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All-Weather Retrieval of Total Column Water Vapor
From Aura OMI Visible Observations
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Abstract—Total column water vapor (TCWV), retrieved from
satellite remotely sensed measurements, plays a critically impor-
tant role in monitoring Earth’s weather and climate. The ozone
monitoring instrument (OMI) can obtain daily near-global TCWV
observations using the visible spectra. The observational accuracy
of OMI-estimated TCWV under cloudy-sky conditions is much
poorer than OMI-measured clear-sky TCWV. Satellite-based OMI-
derived TCWV data, observed with little cloud contamination, are
solely used, which, in general, are limited and discontinuous ob-
servations. We propose a practical machine learning-based TCWV
retrieval algorithm to derive TCWV over land from OMI visible
observations under all weather conditions, considering multiple
dependable factors linked with OMI TCWV and air mass factor.
The global TCWV data, observed from 6000 global navigation
satellite system (GNSS)-based training stations in 2017, are utilized
as the expected TCWV estimates in the algorithm training process.
The retrieval approach is validated in 2018–2020 across the world
using ground-based TCWV from additional 4,465 GNSS-based
verification stations and 783 radiosonde-based verification stations.
The newly retrieved TCWV estimates remarkably outperform
operational OMI-retrieved water vapor data, regardless of cloud
fraction and TCWV levels. In terms of root-mean-square error, it is
overall reduced by 90.44% from 56.38 to 5.39 mm and 90.19% from
53.23 to 5.22 mm compared with GNSS and radiosonde TCWV,
respectively. The retrieval algorithm stays stable, both temporally
and spatially. This research provides a valuable technique to pre-
cisely retrieve OMI-based TCWV data records under all weather
conditions, which could be applicable to other satellite-borne visible
sensors like GOME-2, SCIAMACHY, and TROPOMI.

Index Terms—Global navigation satellite system (GNSS),
machine learning, ozone monitoring instrument (OMI),
radiosonde, retrieval, total column water vapor, visible.

I. INTRODUCTION

TOTAL column water vapor (TCWV) is a crucial climatical
parameter that is associated with the hydrological cycle,

atmospheric circulation, and energy budget [1], [2], [3], [4]. It is
a common magnitude to quantify all the atmospheric water vapor
content that is enclosed in a vertical column of a cross-section
unit, which is also known as precipitable water vapor (PWV)
and integrated water vapor (IWV) [5], [6]. Atmospheric water
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vapor is considered highly varying in the spatial and tempo-
ral dimensions [7], [8], highlighting the importance of proper
spatiotemporal-resolution TCWV measurements.

TCWV can be measured from ground-based instruments,
e.g., radiosonde and global navigation satellite system (GNSS),
which are, in general, stationwise observations [9], [10]. Both
radiosonde-based and GNSS-based TCWV measurements are
utilized to validate other water vapor observations, which are
regarded as the truth of TCWV [11], [12], [13]. The ground-
based radiosonde only has one or two TCWV data records per
day because of the influence of weather conditions [12], while
the GNSS can monitor TCWV hourly without the limitation of
weather conditions [14]. GNSS-based TCWV observations are
also frequently employed as the expected water vapor estimates
in algorithm construction and development [15], [16], [17].

In addition, satellite-borne instruments are also utilized to gain
TCWV measurements due to the advance of remote sensing
[6], [18]. In contrast to ground-based stationwise water vapor
observations, satellite-based remotely sensed measurements of
TCWV, in general, are at a proper spatiotemporal resolution with
a local or even global coverage [19], which are advantageous to
be applied in atmospheric water vapor distribution monitoring
[20], [21], [22]. Satellite remotely sensed TCWV retrievals can
be derived from different spectra regions, such as 432–465
nm visible and 900–940 nm near-infrared. However, satellite-
sensed TCWV data have two limitations: 1) the accuracy is
low compared to ground-based observation techniques such as
radiosonde and GNSS [23], [24], [25], [26]; 2) the accuracy is
even degraded when measurements are made under cloudy-sky
conditions, particularly for TCWV retrievals from visible or
near-infrared channels [5], [11], [12], [27], [28].

