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Abstract: We compare the random error statistics (uncertainties) of COSMIC (Constellation Observing
System for Meteorology, Ionosphere and Climate, C1) and COSMIC-2 (C2) radio occultation (RO)
bending angles and refractivities for the months of August 2006 and 2021 over the tropics and
subtropics using the three-cornered hat method. The uncertainty profiles are similar for the two RO
missions in the troposphere. However, a higher percentage of C2 profiles reach close to the surface in
the moisture-rich tropics, an advantage of the higher signal-to-noise ratio (SNR) in C2. C2 uses signals
from both GPS (Global Positioning System) and GLONASS Global Navigation System Satellites
(GNSS). The GPS occultations show smaller uncertainties in the stratosphere and lower mesosphere
(30–60 km) than the GLONASS occultations, a result of more accurate GPS clocks. Therefore, C2
(GPS) uncertainties are smaller than C1 uncertainties between 30–60 km while the C2 (GLONASS)
uncertainties are larger than those of C1. The uncertainty profiles vary with latitude at all levels.
We find that horizontal gradients in temperature and water vapor, and therefore refractivity, are the
major cause of uncertainties in the tropopause region and troposphere through the violation of the
assumption of spherical symmetry in the retrieval of bending angles and refractivity.
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1. Introduction
Since the launch of the GPS/Meteorology (GPS/MET) mission in 1995 [1], radio occultation (RO) using the Global Navigation Satellite System (GNSS) has become an important
satellite remote sensing technique to observe the atmosphere, including the ionosphere,
stratosphere, and troposphere. The Constellation Observing System for Meteorology, Ionosphere and Climate (COSMIC, also called FORMOSAT-3 in Taiwan), launched in 2006,
became the first RO mission to provide a sufficient number of global observations per day
(2500–3000) to make a significant positive impact on global numerical weather prediction
(NWP) [2–14]. Subsequent RO observations from MetOp, KOMPSAT-5, and others, and recently commercial missions, provide additional RO observations that have contributed to
operational NWP and research. RO observations have also made significant contributions
to climate science because of their stability, high vertical resolution, and relatively small
biases (e.g., [15–18]. Ho et al. [19] provide a review of COSMIC accomplishments and
discuss future RO challenges.
On 25 June 2019, COSMIC-2 (C2) was launched. Representing a significant step
forward in RO observations of the tropics and subtropics [20], C2 provides more than
5000 vertical profiles of bending angles and refractivities per day. Compared to COSMIC
(C1) and other RO missions, C2 has a higher signal-to-noise ratio (SNR), which results
in a larger percentage of profiles reaching close to the surface in the moist tropics [20,21].
Here, SNR is defined as the ratio of the signal to receiver thermal noise at the top of
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the atmosphere (60–80 km) [20]. It is measured in v/v and is determined by antenna
gain, the GNSS transmitter power, receiver noise, local multipath (signals scattered off
the spacecraft near the antenna), and observational geometry [22,23]. SNR is a factor,
but not the only one, in determining the total RO retrieval uncertainty (random error
statistics) in bending angle (BA) and refractivity (N), which are calculated farther down in
the processing chain [24,25].
To effectively use observations in research, calibration and validation of other observations, and operational NWP, it is important to know and understand their random and bias
error statistics. In NWP data assimilation, observations are inversely weighted by their
random error covariances [26,27]. Biases in observations are reduced by careful calibration
of instruments or bias corrections. However, estimating random errors (uncertainties) or
biases is difficult because the truth is never known and in fact depends on the spatial and
temporal scales (footprints) of the atmospheric volume being considered. Thus, errors are
often estimated by comparing observations or model data sets with another trusted data
set. RO errors have been estimated by comparison with radiosondes [28–33], other satellite
