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Abstract. Marine Atmosphere Boundary layer (MABL) water vapor amount and gradient impact the global energy transport

through directly affecting the sensible and latent heat exchange between the ocean and atmosphere. Yet, it is a well-known chal-

lenge for satellite remote sensing to profile MABL water vapor, especially when cloud or sharp vertical gradient of water vapor

are present. Wu et al. (2022) identified good correlations between Global Navigation Satellite System (GNSS) deep refraction

signal-to-noise-ratio (SNR) signal and the global MABL water vapor specific humidity when the radio occultation (RO) signal5

is ducted by the moist planetary boundary layer (PBL), and they laid out the underlying physical mechanisms to explain such a

correlation. In this work, we apply a machine-learning/artificial intelligence (ML/AI) technique to demonstrate the feasibility

for profile-by-profile MABL water vapor retrieval using the SNR signal. Three convolutional neural network (CNN) models

are trained using multi-months of global collocated hourly ERA-5 reanalysis and COSMIC-1, METOP-A and METOP-B 1

Hz SNR observations between 975 – 850 hPa with 25 hPa vertical resolution. The COSMIC-1 ML model is then applied to10

both COSMIC-1 and COSMIC-2 in other time ranges for independent retrieval and validation. Monte Carlo Dropout method

was employed for the uncertainty estimation. Comparison against multiple field campaign radiosonde/dropsonde observations

globally suggests SNR-ML method retrieved water vapor consistently outperforms the wetPrf/wetPf2 standard retrieval prod-

uct at all six pressure levels between 975 hPa and 850 hPa, and either outperforms or achieves similar performance against

ERA-5, indicating real and useful information is gained from the SNR signal albeit training was performed against the reanaly-15

sis. Climatology and diurnal cycle of MABL structure constructed from the SNR-ML technique is studied and compared to the

reanalysis. Disparities of climatology suggest ERA-5 may systematically produces dry biases at high-latitudes, and wet biases

in marine stratocumulus regions. The diurnal cycle amplitudes are too weak and sometimes off-phase in ERA-5, especially in

Arctic and stratocumulus regions. These areas are particularly prone to PBL processes where this GNSS SNR-ML water vapor

product may contribute the most.20
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1 Introduction

As a key component of Earth’s lower atmosphere, planetary boundary layer (PBL) water vapor plays a pivotal role in Earth’s

energy budget, exerting a profound influence on weather and climate processes. It is an essential factor of the Earth’s energy

budget, influencing radiative forcing and consequently climate variability and long-term changes. Furthermore, PBL water

vapor is instrumental in modulating local and regional weather patterns by affecting cloud formation, precipitation and temper-25

ature. Therefore, study of PBL water vapor stands as a vital element in advancing our comprehension of Earth’s atmosphere

and its broader implications for our planet’s climate system.

70% of the Earth’s surface is covered by water. The sensible and latent heat exchange between the ocean boundary and

the marine atmosphere boundary layer (MABL) happens at different spatial and temporal scales, which is determined by

not only ocean surface properties (e.g., wind speed, sea surface temperature) but also MABL thermodynamic structures. For30

example, under the context of susceptibility of polar area to the climate change, Boisvert et al. (2015) found Arctic PBL

humidity and temperature biases in the reanalysis are the major error sources for the evaporation estimation compared to

satellite observations. Cloud-cimate feedback is another motivation highlighted by NASA’s PBL incubation study (Teixeira et

al. (2021)). As another example, Milan et al. (2019) found strong correlation between MABL cloud top height and below-

cloud water vapor amount using two joint satellite retrieval products.35

Data sparsity is a critical problem for advancing MABL science. Satellite remote sensing undoubtedly provides the best

solution in terms of global coverage, but it is very difficult to retrieve MABL WV and its vertical distribution when cloud or

sea ice are present. When clouds are present in the scene, emissions from clouds often overwhelms the emission signal from the

MABL water vapor and prevents passive instruments sensing the below-cloud atmosphere. When sea ice is present, scattering

or surface emission from the sea ice are often inseparable from water vapor emission signals and distort the retrieval result.40

Taking the aforementioned two research as examples, Boisvert et al. (2015) uses Level 2 AIRS water vapor and temperature

retrieval products, which are only available for clear or partially-cloudy sky situations, so it inherently contains a sampling

bias. Milan et al. (2019) derived MABL total WV amount from subtracting MODIS above-cloud water vapor from AMSU-A

total column water vapor, which still lacks the vertical information of WV in the MABL.

