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Abstract—The performance of microwave radiometers aboard
altimetric satellites in measuring water vapor degrades signifi-
cantly over coastal areas due to the mixing of land within its
footprint. In this study, we propose using the back propagation
neural network (BPNN) models to enhance the accuracy of Jason-3
precipitable water vapor (PWV) over coastal areas. PWV data
from 2076 globally distributed coastal and island Global Navigation
Satellite System (GNSS) stations and 237 radiosonde stations are
used as the reference. Specifically, the GNSS PWV data in 2016
and 2017 are used to train the BPNN models, while the GNSS and
radiosonde PWV observations from January 2018 to June 2023 are
used to test the performances of the BPNN models proposed. Our
results show that the proposed BPNN PWV models can consider-
ably enhance the accuracy of Jason-3 PWV recorded in the coastal
areas (within 25 km of land). Evaluated by the GNSS PWV, BPNN
models can reduce the root mean square error (RMSE) of Jason-3
PWV in the coastal areas from 4.2 to 2.7 kg/m2 (35.7% of RMSE
reduction). Assessed by the radiosonde PWV, the results indicate
that the RMSE of Jason-3 PWV in the coastal areas is decreased
from 5.0 to 3.6 kg/m2 (28.0% of RMSE reduction) after using the
proposed BPNN models.

Index Terms—Back propagation neural network (BPNN),
coastal areas, Jason-3, precipitable water vapor (PWV).

I. INTRODUCTION

PRECIPITABLE water vapor (PWV) in the atmosphere
causes considerable signal transmission delays for altimet-

ric satellites [1], [2], [3], [4]. Normally, 1 kg/m2 of PWV will
lead to 6 to 7 mm of altimetry signal wet delay [5]. The altimetric
satellite signal wet delay typically varies between 0 and 50 cm
in the zenith direction [6], which largely limits the performance
of altimetric satellites in monitoring the sea level anomaly. To
mitigate the impact of water vapor and further obtain more ac-
curate sea level height observations, altimetric satellites, such as
Jason satellite series, Sentinel-3A and 3B satellites, and Haiyang
(HY)-2B satellite, normally carry a microwave radiometer that
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can measure the amount of water vapor between the satellite
and sea level. The altimetry-based microwave radiometer can
measure PWV with high accuracy in open sea areas, e.g., no
more than 1.9 kg/m2 of root mean square error (RMSE) between
Jason-3 PWV and shipborne Global Navigation Satellite System
(GNSS) PWV [7]. However, due to the large difference in emis-
sivity between land and water, the performance of a microwave
radiometer degrades significantly when the altimetric satellite
approaches land areas and its footprint covers both land and
ocean areas [3], [8], [9]. For example, when the distance of
the Jason-2 satellite to land is less than 25 km, the Jason-2
observations with significant land contamination will be flagged
as invalid data [8].

In the altimetry community, most of the previous studies fo-
cused on enhancing the accuracy of wet delay corrections rather
than PWV observations in coastal areas. Brown [8] proposed
a wet delay retrieval algorithm for the advanced microwave
radiometer (AMR) on Jason-2 altimetric satellite. This algorithm
was estimated to be able to achieve a wet delay retrieval accuracy
better than 1.5 cm in the coastline. Recently, Aguiar et al. [10]
developed a neural network algorithm for Sentinel-3A satellite
wet delay retrieval over coastal areas. Their results showed that,
when the distance of Sentinel-3A is less than 5 km from the coast,
the algorithm proposed can estimate wet delay with an accuracy
of 3.3 cm, while the wet delay retrieval accuracy of Sentinel-3A
operational algorithms is 16.2 cm. In addition, a couple of
previous studies have adopted the neural network algorithms
for altimetry wet delay correction retrieval in open areas [11],
[12], [13], [14]. These studies all showed the effectiveness of
neural network algorithms in retrieving wet delay corrections.
However, there were few studies working on enhancing the
quality of altimetric satellite PWV data in coastal areas.

In this study, we focus on improving the accuracy of PWV
observations from Jason-3 altimetric satellite in coastal areas
as PWV is an important atmospheric parameter for not only
ocean altimetry but also for atmospheric science [15] and many
other fields. In recent years, using ground-based GNSS PWV to
enhance satellite-based PWV accuracy has attracted increasing
attention [16], [17], [18], [19], [20], [21], [22]. On the one hand,
several studies utilized GNSS PWV data as reference obser-
vations to develop accurate satellite PWV retrieval algorithms
by establishing the relationship between GNSS PWV and the
parameters employed in satellite PWV retrieval [16], [17]. For
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example, He and Liu [17] proposed a novel PWV retrieval algo-
rithm for the Moderate Resolution Imaging Spectroradiometer
(MODIS) instrument by modeling the relationship between
GNSS PWV and the transmittances at MODIS near-infrared ab-
sorption bands. Their results indicated that the proposed retrieval
algorithm improved the MODIS PWV accuracy by 45.34% to
53.06% compared with the MODIS official PWV products. On
the other hand, some studies used GNSS PWV as reference
data to calibrate satellite-based PWV data in official products
[18], [19], [20], [21]. Xiong et al. [18] adopted three machine
learning methods, i.e., random forest, generalized regression
neural network, and back propagation neural network (BPNN),
to calibrate MODIS PWV in China for the year 2019. GNSS
PWV was used as the reference to train their PWV calibration
models. They reported that calibrated by GNSS PWV, the RMSE
of MODIS PWV was reduced from 5.8 to 3.3 kg/m2. Xu and Liu
[20] applied six different machine-learning methods including
the BPNN model to improve the accuracy of MODIS PWV
products in Australia. Their results indicated that the MODIS
PWV accuracy was improved by 37.81% to 55.25%. The re-
sults from the previous studies encourage us to utilize accurate
coastal/island GNSS PWV to enhance the accuracy of water
vapor observations for altimetric satellites over coastal areas.

