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Abstract: Global Navigation Satellite System (GNSS) radio occultation (RO) technology has been
widely used in Earth atmospheric detection and has a significant impact on numerical weather
prediction (NWP), climate detection, and other fields. Cosmic-2 LEO-1 (C2E1) is a well-known
RO data provider; however, its observations are confined to 45◦S and 45◦N. Recently, the Binhu
meteorological observation test satellite (BH) has provided global coverage of RO data, including
refractivity, specific humidity, and temperature data. In this study, RO data from BH and C2E1
are analyzed and compared from 8 February 2022 to 17 February 2022. Employing the European
Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis (ERA-5) data as a reference, both
BH and C2E1 RO data agree with the ERA data, with the refractivity, temperature, and specific
humidity profiles reflecting the real conditions of the natural atmosphere. In addition, BH data
are comparable to C2E1 data at low and middle latitudes (0–45◦), and BH data at middle and high
latitudes (45–90◦) are of better quality than those at low and middle latitudes (0–45◦). For example,
without considering the errors introduced by the interpolation of the ERA-5 data for comparative
analysis, the BH refractivity profiles show a mean absolute bias of 0.73 N at low and middle latitudes
and only 0.23 N at middle and high latitudes, and that for BH specific humidity profiles at middle
and high latitudes is 0.015 g/kg, which is only half of that at low and middle latitudes. The BH
temperature and specific humidity data show promising data accuracy. Therefore, BH RO data
may provide important supplementary data at higher latitudes and may improve future NWPs
through assimilation.

Keywords: GNSS; radio occultation; refractivity; specific humidity; temperature

1. Introduction

Global Navigation Satellite System (GNSS) radio occultation (RO) technology is a
nonconventional means to explore the Earth’s atmosphere that integrates satellite remote
sensing and navigation field detection methods. RO technology was originally used to
probe planetary atmospheres in the 1960s [1–4], but it was not applied to probe the Earth’s
atmosphere until 1995 when the Global Positioning System (GPS)/Meteorology (MET)
project was sponsored by the Center for Atmospheric Research, American University
(UCAR) [5–7]. Their experimental results demonstrated that RO detection can provide
temperature profiles with an accuracy of approximately 1 K. Thus, it has effectively pro-
moted the development of GPS RO technology in atmospheric research. Since then, several
GPS RO technology projects have been carried out worldwide, including the Challenging
Mini-Satellite Payload (ChAMP), launched in 2000 [8]; the Constellation Observing System
for Meteorology Ionosphere and Climate (COSMIC), launched in 2006 [9]; the FengYun-3C
meteorological satellite, launched in 2013 [10] and the Meteorological Operational Polar
Satellite series (MetOp-A, MetOp-B, and MetOp-C), launched in 2006, 2012, and 2018,
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respectively [11,12]. At present, the GNSS has been further improved with Russia’s Global
Navigation Satellite System (GLONASS), the EU’s Galileo satellite navigation system
(GALILEO), and China’s Beidou Navigation Satellite System (BDS), and the GNSS has
entered the substantive operation stage. Thus, a revolutionary increase in the quantity of
RO data has occurred.

RO probing theory has many advantages that conventional observation methods
do not possess, such as global coverage, high vertical resolution, all-weather real-time
observation, and long-term stability [13–15]. Some studies have confirmed that the RO
profile has comparable accuracy to radiosonde data [16–18]. Thus, RO data have been
widely used in numerical weather prediction (NWP). Many studies have shown that
assimilating RO data can significantly improve the overall quality of NWP [11,19–22].
Luntama [11] found that since December 2006, the European Centre for Medium-Range
Weather Forecasts (ECMWF) has begun to assimilate RO data, and the bias of ECMWF’s
forecast and analysis products has been significantly reduced, which indicates that RO data
play an important role in the NWP. Subsequently, the National Centers for Environmental
Prediction (NCEP) engaged in the operational study of RO data assimilation [23]. Liu
and Xue [24] found significantly improved model results after assimilating Cosmic RO
data. Bauer et al. [25] found that RO assimilation can significantly reduce the forecast
errors in the Southern Hemisphere, while the reduction in the Northern Hemisphere and
tropics was relatively small. This finding is related to the fact that the stations in the
Northern Hemisphere are denser, and the acquired atmospheric data are much greater than
those in the Southern Hemisphere. Therefore, RO data can fill the gap in observational
data in the Southern Hemisphere, form encrypted observations for other regions, and
improve the ability of the model background field to characterize the real atmosphere by
data assimilation.

