
> TGRS-2020-00008< 1 

Abstract— A new algorithm of retrieving atmospheric water 

vapor from MODIS near-infrared (NIR) data by using a 

regression fitting method based on GPS-derived water vapor is 

developed in this work. The algorithm has been used to retrieve 

total column water vapor from MODIS satellites both Terra and 

Aqua under cloud-free conditions from solar radiation in the NIR 

channels. Water vapor data estimated from GPS observations 

recorded from 2003 to 2017 by the SuomiNet GPS network over 

the western North America are used as ground truth references. 

The GPS stations were classified into six subsets based on the 

surface types adopted from MCD12Q1 IGBP legend. The 

differences in surface types are considered in the regression fitting 

procedure, thus different regression functions are trained for 

different surface types. Thus, the wet bias in the operational 

MODIS water vapor products has been significantly reduced. 

Water vapor retrieved from each of the three absorption channels 

and the weighted water vapor of combined three absorption 

channels are analyzed. Validation shows that the weighted water 

vapor performs better than single-channel results. Compared to 

the MODIS/Terra water vapor products, the RMSE has been 

reduced by 50.78% to 2.229 mm using the two-channel ratio 

transmittance method and has been reduced by 53.06% to 2.126 

mm using the three-channel ratio transmittance method. 

Compared to the MODIS/Aqua water vapor products, the RMSE 

has been reduced by 45.54% to 2.423 mm using the two-channel 

ratio transmittance method and has been reduced by 45.34% to 

2.432 mm using the three-channel ratio transmittance method. 

Index Terms— MODIS, GPS, PWV, Land cover 

I. INTRODUCTION

Water vapor is one of the most important components of Earth’s 

atmosphere that influences many atmospheric processes, 

providing latent heat, affecting thermal structure of the 

atmosphere and the energy balance between surface and 

atmosphere [1]. It has a significant impact on the hydrological 

cycle [2], weather formation [3], and climate change [4]. Water 

vapor also influences the environment as it affects the size, 

composition, optical properties of aerosols [5]. For instance, 
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water vapor is an important contributor in moist intrusions in 

the arctic region which result in sea ice decline and climate 

warming [6]–[9]. Lee et al. [6] show that the increased water 

vapor in the Arctic leads to increased downward infrared 

radiation, which is responsible for the Arctic surface air 

temperature trend. Luo et al. [7] find that the water vapor in 

Barents and Kara Seas (BKS) plays a major role in the BKS 

warming and sea ice reduction. Yao et al. [8] proved that the 

water vapor content and lower tropospheric temperature control 

the downward IR channels, which in turn are coupled with 

surface air temperature. Screen et al. [9] suggest that with 

significant changes predicted in total column water vapor in the 

southern polar region, one would expect changes in the 

frequency of extreme cyclones.   

Moreover, water vapor is an effective parameter in 

calculating the land surface temperature using remote sensing 

technique [10]. It is essential for satellite measurements that use 

long-wavelength signals [11]–[13].  

Observation of the spatial and temporal variations of water 

vapor with high precision is crucial for studies of climate 

change and global warming [14]. As a consequence, the Global 

Climate Observation System (GCOS) declared the Essential 

Climate Variables (ECV) requirement on satellite-derived 

water vapor for climate observation be 5% measurement 

uncertainty and stability of 0.3% per decade [15]. 

Unfortunately, current water vapor observation techniques are 

usually a trade-off between accuracy, coverage, and the 

temporal extent [16]–[18]. For instance, the ground-based 

radiosonde provides a relatively long record of water vapor 

observation [19]. However, it only provides observation twice 

per day (at 0000 and 1200 UTC) or once daily, and the general 

inhomogeneity of radiosonde sensor types may introduce 

uncertainties in long-term climate trend retrieval [20]. Global 

Navigation Satellite Systems (GNSS) / Global Positioning 

Systems (GPS) [11] operate in continuous and almost all-

weather conditions with root-mean-squares error (RMSE) of 

1~2 mm [21]. The sun photometer observes water vapor 

through radiation attenuation with RMSE of 2.53 mm [22]. 

