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A B S T R A C T   

Four novel PWV retrieval approaches based on machine learning methods are for the first time developed to 
estimate all-weather precipitable water vapor (PWV) from near-infrared (NIR) measurements of the Moderate 
Resolution Imaging Spectroradiometer (MODIS) instrument. The four retrieval approaches are Back Propagation 
Neural Network (BPNN), Gradient Boosting Decision Tree (GBDT), Generalized Regression Neural Network 
(GRNN), and eXtreme Gradient Boosting (XGBoost). The transmittance, latitude, longitude, elevation, cloud, 
season, and solar zenith angle information, in association with the MODIS NIR PWV’s performance, are utilized. 
The in-situ one-year PWV data collected in 2017 from 453 Global Positioning System (GPS) sites in Australia and 
214 GPS sites in China are utilized as target water vapor estimates for model training. Independent of the 2017 
training data, two-year data observed in 2018–2019 in Australia and China are utilized to validate the four 
models’ performance. The results indicate that the retrieval algorithms can greatly improve the PWV retrieval 
accuracy from MODIS NIR observations under all-weather conditions, reducing the impact of clouds on NIR PWV 
retrieval. The new all-weather PWV estimates obtain R2 in the range of 0.83 ~ 0.86, root-mean-square-error 
(RMSE) in the range of 4.71 mm ~ 5.28 mm, and mean bias (MB) in the range of 0.18 mm ~ 0.51 mm, 
significantly outperforming the official MODIS NIR PWV product (R2 = 0.31, RMSE = 12.03 mm, and MB =
-3.04 mm). The reduction in RMSE is 60.85 % for BPNN, 59.68 % for GBDT, 56.69 % for GRNN, and 57.27 % for 
XGBoost. The new all-weather PWV results show a superior retrieval accuracy compared to the official MODIS 
NIR confident-clear PWV product, illustrating the effectiveness of the models. This could be because the retrieval 
models have considered multiple dependence parameters that affect the performance of MODIS-observed NIR 
PWV. The retrieval algorithms exhibit little spatial or temporal dependence and they can be applied to other 
regions and periods. This work provides a more accurate way to retrieve all-weather PWV estimates from satellite 
NIR measurements considering multiple dependence parameters – location, cloud, season, and solar zenith angle 
information.   

1. Introduction 

Water vapor is considered the most abundant and the most important 
atmospheric greenhouse component on the planet (Li et al., 2003; 
Stocker et al., 2013). It exhibits a fundamental role in atmospheric cir
culation (Schneider et al., 2010), energy transport (Myhre et al., 2013), 
hydrological cycle (Muller et al., 2009; Wang et al., 2021; Ye et al., 
2014) and it has a strong association with climate change locally or 
globally (Held and Soden, 2000; Sherwood et al., 2010; Soden et al., 
2002). Atmospheric water vapor is also considered one of the most 
essential parameters in the atmospheric correction process of optical 

satellite data (Chavez, 1988; Chen et al., 2019). The atmospheric water 
vapor distribution on the planet presents a high spatial–temporal vari
ability (Ccoica-Lopez et al., 2019; Li et al., 2003; Trenberth et al., 2005). 
Precipitable water vapor (PWV) is equal to the total atmospheric water 
vapor amount measured in a vertical column and in a cross-section unit 
(Ichoku et al., 2002; King et al., 1992). To advance the monitoring of 
atmospheric-water–vapor-related processes, it is critical to obtain high- 
quality atmospheric PWV distribution measurements at a reasonable 
spatial–temporal resolution. 

The instruments for in-situ PWV observations consist of sun 
photometer (Fragkos et al., 2019; Holben et al., 1998; Liu et al., 2013), 

* Corresponding author. 
E-mail address: lszzliu@polyu.edu.hk (Z. Liu).  

Contents lists available at ScienceDirect 

International Journal of Applied Earth  
Observations and Geoinformation 

journal homepage: www.elsevier.com/locate/jag 

https://doi.org/10.1016/j.jag.2022.103050 
Received 3 August 2022; Received in revised form 5 October 2022; Accepted 7 October 2022   

mailto:lszzliu@polyu.edu.hk
www.sciencedirect.com/science/journal/15698432
https://www.elsevier.com/locate/jag
https://doi.org/10.1016/j.jag.2022.103050
https://doi.org/10.1016/j.jag.2022.103050
https://doi.org/10.1016/j.jag.2022.103050
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jag.2022.103050&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


International Journal of Applied Earth Observation and Geoinformation 114 (2022) 103050

2

Global Positioning System (GPS) (Bevis et al., 1994; Li et al., 2015; 
Rocken et al., 1997), radiosonde (McCarthy et al., 2009; Miloshevich 
et al., 2006; Ross and Elliot, 2001), and microwave radiometer (Fragkos 
et al., 2019). The most common ground-based observation techniques 
are GPS and radiosonde. The radiosonde-based PWV observations, 
limited by weather conditions, exhibit a poor temporal resolution of one 
or two measurements per day. (Li et al., 2003; Ross and Elliot, 2001; 
Vaquero-Martínez et al., 2018). In contrast, GPS can provide continuous 
all-weather atmospheric PWV observations at a high time resolution e.g. 
hourly (Bevis et al., 1994; Vaquero-Martínez et al., 2018). GPS-derived 

PWV measurements have been utilized as in-situ reference PWV in many 
satellite-based PWV studies (Vaquero-Martínez et al., 2018; Xu and Liu, 
2021a). 

In addition to in-situ PWV observations, Earth-orbiting remote 
sensing satellites are a main technique to monitor atmospheric PWV 
distribution with a large or even global coverage. The satellite-measured 
PWV can be retrieved from different spectral wavelength channels. 
Among them, the near-infrared (NIR) bands are much more perceptive 
to water vapor in the atmospheric boundary layer where most PWV 
exists (King et al., 2003). The Moderate Resolution Imaging Spectror
adiometer (MODIS) sensor (Justice et al., 1998) can provide daily near- 
global PWV observations using NIR bands (Gao and Kaufman, 2003; 
Kaufman and Gao, 1992). Three PWV absorption bands (i.e. 905, 936, 
and 940 nm) and two nearby non-absorption bands (i.e. 865 and 1240 
nm) are utilized (Gao and Kaufman, 2003; Kaufman and Gao, 1992). 
Both 2-band and 3-band ratio approaches are utilized in deriving PWV 
estimates from MODIS NIR measurements, which rely upon an atmo
spheric radiative transfer model and look-up tables (Gao and Kaufman, 
2003; Kaufman and Gao, 1992). The official MODIS NIR water vapor 
products, i.e. MOD05 for MODIS/Terra and MYD05 for MODIS/Aqua, 
are generated over land, ocean, and clouds at a space resolution of 1000 
m (Gao and Kaufman, 2003; Kaufman and Gao, 1992). 

However, the official MODIS NIR PWV products exhibit a large 
retrieval error when cloud is present, as NIR observations cannot 
penetrate the clouds (He and Liu, 2019; Xu and Liu, 2022). The com
parison between MOD05 PWV and GPS PWV showed a root-mean- 
square error (RMSE) of 13.07 mm in cloudy sky conditions, much 
larger than the retrieval error in clear sky conditions (RMSE = 5.48 mm) 
(He and Liu, 2019). On account of their degraded accuracy in the exis
tence of clouds, the PWV estimates from MODIS NIR measurements 
cannot be used in all weather conditions (He and Liu, 2019). Most 
current studies utilize MODIS NIR confident-clear PWV products only, 
which largely limits the application of MODIS NIR PWV observations in 
climate studies (Ccoica-Lopez et al., 2019; Li and Long, 2020). In 
addition, the measurement performance of MODIS NIR PWV retrievals 
showed a remarkable dependence on several variables – location, cloud, 
season, and solar zenith angle (Vaquero-Martínez et al., 2018, 2017). 
Such influence factors also affect PWV retrieval accuracy of NIR obser
vations from other satellites, such as Sentinel-3 NIR PWV products (Xu 
and Liu, 2021a). Therefore, an enhanced water vapor retrieval approach 
is greatly needed to further improve the PWV retrieval accuracy of NIR 
water vapor observations, especially under cloudy sky conditions. 

Several water vapor retrieval algorithms have been developed to 
enhance the retrieval accuracy of PWV estimates from MODIS NIR ob
servations. Ma et al. (2022) developed an enhanced water vapor 

Fig. 1. Geographical locations of 453 GPS sites in Australia and 214 GPS sites 
in China. The color bar shows the altitude of the GPS sites.\. 

Table 1 
Summary of the characteristics of the GPS and MODIS datasets collected be
tween January 1, 2017 and December 31, 2019 over both Australia and China.  

Data Time 
period 

Time 
resolution 

Space 
resolution 

Region Function 

GPS January 1, 
2017 to 
December 
31, 2017 

Every 
hour 

667 
stations, 
point data 

Australia 
and 
China 

Model 
training 

MOD021KM Every day 1000 m 
MOD03 Every day 1000 m 
MOD35 Every day 1000 m 
GPS January 1, 

2018 to 
December 
31, 2019 

Every 
hour 

667 
stations, 
point data 

Australia 
and 
China 

Model 
validation 

MOD021KM Every day 1000 m 
MOD03 Every day 1000 m 
MOD05 Every day 1000 m 
MOD35 Every day 1000 m  

Table 2 
Summary of NIR bands of the MODIS sensor utilized for PWV observations.  

Band 
number 

Center 
(nm) 

Width 
(nm) 

Spatial resolution 
(m) 

Description 

2 865 40 250 Window Band 
5 1240 20 500 Window Band 
17 905 30 1000 Absorption 

Band 
18 936 10 1000 Absorption 

Band 
19 940 20 1000 Absorption 

Band  

Fig. 2. The number of the matched MODIS–GPS data pairs in each day in each 
month in 2017 in Australia and China used for model training. 
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retrieval method for MODIS NIR bands relying upon a Back Propagation 
Neural Network (BPNN) considering land surfaces. The new PWV result 
reduced the confident-clear RMSE of MOD05 PWV by 66.32 % for 2- 
band ratio approach and by 68.67 % for 3-band ratio approach in the 
North America area (Ma et al., 2022). Yet this retrieval algorithm used 
the same dataset for model development and validation, namely-one- 
year data in 2020. The work in He and Liu (2020) developed an 
ensemble-based water vapor retrieval algorithm to retrieve PWV from 
MODIS NIR observations in cloud-free conditions (i.e. confident clear 
sky conditions), showing a reduction in RMSE of MODIS/Terra NIR PWV 
of 22.48 % for 2-band ratio method and 21.69 % for 3-band ratio method 

in the North America region. In addition to enhanced retrieval algo
rithms for MODIS NIR measurements, an improved PWV retrieval al
gorithm for Sentinel-3A NIR radiance observations was developed for 
confident clear condition (Xu and Liu, 2021b). The results show that the 
RMSE of Sentinel-3A NIR PWV versus GPS PWV in confident clear 
conditions drops 10.68 % ~ 12.94 % in Australia (Xu and Liu, 2021b). 
Nevertheless, the current existing improved PWV retrieval algorithms 
are built on the confident-clear sky conditions only, and they cannot 
address the problem of poor PWV accuracy in cloudy-sky and all- 
weather conditions. The NIR PWV retrieval algorithms have not taken 
the location, cloud, season, and solar zenith angle into account in 

Fig. 3. The schematic of the BPNN-based method for retrieving all-weather PWV estimates from MODIS NIR measurements.  

Fig. 4. The schematic of the GBDT-based method for retrieving all-weather PWV estimates from MODIS NIR measurements.  
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retrieving PWV from satellite NIR measurements, though they are in 
strong association with the performance of satellite-sensed NIR PWV 
retrieval (Vaquero-Martínez et al., 2018, 2017; Xu and Liu, 2021a). To 
the best of our knowledge, no study has reported retrieving all-weather 
PWV estimates from satellite-based NIR observations with an enhanced 
retrieval accuracy. 

