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Abstract.  

Atmospheric Rivers (AR) are comparatively narrow regions in the atmosphere that are responsible for most of the horizontal 

transport of water vapor in the extra tropics, which are responsible for many extreme precipitation events and floodings at mid-10 

latitudes, including Europe and the US. The critical role of ARs in global moisture transport and precipitation dynamics 

necessitates accurate water vapor measurements for both understanding and forecasting these phenomena. While the integrated 

water vapor content (IWV) of ARs can be well measured with microwave and infrared sounders, the vertical structure is less 

well known. In this study, we analysed if specific humidity profiles and IWV values from Global Navigation Satellite System 

Radio Occultation (GNSS-RO) measurements provide additional information for the study of ARs, in particular regarding 15 

their vertical structure. The retrieval of water vapor from GNSS-RO data requires background information, which is usually 

incorporated by the one-dimensional variational method (1D-Var) that combine observations and background in an optimal 

manner. We compared data from the COSMIC Data Analysis and Archive Centre (CDAAC), operated by the University 

Corporation for Atmospheric Research (UCAR) in Boulder, Colorado with data from the Wegener Center for Climate and 

Global Change (WEGC) at the University of Graz, Austria. We found that retrievals from both centres agree very well in the 20 

altitude range, where the 1D-Var weights the observations strongly, even if the employed background profiles are very 

different. This demonstrates that GNSS-RO data provide indeed additional vertically-resolved information, which was not 

already contained in the background or in operational analyses. IWV values from CDAAC and WEGC agree generally very 

well, however, both tend to underestimate the values obtained by Special Sensor Microwave Imager/Sounder (SSMI/S) data, 

since GNSS-RO profiles not always reach the lowermost part of the atmosphere, leading to a systematic bias in the IWV data, 25 

which decreases with better penetration characteristics of the GNSS-RO data. The results suggest that is promising to combine 

the GNSS-RO data – with very high vertical resolution with SSMI/S data – with high horizontal resolution to get a more 

compete view of the 3D structure of ARs.  
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1 Introduction  

The monitoring of global atmospheric water vapor is crucial for accurate weather prediction and understanding the dynamics 30 

of water vapor transport (WVT). Latent heat, released during condensation and absorbed when liquid water evaporates, is a 

primary driver of atmospheric processes. This underscores the essential role of water vapor in thermal energy transmission and 

the atmospheric hydrologic cycle (e.g., Businger et al., 1996; Emardson et al., 1998). Integrated water vapor (IWV), often 

expressed as precipitable water (PW), is crucial for environmental models. 

Zhu and Newell (1998) proposed that the majority of water vapor transport across midlatitudes takes place through elongated 35 

features in the lower troposphere, known as atmospheric rivers (ARs). Generally, ARs are characterized by widths of 

approximately 1000 km, sometimes appearing narrower in specific scenarios. Their lengths usually extend to about 2000 km 

but can be longer under certain atmospheric conditions. Ralph et al. (2004) further refined the understanding of ARs, defining 

them as narrow corridors of water vapor that exceed 2000 km in length, are no wider than 1000 km, and have a PW of ≥ 20 mm 

(corresponding to IWV ≥ 20 kg/m2). This precise definition was later employed by Neiman et al. (2008b). Despite covering 40 

only about 10% of the Earth’s circumference at specific latitudes, ARs are responsible for more than 90% of the meridional 

transport of sensible and latent heat from the (sub)tropics to mid-latitudes (Zhu and Newell, 1998; Ralph et al., 2004) 

ARs have been associated with extreme weather events, including flooding and heavy precipitation across various regions, 

causing significant damage (e.g., Ralph et al., 2003, 2006; Stohl et al., 2008). Given the challenge of analysing and predicting 

ARs due to the scarcity of traditional meteorological observations over oceans, the optimal utilization of satellite data has been 45 

shown to enhance the accuracy of numerical weather prediction models (e.g., Ralph et al., 2004, 2006; Neiman et al., 2008b). 

Since the 1990s, the number of observation techniques for measuring IWV has increased, with modern techniques providing 

high temporal resolution. Global Navigation Satellite System (GNSS) radio occultation (RO), radiosonde, and microwave 

radiometer measurements of IWV have shown reasonable agreement (Bouma and Stoew, 2001; Güldner, 2001; Dai et al., 

2002). PW derived from the Special Sensor Microwave Imager (SSM/I) is key for monitoring ARs over oceans (Ralph et al., 50 

2004; Neiman et al., 2008b). The Special Sensor Microwave Imager/Sounder (SSMI/S) employed by the Defence 

Meteorological Satellite Program (DMSP) provides global coverage over the oceans for PW, with uniform sampling and mean 

errors under 0.5 mm (Xue et al., 2019). However, SSMI/S data are influenced by heavy rain and complicated by the large and 

highly variable emission from land, limiting its application to oceanic areas (Elsaesser and Kummerow, 2008; Schluessel and 

Emery, 1990; Wentz and Spencer, 1998). The potential of GNSS-RO data for atmospheric moisture profiling builds on 55 

foundational work demonstrating the use of GPS techniques for retrieving water vapor. Bevis et al. (1992) pioneered the 

application of GPS for atmospheric studies, highlighting its capability to retrieve water vapor with high accuracy. This work 

laid the groundwork for subsequent developments in GNSS-RO, which has since evolved to provide vertically resolved profiles 

of atmospheric variables, making it an invaluable tool for understanding moisture distributions in phenomena such as ARs. 

Significant progress has been made in the field of numerical weather prediction (NWP) over recent decades (Bauer et al., 2016; 60 

Alley et al., 2019). However, accurately predicting AR intensities and trajectories continues to pose significant challenges. For 
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instance, the ensemble prediction system of the European Centre for Medium-Range Weather Forecasts (ECMWF) shows that, 

on average, only 75% of its ensemble members can forecast the AR landfall location within a 250 km radius with a two-day 

lead time, which decreases to below 25% for forecasts extending to five days (DeFlorio et al., 2018). A crucial aspect of 

enhancing AR forecasts involves refining atmospheric state analyses. These analyses are pivotal as they provide the initial 65 

conditions for NWP models. Given the atmospheric system's inherent deterministic chaos, any initial inaccuracies can amplify 

over time (Lorenz, 1969). This is especially true for global ocean regions, where direct observations are limited (e.g., Ota et 

al., 2018). The role of accurately observing atmospheric moisture becomes even more critical over these areas, as studies using 

adjoint models have demonstrated that the precision of short-term precipitation forecasts for ARs making landfall is highly 

dependent on the initial moisture estimates within and surrounding the ARs (Doyle et al., 2014; Stone et al., 2020; Demirdjian 70 

et al., 2020; Reynolds et al., 2019). 

The GNSS-RO limb-sounding technique relies on GNSS radio signals that are refracted and delayed by the atmospheric 

refractivity field during their propagation to a receiver on a Low Earth Orbit (LEO) satellite. With the satellites' relative 

movements, the atmosphere is scanned vertically, providing excellent vertical resolution. Observations obtained from this 

technique are available in nearly all-weather conditions, as signals in the L-band microwave range are unaffected by clouds, 75 

facilitating a seamless observation record without the need for intercalibration or temporal overlap between different missions 

(Foelsche et al., 2011a; Angerer et al., 2017).  

The vertical resolution of GNSS RO ranges from approximately 100 m in the lower troposphere to about 1 km in the 

stratosphere (Kursinski et al., 1997; Gorbunov et al., 2004), with variations identified by Zeng et al. (2019) based on the 

specific atmospheric layers and latitudes under observation. GNSS-RO thus captures high-vertical-resolution profiles of 80 

atmospheric bending angle and refractivity, which correlate directly to air density under dry atmospheric conditions.  

For moist conditions in the troposphere, the retrieval requires a priori information. GNSS-RO data have therefore been 

primarily used for accurate monitoring of atmospheric temperature in the upper troposphere and lower stratosphere (e.g., 

Steiner et al., 2001; Foelsche et al., 2008a) 

However, the potential for observing water vapor in the (lower) troposphere is increasingly recognized (e.g., Kursinski et al., 85 

1995; Bouma and Stoew, 2001; Rieckh et al., 2017) and GNSS-RO humidity data have even proven to be valuable under 

particularly dry conditions (Rieckh et al., 2018) and in the stratosphere – in the special situation after the Hunga Tonga eruption 

(Randel et al., 2023). GNSS-RO data have already been successfully used to observe ARs (e.g., Neiman at el., 2008a: Murphy 

and Haase, 2022).  

High vertical resolution moisture retrievals have been shown to significantly enhance the forecasting of ARs by improving the 90 

representation of moisture profiles in NWP models. For instance, Ma et al. (2011) demonstrated that assimilating GNSS-RO 

data into weather models substantially improves AR landfall predictions. Similarly, Neiman et al. (2008a) and Xie et al. (2008) 

highlighted the value of GNSS-RO profiles in capturing vertical moisture structures critical for AR forecasting. These findings 

are further supported by Cucurull and Derber (2008) and Healy and Thepaut (2006), who reported improvements in moisture 

and temperature analyses through the inclusion of GNSS-RO data. These advancements underscore the potential of GNSS-95 
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RO observations to complement traditional horizontal measurements and address gaps in AR moisture structure analyses, 

particularly in regions with sparse observational data. 

Both GNSS-RO and SSMI/S observations offer valuable insights, particularly over the ocean, and complement each other in 

various ways. The SSMI/S data can observe the IWV content, offering consistent horizontal information regarding the overall 

moisture content. However, they do not provide any details about the vertical distribution of moisture within the atmosphere. 100 

On the other hand, GNSS-RO measurements offer the ability to retrieve vertical profiles of atmospheric variables, such as 

moisture, with a high vertical resolution of approximately 200 m in the troposphere. 

Despite their effectiveness in vertical profiling, GNSS-RO data have a limitation in their horizontal resolution. This limitation 

means that GNSS-RO data may not accurately capture small-scale horizontal variations in atmospheric moisture. Therefore, 

in applications where understanding both vertical and horizontal moisture distributions is essential, it might be beneficial to 105 

use GNSS-RO and SSMI/S data in tandem.  

GNSS-RO data provide high vertical resolution for moisture profiling, offering unique insights into the moisture structure of 

ARs. This is particularly important for complementing mesoscale models like the Weather Research and Forecasting model 

(WRF), which are widely used to simulate ARs, including their interactions with topography and precipitation processes. 

While mesoscale models provide detailed horizontal resolution, GNSS-RO adds vertically resolved information that is often 110 

missing in observational data or passive satellite sensors. This complementary role can enhance the representation of AR 

moisture distributions, especially in regions where models struggle with resolution or observational gaps. 

In particular, GNSS-RO data are valuable for capturing sharp gradients in IWV at the edges of ARs, which are critical for 

understanding the transition between moist and dry regions. These gradients are often poorly resolved by traditional models 

and satellite observations, highlighting the unique contribution of GNSS-RO data. Integrating GNSS-RO observations with 115 

mesoscale models, especially through data assimilation, offers the potential to improve our understanding of AR dynamics 

and the processes leading to extreme precipitation and flooding.  

In this study, we analyse if GNSS-RO data provide additional water vapor information within and in the vicinity of ARs, given 

the fact that a-priori information is needed to derive humidity profiles. Therefore, we focused on investigating the impact of 

background water vapor information on the GNSS RO-derived humidity profiles. We aim to discern whether the variations in 120 

background water vapor datasets can introduce significant discrepancies in the final moisture profiles and, if so, to what extent, 

thereby shaping our understanding of atmospheric moisture profiles obtained through RO techniques. 

This study is organized as follows: Section 2 and 3 provide an overview of the data and methodology used in this study. 

Section 4 discusses the results in detail, and Section 5 summarizes the key findings and suggests future research directions. 
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2 Data 125 

2.1 GNSS-RO and 1D-Var methodology for atmospheric profiling 

Since its operational inception in 2001, the GNSS-RO technique has significantly enhanced atmospheric profiling by providing 

high-resolution data on temperature, water vapor, and pressure. This advancement was built upon the foundational work of the 

1995 GPS/MET mission, which pioneered the use of GNSS for atmospheric sounding, albeit with limitations in capturing 

detailed wet parameters at lower altitudes (Ware et al., 1996; Kursinski et al., 1997; Rocken et al., 1997; Steiner et al., 1999; 130 

2001). Our study employs refined GNSS-RO data that overcome most of these historical limitations. 