So far very few studies have been reported to apply GNSS
PWV in collaboration with neural network models to enhance
the altimetric satellites’ PWV observations in coastal areas. In
this study, two BPNN PWV models are proposed to enhance
the accuracy of Jason-3 PWV products over coastal areas. The
BPNN algorithm is selected as previous studies have demon-
strated the effectiveness of the BPNN algorithm in PWV retrieval
[23], [24]. PWV data collected from 2076 coastal GNSS stations
worldwide in 2016 and 2017 are used to train the BPNN models,
while GNSS and radiosonde PWV from January 2018 to June
2023 are utilized to assess the performances of the BPNN PWV
models.

The remaining part of this study is organized as follows.
First, the Jason-3 data, GNSS PWV, and radiosonde data are
introduced in Section II. Then, the description of the BPNN
PWV models is given in Section III. The results and related
analyses are shown in Section IV. Finally, Section V concludes
the article.

II. JASON-3, GNSS, AND RADIOSONDE DATA

A. Jason-3 Data

Jason-3 altimetric satellite, launched on 17 January 2016, is
the successor to TOPEX/Poseidon, Jason-1, and Ocean Surface
Topography Mission/Jason-2. It is designed to measure the
height of sea surface via a radar altimeter [4], [25]. To provide
accurate wet delay corrections for the altimeter signals, Jason-3
is equipped with an AMR-2 that can measure the water vapor
information along its trajectory [26]. Jason-3 AMR-2 operates
at three different channels, i.e., 18.7, 23.8, and 34 GHz. The
23.8 GHz channel is the primary water vapor sensing channel,
while the other two channels are applied to remove the impacts
of cloud liquid water and sea surface roughness.

In this study, Jason-3 final geophysical data records (GDR-F
version) level-2 products with 1 Hz of data frequency provided
by Archiving, Validation, and Interpretation of Satellite Oceano-
graphic data from February 2016 to June 2023 are used. Jason-3
GDR-F products contain Jason-3 AMR-2 retrieved PWV data,
distances of Jason-3 PWV data to land, AMR-2 brightness
temperature observations, etc. This work focuses on improving
the accuracy of Jason-3 PWV in coastal regions. Therefore,
only Jason-3 PWV observations within 50 km of land areas
are kept. For each Jason-3 PWV observation, there is a flag to
state its surface type, i.e., “land,” “near coast,” or “open ocean.”
The Jason-3 PWV data flagged with “land” are removed in this
study and only “near coast” and “open ocean” data are kept.
In addition, Jason-3 GDR-F products also contain “rain” and
“sea ice” flags to indicate if the Jason-3 PWV observations are
impacted by rain and sea ice. In this study, we have also removed
those Jason-3 PWV data flagged with “rain” or “sea ice.”

B. GNSS PWV Data

GNSS is a powerful water vapor monitoring tool that can
precisely measure the water vapor under all-weather conditions.
GNSS PWV data have the advantages of high accuracy and high
temporal resolution, e.g., half an hour or even a few minutes.
GNSS PWV observations have, therefore, been widely used as
benchmark data to assess the capabilities of other water vapor
observing systems [27], [28], [29].

In this study, GNSS PWV data are used as the reference data
to train and evaluate the BPNN PWV models we proposed.
GNSS PWV data used in this study are all provided by the
Nevada Geodetic Laboratory (NGL) [30]. NGL processes GNSS
data and provides related water vapor products for over 17 000
GNSS stations distributed globally. According to the evaluation
results reported by Ding et al. [31], NGL PWV products have
an accuracy of 2.56 kg/m2 when compared with the radiosonde
data from 1994 to 2020.