The ozone monitoring instrument (OMI) is a spectrometer
sensor that operates on the Aura platform launched on 15 July
2004 [29], [30]. It has two ultraviolet channels and one visible
channel, with the spectra between 0.27 and 0.50 µm [29]. The
OMI sensor is developed based on the previous heritage of
the global ozone monitoring experiment (GOME) and the total
ozone mapping spectrometer (TOMS) [29]. The OMI/Aura can
provide TCWV estimates over land and ocean, which are derived
utilizing the visible blue measurements from 432.0 to 465.5 nm
[31]. In the operational OMI-based TCWV retrieval approach,
the slant column density (SCD) is initially estimated using a
non-linear spectral fitting of OMI-sensed radiance observations
[31], [32]. Then, the OMI-estimated SCD measurements are
converted into the vertical column density (VCD) through air
mass factor (AMF) [31], [32], [33].
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The differential optical absorption spectroscopy (DOAS)
approach [34], [35] has also been used to retrieve TCWV
from visible observations of multi-satellite sensors, such as
the GOME [36], GOME-2 [37], SCanning Imaging Absorption
spectroMeter for Atmospheric CartograpHY (SCIAMACHY)
[38], and TROPOspheric Monitoring Instrument (TROPOMI)
[39]. The primary difference between DOAS and OMI retrieval
approaches is that the OMI retrieval is fitted in the intensity
space, instead of the optical thickness space [32]. The key
step of both DOAS and OMI retrieval models is to determine
the conversion factor between SCD and VCD, namely AMF.
The calculation of AMF is based on look-up tables derived
using a radiative transfer model, which takes cloud fraction,
solar zenith angle, sensor zenith angle, relative azimuth angle,
surface pressure, cloud top pressure, and surface albedo into
consideration [31]. For cloudy-sky conditions, the AMF esti-
mation error can be 15% or more, which can bring notable
TCWV retrieval uncertainties in the presence of clouds [31],
[39]. It is thus recommended to use OMI-based TCWV data
records with little cloud contamination, as clouds can cause
significant TCWV errors [31]. Yet this will lead to limited and
discontinuous TCWV data records from the OMI sensor. The
retrieval performance of OMI/Aura TCWV is required to be
further enhanced for obtaining more good-quality water vapor
data observations, particularly for TCWV observations with
cloud contamination.

Various enhanced retrieval approaches have been proposed to
upgrade the quality of satellite-retrieved TCWV measurements
[40], [41], [42], [43]. To list some, Preusker et al. [42] proposed a
new water vapor retrieval approach to estimate day-time TCWV
observations over land from the Sentinel-3 satellites under clear
sky conditions. Comparisons between new TCWV with GNSS
TCWV had a better agreement, with a decrease in the root-mean-
square error (RMSE) from 2.23 to 1.35 mm in North America.
Artificial intelligence has improved our understanding of Earth
systems, including the atmosphere [44]. A new TCWV retrieval
method based on machine learning was proposed to obtain
an enhancement in the retrieval performance of TCWV esti-
mates from the moderate resolution imaging spectroradiometer
(MODIS), considering several factors associated with MODIS-
based water vapor [15], [45]. The retrieval approach reduced
the RMSE of operational MODIS-estimated all-sky TCWV data
measurements by above 50%, as the cloud-related parameter was
utilized in the retrieval model [45]. In addition, Wang et al. [46]
developed an improved retrieval algorithm for OMI visible data,
which exhibited an overall median of –0.8 mm and a standard
deviation of 5.7 mm against GNSS TCWV over land under rela-
tively clear-sky conditions. To our knowledge, little research has
been published on the improvement of the retrieval performance
of operational satellite-sensed visible TCWV estimates so far,
especially for cloudy-sky conditions.

Here, we propose a novel TCWV retrieval algorithm based
on light gradient boosting machine (LightGBM) to retrieve
TCWV estimates from OMI visible measurements of the Aura
spacecraft under all sky conditions, which takes into account
both clear- and cloudy-sky conditions. The retrieval approach
uses a machine learning model, i.e., LightGBM, to describe the

functional relationship between TCWV with OMI-based SCD
and several factors associated with OMI TCWV and AMF,
which is different from the conventional DOAS and OMI re-
trieval methods that utilize AMF based on look-up tables and
radiative transfer codes [31], [32], [47]. It is expected that this
study can bring an indication of improving the retrieval perfor-
mance of remotely sensed TCWV estimates from satellite-based
visible observations.

II. DATA AND PREPROCESSING

The OMI instrument of the Aura spacecraft can offer world-
wide TCWV measurements based on the visible blue spectra of
432.0 to 465.5 nm, which have a spatial resolution of 13 km x 24
km at nadir [31]. In this study, the recently released OMI TCWV
Version 4 data products were used, which are openly available
at the Aura Validation Data Center (AVDC) [31].

The operational OMI water vapor product consists of VCD
observations, which can be converted into TCWV based on 1023

molecules/cm2 = 29.89 mm [31]. The OMI-based SCD mea-
surements, employed in our retrieval algorithm, are recovered
based on VCD and AMF using the following equation [31]:

SCD = VCD · AMF. (1)

In addition, the TCWV measurements, obtained from world-
wide GNSS stations from the Nevada Geodetic Laboratory [48],
were used in this research, derived from GNSS-sensed observa-
tions based on Bevis et al. [14], [49]. The global radiosonde-
based observations, collected from the Integrated Radiosonde
Archive Version 2 [50], were also employed to generate refer-
ence TCWV based on Zhang et al. [51].

