in the data quality, (4) a priori must be accurate enough to
enhance the measurements, and suitable error for a priori including spatial correlation must be given and (5)
must be computationally feasible to process on time the vast amount of data from future GNSS RO missions.

As WK13 pointed out, the variational approach can provide a general framework for stratospheric RO data
processing in which the problem of LC+ BNR can be dealt with seamlessly, incorporating all the essential
components listed above. The variational method is known to enhance the analysis precision (i.e., the inverse
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of analysis error variance) whenmore independent observations accompanying adequate error estimates are
added to the system [see Kalnay, 2003]. Therefore, the method is also an ideal candidate as an effective
algorithm for future GNSS RO that can maximally extract the observational information from otherwise
redundant frequencies, while successfully attenuating measurement noises. The proposed approach,
variational combination, is described in detail in the next section.

3. Description of the Proposed Approach
3.1. The Variational Combination

Dealing with the same problem of statistical estimation, the variational combination is not different from the
three- or four-dimensional variational data assimilation method in the formulation. The essence is finding the
state that is minimally distanced from all sources of information available at the same time. This can be
achieved by minimizing the cost function:

J xð Þ ¼ 1
2

x� xbð ÞTB�1 x� xbð Þ þ 1
2

yo � H xð Þf gTR�1 yo � H xð Þf g; (6)

where all symbols are the same with those used in equations (3) and (4). While the state vector x consists of
neutral atmospheric and ionospheric elements, the observation vector yo contains measured bending angles
frommultiple frequencies. Conceptually, the VAR seeks the optimal solution, i.e., ρ and I in equation (1), which
replicate all available measurements (e.g., bending angles from L1, L2, and L5) as closely as possible in the
vicinity of background state while satisfying other constraints imposed.

In this study, the variational combination is implemented on the basis of a one-dimensional variational
retrieval scheme (1DVAR), developed by the authors and has been used for the last decade to produce
profiles of the temperature, pressure, and water vapor pressure by the Data Analysis and Archive Center
(CDAAC) of the COSMIC program at the University Corporation for Atmospheric Research (UCAR). Built on the
same groundwork, the variational combination benefits from all algorithmic resources furnished for the
1DVAR. Here, we briefly describe a few key components of the practical implementation. The solution is
iteratively obtained through minimization algorithms, where the adjoint operator [Lewis and Derber, 1985; Le
Dimet and Talagrand, 1986] permits efficient computation of the steepest gradient of the cost function with
respect to control variables. In our study, a quasi-Newton limited-memory algorithm for large-scale
optimization [Zhu et al., 1997] is used. In order to circumvent the cost involving error covariance matrices, we
applied the change-of-variable transform [Parrish and Derber, 1992]. Simplifying the structure of B in such a
way that each control variable has unitary variance, the transform allows one not to invert B [Courtier et al.,
1998]. Instead, the problem is replaced with a modeling of a square root of B for which a number of operators
are proposed: a diffusion operator [Derber and Rosati, 1989], recursive filter [Purser et al., 2003], wavelet
transform [Fisher, 2006], and so on (see Bannister [2008] for more details). In order to further reduce the
computational cost, we adopt the incremental approach [Courtier et al., 1994], instead of solving equation (6)
directly, for which a uniform grid of the impact height (100 m resolution) is used to solve the minimization
and to specify the error covariance matrix for the background, whereas the innovations are computed at the
full resolution of observation (set to 10–20 m). Since the size of the control vector in our study is relatively
small compared to those in multidimensional data assimilations, the background error correlation (i.e., off-
diagonal elements of B) is explicitly modeled with a fifth-order compactly supported function [Gaspari and
Cohn, 1999]. The square root of the modeled B is then computed by using the method developed by
Kaiser [1972].

Not to mention the CLC, themethod of WK13 requires L1 and L2measurements to be collocated. Thus, the L1
and L2 data are interpolated beforehand to a common uniform grid for the convenience of subsequent
low-pass filtering. On the contrary, the VAR is able to access measurements regardless of their location. This
provides the VAR a great flexibility, which is far more than just avoiding the nuisance of the interpolation. For
instance, the capability of using measurements from their own location enables a robust quality control of
the measurements. Because measurements are largely uncorrelated in the error, measurement samples
that are obviously bad (e.g., jitters and spikes due to potential cycle slips in the phase) can be silently dropped
from being used in the VAR. Subsequently, the remaining good samples are not negatively affected by the
bad samples. Another example relates to the quality difference between the L1 and L2 data. While the L1
data oftentimes remain useful down to the ground level, the L2 data become less useful as the height decrease.
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In some cases, the L2 data are completely useless in the troposphere. While preexistingmethods are able to use
only the portion of the L1 data located within the height range that the L2 data are worthwhile, the VAR is not
restricted by the L2 quality and can use all useful L1 data.

The VAR acquires the capability of coping with data gaps with the support of the background term
(i.e., modeled states and the error covariance associated with). Even if the L1 data are obviously better than
the L2 data in the quality, it is impossible for the CLC to give a heavier weighting to the L1 data, because
both L1 and L2 data contain ionospheric and neutral atmospheric components, and the ionospheric
component is dependent on the carrier frequency. Assigning a heavier weighting to the L1 data thus results
in an unrealistic separation of the two effects. In order to circumvent the difficulty, WK13 simulated only
ionospheric (neutral atmospheric) component, subtracted that portion from both the L1 and L2
measurements, gave unequal weightings to the L1 and L2 residuals, and then estimated the neutral
atmospheric (ionospheric) component that were not modeled. Estimating one component at a time is hardly
convenient. On the contrary, the differential weighting is no concern to the VAR because the observation
operator simulates the L1 and L2 measurements as they are, including both ionospheric and neutral
atmospheric components. Therefore, the differential weighting given to the L1 and L2 data (precisely, their
innovations) does not cause systematic overestimation or underestimation of either neutral atmospheric or
ionospheric component. Meanwhile, the history of atmospheric data assimilation reveals that one of the
most important advantages of the variational method is the aptitude of taking background error correlation
into account [Kalnay, 2003]. The same holds for the variational combination. By considering the background
error correlation, the analysis at a point is determined not by the sole closest measurement sample (which
itself is incomplete owing to measurement noise) but by the coherent information across multiple samples.

Preexisting RO stratospheric data processing methods are based on MISA with varying degrees of
simplifications. Although the VAR is mathematically equivalent with MISA [Lorenc, 1986], they are different in
the method of solution. In MISA, the solution is obtained by algebraic operations. Determined entirely by the
gain matrix, the analyzed field by the MISA is not necessarily continuous, especially when data selections are
applied. By manipulating the analysis fields directly, besides benefiting from the filtering effect of the
background error correlation, the VAR is encouraged to produce a smooth solution. In addition, VAR is able to
use all available observations simultaneously without the burden of inverting B. In other words, the
observations influence all grid points globally, also contributing to yielding the smooth solution. Therefore,
the VAR well fulfills the goal of noise mitigation. Another strength of the VAR that must be stressed is the
readiness for multifrequency GNSS measurements. Adding more data from additional frequencies to the
observation vector is trivial, and the VAR can make good use of the extra data to further improve the analysis.
Figure 1 shows the data flow and processes associated with conventional and variational combinations.
Individual components are described in the following.