To estimate the GNSS PWV, NGL processes the GNSS raw
data in precise point positioning (PPP) mode [32], [33]. The
Zenith tropospheric delay (ZTD) can be estimated as an un-
known parameter during the PPP calculation process. Since ZTD
can be separated into two parts, i.e., zenith wet delay (ZWD)
and Zenith hydrostatic delay (ZHD), ZWD value can then be
obtained after removing the ZHD from ZTD

ZWD = ZTD − ZHD. (1)

For NGL, the ZHD values are obtained by interpolating the
Vienna mapping function (VMF1) grid product. Finally, the
ZWD values are converted to PWV via the equations proposed
by Bevis et al. [5]

PWV = ZWD× PWVfactor (2)

PWVfactor =
106

ρRv

(
k3

Tm
+ k2 −mk1

) (3)

where ρ represents the density of water. k1 (0.776 K/Pa), k2
(0.704 K/Pa), and k3 (3739.0 K/Pa) are three empirical refrac-
tivity constants. Rv (461.5 J/K/kg) is the gas constant for water
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vapor. m (0.6220) is the ratio between the molar mass of water
vapor and molar mass of dry air. Tm is the mean atmospheric
temperature in the unit of Kelvin. For NGL, VMF1 interpolated
mean atmospheric temperature is used.

Jason-3 PWV and GNSS PWV have different reference
heights. Specifically, the reference height of Jason-3 PWV is sea
level, while the reference height of GNSS PWV is the height of
the GNSS station. In this study, we have adopted an empirical
PWV reduction equation proposed by Kouba [34] to reduce the
NGL GNSS PWV from the height of GNSS station to sea level
(reference height of Jason-3 PWV)

PWVsea = PWVstation × exp

(
hs

2000

)
(4)

where PWVsea represents the reduced PWV at sea level;
PWVstation is the PWV before reduction; hs is the height of
station (unit: m) above or below sea level. Considering that large
reduction errors may be introduced from this empirical reduction
equation, only those GNSS stations with a height less than 500 m
from the sea level (Jason-3 PWV reference height) are selected.

After obtaining the reduced GNSS PWV, we start to generate
Jason-3 versus GNSS PWV data pairs. It is well known that water
vapor is highly active in both space and time domains. In the
previous studies, a relatively relaxed spatial tolerance between
altimetric satellite PWV and reference PWV, e.g., 100 km [35],
[36], was used to obtain more PWV data pairs and enhance
the reliability of statistical results. However, a relaxed distance
tolerance will also lead to a large uncertainty in statistical results.
As reported by Wu et al. [7], the RMSE value between shipborne
GNSS PWV and altimetric satellite PWV increased from 2.29
to 3.32 kg/m2 when the distance tolerance threshold between
GNSS stations and altimetric satellites increased from 50 to
200 km. In this study, to minimize the non-negligible impact
caused by the difference in geographical locations between
Jason-3 PWV and GNSS PWV, a much stricter distance tol-
erance, i.e., 20 km, between Jason-3 PWV and GNSS PWV is
adopted. In addition, NGL PWV data are provided with a tempo-
ral resolution of 5 min. This means that, for each Jason-3 versus
GNSS PWV match, the observation time of GNSS PWV and
Jason-3 PWV is basically synchronous (temporal discrepancy
less than 2.5 min).

After considering all the factors mentioned above, a total of
2076 GNSS stations meet the selection criteria. The distribution
of GNSS stations used in this study is displayed in Fig. 1(a). It
should be noted that Jason-3 PWV products also provide valid
PWV data over continental waters, such as large lakes. The
PWV data in inland water areas and inland water-land interface
areas are flagged as “open ocean” and “near coast” observations,
respectively, in the Jason-3 official products. In this study, all
those Jason-3 PWV flagged as “open ocean” or “near coast” are
used. This is the reason why some GNSS stations in this study
are located near continental waters.

Fig. 1. Distribution of (a) 2076 GNSS stations and (b) 237 radiosonde stations
used in this study. GNSS PWV observations are used for BPNN PWV model
training and evaluation, while radiosonde PWV observations are only used for
model evaluation.

C. Radiosonde PWV Data

Radiosondes are traditional meteorological instruments that
can observe a wide variety of meteorological parameters includ-
ing water vapor at different heights above the Earth surface. In
this study, radiosonde observations provided by the Integrated
Global Radiosonde Archive (IGRA) [37] are used to evaluate the
performances of BPNN models proposed. The radiosonde PWV
(PWVRS) can be calculated by integrating specific humidity
with respect to air pressure [38]

PWVRS =
1

g

∫ Ps

Ptop

qdP (5)

where g is the gravitational acceleration (9.81 m/s2). P represents
air pressure in unit of Pa. Ps and Ptop represent the air pressure
at the Earth surface and the top of troposphere, respectively. q
is the specific humidity (kg/kg), which can be calculated using
radiosonde water vapor pressure data

q =
0.622e

P − 0.378e
(6)

where e is the water vapor pressure in units of Pa.
Compared with GNSS, the radiosonde has a much sparser

spatial distribution and lower temporal resolution. For each
IGRA radiosonde station, there is normally only one or two
radiosonde profiles per day. To generate enough Jason-3 versus
radiosonde PWV matches, the distance and time tolerances for
data selection are relaxed to 40 km and 30 min, respectively. It
should also be noted, the radiosonde PWV observations used
have also been reduced to the sea level (the reference height of
Jason-3 PWV) using (4) for the same consideration mentioned
before. Finally, Jason-3 versus radiosonde PWV matches are
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TABLE I
BPNN MODELS ADOPTED AND THE CORRESPONDING INPUT FEATURES USED

FOR MODEL TRAINING

available only at 237 radiosonde stations. The distribution of
radiosonde stations has been shown in Fig. 1(b).