The GNSS-RO technique, which measures the phase delay of radio waves emitted by GNSS satellites, has become pivotal for 

capturing accurate vertical atmospheric profiles (e.g., Rieckh et al., 2018). Despite facing challenges in data accuracy at 

lowermost altitudes and a resolution of approximately 200 km in the lower troposphere (Healy et al., 2014; Scherllin-Pirscher 

et al., 2011), technological advancements in signal processing and data inversion have bolstered its reliability and precision, 135 

making the GNSS-RO technique a formidable tool in atmospheric research and analysis. 

Occultation events, lasting 1-2 minutes, result in the bending and delay of signals due to atmospheric density gradients. The 

vertical refractivity profiles are derived using accumulated bending angles and observed phase data involving GNSS and LEO 

satellite orbits (Melbourne, 1994). The Abel transform allows to retrieve atmospheric refractivity profiles from observed 

bending angles (Kursinski et al., 1997; Hajj et al., 2002). Once refractivity is obtained, atmospheric parameters like density, 140 

pressure, temperature, and water vapor pressure are derived using the Smith-Weintraub equation, the hydrostatic equilibrium 

principle and the equation of state (Kursinski et al., 1995; Smith and Weintraub 1953; Aparicio and Laroche, 2011). 

In dry conditions, refractivity depends only on air density. “Dry temperature”, derived from GNSS-RO profiles by neglecting 

the water vapor contribution to refractivity, differs from physical temperature by less than 0.1 K above ~15 km in the Topics 

and above 8 km in high latitude winters (Foelsche et al., 2008a, Danzer et al., 2014).  145 

At lower altitudes, the presence of significant water vapor necessitates the use of additional background data to derive either 

physical temperature or specific humidity – or both (Kursinski et al., 1997). Two main methods exist for humidity derivation: 

direct retrieval and One-Dimensional Variational (1D-Var) retrieval. The direct method, once popular for moist air retrieval 

algorithms (Kursinski et al., 1995; Ware et al., 1996), uses climatological temperature information to retrieve atmospheric 

profiles but can introduce uncertainties from assumed background data. In the 1D-Var method, a cost function, 𝐽(𝑥), is 150 

minimized, where: 

 𝐽(𝐱) =
1
2
(𝐱 − 𝐱!)"𝐁#$(𝐱 − 𝐱!) +

1
2
(𝒚% −𝐻[𝐱])"𝐎#$(𝒚% −𝐻[𝐱]) 

(1) 

where 𝐱 is the state vector representing the atmospheric parameter being estimated (e.g., temperature or humidity). 𝐱!	is the 

background state. 𝐁 and 𝐎 are error covariance matrices related to the background state and observation, respectively. 𝐲%is the 

observation. 𝐻[𝐱]	is a forward operator mapping from state x to the observation space.  
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The use of this method results in an optimally estimated atmospheric state profile, providing a solid foundation for various 155 

meteorological applications by taking into account the uncertainties of the observations and of the background. 

Different implementations of the 1D-Var method utilize RO observations along with prescribed background data. Specifically, 

the University Corporation for Atmospheric Research (UCAR) employs bending angle data, while the Wegener Center 

(WEGC) uses refractivity profiles as input for their retrieval process. These differences highlight the distinct methodologies 

utilized by each centre to optimize their retrieval processes. The Constellation Observing System for Meteorology, Ionosphere, 160 

and Climate (COSMIC) Data Analysis and Archive Centre (CDAAC), operated by the University Corporation for Atmospheric 

Research (UCAR), employs the one-dimensional variational data assimilation (1D-Var) method for RO moist profiles. This 

1D-Var method is utilized as there is significant humidity content. The presence of substantial moisture makes it impractical 

to directly use temperature measurements for retrieving wet parameters. Hence, the 1D-Var approach facilitates the extraction 

of these parameters in regions with high humidity. The Occultation Processing System (OPS) at WEGC has also implemented 165 

a simplified linearized 1D-Var method since 2013, with reliable results reported in several studies (e.g., Li et al., 2020). The 

accuracy and reliability of methods like those employed by CDAAC and WEGC hinge on the precise estimation of error 

correlations and the uncertainties in both the observational data and the background data, thereby shaping the quality of the 

retrieved moist atmospheric profiles (Li et al., 2020). 

2.1.1 WEGC profiles 170 

The WEGC provides RO level-2 profiles, which include both moist and dry atmospheric profiles from an altitude of 0.1 km 

to 80 km with a vertical resolution of 0.1 km. For this study, we utilized level-2 moist profiles from WEGC to derive specific 

humidity profiles and calculate IWV values, specifically employing the latest version of WEGC data from the Occultation 

Processing System version 5.6 (OPSv5.6). WEGC utilizes spatially interpolated ECMWF forecast fields, 24 or 30 hours in 

advance, as background data at the RO profile locations, referred to henceforth as ECMWF-b (Schwärz et al., 2016). Post-175 

retrieval, a quality flag, using the ECMWF analysis data as a reference (ECMWF-r), is generated to evaluate the temperature 

and humidity profiles. These reference data do not alter the retrieved profiles but serves as a reference for quality assessment. 

Additionally, WEGC has developed a linearized version of the 1D-Var method to generate moist profiles (Kirchengast et al., 

2010), relying mainly on the RO-retrieved dry temperature, with uncertainties modelled using an empirical error model 

(Scherllin-Pirscher et al., 2011). 180 

GNSS-RO data provide altitudinal resolved information, but the profiles are not vertical and the tangent point (TP, the point 

of closest approach of the ray) travels significant horizontal distances during an occultation event (Foelsche et al., 2011b). 

Within the OPS retrieval framework, the TP is calculated assuming straight line propagation of the GNSS signals, and the 

mean TP (the “location of the profile”) is defined as the point where the straight line between LEO and GNSS satellite would 

hit the Earth’s surface, corresponding to an altitude of 10 km to 15 km, depending on atmospheric density variations. This 185 

mean TP can be computed by just knowing the orbit parameters of the GNSS and LEO satellites, which allows to predict 

GNSS-RO event locations. It is well suited to describe the profile location for temperature information in the upper troposphere 
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and lower stratosphere, but it does not represent the profile in the lower troposphere very well. This mean TP location is 

pivotal, since it is used to extract co-located profiles from other datasets, which provide essential background information for 

the retrieval process and for validating the profiles post-retrieval.  190 

2.1.2 CDAAC Profiles 

Level-2 Profiles from CDAAC can be found and downloaded at the CDAAC website (https://cdaac-www.cosmic.ucar.edu/). 

The 'wetPrf' file type encompasses the retrieved temperature, pressure, and water vapor partial pressure profiles, sampled every 

0.1 km of altitude from 0.1 km up to 40 km. Notably, data from GNSS-RO above 40 km are generally not applicable to 

compute wet profiles due to the upper atmosphere's extremely dry conditions, where water vapor is typically negligible or 195 

absent. For this study, the latest reprocessed version, 2013.2350, was utilized for its enhanced accuracy and data integrity. 

The wet profiles retrieved are collocated with various analytical datasets, including ERA-40 Interim reanalysis data (ERA), 

European Centre for Medium-Range Weather Forecasts profiles (ECMWF), National Centres for Environmental Prediction 

operational analysis (NCEP), and the Global Forecast System data (GFS). These collocated profiles are accessible at CDAAC 

within the 'eraPrf', 'echPrf', and 'gfsPrf' products. Predominantly, ERA data serve as background for CDAAC's 1D-Var retrieval 200 

process. The 'eraPrf' type is matched with the RO profile and serves as the initial guess for moisture determination below 

10 km and for comparison in post-processing. Should ECMWF profiles be utilized as the background for RO retrieval, it will 

be explicitly stated; however, the ERA-Interim dataset is typically the preferred source. 

At CDAAC, the occultation point, i.e., the point on the Earth's surface to which the retrieved profiles are assigned, is estimated 

as the TP of the ray connecting GNSS and LEO for which the excess phase of the L1 signal is equal 500 m. This, on average, 205 

corresponds to 3-4 km altitude (https://cdaac-www.cosmic.ucar.edu/cdaac/doc/documents/roam05.doc). This definition of the 

occultation point differs considerably from the one employed by WEGC (see section 2.1.2) and it is better suited to represent 

the profile in the lower troposphere. As a consequence, the background (and reference) profiles at CDAAC and WEGC are 

extracted at quite different horizontal locations. This complicates a direct comparison of the results, however, it allows for a 

determination of the impact of the background – in particular in case of strong horizontal variability, where the background 210 

profiles then represent very different atmospheric conditions (see section 4). 

2.2 SSMI/S data  

SSMI/S observations are indispensable for continuous monitoring of atmospheric and oceanic phenomena such as integrated 

water vapor, temperature, and wind speed, offering comprehensive global coverage (NESDIS STAR, 2024). The instruments 

have a swath width of about 1400 km, allowing for extensive surveillance of Earth's surface. They simultaneously measure 215 

thermally emitted radiation across 24 channels, from 19 to 183 GHz, in a conical scanning mode. This multifaceted approach 

enables detailed observations of brightness temperatures at both microwave temperature and water vapor sounding channels, 

as well as imager channels, from a single scan angle, thus enhancing the analysis of atmospheric parameters including IWV. 
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The observations are primarily performed over oceans where the retrieval algorithms for parameters like IWV are optimized 

for the marine environment. This focus is due in part to the more uniform and predictable emissivity of ocean surfaces 220 

compared to land, where varying emissivity can introduce retrieval challenges and reduce measurement accuracy. Hence, while 

SSMI/S data encompasses the global surface, analyses and forecasts primarily leverage oceanic data for its reliability. For 

superior data quality, users can turn to the gridded DMSP SSM/I and SSMIS ocean data products from the Remote Sensing 

Systems (RSS). These products compile oceanic information across various timescales, providing an invaluable tool for those 

needing to analyse and visualize water vapor content. Enhanced data access is facilitated through Python plotting routines, as 225 

detailed in RSS data recipes, which assist in managing, plotting, and interpreting the stored values within these gridded, time-

averaged oceanic datasets. This research incorporates data from the SSMI/S F16 and F17 satellites, launched on October 18, 

2003, and November 4, 2006, respectively. The all-sky daily RSS ocean product for these satellites is accessible for download 

at the RSS website (https://www.remss.com/missions/ssmi/).The horizontal resolution of SSMI/S data for IWV retrievals is 

generally between 25 and 50 km, while the vertical resolution is limited due to the nature of passive microwave radiometry, 230 

which yields integrated measurements of atmospheric parameters. Consequently, the SSMI/S IWV dataset represents the total 

water vapor content in the atmospheric column. 

3 Methodology  

3.1 Selected AR events 

In this study, we screened dozens of AR events covered by GNSS-EO data, and we selected six different AR events to analyse 235 

and compare the retrieved moist profiles in detail. The selection of these events was based on several criteria. First, we captured 

the diversity of latitudinal regions in both hemispheres to reflect the influence of background water vapor on the retrieved 

profiles. Second, the AR events should fall into the period after 2007, when the COSMIC-1 constellation, consisting of 6 LEO 

satellites, started to provide dense observations (2007 to 2010) and cover other satellites such as Meteorological Operational 

Satellite Programme (MetOp) A, B, C, Gravity Recovery and Climate Experiment (GRACE), TerraSAR-X (TSX), and the six 240 

satellites of the COSMIC-2 constellation. For each event we defined a rectangular latitude-longitude domain, in order to also 

cover areas outside of the AR with a wide range of IWV values. The study domains of these six AR events are shown in Figure 

1, and detailed information on the study domains, period of events, and the available LEO satellites is shown in Table 1. The 

designations of the events refer to the area, where the effects of the AR where most pronounced.  

 245 
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Figure 1. Study domain locations of the six selected AR events 

 
Table 1. Detailed information on six selected AR events for comparison. 