3.2. Data
3.2.1. Observation
The VAR is developed in due consideration of multifrequency GNSS signals. However, the GNSS RO data are
not available yet. Therefore, our test is made with the GPS RO data obtained from the COSMIC mission and
have been processed by CDAAC of the COSMIC program at UCAR. The constellation, which consists of six LEO
satellites, has been producing 1000–2500 globally distributed soundings each day since its launch in April
2006 [Anthes et al., 2008]. The data processing is described by Kuo et al. [2004] and Schreiner et al. [2011] (the
data as well as additional information on the processing are available online at http://www.cosmic.ucar.edu).
The observation type used in this study is the dual-frequency bending angle, derived from using the Full
Spectrum Inversion (FSI) [Jensen et al., 2003]. The FSI is applied separately to the L1 and L2 measurements.
The bending angle has been preferred by data processing centers worldwide as the variable for the linear
combination of RO data [see Ho et al., 2012]. Besides numerous data assimilation studies focused on RO data,
variational methods also have been used for 1DVAR that estimates temperature, pressure, and water vapor
pressure taking bending angle or refractivity as observation [e.g., Healy and Eyre, 2000; Palmer et al., 2000;
Palmer and Barnett, 2001; Von Engeln et al., 2003]. The purpose of 1DVAR is to tackle an underdetermined
problem: estimation of three parameters out of a single observed variable. It is straightforward to treat the
LC+ BNR problem as a part of 1DVAR relating the minimization to the change in the temperature, pressure,
and water vapor pressure. However, we decided for the time being to use the bending angle as the control
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variable for the minimization of cost function. This is in order to not introduce nonessential complications to
the discussion in this study focused on the problem of LC+ BNR. For instance, by using the bending angle as
the control variable, the VAR produces the temperature, pressure, and water vapor pressure in the same way
as preexisting data processing does via the so-called dry retrieval procedure. This eases the comparison of
the VAR against preexisting methods, which is what we are primarily interested in. Therefore, the VAR
proposed in this study solves a closed or overdetermined system of equations in which two or more
measurements (i.e., multiple frequencies) are available for two unknowns (i.e., neutral atmospheric and
ionospheric effects). The use of the bending angle for both observation and control variables reduces the
observation operator to a spatial interpolation.
3.2.2. Background State
The neutral atmospheric background is modeled with 24 h operational forecasts of the ECMWF. The ECMWF
data have a horizontal resolution of spectral TL799 (triangular truncation, 799 waves around a great circle on
the globe, which corresponds to about 25 km in grid spacing) and 91 vertical levels between the Earth’s surface
and 80 km. The ECMWF started operationally assimilating GPS RO data on 12 December 2006 [Healy, 2007].
For this reason, the operational analysis favors the CLC, which has been used to produce the COSMIC data that
are assimilated into the analysis system. The soundings of temperature, pressure, and specific humidity at
the location of each RO are extracted from the NWP data, and they are used to compute the refractivity
according to the Smith-Weintraub equation [Smith and Weintraub, 1953]. The ionospheric background is
obtained from the International Reference Ionosphere (IRI) [Bilitza, 2001]. The empirical model provides a
climatological profile of electron number density besides other parameters for a given location and time. The
electron density at the location of RO is converted into the refractivity using the first-order expansion of the
Appleton-Hartree formula [Budden, 1985]. The profiles of the neutral atmospheric and ionospheric refractivity
are then pieced together and provided to Abel transform to compute the bending angle. It is possible to obtain
an ionospheric background from RO itself because the ionospheric effect varies slowly in the stratospheric

Figure 1. Flowchart for conventional and variational combinations. The data and processes in green and orange denote those associated with conventional and
variational combinations, respectively. Those shared by two combinations are colored in violet. See text for the description of individual components.
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altitude and RO measurement contains enough information to characterize the ionosphere [e.g., Gorbunov,
2002; Wee and Kuo, 2013]. However, we used the IRI in order not to make the background dependent on RO
data and to bring in independent information to LC+BNR notwithstanding its absolute accuracy.

3.3. Modeling of Measurement and Background Errors

Despite the well-known theoretic attractiveness of the variational approach, the real-world solution is as
realistic as the information provided to the method is. Along with observation and a priori state, the error
covariance matrices, B and R, are essential in the method as they shape the size and structure of the
correction for the background to yield the analysis. The variance and correlation that constitutes the
covariance are generally considered separable for modeling purposes. While the importance of background
error correlation in variational methods are well recognized [e.g., Courtier et al., 1998; Fisher, 2006; Bannister,
2008], the observation errors are normally assumed uncorrelated. The assumption is sound for our study
because the error correlation in lower-level RO data (e.g., phase, Doppler, and bending angle) is insignificant,
although continued data processing can introduce the error correlation at later stages due to the influence
of a priori used for BNR, low-pass filtering, and inverse Abel transform, and so on. The minor error correlation
in the data up to the raw bending angle can be easily confirmed by inspecting the autocorrelation in the
data at high altitudes where both neutral atmospheric and ionospheric effects are small, e.g., 40–60 km.
In most cases, the autocorrelation drops to near zero immediately, after a lag of a few samples. Note that the
autocorrelation closely approximates the error correlation in that height, because measurement noise is
dominant over signal components there. Therefore, the form of covariance matrix R used in this study is
diagonal. In the following subsections, we describe how the observation error is assessed and modeled to
construct R in this study. After that, the background error covariance is explained.
3.3.1. Measurement Error in Doppler
Prior to proceeding to detailed discussions, an example of Doppler departure from its model counterpart is
presented. This is to get readers acquainted with general characteristics of RO measurement error. Shown in
Figure 2 is the Doppler, time derivative of atmospheric phase path, subsampled to the rate of 1Hz and
collected from ~3000 occultation events. Here, the inverse of the FSI is employed to model the Doppler from
the bending angle that is obtained from the ECMWF analysis and the IRI empirical model. In general, the
measured and modeled Dopplers agree very well, and thus, the difference between them largely represents
measurement noises, especially those larger in the size. The departure clearly shows that L2 is much
noisier than L1 in the Doppler and that the CLC is noisiest. The noisiness of L2 is due to the encrypted signal
code on the channel. Combining and amplifying the noises in the two frequencies, the CLC is noisier than L2.
Figure 3a encapsulates the interchannel difference in the noise, comparing the typical noise amplitude (the
standard deviation of the departure). The histogram shown in Figure 3b compares the distribution of the
departures at an arbitrary altitude, 25 km. Although the CLC departure roughly follows a Gaussian
distribution, it shows greater dispersal than found in the distributions of L1 and L2 departures.

Figure 2. Departure of measured Doppler from its model counterpart: (a) L1, (b) L2, and (c) LIF, ionosphere-free CLC. The
model Doppler is based on the atmospheric condition provided by ECMWF analysis and IRI empirical model. In addition
to the median (red), the envelope containing 95 % of samples inside (green) also shown.
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An example that demonstrates how the CLC can be easily misled by the measurement noise is shown in
Figure 4, where the scatterplot relates the neutral atmospheric departure to the ionospheric effect (L1–L2) at
25 km. It is peculiar that the supposedly independent neutral atmospheric and ionospheric effects show a
close linear relation. Looking into the scatter closely, the slope manifest in the plot is found to be the
reciprocal of 1.55, which equals the combination coefficient for ε2 in equation (2). That is to say, if all terms
except for those involving ε2 in equations (1) and (2) are neglected, the independent and dependent
variables in Figure 4 can be approximated as LIF� Lm≃� 1.55 ε2 and L1� L2≃� ε2, where Lm is the modeled
LIF. The L2 noise is thus responsible for the illusive tight relation between the ionosphere and neutral
atmosphere. It is evident that the measurement noise hinders the CLC from separating the two effects.