RO data have been widely used in forecast research on typhoons, rainstorms, and
other high-impact weather phenomena. Many studies have shown that the assimilation
of RO data has a positive effect on tropical cyclone tracks [26–31]. Mueller et al. [32]
suggested that this is mainly attributed to the fact that RO detection can provide a large
amount of atmospheric observation data at sea. Yang et al. [33] showed that RO data
are conducive to the further study of tropical cyclone (TC) temperature and water vapor
structures. Liu et al. [34] clearly showed that RO is also very helpful for studying TC
genesis. Numerous studies have revealed that assimilated RO data can effectively improve
the simulation of precipitation processes by global or regional models, thus improving the
accuracy of precipitation forecasts [29,35,36]. In addition to contributing to the synoptic
scale systems described above, RO data are also widely used in the field of climate. For
example, Rao et al. [37] showed that RO data can be applied to the detection of the Indian
summer monsoon outbreak, and Scherllin-Pirscher et al. [38] found that RO data can realize
real-time monitoring of tropical temperature. In recent years, RO data have been applied to
improve atmospheric river monitoring and simulations [39,40].

As the first satellite of the Linyun constellation program, the Binhu (BH) meteorological
observation test satellite, which was independently developed by China, is equipped with a
receiver to receive GNSS signals (including BDS, GALILEO, and GPS), and it was launched
in October 2021. This satellite can effectively increase the global vertical profile data of
atmospheric temperature, humidity, pressure, and other parameters and provide real-
time data with high vertical resolution and high precision. Notably, some studies have
found that the current NWP models are not saturated with the amount of assimilated RO
data [25,41]. In other words, the higher the amount of assimilated occultation data is, the
greater the contribution to the improvement of the current NWP. Thus, BH RO data can
play an important role in improving the accuracy of NWP, and it is necessary to analyze
BH data carefully to accelerate its application and development after a long, continuous
period in which data are obtained.

The article is organized as follows. Section 2 provides a brief description of the
different RO data and methods used. Section 3 describes the temporal characteristics of
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different RO data. In Section 4, dry and wet atmospheric products of the BH and COSMIC-2
RO data are compared. Finally, Section 5 presents the conclusions of this study.

2. Data and Methods Descriptions
2.1. Data Description

The RO data used in this paper are the COSMIC-2 and BH RO Level-2 data products.
The COSMIC-2 Level-2 data products are provided by the COSMIC Data Analysis and
Archive Center (CDAAC), National Center for Atmospheric Research, the United States;
BH RO Level-2 data products are provided by the Aerospace New Sky Meteorological
Technology Co., Ltd., Wuxi, China. The Level-2 data products contain dry-atmosphere and
wet-atmosphere data. The former contains the bending angle, refractivity, dry-atmosphere
temperature, etc. The latter are obtained using the one-dimensional variational assimilation
method, including wet atmospheric temperature and specific humidity, based on the former
and the ERA Interim reanalysis data released by ECMWF. The 1-D assimilation variational
method formulation is as follows:

J(x) =
1
2
(x− xb)

T B−1(x− xb) +
1
2
(y− h(x))TO−1(y− h(x))

where J(x) is the cost function, x is an atmospheric variable, xb is the background field,
y is a vector of the observations, B and O are the covariance matrices of background and
observation error, respectively, and h(x) is the observation operator. The data period is
from 8 February 2022 to 17 February 2022. Since no model forecast contents are involved in
this article, no additional quality control processing is performed on the data, except for
the exclusion of profiles with refractivity values less than zero in the neutral atmosphere.
In addition, due to the low top height of the currently used model, the RO data used for
data assimilation are refractivity, so the main analysis work here focuses on the refractivity
in the dry-atmosphere data and atmospheric temperature and specific humidity in wet-
atmosphere data. Considering that the LY Constellation program is still in its early stages
and has only one satellite at present, we use only Cosmic-2 LEO-1 (C2E1) satellite data
for comparison.