In this work, we develop four new PWV retrieval algorithms based on 
machine learning methods to enhance the PWV retrieval accuracy from 
MODIS NIR channels under all weather conditions. The methods consist 
of BPNN (Rumelhart et al., 1986), Gradient Boosting Decision Tree 
(GBDT) (Friedman, 2002), Generalized Regression Neural Network 
(GRNN) (Specht, 1991), and eXtreme Gradient Boosting (XGBoost) 
(Chen et al., 2015). The input data of the retrieval algorithms include 
water vapor transmittance from three PWV absorption bands (i.e. 905, 

936, and 940 nm), location (latitude, longitude, and elevation), cloud, 
season, and solar zenith angle. In the model training procedure, the in- 
situ one-year PWV estimates observed in 2017 from 453 GPS sites in 
Australia and 214 GPS sites in China are employed as water vapor data 
in the target output layer. The validation of the retrieval methods is 
performed using independent PWV data measured in 2018–2019. To the 
best of our knowledge, this work is the first one to retrieve all-weather 
PWV estimates from satellite-based NIR observations considering mul
tiple influence parameters – location, cloud, season, and solar zenith 
angle. 

The main objectives of this research are as follows: (1) enhancing the 
accuracy of PWV retrieval from MODIS NIR measurements in all- 
weather conditions and also in each different weather condition (i.e. 
confident clear, probably clear, probably cloudy, and confident cloudy); 

Fig. 5. The schematic of the GRNN-based method for retrieving all-weather PWV estimates from MODIS NIR measurements.  

Fig. 6. The schematic of the XGBoost-based method for retrieving all-weather PWV estimates from MODIS NIR measurements.  
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(2) comparing the performances of the four machine learning based 
PWV retrieval algorithms in MODIS NIR PWV estimation. It is expected 
that this work can provide a new approach to retrieving satellite PWV 
(NIR bands and other bands) with an enhanced accuracy under all- 
weather conditions by considering multiple dependence factors – loca
tion, cloud, season, and solar zenith angle. The GPS and MODIS data, 
used for model development and verification, are described in Section 2. 
In Section 3, the four machine learning based water vapor retrieval al
gorithms for MODIS NIR measurements are presented in detail. Section 
4 lists the validation results of the new PWV retrievals with respect to 
ground-based GPS PWV observations. The discussion of the evaluation 
results is listed in Section 5. The major findings of this research are 
summarized in Section 6. 

2. Data and Pre-processing 

Fig. 1 indicates the research region and the spatial locations of 453 
in-situ GPS sites in Australia and 214 in-situ GPS sites in China, which 
are employed for model development and validation in this work. The 
research region covers latitudes between 10◦41′ S and 43◦39′ S and 
longitudes between 112◦57′ E and 153◦45′ E in Australia, and latitudes 
in the range of 16◦42′ N to 53◦33′ N and longitudes in the range of 
73◦40′ E to 135◦03′ E in China. 

The Australian climate is usually humid (tropical region) and 
temperate (mid-latitude region), which is a representative climate in the 
Southern Hemisphere region. Australia has four distinct seasons – spring 
(September, October, and November), summer (December, January, 
and February), autumn (March, April, and May), and winter (June, July, 

and August). The climate of China presents varying characteristics from 
place to place, including the arid, cold, polar, and temperate climates 
(Feng and Du, 2020). It is representative of the climate in the Northern 
Hemisphere region, with four distinct seasons opposite to those of 
Australia, i.e. spring (March, April, and May), summer (June, July, and 
August), autumn (September, October, and November), and winter 
(December, January, and February). Both Australia and China, repre
sentative regions in the Southern and Northern Hemispheres, are 
selected for model development and assessment. 

In this work, two types of data sets were utilized for model training 
and validation: ground-based GPS data and satellite-based MODIS data. 
The data were collected between January 1, 2017 and December 31, 
2019 over both Australia and China. Table 1 lists the detailed charac
teristics of the GPS and MODIS data. 

2.1. Ground-based GPS data 

The PWV observations estimated from in-situ GPS sites are consid
ered as ground PWV truth for model construction and verification. The 
Zenith Total Delay (ZTD) products, obtained from 453 GPS sites of the 
Geoscience Australia (Pigram, 2012) and from 214 GPS sites of the 
Crustal Movement Observation Network of China (CMONOC) (Wang 
and Zhang, 2001), were utilized to derive in-situ PWV data. This GPS 
PWV retrieval is processed utilizing the approach developed by Bevis 
et al. (1992). The GPS ZTD measurements include two distinct compo
nents, i.e. Zenith Hydrostatic Delay (ZHD) and Zenith Wet Delay (ZWD). 
PWV can be retrieved based on the GPS ZWD data when the water vapor 
weighted mean temperature is known (Yuan et al., 2014). In this work, 

Fig. 7. Comparison of satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in Australia under all weather 
conditions. The red line is the linear regression result between PWV from MODIS NIR and GPS observations. The dashed black line is the 1:1 line utilized as a 
reference. The color bar indicates the number of PWV pairs. (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.) 
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the atmospheric pressure and surface temperature observations from 
ERA5 reanalysis (Hersbach et al., 2020) were utilized to convert the GPS 
ZTD into the GPS PWV. The GPS-derived PWV data were obtained at a 
time resolution of one hour. 

As displayed in Table 1, the in-situ GPS PWV data retrieved in 2017 
from both Australia and China were used to develop the four machine 
learning based PWV retrieval algorithms. The GPS-based PWV mea
surements in 2018–2019 were utilized to validate the performance of 
these machine learning-based retrieval models. 

2.2. Satellite-based MODIS data 

The MODIS sensor is a hyperspectral radiometer on board both Terra 
and Aqua satellites (Salomonson et al., 1989). It can provide daily near- 
global PWV measurements using NIR channels (Gao and Kaufman, 
2003; Kaufman and Gao, 1992). The PWV are estimated from MODIS 
NIR observations at five bands: three PWV absorption channels (i.e. 905, 
936, and 940 nm) and two nearby window channels (i.e. 865 and 1240 
nm) (Gao and Kaufman, 2003; Kaufman and Gao, 1992) (see Table 2). 

Four types of MODIS products from the Terra satellite were utilized 
(see Table 1). The MODIS/Terra data products include the MOD021KM 
(radiance product), MOD03 (geolocation product), MOD05 (PWV 
product), and MOD35 (cloud mask product). The latitude, longitude, 
elevation, and solar zenith angle information, used as the input to the 
retrieval models, were obtained from the geolocation product, i.e. 
MOD03. The MOD35 product was employed to provide the cloud 

information of each MODIS pixel in the model construction, which 
classifies the sky weather condition into four groups, namely, confident 
clear, probably clear, probably cloudy, and confident cloudy (Platnick 
et al., 2003). The MODIS/Terra data obtained in 2017 over Australia and 
China were used for model training. In the model verification procedure, 
the MODIS/Terra products measured from January 1, 2018 to December 
31, 2019 in Australia and China were utilized. 

2.3. MODIS and GPS PWV pairing criteria 

In order to perform the model training and validation, it is important 
to match the MODIS data with the GPS data. Two main collocation 
criteria were utilized in this paper: (1) the spatial distance between 
MODIS and GPS has to be the lowest, and this distance is no longer than 
10 km; (2) the temporal difference between measurements of MODIS 
and GPS is required to be shorter than 30 min. 

3. Methods 

3.1. Physical basis 

The radiance at the downward-looking satellite MODIS instrument in 
NIR bands can be calculated using a simplified form (Gao and Kaufman, 
2003; Kaufman and Gao, 1992): 

Lsensor(λ) = Lpath(λ)+ Lsun(λ)T(λ)ρ(λ) (1) 

Fig. 8. Comparison of satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in Australia under confident clear 
conditions. The red line is the linear regression result between PWV from MODIS NIR and GPS observations. The dashed black line is the 1:1 line utilized as a 
reference. The color bar indicates the number of PWV pairs. (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.) 
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where Lsensor(λ) is the measured radiance at the satellite sensor; λ is 
the wavelength in spectral bands; Lpath(λ) is the scattered radiance 
measurements in the sun-surface-sensor path; Lsun(λ) is the solar radi
ance observations at the top of atmosphere (TOA); T(λ) is the total at
mospheric transmittance; and ρ(λ) is the surface reflectance. 

Note that the effect of the aerosol optical depth is usually small in the 
NIR bands. Hence, the scattered radiance observations (i.e. Lpath(λ)) can 
be ignored in Eq. (1) (Kaufman and Gao, 1992) and it can be approxi
mated as: 

ρ*(λ) = T(λ)ρ(λ) (2) 

where ρ*(λ) is the TOA reflectance, defined as Lsensor(λ)/Lsun(λ). 
At a known spectral wavelength, the reflectance in the surface varies 

greatly with different types of surface (Gao and Kaufman, 2003; Kauf
man and Gao, 1992). It is not possible to obtain PWV transmittance 
using the radiance observations of individual NIR absorption band of the 
MODIS instrument (Gao and Kaufman, 2003; Kaufman and Gao, 1992). 
A differential absorption algorithm has been developed to determine the 
atmospheric water vapor transmittance relying upon the ratio of the 
radiance between one water vapor absorption band with one or two non- 
absorption bands (Schläpfer et al., 1998). If the surface reflectance re
mains stable with the changing wavelength, the atmospheric water 
vapor transmittance of the individual absorption band can be estimated 
from a 2-band ratio of one absorption band to a nearby non-absorption 
band (Gao and Kaufman, 2003; Kaufman and Gao, 1992). It is calculated 
as: 

Ti =
ρ*

i

ρ*
2

(3) 

where i is the absorption channel 17 (905 nm), 18 (936 nm), and 19 

(940 nm) of the MODIS instrument; Ti is the atmospheric water vapor 
transmittance in the absorption channel i; ρ*

i is the TOA reflectance in 
the absorption band i; ρ*

2 is the TOA reflectance in the non-absorption 
band 2 of the MODIS instrument (865 nm). 

If the surface reflectance changes linearly with the varying wave
length, the atmospheric water vapor transmittance of the individual 
absorption band can be computed from a 3-band ratio of one absorption 
band to two nearby non-absorption bands (Gao and Kaufman, 2003; 
Kaufman and Gao, 1992). It is written as: 

Ti =
ρ*

i(
0.8ρ*

2 + 0.2ρ*
5

) (4) 

where ρ*
5 is the TOA reflectance in the window channel 5 of the 

MODIS instrument (1240 nm). 

3.2. Water vapor retrieval from MODIS NIR bands using Machine 
learning 

The four machine learning algorithms, i.e. BPNN, GBDT, GRNN, and 
XGBoost, were utilized to retrieve the all-weather PWV estimation from 
MODIS NIR observations. In the four retrieval models, the latitude, 
longitude, elevation, cloud, season, and solar zenith angle information 
was included, which are linked to the retrieval performance of the sat
ellite NIR PWV observations (Vaquero-Martínez et al., 2018, 2017; Xu 
and Liu, 2021a). 

The retrieval of PWV is an inverse problem relating the PWV to the 
transmittance, latitude, longitude, elevation, cloud, season, and solar 
zenith angle. PWV can be determined from each MODIS absorption 
band, and the PWV values from the three absorption bands of MODIS are 
different due to their different sensitivities though they are in the same 

Fig. 9. Comparison of satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in Australia under each weather 
condition. The weather condition is defined based on the cloud-mask flags from the official MOD35 product. 
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Table 3 
The seasonal comparison between the satellite-based MODIS NIR PWV retrievals against the reference ground-based GPS PWV retrievals in 2018–2019 in Australia 
under all weather conditions as well as confident clear conditions.    