  250 

As an example, Fig. 2 illustrates the Iceland-UK AR event in 2009. During this event, four GNSS-RO satellites, namely 

COSMIC-1, MetOp- A, TSX, and GRACE, were operational and provided data for our analysis. The AR event spanned five 

days, starting on October 10, 2009, and ending on October 14, 2009. To capture the temporal evolution of the AR event, we 

created four separate plots, each corresponding to a specific day within the event period, excluding the first day (to save space). 

The figure showcases the spatial distribution of the IWV values (in kg m-2) obtained from the SSMI/S measurements, providing 255 

insights into the moisture content along the AR path. In addition, we have included all available GNSS-RO profiles within the 

study domain, where the colours of the circles represent different LEO satellites/constellations. While the figure showcases 

the horizontal moisture distribution derived from the SSMI/S observations, it juxtaposes this with the RO data points. From 

these RO data points, IWV can also be calculated for their corresponding locations. In Figure 2, the white regions signify areas 

where no data are available, and these gaps originate from various sources. Instrument limitations contribute significantly to 260 

these data voids, as sensor sensitivity varies, especially under extreme environmental conditions, and resolution discrepancies 

Region Date of the 

event 

Study domain location 

(Latitude °/ Longitude °) 
 

Present satellites 

United Kingdom 23-25 Feb 2020 20 to 60 / 0 to -60 COSMIC-1, COSMIC-2, MetOp-A, MetOp-B, and MetOp-C  

California 13-14 Feb 2019 0 to 50 / - 120 to -170 COSMIC-1, MetOp-A, and MetOp-B 

California 7-9 Feb 2017 10 to 60 / - 110 to -160 COSMIC-1, MetOp-A, MetOp-B, and GRACE 

United Kingdom 3-5 Dec 2015 10 to 70 / 0 to -60 COSMIC-1, MetOp-A, MetOp-B, GRACE, and TSX 

Southern Africa 26-27 Sep 2009 0 to -40 / 20 to -40 COSMIC-1, MetOp-A, GRACE, and TSX 

Iceland- UK 10-14 Oct 2009 15 to 75 / 0 to -45 COSMIC-1, MetOp-A, GRACE, and TSX 
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might neglect small-scale features. Additionally, gaps in the satellite's swath coverage during its orbital pass can result in areas 

with missing data. Coastal zones are particularly challenging due to the abrupt land-water transition, which complicates the 

sensor's ability to distinguish signals accurately. The distinct reflection and refraction characteristics of varied surfaces along 

coastlines further complicate data retrieval processes in these regions. The data processing stage also plays a role, as it often 265 

involves rigorous quality control measures that might eliminate data points deemed unreliable or erroneous. Environmental 

factors, like areas with high IWV values and extreme meteorological conditions, may exceed the sensor's measurement 

capacity, leading to the absence of data in these sections. Moreover, there are also small spots with no data for reasons that 

might be transient and are not immediately identifiable, potentially arising from minor satellite function irregularities, data 

transmission glitches, or data processing errors.  270 

On October 11, 2009, the AR had been observed in its initial formation stage, extending toward the western part of Ireland. 

The structure and alignment of the AR had signalled a nascent phase, with moisture beginning to concentrate along its path. 

The following day, the AR exhibited a significant northward extension, reaching beyond 60° N latitudes. This expansion 

reflected an intensification of the AR, with moisture transport extending into higher latitudinal regions. On October 13, 2009, 

the AR made landfall, impacting the east and southeast coasts of Iceland, and northern Scotland and Ireland. The moisture 275 

content within the AR had reached its peak. The AR's spatial distribution and moisture intensity on that day highlighted the 

event's maturity. On the last day, the AR had begun to weaken but had maintained its position over the previously affected 

areas. The reduction in moisture content and intensity had signalled the AR’s dissipation stage, marking the beginning of the 

event’s decline. A noteworthy aspect of this AR event had been the transportation of high moisture content to latitudes beyond 

60° N, a very uncommon phenomenon – in particular at this time of the year (Parracho et al., 2018). For example, SSMI/S 280 

IWV values had been observed to be as high as 38.7 kg/m² at latitude 60.125° and longitude -12.875° or 36.0 kg/m² at latitude 

62.125° and longitude -12.125°, highlighting the significant moisture content transported during this event. 
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Figure 2. Temporal evolution of the AR event over Iceland-UK from October 11 to October 14, 2009, as observed by SSMI/S IWV 285 
measurements. The figure illustrates the spatial distribution of the IWV values and includes RO data points. 
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3.2 Calculation Methodology for Specific Humidity and IWV Using RO Data 

In this study, we evaluated specific humidity profiles and IWV values. Other parameters, such as relative humidity, mixing 

ratio, or precipitable water vapor, can be directly calculated using the moist air gas constant ratio parameter (Stull, 2017). As 

these other parameters' characteristics are similar to the two parameters, they are not discussed here. 290 

For the WEGC data, specific humidity profiles are already calculated and available in the dataset. For the CDAAC data, the 

specific humidity q, in g/kg, needs to be calculated using the retrieved water vapor pressure e, in hPa, and air pressure p, also 

in hPa, profiles. Here, e represents the partial pressure exerted by the water vapor in the air. The specific humidity q is then 

calculated with the constant 𝜀	= 0.622, which is the ratio of the molecular mass of water (µwater vapor ≈18.015 g/mol) to the 

molecular mass of dry air (µdry air ≈28.97 g/mol) (𝜀 = &!"#$%	'"()%
&*%+	",%

). This ratio facilitates the conversion from water vapor 295 

pressure to specific humidity using the formula: 

 𝑞 =
𝜀𝑒

𝑝 − (1 − 𝜀𝑒)	 
(2) 

In this formula, q is the specific humidity, e is the water vapor pressure, and p is the total air pressure. 

Second, to calculate the IWV value (kg/m2) of the GNSS-RO profile, the specific humidity of each height from the surface to 

the maximum retrieved height is integrated, ps is the surface air pressure, and g = 9.81 m/s2 is the mean acceleration of gravity 

at sea level at 45° latitude.  300 

 
𝐼𝑊𝑉 = −

1
𝑔< 𝑞	𝑑𝑝

'

'-
	 (3) 

By employing this methodology, we can quantitatively assess the specific humidity profiles and IWV values from the WEGC 

and CDAAC RO data during AR events. 

 

3.3 q-RAER Metric: An Overview and Formula 

The Retrieval to A-priori Error Ratio (RAER) profile is a critical tool employed to assess the reliability of retrieved data, 305 

offering insights into the relative influence of observed information and background (a priori) information. The RAER profile 

is expressed as a percentage and is calculated during the optimal estimation process.  

It is calculated using the formula: 

 𝑅𝐴𝐸𝑅 =
𝜎()*
𝜎!+

 (4) 

 

Where 𝜎()* contains the square root of the diagonal elements of the retrieval error R, calculated as: 310 

 

 𝑅 = (𝐁#$ +𝐎#$)#$ (5) 

 



13 
 

And 𝜎!+ represents the standard deviation of the background error. 

In the context of this study, the q-RAER profiles are provided within the WEGC dataset. Specifically, the q-RAER profile 

offers a critical evaluation metric for q retrievals, enabling researchers to discern the relative influence and dominance of 315 

observed versus background information at various atmospheric layers. 

A RAER value of 100 % means that the RO observation uncertainty is extremely high and that the retrieved profile at this 

altitude is identical to the background profile. At altitudes with RAER > 70 % the retrieved profile is still be background-

dominated, this is usually the case above approximately 9 km at low latitudes and above 4 km at high latitudes during winter 

- but also in the lowest few hundred meters, where the RO refractivity profile can be biased due to superrefraction. At altitudes 320 

with RAER < 70 % the retrieved profile is observation-dominated and we can expect significant differences to the background 

profile. 

4 Results and discussions  

4.1 Overall comparison between the retrieved specific humidity profiles of CDAAC and WEGC with their background 
profiles 325 

To assess the impact of background water vapor on the specific humidity profiles retrieved from RO data, a comparison is 

conducted using the complete dataset of occultations during AR events, along with their corresponding background and 

reference profiles. In this subsection, we have selected four examples to be discussed here. These examples were chosen to 

represent a range of behaviours and patterns observed in the data, and they provide a concise yet comprehensive overview of 

the key findings. The selected profiles are those located inside or in the vicinity of the AR over the oceanic area. Among these, 330 

the first example serves as a general case, showcasing a common pattern observed across various profiles. The remaining three 

examples are selected to highlight instances where the background profile and the 1D-Var profile exhibit different and 

intriguing patterns. These examples are not exhaustive but provide insights into the diverse behaviours and characteristics 

observed in the dataset. 

4.1.1 Iceland-UK 2009 AR event  335 

Figure 3(a and b) illustrates the specific humidity profiles for the Iceland-UK 2009 AR event observed by a satellite of the 

COSMIC-1 constellation, including CDAAC 1D-Var, WEGC 1D-Var, ERA, GFS, ECMWF-r and ECMWF-b, as well as the 

q-RAER profile for the WEGC retrieved q profile. The distribution of IWV detected by the SSMI/S F17 satellite, along with 

the location of the RO event, is depicted in Figure 3(c). Figure 3(d) further displays the RO tangent point trajectories and 

reference points for both centres, with the lowest 14 km of each centre’s RO event indicated by a black dashed line and the 340 

highest altitude of the RO marked by a black triangle. The highest retrieved altitudes for WEGC and CDAAC were 80 km and 

40 km, respectively. This delineation of the RO event's lower tropospheric region is essential because of the significant 
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humidity gradient near the AR. In this example, the RO event is situated within the AR, where the SSMI/S IWV is 

approximately 30 kg/m2, as shown in Figure 3(c). All six specific humidity profiles generally exhibit similar patterns, despite 

variations in their IWV values. These IWV values, while slightly different, are in relatively proximity to the SSMI/S IWV.  345 

 

 

 

Figure 3. (a) Retrieved specific humidity profiles of CDAAC and WEGC with their reference and background profiles for a satellite of the 

COSMIC-1 constellation during the Iceland-UK AR event on 13 October 2009. All IWV values in panel (a) are in kg/m2. The WEGC 350 
specific humidity RAER profile is shown in plots (b). (c) Distribution of the IWV detected by the SSMI/S F17 satellite with the location of 

the RO events. (d) RO tangent point trajectory paths of WEGC and CDAAC.  
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The retrieved CDAAC profile displays more fluctuation compared to other profiles. Similar fluctuations in the CDAAC q 

profile are also observed in other examples. A possible explanation for this behaviour could be a lower vertical correlation in 355 

the error covariance matrices. Note that the SSMI/S IWV map does not necessarily represent the exact IWV distribution at the 

time of the GNSS-RO event, since these maps are only available once per day.  

4.1.2 UK 2020 AR event 

Figure 4(a) illustrates specific humidity profiles for the 2020 AR event observed by MetOp-A. In this example, the RO event 

is located in the northern region of the UK 2020 AR event, near its edge.  360 

 

 

Figure 4. (a) Retrieved specific humidity profiles of CDAAC and WEGC with their reference and background profiles for the MetOp-A 

satellite during the UK AR event on February 24, 2020. The WEGC specific humidity RAER profile is shown in plot (b). (c) Map of the 

IWV detected by the SSMI/S F17 satellite with the location of the RO events. (d) RO tangent point trajectory paths of WEGC and CDAAC. 365 
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While the results in 4.1.1 are typical for profiles in the core region of the AR, we chose this GNSS-RO profile, since it nicely 

illustrates, how the humidity retrievals operate, when the background profiles are very different – because they have been 

extracted at different locations due to the different interpretation of the occultation location. Above 7 km, all specific humidity 

profiles still exhibit similar pattern. For altitude above ~ 9 km it is not surprising that the WEGC profiles follows closely the 370 

ECMWF-b profile, since the RAER values are close to 100% and the retrieved profiles is therefore heavily background-

dominated. However, below ~ 7 km, where the RAER falls below 40% and the observed data gain a high weight, there are 

large differences between retrieved and background profiles, in particular below ~5 km, where the retrieved profile is way 

drier than the background profile. For the CDAAC retrieval the situation is different, here the background profile has been 

extracted in a very dry area (ECH stands for ECMWF profiles with high vertical resolution). For the CDAAC data, we don’t 375 

have a value similar to RAER, but the large difference between retrieval and background suggests, that there is also a hight 

weighting of the measurements in this altitude range. Interestingly, the WEGC and CDAAC retrievals agree quite well – even 

though the background data are so different. This increases confidence in the retrieved data, and suggests that the GNSS-RO 

data provide indeed valuable humidity profile information – beyond the background.  

