
1. Introduction
Atmospheric water vapor is a dominant natural greenhouse component in association with atmospheric circula-
tion, energy exchange, and hydrological cycle (Colman, 2003; Myhre et al., 2013; Sherwood et al., 2010), which 
accounts for about 60% of the total greenhouse warming effect of the Earth (Held & Soden, 2000). Water vapor 
varies significantly in the spatial and temporal coverages (Trenberth et al., 2005), exerting a positive feedback in 
climate change (Schneider et al., 2010; Soden et al., 2002). It is also an important parameter in numerical weather 
prediction models (Manandhar et al., 2019; Rohm et al., 2019). Hence, proper spatial-temporal resolution water 
vapor observations are essential to advance the understanding of climate and weather locally or globally.

Precipitable water vapor (PWV) is a widely used measurement of the total atmospheric water vapor content 
contained in a vertical column of a cross-section unit (Kaufman & Gao, 1992). The ground-based radiosonde 
instrument has been employed to observe PWV (Ross & Elliot, 2001), which is considered a very reliable in-situ 
water vapor measurement technique frequently used as a reference to validate other water vapor measurements 
(Piesanie et al., 2013). However, the PWV measured from radiosonde has a poor time resolution with one or 
two observations daily, as it can be easily affected by weather conditions (Vaquero-Martínez et al., 2018). In 
contrast, the in-situ Global Navigation Satellite System (GNSS) instrument can provide continuous PWV obser-
vations at a high temporal resolution in all-weather conditions (Bevis et al., 1992), showing an accuracy lower 
than 3 mm against radiosonde-based water vapor measurements (Wang & Zhang, 2008). The GNSS PWV data 
have been used as a reference to test other water vapor observation approaches (Vaquero-Martínez et al., 2018; 
Xu & Liu, 2021b), or as input data in model construction (Bai et al., 2021; Xu & Liu, 2021a). Nevertheless, 
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the ground-based water vapor measurement methods, that is, radiosonde and 
GNSS, can only provide point-wise PWV data at specific stations without 
global coverage.

On the other hand, satellite remote sensing techniques provide a unique 
opportunity to measure PWV at a reasonable spatial and temporal resolution 
using different spectral wavelength bands, namely visible (Wang et al., 2014), 
near-infrared (Gao & Kaufman, 2003), infrared (IR) (Seemann et al., 2003), 
and microwave (Ji et al., 2017). The Atmospheric Infrared Sounder (AIRS) 
sensor, onboard the Aqua satellite launched on 4 May 2002, is capable of 
continuously providing water vapor data products using IR observations, 
covering near-global coverage with a high temporal resolution twice per day 
(Aumann et  al.,  2003). The quality of AIRS IR PWV products is usually 
affected by the presence of clouds, as IR observations are sensitive to clouds 
(Vaquero-Martínez et  al.,  2018). In addition to clouds, other dependence 
parameters are also reported to affect the performance of satellite IR PWV 
products, such as location, PWV values, seasonality, land surface tempera-
ture, land surface types, and solar zenith angle data (Aumann et al., 2003; 
Vaquero-Martínez et  al.,  2018). In the work by Chang et  al.  (2020), a 
differential linear adjustment model (DLAM) is developed for AIRS IR 
PWV products based on ERA-Interim water vapor data, showing that the 
root-mean-squared error (RMSE) of DLAM-estimated PWV is reduced 
by around 16% compared with in-situ radiosonde PWV observations. The 
performance of the DLAM is validated by the same data sets used for model 
training (Chang et al., 2020). The performance of DLAM, developed using 
reanalysis-based PWV data, is not as good as that of models developed based 
on in-situ PWV measurements (Xu & Liu, 2022). To date, little study has 
been reported on the calibration of satellite IR PWV products by considering 
various dependence factors.