soundings [34–37], aircraft observations [38], and models [39–42].
Methods for estimating RO error statistics include the apparent error method using the
difference between observations and short-range model forecasts [28,43]. The Desroziers
method [26] uses observation-minus-background (O-B) and observation-minus-analysis (OA) statistics to estimate observation error statistics in operational forecast models. The threecornered hat (3CH) method uses three data sets (observations and/or models) together in
triplets to estimate the uncertainties of each data set simultaneously [39–41]. Although the
two methods may appear quite different, the Desroziers and the 3CH methods give identical
estimates of the observational error variance in models with an optimal data assimilation
system if the 3CH method uses the background and analysis data sets from the model
used to assimilate the observations as the two ancillary data sets in the 3CH triplets [44].
Semane et al. [42] found close agreement between the uncertainty estimates of C2 using the
Desroziers and 3CH methods with different ancillary data sets.
This study extends the previous studies comparing C2 with C1 of [20,21,45].
Schreiner et al. [20] compared C2 data in October 2019, shortly after launch, to radiosondes
(RS), short-term forecasts from the European Centre for Medium-Range Weather Forecasts
(ECMWF), the National Centers for Environmental Prediction (NCEP), and the MERRA-2
(NASA Modern-Era Retrospective Analysis for Research and Applications version 2) reanalysis using the 3CH method and found that the refractivity uncertainty statistics for C2
were similar to those from C1 obtained by [39]. In a more extensive study, [21] Ho et al.,
compared C2 BA, N, and temperature and water vapor (derived from a one-dimensional
variational procedure) to C1 and other RO missions as well as more than 3000 Vaisala RS41
RS that were co-located within 300 km and 2 h of the RO profiles. They found somewhat
closer agreement between the C2 and RS water vapor values, but in general they concluded
that “the COSMIC-2 data quality in terms of stability, precision, accuracy, and uncertainty
of the accuracy is very compatible with those from COSMIC-1.” However, in agreement
with [20], they found that the C2 profiles penetrated closer to the surface than C1 and other
RO missions, and that the penetration depth increased with increasing SNR.
Another difference between the C1 and C2 missions is that C2 uses GLONASS as
well as GPS. Larger GLONASS clock errors result in larger BA standard deviations (STD)
from climatology between 60 and 80 km [20] (As noted in [20], these errors can be reduced
by reducing the clock interpolation intervals from 30 s, which is currently used in the
near-real-time CDAAC processing, to 1 s). The effect of these larger clock errors on the
3CH uncertainty estimates in the 30–60 km altitude range are significant, as shown below
in Section 5.4. Comparisons of C2 with C1 in which the C2 sample contains both GPS
and GLONASS are thus biased in favor of C1 in the stratosphere and lower mesosphere.
Therefore, when comparing C2 and C1 in this paper, we use only C2 GPS occultations.
In this paper, we compare the random error statistics of C1 and C2 BA and N from
the surface to 60 km using the 3CH method for the month of August in 2006 and 2021.
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The C1 and C2 missions did not overlap in time sufficiently to produce enough collocated
observations for a comparison of a large identical sample [21], so we use the same month
in different years in which there are abundant C1 and C2 observations. This comparison
will provide insight into the differences in RO data produced by missions with different
SNRs and further elucidate the error characteristics of these two RO data sets.
2. Summary of Three-Cornered Hat Method and the Data Sets
2.1. Three-Cornered Hat Method of Estimating Error Statistics
The three-cornered hat (3CH) method estimates the error variances of three different
datasets X, Y, and Z that are collocated in space and time. The data sets may be different
observations or models, or a combination of observation and model data. The exact
equations for the random error variances (uncertainties) are [40]:
Varerr [ X ] = 21 { E[( X − Y )2 ] + E[( X − Z)2 ] − E[(Y − Z )2 ]}
2
− 21 b2XY + b2XZ − bYZ
+ E[ε X ε Y ] + E[ε X ε Z ] − E[ε Y ε Z ]

