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Abstract: Potential evapotranspiration (PET) can reflect the characteristics of drought change in
different time scales and is the key parameter for calculating the standardized precipitation evapo-
transpiration index (SPEI). The Thornthwaite (TH) and Penman–Monteith (PM) models are generally
used to calculate PET, but the precision of PET derived from the TH model is poor, and a large number
of meteorological parameters are required to evaluate the PM model. To obtain high-precision PET
with fewer meteorological parameters, a high-precision PET (HPET) model is proposed to calculate
PET by introducing precipitable water vapor (PWV) from Global Navigation Satellite System (GNSS)
observation. The PET difference (DPET) between TH- and PM-derived PET was calculated first.
Then, the relationship between the DPET and GNSS-derived PWV/temperature was analysed, and
a piecewise linear regression model was calculated to fit the DPET. Finally, the HPET model was
established by adding the fitted DPET to the initial PET derived from the TH model. The Loess
Plateau (LP) was selected as the experiment area, and the statistical results show the satisfactory
performance of the proposed HPET model. The averaged root mean square (RMS) of the HPET
model over the whole LP area is 8.00 mm, whereas the values for the TH and revised TH (RTH)
models are 34.25 and 12.55 mm, respectively, when the PM-derived PET is regarded as the reference.
Compared with the TH and RTH models, the average improvement rates of the HPET model over
the whole LP area are 77.5 and 40.5%, respectively. In addition, the HPET-derived SPEI is better than
that of the TH and RTH models at different month scales, with average improvement rates of 49.8
and 23.1%, respectively, over the whole LP area. Such results show the superiority of the proposed
HPET model to the existing PET models.

Keywords: potential evapotranspiration; global navigation satellite system; precipitable water vapor;
PET model

1. Introduction

Potential evapotranspiration (PET) reflects the rate of large-area evapotranspiration,
which is an important parameter for calculating the standardized precision evapotranspira-
tion index (SPEI) [1,2]. PET, as one of the input data of the hydrological model, is also the
key to water resource assessment [3]. Therefore, retrieving PET with high precision has
extensive research relevance in hydrology, agriculture, climate and other disciplines [4].

The estimation of PET can be traced to the empirical evaporation formula proposed by
Dalton [5]. Bowen then put forward a new simple ratio energy balance method according
to the surface energy balance equation [6], but the calculation requires that the underlying
surface is uniform and has no advection effect [7]. After that, the models commonly used
to calculate PET were proposed by [8,9], which are called the Thornthwaite (TH) and
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Penman–Monteith (PM) models, respectively. The PET value can be easily obtained using
the TH model, and only the parameters of temperature and latitude are required, but the
precision of the calculated PET is poor [8]. The PM model considers the effect of various
meteorological factors, such as radiation, temperature, water vapor pressure and wind
speed on evapotranspiration, and introduces the internal resistance of the closed crop
canopy to obtain high-precision evapotranspiration data [9]; therefore, the PM-derived
PET has high precision and is usually considered the reference for evaluating PET values
derived from other models [10]. In addition, the Food and Agriculture Organization of
the United Nations revised the PM model in 1998 and made it one of the most widely
used models [11]. Previous studies have been carried out to improve the precision of
PET by using multiple meteorological parameters [12–14]; although good results were
achieved, obtaining a large number of meteorological parameters at the same time is
difficult in practice. Therefore, retrieving PET with fewer meteorological parameters under
the premise of ensuring accuracy becomes the research highlight.