III. DESIGN OF BPNN PWV MODELS

The BPNN model is an effective computational tool that can
precisely model the complex nonlinear relationships between
different variables [39]. A BPNN model consists of three parts,
i.e., an input layer, one or more hidden layers, and an output
layer. The hidden layer, between the input layer and the output
layer, contains a number of hidden neurons. It is responsible for
performing the calculation with the use of data from the input
layer. The output layer represents the outcomes calculated based
on the inputs.

In this study, two BPNN models, i.e., BPNN-I and BPNN-
II, with different combinations of input features are proposed.
As shown in Table I, for BPNN-I, Jason-3 AMR-2 brightness
temperature observations (at channels 18.7, 23.8, and 34 GHz)
and the distances of Jason-3 footprints to land are used as the
input features. For BPNN-II, Jason-3 original PWV (PWV from
Jason-3 official products) and the distances of Jason-3 footprints
to land are applied as model input features. For the output layer,
GNSS PWV observations are applied as the reference data to
train the models. Specifically, Jason-3 data and GNSS PWV data
in the years 2016 and 2017 are used for model training. In total,
there are 215781 training samples used. GNSS and radiosonde
PWV observations from January 2018 to June 2023 are used to
test the performances of the two models proposed.

The numbers of hidden layers and neurons considerably im-
pact the computation accuracy and the time complexity. How-
ever, currently, there is no definitive rule to determine the number
of hidden layers and hidden neurons. The excessive hidden
layers and neurons may lead to a massive amount of computation
time and the overfitting problem [40], [41]. To determine the
optimal numbers of hidden layers and neurons, based on the
training data in 2016 and 2017, we have conducted the five-fold
cross-validation for two BPNN models with different numbers
of hidden layers (from 1 layer to 3 layers) and neurons (4, 8,
16, and 32 neurons). For each five-fold cross-validation, we
randomly divide the training data in 2016 and 2017 into five
equal subsets. Then, we train the model on four of the five
subsets, while the remaining one subset is utilized to validate
the model’s performance. We repeat this process five times with
each subset serving as the validation subset once. Therefore,
for each five-fold cross-validation, we can get five PWV RMSE
values for each BPNN model. Finally, the average of five BPNN
PWV RMSE values is used as the overall metric for the five-fold
cross-validation. As shown in Table II, for each hidden layer

TABLE II
AVERAGE RMSE VALUES OF BPNN PWV (UNIT: KG/M2) BASED ON THE

FIVE-FOLD CROSS-VALIDATION METHOD FOR DIFFERENT NUMBERS OF

HIDDEN LAYERS AND NEURONS

and neuron combination, we have calculated the average RMSE
based on the five-fold cross-validation method. According to
the numerical validation results shown in Table II, for BPNN-I,
three hidden layers are adopted with each layer consisting of 16
neurons. BPNN-II model is designed with two hidden layers.
Each hidden layer in BPNN-II contains eight neurons. In addi-
tion, the hyperbolic tangent sigmoid transfer function and pure
linear activation equation are selected as the activation functions
for the hidden layer and output layer, respectively.

IV. RESULTS AND ANALYSES

A. Overall Performances of BPNN PWV Models With Respect
to the Distance to Land

The accuracies of BPNN-enhanced Jason-3 PWV with re-
spect to different distances to land are evaluated by GNSS and
radiosonde PWV. All Jason-3/BPNN PWV within 50 km of land
are classified into 10 categories according to their distances to
land (from 0 to 50 km with an even interval of 5 km). There
are 328626, 171757, 93610, 35999, and 2921 Jason-3/BPNN
versus GNSS PWV matches, respectively, located at the distance
categories of 0 to 5 km, 5 to 10 km, 10 to 15 km, 15 to 20 km,
and 20 to 25 km. For the distance from 25 to 50 km, totally
5975 Jason-3/BPNN versus GNSS PWV matches are used for
evaluation.

The corresponding statistical results of BPNN PWV evaluated
by GNSS PWV for different distance categories from 0 to 50 km
are shown in Fig. 2. We can obviously find that, contaminated
by land, the accuracy of Jason-3 original PWV degrades rapidly
in the coastal areas. The RMSE and mean absolute error (MAE)
of Jason-3 original PWV all increase considerably when the
distance of Jason-3 footprint to land reduces to less than 25 km.
Specifically, the average RMSE of Jason-3 original PWV for 0
to 25 km of land is 4.2 kg/m2, while the corresponding average
RMSE for 25–50 km of land is 1.3 kg/m2. This means that,
affected by the land, the accuracy of Jason-3 original PWV is
degraded by 223%.