Here, we develop a Gradient Boosting Decision Tree (GBDT) based correction model (GBCorM) to enhance the 
quality of PWV products from AIRS IR measurements under all-weather conditions. The GBCorM utilizes AIRS 
IR PWV, latitude, longitude, month, solar zenith angle, surface skin temperature, surface class, quality flag, and 
cloud fraction data, which are associated with the performance of AIRS IR PWV products. In the model develop-
ment procedure, the worldwide in-situ GNSS and radiosonde PWV measurements collected during 2017–2019 
are employed. The validation of the GBCorM is performed using global water vapor observations collected from 
GNSS, radiosonde, and ERA5 in 2020.

2. Data
The AIRS sensor, onboard the Aqua satellite platform, is a modern hyperspectral IR sounder (Aumann 
et al., 2003). It can provide near-global PWV observations twice daily at IR channels (Aumann et al., 2003). The 
AIRS products utilized in this research are Aqua/AIRS L2 Standard Physical Retrieval (AIRS-only) V7.0 at GES 
DISC (AIRS2RET v7.0) (AIRS project, 2019). This product consists of cloud and surface parameters, as well as 
profiles of temperature, water vapor, ozone, carbon monoxide, and methane, with a spatial resolution of 50 km. 
In this paper, the total PWV data records (totH2OStd) of AIRS Standard Physical Retrieval were employed. The 
AIRS2RET v7.0 global data products collected during 2017–2019 were selected for GBCorM model construc-
tion and training. The one-year AIRS-based global PWV data records observed in 2020 were used to test the 
performance of the GBCorM. The global PWV data set includes in-situ PWV measurements from 10,465 GNSS 
stations as well as 783 radiosonde stations. Figure 1 shows the geographical distribution of in-situ GNSS and 
radiosonde stations. In addition, the reanalysis-based water vapor data records, obtained from ERA5 for the 
year 2020, are also used to test the performance of the GBCorM. To have a better comparison with GNSS and 
radiosonde results, only ERA5 PWV data at the locations of global GNSS and radiosonde stations are used in 
the validation. Our analysis indicates that the accuracy of ERA5 PWV data is better than 3 mm when compared 

Figure 1. Geographical distribution of (a) 10,465 GNSS stations and (b) 783 
radiosonde stations.
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with GNSS and radiosonde PWV data. To better quality control the ERA5 PWV data used for the validation, we 
require the difference between ERA5 PWV and GNSS (or radiosonde) PWV be no larger than 3 mm.

The global ERA5 PWV data (Hersbach et al., 2020) from the European Centre for Medium-Range Weather Fore-
casts (ECMWF), were employed. The ground-based GNSS water vapor data records, provided by the Nevada 
Geodetic Laboratory (Blewitt et al., 2018), are estimated from GNSS wet zenith delay observations using the 
retrieval method developed by Bevis et al. (1994). The radiosonde measurements at both 0000 UTC and 1200 
UTC daily were obtained from the Integrated Radiosonde Archive Version 2 (IGAR2) (Durre et  al.,  2016). 
The PWV retrieval from the IGRA2 radiosonde observations is based on the approach developed in Zhang 
et al. (2019). The GNSS and radiosonde global PWV data observed in 2017–2019 were used for model develop-
ment. The performance of the GBCorM was validated based on global PWV data observed from GNSS, radio-
sonde, and ERA5 in 2020.

3. Method
The GBDT is a tree-based ensemble machine learning approach, which can be utilized in regression and classi-
fication problems (Friedman, 2002). It includes a number of decision trees as weak learners in order to obtain a 
strong decision tree learner. The decision trees of the GBDT algorithm are fitted relying upon the residual error 
of the former decision tree. The output from GBDT is a weighted average result from the output results of all 
decision trees.

We have developed a GBCorM to enhance the accuracy of AIRS IR PWV products under all-weather conditions 
based on in-situ PWV observations from GNSS and radiosonde instruments. The key concept in the GBCorM 
is to link the GNSS and radiosonde PWV to a set of AIRS IR PWV, latitude, longitude, month, solar zenith 
angle, surface skin temperature, surface class, quality flag, and CF data using the GBDT-based machine learn-
ing approach. These multiple variables are associated with the performance of AIRS IR PWV measurements 
(Aumann et al., 2003; Vaquero-Martínez et al., 2018). The GBCorM is defined as:

𝑊𝑊 = GBDT(𝑊𝑊AIRS,LAT,LON,MON, SZA, SST, SC,QF,CF) (1)

where W is the in-situ GNSS and radiosonde PWV data, WAIRS is the official AIR IR PWV product, LAT is the 
latitude with the unit of degree, LON is the longitude with the unit of degree, MON is the month number of the 
year, SZA is the solar zenith angle with the unit of degree, SST is the surface skin temperature with the unit of 
K, SC is the surface class, QF is the quality flag of official AIRS IR PWV products, and CF is the cloud fraction 
information. The WAIRS, LAT, LON, MON, SZA, SST, SC, QF, and CF parameters can be obtained from the 
official AIRS2RET v7.0 data products.

In order to perform the GBCorM modeling and testing, it is important to collocate satellite-based AIRS observa-
tions with GNSS, radiosonde, and ERA5 data in the spatial and temporal domains, that is, building input–output 
data pairs. In this research, we require the spatial distance between AIRS with GNSS, radiosonde, or ERA5 be as 
small as possible, with the distance not exceeding 100 km. Temporally, the observation time difference between 
AIRS with GNSS or ERA5 is required to be smaller than 30 min. The AIRS–radiosonde time difference has to 
be smaller than 1 hr.

In the model training procedure, a total of 1,016,438 AIRS–GNSS data pairs and 16,534 AIRS–radiosonde 
data pairs were spatiotemporally matched in 2017–2019. The parameters of the GBCorM were optimized based 
on the 5-fold cross validation approach. With this 5-fold cross validation method, the training datasets were 
randomly divided into five groups, where four of those groups were employed for model training and the remain-
ing one-fifth of data set was used for model testing. Then we applied the GBCorM model to correct AIRS IR 
global PWV products in 2020. The GBCorM-estimated AIRS IR PWV data were validated with global GNSS, 
radiosonde, and ERA5 PWV observations in 2020.
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4. Results and Discussion
In this study, three evaluation metrics, namely coefficient of determination (R 2), RMSE, and mean bias (MB), are 
utilized to assess the accuracy of AIRS IR PWV observations by conducting comparisons with reference PWV 
observations from GNSS, radiosonde, and ERA5. They are calculated as:

𝑅𝑅
2
=

⎡⎢⎢⎢⎢⎢⎣

𝑁𝑁∑
𝑖𝑖=1

(
𝑊𝑊𝑜𝑜 −𝑊𝑊 𝑜𝑜

)(
𝑊𝑊𝑟𝑟 −𝑊𝑊 𝑟𝑟

)

√
𝑁𝑁∑
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(
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)2(
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√√√√ 1

𝑁𝑁

𝑁𝑁∑
𝑖𝑖=1

(𝑊𝑊𝑜𝑜 −𝑊𝑊𝑟𝑟)
2 (3)

MB =
1

𝑁𝑁

𝑁𝑁∑
𝑖𝑖=1

(𝑊𝑊𝑜𝑜 −𝑊𝑊𝑟𝑟) (4)

where Wo is the PWV observations from AIRS IR, 𝐴𝐴 𝑊𝑊 𝑜𝑜 is the averaged PWV observations from AIRS IR, Wr is 
the reference PWV observations from GNSS, radiosonde, or ERA5, 𝐴𝐴 𝑊𝑊 𝑟𝑟 is the averaged reference PWV observa-
tions from GNSS, radiosonde, or ERA5, and N is the number of collocated AIRS–GNSS, AIRS–radiosonde, or 
AIRS–ERA5 data pairs used for validation.

In the validation procedure, the CF = 0 condition implies that the AIRS-measured IR water vapor data are retrieved 
under clear sky conditions, with cloud fraction equaling to 0. The CF = (0,1] condition implies that the cloud 
fraction indicator, associated with AIRS-derived IR PWV, is larger than 0 but not larger than 1. It suggests that the 
AIRS/Aqua IR water vapor products are measured in the existence of clouds, as the cloud fraction indicator is not 
equal to 0. The CF = [0,1] condition shows that the Aqua AIRS-retrieved IR water vapor products are observed 
under all weather conditions including both clear-sky (i.e., CF = 0) and cloudy-sky (i.e., CF = (0,1]) conditions.

