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Abstract: Total Precipitable Water (TPW) is a key variable of atmospheres, and its spatiotemporal
distribution is of great importance in global climate change. This paper addresses the TPW retrieval
over both sea and land surfaces from the data acquired by the Microwave Humidity Sounder II
(MWHS-II) on Fengyun 3D (FY-3D) satellite. First, Back Propagation neural network (BPNN)
algorithms are developed with the spatiotemporal matching samples of the MWHS-II data versus the
fifth-generation European Centre for Medium-Range Weather Forecast (ECMWEF) atmospheric
reanalysis (ERA5) data. Then, the TPWs between 65°S and 65°N over both sea and land surfaces are
retrieved from FY-3D MWHS-II data in 2022. Finally, the TPWs retrieved in this work are validated
with the radiosonde TPWs over both sea and land surfaces, and they are also compared to the F18
Special Sensor Microwave Imager Sounder (SSMIS) TPWs over sea surfaces. The results indicate that
the BPNN algorithms developed in this work are valid and accurate. The mean error (ME), the root
mean square error (RMSE) and mean absolute error (MAE) of the TPWs retrieved in this work against
the radiosonde TPWs are -1.17 mm, 3.46 mm and 2.63 mm over sea surfaces, respectively, and they
are -0.80 mm, 4.04 mm and 3.13 mm over land surfaces, respectively. The TPWs retrieved in this work
are much more accurate than the F18 SMMIS TPWs.

Keywords: FY-3D MWHS-II data; total precipitable water; back propagation neural network;
retrieval algorithm development; validation

1. Introduction

Total Precipitable Water (TPW) is a key physical parameter in the study of global energy balance
and water cycle. Its spatiotemporal distribution and variations significantly affect global climate
change, making it highly valuable for weather and climate applications [1]. Currently, TPW products
are mainly obtained through three methods: the radiosonde observations, the satellite remote
sensing, and the reanalysis data. The radiosonde observations provide accurate TPW by measuring
humidity profiles and integrating water vapor content of the entire atmospheric column. However,
the radiosonde observations are expensive and have uneven spatial distribution, especially in oceanic
regions where stations are sparse. Additionally, radiosondes typically conduct measurements only
twice a day, limiting their ability to monitor rapidly changing weather processes [2]. Another method
to obtain TPW is through satellite remote sensing, which can be divided into optical, infrared, and
microwave remote sensing. The optical remote sensing has a high spatial resolution, but it is greatly
affected by clouds. The infrared remote sensing also cannot effectively retrieve water vapor
information under cloudy conditions. In contrast, the microwave remote sensing can penetrate cloud
layers and acquire data in cloudy conditions, enabling all-weather TPW observation [3]. However,
the accuracy of microwave remote sensing retrieval is strongly influenced by the surface emissivity,
which usually has large value and uncertainty over land, which makes it difficult to distinguish
atmospheric signals from surface radiation. Fortunately, the microwave sea surface emissivity has
smaller value and less variation in contrast to microwave land surface emissivity. Therefore, the TPW
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retrieval over sea surfaces is far more accurate than that over land surfaces. So far, most existing
studies focus on the TPW retrieval over sea surfaces [4].