Both RMSE and MAE statistical results show that PWV from
two BPNN models have a better accuracy than Jason-3 original
PWV in the coastal areas (within 25 km of land). Specifically,
the average PWV RMSE values of BPNN-I and BPNN-II in
the coastal areas are 2.7 and 3.2 kg/m2, respectively, which
correspond to RMSE reductions (accuracy improvements) of
35.7% and 23.8%, respectively, compared with Jason-3 original
PWV. In addition, the average MAE value of Jason-3 original
PWV in the coastal areas is 3.1 kg/m2. After applying BPNN-I
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Fig. 2. (a) RMSE and (b) MAE of Jason-3 original PWV and BPNN PWV
evaluated by GNSS PWV for different distances (0 to 50 km) from Jason-3
footprints to land areas.

and BPNN-II, the average MAE value in the coastal areas is
reduced to 2.0 and 2.5 kg/m2, respectively. BPNN-I outperforms
BPNN-II for coastal areas. The possible reason could be that,
compared to brightness temperature data, Jason-3 original PWV
data have greater uncertainties due to the introduction of retrieval
errors from Jason-3 PWV official retrieval algorithms. When
the distances of Jason-3 radar footprints to land areas are more
than 25 km, the impact of land contamination on Jason-3 is
insignificant. The PWV output by the two BPNN models has a
similar quality to the Jason-3 original PWV.

The overall performances of BPNN models evaluated by the
radiosonde PWV have been shown in Fig. 3. In this study, for
the distance categories of 0 to 5 km, 5 to 10 km, 10 to 15 km, 15
to 20 km, and 20 to 25 km, 5175, 3441, 2391, 1919, and 1438
Jason-3/BPNN versus radiosonde PWV matches are used for
evaluation, respectively. However, the number of Jason-3/BPNN
versus radiosonde PWV matches is very limited for the areas
>25 km of land. Particularly for distance categories of 40–45 km
and 45–50 km, there are only 31 and 14 matches, respectively.
Considering: 1) the number of Jason-3/BPNN versus radiosonde
matches in the areas >25 km of land is insufficient; 2) the
Jason-3 original PWV observations are generally free of land
contamination when Jason-3 is more than 25 km away from
land areas, in this study, only the radiosonde evaluation results
for the distances from 0 to 25 km are presented.

The numerical results evaluated by radiosonde PWV evi-
dently reveal that PWV estimated by two BPNN models have
a higher accuracy than Jason-3 original PWV. The average
RMSE of Jason-3 original PWV evaluated by radiosonde PWV
in coastal areas is 5.0 kg/m2, while the average RMSE values

Fig. 3. (a) RMSE and (b) MAE of Jason-3 original PWV and BPNN PWV
evaluated by radiosonde PWV for different distances from Jason-3 footprints to
land areas.

of BPNN-I and BPNN-II models are 3.6 kg/m2 (28.0% of
RMSE reduction) and 4.0 kg/m2 (20.0% of RMSE reduction),
respectively. In addition, the average MAE value of Jason-3
original PWV evaluated by radiosonde in the coastal areas is
3.7 kg/m2. For BPNN-I and BPNN-II models, the average PWV
MAE values are reduced to 2.6 and 3.0 kg/m2, respectively.

Given that the BPNN models are only effective for areas
within 25 km of land, in the following analyses, we only focus
on analyzing the performances of the BPNN PWV models in
the coastal areas (within 25 km of land). In addition, radiosonde
PWV data are only used for the overall evaluation of BPNN
models in this section and have not been used for Sections IV-B
to IV-F since the number of Jason-3/BPNN versus radiosonde
PWV matches is not sufficient to support detailed analyses.

B. Time Series of BPNN PWV Accuracy

The performances of BPNN models in the time domain are
analyzed. Only Jason-3/BPNN versus GNSS PWV data pairs
within 25 km from the coast are used. As we mentioned in
Section IV-A, most of Jason-3/BPNN versus GNSS PWV data
pairs are located within 10 km of land. This implies the RMSE
statistical results will be mainly determined by those BPNN ver-
sus GNSS PWV data pairs within 10 km of land. To better show
the performances of the BPNN PWV models, we first compute
the RMSE of BPNN PWV for each 5-km distance category from
0 to 25 km. Then, the average of RMSE values for these five
distance categories is used as the overall RMSE for the coastal
area (within 25 km of land). This RMSE calculation strategy has
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Fig. 4. RMSE of Jason-3 original PWV and BPNN PWV evaluated by GNSS
PWV in (a) the northern hemisphere, (b) the southern hemisphere, and (c) the
globe, for each month during the period of January 2018–June 2023. The bars
represent the monthly average values of GNSS PWV. Only Jason-3/BPNN PWV
values within 25 km of land are used.

also been used in the following sections, i.e., Sections IV-B to
IV-F.