However, these ground-based observation methods do not 
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provide data either over the oceans or the unreachable land 

areas, thus they have limited spatial coverage.  

The space-based remote sensing observation is an 

effective way to observe water vapor at a global scale but with 

large uncertainty compared to ground-based approach [17], 

[18], [22]. Infrared (IR) observations could provide 

measurement in both daytime and nighttime. For example, the 

MOderate Resolution Imaging Spectroradiometer (MODIS) 

observes water vapor in the IR channels with RMSE of 6.02 

mm during daytime and 5.81 mm during nighttime compared 

against radiosonde [23]. IR water vapor product from Along-

Track Scanning Radiometer (ATSR) using Advanced Infra-Red 

Water Vapor Estimator (AIRWAVE) provide observation with 

RMSE of 4.69 mm against Special Sensor Microwave/Imager 

(SSM/I) and 6.13 mm against Analyzed Radio Sounding 

Archive (ARSA) [24]. The microwave (MW) is less affected by 

the cloud and can provide more information than traditional IR 

and Near-Infrared (NIR) retrieval schemes [25]. Observation 

from Advanced Microwave Scanning Radiometer – Earth 

Observing System (AMSR-E) of Aqua satellite has an RMSE 

around 3 mm [26], while the RMSE for AMSR-2 water vapor 

is 4.7 mm [25]. Water vapor estimated from combined 

radiances of IR and MW of Atmospheric Infrared Sounder 

(AIRS) showed a 5% error and a mean bias less than 2 mm [27]. 

However, the spatial resolution for IR and MW observation are 

coarser than NIR observation. NIR water vapor observations 

are more sensitive in the boundary layer where most of the 

atmospheric water vapor resides [28]. It provides water vapor 

product with spatial resolution of 1 ~ 5 km. The RMSE for 

MODIS NIR water vapor product is 5.48 mm against GPS 

observations [29]. The Medium Resolution Imaging 

Spectrometer (MERIS) of Envisat provides a NIR water vapor 

product with an RMSE of 1.22 mm against GPS [30]. The 

RMSE of the NIR water vapor product from POLarization and 

Directionality of the Earth’s Reflectances (POLDER) onboard 

of Advanced Earth Observing Satellite (ADEOS) is 3.1 mm 

[31]. Compared to other water vapor data such as those derived 

from GPS, further improvement of the water vapor accuracy 

from NIR observations is desired. 

The MODIS is the first space instrument that observes 

water vapor through both IR and NIR channels, covering 

spectral range between 0.4 and 14.4 µm. Five of the bands in 

the NIR region between 0.8 and 1.3 µm are used for water vapor 

retrieval with a nadir spatial resolution of 1 km [28]. The band 

2 (centered at 865 nm) and band 5 (centered at 1,240 nm) are 

window channels, which are hardly affected by water vapor. 

The band 17 (centered at 905 nm), band 18 (centered at 936 nm) 

and band 19 (centered at 940 nm) are water vapor absorption 

channels, as shown in Table 1.  

MODIS onboard the Terra satellite started to provide 

operational water vapor products (MOD05) with global 

coverage since 1999 and the other MODIS sensor onboard the 

Aqua satellite started to produce a similar product (MYD05) 

since 2002. Validation reveals that the conventional algorithm 

used by the MODIS satellites overestimates the water vapor and 

an uncertainty of around 20% is observed in the MOD05 and 

MYD05 products [29], [32], which cannot meet the 

requirement (5%) for climate research. Various algorithms to 

improve water vapor retrieval accuracy from MODIS NIR 

channels have been proposed by using forward model [32]–[35] 

and artificial neural network [36], [37]. Localized 

implementation was conducted through optimizing the 

coefficient of transmittance [38]. 

