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ABSTRACT

Long-term trends in precipitable water (PW) are an important component of climate change assessments for

the Tibetan Plateau (TP). PW products from Moderate Resolution Imaging Spectroradiometer (MODIS) are

able to provide good spatial coverage of PW over the TP but limited in time coverage, while the meteorological

stations in the TP can estimate long-term PW but unevenly distributed. To detect the decadal trend in PW over

the TP, Bayesian inference theory is used to construct long-term and spatially continuous PW data for the TP

based on the station and MODIS observations. The prior information on the monthly-mean PW from MODIS

and the 63 stations over the TP for 2000–06 is used to get the posterior probability knowledge that is utilized to

build a Bayesian estimation model. This model is then operated to estimate continuous monthly-mean PW for

1970–2011 and its performance is evaluated using themonthlyMODISPWanomalies (2007–11) and annualGPS

PW anomalies (1995–2011), with RMSEs below 0.65mm, to demonstrate that the model estimation can re-

produce the PW variability over the TP in both space and time. Annual PW series show a significant increasing

trend of 0.19mmdecade21 for the TPduring the 42 years. Themost significant PW increase of 0.47mmdecade21

occurs for 1986–99 and an insignificant decrease occurs for 2000–11. From the comparison of the PW data from

JRA-55, ERA-40, ERA-Interim, MERRA, NCEP-2, and ISCCP, it is found that none of them are able to show

the actual long-term trends and variability in PW for the TP as the Bayesian estimation.

1. Introduction

Atmospheric water vapor is the most abundant green-

house gas andplays a crucial radiative role in the global and

regional climate system (Dessler et al. 2008; Solomon

et al. 2010). Precipitable water (PW), as the measure of

the depth of water in a column of the atmosphere if

all the moisture were precipitated as rain, is important
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for climate analysis of energy budgets and hydrological

cycles (Trenberth et al. 2009, 2011). The climatology

(e.g., long-term monthly mean) of PW not only serves

by itself as a sensitive indicator of deficiencies in the

transport of water bymoist convective schemes inmodels

(Starr and Melfi 1990) but also could be used as a test of

the models simulation of the quasi-equilibrium behavior

of the atmosphere (Gao et al. 2006; Neelin et al. 2008).

Furthermore, incorporation of this information into as-

similation of regional climate model might also provide

a basis for improved analysis of moisture fields and hy-

drologic processes (Kuo et al. 1993; Filiberti et al. 1994;

Seko et al. 2011).

For the Tibetan Plateau (TP), the long-term PW can be

used to describe and diagnose the climate change, by ex-

ploring the relationwith solar radiation (Yang et al. 2012),

surface heating (Yang et al. 2004), downstream floods and

droughts (Xu et al. 2008), and rainfall patterns (Zhou and

Yu 2005). Increasing PW trends of 3%–6%decade21 are

found for the TP from 1970 to 1990 (Zhai and Eskridge

1997). Using the PWproducts from International Satellite

Cloud Climatology Project (ISCCP), Zhang et al. (2013)

investigate the relationship between PWand precipitation

over the TP and find that PW in the 680–310-hPa layer of

the atmosphere has increased significantly since the 1990s,

with an upward trend of 6.45 cmdecade21. Based on the

satellite and reanalysis data, Lu et al. (2015) find that the

PW trend for the integral over the TP from 2000 to 2010 is

small and statistically insignificant. Meanwhile, significant

increasing trends are found in the eastern and western TP

with decreasing trends in the middle, which are affected

by the regional warming and the large-scale atmospheric

circulation. Therefore, trends and variations in PW are an

integral part of the changes occurring in the TP’s climate

system. Detection of long-term trend in PW has been

recognized as an important component of climate change

assessments for the TP.

Datasets for analyzing long-term (a decade andmore)

changes in the PW over the TP consist of radiosonde,

global positioning system (GPS), and satellite mea-

surements; meteorological analyses based on station

temperature–humidity observations; and reanalysis

products based on assimilating observations using

a general circulation model. Each of these contains

varying degrees of insufficiencies that influence the in-

terpretation and significance of PW trends. For instance,

the insufficiency related to the ground measurements,

such as radiosonde, GPS, and meteorological stations, is

their spatial limitation; the insufficiency of satellite ob-

servations is limited to the temporal coverage; and the

insufficiency of reanalysis data for the TP is the suit-

ability for charactering long-term trends in PW because

no other independent PW data are available for the TP.

Spatial representation of the station observations is

a major concern of the long-term PW trend detection for

the TP. There are approximately nine routine radiosonde

stations over the vast TP (Zhai and Eskridge 1997). To

extend the long-term PW data at more stations, previous

studies have developed some empirical expressions to

estimate PW using the station temperature–humidity

observations, such as surface dewpoint (Reitan 1963;

Smith 1966), air temperature, and relative humidity

(Yang et al. 2006). Nevertheless, its spatial distribution is

still limited over the TP. There are 63 meteorological

stations with relatively long-term temperature–humidity

records (starting in 1970) in the TP at present. The spatial

distribution of these meteorological stations is especially

uneven and heterogeneous (Fig. 1). Most stations are

distributed in the eastern TP; only two stations are de-

ployed in the western TP. Apparently, using the linear

mean of these station observations simply to show the

PW variations for the entire TP is impractical and prone

to problems.