The worldwide TCWV observations, obtained from GNSS
and radiosonde sites, were utilized in algorithm development
and validation, with their distributions presented in Fig. 1. The
worldwide TCWV observations at 6000 GNSS training sites
in 2017, were used for the training of the retrieval method.
In the algorithm assessment process, the global ground-based
TCWV datasets during 2018–2020, collected from additional
4465 GNSS testing sites and 783 radiosonde sites, were utilized.

Although no strict criteria were applied in selecting the GNSS
stations for algorithm training and validation, the stations chosen
are globally distributed as evenly as possible. This strategy aims
to reduce potential biases in the training process, ensuring our
retrieval method achieves optimal performance. It also allows
for independent verification of the TCWV retrievals.

It is critically essential to spatiotemporally match satellite-
based OMI measurements with ground-based GNSS/radiosonde
observations, aiming to achieve the training and assessment of
the retrieval algorithm. In this study, the center of OMI pixels
must be closest to the location of GNSS or radiosonde sites,
and the distance between OMI with GNSS or radiosonde must
not exceed 10 km. The temporal difference between paired
OMI–GNSS data measurements must not exceed 30 min. The
discrepancy in time between OMI and radiosonde has to be
smaller than 1 h.
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Fig. 1. Worldwide distribution of 6000 GNSS stations used for algorithm training (blue circles), 4465 GNSS stations used for algorithm verification (magenta
circles), and 783 radiosonde stations used for algorithm verification (black triangles). (b)–(d) indicate their distributions in North America, Europe, and Japan,
respectively.

III. METHODOLOGY

A. Theoretical Basis

The observational performance of satellite TCWV data has
found in a strong correlation with various factors, including
geographical location, TCWV, cloud cover, solar zenith angle,
and seasonal variations [10], [26], [31]. As demonstrated in
the previous research [15], [16], the all-weather accuracy of
satellite-sensed TCWV data can be significantly improved by the
joint use of these influence parameters, along with satellite-based
measurements.

In addition, AMF plays a critically important role in the es-
timation of TCWV from satellite-sensed visible measurements,
which is influenced by several factors such as solar and viewing
angles, cloud properties, surface pressure, and albedo [31], [32].

Given their high correlation with TCWV and AMF, the lati-
tude, longitude, terrain height, month, cloud top pressure, cloud
fraction, solar zenith angle, viewing zenith angle, surface pres-
sure, and surface albedo are chose and utilized in the construction
of our retrieval approach.

The development of the retrieval algorithm leverages ground-
based TCWV data from GNSS observations, which are known
for their high reliability and accuracy in all sky conditions [52].
By combining GNSS-derived all-sky TCWV with a multitude
of input variables, the retrieval algorithm employs machine
learning to capture the atmospheric processes’ statistical rela-
tionships, enhancing the retrieval of TCWV data under varying
sky conditions.

This approach is grounded in the collective insights from
previous research [10], [15], [31], ensuring that the retrieval
approach effectively models the atmospheric state, thereby im-
proving the accuracy of satellite-derived TCWV estimates.

B. Algorithm Development

1) LightGBM: The LightGBM is a gradient boosting ma-
chine learning model, which is an up-to-date implementation of
the gradient boosting decision tree (GBDT) [53]. Both GBDT
and LightGBM are composed of numerous decision trees that
can be employed to solve the classification and regression issues.

It is challenging to achieve our retrieval algorithm using
conventional regression methods like linear or exponential func-
tions, as our retrieval method takes many variables into consid-
eration. Instead, a machine learning method, i.e., LightGBM, is
used, which is beneficial for addressing the complex multifactor
regression problem. Additionally, the LightGBM is an up-to-
date implementation method of the GBDT, which has proven
a good capability and effectiveness to improve the quality of
satellite TCWV estimates [15], [54], [55].

2) All-Sky TCWV Retrievals Using Satellite-Based Visible
Data: We develop a practical LightGBM-based TCWV retrieval
model to obtain an improvement in the retrieval quality of
all-weather TCWV estimates from OMI/Aura visible measure-
ments. The TCWV retrieval from satellite OMI visible measure-
ments is regarded as a regression problem relating TCWV with
OMI SCD and several dependence parameters.
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TABLE I
PHYSICAL DESCRIPTION OF INPUT ELEMENTS OF THE LIGHTGBM-BASED RETRIEVAL ALGORITHM

Fig. 2. Spatial-temporal number of collocated OMI and GNSS data in 2017 employed for the training of the newly proposed retrieval algorithm. The color bars
denote the number of data points.

The newly retrieved TCWV estimates, determined from OMI
visible observations based on LightGBM considering several
dependence parameters, can be defined as:

TCWV = LightGBM(SCD,LAT,LON,TH,MON,

× SZA,VZA,CF,CTP,SA,SP) (2)

where TCWV is the GNSS TCWV in the algorithm training
procedure or the new TCWV in the retrieval procedure; SCD
is the SCD from OMI visible measurements; LAT, LON, TH,
MON, SZA, VZA, CF, CTP, SA, and SP are corresponding
to latitude, longitude, terrain height, month, solar zenith angle,
sensor zenith angle, cloud fraction, cloud top pressure, surface
albedo, and surface pressure, respectively. All factors, used in
our retrieval algorithm, can be obtained from the operational
AVDC OMI TCWV Version 4 data products. Table I presents
the physical description of input elements utilized in our retrieval
model.