The BPNN PWV monthly RMSE values assessed by GNSS
PWV for the northern hemisphere, the southern hemisphere, and
the globe in the entire evaluation period (January 2018 to June
2023) are displayed in Fig. 4(a), (b), and (c), respectively. The
monthly mean GNSS PWV values during the evaluation period
are also shown in Fig. 4. The RMSE values of both Jason-3
original PWV and BPNN PWV evidently show a seasonal vari-
ation pattern in the northern hemisphere. However, the seasonal
pattern is less obvious in the southern hemisphere for BPNN
models. In addition, we can find that the global pattern of PWV
RMSE variation is basically consistent with that of the northern
hemisphere. This is because, in this study, the number of GNSS
observations used for evaluation in the northern hemisphere
(552039 evaluation samples) is much more than that in the
southern hemisphere (86849 evaluation samples). It is expected
that the global statistical results will be mainly dominated by the
data in the northern hemisphere.

The PWV RMSE values are closely associated with the mag-
nitude of PWV values. For all months, BPNN PWV evidently
shows a better accuracy than the original PWV, particularly for
the months with large water vapor magnitudes. The results in
Fig. 4 show that all BPNN models are still effective for the

years of 2022 and 2023 although the BPNN models are trained
using data of 2016 and 2017. We have also conducted the
annual RMSE statistics for BPNN PWV from 2018 to 2022. The
performances of the BPNN models remain stable after model
training as the global water vapor conditions during the whole
experimental period changed insignificantly [42]. Compared
with Jason-3 original PWV, the RMSE values of BPNN-I PWV
are reduced by 40.1%, 36.7%, 38.2%, 37.0%, and 34.4%, for
2018, 2019, 2020, 2021, and 2022, respectively. BPNN-II model
has smaller RMSE reductions than the BPNN-I model. The
annual PWV reductions are 22.7%, 21.0%, 21.7%, 22.5%, and
26.8%, respectively, from 2018 to 2022. The annual RMSE for
2023 has not been calculated because of the incompleteness of
data. For the year 2023, only the Jason-3 PWV data from January
to June are used in this study.

C. Performances of BPNN Models for Different Water Vapor
Conditions

Fig. 4 shows that in wet months, the BPNN models have
reduced the PWV RMSE much more than in dry months. To
better understand the performances of BPNN models under
different water vapor conditions, we have divided the entire
evaluation period (January 2018–June 2023) into three groups,
i.e., wet months, dry months, and normal months, based on the
absolute values of monthly average GNSS PWV as shown in
Fig. 4

1) Wet months: June to September for the northern hemi-
sphere; December and January to March for the southern
hemisphere.

2) Dry months: December and January to March for the
northern hemisphere; June to September for the southern
hemisphere.

3) Normal months: other months except for wet months and
dry months.

The accuracy statistics of Jason-3 original PWV and BPNN
PWV in three groups of months are shown in Table III. Only
Jason-3 PWV within 25 km of land areas are used. We can find
the RMSE values for wet months are much larger than those for
dry months. Specifically, for wet months, the Jason-3 original
PWV RMSE values are 5.1, 5.2, and 5.1 kg/m2, respectively,
for the northern hemisphere, the southern hemisphere, and the
globe. In dry months, the RMSE values of Jason-3 original
PWV are 3.3, 4.1, and 3.4 kg/m2, respectively, for the northern
hemisphere, the southern hemisphere, and the globe.

After applying the BPNN models, we can clearly see that the
Jason-3 PWV RMSE values have reduced for all three groups
of months. BPNN-I achieves a better performance than BPNN-
II for all month categories. Particularly for the wet months,
BPNN-I model reduces the PWV RMSE by 43.1%, 34.6%, and
41.2%, respectively, for the northern hemisphere, the southern
hemisphere, and the globe. The accuracy improvements for dry
months and normal months are also significant but smaller than
for wet months. For dry months, the Jason-3 PWV accuracy
improvements (RMSE reductions) benefitting from two BPNN
models can be up to 30.3%, 26.8%, and 29.4%, respectively,
for the northern hemisphere, the southern hemisphere, and the
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TABLE III
AVERAGE OF GNSS PWV AND AVERAGE RMSE OF JASON-3 PWV WITHIN 25 KM OF LAND FOR THREE GROUPS OF MONTHS, I.E., WET MONTHS, DRY MONTHS,

AND NORMAL MONTHS, IN THE NORTHERN HEMISPHERE, THE SOUTHERN HEMISPHERE, AND THE GLOBE

Fig. 5. Average RMSE of Jason-3 original PWV and BPNN PWV for the
coastal areas (within 25 km of land) at different latitudes. The orange line
represents the average values of GNSS PWV for different latitude categories.

Fig. 6. RMSE of Jason-3 original PWV and BPNN PWV evaluated by GNSS
PWV under different magnitudes of absolute PWV (average of GNSS PWV)
for coastal areas (within 25 km of land).