The measured SNR directly relates to errors of the phase and of the Doppler [e.g.,Ward, 1996; Hajj et al., 2002;
Best, 2003]. The scatterplot of SNR versus Doppler uncertainty on the L2 channel shows their close relation

(Figure 5). Here, the Doppler uncertainty is
defined as the root-mean-square (RMS) of
noise components within a one-second
sliding window for each occultation. The
noise components are classified, based on
the singular spectrum analysis [e.g. Hassani
and Thomakos, 2010], as the modes whose
variance falls below the noise floor. For each
occultation, the window slides upward to
25 km from the lowest height that L2 remains
useful, pausing at every second where the
1 Hz L2 SNR is available in order to mark a dot
shown in Figure 5. This is the height range
where the SNR varies most rapidly with the
height, highlighting its relation to the
Doppler uncertainty with less redundancy.

The noise power of the Doppler is
concentrated in the high-frequency spectral
band. In addition, because the Doppler is
unlikely to possess a significant error in the
scales larger than the width of the moving
window, the estimate of Doppler uncertainty
largely represents the measurement error.

Figure 4. Scatter plot: departure of neutral atmospheric Doppler
(LIF� Lm) versus ionospheric Doppler (L1� L2) at the impact height
of 25 km. The green box, whose coordinates at the corners in the
absolute value are (1.55, 1), is to show the slope of straight line. The
false close relation between neutral atmospheric and ionospheric
components is due to the shared L2 noise. See text for details.

Figure 3. (a) Standard deviation of the departures shown in Figure 2. (b) Histogram of the departures at the impact height
of 25 km.
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Accordingly, the observation error in this
study refers to the uncertainty estimate and
is interpreted as the probabilistic,
representative noise amplitude for a finite
duration of time (i.e., width of the sliding
window). A second-order polynomial fitting
describes the relation between the SNR and
Doppler error very well:

εΔψ ¼ 835

SNR2
þ 23:5

SNR
þ 0:025; (7)

where the SNR is in V/V, ψ the excess phase
path in meter, Δψ the Doppler, and εΔΨ is the
Doppler error in ms�1. The envelope
containing 68% of total samples inside
(equivalent with the 1 standard deviation
envelope) signifies the goodness of the fit. This
shows that the majority of the samples closely
follow the regression curve. Thus, equation (7)
succinctly parameterizes the Doppler error in
terms of the measured SNR. The result for the
L2 channel is presented here because the L2
SNR varies across a wider range.

3.3.2. Measurement Error in Bending Angle
The method explained above can also be applied to the bending angle. However, the additional steps in
the data processing necessary to produce the bending angle could make the direct error estimation
unwieldy. For instance, prior to applying the FSI, RO signals are suggestively oversampled in the time
domain in order to ease the phase unwrapping in the spectral domain. The change in the sampling rate
alters the variance spectrum and thus the subsequent error estimate must be attuned to the original
sampling rate. While not requiring the oversampling, the method of geometrical optics is more vulnerable
to multipath effect and measurement noise. For example, a bad sample at the tail section of a setting
occultation could show up at an unduly high impact parameter in the midst of realistic bending angles and
spoil all nearby good estimates. In order to prevent that from happening, the method necessitates extra
undertakings such as identifying and discarding samples of insufficient quality beforehand, sorting
bending angles in the order of the impact parameter, interpolation to a regular grid of the impact
parameter, low-pass filtering, and so forth. All these unavoidably complicate error characteristics of the
resulting bending angle.

In the above, we have shown that measured SNR compactly describes Doppler error. Taking advantage of
that, we exploit the possibility of extending the relationship to the bending angle. The Doppler can be
expressed as follows:

Δψ ¼ aΔθ þ ΔrL
rL

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2L � a2

q
þ ΔrG

rG

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2G � a2

q
� Δ rL � rGj j; (8)

where a is the impact parameter, rL and rG the position vectors of LEO and GPS satellite with the origin at the
Earth’s local curvature center, respectively, rL= |rL| and rG= |rG|, and θ is the angle between the position
vectors. Since the orbital parameters are all known in advance, the impact parameter can be determined from
the measured Doppler through iteration methods. On the other hand, the bending angle α relates to the
occultation geometry as follows:

α ¼ θ � cos�1 a
rL

� �
� cos�1 a

rG

� �
: (9)

Therefore, the Doppler and bending angle relate to each other through the impact parameter. Linearization

of equations (8) and (9) leads to Δψ′≃ a′Δθ and α′ ¼ r�1
L þ r�1

G

� �
a′ , where the prime symbol denotes the

Figure 5. Scatter plot of SNR versus Doppler error in L2. Red curve is
a second-order polynomial fitting, and green curves contain 68% of
total samples inside, equivalent with the 1 standard deviation
envelope, at each value of the SNR.
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perturbation. Here, the second and third terms on the right-hand side of equation (8) are insignificant and
thus neglected. Assuming an error as a superposition of the perturbations, the following relation holds:

εα≃
1
rL
þ 1
rG

� �
εΔψ
Δθ

: (10)

where εα is the observation error for the bending angle. The effect due to orbital change is so small that rL, rG,
and Δθ can be assumed constant. Thus, equation (10) parameterizes the bending angle error as a function of
SNR via equation (7). The remaining problem is to determine the SNR in the spectral domain so that
equations (7) and (10) can be evaluated at each level of the impact parameter where individual bending
angles reside. Meanwhile, the impact parameter directly relates to the frequency in the FSI.

In applying the FSI, the measured SNR is used as a proxy of the signal’s amplitude. Hence, the signal’s spectral
amplitude is the measured SNR transferred to the frequency domain. However, the spectral amplitude must
be adjusted to reflect the oversampling used for FSI. A makeshift is adjusting the spectral amplitude to be
identical to the time-domain SNR within a height range where atmospheric multipath and defocusing effects
are negligible, e.g., 20–40 km. That is to say, SNR(f ) = c � A(f ) = < SNR(t)> �<A(f )>� 1 �A(f ), where SNR(t) is
the measured SNR in time domain, A(f ) the spectral amplitude, c the scaling factor for A(f ), <,> averaging
within the height range, and SNR(f ) is the desired estimate of SNR in the frequency domain. In other words,
A(f ) is first normalized with <A(f )> and then multiplied with < SNR(t)>. Nonetheless, grasping the
oversampling ratio is sufficient to apprehend the SNR in the spectral domain because the Fourier transform
conserves the signal’s total power, according to the Parseval’s theorem. The εαmodeled in this way represents
the observation error corresponding to the original sampling rate.

Figure 6a shows the SNR profiles averaged for all COSMIC occultations available in 2008. L1 is about 3 times
higher than L2 in the SNR. While the L1 SNR is almost constant in vertical, the L2 SNR gradually diminishes
starting from 35 km as the impact parameter decreases. Figure 6b shows the dynamic estimates of
observation error in the bending angle. The L1 and L2 errors are modeled with equation (10), and error of the
IF bending angle is acquired by combining the L1 and L2 errors. The 24 h forecast error is estimated with the
NMC (National Meteorological Center) method [Parrish and Derber, 1992]. In perspective of the error
estimates, the CLC is useful only below 17 km, compared to the short-term forecast. However, the
uncombined measurements on individual channels remain worthy up to a higher altitude, about 30 km for
L1. The SNR varies significantly from one occultation to another, as shown in the histogram of SNR at 30 km
(Figure 6c), as does the observation error according to equation (10).