In this research, we adopted the regression fitting method 

and considered the land surface types while relating the water 

vapor to transmittance. This empirically determined approach 

uses a large number of high accuracy GPS water vapor 

observations to fit the real land surface scenario. This method 

is better than the conventional model-based simulations 

because the consideration of surface types reduces the 

uncertainty caused by the inhomogeneous surface 

characteristics.  

II. DATA 

Five sets of MODIS products collected during the period 

from 2003 to 2017 are utilized in this work, including surface 

reflectance observations (MOD02/MYD02), geolocation data 

(MOD03/MYD03), cloud mask product (MOD35/MYD35), 

level 2 NIR water vapor product (MOD05/MYD05) for 

comparative analysis, and level 3 land cover type product 

(MCD12Q1) for surface classification. Their characteristics are 

presented in Table 2. In addition, the description of GPS 

estimated water vapor data collected from 464 GPS sites in the 

SuomiNet GPS network is also included. 

Water vapor observation using ground-based GPS has 

been widely recognized as the reference data for validation 

purpose because of its high precision [11], [18], [27]. SuomiNet 

GPS data (http://www.suominet.ucar.edu/data.html) are closely 

related to the U.S. Weather Research Program (USWRP), the 

international Global Energy and Water Cycle Experiment 

(GEWEX) and the National Space Weather Program (NSWP). 

It provides continuous, all-weather, real-time observations on 

atmospheric water vapor with absolute error less than 2 mm 

[21]. Therefore, the hourly precipitable water vapor (PWV) 

data from the Continental United States (CONUS) sites within 

the SuomiNet GPS network were employed in this research. To 

reduce errors caused by the temporal discrepancies between 

GPS and remote sensing satellites, only water vapor data with 

a time difference less than 30 minutes were considered.  

The land cover type product (MCD12Q1) is used to flag 

the surface characteristics of each GPS station 

(https://doi.org/10.5067/MODIS/MCD12Q1.006). This 

product is a combined land cover result from MODIS Terra and 

Aqua satellites. It provides global maps of land cover at 500-

meter spatial resolution every year for six different land cover 

legends. The maps are created from MODIS Terra and Aqua 

reflectance using the supervised decision-tree classification 

method. Additional post-processing with prior knowledge and 

ancillary information were also used to further refine the 

classification results [39], [40]. We used the International 

Geosphere-Biosphere Programme (IGBP) legend, which was 

classified using the decision tree algorithm that ingested a full 

year of 8-day MODIS Nadir BRDF-Adjusted Reflectance. This 

scheme identifies 17 classes of land cover, including 11 natural 

vegetation classes, 3 human-altered classes, and 3 non-

vegetated classes. Based on this classification, we have 

classified the land surfaces of the GPS stations into 14 types, 

with 9 natural vegetation classes, 3 human-altered classes, and 
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2 non-vegetated classes. The distribution map of the GPS 

stations used in this research is shown in Figure 1.  

As the regression model is highly data-dependent, the 

selection of training data is crucial for the performance of model 

output. The NIR wavelength cannot penetrate cloud [41], [42]. 

Therefore, cloud mask data (MOD35/MYD35) are used as a 

quality control flag. Pixels flagged as confident clear are 

retained for further analysis. Additionally, since the change of 

surface type can interfere with the modeling, it is reasonable to 

use GPS stations with consistent surface types for the 

observation period (2003~2017) in the training process. 

Moreover, the bootstrap method is used to divide the collocated 

data pairs into independent training and testing subsets [43]. To 

be specific, the data pairs are firstly classified into six categories 

based on the surface types (Table 4) of the GPS stations. Data 

pairs from each category are then divided into independent 

training (around 70%) and testing subset using the bootstrap 

method. 

III. METHODOLOGY FOR MODIS NIR WATER VAPOR 

RETRIEVAL 

A. Physics Background 

Based on the theory of molecular physics, the reflectance 

of the earth atmosphere is affected by the aero-physical 

characteristics of the molecules, asymmetrical molecules like 

H2O could affect the transmission of solar radiation [44], [45]. 

Therefore, the water vapor amount can be derived as it has 

various absorption features in the solar and terrestrial spectrum. 