The precipitable water vapor (PWV) derived from Global Navigation Satellite Systems
(GNSSs) can be used to reflect the change of atmospheric water vapor content [15]. PET
can affect the transport of atmospheric water vapor through heat and water exchange
between land and the atmosphere [16]. Therefore, GNSS-derived PWV has developed
rapidly in drought monitoring related to PET. The authors of [17] proposed a new index to
monitor drought, which is called precipitation efficiency (PE), and found a good consistency
between PE and drought. The authors of [18] used the abnormal change of GNSS-derived
PWV and vertical crustal displacement to evaluate drought in Yunnan Province. The
authors of [19] proved the potential of establishing an index using GNSS-derived PWV and
meteorological parameters for drought and flood monitoring. Therefore, the authors of [20]
established a revised TH (RTH) model using GNSS-derived PWV to retrieve PET with fewer
meteorological parameters, and the improvement of the RTH model was approximately
61.6% compared with the TH model. However, the RTH model ignores the difference
of the model coefficients caused by geographical location and only shares a set of model
coefficients.

To improve the precision of PET using fewer meteorological parameters, this paper
proposes a high-precision PET (HPET) model based on GNSS-derived PWV. This model
overcomes the defects of low precision in the traditional TH model and the large number
of input parameters in the PM model. This model also considers the functional relationship
between PWV/temperature and PET in different geographical locations, which has never
been considered before. The initial PET of the HPET model was calculated using the TH
model. Then, the relationship between the PET difference (DPET) derived from the PM
and TH models and PWV/T was analyzed, and a piecewise linear regression model was
established. Finally, the established site function relationship was extended to the whole
study area. The Loess Plateau (LP) area was selected as the experiment area, and the
validation results reveal that the PET and SPEI derived from the HPET model are superior
to those of the existing TH and RTH models.

2. Study Area and Data Description
2.1. Study Area

The LP is located in the north of central China, between N33◦41′–41◦16′ and E100◦52′–
114◦33′. The landform in this area is undulating, with steep slopes and deep ditches,
concentrated rainstorms, low vegetation coverage and a fragile ecological environment [21].
Therefore, the LP area was selected as the experiment area and 33 GNSS stations that
are part of the Crustal Movement Observation Network of China (CMONOC), 84 me-
teorological stations operated by the China Meteorological Administration (CMA) and
4067 grid points from the fourth-generation reanalysis data (ERAI) of the European Centre
for Medium-Range Weather Forecasts (ECMWF) were used to perform the experiment.
Figure 1 presents the location of the LP area in China and the geographic distributions of
GNSS and meteorological (MET) stations in the LP area.
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Figure 1. Location of the LP in China and the geographic distributions of GNSS and meteorological
(MET) stations in the LP area.

2.2. Data Description

In this paper, three kinds of datasets, namely, GNSS-derived PWV, the corresponding
meteorological parameters (temperature, relative humidity, etc.) and PWV provided by
meteorological stations and ERAI, were selected to perform the experiment. Table 1 shows
the specific information of the datasets used.

Table 1. Detailed information of datasets selected in this paper.

Name Sources Dataset
Temporal

Resolution and
Spatial Coverage

Counts
Selected in

Study

Temporal
Coverage Sources

Precipitation;
Relative humidity;
2 m temperature

(min, max);
sunshine hours;
2 m wind speed

CMA

Daily data set of
China surface
climatological

information (V3.0)

Daily,
824 MET stations 84 stations 2012–2018

http:
//data.cma.cn/
(Access data 30
February 2019)

GNSS
PWV CMONOC \ 1-hourly,

264 GNSS stations 33 stations 2012–2018 [22]

PWV;
Temperature ECMWF ERAI

Monthly,
0.125◦×
0.125◦

4067 gridded
points 2012–2018

http://www.
ecmwf.int/

(Access data 20
July 2020)