The significance of equations (7) and (10) is that they offer a realistic dynamic observation error on a sample-
by-sample basis through the measured SNR. Considering that the SNR is readily available in time domain and
is straightforward to evaluate in spectral domain, the proposed error model is in easy reach. On the contrary,

Figure 6. (a) Vertical distribution of the SNR, averaged for all COSMIC occultations available in 2008. (b) Profiles of assumed
errors in bending angle. The L1 and L2 observation errors are modeled based on equation (7), and the LIF error is their
combination. The model error is estimated via the NMC method. (c) Histogram of the SNR at 30 km. Note the clear inter-
frequency and interoccultation differences in the SNR.
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estimating error from a practical piece of measurement based on the data’s immediate time-frequency
contents (i.e., estimating bending angle error from bending angle itself) is rather cumbersome, involving a
number of tunable parameters that affect the resulting estimate. As an example, the latter may use a priori to
isolate noise components in the measurement. In that case, it is impossible to rule out the possibility that a
priori error takes some part in the estimate of observation error. The extent of the contamination due to a priori
error may vary from one case to another depending on the methodology used for the estimation as well as the
peculiarity of individual RO events. It is also important to note that not all high-frequency modes are noises and
a solid theoretic or empirical threshold is hardly available to separate the noises from signal components.
Therefore, it is unclear how to separate the noise components from signal components. The SNR-based
observation error proposed in this study is not free from these issues. However, once a reliable error model is
fabricated through a comprehensive statistical analysis, it provides a consistent and accurate estimate of
observation error for diverse conditionswithout the need of involving a priori and isolating noises at the time of
application. Furthermore, themethod can be applied to a short occultation, even for a single epoch in principle,
as long as the SNR data are available. It is worth mentioning that estimating measurement error from the
measurement itself is under no circumstances an information-adding process, whereas the SNR brings in
independent, at least partially, extra information to the problem of LC+BNR.
3.3.3. Background Error
In order to build B, we used the entire COSMIC data available during a 3 year period, 2007–2009. The neutral
atmospheric part of B is estimated via the NMC method [Parrish and Derber, 1992]. The method relates the
difference between the two forecasts, valid at the same time but initiated at different times, to the forecast error
for the time lag. We used 12 and 24 h ECMWF forecasts, which are mapped to the individual bending angles of
actual RO events. For the ionospheric part of B, we instead used the difference between measured and
modeled bending angles. To do so, we simulate each of the L1 and L2 bending angles separately using
the ECMWF analysis and IRI model and then form the ionospheric linear combination (i.e., L1–L2). Finally, the
collected differences between observed and modeled ionospheric combinations are used to estimate the
uncertainty of the IRI model. AsWee et al. [2010] pointed out, the ECMWF analysis used here allows to take into
account the ray’s bending due to the neutral atmosphere and achieves a more realistic assessment of the
ionospheric effect. This improves the estimation of B by reducing the portion of modeling error for which the
ionospheric model is not responsible. The collected profiles of the differences, for each box of 10°×10° latitude-
longitude grids and for each month, are statistically analyzed to provide estimates of error variance (diagonal
elements) and correlation (off-diagonal elements). For the neutral atmospheric part, the assessed standard
deviation is doubled under the assumption of linear error growth. This is because we use a 12 h time lag for the
NMC method while using a 24 h forecast as the background.

The method described above provides a reasonable depiction of the uncertainty in the background. For
instance, the neutral atmospheric background error estimated with the NMC method presents the large
variability in the error across the longitude and height, which is otherwise difficult to reckon (Figure 7). Another
feature noteworthy is the enhanced variability in the high altitude of the winter hemisphere. The ECMWF
forecasts seem to be accurate below 30 km except for the tropical tropopause where the background error
exceeds 6% (Figure 7f). The ionospheric error variance consists of contributions from the background and
observation: σ2t ¼ σ2b þ σ2o, where σ

2
t is the total error variance and σ2b and σ2o are those of the background and

observation. In this study, σ2b is obtained by deducting σ2o, attained with equation (10), from the total error
variance. The correlation deduced from the collective profiles of the differences (i.e., forecast-forecast for the
neutral atmosphere and observation-IRI for the ionosphere) is taken as the background error correlation. For
instance, the ionospheric correlation is attributed entirely to the background according to the assumption of
uncorrelated observation error. For each grid box, the length scale that describes the error correlation, the
most closely throughout the entire atmospheric column, is deduced and is then provided to the fifth-order
function [Gaspari and Cohn, 1999] to model the correlation. On average, the length scale is about 1 km for the
neutral atmosphere and 6 km for the ionosphere. On the other hand, the error variance varies with the height
and is thus specified at each level differently.

4. Real Data Tests

The practical performance of the VAR is assessed with the focus on comparing against the CLC. This is
challenging because it is not easy to find independent verifying data as accurate as RO data. Another
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difficulty is that the VAR and CLC make use of the same input data, despite differing methods in the data
usage. Therefore, the two RO data are expected to share certain traits that distinguish them from other data.
This affinity, besides errors in verifying data, makes it important to reduce any uncertainties involved in
the comparison in order to differentiate the VAR and CLC unambiguously. The uncertainty includes, for
instance, the distance between RO and verifying data, and representativeness error, in addition to the innate
error of the verifying data. In this study, radiosonde observations are used as the primary verifying data, since
they are of a reasonable accuracy and independent of RO data. This though poses many difficulties mainly
due to the limited coverage of the radiosonde data and necessitates a meticulous design of the comparison.

4.1. Preparation of Data Sets

A subset of COSMIC data, spatiotemporally adjacent to radiosonde soundings available in the year of 2008, is
used to validate the VAR. In finding the collocated soundings, a slight relaxation in the distance dramatically
increases the number of matches. Nonetheless, the necessary large threshold in the distance unavoidably
introduces extra uncertainties due to spatiotemporal variations in the atmosphere. We thus applied stringent
criteria for the collocation in order to reduce the distance-related uncertainties. We were careful to select the
best matches of COSMIC and radiosonde soundings, an equal number (~1000) from each of three latitude
bins: polar, middle, and tropical latitudes. The middle latitudes are defined as 30°–60°. This is to reduce
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Figure 7. Zonal mean background error in the neutral atmospheric bending angle estimated with the NMCmethod for each
season: (a) DJF, (b) MAM, (c) JJA, and (d) SON. The contour interval is 2%. (e) Detailed vertical structure along the three paths
marked with x, y, and z in Figure 7c. (f) Enlarged view of the lower part of Figure 7d, 10–40km. The contour interval is 1%.
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sampling errors in global statistics by establishing a counterpoise against the predominance of radiosonde
stations in the middle latitudes. Another effort made to sharpen the comparison is using only Vaisala RS90
and RS92 radiosondes (RS9X hereafter). They are widely used all over the globe, except for few areas
such as Russia and China. Confining the radiosonde type to RS9X reduces manufacturer-dependent
uncertainty while providing a good spatial coverage. The RS9X is also known to perform no worse than
other types of radiosondes and their measurement characteristics are well documented [Nash et al., 2006,
2011; WMO, 2012].