All Weather Confident Clear   
Slope Offset R2 RMSE 

(mm) 
MB 
(mm) 

RMSE 
reduction 

Slope Offset R2 RMSE 
(mm) 

MB 
(mm) 

RMSE 
reduction 

Spring MOD05  0.43  10.11  0.22  9.23  − 1.82  –  0.78  0.44  0.89  4.58  3.44  – 
BPNN, 2-Channel 
Ratio  

0.90  1.01  0.74  4.47  0.78  51.57 %  0.96  0.53  0.85  2.80  0.09  38.86 % 

GBDT, 2-Channel 
Ratio  

0.89  1.08  0.71  4.69  0.91  49.19 %  0.96  0.35  0.85  2.82  0.29  38.43 % 

GRNN, 2-Channel 
Ratio  

0.94  0.26  0.67  4.92  0.82  46.70 %  1.01  − 0.56  0.83  2.93  0.40  36.03 % 

XGBoost, 2-Channel 
Ratio  

0.86  1.75  0.67  5.03  0.73  45.50 %  0.96  0.38  0.84  2.84  0.15  37.99 % 

BPNN, 3-Channel 
Ratio  

0.91  0.50  0.73  4.52  0.98  51.03 %  0.95  0.28  0.85  2.79  0.38  39.08 % 

GBDT, 3-Channel 
Ratio  

0.88  1.15  0.69  4.82  0.95  47.78 %  0.95  0.40  0.85  2.84  0.36  37.99 % 

GRNN, 3-Channel 
Ratio  

0.94  0.21  0.67  4.91  0.84  46.80 %  1.02  − 0.64  0.84  2.89  0.42  36.90 % 

XGBoost, 3-Channel 
Ratio  

0.85  1.74  0.66  5.12  0.84  44.53 %  0.95  0.47  0.84  2.91  0.29  36.46 % 

Summer MOD05  0.35  17.16  0.16  13.78  − 2.53  –  0.77  0.86  0.90  6.59  5.40  – 
BPNN, 2-Channel 
Ratio  

0.94  1.00  0.77  5.58  0.55  59.51 %  0.99  0.67  0.86  3.36  − 0.48  49.01 % 

GBDT, 2-Channel 
Ratio  

0.92  1.40  0.76  5.74  0.63  58.35 %  0.99  0.45  0.85  3.44  − 0.32  47.80 % 

GRNN, 2-Channel 
Ratio  

0.98  0.11  0.69  6.39  0.51  53.63 %  1.07  − 1.15  0.84  3.63  − 0.31  44.92 % 

XGBoost, 2-Channel 
Ratio  

0.91  2.01  0.74  6.01  0.36  56.39 %  0.99  0.65  0.84  3.55  − 0.48  46.13 % 

BPNN, 3-Channel 
Ratio  

0.94  0.57  0.75  5.82  1.02  57.76 %  1.00  − 0.07  0.86  3.32  0.00  49.62 % 

GBDT, 3-Channel 
Ratio  

0.92  1.19  0.74  5.97  0.84  56.68 %  0.99  0.33  0.85  3.40  − 0.17  48.41 % 

GRNN, 3-Channel 
Ratio  

0.98  − 0.06  0.69  6.43  0.58  53.34 %  1.07  − 1.35  0.84  3.60  − 0.22  45.37 % 

XGBoost, 3-Channel 
Ratio  

0.90  2.11  0.71  6.31  0.55  54.21 %  0.99  0.59  0.84  3.51  − 0.31  46.74 % 

Autumn MOD05  0.37  13.15  0.18  11.63  − 1.65  –  0.77  0.00  0.91  6.26  5.30  – 
BPNN, 2-Channel 
Ratio  

0.90  1.65  0.79  4.75  0.44  59.16 %  0.98  0.66  0.88  2.82  − 0.39  54.95 % 

GBDT, 2-Channel 
Ratio  

0.90  1.66  0.77  4.89  0.39  57.95 %  0.97  0.71  0.88  2.85  − 0.27  54.47 % 

GRNN, 2-Channel 
Ratio  

0.94  0.80  0.73  5.27  0.43  54.69 %  1.04  − 0.4  0.86  3.07  − 0.35  50.96 % 

XGBoost, 2-Channel 
Ratio  

0.88  2.33  0.74  5.22  0.11  55.12 %  0.97  0.96  0.87  2.99  − 0.43  52.24 % 

BPNN, 3-Channel 
Ratio  

0.92  1.02  0.78  4.84  0.68  58.38 %  0.97  0.51  0.88  2.84  − 0.07  54.63 % 

GBDT, 3-Channel 
Ratio  

0.91  1.29  0.76  4.98  0.58  57.18 %  0.97  0.49  0.88  2.82  − 0.05  54.95 % 

GRNN, 3-Channel 
Ratio  

0.94  0.67  0.72  5.29  0.50  54.51 %  1.05  − 0.62  0.86  3.02  − 0.26  51.76 % 

XGBoost, 3-Channel 
Ratio  

0.89  2.03  0.73  5.34  0.30  54.08 %  0.97  0.74  0.87  2.96  − 0.24  52.72 % 

Winter MOD05  0.37  8.30  0.17  7.22  − 0.82  –  0.75  0.46  0.84  4.11  3.09  – 
BPNN, 2-Channel 
Ratio  

0.94  0.72  0.72  3.26  0.01  54.85 %  0.97  0.43  0.83  2.21  − 0.16  46.23 % 

GBDT, 2-Channel 
Ratio  

0.95  0.63  0.72  3.30  0.03  54.29 %  0.96  0.43  0.83  2.20  − 0.02  46.47 % 

GRNN, 2-Channel 
Ratio  

1.02  0.00  0.65  3.69  − 0.25  48.89 %  1.05  − 0.44  0.82  2.31  − 0.16  43.80 % 

XGBoost, 2-Channel 
Ratio  

0.92  1.06  0.68  3.53  − 0.09  51.11 %  0.96  0.53  0.83  2.25  − 0.10  45.26 % 

BPNN, 3-Channel 
Ratio  

0.96  0.35  0.70  3.42  0.13  52.63 %  0.96  0.48  0.82  2.30  − 0.02  44.04 % 

GBDT, 3-Channel 
Ratio  

0.95  0.48  0.69  3.45  0.11  52.22 %  0.96  0.30  0.83  2.20  0.14  46.47 % 

GRNN, 3-Channel 
Ratio  

1.03  − 0.12  0.65  3.69  − 0.24  48.89 %  1.06  − 0.58  0.82  2.27  − 0.13  44.77 % 

XGBoost, 3-Channel 
Ratio  

0.92  1.03  0.66  3.66  − 0.02  49.31 %  0.96  0.38  0.83  2.21  0.04  46.23 %  
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atmospheric conditions (Gao and Kaufman, 2003; Kaufman and Gao, 
1992). The MODIS NIR water vapor estimates are retrieved using all the 
three MODIS NIR absorption bands in this paper. It is defined as: 

W = F(T17, T18, T19, lat, lon, ele, cld, sen, sza) (5) 

where W is the PWV from MODIS NIR measurements; T17, T18, and 
T19 are the water vapor transmittance at the absorption band 17 
(wavelength 905 nm), 18 (936 nm), and 19 (940 nm) of the MODIS 
instrument, respectively; lat is the latitude in the unit of degree; lon is the 
longitude in the unit of degree; ele is the elevation in the unit of meter; 
cld is the cloud information; sen is the seasonal information; sza is the 
solar zenith angle in the unit of degree. In this equation, the cloud in
formation of the retrieval models is denoted using numbers “1′′, “2”, “3”, 
and “4”, which represent the confident clear, probably clear, probably 
cloudy, and confident cloudy condition, respectively. The seasonal in
formation is characterized using numbers “1” (spring), “2” (summer), 
“3” (autumn), and “4” (winter). 

The function F of this work is defined utilizing BPNN, GBDT, GRNN, 
and XGBoost. In the model training procedure, the in-situ high-accuracy 
PWV data, collected in 2017 from 453 GPS sites located in Australia and 
214 GPS sites situated in China, were utilized. Fig. 2 presents the number 
of matched data pairs between MODIS and GPS data in each day in each 
month in 2017, which are utilized for training the four machine learning 
based water vapor retrieval methods. 

In the optimization of the parameters of the retrieval methods, a 5- 
fold cross validation approach is utilized. The detailed description of 

the MODIS NIR all-weather PWV retrieval from BPNN, GBDT, GRNN, 
and XGBoost approaches can be found in the following subsections. 

3.2.1. BPNN 
The BPNN model was developed by Rumelhart et al. (1986) as a 

solution to the problem of classification and regression. It comprises 
three-type layers, i.e. the input, hidden, and output layers. In BPNN, the 
neuron number in the input (output) layer is equal to the size of the 
input (output) learning sample data. The number of the hidden layer and 
the number of neurons in each hidden layer need to be defined. In this 
work, we only utilized one hidden layer in the BPNN-based water vapor 
retrieval approach, as a one-hidden-layer neural network is generally 
enough to reduce the error caused by the bounded continuous functions 
(Hornik et al., 1989). The number of neurons of this hidden layer of the 
BPNN method was set to the integer power of 2, i.e. 2, 4, 8, 16, 32, 64, 
128, 256, 512, and 1024 (Hornik et al., 1989). 

Each neuron in the input or hidden layers can be directly connected 
to each of neurons in the next hidden or output layer through the acti
vation functions. We selected the hyperbolic tangent function as the 
activation function between neurons of the input layer and neurons of 
the hidden layer. It is written as: 

f (x) =
2

1 + exp( − 2x)
− 1 (6) 

The linear function was selected as the activation function between 
neurons of the hidden layer and neurons of the output layer. It is 

Fig. 10. Time-series variation of satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in Australia under all 
weather conditions. 

J. Xu and Z. Liu                                                                                                                                                                                                                                 



International Journal of Applied Earth Observation and Geoinformation 114 (2022) 103050

10

determined as: 

g(x) = x (7) 

The final output result of the BPNN-based retrieval approach can be 
calculated as: 

W(X) = g(β2 • f (β1 • X + c1)+ c2 ) (8) 

where β1 and β2 are weight matrices; c1 and c2 are bias matrices; X is 
the variable vector in the input layer; W(X) is the final PWV retrieval 
result in the output layer. 

The structure of the all-weather PWV retrieval from MODIS NIR 
bands using the BPNN algorithm is displayed in Fig. 3. The input data of 
the BPNN model consist of water vapor transmittances from three ab
sorption bands, latitude, longitude, elevation, cloud, season, and solar 
zenith angle, and hence, the input layer in the BPNN-based retrieval 
approach has 9 neurons. The output of the BPNN model is the GPS- 
derived PWV data in the training process or the MODIS-derived NIR 
PWV data in the retrieval process. The optimal neuron number in the 
hidden layer was computed to 64 in this BPNN-based retrieval method. 

3.2.2. GBDT 
GBDT is a tree-based assemble method that can be utilized for both 

classification and regression problems. It was first proposed by Friedman 
in 2002 (Friedman, 2002). In GBDT model, the tree is fit based on the 
residual of the former tree, reducing the biases in the training process. 

Fig. 4 lists the structure of the GBDT-based all-weather water vapor 
retrieval algorithm using MODIS NIR observations. The three- 

absorption-channel transmittances, latitude, longitude, elevation, 
cloud, season, and solar zenith angle data are included as the input 
source in the GBDT-based retrieval method. The output of the GBDT 
approach is the GPS-retrieved PWV data in the training stage or the 
MODIS-retrieved NIR PWV data in the retrieval stage. The final output 
result of the GBDT-based retrieval model is the weighted mean result 
estimated from the output results of each regression tree. It can be 
written as: 

W(X) =
∑n

j=1
Wj(X)βj (9) 

where n is the quantity of regression trees; Wj(X) is the output PWV 
result in the regression tree j; βj is the weighted mean coefficient in the 
regression tree j; X is the input parameters; W(X) is the final output PWV 
result in the GBDT algorithm. 

In the GBDT model training, we set the number of regression trees in 
the range of 5 to 500 at a step of 5. The maximum depth of each 
regression tree was set to in the range between 1 and 50 at a step of 1. In 
this research, the number of regression trees was optimized to 200, with 
an optimal maximum depth of 10. 

3.2.3. GRNN 
The GRNN approach, first developed by Specht (1991), has been 

considered a widely used method in regression, especially in non-linear 
regression problems. The GRNN method consists of four layers: the 
input, pattern, summation, and output layers. The neuron number in the 
input or pattern layer is equivalent to the size of each input training 

Fig. 11. Time-series variation of satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in Australia under 
confident clear conditions. 
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sample data. The GRNN model has two types of summation neurons in 
the summation layer, which are respectively employed to obtain the 
arithmetic summation result and the weighted summation result from 
the output results of all neurons in the pattern layer. The neurons of the 
output layer are equivalent to the size of each output learning sample 
data. 

The GRNN-based structure for estimating all-weather PWV from 
MODIS NIR observations is presented in Fig. 5. There are nine neurons in 
both input and pattern layers associated with the water vapor trans
mittances from three absorption channels, latitude, longitude, elevation, 
cloud, season, and solar zenith angle. The output layer includes one 
neuron only, which is the GPS-estimated PWV data in the training phase 
or the MODIS-estimated NIR PWV data in the retrieval phase. The 
activation function of the pattern layer in the GRNN model can be 
calculated as: 

Wk = exp
{

−
(X − Xk)

T
(X − Xk)

2σ2

}

(10) 

where Wk is the output result of the neuron k in the pattern layer; Xk 
is the k-th training sample vector; X is the testing sample vector; σ is the 
spread coefficient. 