Using low-frequency microwave L-band to transmit signals along the limb path, the Global Navigation Satellite System45

(GNSS) satellite overcomes the two above difficulties and provides high vertical resolution (100-200 m) of the MABL water

vapor under all-sky conditions. GNSS Radio Occultation (GNSS-RO) retrieves temperature and water vapor profiles using

the 1D-Var approach routinely from the Level 2 bending angle product (referred as "standard L2 product" or "operational L2

product" hereafter), the latter of which is used operationally in numerical weather data assimilation systems to improve weather

forecasts (e.g.,Kuo et al. (2000)). Because of the rapid growth of SmallSat/CubeSat constellations from both the commercial50

and non-profit sectors, GNSS-RO technique provides a promising future for the needed global spatial-temporal sampling of

MABL WV and its variability. Like other limb sounders, the disadvantage of GNSS-RO is its relatively coarse horizontal

resolution (several hundred kilometers) that smears out horizontally inhomogeneous signals. This is typically not a big concern

in MABL as the vertical gradient is much sharper than the horizontal gradient and harder to characterize.
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However, GNSS-RO WV retrieval profiles have excessively high failure rate in the MABL. That is because the GNSS-RO55

signal-to-noise ratio (SNR) decreases with decreasing altitude due to the atmospheric defocusing effect, and the Level-2 RO

signal hence often does not meet the SNR threshold near the surface. As a result, the GNSS-RO 1D-Var based retrievals often

fail in the MABL due to weak RO signals. Fig. 1 gives an example of the success statistics (%) as a function of height for

temperature (Fig. 1a) and water vapor (Fig. 1b) over the tropical ocean (10�S� 10�N ). Using 0:5km and 1km above the

ocean surface as the reference lines, we can see although the COSMIC-2 (Constellation Observing System for Meteorology,60

Ionosphere, and Climate-2) has significantly improved its SNR compared to its predecessor COSMIC-1, the success rate is still

about 60% at 0:5km and slightly over 70% at 1km for the GNSS-RO WV retrieval, while this number is only 40% and 55%

for COSMIC-1 at respective altitudes. The low SNR widely exists for commercial GNSS satellites especially in the lowest

500 m above the surface (Ganeshan et al. (2025)). Moreover, even passed the SNR threshold, some bending angle profiles are

significantly biased in the PBL when ducting happens because the refractivity index becomes negative, which leads to biases65

in the operational water vapor retrievals (Feng et al. (2020)).

(a) AtmPrf success rate (b) WetPf2 success rate

Figure 1. Level 2 atmPrf (temperature) and wetPf2 (water vapor) successful retrieval rate (%) as a function of height above sea-level from

COSMIC-1 during January 2008 (blue) and COSMIC-2 during January 2020 (red). Success rate is calculated by dividing number of valid

GNSS-RO retrieval files over number of Level-1B file at a certain height. The gray dashed lines mark the reference at 0.5 km from the tropical

ocean surface.
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Wu et al. (2022) found out that the Level-1B deep SNR from the straight-line height (HSL) is statistically significantly

correlated with the MABL water vapor amount in the European Centre for Medium-Range Weather Forecasts (ECMWF)

Reanalysis v5 (ERA-5) after averaging over a month at 2:5�X2:5� grid resolution. The averaging is necessary to effectively

beat down the random noise. This paper attributed such a positive correlation to the strong refraction from a horizontally70

stratiform and dynamically quiet MABL water vapor layer that acts to enhance the SNR amplitude at deep HSL through

ducting and diffraction/interference (a summary recapitulation of the physical mechanism can be found in Section 2.3). Some

caveats of this work limit its application to weather phenomena. First, it builds upon a single level regression statistics, the

correlation coefficient of which was found the highest at HSL = �100km in the tropics, and HSL = �80km at high latitudes.

Hence, any simple linear regression-based retrieval algorithm will suffer from arbitrary latitudinal discontinuities. As a matter75

of fact, SNR at different HSL levels are found correlated with MABL water vapor with different signs and magnitudes (e.g.,

Fig. 2), which should be used together to enhance the information content. Secondly, the robust relationship is only found for

monthly averages in Wu et al. (2022), because the profile-by-profile noise is usually too high to yield a meaningful retrieval

from SNR, and only through averaging large amount of profiles can the noise be lowered down to the level where signal stands

out. These are all caveats of traditional statistical approach. Machine learning approach, however, is suitable at picking up80

weak signals through large amount of training data. As such, the scopes of this paper are to demonstrate the feasibility of using

the ML method to extract MABL WV information from the GNSS SNR signals, and to demonstrate the scientific value of this

new product over the existing operational water vapor retrievals.