The radiosonde (RS hereafter) data used in this study are the global 6-hourly upper air reports operationally
collected by the National Centers for Environmental Prediction (NCEP) through the Global
Telecommunications System (GTS). The data are provided by the Data Support Section (DSS) of UCAR
(available online at http://rda.ucar.edu/datasets/ds337.0). The short distance imposed on the collocation is
meaningful only if the locations of the observations are known precisely. While this is not a problem for RO
data, the operational data set of RS does not include balloon positions tracked by radar or the GPS receiver on
flight. Fortunately, NCEP estimates the balloon drift and adds the information to the report of the Binary
Universal Format Representation (BUFR) format. In doing so, the observation time at each pressure level is
estimated from the elapsed time after the launch, assuming the balloon’s ascent rate is constant (5m s�1).
Horizontal drift is traced back with the measured winds (more information is available at http://www.emc.
ncep.noaa.gov). The balloon drift is a reasonable approximation of actual sonde positions omitted in the
original data. For example, it allows a four-dimensional data assimilation to use RS data at correct location
and time [Wee et al., 2008]. The horizontal distance between RO and RS is determined at the midpoint of
200 hPa and the RS’s top.

Since this study is focused on the stratosphere, RS data are excluded if the balloon-burst pressure is higher
than 30 hPa or the number of reported data levels above 100 hPa is less than 5. The data that are highly
suspicious of the quality when compared to ECMWF analysis are also precluded. The RS data with the higher
number of data points in the stratosphere are preferred. This increases the chance that the RS data that have
more significant temperature levels are to be selected. Given that the significant levels are reported only
when a notable temperature gradient is observed, this in turn multiplies the possibility that the atmospheric
conditions containing small-scale structures in the stratosphere are to be sampled. It is expected for an
effective RO data processing to capture and retain the small-scale structures. In practice, however, doing so is
challenging. For instance, an excessive filtering wipes out the small-scale structures. Complicated
atmospheric conditions, represented by the RS data that have more significant levels, provide a good chance
to test RO data processing methods in that aspect. Once all other requirements are met, the spatiotemporal
distance between RO and RS is adjusted to finalize the best ~1000 matches in each latitude bin. In the
midlatitudes, where the large number of matches can be found, the distance is about 100 km in radius and
80min in time. On the other hand, the criteria are relaxed to 175 km and 105min over the tropics, where the
least number of matches are found. In the high latitudes, the distance is 150 km and 100min. The number of
finally selected matches is 1054, 1009, and 1040 in the low, middle, and high latitudes, respectively. Figure 8
shows the distribution of RS stations on the globe and the number of observations in vertical. Since the
pressure at the top has been required to be lower than 30 hPa, the data counts are constant below ~22 km
but diminish rapidly with height above that level. The majority of selected data are from RS92 (89.7%).

Figure 8. (a) The horizontal map of the RS9X stations used in this study. (b) Vertical data counts in each latitude band.
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4.2. Comparison With Respect to ECMWF Analysis

A shortcoming of RS data for being used as verifying data is its limited coverage: the majority of stations
reside over land, observations are usually made nomore than twice a day, and balloons often fail to reach the
middle stratosphere. This leads to only a small number of collocated pairs of RO and RS data around the RS
stations to be found. Furthermore, the distance between the two data adds extra uncertainty to the
comparison. On the contrary, continuous availability of NWP data in time and space allows the data to be
interpolated to the exact location of the observation. The distance-related uncertainty can then be addressed
as far as the resolution and accuracy of the NWP data permit. In addition, the comparison can bemade in high
altitudes above balloon-bursting point. NWP is thus well qualified as a reliable, complementary source of
verifying data. In this study, a comparison with respect to ECMWF analysis is made. This is intended to make
up for the shortcoming of RS data, although the ECMWF analysis has its own merit representing the
combined value of information coming from a variety of observations aside from the RS data, and physical
and dynamical a priori. Hence, only the abovementioned subset of COSMIC data has been used for
the comparison.

In the upper stratosphere, the CLC is so noisy that it does not providemuch useful information. The inverse Abel
transform, which converts the bending angle into the refractivity, is an integral operator, and thus, it collects the
errors in the upper altitudes and propagates them downward. Unless mitigated, the propagating noise harshly
contaminates lower altitudes. As described earlier, the BNR has been applied to the CLC as the customary
remedy. While earlier studies tend to take climatologies as a priori for the BNR, we nudge the CLC toward the
24 h forecast that is the background used for the VAR. The two methods are thus consistent in a priori. Figure 9
compares the root-mean-square difference (RMSD) with respect to the ECMWF analysis. The gradually
decreasing RMSD of the CLC above the peak at 40 km indicates that the blending with the forecast starts from
40 km on average and the CLC is completely replaced by the forecast at 60 km. Otherwise, the RMSD keeps
increasing above 40 km. The VAR also shows a slight reliance on a priori in the bending angle above 45 km.
Because the BNR does not eradicate the measurement noises, the bending angles are low-pass filtered with a
cutoff length of 1 km after the BNR. Although the VAR does not need the low-pass filtering, the same has been
applied for the sake of compatibility. The filtered bending angles are used for the comparison and put forward
for subsequent data processing.

The VAR agrees remarkably better than the CLC with the ECMWF analysis below 47 km in all parameters
analyzed. Compared to the forecast, the VAR shows larger RMSD throughout the entire height range.
Considering the fact that the forecast is made by taking the analysis as its initial condition, the larger RMSD
does not necessarily mean the VAR is less accurate than the forecast. It is reasonable to speculate that the
verifying data, the ECMWF analysis, is imprecise in the data-scarce stratosphere. Also, the systematic error
shared by the forecast and analysis has not been taken into account, and thus, the comparison favors the
forecast. In addition, RO data are favorably assimilated into the NWP system because the data are recognized
as an important source of information. Consequently, the NWP analysis is biased in favor of the CLC against

Figure 9. The root-mean-square difference from the ECMWF analysis in (a) bending angle (%), (b) refractivity (%), and (c)
temperature (degree). Note that the temperatures for conventional and variational combinations are the so-called dry
temperature. The moisture-induced systematic error in the RO data is clearly visible in the temperature below 15 km.
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the competing new algorithm (i.e., VAR), because the CLC is used to produce the specific RO data assimilated
into the NWP system acting as the standardmethod of data processing [Wee and Kuo, 2013]. These difficulties
necessitate a comparison to an independent source of verifying data, e.g., radiosonde.

4.3. Comparison to Radiosonde Observations

Here, the ECMWF analysis and forecast, as well as the RO data, are compared with the RS data. The NWP data
provide a reference for weighing how significant the difference is between the VAR and CLC. Comparing an
NWP analysis with RS data is a bit tricky because the observation has been assimilated to produce the
analysis. As an example, NWP analyses often exhibit larger local analysis increments around individual RS
stations [Kistler et al., 2001], more notably in areas lacking other independent observations and in the data
assimilation systems that are less effective [Uppala et al., 2005]. Hence, a closer local fitting to RS data right at
the observing sites does not necessarily mean the particular data assimilation system is more effective than
others. It may indicate the severity that the data assimilation system relies on the RS data. Instead, the
capabilities of improving the analysis quality at remote grid points by spreading the observational
information and producing improved forecasts better embody the factual skill of the data assimilation
system. From that standpoint, in this study, the ECMWF data are compared to RS data from the location of
collocated COSMIC soundings rather than at the RS station. Taking into account the atmospheric variation
across RO and RS locations, this allows the ECMWF analysis to be compared against RO data more sensibly. We
do not think adding the effect of atmospheric variation on the NWP side will advocate for the RO data or
penalize the ECMWFanalysis in the comparison. However, provided that the RO data are also highly regarded in
the data assimilation, the difference of the NWP analysis from RO data may be underestimated because the
data assimilation attempts to fit the RO data as closely as possible. Not immediately affected by the issue, the
ECMWF forecast may be useful in that regard.