3) Training of the LightGBM-Based Retrieval Approach:
The ground-based TCWV data records, observed from 6000
GNSS stations in 2017, were utilized in the algorithm training
process. A total of spatiotemporally paired 461 829 OMI–GNSS
data measurements in 2017 were employed, with their spa-
tiotemporal distributions shown in Fig. 2.

Fig. 3 displays the general schematic of training and verifica-
tion of the newly proposed retrieval model. In this research, the
LightGBM-based retrieval model was configured to use GBDT
as its boosting type. The hyperparameters were set as follows:
the maximum number of leaves per tree ranged from 5 to 300,
increasing by 5 at each step; the maximum depth of the trees
varied from 1 to 30, with an increment of 1; and the number of
trees ranged from 5 to 1000, increasing by 5 at each step. All
other parameters of the LightGBM-based retrieval model were
set at their default settings. These hyperparameter settings were
based on previous studies [56], [57].

The training of the LightGBM was conducted using a 10-fold
cross-validation method. About 90% of the data was used for
the training of the retrieval method, while 10% of the data was
utilized for the testing of the retrieval model. The optimization of
the hyperparameters of the LightGBM was conducted based on
2017 training data, evaluated by using the RMSE of the testing
data. After the optimization procedure, the maximal tree leaves
and depth for base learners were determined as 200 and 10,
respectively, with the boosted-tree number of 415.

In the algorithm validation process, we applied the retrieval
model to generate new TCWV estimates from worldwide OMI
visible observations during the period from 2018 to 2020. The
performance of newly derived TCWV data was evaluated using
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Fig. 3. Overall flowchart of development and verification of the LightGBM-based retrieval algorithm for OMI/Aura visible measurements under all weather
conditions.

additional TCWV from ground-based GNSS and radiosonde
observations.

The contribution of each input element of the retrieval ap-
proach is listed in Fig. 4. The latitude (LAT), longitude (LON),
and solar zenith angle (SZA) significantly contribute to the
retrieval of OMI TCWV data. In contrast, the terrain height (TH),
month (MON), and surface albedo (SA) have the smaller impor-
tance to the retrieval of OMI TCWV data, compared to other
input parameters. All input parameters, contained in the retrieval
method, have contributed to retrieving TCWV estimates from
Aura OMI visible observations under all weather conditions.
That is, the performance of the retrieval algorithm with a subset
of input elements is inferior to that using all input elements.
This confirms the effectiveness of our retrieval methodology
using these input variables, demonstrating its practicality and
reliability.

C. Verification of the LightGBM-Based Retrieval Approach

The observational accuracy of newly derived TCWV observa-
tions was evaluated using ground-based TCWV measurements
from additional 4465 GNSS sites and 783 radiosonde sites

Fig. 4. Importance of input parameters of the LightGBM-based retrieval
method for OMI/Aura visible measurements under all weather conditions.

during 2018–2020. As presented in Fig. 1, these GNSS-based
verification stations differ from the 6000 GNSS-based training
stations used in 2017.
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Fig. 5. Worldwide assessment of satellite OMI-based TCWV with ground TCWV from GNSS and radiosonde in 2018 to 2020 under all weather conditions.
(a), (c), (e), and (g): scatter plots of OMI TCWV with ground TCWV from GNSS and radiosonde. (b), (d), (f), and (h): histograms of MB of OMI TCWV with
ground TCWV from GNSS and radiosonde. The top text, in the left column (a), (c), (e), and (g), indicates the percentage, RMSE, and MB of OMI–GNSS or
OMI–radiosonde data measurements for each 10 mm TCWV based on GNSS or radiosonde, respectively. The right-bottom text, in the left column (a), (c), (e), and
(g), indicates the general verification metrics for all OMI–GNSS or OMI–radiosonde data measurements. The color bars denote the number of data points.

Three verification factors, that is, R2, RMSE, and mean bias
(MB), were utilized
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where TCWVO is newly derived TCWV estimates from OMI
visible observations; TCWVO is the average of newly derived
TCWV estimates from OMI visible observations; TCWVR is
reference TCWV estimates from GNSS and radiosonde obser-
vations; TCWVR is the average of reference TCWV estimates
from GNSS and radiosonde observations; N is the number of
paired data measurements used in the algorithm verification
procedure.

IV. RESULTS

A. Overall Performance

Fig. 5 presents the global 2018–2020 validation result be-
tween OMI TCWV versus GNSS (radiosonde) TCWV under all
weather conditions. It is found that the new TCWV retrievals,
estimated based on our retrieval approach, significantly outper-
formed operational OMI-derived TCWV estimates, compared
to reference TCWV data from GNSS and radiosonde.