The research on TPW retrieval from satellite microwave radiometer data has a history of several
decades, and many methods have been developed, including the empirical methods, the semi-
empirical methods, the physics-based methods, and the neural network methods [5-7]. These
methods generally perform retrieval by establishing linear or nonlinear relationships between TPW
and the brightness temperatures (TB) in microwave channels. Currently, microwave radiometers
primarily use two water vapor absorption lines, located at 22.235 GHz and 183.31 GHz, to detect
atmospheric moisture information. Grody et al. first validated the strong correlation between water
vapor content and TB at the 22.235 GHz water vapor absorption line and proposed an empirical
method to retrieve atmospheric water vapor content from microwave radiometer observations [8].
Alishouse et al. utilized the Special Sensor Microwave Imager (SSM/I) observations to simultaneously
retrieve the TPW and cloud liquid water content over sea surfaces [9]. According to a radiative
transfer model, Wang et al. developed a semi-empirical algorithm to retrieve the total water vapor
content over sea surfaces from the Tropical Rainfall Measuring Mission (TRMM) Microwave Imager
(TMI) data under clear-sky conditions [10]. Bobylev et al. developed a neural network algorithm to
retrieve water vapor content over the Arctic Ocean [11] from the combined SSM/I data and the data
acquired by the Advanced Microwave Scanning Radiometer for the Earth Observing System (AMSR-
E). In contrast to the 22.23 GHz channel, the channels centered at the 183.31 GHz water vapor
absorption line offer higher spatial resolution and observation accuracy, and have been widely used
to retrieve TPW in recent years. The modern advanced satellite microwave radiometers, such as the
Advanced Microwave Sounding Unit B (AMSU-B), the Microwave Humidity Sounder (MHS), and
the Advanced Technology Microwave Sounder (ATMS), are equipped with the 183.31 GHz channels.
Boukabara et al. proposed a variational retrieval algorithm and established a comprehensive
microwave retrieval system (MiRS). With the data in the 183.31 GHz channels, the TPW retrieval
accuracy was significantly improved [12]. Liu et al. developed a physics-based algorithm to retrieve
TPW from the ATMS observations in the 165.50 GHz and 183.31 GHz channels [13].

The Fengyun-3 (FY-3) series are China's second generation of polar-orbiting meteorological
satellites. The fourth satellite in the series, FY-3D, was successfully launched from the Taiyuan
Satellite Launch Center on November 15, 2017. It is China’s main operational low Earth orbit
afternoon satellite. There are ten advanced remote sensing instruments on FY-3D, and one of them is
the Microwave Humidity Sounder II (MWHS-II) [14]. As listed in Table 1, the MWHS-II has four
frequency bands and fifteen channels. Among these, the 118.75 GHz oxygen-absorption band is used
for the first time on a polar-orbiting meteorological satellite. This band has eight oxygen absorption
channels at the Quasi-vertical (QV) polarization, which are mainly used to detect atmospheric
temperature profiles. The 183.31 GHz water vapor absorption band has five channels at the QV
polarization, which are primarily used to retrieve atmospheric humidity profiles. In addition, two
window channels are centered at 89.0 GHz and 150.0 GHz at the Quasi-horizontal (QH) polarization,
respectively, and they are used to collect radiation and scattering from both the Earth surfaces and
atmospheres. The equivalent noise temperature difference (NEAT) is 1.0 K in the channels 1 and 8~15,
1.6 K in the channels 4~7, 2.0 K in the channel 3, and 3.6 K in the channel 2 [15]. FY-3D MWHS-II
cross-track scans Earth surfaces and atmospheres with the 15 channels, and the Earth Incidence Angle
(EIA) mainly ranges between 0° and 65°. According to the instrument parameters, the FY-3D MWHS-
II’s observations can be used to retrieve global TPW.
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Table 1. Instrument parameters of FY-3D MWHS-IL

No. Central frequency Polarization Bandwidth NEAT Spatial resolution
(GHz) (MHz) (K) (km)
1 89.0 QH 1500 1.0 30
2 118.75+0.08 Qv 20 3.6 30
3 118.75+0.2 Qv 100 2.0 30
4 118.75+0.3 Qv 165 1.6 30
5 118.75+0.8 Qv 200 1.6 30
6 118.75+1.1 Qv 200 1.6 30
7 118.75+£2.5 Qv 200 1.6 30
8 118.75+£3.0 Qv 1000 1.0 30
9 118.75+5.0 Qv 2000 1.0 30
10 150.0 QH 1500 1.0 15
11 183.31£1.0 Qv 500 1.0 15
12 183.31£1.8 Qv 700 1.0 15
13 183.31+3.0 Qv 1000 1.0 15
14 183.31+4.5 Qv 2000 1.0 15
15 183.31+7.0 Qv 2000 1.0 15

2. Study Data and Processing

In this work, the following data in 2022 are used: the FY-3D MWHS-II Level 1 (L1) data, the fifth-
generation of European Centre for Medium-range Weather Forecast (ECMWEF) atmospheric
reanalysis (ERA5) data, the radiosonde data, the F18 Special Sensor Microwave Imager Sounder
(SSMIS) TPW product, the Terra and Aqua combined Moderate Resolution Imaging Spectroradiometer
(MODIS) land cover (MCD12C1) product, and the Global 30 Arc-Second Elevation (GTOPO30) data.