RS data possess significant bias errors [WMO, 2012]. This impedes the evaluation of other correlative data
taking the RS data as the ground truth. In this study, the random and systematic differences from RS data are
thus assessed separately. RS data are traditionally considered as pressure-level data, and hence, comparisons
associated with the data tend to be made in that space. However, pressure sensors perform worse than
desired, especially in high altitudes. On the contrary, recent GPS radiosondes (e.g., RS92) provide quite
accurate geopotential heights [Nash et al., 2006, 2011; WMO, 2012]. The height is also the innate vertical
coordinate for RO. In this study, therefore, the comparison with respect to RS data is made in the
height coordinate.
4.3.1. Standard Deviation
Figure 10 compares the standard deviation (STD) from collocated RS data. The results are quite different from
the comparison made with the ECMWF analysis, where the forecast is the smallest in the RMSD throughout
the entire height range. On the contrary, the CLC here agrees with the RS data better than the forecast up to the
middle stratosphere. However, as the altitude gets higher the CLC deteriorates rapidly. For instance, the CLC is
larger than the forecast in the STD of refractivity above 27 km. This confirms the CLC does not perform well in
the high altitude. The hydrostatic equation, used to derive the pressure from the refractivity, collects and

Figure 10. Standard deviation from RS9X observations in (a) refractivity (%), (b) pressure (%), and (c) temperature (degree).
This comparison is made globally accounting for all available data.
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propagates errors in the refractivity downward. Consequently, the height below which the CLC is better than
the forecast drops to 21 km for the pressure and 25 km for the temperature. On the other hand, the VAR shows
exceedingly good agreements with the RS data in all parameters. The VAR outperforms not only the forecast
but also the analysis below 30 km, except for the temperature in the lower tropical stratosphere where
sufficient amount of water vapor exists to violate the assumption of dryness. This is significant because RS and
RO data are completely independent from each other, not tomention that the RS data have been assimilated to
generate the analysis. The close agreement with the RS data attained by the VAR proves that the RO data hold
enormous value in probing the stratosphere and the VAR is highly effective in extracting observational
information from the data. It also suggests that the data assimilation systemmight still be improved in the way
observations are utilized in the system.
4.3.2. Difference in the Mean
The deficiency of the CLC in high altitudes is more pronounced in the systematic difference from RS data. The
CLC-produced refractivity is distanced from all others above 22km (Figure 11a) and shows a large systematic
difference that increases with height. In spite of being capable of correcting most ionospheric effects, the
CLC leaves traces of large-scale ionospheric structures. Studies based on the ray-tracing technique found that
the large-scale ionospheric residual leads to positive systematic errors in the phase path [Wee et al., 2010] and
in the refractivity [Mannucci et al., 2011] when the CLC is applied. A recent comparison of GRAS data with
ECMWFanalysis also found a similar bias in the refractivity [Lauritsen et al., 2011]. On the other hand, the VAR has
the potential to achieve a significantly reduced systematic error thanks to the effective combination of dual-
frequency measurements aided by an ionospheric model. Owing to the hydrostatic integration, the systematic
difference of the CLC is accentuated in the pressure. Accordingly, the CLC shows a large systematic difference in
the pressure, which is persistent down to 10 km (Figure 11b). The remainders (i.e., analysis, forecast, and the
VAR) are grouped together and distant from the CLC.

Unexpectedly, the temperature difference gives an impression that the CLC is less biased than the others
(Figure 11c). This is counterintuitive because the largely biased refractivity is hardly expected to yield a
smaller systematic difference in the temperature. A reason is that the ideal gas law, used to derive the dry
temperature, largely cancels out the systematic error common to the refractivity and dry pressure and
moderates the bias error in the temperature. This can be explained with the linearized equation of the
refractivity in the dry atmosphere: T ′ T� 1 = p′ p� 1�N′N� 1, where primed and unprimed variables denote
perturbations and base states, respectively. Therefore, the systematic differences in the pressure and
refractivity counteract to give rise to a modest temperature difference. However, this does not fully explain
why the refractivity of a smaller systematic error turns out a temperature of a larger bias error as the VAR
compared to the CLC. Moreover, even though the CLC is isolated from the rest, they both have large
systematic differences in the pressure, comparable in magnitude but opposite in sign. Therefore, one may
argue that the result shown in Figure 11 is controversial as to which of the CLC and the remainders is better in
view of the systematic error. The question at issue arises because the systematic error of the RS data is largely
unknown and has not been taken into account in the comparison. The limitation of CLC [e.g., Wee and Kuo,

a b c

Figure 11. Mean difference of RS9X data from other data listed in the text: (a) refractivity (%), (b) pressure (%), and (c)
temperature (degree). Each Figure is enlarged or reduced in the size relative to Figure 10 and in proportion to their
ratio in the x axis range. This is to signify the relative significance of the systematic differences to the standard deviations.
As compared to Figure 10, the interdata difference is greater in the systematic difference than in the standard deviation,
especially in the pressure.
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2013], which motivated this study, and the close agreement between the VAR and RS data in the refractivity
strongly suggest that the VAR is superior to the CLC in the systematic error. The notion is also backed by
the NWP data, which resemble the VAR in the systematic differences. However, systematic errors in the RS
data that hamper a robust validation in our study surely deserve additional discussion.

4.4. Sources of Interdata Systemic Difference

Unless the absolute reference is available, an assessment of systematic error is ambiguous at most. The
comparison with respect to RS data is no exception because the observation is not free from systematic error
either. This is particularly problematic if the systematic error in the RS data is comparable to, or exceeds,
the differences among the data sets in comparison. Here, we look into possible sources of uncertainty that
hinder us from drawing a firm conclusion regarding which of the CLC and VAR is smaller in the systematic
error. The extent of the discussion is limited to the comparison between the VAR and RS data for the sake
of simplicity. The other data (i.e., the CLC and NWP data) can be understood relative to the VAR, as far as
the systematic error is concerned. The systematic error in the VAR is examined first and those in the RS data
are followed.
4.4.1. Systematic Error in the VAR
Here, we suppose that the VAR is solely responsible for its systematic difference from RS data, whereas the RS
data are free of error. In other words, the perceived mean difference between the VAR and RS data is assumed
as the systematic error of the VAR. In doing so, it is sufficient to specify the refractivity error because it
determines the errors in the dry pressure and temperature. We then compare the assumed error, propagated
into the dry pressure and temperature, with the systematic difference actually perceived by the comparison
with RS data. To do so, the error-free refractivity, obtained from the RS data and supplemented with
ECMWF analysis and MSIS data above the top, enters the process of dry retrieval. The resultant perfect dry
pressure and temperature are then compared with the error-containing VAR-produced counterparts.
Figure 12 compares the simulated bias error with the perceived systematic difference between the VAR and
RS data. As shown, the former is much smaller than the latter, albeit there is some resemblance in the pattern
above 16 km. Thus, the systematic difference between the VAR and RS data in the refractivity is unable to
explain those in the pressure and temperature. This in turn indicates that the VAR is not the primary source of
the systematic difference between the VAR and RS data.
4.4.2. Systematic Error in Radiosonde Data
It is well known that different radiosonde types differ in the error [WMO, 2012; Sun et al., 2013]. The difference
among them provides a rough sketch of uncertainty of the measurement method. Likewise, the systematic
error of RS can be glimpsed by comparing it against other types of radiosondes. Since the RS9X and non-RS9X
systems cannot be compared directly in the context of our study, we let the VAR intervene between them
as described in the following. We repeat the comparison of the VAR with RS data but replace the RS9X
with all other types of radiosondes. To do so, the same selection procedure is applied to the non-RS9X
radiosondes to determine 2977 soundings, collocated with RO data. The non-RS9X consists of various