Fig. 7. RMSE of (a) Jason-3 original PWV, (b) BPNN-I PWV, and (c) BPNN-II
PWV, evaluated by GNSS PWV for coastal areas (within 25 km of land) at each
of the 2010 GNSS stations.

globe. For normal months, the PWV accuracy improvements in
coastal areas for the northern hemisphere, the southern hemi-
sphere, and the globe can reach 40.0%, 31.1%, and 35.0%,
respectively.

The RMSE values of Jason-3 original PWV and BPNN
models in the southern hemisphere are larger than those in
the northern hemisphere. This could be caused by the different
evaluation samples used for the two hemispheres. For the dry
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Fig. 8. PWV RMSE reduction of (a) BPNN-I model and (b) BPNN-II model
for coastal areas (within 25 km of land) evaluated by GNSS PWV at each of the
2010 GNSS stations, compared to Jason-3 original PWV.

and normal months, we can see that the absolute PWV values
(the average of GNSS PWV) used for evaluation in the southern
hemisphere are higher than those in the northern hemisphere. For
the wet months, we can see that the absolute PWV value (average
of GNSS PWV) in the northern hemisphere is larger than that
in the southern hemisphere. But the RMSE values of original
PWV and BPNN PWV in the southern hemisphere are larger
than those in the northern hemisphere in both dry and normal
months and wet months. This could be caused by the limited
number of evaluation samples for the southern hemisphere.

D. Performances of BPNN Models at Different Latitudes

To investigate the performances of the BPNN PWV models
at different latitude regions, we have divided the Jason-3/BPNN
versus GNSS PWV data pairs located within 25 km of land into
seven categories based on their latitudes, i.e., latitude 0°–60°
with an interval of 10°, and >60°, for both the northern and
southern hemispheres. The RMSE values of Jason-3 original
PWV and BPNN PWV assessed by GNSS PWV at different
latitude categories have been calculated and shown in Fig. 5. The
corresponding GNSS mean PWV values at different latitudes
are also shown in this figure. We can find a decreasing trend
in the PWV absolute value from 52.8 to 10.4 kg/m2 when the
latitude increases from 0° to above 60°. Correspondingly, the
Jason-3 PWV RMSE generally shows a decreasing trend with
the increase of latitude from 0° to 60°. The PWV from two
BPNN models shows a better accuracy than Jason-3 original
PWV for all latitude categories. In the latitude interval of 0° to
10°, evaluated by GNSS PWV, the Jason-3 original PWV data
have a RMSE value of 6.0 kg/m2, while the PWV RMSE values

of BPNN-I and BPNN-II models are 3.3 kg/m2 (45.0% of RMSE
reduction) and 3.7 kg/m2 (38.3% of RMSE reduction), respec-
tively. When the latitude increases to above 60°, the RMSE
value of Jason-3 original PWV decreases to 3.6 kg/m2. The
corresponding PWV RMSE values for BPNN-I and BPNN-II
models are decreased to 2.7 kg/m2 (25.0% of RMSE reduction)
and 3.2 kg/m2 (11.1% of RMSE reduction), respectively.

E. Performances of BPNN Models With Respect to the
Absolute PWV Value

The evaluation results in Sections IV-B to IV-D show that
the accuracies of BPNN PWV are closely associated with the
absolute water vapor amount. Therefore, in this section, we
explore the performances of BPNN PWV models corresponding
to different magnitudes of PWV. We divide all Jason-3/BPNN
versus GNSS PWV data pairs in coastal areas (within 25
km of land) during the whole evaluation period into seven
groups according to the magnitude of GNSS PWV, i.e., 0 to 70
kg/m2 with an interval of 10 kg/m2 (0–10 kg/m2, 10–20 kg/m2,
20–30 kg/m2, and etc). We have not conducted the statistics
for those Jason-3/BPNN versus GNSS PWV data pairs with a
magnitude larger than 70 kg/m2 due to the small number of
samples. Then, we calculate the average RMSE of BPNN PWV
within 25 km of land for each group. The average of GNSS PWV
for each PWV group is also calculated. Finally, a function of
BPNN PWV RMSE with respect to PWV magnitude is shown
in Fig. 6. We can clearly see that both Jason-3 original PWV
RMSE and BPNN PWV RMSE increase with the increase of
absolute PWV. Specifically, when the magnitude of the PWV
increases from 6.7 to 63.2 kg/m2, the RMSE of Jason-3 original
PWV increases from 3.0 to 6.9 kg/m2 (0.069 of average RMSE
increasing rate).

For BPNN models, the PWV RMSE values increase at a
relatively slower rate. For absolute PWV of 0–10 kg/m2, the
PWV RMSE values of BPNN-I and BPNN-II models are 2.5
and 2.9 kg/m2, respectively. For absolute PWV of 60–70 kg/m2,
the RMSE values of BPNN-I and BPNN-II arrive at 3.6 and
4.2 kg/m2, respectively.