Note that both retrieved profiles don’t reach the lowest km in this case (WEGC background and reference profiles are only 380 

stored in the altitude range, where there is also a retrieved profile), the computed IWV values therefore underestimate the true 

values. 

4.1.3 California 2019 AR event  

Figure 5 illustrates an example of an AR event in California in 2019. The selected RO event in this case is located near the AR 

event, south of Hawaii (represented in the map as a grey triangle), as shown in Figure 5(c). Between 6 km and 2 km, the 385 

ECMWF-b profile indicates higher humidity than the ERA5 and WEGC profiles. The WEGC q retrieval profile within this 

altitude range is significantly drier than its background profile. A moderate difference is observed between the CDAAC and 

ERA5 retrieved q profiles in the layer from 4 km to 2 km. The WEGC q profile stops at an altitude of 500 m, whereas the 

CDAAC profile extends to the lowest altitude. Although the CDAAC profile shows less humidity below 5.5 km, the calculated 

IWV value for CDAAC is slightly higher (WEGC IWV = 18.33 kg/m2 and CDAAC IWV = 20.75 kg/m2) because the WEGC 390 

q profile lacks humidity information in the lowest 500 m. Both background profiles have higher IWV differences of 

approximately 7.67 and 6.99 kg/m2 (ERA5 and ECMWF-b respectively) compared with their respective retrieval q profiles, 

since the lowest part of the actual GNSS-RO profile extends into much drier areas than the vertical background profiles (Note 

that the CDAAC algorithm better represents the actual TP trajectory).  

The q-RAER profile also indicates that below 6 km, the observation data significantly influence the retrieved q profiles. The 395 

WEGC retrieval q profile is drier than its background profile between 5 and 2 km, whereas the CDAAC profile is wetter than 

its background profile. As in section 4.1.2 it seems that both retrievals try to bring the retrieved profiles into close agreement- 

even though the background profiles are very different in this altitude range.  
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Despite methodological differences, there is a remarkable consistency in the final q profiles across the centres. This alignment, 

while exhibiting some variations, underscores the resilience and adaptability of the retrieval processes across different 400 

methodologies. Notably, these variations in the q profiles can be attributed to the differences in background water vapor 

information used in the 1-DVAR methods, as exemplified in Figure 6. This highlights the nuanced interplay between 

methodological choices in data retrieval and the influence of background atmospheric conditions. 

 

 405 

 
 

Figure 5. (a) Retrieved specific humidity profiles of CDAAC and WEGC with their reference and background profiles for the MetOp-A 

satellite during the California 2019 AR event. The WEGC specific humidity RAER profile is shown in plot (b). (c) Distribution of the IWV 

detected by the SSMI/S F17 satellite with the location of the RO events. (d) RO tangent point trajectory paths of WEGC and CDAAC. 410 
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4.1.4 Southern Africa 2009  

Figure 6 depicts the Southern Africa 2009 AR event, by examining a profile from the COSMIC-1 constellation. The RO event 

is located on the southern edge of the AR and probes the atmosphere downward, moving toward the outside of the AR. In this 

example, the ECMWF-b profile (taken closer to the AR) displays significantly higher q values than WEGC between altitudes 

of 3.8 km and 2 km, where the observation data are dominant (q-RAER profile). Moderate differences are also observed below 415 

2 km and above 4.3 km, while between 3.8 km and 4.3 km and up to 5.8 km, the ECMWF- b profile is drier than the WEGC 

profile. Between 2 km and 3.8 km, the CDAAC profile is also drier than its prior information.  

 

 

 420 
Figure 6. (a) Retrieved specific humidity profiles of CDAAC and WEGC with their reference and background profiles for a COSMIC-1 

satellite during the Southern Africa AR event 2009. The WEGC specific humidity RAER profile is shown in plot (b). (c) Distribution of the 

IWV detected by the SSMI/S F17 satellite with the location of the RO event. (d) RO tangent point trajectory paths of WEGC and CDAAC.  
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The CDAAC profile stops at 1 km, while the WEGC profile reaches the lowest 200 m altitude. Consequently, the IWV value 425 

of CDAAC is lower than the others. The IWV value of ECMWF-b is closer to the observed SSMI/S IWV, which is about 17 

kg/m2, and the WEGC IWV is 6.25 kg/m2 less than the SSMI/S observation. This pattern is also observed for the CDAAC 

IWV value, which is about 6.42 kg/m2 drier than its background ERA IWV. Again, we note that the SSMI/S IWV map does 

not necessarily represent the exact IWV distribution at the time of the GNSS-RO event.  

It seems that the dry layer observed by both retrievals between ~2 km and ~3 km may in fact have been even drier. It is better 430 

represented by CDAAC, where the background was already quite dry, whereas the WEGC retrieval could not reach such low 

values, since it was somewhat confined by the background profile, which was much too humid.  

When analysing specific humidity profiles retrieved from CDAAC and WEGC and comparing them to background profiles 

within AR events, noticeable variations and patterns emerge. The precise location of tangent point trajectories and reference 

points is crucial, especially when they are situated at the edges of AR events, where the humidity gradient is often significant, 435 

since background data are extracted at very different locations with different humidity regimes. This variance in the location 

of tangent point trajectories between CDAAC and WEGC adds another layer of complexity to interpreting the data. 

Understanding and accounting for these subtle differences in trajectory locations within a single RO event is essential for a 

more accurate analysis and interpretation of the humidity profiles during AR events, enhancing the reliability and precision of 

the findings derived from such data. 440 

4.2 IWV comparison between CDAAC and WEGC 

In this subsection, we compare the IWV data retrieved from the two centres, CDAAC, and WEGC. RO data were collected 

from all active GNSS-RO satellites during the investigated AR events within the entire study domain (see Fig. 1 and Table 1), 

ensuring that we capture a wide range of IWV values retrieved by RO. To maintain consistency in our comparison, we included 

only data from satellites for which RO retrieval data were available in both the WEGC and CDAAC databases. From the six 445 

AR events studied, we have chosen three with the most interesting results for discussion in this paper. This focused approach 

allows for a clearer, more engaging analysis without overwhelming the reader with too much information. 

We specifically calculate the IWV for those profiles that reach altitudes of 1 km, 2 km, 500 m, and 200 m in both centres. In 

other words, we consider only those RO profiles from both centres that extend to these specified altitudes for our IWV 

calculations. 450 

We chose these specific altitudes for two primary reasons. First, lower altitudes tend to have higher concentrations of water 

vapor, and calculating the IWV at these levels provides a more representative assessment of the water vapor distribution within 

the atmosphere. Second, not all RO profiles are capable of reaching the lowest altitudes, so categorizing the data into these 

four different altitudes allowed us to capture a more comprehensive range of RO profiles, ensuring a more robust dataset for 

our analysis. Subsequently, the IWV values were integrated from these defined altitudes up to the highest retrieved RO profile 455 

altitude, facilitating a comprehensive comparison of IWV values across the selected altitudes. 
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4.2.1 UK 2020 AR event 

Analysis of the UK 2020 AR event (see section 4.1.2) reveals that the IWV measurements from the WEGC and CDAAC 

exhibit slight differences (Fig. 7), incorporating those points: 460 

163 GNSS-RO profiles reached at least 2 km altitude in both datasets, where CDAAC data show slightly smaller values than 

WEGC with a mean bias error (MBE) of -0.22 kg/m2 and a root mean square error (RMSE) of 1 kg/m2. The relationship is 

described by the regression line equation (y = 0.97x - 0.1), indicating a nearly one-to-one relationship with a minor offset. 

As we descend to 1 km, the number of simultaneous observations decreases to 134, since fewer profiles reach down to this 

altitude. The MBE increased to -1.01 kg/m2 and the RMSE to 2.25 kg/m2. The correlation also deviated slightly, represented 465 

by the equation (y = 0.87x). On average, the CDAAC values are around 87 % of the WEGC values. A closer inspection, 

however, reveals that this systematic difference is largely due data from the COSMIC-2 constellation.  

Further down at 500 m, the observations decreased even more to 103. The MBE was -0.83 kg/m2 and the RMSE was slightly 

higher 2.5 kg/m2, and CDAAC COSMIC-2 values are again systematically lower.  

 470 
Figure 7. Comparison of IWV (kg/m2) values derived from GNSS-RO profiles reaching specified minimum altitudes during the UK 2020 

AR event. Each subplot contrasts IWV values from WEGC with those from CDAAC. The four panels correspond to RO profiles reaching 

down to 2 km, 1 km, 500 m, and 200 m respectively. RMSE and MBE units are in kg/m² as well. 
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Lastly, only 39 profiles in both datasets reach down to the lowest altitude of 200 m, but the correlation is again very close to a 475 

one-to-one relationship (y = 0.99x - 0.3). The MBE is -0.38 kg/m2, the RMSE is 1.84 kg/m2. 

Predictably, as we descend in altitude, the IWV values generally increase, due to the higher humidity levels commonly found 

at lower altitudes. This is, however, not necessarily and always the case, since that there is also a tendency that GNSS-RO 

profiles reach further down in dry areas. A small ensemble of profiles reaching very low altitudes could therefore oversample 

particularly dry regions (see the example in below in section 4.2.2).  480 

In conclusion, for the UK 2020 AR event, the IWV data from both CDAAC and WEGC are closely aligned, except for the 

COSMIC-2 profiles reaching down to 1 km and 500 m respectively. The reason for this is currently unknown and justifies 

further analysis.   

The differences in IWV between CDAAC and WEGC can be partially attributed to variations in the bending angle and 

refractivity retrieval methods. While both centres use the GNSS-RO raw data, their 1DVar techniques and the associated 485 

background datasets differ significantly, which plays a larger role in shaping the retrieval results. Nevertheless, the observed 

IWV differences between the two centres remain relatively small, underscoring the robustness of the retrieval methodologies 

despite these variations 

 

4.2.2 Southern Africa 2009 AR event 490 

The IWV measurements from the WEGC and CDAAC are compared in Figure 8 for Southern Africa 2009 (see section 4.1.4) 

for different minimum altitudes.  

Based on 174 GNSS-RO profiles, which at least reached the highest altitude of 2 km, the IWV data from the two centres 

display a strong correlation (y = 0.95x + 0.3), with an MBE of just -0.01 kg/m2 and an RMSE of 0.8 kg/m2.  

Descending to 1 km, the number of simultaneous observations reduces to 139. The correlation remained strong, though the 495 

offset is higher (y = 0.95x + 1.0). The MBE increases slightly to 0.48 kg/m2, and the RMSE to 1.27 kg/m2.  

Further down at 500 m, there is a near one-to-one correlation, but with an even more pronounced offset (y = 0.97x + 1.8), 

resulting in an increased MBE of 1.34 kg/m2 and am RMSE of 1.97 kg/m2.  

At the minimum altitude of 200 m, observations dropped significantly to just 11. Over recent year, GNSS-RO profiles reached 

lower and lower altitudes, but back in 2009 the lowest 200 m have still been out of reach for most profiles.  500 

Due to the limited ensemble size, these results may be less stable. Here, the correlation between the two datasets shows a 

greater deviation with a substantial positive offset (y = 0.89x + 4.6). The MBE is notably higher with 2.48 kg/m2, and the 

RMSE reaches 3.2 kg/m2. 