The R2 between OMI and GNSS was enhanced from 0.17 to
0.83, with a decrease in RMSE of 90.44% from 56.38 to 5.39
mm and a decrease in MB from 24.49 to –0.19 mm. Taking
radiosonde TCWV as reference, the new TCWV estimates pre-
sented an increase in R2 from 0.11 to 0.78, a decrease in RMSE of
90.19% from 53.23 to 5.22 mm, and a decrease in MB from 21.06
to –0.98 mm compared to operational OMI-retrieved TCWV
measurements. For paired OMI–GNSS and OMI–radiosonde
TCWV data measurements, the MB distribution of new OMI-
derived TCWV observations was more centered between –10
and 10 mm than operational OMI water vapor estimates.

At different TCWV levels, the newly retrieved TCWV data
records also performed much better than operational OMI
TCWV observations. In particular, the RMSE values of new
TCWV were 4.13 to 8.31 mm with GNSS TCWV and 4.17 to
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Fig. 6. Worldwide assessment of satellite OMI-based TCWV with ground TCWV from GNSS and radiosonde in 2018 to 2020 under cloud fraction [00.01),
[0.01, 0.05), [0.05, 0.34), and [0.34, 1] conditions. (a)–(c) R2, RMSE, and MB between OMI-based TCWV and GNSS-based TCWV. (d)–(f) R2, RMSE, and MB
between OMI-based TCWV and Radiosonde-based TCWV.

Fig. 7. Daily assessment of satellite OMI-based TCWV with ground TCWV
from GNSS and radiosonde in 2018 to 2020 under all weather conditions.

8.75 mm with radiosonde TCWV, which were much smaller than
operational TCWV observations (RMSE = 44.53–103.69 mm
and 38.25–92.19 mm, respectively). It should be mentioned that
both operational and new TCWV measurements exhibited a
decreased retrieval performance with the increment of TCWV.

This could be due to the amount of TCWV, which had a good
consistency with the previous study [26].

B. Cloudy Performance

The collocated OMI–GNSS and OMI–radiosonde data ob-
servations were also grouped into different cloud fraction lev-
els based on Platnick et al. [58]. The cloud fraction [00.01),
[0.01,0.05), [0.05,0.34), and [0.34,1] conditions indicate that
the Aura OMI-based TCWV data observations were retrieved
at the cloud fraction of 0 to 0.01 (i.e., confident clear), 0.01 to
0.05 (i.e., probably clear), 0.05 to 0.34 (i.e., probably cloudy),
and 0.34 to 1 (i.e., confident cloudy), respectively. When the
cloud fraction was between 0 and 1, namely [01], the OMI/Aura
TCWV data records are derived under both clear and cloudy sky
conditions, i.e., all weather.

It is measured in Fig. 6 that the newly derived TCWV data
records had higher correlation coefficient (R2), lower RMSE,
and smaller MB than operational OMI water vapor observations
at cloud fraction [00.01), [0.01,0.05), [0.05,0.34), and [0.34,1]
levels, when compared with GNSS and radiosonde TCWV
measurements. The LightGBM-retrieved TCWV estimates pre-
sented R2, RMSE, and MB of 0.74–0.87, 5.12–5.64 mm, and
–0.26–0.25 mm with GNSS-based reference TCWV, signifi-
cantly outperforming operational OMI TCWV retrievals (cor-
relation coefficient: 0.14–0.37; RMSE: 17.07–80.13 mm, and
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Fig. 8. Monthly assessment of satellite OMI-based TCWV with ground TCWV from GNSS and radiosonde in 2018 to 2020 under all weather conditions. The
left column (a), (c), (e), and (g) shows the monthly assessment between OMI-based TCWV and GNSS-based TCWV, while the right column (b), (d), (f), and (h)
shows the monthly assessment between OMI-based TCWV and radiosonde-based TCWV. The blue triangles illustrate the diminution in RMSE between new and
operational TCWV retrievals.

Fig. 9. Seasonal assessment of satellite OMI-based TCWV with ground
TCWV from GNSS and radiosonde in 2018 to 2020 under all weather conditions.

MB = 8.60–34.41 mm). Similarly, the R2 between TCWV from
OMI and radiosonde was enhanced to 0.68–0.82, with RMSE
and MB improved to 4.68–5.64 mm and –1.13—0.59 mm, after
the employment of the LightGBM-based retrieval approach.