Figure 12. (a–c) A simulation that illustrates what could have been the errors of RO data in the pressure and temperature
(Figures 12b and 12c) if the perceived RS9X-VAR in the refractivity (Figure 12a) were due to the RO data. To do so, two
profiles of mean refractivity, one from RS9X and the other from the VAR, are prepared and they flow into the process of dry
retrieval. The differences between the two dry retrievals (red solid) are then compared with the actual RS9X-VAR (blue
dashed). The difference in the refractivity, even if it were RO error, is unable to explain the perceived RS9X-VAR in the
pressure and temperature.
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systems including: AVK of Russian Federation (22%), Mark II(A) of Lockheed Martin Sippican, Inc. (19.8%),
Vaisala RS80 (19.2%), MARL-A or Vektor-M of Russian Federation (10.5%), VIZ of Sippican (9.4%), and so on.
The Russian systems refer to tracking radars rather than radiosonde types, which are mostly MRZ and its
variant [Schroeder, 2009]. Although we are primarily interested in the systematic error here, comparing the
RS9X and non-RS9X systems in the aspect of random error is informative in regard to their relative
performance. The systems show a remarkable difference in the pressure standard deviation from the VAR.
As shown in Figure 13, the non-RS9X systems are significantly larger than the RS9X in the pressure standard
deviation: 35% larger at the height of 15 km and 52% at 30 km. This confirms that the silicon chip pressure
sensor of RS9X performs better than aneroid capsules [WMO, 2012]. Despite the RS9X showing smaller
standard deviations in the refractivity and temperature as well, the difference from non-RS9X systems in
those parameters is insignificant compared to that in the pressure.

The closer agreement of RS9X with the VAR is not so obvious in the mean. When available matches are
compared altogether globally, the mean difference of non-RS9X from the VAR does not change considerably
with height and is no larger than that of RS9X (Figures 14a and 14b). In order to look at the difference more
closely, we stratify the collocated data into latitude bins, and into day and night times, and then reiterate the
comparison over the subsets (Figures 14c–14f). Here, the day and night are defined as the period that the
solar elevation angle is greater than 10° and smaller than �10°, respectively. The non-RS9X is quite variable
from one subset to another in the mean difference, whereas the RS9X is less dependent on the latitude and
solar radiation. The larger dependency of non-RS9X on the latitude reflects the uncertainty associated with
mixed types of radiosonde. Each latitude bin differs in the dominant type and in the share of individual types.
This results in dissimilar systematic differences across the latitude. The dependency on the solar radiation
suggests that the correction for the radiation-induced bias for the RS9X seems robust, whereas non-RS9X
systems may require a substantial improvement in the correction.

The mean difference of RS9X from the VAR (RS9X-VAR hereafter) is consistent with the systematic error of the
data assessed by previous studies, e.g., WMO-led radiosonde intercomparisons [Nash et al., 2011; WMO, 2012].
Changes in the instrument design and radiation correction scheme also relate to the issue. For instance,
Steinbrecht et al. [2008] reported that RS92 is warmer than RS80 in the daytime temperature, analyzing
measurements from several twin flight campaigns in which the two types of radiosondes were flown together
attached to the same balloon. The difference increases from less than 0.1 K at pressure altitudes below 100hPa
to 0.7 K at 10 hPa. This is fairly analogous to RS9X-VAR in the pattern andmagnitude. Differently from Steinbrecht
et al. [2008] speculated, therefore, we hesitate to attribute the RS92-RS80 entirely to an overcorrection of
the RS80 radiation error. The comparison of concurrently measured data from different radiosonde types
furnishes a baseline for conjecturing the uncertainty in the data. Unless the absolute reference is provided,
however, the approach is limited in relating the difference to error. For instance, it is possible that all types of RS
are subject to common error sources peculiar to the particular observing system. This is especially true in high
altitudes where RS sensors are known to perform less desirably.

Independent observations are thus particularly valuable in characterizing the systematic error of RS data. Sun
et al. [2013] inspected radiation-induced bias errors in global operational RS temperature data fromMay 2008

Figure 13. The standard deviation of RS9X (red solid) and non-RS9X from the VAR in (a) refractivity, (b) pressure, and (c)
temperature. This comparison is made globally accounting for all available data.
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to August 2011 taking collocated CLC-produced COSMIC data as the ground truth. They showed that RS92
data have a warm bias above 70 hPa, which increases monotonically with height and reaches 1 K at the
height of 15 hPa when the solar elevation angle is larger than 22.5°. The temperature bias agrees in general
with RS9X-VAR assessed in our study, notwithstanding that their comparison is made on pressure levels and is
thus affected by the systematic error of the RS pressure sensor and by the moisture-related bias in the
COSMIC dry pressure. The correction models applied to compensate for the radiation error are highly
idealized and simplified, leading to an expected uncertainty of 20% [WMO, 2012]. Keeping that in mind, it is
important to note in our temperature comparison that non-RS9X systems are closer than RS9X to the VAR at

Figure 14. Systematic difference of RS9X and non-RS9X from the VAR in (a–c) pressure and (d–f ) temperature. The differ-
ence in the global mean is shown in Figure 14a, where solid line is for RS9X and dashed for non-RS9X. The systematic
difference of RS9X (Figure 14b) and non-RS9X (Figure 14c) over the low (red), middle (green), and high (blue) latitudes at
day (solid) and night (dashed) times. Figures 14d–14f are the same as in Figures 14a–14c except for the temperature.
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nighttime, when the radiation-induced error is smaller. Furthermore, non-RS9X does not show vertically
intensifying differences from the VAR when all available data are accounted for. Therefore, we suppose that
non-RS9X systems on aggregate are robust against manufacturer-dependent uncertainties, even though
they are individually less satisfactory in the correction of radiation-related errors and fluctuate widely in the
performance from one system to another.

According to our analysis, it is likely that the RS9X is at fault producing the vertically increasing systematic
differences as compared to the VAR. Seeing that the greater part of RS9X-VAR in high altitudes persists at
the nighttime, the radiation effect might not be the only cause for the systematic difference. In order to
pinpoint the exact error source, however, a comprehensive understanding of the observing system will be
required. For instance, as an advanced GPS sonde, RS92 is able to determine the sonde’s geometric height by
decoding GPS signals during the flight [e.g., da Silveira et al., 2006]. The geometric height can then be converted
to a geopotential height, which is generally more accurate than the conventional height derived from observed
pressure, temperature, and relative humidity (so-called pTU height). The GPS-based height can also be used
to derive the pressure through the hydrostatic relation and with using measured temperature, relative
humidity, and surface pressure. Properly derived, the GPS-based pressure is better than pressure sensor
measurements [Hurst et al., 2011; Inai et al., 2009; Stauffer et al., 2013]. An accurate measurement of pressure is
essential at the height of low pressures because even a relatively small error (e.g., an offset due to imperfect
sensor calibration) results in a large relative error [e.g., Stauffer et al., 2013]. For instance, 0.1 hPa offset
corresponds to 1% systematic error at 10 hPa. This in turn produces a large error in the pTU height and reported
temperature. A pressure error of 1 hPa produces a temperature error, on average, of up to at least 1 K for most
situations at 10 hPa [WMO, 2012], when the comparison is made in the pressure coordinate. The high accuracy
of GPS-based height and pressure might be one of the reasons that the RS9X shows a remarkably good
agreement with the VAR in the pressure standard deviation. Nonetheless, the procedure for the GPS-based
method is not trivial. It requires careful prelaunch setting and subsequent algorithm evaluation for each
sounding as described by Nash et al. [2006, 2011]. Doing so is viable under a well-controlled research
environment (e.g., campaigned-based studies) but might be impractical for routine operations, especially when
the method was relatively new (in 2008).