The FY-3D MWHS-II L1 data, provided by the Fengyun Satellite Data Center
(https://satellite.nsmc.org.cn), contain the TBs at top of atmosphere (TOA) in the fifteen channels
listed in Table 1, the geolocation (longitude and latitude), the observation time, the EIA, etc.

The ERA5 data (https://cds.climate.copernicus.eu) contain hourly estimates of a lot of
atmospheric, land and oceanic climate variables with longitude and latitude resolutions of 0.25°x0.25°
[16]. In this work, only the single-layer ERA5 Total Column Water (TCW) data are used to build the
sample datasets below.

The radiosonde data, provided by the University of Wyoming in the United States of America
(USA) (http://weather.uwyo.edu/upperair/sounding.html), have climate parameters at 0:00 and 12:00
UTC every day, such as the profiles of atmospheric temperature and humidity, wind speed and
direction, etc. In this work, the TPWs extracted from the radiosonde atmospheric humidity profiles
are used to validate the results in this work. The extraction equation is given below [17]:

1 ¢n
TPW =— "q(p)-dp 1
PY IO g

where @ is the air density, g is the gravitational acceleration, q(p) denotes the specific humidity at
pressure p, and ps is the pressure at Earth surface.

The F18 SSMIS TPW product (http://www.remss.com) is generated from the observations
acquired by the SSMIS on the U.S. Defense Meteorological Satellite Program (DMSP) F18 satellite in
terms of the radiative transfer model [18], and it provides TPWs over sea surfaces with a spatial
resolution of 0.25° in both longitude and latitude. The validation results indicated that the F18 SSMIS
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TPW has a good accuracy. Therefore, The F18 SSMIS TPWs are used to cross-validate the results over
sea surfaces in this work.

The MCD12C1 product (https://search.earthdata.nasa.gov), generated from the observations of
the MODIS [19], provides global land cover types with a spatial resolution of 0.05° (approximately
5.6 km) in both longitude and latitude. According to the standards of International Geosphere-
Biosphere Programme (IGBP), the MCD12C1 product divides global land surfaces into 17 major
categories, including 11 natural vegetation types, three human-developed and land mosaic types,
and three non-vegetated land types. The land cover types extracted from the MCD12C1 product are
used as one of the input features over land surfaces.

The GTOPO30 dataset (https://www.usgs.gov) is a global digital elevation model (DEM)
produced by the U.S. Geological Survey (USGS). It covers global land areas with a spatial resolution
of 30 arc-seconds (approximately 1 km) [20]. The GTOPO30 dataset provides elevation information
for the entire globe and is widely used in geographic and climate change research, hydrological
analysis, and ecological modeling. In this work, the GTOPO30 elevation data are used to determine
the Earth surface-atmosphere boundary and used as one of the input features over land surfaces.