Satellite observations provide a feasible means to re-

trieve the PW distribution for the TP. Current water vapor

products from satellites, such as Moderate Resolution

Imaging Spectroradiometer (MODIS) near-infrared mea-

surements, are able to represent the spatial and temporal

variation of PWover the TP (Gao andKaufman 2003;Gao

et al. 2003). Lu et al. (2011) have used GPS PW measure-

ments to evaluate the MODIS PW over the TP. The

evaluation shows monthly PW variations over the TP can

be observed accurately from MODIS. However, the tem-

poral coverage of the MODIS data is limited (starting in

2000), not long enough to resolve the decadal trends and

variability in the PW over the TP.

The suitability of reanalysis products, such as the 40-yr

ECMWF Re-Analysis (ERA-40) or the ECMWF In-

terimRe-Analysis (ERA-Interim), for charactering long-

term trends in climate variables has been still in debate

(Thorne and Vose 2010; Dee et al. 2011). Simmons et al.

(2010) show that surface temperature and humidity

trends from ERA-40 and ERA-Interim are in excellent

agreement with estimates obtained from climatological

land station data, at the locations where such data are

available. Additionally, the reanalyses provide observa-

tionally constrained values over other poorly observed land

areas (Dee et al. 2011) (e.g., the TP). However, there re-

mains the question whether these reanalysis products are

able to detect the long-term trend in PW over the TP be-

cause there are no other independent long-term PW data

available for now to validate the reanalyses for the TP.

To facilitate the detection of long-term trend in PW

over the TP, we use Bayesian inference theory to

construct a long-term (1970–2011) and spatially con-

tinuous PW dataset for the TP based on the station
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temperature–humidity and MODIS PW observations.

PW estimated from station temperature–humidity ob-

servations reveal the long-term variations in the atmo-

spheric water vapor. MODIS observations provide the

distribution patterns of PW over the TP are treated as the

prior knowledge. The two kinds of information are com-

bined to build a Bayesian estimation model, estimating

the long-term PW data for the TP. Therefore, this esti-

mated long-term PWdata can be regarded as theMODIS

PW observations extended to pre-MODIS periods driven

by the station observations. The long-term trends and

variability in the PW for the TP are detected based on this

estimated PW data, which are then compared with

PW products from Japanese 55-year Reanalysis (JRA-

55), ERA-40, ERA-Interim, Modern-Era Retrospective

Analysis for Research and Applications (MERRA),

NCEP–DOE Reanalysis-2 (NCEP-2), and ISCCP.

The PW data, including the MODIS, GPS, and mete-

orological station observations are presented in section 2.

The method description of the Bayesian estimation

model is detailed in section 3. The estimated long-term

PW results are validated and compared with reanalysis

and satellite data in section 4, and a summary is presented

in section 5.

2. Data

There are three kinds of monthly-mean PW data

used for modeling and validation in this study. The first

one is the PW at each meteorological station estimated

from the station long-term temperature–humidity

observations. The second kind of PW data is from

MODIS satellite observations for the study area

258–458N, 658–1058E. The third kind of PW data is from

GPSmeasurements. The station PWestimations and part

of MODIS PW are used to build the Bayesian estimation

model and produce the long-term (1970–2011) and spa-

tially continuous PW data for the TP. The other parts of

MODIS PW and GPS-measured PW data are used for

validation of the Bayesian estimation of PW.

a. PW at meteorological stations

The monthly-mean surface relative humidity and air

temperature for 1970–2011 (42 yr) at the 63 meteoro-

logical stations over the TP are obtained from the China

Meteorological Administration. The geographic loca-

tions of these stations are illustrated in Fig. 1 and listed

in Table 1. All the stations provide full records without

missing values. Monthly-mean PW at each station are

empirically estimated (Yang et al. 2006) using

PW5 0:042rh � T21
air exp(26:232 5416T21

air ) , (1)

where rh is the surface relative humidity (%) and Tair is

the 2-m air temperature (K). Equation (1) was locally

parameterized, in which the coefficients have been cali-

brated by hundreds of PW samples from sounding profiles

over theTP.Equation (1) has been tested to comparewith

the proposed parameterization with regard to surface

dewpoint by Reitan (1963) and Smith (1966). They all

show remarkably consistent PW estimation over the TP.