The CMONOC is mainly based on the GNSS, supplemented by very long baseline
interferometry, satellite laser ranging and interferometric synthetic aperture radar. The
CMONOC is a national geoscience comprehensive observation network for real-time
monitoring of changes in the hydrosphere and the atmosphere [23]. The CMONOC
includes more than 260 continuous GNSS observation reference stations and 2000 irregular
observation regional stations. In this paper, the GNSS-derived PWV from the CMONOC
was used, and the root mean square (RMS) of the PWV difference between the GNSS
and radiosonde is 2.25 mm for the 264 continuous GNSS stations in China. The specific
procedure and validation of GNSS-derived PWV is given in detail by [22]. Thirty-three of
the 264 GNSS stations were selected for the experimental area over the period 2012–2018.
The elevation of the selected 33 GNSS stations ranges from 273 to 2972.1 m. In addition, all
GNSS stations are equipped with the receiver of TRIMBLE NETR8, and only the double
frequency observation from Global Positioning System (GPS) is used to estimate the ZTD
with time resolution of 1 h.

http://data.cma.cn/
http://data.cma.cn/
http://www.ecmwf.int/
http://www.ecmwf.int/


Remote Sens. 2021, 13, 4848 4 of 18

The meteorological dataset, which includes rainfall data, wind speed, relative humid-
ity, sunshine hours, temperature and other meteorological variables, was derived from the
CMA. This dataset provides the daily data of 824 basic meteorological stations in China
from 1950 to the present, which were subjected to a strict quality check. The corresponding
meteorological data of 84 stations were selected in the LP area over the period 2012–2018.

ERAI is the fourth-generation reanalysis dataset of the ECMWF, which provides PWV,
temperature and corresponding meteorological parameters. The highest temporal and
spatial resolutions are 6 hourly and 0.125◦ × 0.125◦, respectively. In addition, the fifth-
generation reanalysis dataset of ECMWF (ERA5) replaced ERAI on 31 August 2018 with a
higher temporal resolution (hourly). Due to the higher spatial resolution of ERAI compared
to ERA5, the PWV and temperature data derived from ERAI over the period of 2012 to
2018 were selected in our study.

3. Theory and Methodology
3.1. Retrieval of PWV Using GNSS Observation

GNSS observation was first processed using GAMIT/GLOBK software (v10.5) [24],
and zenith total delay (ZTD) and west–east directions were estimated at intervals of 1
and 2 h, respectively. The sampling rate and the elevation cut-off angle were 30s and 10◦,
respectively. In addition, a global mapping function was introduced [25] and the FES2004
model was also considered to obtain accurate ZTD parameters (http://holt.oso.chalmers.
se/loading/, accessed on 20 July 2020). Zenith hydrological delay (ZHD) can be precisely
calculated using the Saastamoinen model using surface pressure in Equation (1) [26].

ZHDSA =
0.0022768P

1− 0.00266 cos(2ϕ)− 0.00028H
(1)

where P is the surface pressure (hPa); ϕ and H represents the latitude (rad) and the ellipsoid
height (km) of the GNSS station, respectively. Therefore, zenith wet delay (ZWD) (m) can
be obtained by subtracting ZHD (m) from ZTD (m), and PWV (mm) was finally retrieved
by multiplying the conversion factor in Equation (2) [15].

PWV = Π× ZWD =
106

( K3
Tm

+ K′2)RV
ZWD (2)

where Π is the conversion factor; RV, K′2 and K3 are constants with values of 461.50
(J·K−1·kg−1), 16.48 (K·hPa−1) and 3.776 × 105 (K2·hPa−1), respectively; and Tm (K) is the
atmospheric weighted mean temperature. In this paper, Tm was calculated based on an
improved Tm model (IGPT2w), which modifies the Tm of GPT2w using gridded Tm data
and ellipsoidal height grid data from the Global Geodetic Observing System in China,
and the PWV error caused by the error of Tm was approximately 0.29 mm [27,28]. The
GNSS-derived PWV was missing at some epochs due to instrument failure or uncorrected
observation data. Singular Spectrum Analysis for Missing Data was introduced to fill
the missing PWV values at those epochs, and this method has been proven effective at
compensating for the missing values in a PWV time series [29].