The observation frequency of the sounding data is usually relatively low, with one
observation conducted per day or per several hours. For the sounding data over land, we
choose the ERA-5 reanalysis data as the observed “true value” for the comparative analysis
of BH and Cosmic-2 data to assess the performance of the BH RO data. The hourly ERA-5
reanalysis data are provided by ECMWF with a horizontal resolution of 0.25◦ × 0.25◦ and
37 levels in the vertical direction. The analysis time period for the ERA-5 reanalysis data is
also consistent with the RO data.

2.2. Methods Description

Considering that the RO occurs at a relatively random time and position due to its
detection mechanism, it is necessary to interpolate the gridded data to the observation
locations in order to compare the BH and C2E1 RO data with ERA-5 reanalysis data. First,
we conduct time matching for the ERA-5 reanalysis data and two kinds of RO data with a
time interval of ±0.5 h. Second, we conduct a linear interpolation of the ERA-5 reanalysis
data time matching to the position where the RO direction occurs, i.e., interpolation from
the grid point data to the irregularly distributed RO data in the horizontal direction, and
then, we perform the conversion process from geopotential height to geometric height for
the ERA-5 reanalysis data. The ERA-5 refractivity data can be calculated by the forward
observation operator constructed from the temperature, pressure, and water vapor pressure.
This observation operator is given following Smith [42]:

N = 77.6× P
T
+ 3.73× 105 × e

T2
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where N is the refractivity (units: N), P is the pressure (units: hPa), T is the temperature
(units: K), and e is the water vapor pressure (units: hPa). Finally, the above three data
are interpolated to a uniform grid with a 0.2 km vertical resolution by using the cubic-
spline algorithm. The drift of the tangential point is not taken into account during the RO
data processing.

In addition, the bias, absolute bias, relative bias, and standard deviation (STD) of each
variable are calculated as follows:

σ = XOBS − XERA, ε = |σ|, δ =
σ

XERA ·100%, STD =

√
1

n− 1

n

∑
i=1

σ2

where σ, ε, and δ are the bias, absolute bias, and relative bias, respectively; the superscripts
“OBS” and “.ERA” indicate RO and ERA-5 data, respectively.

3. Temporal Characteristics of the RO Data

The BH and C2E1 data show some obvious differences in the observed location and
minimum height of perigee points (Figures 1 and 2, respectively). Due to the large inclina-
tion of the BH satellite, the location of its observed RO data shows a global distribution and
effectively improves the observation density at sea. Note that the minimum height of the
BH profiles is higher than that of the C2E1 profiles, and it does not always show consistent
characteristics as that in the C2E1 data (Figures 1 and 2). The reason for this is that the
open-loop technique is only applied to GPS signal tracking until February 2022, which has
been realized for BDS, GALILEO, and GPS signals recently. In contrast, since Cosmic-2
was initially established to monitor weather-scale systems in the tropics, especially trop-
ical cyclones, they have a lower inclination, and the observation range is restricted to
45◦S–45◦N. Additionally, the formation of encrypted observations in the tropics through
the constellation of six satellites shows increased received signal strength, enabling the
observation of lower altitude atmospheric conditions. Therefore, the minimum height of
the profiles observed by C2E1 behaves more consistently, mostly below 1 km. There is a
small part of the data that has a minimum height above 4 km, but these data are mostly
located near mountainous regions, such as the Tibetan Plateau (Figure 2b), so the minimum
height of the observed profiles can be influenced by the elevation of the terrain. In addition
to the differences in the spatial characteristics of BH and C2E1 RO data, there are also some
differences in the number of observations. As shown in Figure 3a, the average number of
daily observations of BH (C2E1) RO data is approximately 900 (1023), with a maximum of
963 (1077) and a minimum of 779 (981). Overall, the daily quantity of BH profiles is lower
than that of C2E1 and the average number of Cosmic2 data (C2E1-C2E6) during the period
from 8 February 2022 to 17 February 2022. The reason for the low number of BH data is
that during this period, the BH satellite received only Beidou and GPS signals, but now it
can receive Galileo signals, and approximately 1200 profiles can be obtained daily.