FIG. 1. Locations of the 63 meteorological stations used in the construction of long-term

precipitable water vapor over the Tibetan Plateau. The station locations are marked with red

solid dots. The green-filled rectangles denote the LHAZ, POL2, and SELE stations where

GPS-measured PW data are used for the validation. Superimposed on the bottom left is the

altitude distribution for these stations. The surface elevation is derived from the Shuttle Radar

Topography Mission with a 1-km resolution.
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Note that, although this estimation is not the actual

PW observation, it acts as good surrogate and reflects

the varied status of the atmospheric water vapor. In

section 3, the estimated PW from station temperature–

humidity observations will be combined with the

MODIS PW observations through the Bayesian in-

ference theory.

b. PW from satellite observations

For the satellite water vapor products, the monthly-

mean PW data for 2000–11 (12 yr) are derived from

MODIS collection-5 products (MOD05) for the area

258–458N, 658–1058E (the Himalayas and Tibetan

Plateau). The spatial resolution for the MODIS PW

data is 18 3 18. Since the method of PW information

fusion depends on the spatial distribution of MODIS

PW, the constructed long-term PW datasets for the

TP have the same spatial resolution as the MODIS

PW data. The first 7 yr of MODIS PW (2000–06),

along with the station-estimated PW over the same

period, are employed to build the Bayesian estimation

model. The remaining 5 yr of MODIS PW (2007–11)

are used to validate the Bayesian estimated PW grid

by grid.

c. PW from GPS measurements

TheGPSdata are obtained fromNCARglobal, 2-hourly

GPS PW dataset (Wang et al. 2007), which was derived

from ground-based GPS measurements of zenith path de-

lay using three different resources: the InternationalGlobal

Navigation Satellite Systems Service tropospheric prod-

ucts, U.S. SuomiNet products, and Japanese GPS Earth

Observation Network data. There are three stations

of GPS data [Almaty, Kazakhstan (SELE), Bishkek,

Kyrgyzstan (POL2), and Lhasa, China (LHAZ)] within

the study area, of which only one GPS station (LHAZ) is

on the TP. The locations of these GPS stations are shown

in Fig. 1 (green-filled rectangles) and listed in Table 2 with

date range for the records. Data records start in 1995

for the POL2 station and 1997 for the other two sta-

tions. To validate the monthly-mean PW from Bayes-

ian estimation, the 2-hourly GPS PW are averaged for

TABLE 1. The geographic locations of the 63 meteorological stations in the Tibetan Plateau.

WMO station code Lat (8N) Lon (8E) Elevation (m) WMO station code Lat (8N) Lon (8E) Elevation (m)

51804 37.8 75.2 3090.1 56038 33.0 98.1 4200.0

51886 38.3 90.9 2944.8 56046 33.8 99.7 3967.5

52602 38.8 93.3 2770.0 56065 34.7 101.6 3500.0

52645 38.4 99.6 3320.0 56067 33.4 101.5 3628.5

52657 38.2 100.3 2787.4 56074 34.0 102.1 3471.4

52713 37.9 95.4 3173.2 56079 33.6 103.0 3439.6

52737 37.4 97.4 2981.5 56080 35.0 102.9 2910.0

52754 37.3 100.1 3301.5 56106 31.9 93.8 4022.8

52765 37.4 101.6 2850.0 56116 31.4 95.6 3873.1

52818 36.4 94.9 2807.6 56125 32.2 96.5 3643.7

52825 36.4 96.4 2790.4 56137 31.2 97.2 3306.0

52836 36.3 98.1 3191.1 56144 31.8 98.6 3184.0

52856 36.3 100.6 2835.0 56146 31.6 100.0 3393.5

52868 36.0 101.4 2237.1 56151 32.9 100.8 3530.0

52908 35.2 93.1 4612.2 56152 32.3 100.3 3893.9

52943 35.6 100.0 3323.2 56167 31.0 101.1 2957.2

55228 32.5 80.1 4278.6 56172 31.9 102.2 2664.4

55279 31.4 90.0 4700.0 56173 32.8 102.6 3491.6

55294 32.4 91.1 4800.0 56178 31.0 102.4 2369.2

55299 31.5 92.1 4507.0 56182 32.7 103.6 2850.7

55493 30.5 91.1 4200.0 56202 30.7 93.3 4488.8

55578 29.3 88.9 3836.0 56247 30.0 99.1 2589.2

55591 29.7 91.1 3648.9 56251 30.9 100.3 3000.0

55598 29.3 91.8 3551.7 56312 29.7 94.3 2991.8

55655 28.2 86.0 3810.0 56357 29.1 100.3 3727.7

55680 28.9 89.6 4040.0 56374 30.1 102.0 2615.7

55690 28.0 92.0 4280.3 56434 28.7 97.5 2327.6

55696 28.4 92.5 3860.0 56444 28.5 98.9 3319.0

56004 34.2 92.4 4533.1 56462 29.0 101.5 2987.3

56021 34.1 95.8 4175.0 56533 27.8 98.7 1583.3

56029 33.0 97.0 3681.2 56543 27.8 99.7 3276.7

56034 33.8 97.1 4415.4
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eachmonth on the daily basis at each individual station.