(1)

where ε denotes the random errors and b the mean biases between two data sets, e.g.,
bXY = E[X − Y]. The expressions for Y and Z are similar and are given in [40]. The error
variance estimates for each data set are computed from (1) by neglecting the unknown error
covariance terms, which occur as a result of correlations of errors among the three data sets.
The details and the possible sources of error correlations are presented in [40,41].
The collocation process is the most difficult part of the 3CH process and must be
done carefully to minimize errors introduced by the temporal and spatial (horizontal and
vertical) interpolations. To collocate the model data sets to the RO locations, the model
temperature and water vapor are interpolated in space and time to the RO locations taking
into account the tangent point drift of the occultation as in [41].
2.2. Data Sets
Estimating the uncertainties of C1 or C2 using the 3CH method requires two independent ancillary data sets. The accuracy of the 3CH method (as with any method comparing
two or more data sets) depends on zero or negligible correlations of random errors between
the different data sets. Thus, for the C1 and C2 uncertainty estimates, we choose ancillary
model data sets that do not assimilate these observations.
For both 2006 and 2021, we use the ECMWF fifth-generation reanalysis (ERA5) and
MERRA-2 reanalysis. Both reanalyses assimilate C1 data, but we use MERRA-2 six-hourold analyses and ERA5 short-term (6–18-h) forecasts that are initialized prior to the time of
the observations being studied, in order that they will not have assimilated the observations
in the sample, and hence their random errors and those of the observations being evaluated
should be nearly uncorrelated.
Although neither of the model data sets should have significant error correlations
with C1 or C2, they may have some error correlations with each other. These can occur
through similar vertical and horizontal footprints (representativeness) or, as discussed
in [41], because the reanalyses assimilate many of the same observations and have similar
physics. Thus, there may be some correlation of errors and resulting error covariances
between ERA5 and MERRA-2.
We have found through many 3CH experiments that the uncertainty estimates of one
data set in the 3CH triplets are not sensitive to small variations in the uncertainties of the
other two data sets in the triplet. Therefore, the use of short-term forecasts or somewhat
earlier analyses of these ancillary data sets, while producing slightly larger uncertainty
estimates of these data sets, does not significantly affect the estimates of the first data set
(C1 or C2).
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2.2.1. COSMIC and COSMIC-2 Radio Occultation Bending Angles and Refractivities
The C1 and C2 RO observations are processed by the COSMIC Data Analysis and
Archive Center (CDAAC) described in https://cdaac-www.cosmic.ucar.edu/cdaac/doc/
overview.html (accessed on 4 March 2022). The high-resolution atmPrf data are used for
both C1 and C2. The C1 data are the data reprocessed in 2021, and C2 data are the data
processed in near-real time. The 2021 version of C1 is processed using a number of changes
from the 2013 processing and is described in [46]. One change is in the lowest level of
the reported bending angle and other products: a less conservative approach is taken,
which increases the percentage of C1 profiles reaching the lowest levels compared to the
2013 version.
The latitudinal distribution of C1 and C2 is quite different, as shown in [21], with C1
in a polar orbit having a minimum at the Equator, and C2 in an equatorial orbit having
a maximum at the Equator. Because RO errors vary with latitude [41], these different
distributions will affect the comparison unless the samples are corrected to make the
distributions consistent. To do this, we adjust the number of C1 and C2 observations in
each 5◦ latitude band to make the percentages of C1 and C2 in each latitude band equal.
We do not compute the statistics poleward of 45◦ where the number of C2 observations
is small.
2.2.2. ERA5 (ECMWF Reanalysis Fifth Generation)
ERA5 is the fifth-generation ECMWF reanalysis [47] replacing ERA-Interim. It has a
horizontal resolution of 31 km and 137 levels, with a top at 0.01 hPa (approximately 80 km).
Because ERA5 assimilates C1 data, we use short-term forecasts initialized 6–18 h prior to
the time of the RO observation in the 3CH calculations.
2.2.3. MERRA-2 Reanalysis
MERRA-2 is currently NASA’s most recent reanalysis [48]. It has a horizontal resolution of 55 km and 72 vertical levels, with a top at 0.01 hPa. Because it assimilates C1 data,
we use a 6-h-old MERRA-2 analysis for the C1 and C2 uncertainty estimates to avoid error
correlations with C1.
3. Sources of Radio Occultation Errors
In this section, we summarize the main sources of errors in RO observations of
bending angles and refractivities based on previous studies, which provide more detail
(e.g., [22,23,25,28,49–54]. Table 1 summarizes the main sources of RO random and bias errors, as well as additional factors that affect the estimates of these errors when RO retrievals
are compared with other data sets.
Above 30 km, errors are highly variable from occultation to occultation and are dominated by receiver thermal noise, which is directly related to SNR and other measurement
errors and residual ionospheric errors (RIE), which are not affected by SNR. The RIE, which
depend on ionospheric disturbances and horizontal asymmetries in the ionosphere, vary
with latitude and solar and local diurnal cycles [22,23,54–57]. The use of climatological data
for optimization of the BA for calculation of refractivity is another source of uncertainty
above 30 km [58]. Because the magnitude of the true BA decreases exponentially with
altitude, while the errors remain relatively constant above 30 km, the relative errors (ratio
of errors to true value) increase and at some point (above 50 km) exceed 100% [28,51,59,60].
Kursinski et al. [22] indicate that the greatest RO accuracy and smallest uncertainties are expected between 5 and 30 km. The high accuracy and precision in this region
(the so-called RO “sweet spot”) has been confirmed by many studies using real RO
data [21,28,39,41].
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Table 1. Major sources of random errors (uncertainties) and bias errors in radio occultation observations and additional sources introduced by error estimates made by comparison with other
data sets.
Source

Predominant Altitudes

Comments

Orbit, receiver thermal noise, transmitter
and receiver clock errors

Upper levels, above 30 km

Decrease exponentially with
decreasing altitude.

Satellite multipath

Upper levels, above 30 km

Interference from signals scattered off
solar panels and other objects on the
satellite. Probably small.

Ionospheric residuals: remaining errors
after correction due to ionospheric
disturbances and scintillations

Upper levels, above 30 km. F2
scintillation can affect profiles at
all levels.

Dominant source of uncertainty above
30 km. Effect varies with solar and local
diurnal cycles and latitude. Primarily
random errors, although there are small
systematic higher-order residual errors
that can be important for climate
applications. Scintillations from
sporadic-E are the biggest challenge.

Upper boundary condition: initialization
of retrieval; optimal estimation of BA

Upper levels, above 30 km

Statistical optimization reduces
uncertainty but may introduce
bias errors.

L1 and L2 receiver tracking errors

Mainly in the troposphere, 0–10 km

Reduced using open-loop tracking.
Deeper useful signal can be obtained
with more power (antenna gain).

Transformation of reference frame to
local center of Earth’s curvature

Lower levels, below ~20 km

Correction for Earth’s oblateness.
Residual error after correction is mostly
random but with vertical correlations.