Except the ERA5 data and the F18 SSMIS TPW data, all the data introduced above are firstly
pixel-aggregated into the 0.25°x0.25° grid space. Then, the TBs in the MWHS-II channels 10 to 15 are
re-calibrated using the intercalibration results in [21]. Finally, two datasets mainly containing the
spatiotemporal sample data between FY-3D MWHS-II TBs and the ERA5 TPW in 2022 are collected
for sea surfaces and land surfaces, respectively. The matching criteria are 1) collocation in the 0.25
%0.25° grid space between 655 and 65N at least 25 km far away from coastlines, and 2) a maximum
absolute time difference of one minute. According to the above criteria, a total of 14,107,205 matching
samples over sea surfaces and 6,300,924 matching samples over land surfaces are collected. Figure 1
displays the spatial distribution of the matching samples over both sea surfaces and land surfaces.
The matching samples are densely distributed in high latitude regions, followed by the tropical
regions and the mid-latitude regions. In most regions, the number of matching samples is greater
than fifteen. Table 2 lists the monthly distribution of the matching samples. Over land surfaces, the
number of matching samples ranges between 465,000 and 549,000, whereas it is approximately
doubled over sea surfaces. The spatiotemporal distribution of the matching samples is determined
by many factors, such as the satellite orbit, the matching criteria, and so on. In general, the matching
samples have good spatiotemporal representativeness, and can be used to develop the TPW retrieval
algorithm.
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Figure 1. Spatial distribution of the matching samples over both sea surfaces and land surfaces.
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Table 2. Monthly distribution of the matching samples in 2022.
Month Number over sea surfaces Number over land surfaces
1 1195700 525927
2 1077674 487052
3 1258405 540884
4 1199367 518953
5 1202770 548763
6 1155894 521118
7 1021385 465599
8 1210438 537761
9 1189825 540628
10 1226708 542100
11 1176881 537094
12 1192158 535045

It should be noted that, the features in the two datasets have different units, e.g., the TBs are in
K, while the elevation is in kilometer. To eliminate the impact of different units of input features on
the output and accelerate the convergence of the neural network training, all the input data in the
two datasets are converted into the z-scores using the following equation

z,=— )

where p and o are the mean and the standard deviation of input feature x, respectively; zi is the z-
score of input xi.

3. Methodology
3.1. Back Propagation Neural Network (BPNN)

To retrieve TPW over both sea surfaces and land surfaces, the Back Propagation Neural Network
(BPNN) [22] is adopted in this work. As shown in Figure 1, the BPNN consists of the input layer, the
hidden layer(s), and the output layer.

BN FCReLU BN Dropout FCReLU BN Dropout FC ReLU
/7 TN (7

—_—  — > =
> R — e e
’ > B> °* ¢ ¢ > ——
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Figure 2. Architecture of the Back Propagation Neural Network (BPNN) for TPW Retrieval.

Because of the large differences between land surfaces and sea surfaces, two BPNNs are designed
for the TPW retrieval over sea and land surfaces, respectively. As we know, the hyperparameter
selection is essential for optimizing the performance of neural networks. In this work, with randomly
selected 80% of the matching samples as training data and the remaining 20% as the testing data,
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ablation experiments are conducted with the following candidate settings: the number of hidden
layer(s) of 1, 2, 3 or 4, the number of neurons per hidden layer of 32, 64, 128 or 256, the loss function of
Mean Square Error (MSE) Loss, Mean Absolute Error (MAE) Loss, Huber Loss or Log-Cosh Loss, and
the dropout rate of 0.0, 0.1, 0.2, 0.3 or 0.5. The results of ablation experiments indicate that for sea
surfaces, the BPNN with a single hidden layer of 128 neurons, the MSE Loss function, and the dropout
rate of 0.1 provides the best balance between predicting accuracy and computational efficiency. For
land surfaces, the BPNN with two-hidden-layer of 64 neurons per layer, the MSE Loss function, and
the dropout rate of 0.2 shows superior performance. These optimized settings ensure the robustness
and generalization of the BPNN models across diverse atmospheres and Earth surfaces, highlighting
the importance of tailoring hyperparameters to the specific retrieval task.