Records with over 5% missing data during a day or

a month are not used.

3. Bayesian estimation model

As mentioned above, the spatial distribution of PW

over the TP can be obtained using theMODIS data. From

the perspective of Bayesian inference theory, these dis-

tribution patterns of PW are regarded as providing prior

knowledge that can be learned for giving the posterior

distribution over the weights for station observations. We

use Bayesian linear regression to build a Bayesian esti-

mation model for determining the weight vector for each

station. This model can estimate long-term and spatially

continuous PW over the TP by importing the station PW

estimations.

The common form of linear model is

y5Xb1 e , (2)

where y is anN3 1 vector of MODIS PW observations

(defined as PWmod) for one grid point, X is an N 3 M

matrix of PW estimated from station temperature–

humidity observations (defined as PWsta), N is the

number of MODIS PW observations at this grid point

(since 7 yr of monthly-mean MODIS PW are used in

the modeling, so N is 7 3 12 5 84), M is the number

of meteorological stations (M 5 63 in this case), b is

a 1 3 M vector of regression coefficient (i.e., weight

vector for stations), and e is an N 3 1 vector of in-

dependent and identical normally distributed random

errors [i.e., e ; Normal(0, s2)].

The ordinary least squares (OLS) regression is com-

monly used to estimate b by minimizing the cost func-

tion of the sum of the squares of residuals,

b̂5 (XTX)21XTy . (3)

The major issue in OLS regression is that it tends to

describe random noise instead of the underlying re-

lationship when the predictor variables are highly

correlated, leading to the overfitting issue (see Fig. 3).

It is especially true for this application because the PW

estimations of many stations in the eastern TP are

highly correlated.

To address this issue, Bayesian linear regression

introduces a prior probability distribution over the

model parameter b. To obtain the Bayesian solution,

the conditional likelihood is need to be specified

and appropriate conjugate prior as well. Given that

a zero-mean isotropic Gaussian prior such that

p(b ja) 5 G(b; 0, aI) (Gregory 2005) is conjugate to

the likelihood function, the posterior distribution of

b is also Gaussian, expressed as follows (Bishop

2006):

p(bjPWmod, a, s2)

5
p(PWmod jb, s2)p(bja)

p(PWmod ja, s2)
}G(b;m,S), (4)

with

m5s22S(PWsta)TPWmod and (5)

S5 [aI1s22(PWsta)TPWsta]21 , (6)

where p(�) is the probability density function, G(�) is

the Gaussian distribution, m is the posterior mean of

weight vector, S is the covariance matrix of weight

vector, I is the identity matrix, s2 is the Gaussian noise

variance, and a is the variance of weight vector (which

can be regarded as the regulation term for the weight

vector; Qin et al. 2013). In Eq. (4),m is regarded as the

Bayesian estimation for the weight vectorb. Therefore,

Eq. (2) becomes

y5Xm1 e . (7)

To solve for m, the parameters a and s2 have to be

solved at first. In this paper, these parameter values are

fitted using maximum likelihood estimation.

According to Eq. (4), the marginal likelihood function

(aka model evidence) is

p(PWmod ja,s2)5

ð
p(PWmod jb,s2)p(b ja) db

5 (2p)2M/2jCj21/2 exp

�
2
1

2
(PWmod)TC21PWmod

�
, (8)

TABLE 2. Information on GPS stations for the validation.

Station code Lat (8N) Lon (8E) Elevation (m) Time range

SELE 43.18 77.02 1384.10 1997–2011

POL2 42.68 74.69 1754.00 1995–2011

LHAZ 29.66 91.10 3656.60 1997–2011
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with

C5s2I1a21(PWsta)TPWsta . (9)

Using Eq. (8), we can then write the log of the mar-

ginal likelihood in the form

ln p(PWmod ja,s2)5
M

2
lna1

N

2
lns22

1

2
lnjS21j

2

�
N

n51

(PWmod
n 2mTPWsta

n )

2s2

2
amTm

2
2

N

2
ln(2p) . (10)

Consider the derivative with respect to a, and we have

d lnp(PWmod ja,s2)

da
5

M

2a
2

1

2
tr(S)2

mTm

2
. (11)

By setting the above derivative to zero, a can be ob-

tained by

a5
M

mTm1 tr(S)
. (12)

Similarly, setting d ln p(PWmod ja, s2)/ds2 5 0 gives

s2 5
N

�
N

n51

(PWmod
n 2mTPWsta

n )1 tr[(PWsta)TPWstaS]

,

(13)

where tr(�) is the trace of the matrix. Since the weight

vector b is marginalized out in Eq. (8), we can regard it

as a latent variable and then maximize this marginal

likelihood function with respect to parameters a and s2

using the expectation maximization (EM) algorithm.