The spectral range of MODIS NIR bands is suited for daytime, 

cloud-free retrieval of water vapor.  

As shown in Figure 2, the solar radiation between 860 nm 

and 1,200 nm on the sun-surface-sensor path is subjected to 

water vapor absorption [46], [47]. The radiance at the sensor 

[45], [48] can be written as: 

𝐿𝑠𝑒𝑛𝑠𝑜𝑟(𝜆)

= 𝐿𝑃𝑎𝑡ℎ(𝜆) + [cos(𝜃𝑠) 𝐸0(𝜆) 𝜋⁄ ]𝑇(𝜆)𝜌(𝜆) 
（1） 

where 𝐿𝑠𝑒𝑛𝑠𝑜𝑟(𝜆)  represents the radiance at the sensor; 𝜆  is 

wavelength; 𝐿𝑃𝑎𝑡ℎ(𝜆) is the path scattered radiance; 𝜃𝑠  is the 

solar zenith angle; 𝐸0(𝜆) is the extra-terrestrial solar flux; 𝑇(𝜆) 

is the total atmospheric transmittance; and 𝜌(𝜆) is the surface 

reflectance. 

If the scattering process from the photon path is neglected, 

the transmittance 𝑇 can be written as: 

 𝑇 = 𝑒𝑥𝑝(− 𝜏 𝜇⁄ ) （2） 

where 𝜏  is the optical depth and air mass 𝜇 = 1 cos(𝜃𝑠)⁄ , 

following the Beer-Lambert law [32]. The regression 

coefficients are derived by inverting results of the radiative 

transfer simulations and dependent on observation geometry.  

B. Model Development 

Atmospheric water vapor observation from remote 

sensing satellite is based on its relationship to the transmission 

in the spectral channel. Therefore, the most crucial step in the 

retrieval algorithm is to accurately describe this relationship. In 

this research, the regression fitting using least square curve 

fitting method is employed and the GPS water vapor are used 

as ground truth.  

1) Land cover classification  

The earth’s surface varies from location to location, with 

a variety of different surface types such as vegetation, water 

body, and soil. Water vapor observation over land is rather 

challenging because of the high heterogeneity of the surface 

characteristics. Before developing a new and more accurate 

water vapor retrieval model for MODIS NIR channels, the 

current water vapor MODIS product is examined against 

collocated GPS water vapor observations. A total of 81,374 

pairs of data points from MODIS/Terra and 75,470 pairs from 

MODIS/Aqua are obtained in this research. The surface types 

of GPS stations used for the estimation of water vapor data, 

which are treated as reference value in the evaluation, are 

classified into 14 categories according to the MCD12Q1 IGBP 

legend. The validation results are listed in Table 3. It shows that 

the current MODIS NIR water vapor product tends to 

overestimate the water vapor value in most occasions, as the 

‘slope’ for most of the data is larger than 1, and the ‘offset’ is a 

positive value in most cases. The RMSE of MODIS NIR water 

vapor product compared to GPS-estimated water vapor varies 

from 2.573 mm to 5.726 mm for Terra satellite, and from 2.472 

mm to 6.379 mm for Aqua satellite. It clearly shows that the 

accuracy of the current MODIS NIR water vapor product is 

affected by their surface types. Thus the surface types should 

be considered in the process of developing a water vapor 

retrieval model.  

A diagram of the nested classifications of land cover types 

of MCD12Q1 is displayed in Figure 3. The hierarchical nature 

of the classification allows us to create new legends as there are 

overlaps in some definitions. In this research, we re-classified 

the surface types into six major categories based on the 

similarities in the surface hydrology and land use classification. 

They are (1) Urban and Built-up Lands; (2) Water Bodies; (3) 

Barren; (4) Forests (including Evergreen Needleleaf Forests, 

Delicious Broadleaf Forests, Mixed Forests); (5) Shrublands 

(including Closed Shrublands, Open Shrublands, Woody 

Savannas, Savannas), and (6) Meadows (including Grasslands, 

Croplands, Cropland/Natural Vegetation, Permanent 

Wetlands). 