Horizontal variations in refractivity
(function of temperature and/or water
vapor) producing a lack of
spherical symmetry

UTLS and troposphere, especially the
lower troposphere

Representativeness error when RO
observations are interpreted as
in situ measurements.

Geometric or wave optics retrieval

All levels

Both assume spherical symmetry. Vertical
resolution of GO lower than WO, so the
vertical footprint varies. Vertical filtering
can reduce this.

Transition from geometric optics (GO) to
wave optics (WO)

Tropopause region, 10–20 km.

Transition methods vary. EUMETSAT has
no transition and uses WO at all levels.

Superrefraction (SR) or ducting
in atmosphere

Lower troposphere, especially at the
ABL top

Can calculate a BA profile in SR, but a
unique refractivity profile is
indeterminant from BA
(underdetermined problem). Creates
significant negative bias in N and BA.

Atmospheric multipath

Moist lower troposphere

Results in tracking errors. Multipath
disentanglement assumes
spherical symmetry.

Lower troposphere

With assumption of spherical symmetry,
direct and reflected rays can be separated
by wave optics multipath
disentanglement. Since reflected rays
have smaller BA than direct rays,
extraction of BA from a mixed spectrum
may result in additional negative BA bias.

Surface reflections
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Table 1. Cont.
Source

Predominant Altitudes

Comments
Differences introduced when data sets
other than RO observations are used to
compare with RO.

Other data sets (models and
observations other than RO)

Horizontal variability or gradients
in refractivity

UTLS and troposphere, especially the
lower troposphere

Creates horizontal representativeness
(footprint) differences and collocation
errors, as well as errors in the
forward model.

Vertical variability, especially inversions

UTLS and lower troposphere, especially
near the ABL top

Creates vertical representativeness
(footprint) differences and
collocation errors.

Temporal variability

All levels

Minor, through collocation errors.

UTLS and lower troposphere,
especially near the ABL top

Part of representativeness error.
Temperature, pressure, and water vapor
must be converted to RO bending angles
using forward models. Use of two- or
three-dimensional forward modelling can
reduce representativeness errors resulting
from a lack of spherical symmetry.

All levels

Example is a model analysis or forecast
that assimilates RO observations.
Accuracy of error estimates is decreased
with error correlations among the
comparative DS values.

All levels

Will change estimated error statistics;
more stringent QC produces smaller
estimated error statistics but reduces the
number of observations in a sample.