Figure 2 shows the evaluation result between AIRS IR PWV and reference PWV from GNSS, radiosonde, and 
ERA5 in 2020. In clear sky conditions (CF = 0), the correlation R 2 of GBCorM-based AIRS IR PWV estimates 
was enhanced to 0.92 with respect to GNSS PWV, 0.93 with respect to radiosonde PWV, and 0.93 with respect to 
ERA5 PWV, which were better than the official AIRS IR PWV products (R 2 = 0.89, R 2 = 0.92, and R 2 = 0.92). 
Their RMSE has reduced by 26.16% from 3.02 to 2.23 mm for GNSS PWV comparison, 17.00% from 2.47 to 
2.05 mm for radiosonde PWV comparison, and 19.12% from 2.51 to 2.03 mm for ERA5 PWV comparison. The 
MB values were corrected to nearly 0 (MB = 0.01 mm, MB = −0.00 mm, and MB = −0.36 mm).

In the presence of clouds, that is, CF = (0,1], the GBCorM-estimated AIRS IR PWV data had a better agreement 
with reference PWV from GNSS, radiosonde, and ERA5 measurements. The RMSE was reduced by 21.08% 
from 4.27 to 3.37 mm when compared with GNSS PWV, 17.03% from 3.64 to 3.02 mm when compared with 
radiosonde PWV, and 18.00% from 3.50 to 2.87 mm when compared with ERA5 PWV. The R 2 and MB were 
0.92 and −0.12 mm when compared with GNSS PWV, 0.91 and −0.09 mm when compared with radiosonde 
PWV, and 0.93 and −0.12 mm when compared with ERA5 PWV. After the calibration by the GBCorM model, 
the PWV  accuracy in the presence of clouds was comparable with that of official AIRS IR PWV products in 
clear-sky conditions. This clearly illustrates the effectiveness of the GBCorM model.

In all-weather conditions (CF = [0,1]), taking the GNSS PWV as reference, the GBCorM-based AIRS IR PWV 
data showed a reduction in RMSE by 21.43% from 4.17 to 3.28 mm, with an increase in R 2 from 0.90 to 0.92 
and a reduction in MB reduced from 0.39 to −0.11 mm. When compared with radiosonde PWV observations, 
the GBCorM-estimated AIRS IR PWV result also showed an improved performance. The R 2 was increased from 
0.90 to 0.91, RMSE was reduced 17.28% from 3.53 to 2.92 mm, and MB was reduced from −0.83 to −0.08 mm. 
The RMSE between PWV from AIRS IR and ERA5 was reduced by 18.13% from 3.42 to 2.80 mm, with an 
improvement in R 2 from 0.92 to 0.94 and a reduction in MB from 0.15 to −0.10 mm.

In terms of RMSE reduction, the GBCorM showed a larger accuracy improvement on AIRS IR PWV measure-
ments compared with the DLAM developed in the recent work conducted by Chang et al. (2020). This can be 
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explained by two reasons: (a) our GBCorM model has considered various dependence parameters that are associ-
ated with the performance of AIRS IR PWV observations and can impact the accuracy of the AIRS IR PWV data, 
while the DLAM did not do so; (b) the GBCorM is developed based on in-situ high-quality PWV measurements 
while the DLAM was developed using the reanalysis-based PWV data.

In Figure  3a, at different CF levels (CF  =  0, CF  =  [0,1], and CF  =  [0,1]), the station-wise RMSE of 
GBCorM-based PWV result was found at most stations to be smaller than that of official AIRS IR PWV prod-
ucts, when compared with ground-based GNSS PWV observations. The performance of satellite-based IR PWV 
observations are easily affected in dry atmospheric conditions (Liu et al., 2017). After employing the GBCorM, 
the GNSS stations in high-latitude regions with dry atmospheric conditions tended to have larger station-wise 
RMSE reduction and higher accuracy improvement (see Figure 3a). This implies that the GBCorM can signif-
icantly improve the performance of AIRS IR PWV observations, especially in dry atmospheric conditions. 