In conclusion, for the Southern Africa 2009 AR event, the IWV data from CDAAC and WEGC exhibit a strong correlation at 

higher altitudes, with some deviations becoming apparent as we descend. Overall, while the two datasets offer reliable insights 505 

across different altitudes, they also bring forth the importance of understanding the subtleties and potential discrepancies 

inherent in the data, especially at lower altitudes. Interestingly, while the maximum IWV recorded from an RO event at 500 m 
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reached 37 kg/m², it's worth noting that the maximum IWV for the RO profiles descending further to 200 m was 33 kg/m², due 

to selective sampling of drier regions (see section 4.2.1 above). This observation highlights that not all RO profiles reaching 

the lowest altitudes include the highest IWV values. 510 

 

 

 
Figure 8. Comparison of IWV values (in kg/m²) derived from GNSS-RO profiles reaching specified minimum altitudes during the Southern 

Africa 2009 AR event. Each subplot contrasts IWV values from WEGC with those from CDAAC. The four panels correspond to RO profiles 515 
reaching down to 2 km, 1 km, 500 m, and 200 m, respectively. RMSE and MBE are given in kg/m². 

 

4.2.3 California 2017 AR event 

The IWV comparison for the California 2017 case highlights a generally close agreement between the WEGC and CDAAC at 

all altitudes, with slight variations in the degree of offset (see Fig. 9).  520 

For the RO profiles reaching to at least 2 km, with a sample size of 111 observations, the IWV data correlation is very strong, 

(y = 0.97x + 0.1), having an MBE of only -0.09 kg/m² and an RMSE of 0.68 kg/m². Descending to 1 km, the number of 

observations moderately decreases to 95. The high correlation persists (y = 0.98x + 0.3) with a marginally increased positive 

offset, with an MBE of 0.15 kg/m² and an RMSE of 1.09 kg/m².  
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Descending to 500 m, based on 81 observations, the correlation between the two centres’ IWV data remained extremely 525 

consistent (y = 1.00x + 0.5). The MBE increased to 0.45 kg/m², and the RMSE to 1.41 kg/m².  

Lastly, further down at 200 m altitude, observations are based on 34 data points. The correlation remained surprisingly reliable 

with a one-to-one correlation and a minimal positive offset (y = 1.00x + 0.1), with an MBE of only 0.16 kg/m² and an RMSE 

of 1.57 kg/m².  

In the California 2017 AR event, the IWV data from WEGC and CDAAC show very close agreement at all altitudes, with 530 

only slight variations noted. The analysis, conducted at various altitudes and based on different numbers of observations, 

consistently yields strong correlations between the two data sets. 

 

 
Figure 9. Comparison of IWV values derived from GNSS-RO profiles reaching specified minimum altitudes during the California 2017 AR 535 
event. Each subplot contrasts IWV values from WEGC with those from CDAAC. The four panels correspond to RO profiles reaching down 

to 2 km, 1 km, 500 m, and 200 m. RMSE and MBE units are in kg/m². 

 

In examining the IWV data from the UK 2020, Southern Africa 2009, and California 2017 AR events, the correlation between 

CDAAC and WEGC is generally strong. In summary, across all three events and various altitudes, the data demonstrate a 540 

consistently strong correlation, with MBEs ranging approximately from -1.01 to 2.48 kg/m² and RMSEs from 0.68 to 3.2 kg/m².  

 



24 
 

4.3 GNSS-RO and SSMI/S IWV comparison 

This section focuses on a comparative analysis of IWV values derived from two distinct observational sources. The first set of 

IWV values is obtained from RO profiles reaching down to an altitude of 200 m and are sourced from CDAAC and WEGC. 545 

This calculation of IWV from the lowest 200 m to the uppermost altitude of the RO profiles is designed to capture all possible 

humidity content, given that not all RO profiles can reach the Earth's surface. The second set of IWV values comes from 

observations made by SSMI/S. 

The comparison is structured to assess how well these two data sources align or differ in terms of IWV measurements. In this 

analysis, a critical aspect to consider is the spatial resolution of the SSMI/S measurements, which is approximately 0.25° 550 

× 0.25° in latitude and longitude, translating to a spatial coverage of about 27 km for each grid square at the equator. 

Furthermore, the obliquity of the RO profiles is an important factor in this methodological consideration. It is essential to 

understand that RO profiles are not perfectly vertical (see section 2.1.1), which influences the representation of the atmospheric 

column in comparison to the SSMI/S observations. 

For the purpose of comparison with the SSMI/S IWV values, it is crucial to accurately determine the most representative 555 

latitude and longitude coordinates. Given the spatial resolution of the SSMI/S data, the most representative coordinates for this 

comparison are identified based on the lowest 2 km segment of the RO profiles. This decision is informed by the fact that each 

SSMI/S grid, covering approximately 27 km, can encompass the lowest 2 km of the RO data. In most cases, the lowest 2 km 

of the RO data are contained within one of the SSMI/S grids. By selecting the latitude and longitude from this part of the RO 

profile, the study ensures a more accurate and meaningful comparison of the IWV values between the two observational 560 

methods 

4.3.1 Iceland-UK 2009 AR event 

In Figure 10(a), based on 111 observations, the correlation yields an MBE of -3.35 kg/m2 and RMSE of 6.41 kg/m2. This 

relationship between the CDAAC and SSMI/S datasets is encapsulated by the equation y = 0.79x + 1.7. This suggests that the 

CDAAC values approximate to about 79 % of the SSMI/S values, accompanied by a noticeable offset. 565 

On the other hand, Figure 10(b) contrasts the WEGC IWV against the SSMI/S IWV with 96 observations. The correlation here 

exhibits an MBE of -3.20 kg/m2 and an RMSE of 5.92 kg/m2. The relationship can be characterized by y = 0.80x + 0.7, 

implying that WEGC values are closely aligned, being around 80 % of the SSMI/S values, and with a slightly diminished 

offset compared to the CDAAC data. Both CDAAC and WEGC IWV datasets, as illustrated in Figure 10, exhibit a reasonably 

close alignment with the SSMI/S IWV values, but both underestimate the SSMI/S IWV values in a similar way.  570 

Notably, in Figure 10(b), the WEGC dataset is slightly smaller, with 15 fewer events, than the CDAAC dataset in this case 

study. Additionally, the number of RO profiles by the GRACE satellite is 6 in 10(a) and only one in 10(b). Furthermore, the 

number of COSMIC-1 observations is considerably larger in 10(b), while Metop-A observations are more prominent in 10(a). 
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Since the water vapor content in the lowest 200 m is missing in the GNSS-RO-derived IWV values we have to expect a (slight) 

underestimation, but the results are somewhat lower than anticipated.   575 

As RO profiles often do not reach the surface, we observe a systematic underrepresentation of the "true" IWV content in these 

cases. The missing lowest 200 m is not a specific threshold but rather a practical limit chosen to balance ensemble size and 

penetration depth. While some profiles penetrate further down, they are insufficient to create statistically meaningful results. 

This limitation likely leads to an underestimation of IWV, particularly in regions with high moisture concentrations near the 

surface. Further investigations could address how much this underrepresentation impacts the total IWV retrievals and explore 580 

ways to account for this bias. 

 

 
Figure 10. Comparison of IWV values (in kg/m²) derived from GNSS-RO profiles from CDAAC (a) and WEGC (b) and SSMI/S 

observations during the Iceland-UK 2009 AR event. The IWV values from each GNSS-RO profile are computed from 200 m altitude up to 585 
the uppermost limit of each profile. The SSMI/S IWV values are extracted at the latitude and longitude that corresponds to the 2 km altitude 

of the GNSS- RO profiles. MBE and RMSE values are given in kg/m². 

4.3.2 Southern Africa 2009 AR event 

The second comparison focuses on the Southern Africa AR event in 2009 as visualized in Fig. 11. Delving into Fig.11(a), 

based on 39 observations, there emerges a correlation with a marked negative offset of the CDAAC data (y = 0.92x – 3.7), 590 

leading to an MBE of -6.04 kg/m² and an RMSE of 7.2 kg/m². As a result, almost all CDAAC values are lower than the 

corresponding SSMI/S values.  

Transitioning to Figure 11(b), which contrasts WEGC IWV against SSMI/S IWV, the dataset is drawn from 67 observations. 

The correlation manifests an MBE of -4.78 kg/m² and an RMSE of 6.71 kg/m². This relationship can be expressed by the 

equation y = 0.71x + 1.6, indicating that WEGC around 10 kg/m2 are quite well represented, while higher values are 595 

underrepresented. 
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In this AR event, the CDAAC dataset includes 39 events, whereas WEGC includes 67 events, whereas in most other cases 

there are more CDAAC than WEGC events reaching down to 200 m altitude. Notably, there are no TSX and GRACE RO 

events observed to reach the lowest 200 m altitude in both Figure 11(a) and 11(b). 

 600 

 
Figure 11. Comparison of IWV values (in kg/m²) derived from GNSS-RO profiles from CDAAC (a) and WEGC (b) and SSMI/S 

observations during the Southern Africa 2009 AR event. The IWV values from each GNSS-RO profile are computed from 200 m altitude 

up to the uppermost limit of each profile. The SSMI/S IWV values are extracted at the latitude and longitude that corresponds to the 2 km 

altitude of the GNSS- RO profiles. MBE and RMSE values are given in kg/m². 605 
 

4.3.3 California 2017 AR event 

The final analysis focused on the California 2017 AR event. The outcomes of this assessment are visualized in Figure 12. 

Starting with Figure 12(a), from a sample of 126 observations, the correlation yielded an MBE of -2.28 kg/m² and an RMSE 

of 4.92 kg/m². The relationship between the CDAAC and SSMI/S datasets can be expressed by the equation y = 0.82x − 1.1.  610 

Proceeding to Figure 12(b), the dataset comprises only 40 observations reaching down to 200 m. Here, the correlation manifests 

an MBE of -1.06 kg/m² and an RMSE of 4.47 kg/m². This relationship is characterized by the equation y = 0.83x + 1.3, signifying 

that the WEGC values are close to 83 % of the SSMI/S values, but with a contrasting positive offset. 

Especially during this event, the numbers of ensemble members in both datasets are strikingly different, which is remarkable 

since both datasets are based on the same low-level data.  615 

The cut-off heights for RO profiles differ between UCAR and WEGC due to variations in retrieval methods and the application 

of different quality control measures. These differences in cut-off heights result in distinct numbers of events recorded by each 

centre. In this specific case, the variations in cut-off heights play a significant role in the differences observed between CDAAC 

and WEGC event counts. 
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 620 

Figure 12. Comparison of IWV values (in kg/m²) derived from GNSS-RO profiles from CDAAC (a) and WEGC (b) and SSMI/S 

observations during the California 2017 AR event. The IWV values from each GNSS-RO profile are computed from 200 m altitude up to 

the uppermost limit of each profile. The SSMI/S IWV values are extracted at the latitude and longitude that corresponds to the 2 km altitude 

of the GNSS- RO profiles. MBE and RMSE values are given in kg/m². 

 625 

4.4 Comparison of CDAAC and WEGC IWV values with background profiles 

In this subsection, we examine the IWV values obtained from CDAAC and WEGC centres in relation to their corresponding 

background profiles. The comparison has been conducted for those profiles which reach at least to altitudes of: 2 km, 1 km, 

500 m, and 200 m. By considering the background profiles, we aimed to assess the differences between the background and 

retrieved IWV values of the two centres. Through this investigation, we seek to identify any discrepancies or biases between 630 

the IWV values and the corresponding background profiles. 

4.4.1 Iceland-UK 2009 AR event 

For the Iceland-UK 2009 AR event, this resulted in a set of eight plots, with four comparing CDAAC IWV against ERA IWV 

shown in Figures 13(a-d) and another four contrasting WEGC IWV against ECMWF-b as seen in Figures 13(e-h). 

For the CDAAC IWV versus ERA IWV comparison, a general trend can be observed. As altitude decreases from 2 km to 635 

200 m (Figures 13(a-d)), the MBE grows more negative, indicating a progressively larger underestimation of the CDAAC 

IWV values compared to the ERA background. Concurrently, the RMSE also escalated, suggesting increasing variability in 

the comparison. The regression equations showed a steady decrease in the slope, implying a less direct correlation between 

the datasets as altitude decreased. The most pronounced deviation was noticed at 200 m altitude, where the equation is  

y = 0.66x + 2.4, denoting a significant positive offset and reduced slope. 640 
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Figure 13. Comparison of IWV values (kg/m²) retrieved from CDAAC and WEGC centres against their respective background profiles 

during the Iceland-UK 2009 AR event. Eight subplots are distributed over two columns, examining four distinct altitudes: 2 km, 1 km, 

500 m, and 200 m. In the left column, plots (a), (b), (c), and (d) display the relationship between IWV values from ERA background profiles 645 
and IWV values from CDAAC, noting that the TSX satellite uses ECH as the background information. Conversely, in the right column, 

plots (e), (f), (g), and (h) present comparisons between IWV values from ECMWF-b background profiles and IWV values from WEGC. 