In the GRNN-based retrieval algorithm, only the spread coefficient (i. 
e. σ) needs to be defined. We defined a set of spread parameter values in 
the range between 0.01 and 2 at a step of 0.01. The final optimal spread 
coefficient (σ) was calculated to 0.10. 

3.2.4. XGBoost 
The XGBoost is a scalable end-to-end tree boosting approach pro

posed by Chen et al. (2015). It is a new implementation for the GBDT 
method developed by Friedman (2002). The XGBoost model can be 
employed for addressing both regression and classification problems. In 
contrast to the GBDT algorithm that only performs a first-order Taylor 
expansion on the error component, the XGBoost algorithm can perform a 
second-order Taylor expansion on the error component. The XGBoost 
method can also perform parallel computing automatically, whereas the 
GBDT approach can perform single-line calculation only. Based on the 
additive training strategies, the XGBoost can combine all the predictions 
from a set of weak learners into a strong learner. The final output in the 
XGBoost model is the weighted mean of the output of each regression 
tree. It can be written as: 

W(X) =
∑n

j=1
Wj(X)βj (11) 

where n is the number of regression trees, Wj(X) is the output PWV 
result in the regression tree j, βj is the weighted mean coefficient in the 
regression tree j, X is the input variables, and W(X) is the final output 
PWV result in the XGBoost algorithm. 

Fig. 6 shows the structure of the all-weather PWV estimation from 
MODIS NIR channels based on the XGBoost method. In XGBoost, the 
water vapor transmittance from three absorption channels, latitude, 
longitude, elevation, cloud, season, and solar zenith angle are included 
as the input data. There is only one output data source that is the GPS 
PWV data in the training state or the MODIS NIR PWV data in the 
retrieval state. 

For model parameter setting, we selected the gradient boosted tree 
(gbtree) booster as the general approach in the XGBoost method in this 

Fig. 12. Annual RMSE map for each in-situ GPS site for satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in 
Australia under all weather conditions. 
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study. The number of regression trees of the XGBoost-based retrieval 
algorithm was optimally computed to 200 from a set of numbers be
tween 5 and 500 at a step of 5. We utilized a set of numbers in the range 
of 1 to 50 at a step of 1 to estimate the optimal maximum depth of each 
regression tree. The optimal maximum depth for the XGBoost model was 
determined to 12. 

3.3. Model performance assessment 

In this study, we utilized three evaluation metrics to assess the per
formance of the water vapor estimation from MODIS NIR bands using 
the four water vapor retrieval methods (i.e. BPNN, GBDT, GRNN, and 
XGBoost). The water vapor data measured from in-situ GPS stations 
were used as reference PWV values in the validation process. The three 
statistical metrics include the correlation coefficient (R2), RMSE, and 
mean bias (MB). The R2 is used to provide the strength information 
between the MODIS-measured PWV data against the reference GPS PWV 
data. It can be calculated as: 

R2 =

⎡

⎢
⎢
⎢
⎢
⎣

∑N
i=1(PWVM − PWVM)(PWVR − PWVR)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1
(PWVM − PWVM)

2
(PWVR − PWVR)

2

√

⎤

⎥
⎥
⎥
⎥
⎦

2

(12) 

The RMSE is used to indicate the difference information between the 
matched PWV data sets and it can be written as: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
(PWVM − PWVR)

2

√
√
√
√ (13) 

The MB is used to show the underestimation or the overestimation 
information of the MODIS-based PWV measurements versus the GPS 
PWV measurements. It can be defined as: 

MB =
1
N

∑N

i=1
(PWVM − PWVR) (14) 

In the above equations, PWVM is the PWV estimates retrieved from 
MODIS NIR observations, PWVM is the averaged PWV estimates 
retrieved from MODIS NIR observations, PWVR is the PWV estimates 
retrieved from in-situ GPS observations, PWVR is the averaged PWV 
estimates retrieved from in-situ GPS observations, and N is the total 
quantity of matched MODIS–GPS data points. 

4. Results 

To study the performance of the four retrieval methods, we first 
utilized the GPS and MODIS data sets in 2017 in Australia and China to 
train the four retrieval methods. Then we applied the developed 
retrieval approaches to retrieve the new MODIS NIR all-weather PWV 
estimates from 2018 to 2019 in Australia and China. The new all- 
weather PWV retrievals were evaluated with respect to ground-based 
GPS reference PWV data. 

Fig. 13. Annual RMSE map for each in-situ GPS site for satellite-based MODIS-based NIR PWV observations against ground-based GPS-based PWV observations in 
2018–2019 in Australia, in confident clear conditions. 
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4.1. Comparison of satellite-based MODIS NIR PWV data versus ground- 
based GPS PWV data in Australia 

4.1.1. Statistical analysis 
Fig. 7 displays the general validation results between MODIS-based 

PWV and GPS-based PWV in 2018–2019 in Australia under all- 
weather conditions. The new PWV retrieval algorithms can greatly 
enhance the retrieval performance of the all-weather PWV estimates 
from MODIS NIR measurements, exhibiting larger R2 and lower RMSE 
compared to the official MOD05 product. The official MOD05 product 
cannot provide good quality water vapor measurements under all 
weather conditions, due to the impact of clouds. The R2 between MOD05 
PWV and GPS PWV was 0.26, and the RMSE between them was 10.95 
mm. 

For the new MODIS-retrieved NIR PWV estimates, the correlation 
was in the range of 0.75 to 0.81 for 2-band ratio transmittance and in the 
range of 0.75 to 0.80 for 3-band ratio transmittance. The RMSE reduced 
57.44 % from 10.95 mm to 4.66 mm for BPNN, 56.07 % to 4.81 mm for 
GBDT, 52.15 % to 5.24 mm for GRNN, and 53.42 % to 5.10 mm for 
XGBoost, when the 2-band ratio transmittance data were utilized. When 
the 3-band ratio transmittance data were utilized, the RMSE dropped 
56.16 % to 4.80 mm, 54.61 % to 4.97 mm, 52.05 % to 5.25 mm, and 
51.87 % to 5.27 mm for BPNN, GBDT, GRNN, and XGBoost, respectively. 
The new all-weather PWV result retrieved using 2-band ratio method 
performed better than 3-band ratio method. The BPNN-estimated PWV 
retrievals presented the best PWV retrieval accuracy for both 2-band and 

3-band ratio approaches. The official MOD05 PWV product exhibited a 
MB of − 1.75 mm (underestimated) in all weather conditions, while all 
the new all-weather PWV estimates showed an overestimation trend 
with positive MBs (MB = 0.29–0.73). 

In confident-clear conditions (see Fig. 8), all the new MODIS- 
retrieved NIR PWV data showed slightly lower correlation than that of 
the original MOD05 PWV product. With the use of the machine learning 
based retrieval approaches, the reduction in RMSE was in the range 
between 44.90 % and 48.48 % for 2-channel ratio method and in the 
range between 45.62 % and 48.48 % for 3-channel ratio method. Among 
them, the PWV data derived with the BPNN method showed the highest 
RMSE reduction and the lowest RMSE of 2.88 mm, while the PWV data 
derived with the GRNN method had the smallest RMSE reduction and 
the largest RMSE of 3.08 mm. All the new MODIS-estimated PWV re
trievals showed smaller MB values than the official MOD05 PWV 
product (MB = 4.40 mm). 

4.1.2. Cloud analysis 
The evaluation results between the PWV observations from MODIS 

and GPS instruments under each different weather condition is dis
played in Fig. 9. The weather condition is defined utilizing the official 
MODIS/Terra cloud-mask product, i.e. MOD35 (Platnick et al., 2003). 
The results suggest that all the new PWV data exhibited better agree
ment with reference GPS PWV data than the official MODIS PWV 
products under each type of cloud condition, i.e. confident clear, prob
ably clear, probably cloudy, and confident cloudy conditions. 

Fig. 14. Comparison of satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in China under all weather 
conditions. The red line is the linear regression result between PWV from MODIS NIR and GPS observations. The dashed black line is the 1:1 line utilized as a 
reference. The color bar indicates the number of PWV pairs. (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.) 
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As shown in Figs. 8 and 9, the RMSE reduction was in the range of 
44.90 % ~ 48.48 % for 2-band ratio method and in the range of 45.62 % 
~ 48.48 % for 3-band ratio method, when the PWV data were retrieved 
under confident clear conditions. In probably clear conditions, the RMSE 
reduced 49.13 % from 5.72 mm to 2.91 mm for BPNN, 48.78 % to 2.93 
mm for GBDT, 43.71 % to 3.22 mm for GRNN, 46.85 % to 3.04 mm for 
XGBoost for the PWV data retrieved with 2-band ratio transmittance, 
and for the PWV data retrieved with 3-band ratio transmittance it 
dropped 48.78 % to 2.93 mm, 50.35 % to 2.84 mm, 44.06 % to 3.20 mm, 
and 48.25 % to 2.96 mm for BPNN, GBDT, GRNN, and XGBoost, 
respectively. Under probably cloudy conditions, the new GBDT-based 
PWV result estimated from 3-band ratio approach presented the best 
PWV retrieval performance with the largest RMSE reduction of 29.60 % 
from 5.00 mm to 3.52 mm. The GRNN-estimated PWV retrievals 
calculated using 2-band ratio transmittance showed the poorest PWV 
retrieval performance with the smallest RMSE reduction of 17.60 % 
from 5.00 mm to 4.12 mm. The new confident-cloudy PWV result 
exhibited a reduction in RMSE in the range of 54.55 % (GRNN) to 59.91 
% (BPNN) for 2-band ratio approach and in the range of 53.33 % 
(XGBoost) to 58.39 % (BPNN) for 3-band ratio approach, compared with 
the official MOD05 PWV product (RMSE = 16.39 mm). In terms of RMSE 
reduction, the new PWV result showed the largest improvement in PWV 
accuracy under confident-cloudy conditions, reducing the impact of 
clouds on MODIS NIR PWV estimates. All the new MODIS-derived NIR 
PWV estimates had smaller MB values than the official MOD05 PWV 
retrievals under each weather condition. 

4.1.3. Seasonal analysis 
Table 3 lists the seasonal comparison results between MODIS-based 

PWV and GPS-based PWV between January 1, 2018 and December 31, 
2019 in Australia under both all-weather and confident-clear conditions. 
In each season, all the new MODIS-estimated NIR PWV results showed 
better PWV retrieval accuracy with smaller RMSE values than the offi
cial MOD05 PWV product. 

In all-weather conditions, the seasonal RMSE in spring dropped 
51.57 % from 9.23 mm to 4.47 mm for BPNN, 49.19 % to 4.69 mm for 
GBDT, 46.70 % to 4.92 mm for GRNN, and 45.50 % to 5.03 mm for 
XGBoost for 2-band ratio approach, and for 3-band ratio approach it 
reduced 51.03 % to 4.52 mm, 47.78 % to 4.82 mm, 46.80 % to 4.91 mm, 
and 44.53 % to 5.12 mm for BPNN, GBDT, GRNN, and XGBoost, 
respectively. In summer, the seasonal RMSE reduced 53.63 % (GRNN) 
~ 59.51 % (BPNN) for 2-band ratio transmittance and 53.34 % (GRNN) 
~ 57.76 % (BPNN) for 3-band ratio transmittance. The seasonal RMSE 
reduction was in the range of 54.69 % (GRNN) ~ 59.16 % (BPNN) and 
54.08 % (XGBoost) ~ 58.38 % (BPNN) in autumn, respectively. In 
winter, the seasonal RMSE reduced 54.85 % from 7.22 mm to 3.26 mm 
for BPNN, 54.29 % to 3.30 mm for GBDT, 48.89 % to 3.69 mm for 
GRNN, and 51.11 % to 3.53 mm for XGBoost for the PWV data estimated 
using 2-band ratio method. For the PWV data estimated using 3-band 
ratio method, the new all-weather PWV result presented a seasonal 
RMSE reduction of 52.63 % to 3.42 mm, 52.22 % to 3.45 mm, 48.89 % to 
3.69 mm, and 49.31 % to 3.66 mm for BPNN, GBDT, GRNN, and 
XGBoost, respectively. All the new MODIS-retrieved NIR PWV estimates 

Fig. 15. Comparison of satellite-based MODIS-based NIR PWV observations against ground-based GPS-based PWV observations in 2018–2019 in China under 
confident clear conditions. The red line is the linear regression result between PWV from MODIS NIR and GPS observations. The dashed black line is the 1:1 line 
utilized as a reference. The color bar indicates the number of PWV pairs. (For interpretation of the references to color in this figure legend, the reader is referred to the 
web version of this article.) 
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exhibited smaller MB in all four seasons, compared to official MOD05 
PWV retrievals. 