The EM algorithm is an iterative method that alter-

nates between an expectation step and a maximization

step. First, random values for s2 and a are generated

from the gamma distribution to compute the expectation

of the log-likelihood during the expectation step. Second,

the expected parameters m and S (obtained in the ex-

pectation step) are introduced to the maximization step

for estimating the new values for s2 and a that maximize

the expected log-likelihood. Third, these new parameter

estimates are then used to compute the posterior values

for m and S in the next expectation step. Fourth, the

values for s2 and a are recomputed in the next maximi-

zation step. Finally, the procedure iterates the expecta-

tion and maximization steps until convergence. The

convergence rate of this method is fast; approximately

eight loops are enough.

Because the log-likelihood function may have multi-

ple local maxima (Chen and Martin 2009), the iterative

procedure in the EM algorithm, in some cases, does not

guarantee the global maximum. To determine the best

fitted weight vectorm, therefore, we define a number of

random starting values (up to 1000) for the parameters

s2 and a in the first expectation step, and thusm is finally

derived from the model with the largest log-likelihood

value.

4. Results and discussion

In this study, PW data from the stations and MODIS

for 2000–06 are used to build the Bayesian estimation

model first. This training process produces nearly iden-

tical PW results to the MODIS PW, with all the points

almost exactly on the identity line (not shown).

Whereafter, this built Bayesian estimation model,

driven by the station PW estimations from 1970 to 2011,

reproduces long-term and spatially continuous monthly-

mean PW for the TP (PWbayes).

a. Evaluation of the Bayesian estimation of PW

Monthly-meanMODIS PW (PWmod) for 2007–11 and

GPS PW (PWgps) measured at three stations for 1.5 de-

cades over the TP are used to evaluate the PWbayes data.

The performance of the PWbayes is evaluated using three

metrics: mean bias (between PWbayes and PWmod or

PWgps; in millimeters), root-mean-square error (RMSE;

in millimeters), and correlation coefficient R.

Themonthly-mean PWbayes for 2007–11 are compared

with the monthly-mean PWmod for each year. (The

comparisons and statistical measures are shown in

Figs. S1a–e of the supplemental material.) To illustrate

the Bayesian model’s capability in reproducing tempo-

ral variability in PW by removing the annual cycle, we

use monthly PW anomaly relative to the reference pe-

riod of 2007–11 instead of monthly-mean PW for the

comparison of PW variability, as shown in Figs. 2a–e.

The ensemble of monthly PWbayes anomalies at each

grid over the TP show high correlation to the monthly

PWmod anomalies, with a correlation coefficientR above

0.80 and an RMSE below 0.65mm for each year, sug-

gesting that Bayesian estimation model is able to accu-

rately produce PW values for other years that are not

involved into the model training. The comparison of the

monthly anomalies between PWbayes and PWmod for

the integral over the TP is also illustrated in Fig. 2f. The

agreement of the two PW data is very good, with anR of

0.89 and an RMSE of 0.24mm. All the points are quite

close to the identity line, indicating that the monthly

PWbayes anomalies agree well with the monthly PWmod

anomalies.
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The monthly-mean PW for 2007–11 are estimated by

the OLS regression as well (PWols; see Fig. S2 of the

supplemental material). The annual cycles in monthly-

mean PWols are removed in the same manner as the

PWbayes to obtain the monthly PWols anomalies that are

compared with the monthly-mean PWmod at each grid

over the TP for each year, as shown in Figs. 3a–e. As

compared with the Bayesian estimationmodel, data pairs

of the monthly PWols anomalies are scattered by a much

wider range, implying the overfitting issue of the OLS

regression leads to poor estimations. The comparison for

the TP in Fig. 3f indicates that the monthly-mean PW

estimated by the OLS regression cannot account for the

monthly PW variability over the TP.

Because the PWgps data length is relatively long (up to

15yr) and the linear trend is detected from the annual PW

data, the comparison of PWbayes with PWgps is performed

on annual scale. Figure 4 shows the comparison between

the annual anomalies of PWbayes and PWgps for about

15 yr at the stations of LHAZ, POL2, and SELE. For the

LHAZ station on the TP, annual PWbayes anomalies

match well with annual PWgps anomalies, with a high

correlation coefficient of 0.85 and an RMSE of 0.32mm.

For the POL2 and SELE stations outside the TP, RMSEs

of annual anomalies between PWbayes and PWgps are

relatively larger than the LHAZ station but still well

correlated. PWbayes have better performance for the

SELE station as compared with the POL2 station. This

comparison demonstrates that the agreement of annual

anomalies between PWbayes and PWgps is quite good for

the TP.

b. Comparison with PW of spatial interpolation

Figure 5 shows an example of the spatial distribution of

PWover the TP in spring, summer, autumn, andwinter of

2009, respectively. TheMODIS PWobservation (Fig. 5a)

clearly shows that PW values over the TP are much

smaller than those over the surrounding low-elevation

FIG. 2. Comparisons of the monthly anomalies of precipitable water estimated from the Bayesian estimation model with that observed

from MODIS (a)–(e) for 2007–11 at each grid over the Tibetan Plateau and (f) for the integral over Tibetan Plateau. Note that N here

shows the number of the data pairs in the plot. Mean indicates the mean value of the precipitable water anomalies of MODIS in the plot.