RMSE and MBE units are in kg/m². 

 

On the other hand, the WEGC versus ECMWF-b comparison shows a different picture. Throughout the altitudinal range of 650 

2 km to 200 m (Figures 13(e-h)), the MBE values remain less than 2 kg/m2, suggesting a closer alignment of WEGC values to 

the ECMWF-b background. The RMSE values, while increasing as altitude decreases, are generally lower than their CDAAC 
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counterparts. The regression equations exhibit a consistent and high correlation between the datasets across all altitudes, with 

slopes nearing unity at higher altitudes and a minimal offset. 

In the in-depth analysis of the IWV values against their corresponding background profiles, an important distinction emerges 655 

regarding the CDAAC background data sources. While most satellites employ ERA as their background data, TSX uniquely 

utilizes ECH profiles. This distinction becomes particularly evident when observing Figures 13(a-d). 

From Figures 13(a-d), a notable pattern arises: the TSX data points predominantly align with the 1:1 line, indicating a direct 

correlation with the background data. In stark contrast, data from other satellites consistently tends to underestimate the IWV 

values. This implies that, among the satellites examined, TSX exhibits a closer alignment and is more correlated with the 660 

background data than other satellites. 

The presence of TSX data along the 1:1 line reinforces its accuracy and alignment with the ECH profiles it uses as a 

background. This emphasizes that while the retrieved IWV values are not highly sensitive to the choice of background profile, 

the background profile can influence the bias relative to the true IWV. For example, ERA background profiles tend to exhibit 

a wet bias, which is corrected in CDAAC retrievals, resulting in drier values closer to the true IWV. Similarly, ECH profiles 665 

without this wet bias result in CDAAC retrievals that align more closely with them. Noteworthy, while background profiles 

generally exhibit higher IWV values in figures 13(a-d), the retrieved IWV values in CDAAC tend to be drier, with the 

exception of TSX data.  

A close agreement between retrieved and background-derived IWV is not necessarily good or bad, even more since we know 

from section 4.3.1 that there is a close agreement of the IWV values derived from CDAAC and WEGC data, respectively. A 670 

quite possible explanation is that the ERA-derived IWV values are indeed too high, whereas the CDAAC retrieval brings the 

profiles into closer agreement with the “truth” and (in this case) with the WEGC data.  

4.4.2 UK 2020 AR event 

In the second study case centered on the UK 2020 event, an analysis was undertaken to evaluate the IWV values from the 

CDAAC and WEGC centres against their respective background profiles across four distinct altitudes: 2 km, 1 km, 500 m, 675 

and 200 m. These results are visually represented in Figure 14(a-h). 

For the CDAAC IWV, which uses ECH profiles as its background data, the correlation with the background is observed across 

Figures 14(a-d). At 2 km, the correlation exhibits a slight underestimation with an MBE of -0.4 kg/m². and an RMSE of 

1.1 kg/m². As altitude decreases, this underestimation becomes more pronounced, reaching an MBE of -0.78 kg/m². at both 

500 m and 200 m. The regression slopes for these altitudes indicate that the CDAAC values are generally around 85% to 91% 680 

of the background values, with a slight positive offset.  

Figures 14(e-h) showcase the comparison for WEGC IWV data. At 2 km altitude, the data almost mirrors the background with 

an MBE of 0.01 kg/m². However, as we descend in altitude, there's a gradual shift towards underestimation, reaching an MBE 
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of -1.12 kg/m² at 500 m. The regression slopes remain relatively close to unity, especially at higher altitudes, suggesting a 

strong alignment with the background data. 685 

Comparing these findings with the previous study case for the UK-Iceland 2009 event, some distinctions emerge. In the 2009 

event, while the retreivals for most satellites at CDAAC used ERA as the background, the exception of TSX utilizing ECH 

profiles stood out due to its close alignment along the 1:1 line. In the 2020 event, the utilization of ECH profiles as the 

background for CDAAC IWV seems to offer a more consistent and aligned IWV estimation across altitudes compared to when 

ERA was predominantly used as the background in the 2009 event. 690 

 

Figure 14. Comparison of IWV values retrieved from CDAAC and WEGC centres against their respective background profiles during the 

UK 2020 AR event. Eight subplots are distributed over two columns, examining four distinct altitudes: 2 km, 1 km, 500 m, and 200 m. In 

the left column, plots (a), (b), (c), and (d) display the relationship between IWV values from ECH background profiles and IWV values 
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from CDAAC. Conversely, in the right column, plots (e), (f), (g), and (h) present comparisons between IWV values from ECMWF-b 695 
background profiles and IWV values from WEGC. RMSE and MBE units are in kg/m². 

The choice of ECH profiles for CDAAC IWV in the 2020 event appears to enhance its correlation, echoing the superior 

alignment observed with TSX in the 2009 event, which also used ECH profiles. This emphasizes the important role of 

background data in shaping the accuracy and reliability of satellite-derived IWV values, with ECH profiles emerging as a 

potentially more aligned choice in these study cases. 700 

Interestingly, COSMIC-2 data provide additional insights into these differences. As shown in Figure 7, CDAAC COSMIC-2 

data appear noticeably drier than WEGC data, suggesting that the ECMWF-b profiles used by CDAAC may inherently exhibit 

a drier bias compared to the ECH profiles used by WEGC. However, in Figure 14, no significant bias is observed relative to 

the background for either center. This discrepancy may arise from differences in retrieval methodologies, quality control 

measures, or the atmospheric conditions during these events. The COSMIC-2 results highlight the importance of evaluating 705 

biases across different altitudes and conditions to better understand the impact of background profiles on retrieval outcomes. 

4.5. Comparative Analysis of WEGC specific humidity profiles with ECMWF Background Data Across Events 

In this subsection, we compare the specific humidity profiles retrieved by WEGC with their corresponding ECMWF 

background data across different events. The goal of this analysis is to understand the extent and nature of discrepancies, if 

they are, between the retrieved and background data, and analyse the effect of background water vapor on the retrieved q.  710 

Initially, the differences between the specific humidity values retrieved by WEGC (qwegc) and those from ECMWF (qECMWF-b) 

were computed for those profiles reaching a minimum altitude of 500 m. These differences are visualized in a plot against 

altitude (Fig. 15), offering a clear representation of how deviations vary with height. To ensure a substantial data sample while 

maintaining the ability to analyse specific altitudes like 2 km and 1 km, only profiles reaching down to the lowest 500 m are 

incorporated in this comparison. A decision to narrow down to 200 m would have resulted in a restricted sample size, 715 

potentially skewing the insights. Subsequent to this, for the plotted differences, the mean specific humidity and its standard 

deviation (std) are computed for each satellite individually.  

Furthermore, the relative specific humidity difference (RSHD) was calculated and visualized for each event, providing a 

quantitative measure of the accuracy of the retrieved data in relation to the background, which is defined as: 

 𝑅𝑆𝐻𝐷 =
𝑞()*(,-./ − 𝑞()0)()12)

𝜎()0)()12)
 (6) 

 720 

 Where qretrieval is the specific humidity retrieved from GNSS-RO data, and qreference is the specific humidity from the reference 

dataset. This metric provides a percentage-based comparison of differences, allowing for direct evaluation of retrieval 

accuracy.  
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Lastly, to assess the variability and dispersion of the relative humidity differences, the interquartile range (IQR) and standard 

deviation for the relative specific humidity differences are plotted. This comprehensive approach ensures a holistic 725 

understanding of the alignment between the WEGC retrieved data and the ECMWF background across different altitudes and 

satellites. 

Upon reviewing Fig. 16 which, in combination, covers six distinct events, several patterns emerge. The plots showcase specific 

humidity relative differences when comparing WEGC retrievals against ECMWF background data. This difference 

representation, spread across different altitudes, grants a layered perspective into the retrievals for each event. 730 

It is evident that the differences are generally minimal at higher altitudes. This is inferred from the concentration of data around 

the zero-difference mark in these regions, signifying that the humidity values are small to begin with, and that the WEGC 

retrievals closely mirror the ECMWF background data. However, as one moves to lower altitudes, the spread of differences 

broadens, indicating an increase in discrepancies between the retrievals and the background. This is not a bad thing, since it 

just means that retrievals differ from their respective backgrounds, which is – in general – related to an increase in information 735 

content.   

Figures 15 and 16 illustrate the potential biases in GNSS-RO retrievals in the lower troposphere, where super-refraction and 

other effects can influence the retrieved values. These biases, which are more pronounced in the CDAAC TSX data, underscore 

the importance of considering lower troposphere uncertainties when interpreting IWV retrievals. 

Another striking observation is the variability between different datasets or satellites within each event. While some datasets 740 

exhibit a tight clustering of differences around the zero-mark others display a broader spread.  

The sensitivity of GNSS-RO retrievals to vapor a-priori differs between specific humidity profiles and IWV values. As shown 

in Figures 4(a) and 6(a), the altitude-dependent sensitivity is related to RAER values, with lower RAER indicating stronger 

observational influence. IWV retrievals, however, may not consistently align with background IWV due to their integration 

over the vertical profile, which can amplify or mask biases in the lower troposphere. This is particularly evident in CDAAC 745 

TSX data (Figure 6a) and the comparisons presented in Figures 15 and 16, where systematic biases in the lower troposphere 

contribute to differences in IWV values. 

Conclusively, these figures offer a deep dive into the nuances of specific humidity retrieval differences when juxtaposed 

against a consistent background dataset. They underscore the variability introduced by different datasets or satellite sources. 

The consistent patterns across events also hint at systematic challenges or characteristics inherent to the regions or times of the 750 

events studied. 

 

 

 

 755 
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Iceland-UK 2009                               Southern Africa 2009 

 
UK 2015                 California 2017 760 

 
California 2019      UK 2020 

 
Figure 15. Comparison of specific humidity profiles retrieved by WEGC against ECMWF background data for each event. (a) Difference 

in specific humidity (qwegc-qECMWF-b) plotted against altitude. (b) Mean specific humidity represented by a solid line, with the standard 765 
deviation (std) denoted by a dashed line.  
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Figure 16. Detailed assessment of specific humidity relative differences across different events. Each of the six plots represents an 

individual event, containing three distinct visualizations for every satellite present: (i) Relative Specific Humidity Difference (RSHD) in 770 
percentage, showcasing the discrepancies between retrieved and background values, (ii) Standard Deviation (std) of RSHD, highlighted to 

capture the variability in differences, and (iii) Interquartile Range (IQR) of RSHD emphasizing the middle 50 % spread of the differences. 

 

 

 775 
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5. Conclusions and Outlook 

The critical role of Atmospheric Rivers (ARs) in global moisture transport and precipitation dynamics necessitates accurate 

water vapor measurements for both understanding and forecasting these phenomena. While the integrated water vapor content 

(IWV) of ARs can be well measured with microwave and infrared sounders, the vertical structure is less well known. In this 

study, we analysed if specific humidity profiles and IWV values from Global Navigation Satellite System Radio Occultation 780 

(GNSS-RO) measurements provide additional information for the study of ARs, in particular regarding their vertical structure. 

The retrieval of water vapor from GNSS-RO data requires background information, which is usually incorporated by the one-

dimensional variational method (1D-Var) that combine observations and background in an optimal manner. We compared data 

from the COSMIC Data Analysis and Archive Centre (CDAAC), operated by the University Corporation for Atmospheric 

Research (UCAR) in Boulder, Colorado with data from the Wegener Center for Climate and Global Change (WEGC) at the 785 

University of Graz, Austria. 