When the PWV data were retrieved under confident clear conditions, 
the seasonal reduction in RMSE for BPNN was 38.86 % from 4.58 mm to 
2.80 mm in spring, 49.01 % from 6.59 mm to 3.36 mm in summer, 
54.95 % from 6.26 mm to 2.82 mm in autumn, and 46.23 % from 4.11 
mm to 2.21 mm in winter for 2-band ratio method, and for 3-band ratio 
method it was 39.08 % to 2.79 mm, 49.62 % to 3.32 mm, 54.63 % to 
2.84 mm, and 44.04 % to 2.30 mm in spring, summer, autumn, and 
winter, respectively. For GBDT, the RMSE dropped 38.43 % (spring) ~ 
54.47 % (autumn) for 2-band ratio transmittance and 37.99 % (spring) 
~ 54.95 % (autumn) for 3-band ratio transmittance. The GRNN-based 
PWV estimates showed a seasonal RMSE reduction of 36.03 % 
(spring) ~ 50.96 % (autumn) and 36.90 % (spring) ~ 51.76 % (autumn) 
for 2-band ratio approach and 3-band ratio approach, respectively. For 
XGBoost, the largest RMSE reduction was 52.72 % from 6.26 mm to 
2.96 mm in autumn, while the smallest RMSE reduction was 36.46 % 
from 4.58 mm to 2.91 mm in spring. In all four seasons, all the new PWV 
retrievals had smaller MBs compared with the official MOD05 product. 

In both all-weather and confident-clear conditions, all the new PWV 
result exhibited larger enhancement in MODIS NIR PWV accuracy in 
summer and autumn, compared to spring and winter. 

4.1.4. Time-series analysis 
In Fig. 10, the time-series comparison result between the daily 

averaged all-weather PWV values estimated from GPS, MOD05, BPNN, 
GBDT, GRNN, and XGBoost is presented. All the new MODIS-derived 
daily mean PWV data records agreed better than the official MODIS 
PWV product, when compared with in-situ daily mean PWV data from 
GPS. The daily mean all-weather PWV values from the official MOD05 
product tended to underestimate the PWV values due to the effect of 

clouds (MB = -1.49 mm). With the employment of the new retrieval 
models, the daily-scale MB values between MODIS NIR PWV and GPS 
PWV were reduced to the range between 0.57 mm and 0.78 mm for 2- 
band ratio approach and to the range between 0.66 mm and 0.95 mm 
for 3-band ratio approach, showing an overestimation trend of PWV in a 
daily basis. The new PWV estimates exhibited the daily-scale RMSE in 
the range of 1.81 mm ~ 2.18 mm for 2-band ratio transmittance and in 
the range of 1.95 mm ~ 2.19 mm for 3-band ratio transmittance, much 
lower than the official MOD05 product (RMSE = 4.31 mm). 

In confident clear conditions (see Fig. 11), the new PWV result per
formed better on a daily basis, showing a daily-scale RMSE in the range 
between 1.13 mm and 1.31 mm and a daily-scale MB in the range be
tween − 0.14 mm and 0.19 mm. Both RMSE and MB of new PWV esti
mates were much smaller than the official MOD05 product (RMSE =
4.96 mm and MB = 4.65 mm) in both 2018 and 2019. However, the new 
PWV retrievals had a correlation coefficient R2 in the range of 0.95 ~ 
0.96 in a daily basis, slightly smaller than the official MOD05 PWV 
product (R2 = 0.99). 

4.1.5. Station-wise analysis 
Under all-weather conditions, the station-wise RMSE of the official 

MOD05 PWV product at most GPS stations was above 8 mm as shown in 
Fig. 12. All the new MODIS-estimated PWV data showed the all-weather 
station-wise RMSE below 8 mm among most GPS stations, which implies 
that the retrieval performance of MODIS NIR PWV can be enhanced 
using the four PWV retrieval methods under all weather conditions. 

Under confident-clear conditions, the station-wise RMSE of the 
MOD05 product was in the range of 4 mm to 10 mm at most GPS sites 
(see Fig. 13). With the use of the retrieval models, the station-wise RMSE 
values were reduced to below 4 mm at most GPS stations in confident 
clear conditions. It is thus concluded that all the new MODIS-retrieved 

Fig. 16. Comparison of satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in China, under different weather 
conditions. The weather condition is defined based on the cloud-mask flags from the official MOD35 product. 
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Table 4 
The seasonal comparison between the satellite-based MODIS NIR PWV against the ground-based GPS reference PWV in 2018–2019 in China under all weather and 
confident clear conditions.    

All Weather Confident Clear   
Slope Offset R2 RMSE 

(mm) 
MB 
(mm) 

RMSE 
reduction 

Slope Offset R2 RMSE 
(mm) 

MB 
(mm) 

RMSE 
reduction 

Spring MOD05  0.76  7.29  0.37  11.41  − 4.38  –  0.83  0.08  0.89  4.02  2.25  – 
BPNN, 2-Channel 
Ratio  

1.05  − 0.52  0.87  4.71  − 0.25  58.72 %  1.03  − 0.25  0.90  2.75  − 0.11  31.59 % 

GBDT, 2-Channel 
Ratio  

1.02  − 0.23  0.86  4.87  − 0.15  57.32 %  0.98  0.06  0.91  2.64  0.20  34.33 % 

GRNN, 2-Channel 
Ratio  

1.07  − 0.79  0.85  5.06  − 0.33  55.65 %  1.05  − 0.55  0.90  2.79  − 0.05  30.60 % 

XGBoost, 2-Channel 
Ratio  

1.01  0.06  0.84  5.16  − 0.25  54.78 %  0.98  0.11  0.90  2.78  0.15  30.85 % 

BPNN, 3-Channel 
Ratio  

1.04  − 0.24  0.86  4.80  − 0.37  57.93 %  1.02  − 0.18  0.90  2.73  − 0.07  32.09 % 

GBDT, 3-Channel 
Ratio  

1.02  − 0.19  0.86  4.91  − 0.20  56.97 %  0.97  0.08  0.91  2.63  0.23  34.58 % 

GRNN, 3-Channel 
Ratio  

1.07  − 0.79  0.85  5.07  − 0.33  55.57 %  1.05  − 0.54  0.90  2.77  − 0.01  31.09 % 

XGBoost, 3-Channel 
Ratio  

1.01  0.16  0.84  5.22  − 0.33  54.25 %  0.98  0.11  0.90  2.74  0.16  31.84 % 

Summer MOD05  0.36  25.39  0.15  20.96  − 10.20  –  0.80  0.08  0.92  7.22  5.77  – 
BPNN, 2-Channel 
Ratio  

1.02  − 0.53  0.85  6.15  − 0.21  70.66 %  0.99  − 0.10  0.90  3.74  0.40  48.20 % 

GBDT, 2-Channel 
Ratio  

1.02  − 0.39  0.84  6.28  − 0.24  70.04 %  0.99  − 0.02  0.90  3.64  0.37  49.58 % 

GRNN, 2-Channel 
Ratio  

1.06  − 1.80  0.83  6.63  − 0.13  68.37 %  1.03  − 1.25  0.88  4.05  0.54  43.91 % 

XGBoost, 2-Channel 
Ratio  

1.00  0.44  0.83  6.60  − 0.48  68.51 %  0.98  0.27  0.90  3.78  0.21  47.65 % 

BPNN, 3-Channel 
Ratio  

1.02  − 0.33  0.84  6.43  − 0.22  69.32 %  1.00  − 0.49  0.89  3.83  0.49  46.95 % 

GBDT, 3-Channel 
Ratio  

1.02  − 0.29  0.83  6.47  − 0.35  69.13 %  0.99  − 0.15  0.91  3.61  0.48  50.00 % 

GRNN, 3-Channel 
Ratio  

1.06  − 1.80  0.83  6.66  − 0.15  68.23 %  1.03  − 1.30  0.89  4.01  0.56  44.46 % 

XGBoost, 3-Channel 
Ratio  

1.00  0.51  0.82  6.76  − 0.55  67.75 %  0.98  0.07  0.90  3.75  0.35  48.06 % 

Autumn MOD05  0.74  7.98  0.38  12.10  − 4.62  –  0.83  0.00  0.92  4.12  2.48  – 
BPNN, 2-Channel 
Ratio  

0.96  0.15  0.89  4.62  0.50  61.82 %  1.00  0.14  0.91  2.82  − 0.11  31.55 % 

GBDT, 2-Channel 
Ratio  

0.95  0.52  0.88  4.80  0.43  60.33 %  1.00  0.14  0.92  2.67  − 0.10  35.19 % 

GRNN, 2-Channel 
Ratio  

0.97  0.03  0.87  4.89  0.46  59.59 %  0.99  0.14  0.92  2.81  − 0.01  31.80 % 

XGBoost, 2-Channel 
Ratio  

0.93  1.02  0.86  5.16  0.26  57.36 %  0.98  0.44  0.91  2.86  − 0.22  30.58 % 

BPNN, 3-Channel 
Ratio  

0.95  0.41  0.89  4.71  0.54  61.07 %  0.98  0.32  0.92  2.80  − 0.10  32.04 % 

GBDT, 3-Channel 
Ratio  

0.94  0.59  0.88  4.86  0.44  59.83 %  0.99  0.20  0.92  2.66  − 0.10  35.44 % 

GRNN, 3-Channel 
Ratio  

0.97  0.04  0.87  4.90  0.46  59.50 %  0.99  0.13  0.92  2.77  0.00  32.77 % 

XGBoost, 3-Channel 
Ratio  

0.93  1.04  0.86  5.21  0.27  56.94 %  0.98  0.44  0.92  2.82  − 0.19  31.55 % 

Winter MOD05  0.84  3.10  0.47  6.33  − 2.05  –  0.75  0.60  0.84  3.04  1.28  – 
BPNN, 2-Channel 
Ratio  

0.99  − 0.43  0.86  3.02  0.54  52.29 %  0.97  − 0.25  0.85  2.18  0.42  28.29 % 

GBDT, 2-Channel 
Ratio  

0.98  − 0.46  0.86  3.02  0.61  52.29 %  0.99  − 0.47  0.88  1.99  0.53  34.54 % 

GRNN, 2-Channel 
Ratio  

1.02  − 0.82  0.82  3.45  0.62  45.50 %  1.02  − 0.59  0.86  2.09  0.44  31.25 % 

XGBoost, 2-Channel 
Ratio  

0.97  − 0.20  0.84  3.23  0.48  48.97 %  0.98  − 0.32  0.87  2.07  0.49  31.91 % 

BPNN, 3-Channel 
Ratio  

0.98  − 0.40  0.86  3.12  0.62  50.71 %  0.98  − 0.33  0.85  2.20  0.46  27.63 % 

GBDT, 3-Channel 
Ratio  

0.98  − 0.40  0.85  3.14  0.60  50.39 %  0.97  − 0.39  0.88  2.01  0.57  33.88 % 

GRNN, 3-Channel 
Ratio  

1.02  − 0.80  0.82  3.47  0.62  45.18 %  1.02  − 0.59  0.87  2.07  0.43  31.91 % 

XGBoost, 3-Channel 
Ratio  

0.97  − 0.17  0.83  3.31  0.45  47.71 %  0.97  − 0.34  0.87  2.08  0.53  31.58 %  
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PWV result agreed better with reference GPS-derived PWV data in most 
stations in confident clear conditions. 