Taking GNSS TCWV as reference, the RMSE of operational
TCWV retrievals dropped 68.95% from 17.07 to 5.30 mm,
72.75% from 19.63 to 5.35 mm, 84.58% from 36.58 to 5.64 mm,
and 93.61% from 80.13 to 5.12 mm under cloud fraction [00.01),
[0.01,0.05), [0.05,0.34), and [0.34,1] conditions, respectively. At
the same time, the new TCWV estimates presented a minimum
decrease in RMSE of 64.35% from 15.71 to 5.60 mm at the
cloud fraction [00.01) level and a maximum decrease in RMSE
of 93.68% from 74.04 to 4.68 mm at the cloud fraction [0.34,1]
level, compared to radiosonde-derived reference TCWV obser-
vations.

The RMSE of our TCWV retrievals consistently ranged from
5 to 6 mm across different cloud fraction conditions, demonstrat-
ing the robustness of our algorithm. In contrast, the RMSE values
for operational OMI TCWV retrievals varied widely from 15 mm
(cloud fraction [0, 0.01)) to 80 mm (cloud fraction [0.34, 1]).
The operational TCWV data showed significantly larger RMSE
values in higher cloud fraction conditions, while our TCWV
retrievals maintained relatively stable RMSE values between 5
and 6 mm. As a result, the reduction in RMSE between the
operational data and our TCWV data was more pronounced at
higher cloud fractions, demonstrating that our model achieves
larger RMSE reductions as cloud fractions increase.

It should be mentioned that our retrieval approach showed
minimal dependence on cloud fraction. This may be because our
method was developed based on machine learning using high-
accuracy all-weather TCWV data from GNSS observations. This
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model is capable of capturing the statistical relationships of
atmospheric processes in various sky conditions, improving the
retrieval of TCWV data in all sky conditions.

C. Temporal Performance

In Fig. 7, the daily averaged TCWV data, calculated using
our LightGBM-based retrieval algorithm, performed much bet-
ter than operational OMI TCWV data, when compared with
ground-based GNSS and radiosonde TCWV measurements. In
terms of RMSE, it was reduced by 94.87% from 25.15 to 1.29
mm against GNSS TCWV and by 91.23% from 23.82 to 2.09
mm against radiosonde TCWV.

We also listed in Fig. 8 the temporal monthly series assessment
of OMI TCWV versus GNSS (radiosonde) TCWV from 2018
to 2020 under cloud fraction [0, 1] conditions. The time-series
variation trend of new OMI-based monthly average TCWV had
a better consistency with that of monthly average TCWV from
GNSS and radiosonde instruments, compared to operational
OMI-retrieved monthly mean water vapor measurements.

The monthly correlation coefficient between new TCWV and
GNSS TCWV was enhanced to 0.73–0.85, which considerably
outperformed operational TCWV estimates (R2 = 0.04–0.29).
When compared with radiosonde-measured reference TCWV
data, the R2 of operational TCWV observations was improved
from 0.02–0.29 to 0.57–0.90, with the employment of the
LightGBM-based retrieval approach.

The newly retrieved TCWV estimates exhibited much smaller
monthly RMSE values than operational OMI/Aura TCWV re-
trievals, when compared to GNSS and radiosonde TCWV mea-
surements. In terms of the diminution in monthly RMSE, the
retrieval accuracy of OMI-derived TCWV estimates was im-
proved above 80% in almost all months of 2018–2020, denoting
the reliable and effective performance of our retrieval approach
in the temporal dimension.

The operational OMI-derived monthly TCWV data, in gen-
eral, overestimated the monthly mean TCWV values from
GNSS and radiosonde measurements, with monthly MB values
between 19.26 and 33.15 mm. After the use of the retrieval
approach, the monthly MB values between OMI and GNSS
(radiosonde) were –2.2–0.88 mm, namely the low magnitude of
the underestimation/overestimation of monthly TCWV values.

Additionally, our newly retrieved TCWV data had excellent
agreement with ground-based GNSS and radiosonde TCWV
data on a seasonal basis, with the results presented in Fig. 9. The
RMSE between OMI TCWV and GNSS TCWV decreased by
98.30% from 24.69 to 0.42 mm, after the use of the LightGBM-
based retrieval approach. When compared to radiosonde TCWV
data, there was a decrease in RMSE of 94.41% from 21.12 to
1.18 mm.

D. Spatial Performance

Fig. 10 shows the spatial distribution of TCWV from GNSS,
operational OMI water vapor data, and our newly developed
retrieval algorithm. Our TCWV data exhibited superior consis-
tency with GNSS-derived reference TCWV data, compared to
operational TCWV retrievals. This suggests that our algorithm is

Fig. 10. Spatial distribution of TCWV on 10 May 2020 in the west of the
United States, under all weather conditions. (a) GNSS. (b) Operational OMI
TCWV data. (c) Our new TCWV retrievals.

robust in retrieving TCWV from OMI measurements, although
it was developed using GNSS-sensed stationwise TCWV data.