Until now, there was not a large difference in the number of profiles, but there have
been some different characteristics in the minimum height of the perigee points of the
profiles in each latitudinal region. In the BH data, the number of profiles with different
minimum heights obviously varies at different latitudes (Figure 3b). For example, the
absolute number of profiles with a minimum height greater than 6 km decreases with
increasing latitude, the number of RO profiles with a minimum height of 2–4 km increases
with increasing latitude, and those with a minimum height below 1 km are most abundant
at latitudes of 15–75◦. The characteristics of the minimum height of the C2E1 profiles are
consistent in all latitudes, and the proportion of the data at each height does not change
significantly, showing that the number of C2E1 data below 1 km is the highest, followed by
1–2 km and 2–4 km, while the proportion of data above 4 km is small (Figure 3c). Notably,
compared to that of the COSMIC data, the COSMIC-2 data optimization is related to a high
antenna gain [43] and signal-to-noise ratio (40 dB to 68 dB) [44], also higher than those
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in the BH (antenna gain greater than 5 dBI and maximum signal-to-noise ratio of 40 dB
to 48 dB).
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4. Comparative Analysis
4.1. Refractivity Profile

The average refractivity profiles for different data (BH, C2E1, and ERA-5 data) have
a consistent characteristic (Figure 4), which decreases and approaches 0 with increasing
height, but they still have some differences in the range of values at different heights. At
lower levels (0–10 km), the values of BH refractivity data lay within the range of ERA
refractivity data; in contrast, the maximum and minimum values of C2E1 refractivity data
are both smaller than those of the ERA-5. At higher levels (above 10 km), the maximum
values of both BH and C2E1 refractivity data are greater than those of ERA-5 data, especially
the latter (Figure 4a,b). Thus, it is necessary to analyze the differences between the BH
(C2E1) data and the ERA-5 data in detail. From the perspective of the bias and STD of the
data (Figure 5a–d), the mean refractivity profile of the BH and C2E1 data shows a negative
bias below 2 km in the latitude range of 0–45◦, 0–15◦, 15–30◦, and 30–45◦, and the STD of
the BH data is smaller than that of the C2E1 data. For these data, the bias is within −7 N
and −12 N, respectively. These results indicate that the bias between the observations and
reanalyzed data mainly originates from lower levels and lower latitudes. Within 2–20 km,
the BH data have a positive bias with large STD, and the average value decreases obviously
with increasing latitude. The maximum average bias is from 5.6 N to 1.2 N; at heights
above 20 km, the BH data are close to 0. For C2E1 data, the bias is close to 0 from 2 km, and
the STD is smaller than that of BH data below 10 km. In addition, the (absolute) bias and
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STD of BH data outside the latitude of 45◦ are obviously smaller than that at latitudes of
0–45◦, especially below 10 km (Figure 5d and Table 1).

Table 1. The average absolute bias and STD for BH and C2E1 RO data at latitudes of 0–45◦ and
45–90◦. The numbers in parentheses indicate STD values.

Data Latitude Refractivity (N) Temperature (K) Specific Humidity (g/kg)

BH
0–45◦ 0.73 (1.43) 0.33 (1.52) 0.030 (0.15)
45–90◦ 0.23 (0.72) 0.41 (1.40) 0.015 (0.04)

C2E1 0–45◦ 0.43 (1.12) 0.37 (1.10) 0.027 (0.13)
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Figure 5. Vertical profiles of the average refractivity bias and STD (top; units: N) and (f–j) relative
bias (bottom; units: %) for the BH and C2E1 data at different latitudes. (a–e) The average refractivity
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the relative bias. The red and blue dashed lines indicate STD values of BH and C2E1, respectively.