The unit for mean, bias, and RMSE given in each panel is millimeters.
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regions. Particularly in summer, when the summer

monsoon brings abundantmoisture evaporated from the

Arabian Sea and the Bay of Bengal to the TP south

slope, there is a sharp water vapor gradient between the

Indian subcontinent and the TP, caused by the moisture

blocking of the Himalayas (Gao et al. 2003; Lu et al. 2015).

The continuous PW distribution is also interpolated from

the discrete 63 station points by two commonly used

FIG. 3. As in Fig. 2, but for the ordinary least squares regression.

FIG. 4. Comparisons of the annual anomalies of precipitable water estimated from the Bayesian estimation model with that measured at

three GPS stations.
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interpolation methods: that is, natural neighbor in-

terpolation (Fig. 5b) and inverse distance weighting

(Fig. 5c), respectively. For the natural neighbor in-

terpolation, a Voronoi diagram (i.e., Thiessen polygons)

is constructed for all the station points and a new

Voronoi polygon is created around the interpolation

point. The proportion of overlap between this new

polygon and the initial polygons are then used as the

weights for interpolation. For the inverse distance

weighting interpolation, a linearly weighted combina-

tion of a set of sample points is used to determine the

value for the interpolation point. The sample radius to

perform interpolation is defined as variable function with

12 nearest sample points.

Figure 5d shows the spatial distribution of PWestimated

by the Bayesian estimation model for the four seasons. As

visually compared with the above interpolation methods

(Figs. 5b,c), the Bayesian estimation model reproduces

very similar PW spatial pattern over the TP to the

MODIS PW. Even for the high PW over the TP south

slope, where there are no stations, the Bayesian esti-

mation model still works well. This is because water

vapor over this domain are spatially correlated; high

water vapor over the Indian subcontinent contributes to

the increased PWover the inner TP throughwater vapor

transport, which means the success of the Bayesian es-

timation model essentially depends on the physical in-

tercorrelation of the atmospheric water vapor.

c. Trend of PW during 1970–2011 over the Tibetan
Plateau

Using the Bayesian estimation model, we construct the

monthly-mean PWbayes for the TP for 1970–2011 (42yr)

estimated by inputting the long-term station PW esti-

mations. Based on this continuous PWbayes data, annual

PW anomalies for the integral over the TP, obtained as

deviations from the 1970–2011 period, are calculated

(Fig. 6a, blue dashed line). To improve the visualization

FIG. 5. Precipitable water over the Tibetan Plateau (top)–(bottom) in spring, summer, autumn, and winter of 2009 (a) observed from

MODIS, interpolated from the station observations with (b) natural neighbor interpolation and (c) inverse distance weighting, and

(d) estimated by the Bayesian estimationmodel. The polygon shape encompasses the Tibetan Plateau. The scales of color bar are different

for each season to clearly illustrate the spatial pattern of precipitable water over the Tibetan Plateau.
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of the decadal variability, the PW series are plotted to-

gether with their 15-yr Gaussian low-pass filer. On the

annual basis, the mean PW series over the TP vary

gently for 1970–85. Subsequently, a strong increasing

tendency of PW is shown before the 2000s, followed by

a decrease during the 2000–11 period. We calculate the

linear trends of the PW series for different subperiods by

means of least squares fitting. Statistically significant

linear trend is determined when p value, 0.05, which is

estimated using a two-tailed Student’s t test. Because the

evaluation of PWbayes anomalies in section 4a evidences

that the PWbayes anomalies can reflect the long-term PW

variability on the TP, the linear trend derived from these

anomalies is reliable. The PW series for the TP exhibits

a significant increasing trend for 1970–2011 with a rate of

0.19mmdecade21. For the subperiods, it shows a significant

increase of 0.47mmdecade21 for 1986–99 and an

insignificant decrease of20.09mmdecade21 for 2000–11.

Figure 6c shows the linear trends of PW for 1970–2011

for each grid over the TP. Stippling indicates where the

linear trends are insignificant at the 95% confidence

level over the entire period. It can be seen that almost all

the TP regions experience significant increase in PW

during the last 42 years.

d. Comparison with PW trends of reanalysis and
satellite data

The comparison of PW linear trends between the Bayes-

ian estimation and the JRA-55 for 1970–2011 is shown in

Fig. 6. The increasing trend of TP PW for 1970–2011 is

0.09mmdecade21 (significant) for the JRA-55 (Fig. 6a),

which means the value of linear trend from JRA-55 is

just half of the Bayesian estimation (0.19mmdecade21).