4.2. Comparison of satellite-based MODIS NIR PWV data versus ground- 
based GPS PWV data in China 

4.2.1. Statistical analysis 
The results in Fig. 14 suggest that all the new MODIS NIR PWV data 

showed better retrieval accuracy than the official MOD05 product, when 
compared with in-situ GPS PWV data under all-weather conditions in 
2018–2019 in China. The MOD05 product had an RMSE of 13.75 mm, a 
mean bias of − 5.34 mm, and a R2 of 0.40 under all weather conditions. 
With the use of the retrieval methods, the correlation coefficient R2 of 
the new PWV data was in the range between 0.89 and 0.91 for 2-channel 
ratio method and between 0.89 and 0.90 for 3-channel ratio method. For 
RMSE, it reduced 65.16 % from 13.75 mm to 4.79 mm for BPNN, 64.22 
% to 4.92 mm for GBDT, 62.47 % to 5.16 mm for GRNN, and 62.04 % to 
5.22 mm for XGBoost for 2-band ratio transmittance. For 3-band ratio 
transmittance, the RMSE has reduced 64.15 % to 4.93 mm, 63.49 % to 
5.02 mm, 62.33 % to 5.18 mm, and 61.45 % to 5.30 mm for BPNN, 
GBDT, GRNN, and XGBoost, respectively. The BPNN-based PWV result 
showed the highest PWV retrieval accuracy (RMSE = 4.79 mm and 4.93 
mm), whereas the XGBoost-based PWV result showed the lowest PWV 
retrieval accuracy (RMSE = 5.22 mm and 5.30 mm). The MB values of 
MODIS NIR PWV were reduced to the range of − 0.06 mm to 0.14 mm, 
which were much lower than the official MOD05 PWV product (MB =
-5.34 mm). 

Fig. 15 showed the results obtained under confident-clear conditions. 
The R2 of new PWV results was in the range of 0.92 ~ 0.93 for 2-band 
ratio approach and 0.93 ~ 0.94 for 3-band ratio approach, which 
were comparable to the official MOD05 product (R2 = 0.93). For the 
PWV data derived with 2-band ratio transmittance, the RMSE reduced 
38.83 % from 4.79 mm to 2.93 mm for BPNN, 41.54 % to 2.80 mm for 
GBDT, 37.16 % to 3.01 mm for GRNN, and 38.62 % to 2.94 mm for 
XGBoost. For 3-band ratio approach, the RMSE dropped 38.62 % to 2.94 
mm, 41.75 % to 2.79 mm, 37.79 % to 2.98 mm, and 39.25 % to 2.91 mm 
for BPNN, GBDT, GRNN, and XGBoost, respectively. The new confident- 
clear PWV results showed the MB values in the range between 0.09 mm 
and 0.21 mm for 2-band ratio transmittance and in the range between 
0.13 mm and 0.25 mm for 3-band ratio transmittance. All of them were 
much smaller than those of the MOD05 product (MB = 2.90 mm). 

4.2.2. Cloud analysis 
Fig. 16 indicates that all the new MODIS PWV retrievals performed 

better than the MODIS product when compared with in-situ GPS refer
ence PWV in all the four weather conditions, i.e. confident clear, prob
ably clear, probably cloudy, and confident cloudy. 

For confident-clear conditions, the RMSE dropped 37.16 % ~ 41.54 
% for 2-band ratio method and 37.79 % ~ 41.75 % for 3-band ratio 
method, with results displayed in Figs. 15 and 16. Under probably clear 
conditions, the new PWV result showed a reduction in RMSE in the 
range of 36.72 % to 41.51 % and 37.08 % to 42.62 % for 2-band and 3- 
band ratio approaches, respectively. Particularly, the GBDT-derived 
PWV from 3-band ratio transmittance showed the highest PWV 

Fig. 17. Time-series variation of satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in China under all 
weather conditions. 
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retrieval performance (RMSE = 3.11 mm), while the GRNN-derived 
PWV calculated using 2-band ratio transmittance exhibited the worst 
PWV performance (RMSE = 3.43 mm). For probably cloudy conditions, 
the reduction in RMSE was in the range between 21.44 % and 27.25 % 
for 2-channel ratio transmittance and in the range between 21.84 % and 
27.86 % for 3-channel ratio transmittance. Under confident cloudy 
conditions, the RMSE reduced 67.36 % from 17.83 mm to 5.82 mm for 
BPNN, 65.90 % to 6.08 mm for GBDT, 64.44 % to 6.34 mm for GRNN, 
and 63.83 % to 6.45 mm for XGBoost for the PWV data retrieved with 2- 
band ratio transmittance. For the PWV data retrieved with 3-band ratio 
transmittance, the RMSE reduced 66.12 % to 6.04 mm, 65.06 % to 6.23 
mm, 64.27 % to 6.37 mm, and 62.98 % to 6.60 mm for BPNN, GBDT, 
GRNN, and XGBoost, respectively. 

In each different weather condition, the new PWV estimates showed 
a smaller MB value than the official MOD05 product, for both 2-band 
and 3-band ratio approaches. The new PWV results showed a large ac
curacy enhancement under confident-cloudy conditions, indicating the 
capability of new algorithms to reduce cloud effect on NIR PWV 
retrieval. 

4.2.3. Seasonal analysis 
In Table 4, all the new MODIS NIR PWV data showed a seasonal 

improvement in the retrieval accuracy in all-weather and confident- 
clear conditions, with smaller seasonal RMSE and MB against in-situ 
GPS reference PWV data. 

In all-weather conditions, the seasonal reduction in RMSE was 54.78 
% (XGBoost) ~ 58.72 % (BPNN) for 2-band ratio transmittance and 

54.25 % (XGBoost) ~ 57.93 % (BPNN) for 3-band ratio transmittance in 
spring. In summer, the seasonal RMSE reduction was in the range of 
68.36 % (GRNN) to 70.66 % (BPNN) and in the range of 67.75 % 
(XGBoost) to 69.32 % (BPNN) for 2-band and 3-band ratio approaches, 
respectively. The seasonal RMSE in autumn dropped 61.82 % from 
12.10 mm to 4.62 mm for BPNN, 60.33 % to 4.80 mm for GBDT, 59.59 % 
to 4.89 mm for GRNN, and 57.36 % to 5.16 mm for XGBoost for 2-band 
ratio method, and for 3-band ratio method it reduced 61.07 % to 4.71 
mm, 59.83 % to 4.86 mm, 59.50 % to 4.90 mm, and 56.94 % to 5.21 mm 
for BPNN, GBDT, GRNN, and XGBoost, respectively. In winter, the 
seasonal RMSE reduced 45.50 % (GRNN) ~ 52.29 % (BPNN and GBDT) 
for 2-band ratio method and 45.18 % (GRNN) ~ 50.71 % (BPNN) for 3- 
band ratio method. 

Similarly, under confident clear conditions, the seasonal reduction in 
RMSE was in the range between 30.60 % (GRNN) and 34.33 % (GBDT) 
for 2-channel ratio method and in the range between 31.09 % (GRNN) 
and 34.58 % (GBDT) for 3-channel ratio method in spring. The seasonal 
RMSE in summer dropped 43.91 % (GRNN) ~ 49.58 % (GBDT) and 
44.46 % (GRNN) ~ 50.00 % (GBDT) for 2-band and 3-band ratio 
methods, respectively. The seasonal RMSE reduced 30.58 % (XGBoost) 
~ 35.19 % (GBDT) for 2-band ratio transmittance and 31.55 % 
(XGBoost) ~ 35.44 % (GBDT) for 3-band ratio transmittance in autumn. 
In winter, the seasonal RMSE dropped 28.29 % from 3.04 mm to 2.18 
mm for BPNN, 34.54 % to 1.99 mm for GBDT, 31.25 % to 2.09 mm for 
GRNN, and 31.91 % to 2.07 mm for XGBoost for the PWV data calcu
lated using 2-band ratio transmittance. For the PWV data calculated 
using 3-band ratio transmittance, it has reduced 27.63 % to 2.20 mm, 

Fig. 18. Time-series variation of satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations in 2018–2019 in China under confident 
clear conditions. 
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33.88 % to 2.01 mm, 31.91 % to 2.07 mm, and 31.58 % to 2.08 mm for 
BPNN, GBDT, GRNN, and XGBoost, respectively. 

For both all-weather and confident-clear conditions, the new PWV 

estimates exhibited larger accuracy improvement in summer and 
autumn than spring and winter. 

Fig. 19. Annual RMSE map for satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations at all GPS stations in 2018–2019 in China 
under all weather conditions. 

Fig. 20. Annual RMSE map for satellite-based MODIS NIR PWV observations against ground-based GPS PWV observations at all GPS stations in 2018–2019 in China 
under confident clear conditions. 
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4.2.4. Time-series analysis 
The daily time-series comparison result between the PWV observa

tions from MODIS and GPS instruments is presented in Figs. 17 and 18. 
In all-weather and confident-clear conditions, the daily new PWV result 
showed a better agreements with that of in-situ GPS PWV in both 2018 
and in 2019. This implies that the retrieval methods are temporally in
dependent and perform well in different years. 

Under all-weather conditions (see Fig. 17), the official MOD05 PWV 
product showed a daily R2 of 0.87, a daily RMSE of 6.76 mm, and a daily 
MB of − 5.19 mm with respect to GPS daily averaged reference PWV. The 
new PWV result exhibited daily R2 in the range of 0.96 ~ 0.97, daily 
RMSE in the range of 1.76 mm ~ 1.96 mm, and daily MB in the range of 
− 0.02 mm ~ 0.18 mm. It can be seen the performance of the new PWV 
data is much better than that of the MODIS PWV product. 

The result under confident clear conditions was shown in Fig. 18. By 
employing the new retrieval methods, the daily RMSE values were 
reduced to the range between 1.25 mm and 1.41 mm, and the MB values 
were reduced to the range between − 0.02 mm to 0.21 mm. Both RMSE 
and MB were much smaller than those of the official MOD05 confident- 
clear PWV product (RMSE = 3.76 mm and MB = 2.89 mm). The cor
relation coefficient R2 of the new daily mean PWV under confident-clear 
condition was in the range between 0.96 and 0.97, slightly smaller than 
R2 of the official MOD05 product 0.98. 

4.2.5. Station-wise analysis 
In Fig. 19, the station-wise RMSE values of the MOD05 product were 

above 8 mm at most stations under all-weather conditions. The new 

MODIS PWV result at most sites showed a station-wise RMSE in the 
range between 2 mm and 8 mm. This implies that the new algorithms 
improved MODIS NIR PWV retrievals at most stations under all-weather 
conditions. In confident-clear conditions (see Fig. 20), the official 
MOD05 product presented a station-wise RMSE in the range between 4 
mm and 10 mm at most sites. Their station-wise RMSE values were 
reduced to the range between 1 mm and 4 mm at most sites after using 
the retrieval algorithms developed in this research. 

4.3. Comparison of satellite-based MODIS NIR PWV data versus ground- 
based GPS PWV data in both Australia and China 

The all-weather comparison analysis result between MODIS PWV 
and GPS PWV in 2018–2019 in both Australia and China is included in 
Fig. 21. The new PWV result showed the correlation coefficient R2 in the 
range of 0.83 ~ 0.86 for 2-band ratio approach and in the range of 0.83 
~ 0.85 for 3-band ratio approach, much better than the official MOD05 
product (R2 = 0.31). For RMSE, it reduced 60.85 % from 12.03 mm to 
4.71 mm for BPNN, 59.68 % to 4.85 mm for GBDT, 56.69 % to 5.21 mm 
for GRNN, and 57.27 % to 5.14 mm for XGBoost for the PWV data 
retrieved with 2-band ratio transmittance. For the PWV data retrieved 
with 3-band ratio transmittance, the RMSE dropped 59.68 % to 4.85 
mm, 58.60 % to 4.98 mm, 56.61 % to 5.22 mm, and 56.11 % to 5.28 mm 
for BPNN, GBDT, GRNN, and XGBoost, respectively. Their MB values 
were reduced to the range of 0.18 mm ~ 0.38 mm for 2-band ratio 
approach and to the range of 0.26 mm ~ 0.51 mm for 3-band ratio 
approach, which were much smaller than that of the official MOD05 

Fig. 21. Comparison of satellite-based MODIS NIR PWV against ground-based GPS PWV in 2018–2019 in both Australia and China under all weather conditions. The 
red line is the linear regression result between PWV from MODIS NIR and GPS observations. The dashed black line is the 1:1 line utilized as a reference. The color bar 
indicates the number of PWV pairs. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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product (MB = -3.04 mm). The BPNN-based PWV calculated with 2- 
band ratio transmittance had the best PWV retrieval performance, 
showing the highest R2 and the smallest RMSE against in-situ GPS 
reference PWV. 