Figure 2. Comparison of satellite-based AIRS IR PWV measurements with reference PWV measurements from (a) GNSS, 
(b) radiosonde, and (c) ERA5 worldwide in 2020, under cloud fraction CF = 0, CF = [0, 1], CF = [0, 1] conditions. In (a) to 
(c), the top row uses original AIRS IR PWV products that have not been calibrated by the GBCorM model; and the bottom 
row uses the new AIRS IR PWV that have been calibrated by the GBCorM model. The color bar shows the size of paired data 
points.
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Figure 3. Station-wise comparison of satellite-based AIRS IR PWV measurements with reference PWV measurements 
from (a) GNSS, (b) radiosonde, and (c) ERA5 worldwide in 2020, under cloud fraction CF = 0, CF = [0, 1], CF = [0, 1] 
conditions. In (a) to (c), the left column shows the station-wise RMSE of AIRS IR PWV, the middle column shows the 
station-wise RMSE of the new AIRS IR PWV calibrated by the GBCorM model, and the right column shows the station-wise 
percentage of RMSE reduction between the AIRS IR PWV and the new AIRS IR PWV calibrated by the GBCorM model.
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Figure 3b also shows that the GBCorM-estimated PWV result had smaller RMSE and improved the accuracy at 
most radiosonde stations under CF = 0, CF = [0,1], and CF = [0,1] conditions. The station-wise RMSE values 
between GBCorM-estimated PWV and ERA5 PWV were generally lower than the official AIRS IR PWV prod-
uct at most stations under CF = 0, CF = [0,1], and CF = [0,1] levels, illustrating an improved performance (see 
Figure 3c).

Figure  4 shows the comparison of monthly average PWV from GNSS, radiosonde, ERA5, AIRS IR, and 
GBCorM-calibrated result under CF = 0, CF = [0,1], and CF = [0,1] conditions. Compared with GNSS-observed 
reference PWV, the GBCorM-calibrated PWV result presented a monthly RMSE of 0.27 mm under CF = 0, 
0.23 mm under CF = [0,1], and 0.22 mm under CF = [0,1], better than the official AIRS-observed IR water 
vapor product (RMSE = 0.94, 0.36, and 0.41 mm, respectively). The monthly RMSE between PWV from AIRS 
and radiosonde instruments reduced from 0.66 to 0.39 mm, from 0.96 to 0.16 mm, and from 0.91 to 0.17 mm 
under CF = 0, CF = [0,1], and CF = [0,1] conditions, respectively. The monthly MB values were close to 0 after 
calibration by the GBCorM method. The GBCorM-estimated monthly mean PWV had a better agreement with 
reference ERA5 PWV than the official AIRS IR water vapor estimates. In general, the GBCorM-estimated PWV 
has a better agreement with the reference PWV (i.e., GNSS, radiosonde, or ERA5) in most months of 2020 under 
different cloud fraction levels (different CF values).

5. Conclusions
A GBCorM model is for the first time developed to improve the accuracy of PWV products under all-weather 
conditions from AIRS IR observations. The GBCorM model considers AIRS IR PWV, latitude, longitude, 
month, solar zenith angle, surface skin temperature, surface class, quality flag, and cloud fraction factors, which 
can affect the accuracy of AIRS IR PWV products. The ground-based global GNSS and radiosonde PWV data 
observed during 2017–2019 are employed for the construction and training of the GBCorM. The global PWV 
data from GNSS, radiosonde, and ERA5 in 2020 are utilized for validation process.