Because the atmospheric humidity is coupled with the atmospheric temperature, besides the TBs
in the water vapor absorption channels, the use of TBs in the oxygen-absorption channels can
improve the humidity retrieval accuracy [23]. In addition, the TBs in the MWHS-II channels 1 (89.0
GHz) and 10 (150.0 GHz) can provide information from Earth surfaces. Therefore, the TBs in all the
fifteen MWHS-II channels are used in TPW retrieval in this work. Over sea surfaces, 19 input features
are used, and they are the 15 TBs extracted from the FY-3D MWHS-II L1 data, the month of the year,
the geolocation (latitude and longitude), and the EIA. Because of relatively small values and narrow
dynamic ranges, the sea surface emissivities in the MWHS-II channels 1 (89.0 GHz) and 10 (150.0GHz)
are not taken into account. While over land surfaces, due to the complexity of land surfaces, besides
the 19 input features for sea surfaces, other six variables are selected as input features: the GTOPO30
elevation, the MCD12C1 land cover type, and four land surface emissivities in the MWHS-II channels
1 (89.0 GHz) and 10 (150.0 GHz) at both vertical and horizontal polarizations. In this work, the land
surface emissivities are calculated using the Hewison’s model [24]. In addition, the ablation
experiments also show that the use of squares of the TBs instead of the TBs themselves can improve
the model's sensitivity to the TB’s nonlinear variations, and the use of exponential value of the
elevation instead of the elevation itself can reduce the scaling effect of elevation data on the model
and enhance the model's generalization capability and stability.

The hidden layer is composed of a fully connected (FC) layers, a Rectified Linear Unit (ReLU)
activation function, a batch normalization (BN) layer, and a dropout. The ReLU activation function
accelerates convergence and mitigates the gradient vanishing problem; the BN layer stabilizes the
training process, and the dropout reduces the risk of overfitting and gradient explosion [25].

The output layer consists of one neuron, which corresponds to the TPW and is fully connected to the
neurons in the previous layer, and the ReLU activation function and the MSE loss function are applied.

Once the structures and settings are determined, the BPNNs are trained using the error back-
propagation method fed with the training data and testing data.

Figure 3 displays the testing results of the trained BPNNs with testing data over sea surfaces
and land surfaces. The scatters are distributed around the diagonals, and the predicted TPWs are
linearly related to the ERA5 TPWs. Over sea surfaces, the mean error (ME), the root mean square
error (RMSE), the mean absolute error (MAE) and the determinant coefficient (R?) are 0.04 mm, 2.04
mm, 1.47 mm and 0.98, respectively. Over land surfaces, the scatters are relatively more dispersed in
contrast to those over sea surfaces, and the ME, the RMSE, MAE and R2? are 0.06 mm, 2.60 mm, 1.75
mm and 0.97, respectively. The results indicate that the predicting errors over land surfaces are
slightly greater than those over sea surfaces. This is mainly attributed to the complex of land surfaces,
especially the uncertainties of land surface emissivities, which are estimated by the Hewison’s model
and more accurate over vegetated areas than over bare areas [24,26].
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Figure 3. Scatter plots of the predicted TPWs versus the ERA5 TPWs of the testing data (a) over sea surfaces and

(b) over land surfaces.

Land cover types have impact on TPW retrieval [27]. Figure 4 shows the testing results across
the 17 MODIS land cover types. The predicted TPWs are highly linear related to the ERA5 TPWs with
R? greater than or equal to 0.92, except that over the snow and ice areas, which is 0.86. The ME ranges
between -0.56 mm and 0.35 mm. The RMSE (MAE) varies from 1.47 (1.03) mm to 3.49 (2.47) mm
depending on land cover types. Overall, the RMSEs (MAEs) over the three non-vegetated or sparsely
vegetated areas (the water bodies, snow and ice, and barren or sparsely vegetated areas) are smallest,
the RMSEs (MAEs) over the 11 natural vegetation areas are in the middle, and the RMSEs (MAEs)
over the three human-developed and mosaic areas (the croplands, urban and built-up, and
cropland/natural vegetation mosaic areas) are largest. These differences mainly come from the land
cover types and the complex interaction between land and atmosphere. In general, the testing results
in this work basically agree with those in [27,28]. The results demonstrate that the BPNN model in
this work is not only applicable to all land cover types, but also has excellent performance.
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Figure 4. Scatter plots of the predicted TPWs in this work versus the ERA5 TPWs over (a) the water bodies areas,
(b) the snow and ice areas, (c) the barren or sparsely vegetated areas, (d) the croplands areas, (e) the urban and
built-up areas, (f) the cropland/natural vegetation mosaic areas, (g) the evergreen needleleaf forest areas, (h) the
evergreen broadleaf forest areas, (i) the deciduous needleleaf forest areas, (j) the deciduous broadleaf forest
areas, (k) the mixed forest areas, (l) the closed shrublands areas, (m) the open shrublands areas, (n) the woody

savannas areas, (0) the savannas areas, (p) the grassland areas, and (q) the permanent wetland areas.