Artificial Intelligence/Machine learning (AI/ML) applications in remote sensing field is trending in the past decade. It has

been increasingly used in remote sensing fields in recent years. Traditionally physics-based radiative transfer (RT) theories85

and modelings are used to link the remote sensing measurements (e.g., GNSS radio occultation signal) to the physical quan-

tities (e.g., temperature and water vapor profiles). They are often highly non-linear, computationally expensive and involving

many explicit or embedded assumptions/simplifications, which may or may not propagate properly into part of the retrieval

errors eventually. Given the fact that satellite measurements usually contain large amount of data, and the association is highly

non-linear between the measurement space and the physical space, the retrieval process becomes an ideal testbed for ML ca-90

pabilities. Some pioneer works had attempted this approach to retrieve PBL atmosphere profiles and achieved notable success.

For example, Ye et al. (2021) used the routine radiosonde measurement at an Atmospheric Radiation Measurement (ARM) site

as the ground truth to train a ground-based infrared spectrometer to predict the PBL height. The capability is limited to only

the stations where both observations are routinely available. Milestein and Blackwell (2016) employed a neural network (NN)

framework on retrieving the temperature and water vapor profiles from the spaceborne Atmospheric Infrared Sounder (AIRS)95

observations (AIRS Version 7 product). The training "truth" was from the ECMWF analysis fields. It is worth mentioning that

Milstein (2022), as a follow-up work, pointed out the ML-only retrieval framework tends to smooth out sharp gradient features

in proximity to the PBL top. To mitigate this caveat, Milstein et al. (2023) employs the 3D deep neural network training on

the AIRS granule image against ERA-5 reanalysis that helps PBL height recognition from passive imagers.

In this paper, we will explore the ML capability at retrieving the MABL WV information from the deep SNR signal at100

profile-by-profile basis (i.e., Level-2 standard). Section 2 introduces the training and validation datasets as well as the model
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structure; Section 3 presents the retrieval results and independent validation; Section 4 expands the discussion to the usage of

this product in studying MABL water vapor climatology and diurnal variabilities; Section 5 summarizes the major findings and

shortcomings of the current work that may be improved in the future.

2 Data and Model105

This section introduces the training, validation and independent validation datasets, as well as the ML model architecture and

the underlying physical foundations for the ML technique to root upon.

2.1 Training and Validation Datasets

The definition of SNR follows Wu et al. (2022) which uses the normalized SNR (SRO):

SRO = (SNR��)=(SNR0 ��) (1)

�2
S = V AR(SRO �SRO) (2)

110

SNR0 is the free atmosphere SNR. In practice, we use averaged SNR between 35 and 65 km altitude range as the SNR0,

and any profile with SNR0 < 200 or �2
SNR0

> 0:05 is considered "low-signal" and is filtered out. � is the instrument-specific

noise determined for each individual instrument from very deep HSL. The value for � used in this work is an updated version

from Table A1 in Wu et al. (2022) and shown in the Appendix A (Table B1). Wu et al. (2022) also found an instrument-

dependent shift of the mean SRO profile as a function HSL. Luckily, such an issue can be resolved to use the excess phase at115

L1 (�L1) as the vertical coordinate. In practice, the raw calculated SRO and �2
S are mapped to a fixed 52-level Log10(�L1)

vertical grid. It is roughly linearly correlated with HSL. The value for the vertical grid is listed in Table B1 in the Appendix A.

In practice, we also filtered out bad open-loop profiles, profiles with data gap greater than 2 km, and profiles with outlier SRO

or �2
S values.

The ERA-5 reanalysis is so far the best global reanalysis dataset in terms of PBL water vapor amount and distribution.120

Johnston et al. (2021) compared specific humidity from ERA-5 and MERRA-2 reanalysis against collocated and coincident

GNSS-RO wetPf2 specific humidity retrieval profiles, and found ERA-5 outperforms MERRA-2 everywhere in the PBL. They

both exhibit consistent dry biases with larger bias from mid-high latitudes. However, ERA-5 percentage bias is roughly 1/2 of

that from the MERRA-2 reanalysis in the PBL and tropopause layers. Given that many previous works used ERA-5 reanalysis

or ECMWF analysis for training or validating the satellite retrievals for water vapors (e.g., Milestein and Blackwell (2016),125