Figure 4. Comparison of monthly average PWV from satellite-based AIRS IR PWV measurements with reference PWV 
measurements from (a) GNSS, (b) radiosonde, and (c) ERA5 worldwide in 2020, under cloud fraction CF = 0, CF = [0, 1], 
CF = [0, 1] conditions.
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The GBCorM-based PWV estimates agree better with reference PWV observations from GNSS, radiosonde, 
and ERA5. Under CF = 0 (cloud-free sky) condition, their correlation R 2 are found to be 0.92 with GNSS PWV, 
0.93 with radiosonde PWV, and 0.93 with ERA5 PWV, which are higher than official AIRS IR PWV products 
(R 2 = 0.89, R 2 = 0.92, and R 2 = 0.92). The RMSE is reduced by 26.16% from 3.02 to 2.23 mm (GNSS PWV), 
by 17.00% from 2.47 to 2.05 mm (radiosonde PWV), and by 19.12% from 2.51 to 2.03 mm (ERA5 PWV). In 
the presence of clouds (CF = [0,1]), the GBCorM-estimated PWV result shows an R 2, RMSE, and MB of 0.92, 
3.37, and −0.12 mm with respect to GNSS PWV, 0.91, 3.02, and −0.09 mm with respect to radiosonde PWV, 
and 0.93, 2.87, and −0.12 mm with respect to ERA5 PWV. The GBCorM model reduces the RMSE of AIRS 
IR PWV by 21.08% from 4.27 to 3.37 mm when evaluated by GNSS PWV, by 17.03% from 3.64 to 3.02 mm 
when evaluated by radiosonde PWV, and by 18.00% from 3.50 to 2.87 mm when evaluated by ERA5 PWV. The 
GBCorM-estimated PWV result at CF = [0,1] level was comparable with official AIRS IR PWV products at 
CF = 0 level, showing the effectiveness of the GBCorM.

In all-weather conditions, namely CF = [0,1], the RMSE of AIRS IR PWV after calibration by the GBCorM 
model is reduced by 21.43% from 4.17 to 3.28 mm when evaluated by GNSS PWV, by 17.28% from 3.53 to 
2.92 mm when evaluated by radiosonde PWV, and by 18.13% from 3.42 to 2.80 mm when evaluated by ERA5 
PWV. The MB of official AIRS IR PWV products is reduced from 0.39 to −0.11 mm, from 0.83 to −0.08 mm, 
and from 0.15 to −0.10 mm after the calibration by the GBCorM model, when evaluated by GNSS, radiosonde, 
and ERA5 PWV, respectively. In high-latitude regions with dry atmospheric conditions, the GBCorM-based 
PWV estimates show larger station-wise RMSE reduction at all CF levels (CF  =  0, [0,1], and [0,1]), which 
implies that the GBCorM can enhance the all-weather accuracy of AIRS IR PWV products, especially in dry 
atmospheric conditions. The monthly average PWV result from the GBCorM model shows a better consistency 
with GNSS, radiosonde, and ERA5 reference PWV in most months of the year of 2020.

The improved AIRS-based water vapor data records offer a more valuable data source for climate and weather 
studies compared to the official AIRS PWV measurements. Additionally, the enhanced AIRS PWV estimates 
could be more advantageous to be employed in numerical weather prediction than ERA5 PWV. The AIRS-based 
PWV data have a much smaller latency than the ERA5 PWV data and they are more suitable for weather fore-
casting service. It should be mentioned that the collocated training data observations are much less in the oceanic 
region than in the land area, as very few GNSS and radiosonde stations are deployed in the ocean worldwide.

Data Availability Statement
All Aqua/AIRS L2 Standard Physical Retrieval (AIRS-only) V7.0 at GES DISC (AIRS2RET v7.0) data used for 
algorithm training and testing in the study are openly available and were acquired from the National Aeronautics 
and Space Administration website at https://airsl2.gesdisc.eosdis.nasa.gov/opendap/hyrax/Aqua_AIRS_Level2/
AIRS2RET.7.0/ (AIRS project, 2019). All GNSS data used for algorithm training and testing in the study are 
openly available and were acquired from the Nevada Geodetic Laboratory website at http://geodesy.unr.edu/
gps_timeseries/trop/ (Blewitt et al., 2018). All radiosonde data used for algorithm training and testing in the study 
are openly available and were acquired from the Integrated Radiosonde Archive Version 2 (IGAR2) website at 
https://www1.ncdc.noaa.gov/pub/data/igra/derived/derived-por/ (Durre et al., 2016). All ERA5 water vapor data 
used for algorithm testing in the study are openly available at https://cds.climate.copernicus.eu/cdsapp#!/dataset/
reanalysis-era5-single-levels?tab=form (Hersbach et al., 2020).
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