To further evaluate the contributions and importance of input features in TPW retrieval, the
SHapley Additive exPlanations (SHAP) method is used. The SHAP is a model interpretation
technique rooted in cooperative game theory, and it quantifies feature importance by calculating the
marginal contribution of each feature to the model's output [29]. Figure 5 demonstrates the SHAP
analysis results of the BPNNs over both sea surfaces and land surfaces. Over sea surfaces, the five
most important features are the TB9, TB1, EIA, TB13, and TB10, respectively, while the five least
important features are TB4, the longitude, TB3, TB2 and the month, respectively, where the TBi
denotes the TB in MWHS-II channel i. Over land surfaces, the five most important features are TB15,
TB13, TB8, TB9 and TB6, respectively, whereas the five least important features are the land cover
types, TB3, longitude, TB2 and the month, respectively. The land surface emissivities in the channels
1 (89.0 GHz) and 10 (150.0 GHz) and the elevation also make significant contributions on the TPW
retrieval over land surfaces. Over both sea and land surfaces, the TBs in the MWHS-II oxygen-
absorption channels centered at 118.75 GHz have obvious contributions on TPW retrieval. The SHAP
results justify that the selection of the input features is reasonable.

In general, the BPNNs are well designed, and both the training and testing results indicate that
the BPNNs have good accuracy, strong robustness and generalization capability in TPW retrieval.
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Figure 5. SHapley Additive exPlanations (SHAP) values of the input features over (a) sea surfaces and (b) land
surfaces (TBi denotes the brightness temperature in the MWHS-II channel i, while EiV and EiH stand for the
land surface emissivities in the MWHS-II channel i at vertical and horizontal polarizations, respectively).

3.2. Comparison to Other Commonly Used Methods

To further evaluate the retrieval performance, the BPNNs developed in this work are compared
to seven commonly used methods with the same training data and testing data in Section 2. The seven
methods are the D-matrix method [30], the Ridge method [31], the Lasso method [32], the physical
method [33], the random forest (RF) method [34], the support vector machine (SVM) method [35],
and the eXtreme Gradient Boosting (XGBoost) method [36]. The first three methods are statistical
ones, while the last three methods are the machine learning ones. The physical method is not applied
to the TPW retrieval over land surfaces because of its poor performance over land surfaces [33]. The
following six standard statistical metrics are used for quantitative analysis: the ME, the MAE, the
RMSE, the mean squared logarithmic error (MSLE), the mean absolute percentage error (MAPE), and
R?. Besides the testing results of the seven methods, the testing results of the BPNNs are listed in
Table 3 for convenience. Over sea surfaces, the ME, MAE, RMSE, MAPE, MSLE and R2 of the BPNN
in this work are 0.04 mm, 1.47 mm, 2.04 mm, 0.01 mm, 8.64% and 0.982, respectively. Except the ME,
the BPNN in this work is far superior to the seven methods on other statistical metrics. Over land
surfaces, the ME, MAE, RMSE, MSLE, MAPE and R? of the BPNN in this work are, respectively, 0.06
mm, 1.79 mm, 2.60 mm, 0.03 mm, 15.53% and 0.967, which are slightly worse than those of the BPNN
over sea surfaces. However, the BPNN over land surfaces is superior to other six methods on all
metrics. It should be noted that, the XGBoost method achieved good results second only to the
BPNNs in this work. In general, the BPNNSs in this work have good performance in TPW retrieval
over both sea and land surfaces.

Table 3. Comparison of the BPNNSs in this work to other methods.