Forward modeling errors

Error correlations of data set
with RO observations

Quality control

In the upper troposphere–lower stratosphere (UTLS, 10–20 km mean sea level (MSL)
altitude), horizontal gradients in temperature and the transition from geometric optics to
wave optics in the retrievals, which varies with the processing center, create uncertainties.
In the troposphere, horizontal gradients in temperature and moisture and superrefraction
(ducting) cause errors, especially in the moist lower troposphere [51]. Strong vertical
gradients of temperature or water vapor, such as those that occur near the top of the
atmospheric boundary layer (ABL), can cause vertical refractivity gradients to exceed the
critical -157 N-units per km that indicates superrefraction.
Since early studies such as [61], many studies have shown that atmospheric inhomogeneities and spatial variability (horizontal gradients and vertical perturbations in
temperature and water vapor and therefore refractivity) are important in creating RO
uncertainties (e.g., [22,23,28,50–52,62–66]. In a spherically symmetric atmosphere, each ray
has a unique impact parameter that is constant along the ray [67]. Departures from spherical symmetry cause variations in the impact parameter along a ray and errors in the
retrieved bending angles in the early stages of the retrieval process. These departures
cause corresponding errors in refractivity, which is computed from bending angles using
the Abel transform under the assumption of spherical symmetry [62,64,68]. Healy [64],
in retrieval simulations using ray tracing and mesoscale model data, found that horizontal gradients caused significant errors in the impact parameter (~100 m), bending angle
(~3–10%), and refractivity (~1.0%) in the lower troposphere.
If RO observations are interpreted as profiles of in situ measurements along the tangent points (as we do in this paper), the errors due to a lack of spherical symmetry can be
attributed to the observations. In data assimilation, such errors can be reduced by using
observation operators that more accurately simulate how the observations are made, e.g.,
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by two- or three-dimensional forward modeling [3,62,69]. Therefore, using less sophisticated observation operators in data assimilation (e.g., the Abel transform), such errors
should be attributed to the observation operator [24,51]. Whether they are attributed to the
observations or to the observation operator [70] is a matter of definition that depends on
the context in which the data are used. In any case they can be considered to be errors of
representativeness, and when interpreting the RO observations as in situ measurements,
these errors of representativeness dominate in the troposphere and lower stratosphere.
When RO errors are estimated by comparing two or more data sets, representativeness
differences can be an important factor. In addition to the representativeness errors due to
lack of spherical symmetry and forward modeling, there are also representativeness differences due to different footprints of the RO and other data sets. These representativeness
differences occur because different observing systems represent averages of atmospheric
properties over different horizontal and vertical scales; they are not related to the fundamental or intrinsic errors of any data set. Representativeness differences are largest where
the atmospheric temporal and spatial variability, which is related to horizontal and vertical
gradients, is greatest. Large gradients are common in the ABL and UTLS, but can occur
anywhere in the troposphere with fronts or in the stratosphere with gravity waves.
Because of interest in how the uncertainties in RO may be reduced in future missions,
as well as interest in the effect of the signal-to-noise ratio (SNR) on RO quality, it is
important to discuss how the various sources of uncertainty in Table 1 are affected by SNR.
Higher SNR reduces the receiver thermal noise [52] and tracking errors, but has little or no
effect on the other sources of uncertainty, in particular the effect of ionospheric residuals,
horizontal gradients of temperature and moisture, and representativeness differences.
Thus, while higher SNR leads to deeper penetration into the lower moist troposphere,
higher SNR may not lead to smaller overall RO uncertainties. In fact, because higher SNR
produces more observations in the difficult-to-observe parts of the atmosphere—those often
containing large horizontal gradients—the statistics of high SNR RO data may indicate
higher uncertainties than those with low SNR.
4. Atmospheric Structure during August 2006 and 2021
In comparing two samples of RO observations, it is important that the atmospheric
conditions be similar. In this section, we compare the mean temperature and water vapor
structures during the months of August 2006 and 2021. We also show vertical profiles of
the STD of the bending angles and refractivities as well as the means and the STD of the
horizontal gradients of refractivity and bending angles for the August 2021 data because
these are related to their error statistics.
Figure 1a–d shows vertical cross sections of zonal mean temperature and specific
humidity for August 2006 and 2021 from 50◦ S to 50◦ N. Figure 1e,f shows the corresponding differences. The mean temperature cross section shows an asymmetric hemispheric
structure in the troposphere with warmer air in the Northern Hemisphere. The temperature
differences in the troposphere are less than 1.5 K, but are larger in the stratosphere and
mesosphere (up to 5 K colder in some places). The temperature difference structure is
likely related to the phase offset of the quasi-biennial oscillation (QBO, [71]. The QBO in
2006 was in the westerly phase throughout the 40–60 km range, while it was transitioning
to the easterly phase in 2021. The specific humidity cross section shows a strong latitudinal
variation, with a maximum between 10◦ N and 20◦ N. The differences in zonal mean
specific humidity between 2021 and 2006 are all less than 1.0 g/kg.
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Figure 1. Vertical cross sections of (a,c) mean zonal temperature from 0–60 km MSL and (b,d) mean
specific humidity from 0–10 km MSL for August 2006 and 2021. Differences are shown in (e) and (f)
(August 2021 minus August 2006). Computed from the full ERA5 data set.

Uncertainties in all data sets are related to atmospheric variability in space and time.
Where the atmosphere is highly variable, the uncertainties of models and observations are
greater than in quiet, undisturbed regions of the atmosphere. To illustrate this variability,
we show vertical profiles of the normalized ERA5 refractivity and bending angle standard
deviations for the August 2006 and 2021 samples in Figure 2. Three layers of high variability
are seen: ABL 0–3 km, UTLS 10–20 km, and above 40 km (likely due to gravity waves).
These profiles have a similar vertical structure to the estimates of RO uncertainty found in
previous studies and in this study, as shown in the next section, with maxima near the top
of the ABL, a minimum around 8 km, a small maximum in the tropopause region, and an
increase from 30–60 km.
The regions of high variability are also regions of large horizontal gradients of refractivity and the associated lack of spherical symmetry. As discussed in the previous section,
horizontal inhomogeneities cause significant uncertainties in the tropopause region and
the lower troposphere. We computed the mean and standard deviations of the horizontal
gradients of temperature, specific humidity, and refractivity by 10◦ latitude bands for
August 2021 from ERA5. The horizontal gradients are computed at each grid point in the
ERA5 data interpolated to constant MSL height surfaces according to

∇A = [(∆A/∆X)2 + (∆A/∆Y)2 ]

1/2

(2)

where A is temperature, specific humidity, or refractivity and ∆X and ∆Y are distances
corresponding to 2◦ latitude and longitude spacing.
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Figure 2. Standard deviations of ERA5 (a) normalized refractivity and (b) normalized bending angles.
Solid profiles are August 2006 and dashed profiles are August 2021. Based on ERA5 data used in the
3CH error estimates and equalized C1 and C2 latitude samples.