Our numerical results in Sections IV-B to IV-E show that,
examined by GNSS PWV, BPNN models have a larger PWV
RMSE value when the absolute PWV is higher. One potential
reason is that the uncertainty of GNSS PWV used for evalu-
ation increases as weather conditions become wetter. Another
potential reason is that brightness temperature observations also
have larger uncertainties under wetter weather conditions. This
further degrades the accuracies of BPNN models’ PWV outputs.

Based on the PWV RMSE values and the absolute PWV
values shown in Fig. 6, we can calculate the corresponding
relative RMSE (the ratio of BPNN PWV RMSE to the average
of GNSS PWV value) for different categories of absolute PWV.
Specifically, the relative RMSE of Jason-3 original PWV is
44.8% for the 0–10 kg/m2 category. The corresponding relative
RMSE values of BPNN-I and BPNN-II are 37.3% and 43.3%,
respectively. When the absolute PWV value increases from 60
to 70 kg/m2, the relative RMSE values of Jason-3 original PWV,
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BPNN-I PWV, and BPNN-II PWV are 10.9%, 5.7%, and 6.6%,
respectively.

F. Station-Based BPNN PWV Accuracy

The RMSE values of Jason-3 original PWV and BPNN PWV
at each GNSS station during the entire evaluation period (Jan-
uary 2018 to June 2023) are presented in Fig. 7. A total of 2010
GNSS stations have Jason-3/BPNN versus GNSS PWV pairs
within 25 km of land. It should be noted that this number is dif-
ferent from 2076 GNSS stations, which have PWV pairs within
50 km of coastline during the period of February 2016–June
2023. For Jason-3 original PWV, 1043 out of the total 2010
GNSS stations have PWV RMSE values exceeding 4 kg/m2.
After applying BPNN-I and BPNN-II models, there are only
324 and 588 stations, respectively, with a PWV RMSE above
4 kg/m2.

The corresponding station-wise RMSE reduction of BPNN
PWV compared to Jason-3 original PWV at each GNSS sta-
tion has been shown in Fig. 8. BPNN-I and BPNN-II models
enhance the PWV accuracy at 1657 and 1578 GNSS stations,
respectively. In addition, with the use of BPNN-I and BPNN-II
models, there are 1310 and 1129 GNSS stations, respectively,
with over 20% of PWV RMSE reduction.

V. CONCLUSION

The accuracy of Jason-3 PWV products degrades significantly
in coastal sea–land interface areas. By using GNSS PWV as the
reference values, we have trained two BPNN PWV models with
different combinations of input variables, i.e., BPNN-I model
(input parameters: Jason-3 AMR-2 brightness temperature
observations (at 18.7, 23.8, and 34 GHz) and the distance of
Jason-3 to land) and BPNN-II model (input parameters: Jason-3
original PWV and the distance of Jason-3 to land), to enhance
the accuracy of Jason-3 PWV products in global coastal areas.
Two-year (2016 and 2017) Jason-3 and GNSS data are used to
train the BPNN models. More than 5-year (from January 2018
to June 2023) GNSS and radiosonde PWV data are used for
model testing.

Our results show that two BPNN PWV models considerably
improve the accuracy of Jason-3 PWV for the coastal areas
(within 25 km of land). BPNN-I model outperforms BPNN-II
model. Evaluated by GNSS PWV, the RMSE of Jason-3 original
PWV in the coastal areas is 4.2 kg/m2. Using the proposed
BPNN-I and BPNN-II models, the RMSE values are reduced to
2.7 kg/m2 (35.7% of RMSE reduction) and 3.2 kg/m2 (23.8% of
RMSE reduction), respectively. Correspondingly, evaluated by
radiosonde PWV data, the RMSE of Jason-3 original PWV in the
coastal areas is 5.0 kg/m2, while the RMSE values of BPNN-1
and BPNN-II are 3.6 kg/m2 (28.0% of RMSE reduction) and
4.0 kg/m2 (20.0% of RMSE reduction), respectively.

The performances of the BPNN models remained stable over
the evaluation years. We can still find considerable accuracy
improvements in Jason-3 PWV for the year of 2022 (the fifth
year after the model training). Specifically, the Jason-3 PWV
accuracy improvements benefitting from BPNN models in the
coastal areas can be up to 40.1%, 36.7%, 38.2%, 37.0%, and
34.4%, respectively, for 2018, 2019, 2020, 2021, and 2022.

Overall, the results of this study have demonstrated the ef-
fectiveness of the BPNN PWV models proposed. For other
altimetric satellite missions, users may also be able to establish
the BPNN PWV models by using GNSS PWV observations
and corresponding altimetric satellites’ observational data over
coastal areas. More accurate altimetric satellite water vapor data
in coastal areas are expected after applying the well-trained
BPNN models. Exploring and validating the performances of
BPNN PWV models for other altimetric satellites over coastal
areas could be one potential work in the future.
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