Region Method ME MAE RMSE MSLE MAPE (%) R?
BPNN in this work  0.04 1.47 2.04 0.01 8.64 0.982
D-Matrix 0.07 3.36 4.34 0.09 20.37 0.924
Sea Ridge 0.07 3.32 431 0.09 20.22 0.927

Lasso 0.07 3.36 4.34 0.09 20.34 0.927
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Physical 0.00 3.32 4.33 0.09 24.61 0.916
RF 0.07 2.87 4.03 0.05 18.73 0.943
SVM 0.07 3.03 441 0.06 19.02 0.935
XGBoost 0.03 1.97 271 0.02 10.76 0.976
BPNN in this work  0.06 1.79 2.60 0.03 15.53 0.967
D-Matrix 0.08 4.90 6.81 0.40 39.01 0.805
Ridge 0.08 4.92 6.80 0.40 39.02 0.808
Land Lasso 0.08 4.86 6.73 0.39 38.71 0.813
RF 0.08 3.01 4.80 0.20 27.89 0.897
SVM 0.09 3.20 4.92 0.20 29.19 0.871
XGBoost 0.10 1.99 297 0.03 16.22 0.954

4. Results and Analysis

The global TPWs are retrieved from the FY-3D MWHS-II data in 2022 using the BPNNs
developed in Section 3.

Taking the results on January 1, April 1, July 1 and October 1 of 2022 as examples, Figure 6
displays the maps of TPWs retrieved from the MWHS-II data over both sea and land surfaces. The
TPW mainly ranges between 0.0 and 75.0 mm, and obviously depends on latitude: the TPW usually
has large value in the tropical region, and gradually decreases towards high latitude. The relatively
large TPW in the tropical region is mainly attributed to the strong evaporation and deep convection,
especially in the Pacific Ocean, the Indian Ocean, the Atlantic Ocean, the Amazon tropical rain forests,
the West Africa rain forests, and the Southeast Asian archipelago.

Over the sea surfaces in the mid-latitude regions, because of subtropical high-pressure systems
and mid-latitude cyclonic activities, several distinct moisture transport belts are observed. They move
towards south in January, and move toward north in July. In contrast to sea surfaces, the TPW
distribution over land surfaces is more complicated, varying with season and location. The regions
with large TPW are mainly distributed in the Central African Basin, the Southeast Asian archipelago
(including Indonesia), and the tropical rainforest regions of Central and South America. These
regions are significantly influenced by tropical monsoons, strong convection, and abundant
precipitation. The TPW in mid-latitude regions of the Northern Hemisphere is generally lower,
especially in winter, due to the dominance of dry continental air under cold high-pressure systems.
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Figure 6. Maps of the total precipitable water retrieved from the FY-3D MWHS-II data on (a) January 1, 2022, (b)
April 1, 2022, (c) July 1, 2022, and (d) October 1, 2022.

The TPWs retrieved in this work are validated with the TPWs extracted from the radiosonde
data provided by the University of Wyoming in USA. The TPWs in this work are matched to the
radiosonde data with the following two criteria: 1) the radiosonde stations fall in the 0.25°x0.25° grid
at least 25 km away from the continent coastlines, and 2) the absolute time difference is less than 3
hours. As shown in Figure 7, 16 deep-sea radiosonde stations located on islands and 135 continent
stations are qualified. The TPWs of the radiosonde data are calculated using Eq. (1). A total of 4,613
matching TPWs over sea surfaces and 71,577 matching TPWs over land surfaces are collected in 2022.

90°N

60°N 1

30PN

Latitude (degree)
2

30°8

[ % Decp-sea Station
+  Continent Station =

90°8
60°E 120°E 180° 1200W 60°W

Longitude (degree)
Figure 7. The spatial distribution of the selected radiosonde stations.

Because the deep-sea radiosonde stations are located on islands, which are higher than sea
surfaces in altitude. This means that the retrieved TPWs over sea surfaces are slightly larger than the
TPWs extracted from the radiosonde data. Bock et al. proposed an altitude correction term for TPW

[37], which is given by
4h
WD=——X® 3)
10000
where Ao is the correction term for the TPW w, and / is the altitude of the deep-sea radiosonde station
in meters.