Milstein et al. (2023)), especially some recent ones using it as the standard to evaluate recent GNSS-RO missions (e.g., Chang

et al. (2022), Zhran (2023), Ganeshan et al. (2025)) , it is well justified to use ERA-5 hourly reanalysis as the "training"

dataset to create a large sample globally. However, it is also warned in Johnston et al. (2021) that GNSS-RO retrievals tend to

have its own biases especially in MABL, and in fact some other research suggested wet biases in certain regions (e.g., Virman

et al. (2021).)130

In this work, we created a collocated and coincident ERA-5 - SNR training and validation dataset. The SNR records are

from four satellite series: COSMIC-1, COSMIC-2, METOP-A and METOP-B. The periods for training, independent test-

5



ing, and prediction are listed in Table 1. Note that the testing period is independent from training period to avoid potential

self-correlation using standard random splitting procedure. The prediction period however covers both training and validation

periods mainly for generating enough samples to construct statistically robust climatology (e.g., diurnal cycles). This how-135

ever creates an unfortunate data leakage concern for the comparison with the MAGIC campaign but not for the rest of other

independent validation datasets (Table 2). The target variables are speci�c humidity at the aforementioned 6 pressure levels

(975hPa, 950hPa, 925hPa, 900hPa,875hPa and850hPa). The input parameters are 52 levels ofSRO , 52 levels of� 2
S ,

latitude, longitude, month and Rising/Setting �ag.

Table 1.Training, testing and prediction periods

Training (90% and 10% random-splitting) COSMIC-1 2012.01-2012.12, 2016.01-2016.03,

2017.01-2017.03

METOP-A 2017.01-2017.03

METOP-B 2017.01-2017.03

Testing COSMIC-1 2018.01-2018.03

METOP-A 2018.01-2018.03

METOP-B 2018.01-2018.03

Prediction COSMIC-1 2012.01-2012.12, 2013.01-2013.12,

2016.01-2016.03, 2017.01-2017.03,

2018.01-2018.03

COSMIC-2 2020.01-2020.12

METOP-A 2012.01-2012.12, 2013.01-2013.12

METOP-B 2012.01-2012.12, 2013.01-2013.12

Fig. 2 elucidates the linear correlation between COSMIC-1SRO at each of the 52 levels and ERA-5 speci�c humidity at140

975, 950, 925, 900, 875 and 850 hPa over global ocean. The largest positive correlations are found around Level #40 to Level

#45, which roughly correspond toHSL = � 100km to � 80km (Table B1). Based on the monthly averages, Wu et al. (2022)

found the highest correlation atHSL = � 100km in the tropics and atHSL = � 80km for the polar regions, which is consistent

with our pro�le-by-pro�le correlation as well. But Fig. 2 also shows positive or negative correlations at differentLog10(� L 1)

levels, which impede methods like multi-variable regression from working.� 2
SNR also exhibits non-linear patterns with slightly145

weaker correlations with MABL water vapor that are opposite in sign compared to that ofSRO . It is worth noting that these

relationships are also instrument dependent, as can be clearly seen in theSRO cross-correlation for Metop-A and Metop-B

in the Appendix Fig. A1 and A2. Considering the instrument-dependent correlation patterns, three ML models are developed

separately for COSMIC, METOP-A and METOP-B satellites, although it probably redundant to build two separate ML models
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Figure 2. Correlation between collocated ERA-5 speci�c humidity at 975 - 850 hPa andSRO (top) and� 2
SNR (bottom) at various excess

phase levels from the training COSMIC-1-ERA-5 dataset). Only grid indices are shown in the axis titles, and the correspondingLog10 (� L 1)

values can be found in Table B1

.

for METOP-A and METOP-B separately as their correlation patterns are nearly identical. For the COSMIC series, we observed150

similar pattern from COSMIC-2 compared to Fig. 2 after downsampling the frequency to 1 Hz (not shown). Therefore, the

ML model developed using COSMIC-1 observations is applied directly to the downsampled COSMIC-2 SNR observations.

Through this practice we can also test the transfer learning among similar satellite series for the hope of stitching them together

for longer record in the future research.