The surface types of the GPS stations used in this research 

are classified into six categories. For each category, the 

collocated data points are further divided into independent 

training and testing datasets using bootstrap resampling 

method. To reduce the random sampling error and consider the 

quantity and variability of the subsets, about 70% of the data in 

each subset are used as training data in the model development 

procedure and the rest are used as testing data in the validation 

procedure. The details of the classification on the collocated 

datapoints of GPS and MODIS observations are listed in Table 

4.  

2) Transmittance  

Solar radiation between 860 nm and 1,240 nm on the 

optical path (sun-surface-sensor) is subjected to atmospheric 

water vapor absorption, atmospheric aerosol scattering, and 

surface reflectance [28], [48]. Observation of transmittance is 

one of the most important steps in water vapor retrieval. 

However, water vapor transmittance cannot be observed 

directly. Instead, it is calculated from the ratio of surface 

reflectance between two or three channels using a differential 

absorption technique [48]. Because for most surface types the 
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reflectance varies linearly with wavelength, the ratio will 

partially eliminate the impact of surface reflectance and is 

approximately equal to the atmospheric water vapor 

transmittance [28].  

For homogeneous surfaces, the two-channel ratio method, 

which is defined in Eq. (3) as the ratio of the absorption channel 

to one window channel, is employed to calculate the 

transmittance. The transmittances of the three absorption 

channels (band 17, band 18, and band 19) in MODIS are written 

as: 

 
𝑇𝑖 ≅

𝐿𝑖

𝐿2

 （3） 

where 𝑇𝑖  is the transmittance of band 𝑖 (𝑖 = 17, 18 and 19). The 

𝐿𝑖 is the reflectance of band 𝑖 and 𝐿2 is reflectance of window 

channel centered at 865 nm. 

For complex land surfaces with variable reflectance 

spectrum, more window channels are required to estimate the 

transmittance in the water vapor absorption channel. Hence, 

three-channel ratio method is employed to calculate the 

transmittance: 

 
𝑇𝑖 ≅

𝐿𝑖

(𝐶1𝐿2 + 𝐶2𝐿5)
 （4） 

where the coefficients 𝐶1 and 𝐶2 are prescribed as 0.8 and 0.2, 

respectively [42]. Here  𝐿2 and  𝐿5 (centered at 1,240 nm) are 

window channels. We assume that the transmittance around 1 

µm remains the same or it varies linearly [48]. 

3) Regression fitting  

The key step in this retrieval algorithm is to accurately 

model the relationship between water vapor concentration and 

transmittance in the absorption channels. In the model 

development procedure, the high accuracy water vapor data 

obtained from GPS observations are used as the ground truth 

while the transmittance are calculated from the collocated 

MODIS absorption channels. For the absorption channels, the 

total atmospheric transmission decreases with the increase of 

water vapor on the sun-surface-sensor path [32], [48]. As 

displayed in Figure 4, band 18 is the strongest absorption band, 

with the largest decrease in the transmittance as the water vapor 

content increases. Band 17 is the weakest absorption band with 

the least variation in transmittance. Band 19 has a moderate 

transmittance. The regression model is based on the assumption 

that an exponential relation between the water vapor and 

transmittance exists. It reflects Lambert’s law for an idealized 

non-scattering atmosphere, unsaturated absorption, and 

monochromatic radiation [33]. It is worth mentioning that 

several outliers have been observed at three bands in Figure 4. 

It might be caused by mixed pixels, clouds, impact of hazy 

conditions, or being observed over dark surfaces [48]. To 

reduce the model error caused by these outliers, points with 

distance to the model larger than three standard deviations have 

been excluded in the model training.  

This exponential relationship for each channel could be 

perfectly described from an empirical correlation term written 

as: 

 𝑇𝑖 = 𝑎 exp (𝑏 𝑊𝑖
∗) + 𝑐 exp  (𝑑 𝑊𝑖

∗) （5） 

where 𝑇𝑖  is the transmittance from channel i; a, b, c and d are 

the coefficients determined from regression fitting; 𝑊𝑖
∗ is the 

water vapor content over its optical slant path. 