By comparison with the linear trends pattern from the

FIG. 6. The precipitable water for the Tibetan Plateau for 1970–2011 with (a) annual anomaly series (thin dashed

line), plotted together with a 15-yrGaussian low-pass filter (thick line), and the linear trends derived from (b) JRA-55

and (c) Bayesian estimation. The series are expressed as anomalies relative to the 1970–2011 reference period. In

all panels, stippling indicates where the linear trends are insignificant at the 95% confidence level over the entire

period.
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Bayesian estimation (Fig. 6c), the spatial distribution of

linear trends for the JRA-55 (Fig. 6b) shows PW de-

creases along the southwest side of the Himalayas

(mainly over the northeastern Indian subcontinent) and

over the northwest part of TP and increases for the rest

of the TP, but these increasing trends over the southeast

TP are almost insignificant.

Figure 7 shows the PW trends from Bayesian estimation

and ERA-40 for 1970–2001, respectively. The increasing

trend of TP PW for 1970–2001 is 0.15mmdecade21 (sig-

nificant) for the Bayesian estimation and 0.03mmdecade21

(insignificant) for ERA-40 (Fig. 7a). It is worth noting

that PW variability of ERA-40 after 1987 matches well

with that of the Bayesian estimation. This is probably

due to the assimilation of moisture data from Special

SensorMicrowave Imager from 1987 onward in ERA-40

(Uppala et al. 2005). The agreement between these two

independent data suggests that PWbayes reveal credible

TP PW variability after 1987. Linear trends for ERA-40

(Fig. 7b) show PW decreases over the southwestern and

eastern parts of TP and increases for the rest part of TP,

but these trends are almost insignificant. While linear

trends for the Bayesian estimation (Fig. 7c) show sig-

nificant PW increases over most of the TP and in-

significant decreases over part of the east.

Figure 8 shows the PW trends from Bayesian esti-

mation and ERA-Interim for 1979–2011. The two data

series both show significant increasing trend of TP PW

for 1979–2011 (Fig. 8a), with 0.21 and 0.12mmdecade21,

respectively. The curve of PW anomalies of ERA-

Interim is above the Bayesian estimation before the

mid-1990s and below the Bayesian estimation after

1996, resulting in the smaller PW decadal trend. Linear

trends for ERA-Interim (Fig. 8b) show PW increases

over most of the TP and decreases over the west TP, but

the decreasing trends are insignificant. However, linear

trends for the Bayesian estimation (Fig. 8c) show PW

trends increase over almost all of the TP.

Figure 9 shows the PW trends fromBayesian estimation

and MERRA for 1979–2011. The significant increasing

FIG. 7. As in Fig. 6, but for the precipitable water from ERA-40 and Bayesian estimation for 1970–2001.
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trend of TP PW for the MERRA (0.12mmdecade21) is

the same as ERA-Interim, and the two PW datasets

show very similar temporal variations (Figs. 8a and 9a).

However, the spatial pattern of linear trends for the

MERRA is different from ERA-Interim (Figs. 8b and

9b). The distribution of linear trends for the MERRA

(Fig. 9b) shows PW increases over most part of TP and

decreases over the western TP and its outer area, with

a band of insignificant trends starts from the north-

western TP to the southeastern TP. While linear trends

for the Bayesian estimation (Fig. 9c) show PW trends

increase over almost all of the TP.

Figure 10 shows the PW trends from Bayesian esti-

mation and NCEP-2 for 1979–2011. The increasing trend

of TPPWfor 1979–2011 is 0.21mmdecade21 (significant)

for the Bayesian estimation and 0.06mmdecade21 (in-

significant) for NCEP-2 (Fig. 10a). The shape of PW

anomalies of NCEP-2 show the similar variations as

ERA-Interim, but the differences between the Bayesian

estimation and NCEP-2 are of larger magnitude. The

decrease in PW trends for NCEP-2 (Fig. 10b) appears

over not only the eastern part but also the western part.

The significant increasing regions of NCEP-2 PW are

much smaller as compared with ERA-Interim (Fig. 8b),

MERRA (Fig. 9b), or the Bayesian estimation (Fig. 10c).

Figure 11 shows the PW trends from Bayesian esti-

mation and ISCCP for 1984–2006. PW over the TP

shows significant increase during these 23 years. The PW

trend of the Bayesian estimation is 0.44mmdecade21,

while the ISCCP is 1.66mmdecade21, far beyond the

Bayesian estimation. Furthermore, the magnitude of

the PW variability of the ISCCP is more than 3 times

as much as the Bayesian estimation. Linear trends for

the ISCCP (Fig. 11b) also show very a large increase

over all of the TP as compared with the Bayesian es-

timation (Fig. 11c), and much of the increasing trends

are insignificant. These big discrepancies in the PW

trend and variation imply that the uncertainty in

ISCCP PW data may hinder their applications for the

TP area.