In Fig. 22, the result obtained under confident clear conditions is 
shown. R2 of new PWV estimates was 0.89 ~ 0.91 for 2-channel ratio 
method and 0.90 ~ 0.91 for 3-channel ratio method, which were com
parable to the MOD05 product (R2 = 0.92). The RMSE reduced 46.18 % 
from 5.37 mm to 2.89 mm for BPNN, by 46.37 % to 2.88 mm for GBDT, 
by 43.02 % to 3.06 mm for GRNN, and by 44.51 % to 2.98 mm for 
XGBoost for 2-band ratio transmittance. For 3-band ratio transmittance, 
the RMSE reduced 46.00 % to 2.90 mm, 46.55 % to 2.87 mm, 43.76 % to 
3.02 mm, and 44.69 % to 2.97 mm for BPNN, GBDT, GRNN, and 
XGBoost, respectively. Their MB values were reduced to around 0, much 
smaller than the MB in official MOD05 PWV product (MB = 3.96 mm). 

Fig. 23 showed that under probably clear conditions the new PWV 
result with RMSE in the range of 2.99 mm ~ 3.27 mm for 2-band ratio 
approach and in the range of 2.91 mm ~ 3.25 mm for 3-band ratio 
method, indicating a reduction in RMSE of 42.12 % ~ 47.08 % and 
42.48 % ~ 48.50 % for 2-band and 3-band ratio transmittances, 
respectively. Under probably cloudy conditions, the RMSE dropped 
19.00 % ~ 27.60 % for 2-band ratio transmittance and 19.60 % ~ 29.00 
% for 3-band ratio transmittance. Under confident-cloudy the RMSE 
reduced 63.70 % from 17.19 mm to 6.24 mm for BPNN, 62.19 % to 6.50 
mm for GBDT, 59.40 % to 6.98 mm for GRNN, and 59.63 % to 6.94 mm 
for XGBoost for 2-band ratio approach. For 3-band ratio approach, the 

new PWV retrievals reduced RMSE by 62.30 % to 6.48 mm, by 60.67 % 
to 6.76 mm, by 59.16 % to 7.02 mm, and by 58.12 % to 7.20 mm for 
BPNN, GBDT, GRNN, and XGBoost, respectively. The MB values of new 
PWV estimates were reduced to the range between − 1 mm and 1 mm 
under different weather conditions, smaller than those of the MOD05 
product. The retrieval methods exhibited a larger RMSE reduction 
(larger accuracy enhancement) in confident cloudy conditions. 

Table 5 displays the seasonal evaluation results between MODIS 
PWV and GPS PWV in 2018–2019 over both Australia and China, under 
all-weather conditions and confident-clear conditions. For both all- 
weather and confident-clear conditions, the new PWV result exhibited 
larger improvement (larger RMSE reduction) in MODIS NIR PWV ac
curacy in summer and autumn than spring and winter. 

For all weather conditions, the seasonal RMSE reduction was in the 
range of 49.85 % (XGBoost) ~ 54.99 % (BPNN) in spring, 60.84 % 
(GRNN) ~ 65.01 % (BPNN) in summer, 56.01 % (XGBoost) ~ 60.17 % 
(BPNN) in autumn, and 47.76 % (GRNN) ~ 53.98 % (BPNN) in winter 
for the PWV data retrieved with 2-band ratio method. For the PWV data 
retrieved with 3-band ratio method, the seasonal RMSE reduction was 
49.06 % (XGBoost) ~ 54.29 % (BPNN), 60.59 % (GRNN) ~ 63.50 % 
(BPNN), 55.17 % (XGBoost) ~ 59.41 % (BPNN), and 47.76 % (GRNN) ~ 
52.10 % (BPNN) in spring, summer, autumn, and winter, respectively. 

Under confident clear conditions, the new PWV result presented a 
seasonal RMSE reduction in the range of 34.55 % ~ 37.27 % (spring), 
44.66 % ~ 48.81 % (summer), 47.17 % ~ 50.71 % (autumn), and 41.86 
% ~ 44.44 % (winter) for 2-band ratio transmittance and 35.23 % ~ 

Fig. 22. Comparison of satellite-based MODIS NIR PWV against ground-based GPS PWV observations in 2018–2019 in both Australia and China under confident 
clear conditions. The red line is the linear regression result between PWV from MODIS NIR and GPS observations. The dashed black line is the 1:1 line utilized as a 
reference. The color bar indicates the number of PWV pairs. (For interpretation of the references to color in this figure legend, the reader is referred to the web 
version of this article.) 
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37.05 % (spring), 45.10 % ~ 48.81 % (summer), 48.06 % ~ 51.06 % 
(autumn), and 41.34 % ~ 44.44 % (winter) for 3-band ratio 
transmittance. 

5. Discussion 

The main objective of this research is to enhance the accuracy of the 
MODIS NIR PWV retrieval under all-weather conditions utilizing four 
novel water vapor retrieval algorithms based on machine learning 
methods, i.e. BPNN, GBDT, GRNN, and XGBoost. The band 17 estimated 
transmittance (905 nm), band 18 estimated transmittance (936 nm), 
band 19 estimated transmittance (940 nm), latitude, longitude, eleva
tion, cloud, season, and solar zenith angle were utilized as input pa
rameters to the machine learning models. The in-situ PWV data 
measured in 2017 from 453 GPS sites in Australia and 214 GPS sites in 
China were used as the target output PWV result in the model training 
procedure. In the model validation procedure, we utilized GPS and 
MODIS data collected from 2018 to 2019, which are independent of the 
training data of 2017. 

The official MOD05 product does not provide good quality water 
vapor retrievals under all weather conditions. This is because the NIR 
observations from the MODIS instrument are notably affected by the 
existence of clouds (He and Liu, 2019; Kaufman and Gao, 1992). In our 
work, the correlation coefficient R2 of the MOD05 PWV product was 
found to be below 0.4, and the RMSE of the MOD05 PWV product was 
found to be above 10 mm in all weather conditions. 

The new all-weather PWV result had R2 values in the range of 0.83 ~ 
0.86 and RMSE in the range of 4.71 mm ~ 5.28 mm, reducing RMSE by 
56.69 % (GRNN) ~ 60.85 % (BPNN) for 2-band ratio approach and 
56.11 % (XGBoost) ~ 59.68 % (BPNN) for 3-band ratio approach. This 
implies that the retrieval algorithms can significantly reduce the impact 

of clouds on retrieving MODIS NIR all-weather PWV. The new BPNN- 
based PWV had the best PWV accuracy, for both 2-band and 3-band 
ratio transmittances. 

The new PWV estimates performed better than the MOD05 product 
in each different weather condition. For confident-clear conditions, the 
RMSE reduced 46.18 % from 5.37 mm to 2.89 mm for BPNN, 46.37 % to 
2.88 mm for GBDT, 43.02 % to 3.06 mm for GRNN, and 44.51 % to 2.98 
mm for XGBoost for 2-band ratio transmittance. For 3-band ratio 
transmittance the RMSE dropped 46.00 % to 2.90 mm, 46.55 % to 2.87 
mm, 43.76 % to 3.02 mm, and 44.69 % to 2.97 mm for BPNN, GBDT, 
GRNN, and XGBoost, respectively. Under all weather conditions, the 
retrieval accuracy of new PWV estimates (RMSE = 4.71 mm ~ 5.28 mm) 
is still better than that of the official MOD05 PWV product in confident- 
clear conditions (RMSE = 5.37 mm), implying that the four novel water 
vapor retrieval models can obtain good quality MODIS PWV under all- 
weather conditions, outperforming the official MOD05 confident-clear 
PWV product. 

In probably clear conditions, the new PWV result showed an RMSE 
reduction of 42.12 % ~ 47.08 % for 2-band ratio transmittance and 
42.48 % ~ 48.50 % for 3-band ratio transmittance. The RMSE reduction 
of probably cloudy conditions was in the range between 19.00 % and 
27.60 % for 2-band ratio transmittance and in the range between 19.60 
% and 29.00 % for 3-band ratio transmittance. For confident cloudy 
conditions, the new PWV, calculated with 2-band ratio transmittance, 
reduced RMSE by 63.70 % to 6.24 mm for BPNN, by 62.19 % to 6.50 mm 
for GBDT, by 59.40 % to 6.98 mm for GRNN, and by 59.63 % to 6.94 mm 
for XGBoost, compared with the MOD05 product (RMSE = 17.19 mm). 
For the new PWV result retrieved with 3-band ratio transmittance, the 
RMSE dropped 62.30 % to 6.48 mm, 60.67 % to 6.76 mm, 59.16 % to 
7.02 mm, and 58.12 % to 7.20 mm for BPNN, GBDT, GRNN, and 
XGBoost, respectively. The algorithms exhibited higher accuracy 

Fig. 23. Comparison of satellite-based MODIS NIR PWV against ground-based GPS PWV in 2018–2019 in both Australia and China under different weather con
ditions. The weather condition is defined based on the cloud-mask flags from the official MOD35 product. 
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Table 5 
The seasonal comparison between the satellite-based MODIS NIR PWV retrievals against the reference ground-based GPS PWV retrievals in 2018–2019 in both 
Australia and China under both all weather conditions and confident clear conditions.    

All Weather Confident Clear   
Slope Offset R2 RMSE 

(mm) 
MB 
(mm) 

RMSE 
reduction 

Slope Offset R2 RMSE 
(mm) 

MB 
(mm) 

RMSE 
reduction 

Spring MOD05  0.57  8.68  0.29  10.13  − 2.80  –  0.80  0.29  0.89  4.40  3.03  – 
BPNN, 2-Channel 
Ratio  

0.98  − 0.01  0.81  4.56  0.39  54.99 %  0.99  0.17  0.87  2.78  0.02  36.82 % 

GBDT, 2-Channel 
Ratio  

0.96  0.15  0.79  4.76  0.50  53.01 %  0.97  0.21  0.88  2.76  0.26  37.27 % 

GRNN, 2-Channel 
Ratio  

1.01  − 0.57  0.77  4.97  0.38  50.94 %  1.02  − 0.52  0.86  2.88  0.25  34.55 % 

XGBoost, 2-Channel 
Ratio  

0.94  0.61  0.76  5.08  0.35  49.85 %  0.97  0.25  0.87  2.82  0.15  35.91 % 

BPNN, 3-Channel 
Ratio  

0.98  − 0.14  0.80  4.63  0.46  54.29 %  0.98  0.08  0.87  2.77  0.22  37.05 % 

GBDT, 3-Channel 
Ratio  

0.96  0.19  0.78  4.86  0.50  52.02 %  0.96  0.24  0.88  2.77  0.32  37.05 % 

GRNN, 3-Channel 
Ratio  

1.01  − 0.59  0.77  4.97  0.39  50.94 %  1.02  − 0.56  0.87  2.85  0.27  35.23 % 

XGBoost, 3-Channel 
Ratio  

0.94  0.64  0.76  5.16  0.39  49.06 %  0.96  0.30  0.87  2.85  0.24  35.23 % 

Summer MOD05  0.36  19.68  0.15  16.52  − 5.09  –  0.78  0.58  0.91  6.74  5.48  – 
BPNN, 2-Channel 
Ratio  

0.99  0.03  0.82  5.78  0.30  65.01 %  0.98  0.63  0.87  3.45  − 0.28  48.81 % 

GBDT, 2-Channel 
Ratio  

0.98  0.26  0.81  5.92  0.34  64.16 %  0.99  0.46  0.87  3.49  − 0.16  48.22 % 

GRNN, 2-Channel 
Ratio  

1.02  − 0.93  0.78  6.47  0.30  60.84 %  1.05  − 0.89  0.85  3.73  − 0.12  44.66 % 