 

A significant part of our study addresses the performance of the 1D-Var systems at CDAAC and WEGC, particularly when 

there are large differences between the RO observations and the background data. The different computations of tangent point 

trajectories and reference points, especially when they are situated at the edges of AR events with pronounced humidity 790 

gradient, can lead to the extraction of background profiles at very different locations with different humidity regimes. When 

comparing data from different centres it is important be aware of this, in order to better understand potential differences. 

 

Despite these differences, the 1D-Var method at both centers yields remarkably similar retrieved profiles. In particular in the 

altitude range, where the 1D-Var scheme allows for a strong weighting of the observations. This consistency across different 795 

centres highlights the 1D-Var system's robustness and adaptability in handling diverse atmospheric conditions, demonstrating 

its capacity to produce reliable profiles despite varied and contrasting background data. However, it is clear that background 

water vapor significantly shapes the retrieved profiles, especially where weighting of the observations is weak.  

 

GNSS-RO data provide accurate specific humidity profiles, however, challenges in reaching the lowermost troposphere, lead 800 

to systematic underrepresentation of the IWV values. The altitude-specific assessments shed light on the variability of IWV 

data and the performance of RO profiles across different atmospheric layers. Additionally, the integration of Special Sensor 

Microwave Imager/Sounder (SSMI/S) IWV values offered a broader perspective, revealing gaps in RO profiles and suggesting 

the potential for augmenting RO IWV measurements with SSMI/S observations. 

 805 

Comparing forecast data from the European Centre for Medium-Range Weather Forecasts profiles (ECMWF) with ECMWF 

analysis data at the GNSS-RO profile locations shows generally very small changes – even though the GNSS-RO profiles have 

been assimilated into the analyses. This indicates that GNSS-RO humidity information has still a limited impact on analyses 



36 
 

– even though they have a demonstrated information content. It seems therefore useful to employ GNSS-RO (and other) data 

for direct observations of ARs. 810 

 

The good agreement between RO-derived IWV values from CDAAC and WEGC and between WEGC and ECMWF together 

with a marked discrepancy between CDAAC and ERA5 suggests that the ERA5 reanalyses might indeed have a wet bias.  

 

As a next step, we recommend combining RO profiles with SSMI/S IWV observations to compensate for the missing lower 815 

parts of the RO profiles. While SSMI/S provides integrated water vapor data with horizontal resolution, it lacks vertical detail, 

making it a complementary dataset to RO profiles, especially near the edges of ARs where humidity gradients are most 

pronounced. The consistent RO and SSMI/S IWV values shown in this manuscript demonstrate the possibility of combining 

these two observations within the current variational method framework. 

 820 

Future research should focus on integrating complementary datasets, such as GNSS-RO and SSMI/S, within advanced data 

assimilation systems. This integration can enhance the resolution of the three-dimensional moisture structure of ARs, 

particularly in the lower troposphere where GNSS-RO data have known limitations. Furthermore, combining the vertical 

resolution of GNSS-RO data with the horizontal coverage of SSMI/S in real-time operational forecasting systems could 

improve AR predictions and provide insights into extreme precipitation events. 825 

 

Another important aspect of future work is the global availability of GNSS-RO data, which allows for studying ARs in regions 

that lack routine measurement campaigns or mesoscale modeling studies. For instance, GNSS-RO data have proven invaluable 

in a current study analyzing ARs over Africa, a region that remains understudied in this context. Expanding such analyses to 

other underrepresented regions could significantly advance our understanding of ARs and their impacts worldwide. 830 

 

In conclusion, our research offers a comprehensive exploration of humidity profiles and IWV values within AR events. It 

illuminates the complex interplay between retrieval methodologies, tangent point trajectories, and background data, and their 

collective impact on the retrievals. Our findings not only advance the understanding of atmospheric moisture profiling but also 

set a direction for future research. Emphasizing the synergy of different observational tools and datasets, this study advocates 835 

for an integrated approach to achieve a more accurate and comprehensive understanding of atmospheric conditions, particularly 

focusing on the dynamic nature of Atmospheric Rivers. 

 

Author Contributions: This article was jointly conceptualized by both authors. UF provided guidance, engaged in critical 

discussions, and oversaw the research process. The first author, BR, performed the computational and analytical work and was 840 

responsible for writing the manuscript draft, which was then revised by UF. UF’s mentorship and expertise contributed to 

shaping the research direction and methodology. Both authors contributed to the interpretation of the results. 



37 
 

 

Acknowledgment: the authors thank Mark Schwärz and Andrea K. Steiner (Wegener Center for Climate and Global Change, 

University of Graz, Austria) for invaluable discussions.  845 

 

Financial Support: this work was funded by the Austrian Science Fund (FWF) under Research Grant W1256 (Doctoral 

Programme on “Climate Change: Uncertainties, Thresholds and Coping Strategies”), and by the University of Graz. 

6. References 

Alley, R. B., Emanuel, K. A., Zhang, F.: Advances in weather prediction. Science., 363, 342–344, DOI:  850 

https://doi.org/10.1126/science.aav7274 , 2019 

Angerer, B., Ladstädter, F., Scherllin-Pirscher, B., Schwärz, M., Steiner, A. K., Foelsche, U., and Kirchengast, G.: Quality 

aspects of the Wegener Center multi-satellite GPS radio occultation record OPSv5.6, Atmos. Meas. Tech., 10, 4845–4863, 

https://doi.org/10.5194/amt-10-4845-2017, 2017. 

Aparicio, J. M. and Laroche, S.: An evaluation of the expression of the atmospheric refractivity for GPS signals, J. Geophys. 855 

Res., 116, D11104, https://doi.org/10.1029/2010JD015214, 2011. 

Bauer, P., Thorpe, A., Brunet, G.: The quiet revolution of numerical weather prediction. Nature., 525, 47–55, 

https://doi.org/10.1038/nature14956 , 2015. 

Bevis, M. Businger, S., Herring, A.T., Rocken, C., Anthes, R.A., Ware, R.H.: Remote sensing of atmospheric water vapor 

using the global positioning system. J. Geophys. Res. Atmos. 1992, 97, 15787–15801, https://doi.org/10.1029/92JD01517, 860 

1992. 

Bouma, H. R. and Stoew, B.: GPS observations of daily variations in the atmospheric water vapor content, Phys. Chem. Earth 

A, 26, 389–392, (https://doi.org/10.1016/S1464-1895(01)00071-0), 2001. 

Businger, S., Chiswell, S. R., Bevis, M., Duan, J., Anthes, R. A., Rocken, C., Ware, R. H., Exner, M., Hove, T. V., and Solheim, 

F.: The promise of GPS in atmospheric monitoring, Bull. Am. Meteorol. Soc., 77, 5–18, https://doi.org/10.1175/1520-865 

0477(1996)077<0005:TPOGIA>2.0.CO;2, 1996. 

COSMIC Project Office: Variational Atmospheric Retrieval Scheme (VARS) for GPS Radio Occultation Data, Report, 

University Corporation for Atmospheric Research Version 1.1, UCAR, available at: http://cdaac-

www.cosmic.ucar.edu/cdaac/doc/documents/1dvar.pdf (last access: 30 October 2023), 2005.  

Cucurull, L., and Derber, J. C.,: Operational implementation of COSMIC observations into the NCEP global data assimilation 870 

system. Wea. Forecasting., 23, 702–711, https://doi.org/10.1175/2008WAF2007070.1, 2008. 



38 
 

Dai, A., Wang, J., Ware, R. H., and Hove, T.: Diurnal variation in water over North America and its implications for sampling 

errors in radiosonde humidity, J. Geophys. Res., 107, https://doi.org/10.1029/2001JD000642, 2002. 

Danzer, J., Foelsche, U., B. Scherllin-Pirscher. B., and M. Schwärz, M.: Influence of changes in humidity on dry temperature 

in GPS RO climatologies, Atmos. Meas. Tech., 7, 2883-2896, https://doi.org/10.5194/amt-7-2883-2014, 2014. 875 

DeFlorio, M. J., Waliser, D. E., Guan, B., Lavers, D. A., Ralph, F. M., Vitart, F.: Global Assessment of Atmospheric River 

Prediction Skill. J. Hydrometeorol., 19, 409–426, https://doi.org/10.1175/JHM-D-17-0135.1 , 2018  

Demirdjian, R.; Doyle, J.D.; Reynolds, C.A.; Norris, J.R.; Michaelis, A.C.; Ralph, F.M. A Case Study of the Physical Processes 

Associated with the Atmospheric River Initial-Condition Sensitivity from an Adjoint Model. J. Atmos. Sci., 77, 691–709, 

https://doi.org/10.1175/JAS-D-19-0155.1 , 2020 880 

Doyle, J. D., Amerault, C., Reynolds, C. A., Reinecke, P. A.: Initial condition sensitivity and predictability of a severe 

extratropical cyclone using a moist adjoint. Mon. Weather Rev., 142, 320–342, https://doi.org/10.1175/MWR-D-13-00201.1 , 

2014  

Elsaesser, G. S., and Kummerow, C. D.: Toward a fully parametric retrieval of the nonraining parameters over the global 

oceans, J. Appl. Meteorol. Climatol., 47, 1599–1618, https://doi.org/10.1175/2007jamc1712.1, 2008. 885 

Emardson, T. R., Elgered, G., and Johansson, J. M.: Three months of continuous monitoring of atmospheric water vapor with 

a network of Global Positioning System receivers, J. Geophys. Res., 103, 1807–1820, https://doi.org/10.1029/97JD03015, 

1998. 

Fennig, K., Schröder, M., Andersson, A., and Hollmann, R.: A Fundamental Climate Data Record of SMMR, SSM/I, and 

SSMIS brightness temperatures, Earth Syst. Sci. Data, 12, 647–681, https://doi.org/10.5194/essd-12-647-2020,  2020. 890 

Fersch, B., Wagner, A., Kamm, B., Shehaj, E., Schenk, A., Yuan, P., Geiger, A., Moeller, G., Heck, B., Hinz, S., Kutterer, H., 

and Kunstmann, H.: Tropospheric water vapor: a comprehensive high-resolution data collection for the transnational Upper 

Rhine Graben region, Earth Syst. Sci. Data, 14, 5287–5307, https://doi.org/10.5194/essd-14-5287-2022, 2022. 

Foelsche, U., Borsche, M., Steiner, A. K., Gobiet, A., Pirscher, B., Kirchengast, G., Wickert, J., and Schmidt, T.: Observing 

upper troposphere-lower stratosphere climate with radio occultation data from the CHAMP satellite, Clim. Dyn., 31, 49–65, 895 

https://doi.org/10.1007/s00382-007-0337-7, 2008. 

Foelsche, U., Scherllin-Pirscher, B., Ladstädter, F., Steiner, A. K., and Kirchengast, G.: Refractivity and temperature climate 

records from multiple radio occultation satellites consistent within 0.05%, Atmos. Meas. Tech., 4, 2007–2018, 

https://doi.org/10.5194/amt-4-2007-2011, 2011a. 



39 
 

Foelsche, U., Syndergaard, S., Fritzer, J., and Kirchengast, G.: Errors in GNSS radio occultation data: relevance of the 900 

measurement geometry and obliquity of profiles, Atmos. Meas. Tech., 4, 189–199, https://doi.org/10.5194/amt-4-189-2011, 

2011b. 

Hajj, G. A., Kursinski, E. R., Romans, L. J., Bertiger, W.I., and Leroy, S. S.: A technical description of atmospheric sounding 

by GPS occultation, J. Atmos. Sol. Terr. Phys., 64, 451–469, https://doi.org/10.1016/S1364-6826(01)00114-6, 2002. 

Healy, S. B., and Eyre, J. R.: Observing system simulation experiments for radio occultation from low-Earth-orbiting satellites, 905 

Q. J. R. Meteorol. Soc., 140, 1027–1041, https://doi.org/10.1002/qj.2195, 2014. 

Healy, S. B. and Thépaut, J. N.: Assimilation experiments with CHAMP GPS radio occultation measurements, Q. J. Roy. 

Meteor. Soc., 132, 605–623, 2006 . 