Figure 3 shows vertical profiles of the mean and STD of the horizontal gradients of
temperature, specific humidity, and normalized N for five latitude bands. The average
temperature gradients and their STD vary from approximately 0.5 to 2 K per 100 km
throughout the entire troposphere and stratosphere. The specific humidity gradients
and their standard deviations are a maximum of about 2 g/kg per 100 km in the lower
troposphere. These gradients determine the N gradients, which are at a maximum around
2 km, decrease upward to a minimum around 10 km, and then increase slowly upward.
The maximum N gradients of between about 6 and 13 N units/100 km are similar to
the values in [69]. The N profiles show secondary maxima in the UTLS (approximately
12–18 km). There is considerable variation of the N gradient with latitude in the troposphere
for this month, with largest gradients between 30–50◦ N and smallest gradients in the high
southern latitudes (30–50◦ S). As shown later, the vertical structure of the N gradient is
similar to that of the error estimates of the RO BA and N in the troposphere and lower
stratosphere, indicating that the errors due to the lack of spherical symmetry dominate the
causes of RO uncertainties throughout this region.
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Figure 3. Vertical profiles of the mean and standard deviations of the horizontal gradients of T in
K/100 km (top row, (a,b)); q in g/kg/100 km (second row, (c,d)); refractivity in N-units/100 km
(third row, (e,f)); and normalized N in %/100 km (bottom row, (g,h)). Gradients are computed from
ERA5 reanalysis on constant MSL height surfaces for August 2021 and are presented for five latitude
bands with 10◦ width.

5. Comparison of COSMIC and COSMIC-2
5.1. Penetration Depths of COSMIC and COSMIC-2
As discussed above, high SNR is important in determining the penetration depth of RO
soundings in the moist lower troposphere. Figure 4 compares the cumulative percentage
of C1 and C2 (both GLONASS and GPS) profiles reaching each level. Two versions of the
CDAAC processing for C1 are shown; the 2021 version (solid red) shows deeper penetration
than the 2013 version (dashed red profile). However, a substantially higher percentage of
the higher SNR C2 profiles reach all levels below 9 km compared to both of the lower SNR
C1 profiles, with 50% of all C2 profiles reaching within 200 m of the surface. These results
agree with [20] and confirm the importance of high SNR in occultations reaching close to
the surface.

Atmosphere 2022, 13, 790

11 of 20

Figure 4. Penetration depths (minimum heights above ground level) of C1 in August 2006 (red) and
C2 in August 2021 (black). The dashed red curve is C1 with 2013 processing, while the solid red curve
is C1 with 2021 processing.

5.2. Differences between C2 GPS and GLONASS Uncertainties
In this section we consider the effect of the larger GLONASS clock errors, which
contribute to the RO measurement errors, compared to those of GPS. Sokolovskiy et al. [45]
and Ho et al. [21] found little difference in the RO refractivity retrievals in the troposphere,
but the effect of clock errors was not significant in the troposphere. As noted above,
Schreiner et al. (2020) found larger bending angle standard deviations between 60–80 km
for GLONASS compared to GPS. However, they did not show how these differences affect
the uncertainties in the stratospheric RO profiles.
We found smaller uncertainties for C2 bending angles and refractivities from GPS
occultations compared to those from GLONASS above 30 km (Figure 5). The STD of
bending angle errors for C2 (GPS) is approximately half that of C2 (GLONASS) above
40 km. These differences could be important in the error models used in data assimilation.
The differences below 30 km are very small, in agreement with Sokolovskiy et al. [45] and
Ho et al. [21].

Figure 5. C2 uncertainties (3CH error STD) for August 2021 for all profiles (GPS and GLONASS, solid
line), GPS only (dashed line), and GLONASS only (dotted line). (a) bending angle, (b) refractivity.
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The different uncertainties for C2 (GPS) and C2 (GLONASS) above 30 km make a large
difference when comparing C2 with C1 (Figure 6). The bending angle uncertainties for
C2 (GPS) are lower than those of C1, while they are higher for C2 (GLONASS). The lower
uncertainties for C2 (GPS) than C1 are likely due to the better receiver clocks on C2, as well
as higher SNR. Both will reduce the measurement errors for C2 compared to C1. The higher
upper level BA uncertainties for C2 (GLONASS) compared to C1 indicate that the higher
GLONASS clock errors dominate the effect of the differences in receiver clock errors and
SNR effects between C2 and C1.

Figure 6. Differences of uncertainties (3CH error STD) of C2 (GPS, black) and C2 (GLONASS, red)
and C1; bending angle (a) and refractivity (b). Negative values indicate C2 uncertainties are smaller
than those of C1.