XGBoost, 2-Channel 
Ratio  

0.96  0.92  0.80  6.21  0.08  62.41 %  0.98  0.68  0.86  3.60  − 0.32  46.59 % 

BPNN, 3-Channel 
Ratio  

0.99  − 0.34  0.81  6.03  0.61  63.50 %  1.00  − 0.09  0.87  3.45  0.11  48.81 % 

GBDT, 3-Channel 
Ratio  

0.98  0.06  0.80  6.14  0.45  62.83 %  0.99  0.32  0.87  3.45  − 0.02  48.81 % 

GRNN, 3-Channel 
Ratio  

1.03  − 1.06  0.78  6.51  0.34  60.59 %  1.05  − 1.05  0.85  3.70  − 0.04  45.10 % 

XGBoost, 3-Channel 
Ratio  

0.96  0.91  0.78  6.46  0.18  60.90 %  0.98  0.56  0.86  3.57  − 0.16  47.03 % 

Autumn MOD05  0.50  10.94  0.26  11.80  − 2.71  –  0.78  0.16  0.92  5.66  4.39  – 
BPNN, 2-Channel 
Ratio  

0.93  0.87  0.84  4.70  0.46  60.17 %  0.99  0.38  0.90  2.82  − 0.30  50.18 % 

GBDT, 2-Channel 
Ratio  

0.93  1.06  0.83  4.86  0.41  58.81 %  0.99  0.41  0.90  2.79  − 0.22  50.71 % 

GRNN, 2-Channel 
Ratio  

0.96  0.38  0.80  5.14  0.44  56.44 %  1.02  − 0.12  0.89  2.99  − 0.24  47.17 % 

XGBoost, 2-Channel 
Ratio  

0.91  1.66  0.80  5.19  0.16  56.02 %  0.98  0.68  0.89  2.95  − 0.36  47.88 % 

BPNN, 3-Channel 
Ratio  

0.93  0.68  0.83  4.79  0.63  59.41 %  0.98  0.41  0.90  2.83  − 0.08  50.00 % 

GBDT, 3-Channel 
Ratio  

0.93  0.90  0.82  4.94  0.53  58.14 %  0.98  0.34  0.91  2.77  − 0.06  51.06 % 

GRNN, 3-Channel 
Ratio  

0.96  0.32  0.80  5.16  0.48  56.27 %  1.03  − 0.22  0.89  2.94  − 0.17  48.06 % 

XGBoost, 3-Channel 
Ratio  

0.91  1.50  0.80  5.29  0.29  55.17 %  0.98  0.58  0.90  2.91  − 0.22  48.59 % 

Winter MOD05  0.55  5.65  0.32  6.91  − 1.27  –  0.75  0.53  0.86  3.87  2.62  – 
BPNN, 2-Channel 
Ratio  

0.98  0.05  0.81  3.18  0.20  53.98 %  0.99  0.06  0.86  2.20  − 0.01  43.15 % 

GBDT, 2-Channel 
Ratio  

0.98  − 0.01  0.80  3.20  0.24  53.69 %  0.99  − 0.02  0.86  2.15  0.12  44.44 % 

GRNN, 2-Channel 
Ratio  

1.04  − 0.49  0.75  3.61  0.06  47.76 %  1.06  − 0.57  0.85  2.25  0.00  41.86 % 

XGBoost, 2-Channel 
Ratio  

0.96  0.33  0.78  3.42  0.12  50.51 %  0.99  0.09  0.86  2.20  0.05  43.15 % 

BPNN, 3-Channel 
Ratio  

0.98  − 0.10  0.79  3.31  0.31  52.10 %  0.98  0.07  0.85  2.27  0.10  41.34 % 

GBDT, 3-Channel 
Ratio  

0.98  − 0.04  0.79  3.34  0.29  51.66 %  0.98  − 0.06  0.87  2.15  0.25  44.44 % 

GRNN, 3-Channel 
Ratio  

1.04  − 0.53  0.75  3.61  0.07  47.76 %  1.06  − 0.64  0.86  2.22  0.02  42.64 % 

XGBoost, 3-Channel 
Ratio  

0.96  0.31  0.76  3.54  0.15  48.77 %  0.98  0.00  0.86  2.18  0.17  43.67 %  
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enhancement (larger RMSE reduction) in retrieving MODIS NIR water 
vapor estimates under confident cloudy conditions. 

The new PWV showed a better accuracy with respect to in-situ GPS 
reference PWV in all the seasons of the year. For all-weather conditions, 
the seasonal reduction in RMSE was 49.85 % ~ 54.99 % in spring, 60.84 
% ~ 65.01 % in summer, 56.01 % ~ 60.17 % in autumn, and 47.76 % ~ 
53.98 % in winter for 2-band ratio approach, and for 3-band ratio 
approach it was 49.06 % ~ 54.29 %, 60.59 % ~ 63.50 %, 55.17 % ~ 
59.41 %, and 47.76 % ~ 52.10 % in spring, summer, autumn, and 
winter, respectively. In confident-clear conditions, the seasonal RMSE 
dropped 34.55 % ~ 37.27 % (spring), 44.66 % ~ 48.81 % (summer), 
47.17 % ~ 50.71 % (autumn), and 41.86 % ~ 44.44 % (winter) for 2- 
band ratio transmittance and 35.23 % ~ 37.05 % (spring), 45.10 % ~ 
48.81 % (summer), 48.06 % ~ 51.06 % (autumn), and 41.34 % ~ 44.44 
% (winter) for 3-band ratio transmittance. The four machine learning 
retrieval models showed a smaller seasonal PWV accuracy improvement 
in spring and winter, compared to summer and autumn. The discrepancy 
in accuracy enhancement of spring and winter when compared to 
summer and autumn could be due to the magnitude of PWV values. In 
spring and winter (i.e. dry atmospheric conditions), the PWV values are 
generally smaller than those in summer and winter (i.e. wet atmospheric 
conditions). Lower PWV values can result in smaller RMSE, as shown in 
Xu and Liu (2021a). Therefore in spring and winter, the machine 
learning based PWV retrieval approaches could have a smaller accuracy 
enhancement, i.e. smaller RMSE reduction. In addition, the new PWV 
exhibited smaller daily-scale and station-wise RMSE with respect to in- 
situ GPS reference PWV, compared with the official MOD05 PWV 
product. 

Inter-comparison showed that under all-weather conditions, the new 
algorithms had similar performance in both Australia (RMSE reduction 
51.87 % ~ 57.44 %) and in China (RMSE reduction 61.45 % ~ 65.16 %). 
For confident-clear conditions, the RMSE of the new PWV result reduced 
44.90 % ~ 48.48 % in Australia and 37.16 % ~ 41.75 % in China. This 
indicated that the performance of the retrieval models in Australia 
(representative of the Southern Hemisphere) is comparable to that in 
China (representative of the Northern Hemisphere). In addition, both 
new daily averaged PWV showed a better agreement with in-situ GPS 
daily mean PWV under all-weather and confident-clear conditions in 
2018 and 2019, showing that the four new algorithms are not dependent 
on the time period. This implies that the retrieval algorithms are not 
dependent on the geolocations or observation periods. 

An enhanced MODIS NIR PWV retrieval algorithm showed an RMSE 
reduction of 22.48 % for 2-band ratio approach and 21.69 % for 3-band 
ratio approach under confident clear conditions in the North America 
region, compared with the official MOD05 product (RMSE = 7.67 mm) 
(He and Liu, 2020). In the recent work conducted by Ma et al. (2022), an 
improved PWV retrieval algorithm was developed for MODIS NIR 
channels, which is based on the BPNN approach considering land sur
faces. The retrieval algorithm reduced the RMSE of MOD05 confident- 
clear PWV by 66.32 % for 2-band ratio transmittance and by 68.67 % 
for 3-band ratio transmittance based on the data in 2020 in the North 
America region. Both He and Liu (2020) and Ma et al. (2022) focused on 
confident-clear conditions to enhance the MODIS NIR PWV retrieval 
accuracy. The retrieval algorithms in our work show a much larger 
RMSE reduction under confident clear conditions than the retrieval al
gorithm developed by He and Liu (2020). This work is for the first time, 
to our knowledge, to retrieve MODIS NIR all-weather PWV estimates 
considering multiple influence parameters – location, cloud, season, and 
solar zenith angle, superior to the official MOD05 confident-clear PWV 
product. 

The four new machine learning based PWV retrieval algorithms 
provide a more accurate way to retrieve the PWV data from MODIS NIR 
channels, as the retrieval models have considered multiple influence 
factors such as location, cloud, season, and solar zenith angle. The new 
all-weather PWV estimates exhibited a better retrieval accuracy than the 
official MOD05 confident-clear PWV product. 

6. Conclusion 

In this research, we have developed four novel water vapor retrieval 
algorithms based on machine learning methods to derive MODIS NIR 
PWV data under all-weather conditions. The new MODIS-derived NIR 
PWV retrievals are evaluated utilizing reference GPS-derived PWV data 
in 2018–2019, which are independent of the training data of 2017. The 
main conclusions are given as follows.  

1. The new all-weather PWV estimates exhibit a better agreement with 
ground-based GPS-estimated PWV observations, showing R2 = 0.83 
~ 0.86, RMSE = 4.71 mm ~ 5.28 mm, and MB = 0.18 mm ~ 0.51 
mm. This could be because the retrieval algorithms have considered 
multiple dependence factors that affect the MODIS NIR PWV mea
surement accuracy in the models.  

2. The all-weather PWV data estimated using BPNN algorithm and 2- 
band ratio transmittance have the highest performance, whereas 
using XGBoost algorithm and 3-band ratio transmittance has the 
worst performance.  

3. The new PWV results agree better than the original PWV with in-situ 
GPS PWV data in each different weather condition, exhibiting a 
reduction in RMSE of 43.02 % ~ 46.55 % (confident clear), 42.12 % 
~ 48.50 % (probably clear), 19.00 % ~ 29.00 % (probably cloudy), 
and 58.12 % ~ 63.70 % (confident cloudy).  

4. The retrieval algorithms can improve the seasonal performance of 
PWV estimation from MODIS NIR measurements, with a higher ac
curacy enhancement in summer and autumn. 

5. The variation trend of daily mean water vapor of the new PWV es
timates agrees better with that of in-situ GPS-retrieved PWV esti
mates. The station-wise RMSE of MODIS-measured NIR water vapor 
is generally reduced to below 8 mm (all-weather) and below 4 mm 
(confident clear) at most stations.  

6. The retrieval methods present little spatial or temporal dependence, 
which have great potentials to be applied to other global regions as 
well as other temporal periods. 
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Myhre, G., Shindell, D., Bréon, F.-M., Collins, W., Fuglestvedt, J., Huang, J., Koch, D., 
Lamarque, J.-F., Lee, D., Mendoza, B., Nakajima, T., Robock, A., Stephens, G., 
Takemura, T., Zhang, H., 2013. Anthropogenic and natural radiative forcing. Clim. 
Change 2013 Phys. Sci. Basis Contrib. Work. Group Fifth Assess. Rep. Intergov. Panel 
Clim. Change 659–740. 

Pigram, C., 2012. Geoscience Australia – a multi disciplined agency. Episodes J. Int. 
Geosci. 35, 524–525. 10.18814/epiiugs/2012/v35i4/009. 

Platnick, S., King, M.D., Ackerman, S.A., Menzel, W.P., Baum, B.A., Riedi, J.C., Frey, R. 
A., 2003. The MODIS cloud products: Algorithms and examples from Terra. IEEE 
Trans. Geosci. Remote Sens. 41, 459–473. https://doi.org/10.1109/ 
TGRS.2002.808301. 

Rocken, C., Hove, T.V., Ware, R., 1997. Near real-time GPS sensing of atmospheric water 
vapor. Geophys. Res. Lett. 24, 3221–3224. https://doi.org/10.1029/97GL03312. 

Ross, R.J., Elliot, W.P., 2001. Radiosonde-based Northern Hemisphere tropospheric 
water vapor trends. J. Clim. 14, 1602–1612. https://doi.org/10.1175/1520-0442 
(2001)014<1602:RBNHTW>2.0.CO;2. 

Rumelhart, D.E., Hinton, G.E., Williams, R.J., 1986. Learning representations by back- 
propagating errors. Nature 323, 533–536. https://doi.org/10.1038/323533a0. 

Salomonson, V.V., Barnes, W.L., Maymon, P.W., Montgomery, H.E., Ostrow, H., 1989. 
MODIS: advanced facility instrument for studies of the Earth as a system. IEEE Trans. 
Geosci. Remote Sens. 27, 145–153. https://doi.org/10.1109/36.20292. 
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