The training data of MODIS reflectance are observed at 

various solar zenith angle 𝜃0 and view zenith angle 𝜃, and the 

majority of the training data points are observed from off-nadir 

view due to the limitation in the location of GPS stations [48].  

Therefore, the total column water vapor (𝑊𝑖 ) in the vertical 

direction for channel i can be written as, considering the solar 

and observation geometry: 

 𝑊𝑖
∗ = 𝑊𝑖 (

1

cos 𝜃
+

1

cos 𝜃0

) （6） 

The sensitivity of each absorption channel is different 

depending on the condition of water vapor. Band 18 is sensitive 

to water vapor variation under low humidity conditions, while 

band 17 is more sensitive to water vapor under more humid 

condition. Therefore, the weighted water vapor value from the 

three bands is expected to have a better performance than the 

observation from a single absorption channel: 

 𝑊 = 𝑓1𝑊17 + 𝑓2𝑊18 + 𝑓3𝑊19 （7） 

where 𝑊17, 𝑊18 and 𝑊19 are water vapor calculated from band 

17, band 18, and band 19, respectively. The 𝑓1, 𝑓2 and 𝑓3 are 

normalized corresponding weighting parameters, calculating 

from: 

 𝑓𝑖 =
𝜂𝑖

𝜂1 + 𝜂2 + 𝜂3

 （8） 

where 𝜂𝑖  (i=1, 2, and 3) represents the sensitivity of 

transmittance in the absorption band i. And 𝜂𝑖 is defined as: 

 
𝜂𝑖 = |

𝑑𝑇𝑤

𝑑𝑊𝑖

| （9） 

An example of the regression fitting results is displayed in 

Figure 5. Figure 5(a) shows the transmittance of two-channel 

ratio (absorption channel / window channel) as a function of 

total column water vapor in the optical sun-surface-sensor path. 

Figure 5(b) shows the dependence of 𝑓i  on the total column 

water vapor for the three channels. 

IV. VALIDATION AND DISCUSSION 

The above algorithm has been applied to independent 

testing dataset for validation purpose. Water vapor data 

calculated from each absorption channel and the weighted 

water vapor value of the three channels are discussed. The 

performance of these empirically determined datasets are 

evaluated by high precision GPS observation in terms of 

coefficient of determination (R2), mean bias (MB), and root 

mean squares error (RMSE). The metrics are defined as: 

𝑅2 =

[
 
 
 ∑ (𝑃𝑊𝑉𝑅𝑖

− 𝑃𝑊𝑉̅̅ ̅̅ ̅̅
𝑅̅)(𝑃𝑊𝑉𝑂𝑖

− 𝑃𝑊𝑉̅̅ ̅̅ ̅̅
𝑂̅)𝑛

𝑖=1

√∑ (𝑃𝑊𝑉𝑅𝑖
− 𝑃𝑊𝑉̅̅ ̅̅ ̅̅

𝑅̅)
2
(𝑃𝑊𝑉𝑂𝑖

− 𝑃𝑊𝑉̅̅ ̅̅ ̅̅
𝑂̅)

2𝑛
𝑖=1 ]

 
 
 
2

 (10) 

𝑀𝐵 =
1

𝑛
∑(𝑃𝑊𝑉𝑅𝑖

− 𝑃𝑊𝑉𝑂𝑖
)

𝑛

𝑖=1

 (11) 

𝑅𝑀𝑆𝐸 = √
∑ (𝑃𝑊𝑉𝑅𝑖

− 𝑃𝑊𝑉𝑂𝑖
)
2𝑛

𝑖=1

𝑛
 (12) 
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where the 𝑃𝑊𝑉𝑅𝑖
 represents the independent, reference water 

vapor data observed from GPS; 𝑃𝑊𝑉𝑅
̅̅ ̅̅ ̅̅ ̅̅  is the mean value of 

GPS PWV; 𝑃𝑊𝑉𝑂𝑖
 is the water vapor retrieved from MODIS 

NIR channels. 