5.3. Uncertainty Estimates of COSMIC and COSMIC-2
Figure 7 shows vertical profiles of 3CH estimated error standard deviations of C1
data (all versions of C1 are the 2021 version in the rest of Section 5) and the two model
data sets ERA5 and MERRA-2. All data sets are normalized by the sample mean of ERA5.
The refractivity and bending angle errors show a similar vertical structure, with maxima
near the top of the ABL at about 3 km impact height, a minimum near 10 km, a small
local maximum in the tropopause region between 15–20 km, and a rapid increase from
30 to 60 km. The maxima near the ABL top and the tropopause region coincide with
the high level of atmospheric variability and large horizontal gradients in these regions
(Figures 2 and 3). The model estimated error profiles also show maxima at these two levels
for the same reasons. Above 30 km, the estimated errors of all the data sets increase,
but the RO relative errors increase much faster than the model errors, indicating that
ionospheric residual errors together with receiver thermal noise and clock errors play an
increasingly dominant role in determining the relative RO errors at higher levels in the
stratosphere. Above 50 km, the RO N and BA uncertainties become comparable to the N
and BA standard deviations (Figure 2), indicating little information in the RO observations
above this level [42,72]. It is noteworthy that in contrast to the RO BA uncertainties that
increase steadily above 40 km, the RO N uncertainties reach a maximum around 52 km
and then decrease above, a result of the increasing impact of high-level climatology in the
retrieval of N from the optimized BA [28].
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Figure 7. Vertical profiles of error STD (uncertainties) of the bending angle (a) and refractivity (b) for
C1 (atmPrf), ERA5, and MERRA-2 for August 2006.

Figure 8 shows the vertical profiles of the uncertainty estimates of BA and N of
C2 (GPS only), ERA5, and MERRA-2 for August 2021. The overall structures are quite
similar to those of C1 (Figure 7) in the troposphere and lower stratosphere. The largest
differences appear in the upper stratosphere–lower mesosphere (40–60 km), where the
C2 BA uncertainties are considerably smaller than those of C1 (also shown in Figure 9).
The undefined MERRA-2 estimated error STD between 52 and 56 km are a result of
negative error variances, which can occur under certain conditions [40,73]. In this case,
the negative error variance estimates likely occur because the MERRA-2 errors are small (N
error variances above 10 km are generally less than 1%2 ) and, as discussed in Section 2.2,
there are likely small error covariances between ERA5 and MERRA-2. The 3CH method
can also yield negative error variances when one of the data sets has much larger errors
than the other two, and in this case C2 errors are much larger than ERA5 and MERRA-2
above 50 km. However, the negative error variances are of little importance to the results
of this paper.
Figure 9 shows the difference between C2 (August 2021) and C1 (August 2006) in
estimated N and BA error STD. The C2 BA uncertainties are smaller than those of C1 at
all levels except about 4–8 km impact height where they are very slightly larger, but the
differences between the 4 km and 40 km impact heights are very small. Differences
are largest above 40 km, but the differences are smaller than the uncertainty estimates
themselves. Paradoxically, the C2 BA error estimates are smaller than those for C1, while the
C2 refractivity error estimates are larger in two layers: below 4 km impact height and above
50 km. (The same paradox occurs when the STD of the differences between C2 and C1 and
ERA5 and MERRA-2 bending angles are compared with those of refractivities (not shown).
The C2 BA STD differences are smaller than those of C1, but the N STD of differences
are larger). This paradox in the overall sample statistics in the upper levels is a result of
the differences in the higher latitudes (35◦ –45◦ S and 35◦ –45◦ N), as shown in Section 5.4,
There are several possible reasons for this paradox. First, it is important to note that
the N values that are used in these error estimates are computed from the statistically
optimized BA using the Abel transform (Equation (3) below), not the observed BA profiles
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used to compute the error estimates of the BA. The optimized BA are linearly weighted
combinations of the observed BA and climatological (The BA climatology is computed
from the NCAR climatological pressure and temperature profiles) BA between 35 and
60 km. At 35 km and below, the optimized BA are equal to the observed BA. Above 35 km,
the optimized BA are increasingly weighted by climatology and above 50 km are weighted
more than 50% to the climatological values. Therefore, the error characteristics of the
observed and optimized BA profiles may be significantly different, especially above 50 km,
because the optimized BA is blended with the climatology. In addition, the real atmospheric
states in August 2021 and 2006 are slightly different, and thus the effect of climatology on
the optimized BA and N profiles is different.

Figure 8. Vertical profiles of error STD (uncertainties) of bending angle (a) and refractivity (b) of C2
(GPS only), ERA5, and MERRA-2 for August 2021.

More generally, the shape and magnitudes of the BA and N error estimate profiles are
not the same. Refractivities are computed via the Abel integral transform, which integrates
over-optimized bending angles from impact parameter a to ∞ (Equation (3)). Thus, N error
is vertically accumulated BA errors assigned at the lower integral bound [58,68].
 Z ∞

1
α( x )
√
n( a) = exp
dx
(3)
π a
x 2 − a2
The reasons for the observed paradox near the surface are likely different because
in the lower troposphere, climatology plays an insignificant role in the optimized BA
used to compute N. Here, the paradox may be related to the different effects of horizontal
refractivity gradients and the resulting violation of the spherical symmetry assumption on
the retrievals of BA and N. In the RO retrievals, BA are computed first from the excess phase
observations, and then N is computed from the BA using the Abel transform (Equation (3)).
Both calculations assume spherical symmetry.
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The models do not show the paradox of larger N errors with smaller BA errors
(Figure 9). For the models, N is computed first from the model temperatures and water vapor pressure, and then the BA are computed from a forward model using the Abel integral.
α( a) = −2a

Z∞
a

d ln(n)/dx
√
dx
x 2 − a2

(4)

We do not fully understand these results; they reflect the complex assumptions,
different time periods, and computational factors described above and are likely not
physically meaningful.