The correlation holds with the same slope at piece-wise level using individual pro�les. For example, between SNR at155

HSL = � 100km and ERA-5 speci�c humidity at950hPa, Wu et al. (2022) observed the near linear correlation with monthly

averaged and gridded data, while we can see that the same slope is preserved at pro�le-by-pro�le level in Fig. 3. While this

robust correlation proves that developing a Level-2 MABL speci�c humidity retrieval product using SNR pro�les is feasible,

the discernible larger noise at individual pro�le level versus month averages (Fig. 3d) suggests it is a challenging task. ML

method is hence introduced to tackle this highly complex regression problem.160

GNSS-RO operational water vapor retrieval product provided by the University Corporation for Atmospheric Research

(UCAR) is employed to evaluate the quality of the SNR-ML retrievals. This operational product is called "wetPf2". Compared

to an old 2013 processed "wetPrf" version, "wetPf2" has better penetration depth (Wee et al. (2022)) and is used for construct-

ing Fig. 1, but "wetPrf" product is used for the MAGIC campaign comparison because of data availability constraints at the

time when this research was conducted. We've compared the success rate in the MABL between wetPrf and wetPf2 during165

Jan. 2008 (Fig. 1b) and only found very marginal improvements for COSMIC-1. Note that the key Level-2 pro�le to enable

the 1D-VAR retrieval used by the wetPrf/wetPf2 product is the bending angle, which is assimilated in the ERA-5 reanalysis.
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Figure 3. Density plots of the SNR-speci�c humidity relationship for (a) Metop-A, (b) Metop-B, (c) COSMIC-1 constructed from the entire

training dataset between45� S and45� N . The SNR value is taken fromH SL = � 100km while the speci�c humidity value is taken at

950hP a. Fig. 9c from Wu et al. (2022) is reproduced here as (d) to demonstrate that the same relationship with the same slope holds at

individual pro�le level.

Therefore, this is not an independent evaluation dataset. The purpose of this comparison is to identify the merits and caveats of

the SNR-ML retrievals against an existing mature product.

In addition to the independent testing which is a standard procedure for ML/AI training and evaluation against the wet-170

Prf/wetPf2 operational product, a handful of shipborne radiosonde campaigns and airborne dropsonde campaigns data are
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collected for further independent assessment. The campaign names, location and total number of valid pro�les are presented in

Fig. 4 and Table 2. We can see from the summary of weather scenarios during each campaign that this independent validation

dataset comprehensively covers major marine weather regimes from extremely dry Southern Ocean (MARCUS), mid-latitude

stratocumulus region (MAGIC), tropical trade cumulus region (EUREC4A, ATOMIC), to episodically wet atmospheric river175

events (ARRecon). This exercise is critical for assessing the quality of ERA-5, wetPrf/wetPf2 retrieval, and Level 1 SNR-based

retrieval under different weather scenarios. Moreover, as the ML model trained solely on COSMIC-1 SNR data are then ap-

plied to the COSMIC-2 data, the independent validation using the three campaigns in 2020 (ARRecon-2020, EUREC4A and

ATOMIC) provides some solid evidences to evaluate the robustness of the "transfer learning".

Table 2.Campaign Information

Campaign Name Period used for val-

idation

Location Weather Regime Type Reference

MARCUS 2017.11-2018.03 Southern Ocean Mixed-Phase PBL

cloud

Radiosonde Evan et al. (2022)

ATOMIC 2020.01-2020.02 Tropical North At-

lantic

Tropical trade wind

zone

Radiosonde and

Dropsonde

George et al.

(2021)

EUREC4A 2020.01-2020.02 Tropical North At-

lantic

Tropical trade wind

zone

Radiosonde Stephan et al.

(2021)

MAGIC 2012.10-2013.09 Eastern North Pa-

ci�c Ocean

Subtropical MABL Radiosonde Evan et al. (2022)

ARRecon 2018.02; 2020.01-

2020.02

Northeast Paci�c

off the coast of

California

Atmospheric River Dropsonde Zheng et al. (2024)

2.2 Machine Learning Model Selection180

The Convolutional Neural Network (CNN) model (LeCun et al. (2015)) is chosen as our regression ML model. The model

internal architecture is illustrated in Fig. 5. There are a total of 109 input parameters, including one dimensional array ofSR 0

of 52 elements, one dimensional array of� 2
S of 52 elements, both interpolated to a �xed excess phase grid (Table B1), and

latitude, longitude, month and Rising/Setting �ag. The output parameters are speci�c humidity at 6 pressure level between975

and850hPa with cadence of25hPa.185

Compared to some earlier ML models (e.g., random forest, gradient boosting), CNN learns also the vertical cross-correlation

within the 52-layer input SNR pro�les, as well as within the targeted 6-layers of speci�c humidity pro�les. We conducted a

comprehensive search of best hyperparameters using the root-mean-square-error (RMSE) as the loss function.
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