It is not quite reasonable to attribute the RS9X-VAR in each parameter exclusively to the corresponding sensor
error of the RS9X. The RS9X-VAR contains the systematic error of the VAR. In addition, the systematic errors
of the RS9X in different parameters are not necessarily independent from each other. For example, the
systematic error in the GPS-based pressure depends on those in measured surface pressure and lower-level
temperature. The focus of our study is on the description of a newly developed method. Identifying the exact
error source in the RS9X data is thus beyond the scope of this study. This requires separate scrutiny into the
problemwith extra information about the data processing and reporting practices on a station basis, more than
provided by the instrument descriptors contained in the BUFR data (i.e., so-called 31313 data group) and
claimed by manufacturer specifications for the ground systems. For example, it is essential to recognize how
the geopotential height and pressure are determined at each station. This also relates to differentiating a
number of ground systems used to process the RS9X data, which in our study are DigiCORA I or II (31%),
DigiCORA III (52%), and unmanned (i.e., autosonde) (17%). The significance of our study though is that the VAR
is able to discern the systematic error in the RS9X data, whereas the CLC is more hampered by its own
systematic error.

5. Concluding Remarks

As many previous studies have proven, GPS RO has great potential to provide stratospheric data of high
quality. Future augmentation to GNSS RO will further enhance the capability. An important yet relatively
under-explored area in the RO science is advancements in effective data processing that can materialize the
full potential for stratospheric research. We developed a variational combination (VAR) for multifrequency
GNSS signals aiming at overcoming the shortcomings of currently available methods. The VAR is designed to
estimate optimal ionospheric and neutral atmospheric bending angles as a result of attaining the minimum
error variance iteratively by means of the adjoint technique and an effective minimization algorithm. The
method is able to tackle the conjoined problems of linear combination and noise mitigation in a less
restrictive manner without many of the simplifications, which served conveniently for earlier studies but turn
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out to be an obstacle to further advancements. The VAR greatly attenuates measurement noises and
effectually propagates observed information through error covariance matrices and bears a smooth analysis
without the need for otherwise indispensable smoothness-based makeshifts.

It is also found that the measured SNR carries enough information to differentiate individual measurement
samples in view of their uncertainty or accuracy. The SNR is a universal quality indicator that conveniently
translates into a dynamic error in both time and spectral domains, representing the observation error that
varies substantially with the carrier frequency, the occultation geometry, and the height. This led us to devise an
SNR-based dynamic observation error, which in turn brought the speculative capability of the variational
technique to real fruition for our application. This contrasts with conventional RO processing in which the SNR
data tend to be minimally used in the perspective of quality assurance. Another promising opportunity is a
dynamic background error, which can be obtained by subtracting the observation error variance from the total
error variance, provided that the measurement and background are uncorrelated in the error [e.g., Kuo et al.,
2004]. That is applying the method described in section 3.3.3 to individual occultation events. Although no
attempt toward the direction is made in this study, the dynamic background error is expected to be superior to
static and climatic error estimates, and will further strengthen our approach.

The merit of the VAR is confirmed through comparisons with ECMWF data and collocated radiosonde
observations. It is shown in particular that the VAR is effective enough to improve the data quality even in
high altitudes, where the RO data were considered to possess little observational value. When compared to
the collocated RS data, for instance, the VAR is smaller than the ECMWF analysis in the standard deviation.
This is impressive, considering the RS observation is independent of the RO data and has been assimilated to
produce the NWP analysis. Retrieved RO parameters can possess systematic errors, not because RO
measurements are biased but because preexisting methods of data processing are deficient. On the contrary,
the VAR is found robust enough to detect systematic errors in the RS data. Although this is encouraging, after
elaborative attempts in vain, we concluded that it is overly optimistic to solely blame the RS data for the
systematic difference from the VAR, and it is difficult to quantify the sonde’s systematic error in individual
parameters. Thus, a comprehensive study into the sources of systematic error on both sides of RO and RS
must be followed. From the climate perspective, the VAR offers a great opportunity to define the
stratospheric thermal structure with an unprecedented fidelity. This will outstretch the use of RO data for
climate research that is currently more focused on monitoring atmospheric change with time (i.e., trend).

In regard to the validation using real data, we would like to underscore the importance of verifying
observations that are accurate and independent from targeted data. When the ECMWF analysis was used as
verifying data, for instance, the forecast took advantage of its kinship with the analysis whereas other
competing data, the VAR and CLC, experienced a hardship. The accuracy of verifying data is also a big
concern. When the comparison was made with respect to the RS observation, the sonde’s deteriorating
accuracy in high altitudes was troublesome. This is especially concerning when data sets on the comparison
are exceedingly good in the quality, e.g., the VAR and ECMWF analysis. A practical lesson we learned from this
study is that serious efforts of innovative development could be inadvertently discouraged by these
shortcomings of verifying data. The efforts to exploit new sources of verifying data and to develop novel
approaches of verification are vital, and must be continued. Although the VAR provides the estimates of
ionospheric and neutral atmospheric effects simultaneously, our study emphasizes the latter, as this makes
verification easier. Still, the improvement in the neutral atmosphere is expected to accompany a
corresponding ionospheric improvement. Independent ionospheric validation has the importance of its own
and will be pursued in our forthcoming study.

Although tested only for currently available dual-frequency GPS signals in this study, the VAR will be vital in the
era of GNSS. Using CLC for triple or quadruple frequencies will result in greater noise amplification. In contrast,
the VAR further reduces the error variance in the solution by making good use of extra observations on the
additional frequencies. The increasing amount of data due to the new frequencies does not incur any extra
computational cost or complexity for the VAR. Meanwhile, the control variable for the minimization of cost
function is set to be the samewith the observation variable, the bending angle, in this study. We purport to rule
out nonessential apparatuses so as to focus on the meticulous combination of multifrequency signals.
Nonetheless, our approach can be extended to more comprehensive one-dimensional or multidimensional
variational analyses where the control variable for the neutral atmosphere, for instance, extends to traditional
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meteorological variables (i.e., pressure, temperature, and humidity). Because the meteorological variables are
directly and routinely observed, the background error in terms of those variables is competently assessed. The
resultant apposite specification of background error will then improve the use of GNSS signals. In addition,
avoiding the assumption of dry atmosphere, the extended variational analyses will be especially useful for
the moisture-abundant troposphere. Along these lines, the best way to take full advantage of the rich
information contained in RO data is through data assimilation methods. Currently, NWP centers assimilate the
RO data that are precombined with the CLC and rely on static and climatic estimates of the observation error.
The method proposed in this study (i.e., the VAR as well as the SNR-based observation error) can easily be
adopted for data assimilation systems to improve RO data usage.
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