The relative bias is used to further analyze the bias characteristics of the two types
of RO data. As shown in Figure 5a, although the average relative bias for the refractivity
profiles of BH and C2E1 data in the latitude range of 0–45◦ has a similar vertical structure,
the magnitude of the refractivity bias exhibits some discrepancies. Specifically, in the
latitude range of 0–15◦, 15–30◦, and 30–45◦, the average relative bias for BH (C2E1) data in
absolute terms is 1.57%, 1.72%, and 1.57% (0.94%, 0.88%, and 0.68%) below 20 km; 4.36%,
3.18%, and 3.87% (2.89%, 2.96%, and 1.61%) at 20–30 km; and 3.76%, 3.99%, and 3.31%
(7.16%, 9.21%, and 4.39%) above 30 km, respectively. Thus, the refractivity bias of BH data is
slightly larger than that of C2E1 data at lower altitudes, but that of BH data at high altitudes
is much smaller in the different latitude ranges of 0–45◦. Notably, the obvious fluctuation in
the relative bias is related not only to the observation error of the RO detection itself and the
error caused by data interpolation but also to the very small value of the refractivity caused
by the thin air at a high level. Therefore, only a small amount of change in the refractivity
at the top level can cause its relative bias to be magnified. Overall, the accuracies of the
two types of RO refractivity data are comparable. In contrast with itself inside latitudes
of 0–45◦, the BH data outside latitudes of 0–45◦ have relative biases of 0.49%, 4.13%, and
5.27% at the corresponding latitudes, and the relative bias for BH outside latitudes of 45◦ is
similar to that for C2E1 data inside latitudes of 0–45◦.

Furthermore, the probability density function (PDF) of the relative bias between the
refractivity of BH (C2E1) data shows that at 0–5 km (Figure 6a,b), most of the relative biases
are kept within 5%. For BH data, the PDF with a relative bias greater than 5% is larger than
C2E1, but this situation improves significantly with increasing latitude. As seen at 5–20 km
(Figure 6b,c), there is a significant improvement in the data quality for both the BH and
C2E1 data, and their PDFs are nearly symmetric and roughly fit the normal distribution.
Even without quality control processing, the relative bias of most data at this height can be
controlled within 2%. However, their PDFs shifted to the right at heights of 20–35 km and
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above 35 km (Figure 7c,d,g,h), indicating that a more positive relative deviation appeared
at high levels. The PDFs gradually flatten as the height increases, meaning that the number
of large negative relative biases also increases gradually. This is also directly reflected
in Figure 5f–j. In contrast, the BH refractivity data at middle and high latitudes are of
better quality because their PDFs are nearly symmetric in the different ranges of altitudes,
indicating that the overall data quality is closer to unbiased (Figure 5a–d).
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Figure 6. The probability density function (PDF) of the relative bias for BH and C2E1 at different
heights. Refractivity data at different heights. (a–d) PDF for BH refractivity data at 0–5 km, 5–20 km,
20–35 km, and 35–50 km, respectively; (e–h) same as (a–d) but for C2E1 refractivity data. The red,
orange, green, and blue lines indicate the mean relative bias of the refractivity in the latitude ranges
of 0–15◦, 15–30◦, 30–45◦, and 45–90◦, respectively.
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Figure 7. Vertical profiles of the average specific humidity (top; units: g/kg) and temperature (bottom;
units: 10 K) for the BH, C2E1, and ERA-5 data at different latitudes. (a,c) BH and ERA-5 specific
humidity data; (b,d) C2E1 (red) and ERA-5 specific humidity data; (e,g) BH and ERA-5 temperature
data; (f,h) C2E1 (red) and ERA-5 temperature data.