Figure 9. Differences in 3CH error STD estimates of (a) bending angle and (b) refractivity for C2 (GPS
only) and C1 and the two reanalyses between August 2021 and August 2006.

5.4. Latitudinal Variations of C2 Uncertainty Estimates and Differences from C1
The uncertainty estimates of the bending angle and refractivity vary with latitude.
We show the BA uncertainty estimates by 10◦ latitude bands in Figure 10 for August 2021.
Above 40 km, the BA uncertainties are largest at latitudes 35–45◦ N and lowest at latitudes
25–45◦ S. The differences at these high levels are likely related to latitudinal variations
in ionospheric residual errors [23,28,54]. In the troposphere, the differences are likely
related to latitudinal variations in horizontal gradients of refractivities, and the smallest
uncertainties are in latitudes 35–45◦ S. Below 6 km impact height, the latitudinal variation
is more complex, probably reflecting differences in mean ABL height. While the shapes
of the profiles are similar at most latitudes, the estimates can vary at certain levels by a
factor of two or three, which may be impactful in the assimilation of bending angles in
NWP models.
Figure 11 shows the differences between C2 and C1 refractivities and bending angles
for five 10◦ latitude bands. Above 10 km, the C2 BA uncertainties are smaller than those
of C1 at all latitudes. C2 refractivity uncertainties are also lower than those of C1 at
low latitudes, but they are larger at high latitudes (the aforementioned paradox). In the
troposphere, the differences between C2 and C1 BA and N uncertainties vary with no
obvious latitude dependency, although the C2 uncertainties are noticeably larger than those
of C1 between 35–45◦ N.

Atmosphere 2022, 13, 790

16 of 20

Figure 10. 3CH estimates of bending angle error STD for C2 (GPS) for August 2021 by 10◦ latitude
bands. (a) 0–60 km. (b) enlargement of (a) to highlight 0–10 km.

Figure 11. Differences in 3CH error STD of C2 (GPS only) minus C1 for bending angle (a) and
refractivity (b).

6. Summary and Conclusions
We estimated the random error statistics (uncertainties) of bending angles and refractivities from two radio occultation (RO) missions, COSMIC (C1) and COSMIC-2 (C2),
using the three-cornered hat (3CH) method for two months, August 2006 and August
2021. C2 has a higher signal-to-noise ratio (SNR) on average than C1 and also smaller
receiver clock errors. C2 also retrieves both GPS and GLONASS GNSS occultations, which
have different transmitter clock errors. Thus, these results provide insight into the impact
of SNR and clock (receiver and transmitter) errors on the random error statistics of RO
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observations, which are important for optimal assimilation of RO observations in numerical
weather prediction models.
We reviewed the major sources of errors in RO bending angles and refractivities:
measurement errors, errors due to atmospheric effects, and representativeness errors. SNR
and clock errors affect the measurement errors at high altitudes, but have little effect on
uncertainties below 30 km. The most significant source of bending angle and refractivity
uncertainties above 30 km is ionospheric residuals. Below 30 km (especially in the lower
troposphere), the dominant source of uncertainty is horizontal gradients of refractivity
and the associated departures from spherical symmetry. Since the errors in bending
angle and refractivity caused by these atmospheric gradients are not affected by the SNR,
the uncertainties associated with the higher SNR C2 are similar to those of C1 in the
troposphere and lower stratosphere.
The larger GLONASS clock errors in these C2 data make a noticeable difference in the
bending angle and refractivity uncertainties in the 30–60 km altitude range (stratosphere
and lower mesosphere). Below 30 km, we find almost no difference in the uncertainties of
the C2 GPS and GLONASS occultations.
The uncertainty profiles are similar for the C1 and C2 missions between approximately 2 km and 35 km above mean sea level. Small differences in the error estimates
exist in the lowest two km, but these differences are small compared to the uncertainty
estimates themselves. C2 (GPS) uncertainties are considerably less than C1 uncertainties
from 35–60 km.
As found in previous studies, a higher percentage of C2 profiles reach close to the
surface in the moisture-rich tropics, an important advantage of the higher SNR in C2.
Approximately 50% of all C2 profiles reach within 200 m of the surface.
The uncertainties in both RO missions are maximum near the top of the atmospheric
boundary layer (ABL) and decrease downward toward the surface and upward to the
upper troposphere. A small relative maximum exists in the UTLS (between 10 and 20 km).
These maxima are closely related to maxima in atmospheric variability and horizontal
gradients of temperature and water vapor. Both the ABL and tropopause structures as well
as the estimated RO uncertainties vary with latitude from 45◦ S to 45◦ N. Above 20 km,
the relative uncertainties increase with height and approach the standard deviation of
variations in the RO observations above 50 km.
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