Kirchengast, G., Fritzer, J., and Schwärz, M.: ESA-OPSGRAS—Reference Occultation Processing System (OPS) for GRAS 

on MetOp and Other Past and Future RO Missions, WEGC-IGAM/UniGraz Proposal to ESA/ESTEC, Doc-Id: WEGC/ESA-910 

OPSGRAS/Prop/v4May10. 2010. [Google Scholar] 

Kursinski, E. R., Hajj, G. A., Hardy, K. R., Romans, L. J., and Schofield, J. T.: Observing tropospheric water vapor by radio 

occultation using the Global Positioning System, Geophys. Res. Lett., 22, 2365–2368, https://doi.org/10.1029/95GL02127, 

1995. 

Kursinski, E. R., Hajj, G. A., Schofield, J. T., Linfield, R. P., and Hardy, K. R.: Observing Earth's atmosphere with radio 915 

occultation measurements using the Global Positioning System, J. Geophys. Res, 102, 23429–23465, 

https://doi.org/10.1029/97JD01569, 1997.   

Li, Y., Yuan, Y., and Wang, X.: Assessments of the Retrieval of Atmospheric Profiles from GNSS Radio Occultation Data in 

Moist Tropospheric Conditions Using Radiosonde Data, Remote Sens., 12, 2717, https://doi.org/10.3390/rs12172717, 2020. 

Lorenz, E. N.: The predictability of a flow which possesses many scales of motion. Tellus., 21, 289–307, 920 

https://doi.org/10.3402/tellusa.v21i3.10086 , 1969. 

Ma, Z., Kuo, Y. -H., Ralph, F. M., Neiman, P. J., Wick, G. A., Sukovich, E., and Wang, B.: Assimilation of GPS radio 

occultation data for an intense atmospheric river with the NCEP regional GSI system. Monthly Weather Review, 139, 2170-

2183. https://doi.org/10.1175/2011MWR3342.1, 2011. 

Melbourne, W. G.: The application of spaceborne GPS to atmospheric limb sounding and global change monitoring, JPL Publ., 925 

147, 1–26, 1994. 

Murphy, M. J., and Haase, J.: Evaluation of GNSS Radio Occultation Profiles in the Vicinity of Atmospheric Rivers, 

Atmosphere, 13, 1495; https://doi.org/10.3390/atmos13091495, 2022 



40 
 

Neiman, P. J., Ralph, F. M., Wick, G. A., Kuo, Y.-H., Wee, T.-K., Ma, Z., Taylor, G. H., and Dettinger, M. D.: Diagnosis of 

an Intense Atmospheric River Impacting the Pacific Northwest: Storm Summary and Offshore Vertical Structure Observed 930 

with COSMIC Satellite Retrievals, Monthly Weather Review, 136, 4398, https://doi.org/10.1175/2008MWR2550.1, 2008a. 

Neiman, P. J., Ralph, F. M., Wick, G. A., Lundquist, J. D., and Dettinger, M. D.: Meteorological characteristics and overland 

precipitation impacts of atmospheric rivers affecting the West Coast of North America based on eight years of SSM/I satellite 

observations, J. Hydrometeorol., 9, 22–47, https://doi.org/10.1175/2007JHM855.1, 2008b.  

NESDIS STAR: MiRS Sensors - SSMIS Overview. Retrieved from https://www.star.nesdis.noaa.gov/mirs/ssmis.php (last 935 

access: 30 April 2024), 2024. 

Ota, Y., Derber, J. C., Kalnay, E., Miyoshi, T.: Ensemble-based observation impact estimates using the NCEP GFS. Tellus A 

Dyn. Meteorol. Oceanogr., 65, 20038, https://doi.org/10.3402/tellusa.v65i0.20038 , 2013  

Parracho, A. C., Bock, O., and Bastin, S.: Global IWV trends and variability in atmospheric reanalyses and GPS observations, 

Atmos. Chem. Phys., 18, 16213–16237, https://doi.org/10.5194/acp-18-16213-2018, 2018. 940 

Ralph, F. M., Neiman, P. J., and Wick, G. A.: Satellite and CALJET aircraft observations of atmospheric rivers over the eastern 

North Pacific Ocean during the winter of 1997/98, Mon. Wea. Rev., 132, 1721–1745, https://doi.org/10.1175/1520-

0493(2004)132<1721:SACAOO>2.0.CO;2, 2004. 

Ralph, F. M., Neiman, P. J., Kingsmill, D. E., Persson, P. O. G., White, A. B., Strem, E. T., Andrews, E. D., and Antweiler, 

R. C.: The impact of a prominent rain shadow on flooding in California's Santa Cruz Mountains: A CALJET case study and 945 

sensitivity to the ENSO cycle, J. Hydrometeor., 4, 1243–1264, https://doi.org/10.1175/1525-

7541(2003)004<1243:TIOAPR>2.0.CO;2, 2003.  

Ralph, F. M., Neiman, P. J., Wick, G. A., Gutman, S. I., Dettinger, M. D., Cayan, D. R., and White, A. B.: Flooding on 

California’s Russian River: The role of atmospheric rivers, Geophys. Res. Lett., 33, L13801, 

https://doi.org/10.1029/2006GL026689, 2006. 950 

Randel, W. J., Johnston, B. R., Braun, J. J., Sokolovskiy, S., Vömel, H., Podglajen, A., and Legras, B.: Stratospheric Water 

Vapor from the Hunga Tonga–Hunga Ha’apai Volcanic Eruption Deduced from COSMIC-2 Radio Occultation, Remote Sens., 

15, 2167, https://doi.org/10.3390/rs15082167, 2023.  

Reynolds, C. A., Doyle, J. D., Ralph, F. M., Demirdjian, R.: Adjoint sensitivity of North Pacific atmospheric river forecasts. 

Mon. Weather Rev., 147, 1871–1897, https://doi.org/10.1175/MWR-D-18-0347.1 , 2019  955 

Rieckh, T., Anthes, R., Randel, W., Ho, S. P., and Foelsche, U.: Evaluating tropospheric humidity from GPS radio occultation, 

radiosonde, and AIRS from high-resolution time series, Atmos. Meas. Tech., 11, 3091–3109, https://doi.org/10.5194/amt-11-

3091-2018, 2018. 



41 
 

Rieckh, T., Anthes, R., Randel, W., Ho, S.-P., and Foelsche, U.: Tropospheric dry layers in the Tropical Western Pacific: 

Comparisons of GPS radio occultation with multiple data sets, Atmos. Meas. Tech., 10, 1093-1110, 960 

https://doi.org/10.5194/amt-10-1093-2017, 2017. 

Rocken, C., Anthes, R., Exner, M., Hunt, D., Sokolovskiy, S., Ware, R., Gorbunov, M., Schreiner, W., Feng, D., Herman, B., 

Kuo, Y. H., and Zou, X.: Analysis and validation of GPS/MET data in the neutral atmosphere, J. Geophys. Res, 102, 29849–

29866, https://doi.org/10.1029/97JD02400, 1997.   

Scherllin-Pirscher, B., Foelsche, U., Borsche, M., Steiner, A. K., Kirchengast, G., & Kuo, Y. H.: Quantitative assessment of 965 

radio occultation data in the lower troposphere, J. Geophys. Res. Atmos., 116, D13, https://doi.org/10.1029/2010JD014684, 

2011a. 

Scherllin-Pirscher, B., Kirchengast, G., Steiner, A.K., Kuo, Y. H., and Foelsche, U.: Quantifying uncertainty in climatological 

fields from GPS radio occultation: An empirical-analytical error model, Atmos. Meas. Tech., 4, 2019–2034, 

https://doi.org/10.5194/amt-4-2019-2011,  2011b. 970 

Scherllin-Pirscher, B., Steiner, A. K., Kirchengast, G., Schwärz, M., and Leroy, S. S.: The power of vertical geolocation of 

atmospheric profiles from GNSS radio occultation, J. Geophys. Res. Atmos., 122, 1595–1616, 

https://doi.org/10.1002/2016JD025902, 2017. 

Schwärz, M., Kirchengast, G., Scherllin-Pirscher, B., Schwarz, J., Ladstädter, F., and Angerer, B.: Multi-mission validation 

by satellite radio occultation extension project–Final report, Tech. Rep. for ESA/ESRIN No. 01/2016, Wegener Center, 975 

University of Graz, Graz, Austria, available at: https://wegcwww.uni-graz.at/publ/wegcpubl/arsclisys/2016/Schwaerz-

etal_MMValRO-FinRep_Dec2016.pdf  (last access: 30 October 2023), 2016. 

Smith, E.K. and Weintraub, S.: The constants in the equation for atmospheric refractive index at radio frequencies, Proc. IRE, 

41, 1035–1037, https://doi.org/10.1109/JRPROC.1953.274297, 1953. 

Steiner, A. K., Kirchengast, G., and Ladreiter, H. P.: Inversion, error analysis, and validation of GPS/MET occultation data, 980 

Ann. Geophys., 17, 122–138, https://doi.org/10.1007/s00585-999-0122-5, 1999. 

Steiner, A. K., Kirchengast, G., Foelsche, U., Kornblueh, L., Manzini, E., and Bengtsson, L.: GNSS occultation sounding for 

climate monitoring, Phys. Chem. Earth A, 26, 113–124, https://doi.org/10.1016/S1464-1895(01)00034-5, 2001.   

Stohl, A., Forster, C., and Sodemann, H.: Remote sources of water vapor forming precipitation on the Norwegian west coast 

at 60°N—A tale of hurricanes and an atmospheric river, J. Geophys. Res., 113, D05102, 985 

https://doi.org/10.1029/2007JD009006, 2008. 



42 
 

Stone, R. E., Reynolds, C. A., Doyle, J. D., Langland, R. H., Baker, N. L., Lavers, D. A., Ralph, F. M.: Atmospheric River 

Reconnaissance Observation Impact in the Navy Global Forecast System. Mon. Weather Rev., 148, 763–782, 

https://doi.org/10.1175/MWR-D-19-0101.1 , 2020 

Stull, R.: Practical Meteorology: An Algebra-based Survey of Atmospheric Science, version 1.02b, Ch. 4, pp. 87-118, Univ. 990 

of British Columbia, 940 pp., ISBN 978-0-88865-283-6, 2017. 

Ware, R., Exner, M., Feng, D., Gorbunov, M., Hardy, K., Herman, B., Kuo, YH., Meehan, TK., Melbourne, W., Rocken, C., 

Schreiner, W., Sokolovskiy, S., Solheim, F., Zou, X., Anthes, RA., Businger, S., and Trenberth, K.: GPS sounding of the 

atmosphere from low Earth orbit: Preliminary results, Bull. Amer. Meteorol. Soc., 77, 19, 10.1175/1520-

0477(1996)077<0019:GSOTAF>2.0.CO;2, 1996. 995 

Ware, R., Exner, M., Gorbunov, M., Hardy, K., Herman, B., Kuo, Y., Meehan, T., Melbourne, W., Rocken, C., Schreiner, W., 

et al.: GPS sounding of the atmosphere from low Earth orbit: Preliminary results, Bull. Am. Meteorol. Soc., 77, 19–40, 

https://doi.org/10.1175/1520-0477(1996)077<0019:GSOTAF>2.0.CO;2, 1996. 

Wentz, F. J. and Spencer, R. W.: SSM/I rain retrievals within a unified all‐weather ocean algorithm, J. Atmos. Sci., 55, 1613–

1627, https://doi.org/10.1175/1520-0469(1998)055<1613:SIRRWA>2.0.CO;2, 1998. 1000 

Xue, Y., Li, J., Menzel, W. P., Borbas, E., Ho, S.‐P., Li, Z., and Li, J.: Characteristics of satellite sampling errors in total 

precipitable water from SSMIS, HIRS, and COSMIC observations, J. Geophys. Res. Atmos., 124, 6966–6981, 

https://doi.org/10.1029/2018JD030045, 2019.  

Zhu, Y. and Newell, R. E.: A proposed algorithm for moisture fluxes from atmospheric rivers, Mon. Wea. Rev., 126, 725–

735, https://doi.org/10.1175/1520-0493(1998)126<0725:APAFMF>2.0.CO;2 , 1998. 1005 

 

 