The TPWs at deep-sea stations are corrected by adding the ATPW. After the altitude correction,
the retrieved TPWs are more consistent with the radiosonde TPWs. Figure 8 displays the scatter plots
of the TPWs retrieved in this work versus the radiosonde TPWs. The TPWs retrieved in this work are
highly linearly related to the radiosonde TPWs with determinant coefficients (R?) greater than 0.96.
The scatters over sea surfaces are more concentrated around the diagonal than those over land
surfaces. Over sea surfaces, the ME, the RMSE and MAE are, respectively, -1.17 mm, 3.46 mm and
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2.63 mm, while over land surfaces, they are -0.80 mm, 4.04 mm and 3.13 mm, respectively. Against
the radiosonde TWs, the TPWs in this work are averagely underestimated, which may be due to the
discrepancy between the ERA5 data and the radiosonde data [38]. The retrieved TPWs over land
surfaces have relatively larger errors than those over sea surfaces, because of the larger variations in
both land surfaces and atmospheres, and the complex interaction between them. In general, the TPWs
retrieved in this work are accurate against the radiosonde TPWs over both sea surfaces and land

surfaces.
Count Count
80 80
Number = 4612 Number = 71577

of I 1.00x +2.28 - of X7 0.99x +0.92
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Figure 8. Scatter plots of the TPWs retrieved in this work versus the radiosonde TPWs (a) over sea surface and

(b) over land surfaces.

The TPWs retrieved in this work are also compared to the F18 SSMIS TPWs in 2022. It should be
noted that, the F18 SSMIS TPW product only provides TPWs over sea surfaces, and consequently the
comparison is conducted only over sea surfaces. Using the same matching criteria, 1559 matching
samples between F18 SSMIS TPWs and radiosonde TPWs are collected. Figure 9 shows the scatter
plot of the F18 SSMIS TPWs versus the radiosonde TPWs. Against the radiosonde TPWs, the ME, the
RMSE and MAE of F18 SSMIS TPWs are, respectively, 0.86 mm, 4.24 mm and 3.37 mm. The RMSE
and MAE of F18 SSMIS TPWs are 0.78 mm and 0.74 mm larger than those of the TPWs retrieved in
this work, respectively. The determinant coefficient (R?) of the F18 SSMIS TPWs is 0.92, which is also
less than the one of the TPWs retrieved in this work. Therefore, a conclusion can be made that the
TPWs retrieved in this work are more consistent with the radiosonde TPWs than the F18 SSMIS TPWs,
i.e., the TPWs retrieved in this work are more accurate than the F18 SSMIS TPWs.
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Figure 9. Scatter plot of the F18 SSMIS TPWs versus the radiosonde TPWs.

5. Summary and Conclusion

This paper presented the TPW retrieval from FY-3D MWHS-II L1 data over both sea and land
surfaces. First, the BPNNs were developed with the matching samples between the MWHS-II data
and the ERA5 TPWs. Then, the TPWs between 65°S and 65°N were retrieved from the MWHS-II data
in 2022. Finally, the TPWs retrieved in this work were validated with the radiosonde TPWs, and
compared to F18 SSMIS TPWs. The results indicated that the BPNN algorithms developed in this
work are valid and accurate, which are superior to the D-matrix method, the Ridge method, the Lasso
method, the physical method, the RF method, the SVM method and the XGBoost method. The ME,
the RMSE and MAE of the TPWs retrieved in this work against the radiosonde TPWs are -1.17 mm,
3.46 mm and 2.63 mm over sea surfaces, respectively, and they are -0.80 mm, 4.04 mm and 3.13 mm
over land surfaces, respectively. The TPWs retrieved in this work are much more accurate than the
F18 SMMIS TPWs.

The TPWs retrieved in this work were averagely underestimated against the radiosonde TPWs,
which may be attributed to the discrepancy between the ERA5 data and radiosonde data. In the
future, the ERAS total column water will be fully evaluated using the radiosonde data.
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