The spatial stationwise assessment between OMI TCWV with
GNSS (radiosonde) TCWV during 2018–2020 across the globe
is displayed in Figs. 11 and 12. The newly retrieved TCWV
data records had smaller stationwise RMSE values at almost
all GNSS and radiosonde stations, compared with operational
Aura OMI-retrieved water vapor estimates. Particularly, the
new LightGBM-derived TCWV observations presented RMSE
below 10 mm or even smaller than 5 mm at almost all GNSS and
radiosonde sites, while stationwise RMSE values of operational
TCWV measurements were usually above 20 mm.

In addition, stationwise MB values of newly derived TCWV
data in most GNSS and radiosonde stations were found to be –5
to 5 mm, which were superior to operational OMI/Aura water
vapor data records that had overall stationwise MB values above
10 mm. In terms of RMSE and MB, the retrieval algorithm,
developed in this research, also performed better at almost all
GNSS-based and radiosonde-based testing locations, compared
with the operational OMI TCWV retrieval approach. This im-
plies that the newly proposed retrieval model is reliable and
effective in improving the retrieval performance of operational
OMI/Aura TCWV measurements in the spatial dimension.

V. DISCUSSION

A. Comparison Between This Work and Previous Studies

In our research, the LightGBM-retrieved all-weather TCWV
data records a better consistency with GNSS-measured refer-
ence TCWV observations (correlation coefficient: 0.83; RMSE:
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Fig. 11. Spatial assessment of satellite OMI-based TCWV with ground TCWV from GNSS and radiosonde in 2018 to 2020 under all weather conditions. The
left column (a), (c), (e), and (g) show the stationwise assessment between OMI-based TCWV and GNSS-based TCWV, while the right column (b), (d), (f), and (h)
show the stationwise assessment between OMI-based TCWV and radiosonde-based TCWV. The first, second, third, and fourth rows show the RMSE of operational
OMI TCWV estimates, RMSE of new OMI TCWV estimates, MB of operational OMI TCWV estimates, and MB of new OMI TCWV estimates, respectively.

5.07 mm; MB: –0.07 mm), compared with operational OMI-
retrieved TCWV data. The newly derived TCWV estimates
also agreed better with radiosonde-observed reference TCWV
data, with R2, RMSE, and MB of 0.78, 5.22, and –0.98 mm,
respectively.

In terms of RMSE, the observational accuracy of our newly
derived all-weather TCWV estimates is comparable to that
of common MODIS-derived operational clear-sky TCWV re-
trievals (RMSE = 4–6 mm) [12], [24], [27], illustrating
the capability and effectiveness of the LightGBM-based re-
trieval model. In addition, the performance of our LightGBM-
derived all-weather TCWV data is comparable to that of newly
calibrated MODIS-retrieved all-weather TCWV estimates listed
in Xu and Liu [54], which were much better than operational
MODIS-based all-sky TCWV retrievals with an RMSE above
10 mm [12], [27].

The recent research in Wang et al. [46] showed that the
improved land-region OMI TCWV retrievals, observed under

clear sky conditions, had an overall MB of −0.7 mm and a
standard deviation of 5.7 mm compared with GNSS TCWV data.
The observational performance of our newly derived all-weather
TCWV estimates is also comparable to that of OMI-derived
clear-sky TCWV retrievals in Wang et al. [46]. To our knowl-
edge, this study is the first to refine the retrieval accuracy of
TCWV from satellite remotely sensed visible observations under
all weather conditions, based on machine learning.

B. Spatiotemporal Stability of the Retrieval Algorithm

The verification datasets in 2018–2020 at GNSS-based and
radiosonde-based testing stations, are different from the training
datasets in 2017 at GNSS-based training stations, both spatially
and temporally. As a result, the performance of the retrieval algo-
rithm is verified independently in the spatial–temporal domain.

In the spatial dimension, the stationwise RMSE and MB dis-
crepancies between TCWV from OMI and GNSS (radiosonde)
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Fig. 12. Latitude-based RMSE and MB distributions of satellite OMI-based TCWV with ground TCWV from GNSS and radiosonde in 2018 to 2020 under
all weather conditions. The left column (a) and (c) shows the stationwise RMSE and MB between OMI-based TCWV and GNSS-based TCWV, while the right
column (b) and (d) shows the stationwise RMSE and MB between OMI-based TCWV and radiosonde-based TCWV.

were considerably reduced at almost all GNSS and radiosonde
locations after the employment of the newly proposed retrieval
approach, as the results presented in Figs. 11 and 12. That is, the
newly retrieved TCWV data records had smaller stationwise
RMSE and MB values than operational Aura OMI-retrieved
TCWV estimates. In particular, the new LightGBM-derived
TCWV observations presented the RMSE below 10 mm or even
smaller than 5 mm in most GNSS and radiosonde stations, while
operational OMI TCWV retrievals had an overall stationwise
RMSE above 20 mm.