A. Single Channel Observation 

Firstly, the water vapor datasets calculated from single 

absorption channel using the new retrieval method are 

evaluated against independent GPS PWV. The validation 

results are summarized in Table 5. Both MB and RMSE have 

decreased. The retrieval accuracies from all the three absorption 

channels of MODIS have been improved. For MODIS/Terra 

satellite, band 18 has the best performance, with RMSE of 

2.262 mm and 2.231 mm for datasets using two-channel and 

three-channel ratio transmittance, respectively. For 

MODIS/Aqua satellite, band 19 performs the best, with RMSE 

of 2.455 mm for two-channel ratio transmittance and 2.438 mm 

for three-channel ratio transmittance. For both Terra and Aqua 

satellites, the water vapor retrieved from band 17 has the worst 

accuracy among the three channels. 

The validation results in Table 5 also suggest that in most 

occasions, water vapor results from each single absorption 

channel using three-channel ratio transmittance have better 

accuracy compared to the data using two-channel ratio 

transmittance, except the band 18 of Aqua satellite. 

B. Weighted Water Vapor Observation 

Previous studies showed that weighted water vapor 

observations from three absorption channels have better 

accuracy than those from single channel [41], [48]. Therefore, 

the weighted water vapor value of three absorption channel 

calculated based on their sensitivity to water vapor variation is 

also validated against GPS observation. The normalized 

frequencies of occurrence for the comparison of the MODIS 

operation product and the weighted water vapor value 

calculated from both two-channel and three channel ratio 

transmittance to the ground-based GPS PWV data are displayed 

in Figure 6. 

For MODIS/Terra satellite, the RMSE is 2.229 mm for 

two-channel ratio transmittance and is 2.126 mm for three-

channel ratio transmittance, respectively. For MODIS/Aqua 

satellite, the RMSE is 2.423 mm for two-channel ratio method 

and is 2.432 mm for three-channel ratio method. The results 

indicate that the weighted water vapor PWV estimated from 

three absorption channels using the new algorithm have better 

accuracy than PWV from each single absorption channel.  

The results show that the newly retrieved datasets have 

greatly reduced the wet bias that previously exists in the 

MODIS operational products. Compared to MODIS/Terra 

operational products, the RMSE reduction rate is 50.78% using 

two-channel ratio transmittance method and is 53.06% using 

three-channel ratio transmittance method. Compared to 

MODIS/Aqua operational products, the RMSE has been 

reduced by 45.54% and 45.34% using two-channel and three-

channel ratio transmittance methods, respectively. It can be 

seen that the new algorithm performs better for data derived 

from MODIS/Terra than data from MODIS/Aqua. 

The detailed validation results of the weighted water vapor 

for each one of the surface types are summarized in Table 6. 

The results further indicate that the water vapor data retrieved 

from the proposed new algorithm are robust and have improved 

accuracy for all types of land surface. For MODIS/Terra data, 

the RMSE is between 1.971 mm and 3.295 mm using two-

channel ratio transmittance, and is between 1.935 mm and 

3.748 mm using three-channel ratio transmittance. For 

MODIS/Aqua data, the RMSE is between 2.197 mm and 3.485 

mm using two-channel ratio transmittance, and is between 

2.243 mm and 4.021 mm using three-channel ratio 

transmittance. 

The retrieval over shrubland has the best accuracy among 

all surface types using the new algorithm. For MODIS/Terra 

data, the RMSE has been reduced to 1.971 mm and 1.935 mm 

using two-channel and three-channel ratio transmittance 

method, respectively. For MODIS/Aqua, the RMSE has been 

reduced to 2.197 mm and 2.243 mm using two-channel and 

three-channel ratio transmittance method, respectively.  