In general, both BH and C2E1 data have good quality during the period of 8 February
2022 to 17 February 2022. The average (relative) biases of BH and C2E1 data in absolute
terms are approximately 0.74 N (4.6%) and 0.80 N (4.7%), respectively. The STD values
of BH and C2E1 data are 4.47 N and 2.12 N, respectively. That means that the average
biases of BH data and C2E1 data are comparable, and the C2E1 data have a relatively
smaller STD. Notably, the Cosmic-2 data are assimilated into the ERA-5 data, and they
have some correlation with the ERA-5 data. Even so, the above statistics indicate that BH
refractivity data in low- and middle-latitude regions (0–45◦) perform comparably to C2E1,
and BH data at middle and high latitudes (45–90◦) are of better quality than those at low
and middle latitudes.

4.2. Specific Humidity and Temperature Profile

This section mainly compares the specific humidity and temperature profiles of BH
and C2E1 wet-atmosphere data, aiming to understand and analyze the characteristics of BH
wet-atmosphere data. As shown in Figure 7a–d, the average profiles of specific humidity
for BH and C2E1 data at different latitudes are very close to the mean value obtained from
the ERA-5 data. Both data show that the abundant water vapor in the tropical troposphere
(Figure 7c,d) and BH can exhibit relatively dry characteristics at middle and high latitudes,
and the maximum of the average specific humidity is less than 4 g/kg (Figure 7c). Com-
pared with the ERA data, the specific humidity of BH (C2E1) is smaller (larger) near the
ground in Figure 7a,b. The temperature results in Figure 7e–h are similar to those in Figure 1
of Scherllin-Pirscher et al. [37], and the average profiles within the observation range and at
different latitudes are consistent with the temperature profile values of the ERA data, while
the characteristics of temperature decreased with increasing altitude in the troposphere
and increased with increasing altitude in the stratosphere, reflecting the general pattern of
temperature profile changes in the atmosphere. These results indicate that the BH data can
accurately reflect the vertical distribution of water vapor and temperature in the natural
atmosphere and have the ability to monitor atmospheric changes in real time.
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In terms of the bias and STD of BH-specific humidity profiles (Figure 8a–d), the
bias is relatively small below 2 km, within −0.72 g/kg, and the bias value decreases
with increasing latitude. However, at 2–12 km, the relative bias of BH-specific humidity
gradually increases with height, with a maximum average bias of approximately 0.17 g/kg.
The average bias of the C2E1 specific humidity is similar to that of the BH data (Figure 8a–d),
but the bias below 2 km is much larger, in which the main bias originates from the profile
within 15◦, and the maximum bias value can reach -1.0 g/kg. Although the bias is large at
the bottom, it gradually approaches 0 g/kg above 2 km, and the maximum deviation does
not exceed 0.16 g/kg. Both BH and C2E1 data have large STD below 10 km, where water
vapor is plentiful, with the mean value of 0.50 g/kg and 0.44 g/kg. As shown in Figure 8e,
the average bias of the BH-specific humidity profiles outside the latitude of 45◦ is within
0.015 g/kg, and the maximum value below 2 km is 0.08 g/kg, which is much smaller than
that at other latitudes. In addition, the STD of the BH-specific humidity profiles outside the
latitude of 45◦at lower levels is also much smaller than in other latitudes, which indicates
that the variation in the bias of the data is more stable. For all latitudes (Figure 8b–e), the
biases of both specific humidity data above 12 km are close to 0, which is related to the
scarcity of water vapor.
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Figure 8. Vertical profiles of the average specific humidity bias, temperature and STD for the BH and
C2E1 data at different latitudes. (a–e) The average specific humidity bias and STD (top; units: g/kg)
in the range of 0–45◦, 0–15◦, 15–30◦, 30–45◦, and 45–90◦, respectively; (f–j) same as (a–e) but for the
temperature (bottom, units: K). The red and blue solid (dashed) lines indicate bias (STD) values of
BH and C2E1 data, respectively.