At the same time, the newly retrieved TCWV estimates
performed better than operational OMI TCWV data in the
temporal dimension, with the results displayed in Fig. 8 and
Table II. Among almost all months of 2018–2020, the
LightGBM-retrieved TCWV estimates exhibited much lower
monthly RMSE and MB values than operational OMI/Aura
TCWV retrievals, when compared to GNSS and radiosonde
TCWV measurements. Annually, the new TCWV retrievals
presented a better consistency with ground-based TCWV from
GNSS and radiosonde data (i.e., higher R2, and lower RMSE
and MB), compared with operational TCWV estimates. In
particular, the annual RMSE values of operational TCWV re-
trievals, in general, were reduced by ∼90% under cloud fraction
[0, 1] conditions.

In terms of RMSE and MB, the retrieval algorithm, proposed
in this study, is capable and effective in improving the observa-
tional performance of operational OMI TCWV retrievals in the
spatial–temporal domain.

C. Limitation and Future Research

Although our newly proposed retrieval method has utilized
GNSS-based training stations located on oceanic islands, these
ocean-island GNSS stations are technically situated on “land”

regions. Therefore, our retrieval method is specifically applica-
ble to land areas, which also encompass areas on oceanic islands.
In future work, we will further explore extending our retrieval
model to oceanic areas, by training our retrieval method using
satellite-sensed microwave TCWV estimates over ocean. Such
an extension, utilizing microwave instrument measurements,
would be a valuable addition to our current model’s capabilities.

Limited GNSS and radiosonde data are available in regions
like Africa and Asia for algorithm training and verification.
Our future work will focus on refining the retrieval approach’s
performance in these areas with sparse GNSS and radiosonde
data. We will also validate its effectiveness in these regions to
ensure robust and reliable results. In addition, we plan to eval-
uate the performance of the retrieval algorithm under different
environmental conditions, even though the retrieval model has
already demonstrated a general capability for retrieving TCWV
from OMI visible observations across various environmental
conditions worldwide. The “row anomaly” of OMI measure-
ments could also have an influence on OMI TCWV retrievals.
Therefore, considering the OMI rows has the potential to fur-
ther improve the retrieval performance of OMI-based TCWV
estimates.

VI. CONCLUSION

We propose a novel LightGBM-based TCWV retrieval al-
gorithm to derive TCWV over land from OMI/Aura visible
measurements under all weather conditions, which considers
several factors in correlation with AMF and OMI-based TCWV.
It is the first time to establish the functional relationship between
TCWV with OMI SCD and multiple factors based on a machine
learning approach (i.e., LightGBM), which differs from the
previous DOAS and OMI retrieval approaches based on look-up
tables using a radiative transfer model.
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TABLE II
ANNUAL ASSESSMENT OF SATELLITE OMI-BASED TCWV WITH GROUND TCWV FROM GNSS AND RADIOSONDE IN 2018 TO 2020 UNDER CLOUD FRACTION

[00.01), [0.01, 0.05), [0.05, 0.34), [0.34, 1], AND [01] CONDITIONS
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The newly retrieved all-weather TCWV data records have R2

= 0.83, RMSE= 5.39 mm, and MB= –0.19 mm and R2 = 0.78,
RMSE= 5.22 mm, and MB= –0.98 mm compared to GNSS and
radiosonde TCWV, respectively, which considerably outperform
operational OMI-retrieved TCWV estimates that show R2 below
0.2, RMSE above 50 mm, MB above 20 mm. At different TCWV
and cloud fraction levels, the OMI-based TCWV estimates,
determined using our retrieval model, also perform better with
reference TCWV from GNSS and radiosonde, indicating the
effective and reliable performance of the retrieval algorithm.
The temporal monthly-series and spatial stationwise TCWV
discrepancies between paired OMI–GNSS and OMI–radiosonde
data observations, in general, are reduced after the employment
of the retrieval approach.

Overall, the retrieval algorithm offers an effective and reli-
able means to derive all-weather TCWV estimates from Aura
OMI visible measurements, which performs stably in the spa-
tiotemporal dimension. It can help obtain more good-quality
OMI-observed TCWV data records, without the use of filtering
criteria that are frequently employed in the previous research.
The newly proposed retrieval method has significant potential to
be applicable to other similar satellite-borne visible instruments,
such as GOME, GOME-2, SCIAMACHY, and TROPOMI.
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Prof. Liu was the recipient of the inaugural Early Career Award of the Hong
Kong Research Grants Council (RGC), Hong Kong, in 2012, and the inaugural
Best Conference Paper of the China Satellite Navigation Conference (CSNC),
China, in 2013. In 2014, he was nominated by the Hong Kong Observatory
for the World Meteorological Organization (WMO) “Norbert Gerbier-MUMM
International Award for 2015” for his paper that has developed a method to
evaluate the absolute accuracy of water vapor measurements.

https://dx.doi.org/10.1002/9780470027318.a0706
https://www.webofscience.com/wos/woscc/full-record/WOS:000452649403021
https://www.webofscience.com/wos/woscc/full-record/WOS:000452649403021


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