The retrieval over barren has the largest RMSE reduction 

rate for both MODIS/Terra and MODIS/Aqua satellites. For 

MODIS/Terra data, the RMSE has been reduced by 64.13% 

(from 5.843 mm to 2.096 mm) and 63.37% (from 5.843 mm to 

2.140 mm) using two-channel and three-channel ratio 

transmittance, respectively. For MODIS/Aqua data, the RMSE 

has been reduced by 61.55% (from 5.904 mm to 2.270 mm) and 

59.55% (from 5.904 mm to 2.388 mm) using two-channel and 

three-channel ratio transmittance, respectively.  

It is also worth mentioning that the performance of water 

vapor retrieval over water bodies remain problematic. Only 

limited RMSE reduction is observed using the two-channel 

ratio transmittance method. When using the three-channel ratio 

method, the RMSE values are even getting larger. This is 

probably because the water bodies sometimes act as black 

surfaces that affect the signal of absorption channels. Therefore 

larger uncertainty in atmospheric scattering over water bodies 

is resulted [49].  

V. CONCLUSION 

Atmospheric water vapor can be retrieved from remote 

sensing satellites with the observation of transmittance in the 

NIR channels. The conventional water vapor retrieval 

algorithm uses radiative transfer model to simulate the 

relationship with simplified assumptions and pre-calculated 

atmospheric information. A systematic overestimation of water 

vapor value has been observed when compared to high accuracy 

ground-based water vapor measurements.  

A new empirical regression algorithm is proposed in this 

research taking the land surface type into consideration. The 

new algorithm takes advantage of the high precision water 

vapor data estimated from GPS to derive empirical regression 

function. A large amount of GPS water vapor data collected 

over a period of 15 years from the western North America are 

employed in the model training process. The MODIS land 

cover product (MCD12Q1, IGBP Legend) is used for land 

surface type classification.  

Retrievals from single absorption channel and the 

weighted water vapor data from three absorption channels have 

been discussed for MODIS both Terra and Aqua satellites using 

the new algorithm. For water vapor retrieved from single 

absorption channel, the data calculated using three-channel 
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ratio transmittance method performs better than using two-

channel ratio transmittance in most scenarios. For the 

MODIS/Terra satellite, the channel 18 performs the best among 

three absorption channels. Its RMSE is 2.262 mm and 2.231 

mm using two-channel and three-channel ratio transmittance 

method, respectively. For the MODIS/Aqua satellite, the 

channel 19 performs the best with RMSE of 2.455 mm and 

2.438 mm using the two-channel and three-channel ratio 

transmittance method, respectively. On the other hand, channel 

17 has the worst accuracy among the three channels for both 

satellites.  

The weighted water vapor, which is a weighted 

combination of the water vapor calculated from three 

absorption channels, further improves the retrieval accuracy. 

For MODIS/Terra satellite, the RMSE has been reduced by 

50.78% to 2.229 mm using two-channel ratio transmittance 

method and been reduced by 53.06% to 2.126 mm using three-

channel ratio transmittance method. For MODIS/Aqua satellite, 

the RMSE has been reduced by 45.54% to 2.423 mm using two-

channel ratio transmittance method and been reduced by 

45.34% to 2.432 mm using three-channel ratio transmittance 

method.  

In terms of land surface type, the water vapor data 

retrieved from shrublands have the highest accuracy among all 

surface types using the new algorithm. For MODIS/Terra, the 

RMSE is 1.971 mm and 1.935 mm for data using two-channel 

and three-channel ratio transmittance method, respectively. For 

MODIS/Aqua, the RMSE is 2.197 mm and 2.243 mm for data 

using two-channel and three-channel ratio transmittance 

method, respectively. 

In summary, the new algorithm proposed in this work has 

significantly improved the water vapor retrieval accuracy of 

MODIS NIR channels under cloud-free conditions. It reduces 

the wet bias for most occasions. However, water vapor retrieval 

over water bodies remains problematic because of the larger 

uncertainties of atmospheric scattering. Further investigation 

for this surface type is needed. 
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