From the bias and STD of the temperature profiles, it is interesting to note that the
bias characteristics of the BH and C2E1 data are almost opposite (Figure 8f,g). The BH
(C2E1) data have a mean negative (positive) bias of −0.53 k (0.29 K) at different latitudes
below 15 km and decrease with height. In this altitude region, the STD of C2E1 (0.73 K) is
much smaller than that of BH (1.52 K). In the range of 15–30 km, the BH (C2E1) data have a
positive (negative) bias, with a mean value of 0.11 K (−0.38 k), and the STD values of BH
and C2E1 data are comparable, with a mean value of 1.52 K and 1.46 K. Therefore, in this



Remote Sens. 2022, 14, 4958 12 of 14

height range, the BH data perform better. The average bias and STD of the BH temperature
profiles outside the latitude of 45◦ are shown in Figure 8j. Although the bias below 15 km
is similar to that at other latitudes, which is -0.48 K, the bias at 15–30 km is greater than
that at other latitudes, which is 0.33 K, and the STD is larger than that of other latitudes.

Overall, the average absolute bias of the BH (C2E1) specific humidity data is 0.030 g/kg
(0.027 g/kg), and that of the BH (C2E1) temperature data is 0.33 K (0.37 K). Thus, BH data
can provide specific humidity and temperature profiles with comparable accuracy to the
C2E1 data. The average absolute bias of the BH-specific humidity data over a latitude
of 45◦ is 0.015 g/kg, which is less than that within a latitude of 45◦, and for the BH tem-
perature data, the average absolute bias is 0.41 K, which is comparable to that within the
latitude of 45◦ (Table 1). Considering that the BH and C2E1 Ro wet-atmosphere data are
obtained based on the retrieval products of ERA-5 and NCEP reanalysis data, respectively,
the reasons for the differences in their bias characteristics need to be analyzed in depth in
the future.

5. Conclusions

During the period of 08–17 February 2022, RO data acquired by the BH satellite showed
global distribution characteristics. The BH satellite has observed more than 900 profiles
every day before opening the channel to receive Galileo signals. Most of the minimum
height at the BH data perigee is above 2 km, but due to the enhanced receiving antenna,
most profiles of the C2E1 data can acquire atmospheric states below 1 km.

For dry-atmosphere refractivity data in low- and middle-latitude regions (0–45◦),
compared with the ERA-5 data, the overall detection accuracy of the BH data and C2E1
data is quite close, with average relative biases in absolute terms of approximately 2.3%
and 2.5%, respectively. The former has better data quality at higher levels, while the latter
has better data quality at lower levels. Notably, the BH data at middle and high latitudes
(45–90◦) are of better quality than those at low and middle latitudes.

For wet-atmosphere temperature and specific humidity data, the mean profiles of
temperature and humidity are consistent with the ERA-5 data. This finding shows that
the two data products can accurately reflect the real conditions of the temperature and
humidity of the atmosphere. Further analysis reveals that in the low troposphere, the
average bias of the BH (C2E1) specific humidity profiles is smaller (larger). However, as
the height increases, there is an increase in the bias of the BH-specific humidity, with a
maximum average bias reaching 0.1 g/kg, while the bias of C2E1 is close to 0. This finding
indicates that the accuracy of the BH-specific humidity data needs further improvement.
For the temperature profiles, the two kinds of data have nearly opposite bias characteristics.
Below 15 km, the bias of the BH temperature is negative (−0.53 K), and that of the C2E1
data is positive (0.29 K); at 15–30 km, the bias of BH is positive (0.11 K), and that of the
C2E1 data is negative (−0.38 K).

As a result, the BH data provide accuracies comparable to that of C2E1 at latitudes of
0–45◦, including the refractivity, temperature, and specific humidity profiles. In addition,
the overall performance of the refractivity and specific humidity data at latitudes of 45–90◦

is better than that at latitudes of 0–45◦. The accuracy of the BH temperature data below
15 at latitudes of 45–90◦ is similar to that at latitudes of 0–45◦. Therefore, BH provides
important supplementary data at higher latitudes and forms an effective complementary
relationship with C2E1 data.

Notably, the vertical resolution of the ERA-5 data is much lower than that of the RO
data, so the interpolation method would inevitably cause a difference. In addition, the
current data are not long enough to conduct a climatological analysis of RO data. Based on
future observation and statistical analysis, our work will keep improving the quality of the
BH data.
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