FIG. 8. As in Fig. 6, but for the precipitable water from ERA-Interim and Bayesian estimation for 1979–2011.
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5. Summary

To detect the long-term trend in PW over the TP, this

study proposes a method that uses Bayesian inference

theory to reproduce the long-term (1970–2011) and

spatially continuous PW from the station temperature–

humidity observations andMODIS PWobservations. In

this method, the PW spatial distribution of MODIS

observations is taken into account as evidence to assign

the conditional probability for the PW estimated from

station temperature–humidity observations. This prob-

ability distribution is formalized as marginal likelihood

function in which the weights for each station at each

grid point are solved using the expectationmaximization

iteration to train a Bayesian estimationmodel. After the

Bayesian estimation model is built, long-term PW over

the TP at each grid point can be reproduced by im-

porting station PW estimations. Therefore, the advan-

tage of this method is to make use of the strengths of

each data source.

As compared with the OLS method, the Bayesian

method addresses the overfitting issue by maintaining

a balance between model accuracy and complexity and

provides a natural way to quantify the uncertainty as-

sociated with the model parameters. When the model

parameters in the Bayesian method are iteratively esti-

mated, the global maximum may not be found because

of the multiple local maxima of log-likelihood function.

To address this issue, we define a number of random

starting values to optimize the model parameters by

choosing themodel with the largest log-likelihood value.

In this study, the Bayesian estimationmodel is built by

using monthly-mean PW data from the stations and

MODIS for 2000–06 (7 yr) at first. This model is then

operated to reproduce the monthly-mean PW for 1970–

2011 over the TP, driven by the station PW estimations

for the same period. The performance of the model es-

timation is evaluated by comparing with the MODIS

PW observations grid by grid for 2007–11 and with

measured PW at three GPS stations for 1995–2011.

FIG. 9. As in Fig. 6, but for the precipitable water from MERRA and Bayesian estimation for 1979–2011.
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The monthly PW anomalies estimated by the Bayes-

ian estimation model agree well with the monthly

MODIS PW anomalies, with a correlation coefficient R

above 0.80 and an RMSE below 0.65mm for each year.

The comparison for the TP shows that all the data pairs

are quite close to the identity line, with a correlation co-

efficient R of 0.89 and an RMSE of 0.24mm. The com-

parison of annual PW anomalies between the Bayesian

estimation andGPS also shows that the agreement is quite

good, especially for the LHAZ station on the TP, with

a correlation coefficient of 0.85 and an RMSE of 0.32mm.

As compared with two commonly used interpolation

methods (natural neighbor interpolation and inverse

distance weighting), the Bayesian estimation model re-

produces a PW spatial pattern over the TP that is very

similar to the MODIS PW. Furthermore, for the TP

neighboring regions where no station observations are

involved, the Bayesian estimation model also has good

estimation capability, implying that the atmospheric

water vapor over this domain is spatially correlated and

this correlation can be captured by the Bayesian esti-

mation model.

The annual PW series for the TP for 1970–2011 derived

from the Bayesian model estimation show a significant in-

creasing trend of 0.19mmdecade21. The trends in PW for

different subperiods are also detected. During the 42 years,

a significant increase of 0.47mmdecade21 occurs for 1986–

99 and an insignificant decrease of 20.09mmdecade21

occurs for 2000–11 as well.

From the comparison of the PW data from JRA-55,

ERA-40, ERA-Interim, MERRA, NCEP-2, and ISCCP,

we find that PW from JRA-55, ERA-40, ERA-Interim,

and MERRA have better performances than NCEP-2

and ISCCP. PW variability of ERA-40 is close to the

Bayesian estimation after 1987, but the inconsistence of

PW variability before 1987 leads to the insignificant

trend for ERA-40. ERA-Interim indeed shows the sig-

nificant increasing trend in PW but less PW variability

than the Bayesian estimation. It is interesting to notice

that MERRA and ERA-Interim show very similar

FIG. 10. As in Fig. 6, but for the precipitable water from NCEP-2 and Bayesian estimation for 1979–2011.
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changes in PW over the TP during 1979–2011, while

JRA-55 and ERA-40 show very similar changes in PW

over the TP before the 1990s. Overall, none of them is

able to show the actual trends and variability in PW for

the TP like the Bayesian estimation. Furthermore, the

PWvariations of ERA-40 that are well matched with the

Bayesian estimation after 1987 provide independent

evidence that verifies the validity of the Bayesian esti-

mation. Readers can directly contact the authors for the

long-term PW data to replicate the analyses.

From the evolution of PW series, we notice that the

strong PW variability over the TP may have some as-

sociation with ENSO events. The long-term PW data

produced by this study will help to further explore the

spatiotemporal relation between these occurrences in

the future. Even though this paper focuses on the trend

detection and construction of long-term PW for the TP,

the method proposed here can be adapted to other cli-

mate parameters that are continuously distributed, such

as air temperature.
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