3.2. PET Calculation Based on TH and PM Models

PET can be easily calculated based on the TH model in Equation (3), and only temper-
ature data are used [8]. However, the deficiency of the TH model is that the PET cannot
be estimated when the temperature is below zero ◦C [30]. In addition, the TH model only
considers the effect of heat factors while ignoring the aerodynamic term; therefore, the
precision of TH-derived PET (mm) is relatively poor [8].

PET(TH) =

{
0 T ≤ 0
16K( 10T

I )m T > 0
(3)

http://holt.oso.chalmers.se/loading/
http://holt.oso.chalmers.se/loading/
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where I and m are the heat factor and coefficient, respectively, which can be calculated by
the mean monthly temperature T (◦C). K is the calibrated coefficient of latitude and month.

Other than the TH model, the PM model is commonly used to obtain the high-precision
PET in Equation (4). The PM model considers the effect of radiation, temperature, vapor
pressure and wind speed on evapotranspiration [9].

PET(PM) =
0.408∆(Rn − G) + γ 900

T+273.16 u2(es − ea)

∆ + γ(1 + 0.34u2)
(4)

where T and u2 are the 2-m temperature (◦C) and the wind speed (m·s−1), respectively. es is
the saturation vapor pressure (kPa), ea is the actual pressure (kPa), Rn is the net radiation on
the crop surface (MJ·m−2·d−1), G is the soil heat flux (MJ·m−2·d−1), ∆ is the slope of steam
pressure curve (kPa·◦C−1) and γ is the humidity constant (kPa·◦C−1). The coefficient of the
reference crop and the wind coefficient of the reference crop are 900 and 0.34, respectively.
The above variables can be calculated by the daily maximum and minimum temperature,
relative humidity, sunshine time and 2-m wind speed, and the specific procedure can be
referenced [9].

3.3. Establishment of HPET Model

Although a high-precision PET value can be calculated using the PM model, a large
number of meteorological parameters are required, which are difficult to obtain in practice.
However, PET can be easily calculated using the TH model with temperature. Therefore,
how to obtain a high-precision PET (HPET) by fusing the advantages of the advantages
of the two models mentioned above becomes the focus of this section. The analysis of
DPET in Equation (5) between the PM model and the TH model in the LP area found that
the DPET values fluctuated from 24.9 to 36.2 mm. Therefore, if the TH model is used to
calculate PET, the DPET should be considered to guarantee the precision of the calculated
PET. According to the above analysis, this paper proposes an HPET model, and Figure 2
gives a flow chart of HPET model construction and validation. In addition, the main steps
were as follows: (1) obtain the DPET difference using the TH and PM models, (2) establish
the functional relationship between DPET and T/PWV, (3) extend the site-based functional
relationship to the whole study area and (4) calculate the final PET value at an arbitrary
location by adding the modeled DPET to the initial PET derived from the TH model.
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(1) Calculating DPET

DPET = PETPM − PETTH (5)

(2) Establishing the functional relationship between DPET and T/PWV

The relationship between DPET and T/PWV was first analyzed at 28 collocated sites
between GNSS and meteorological stations, and Figure 3 presents the scatter diagram
between DPET and T/PWV in the whole LP area over the period 2012–2018. Here, the
collocated principle was that the horizontal distance is less than 0.5◦ between GNSS and
meteorological stations, and the data utilization is larger than 85% for selected stations. In
addition, the height difference between GNSS and meteorological station was also consid-
ered and the PWV correction was performed based on the empirical formula proposed in
our previous work in Equation (6).

PWVh1 = PWVh2· exp(−(h1− h2)/2000) (6)

where PWVh1 and PWVh2 are the PWV values at the height of h1 and h2, respectively. It
could be observed that a negative linear correlation between T and DPET when T > 0 ◦C
and a positive linear correlation between T and DPET when T < 0 ◦C existed. In addition,
only a negative linear correlation existed between DPET and PWV, and the correlation co-
efficient between PWV and DPET was −0.56, and the correlation coefficient between DPET
and temperature greater than 0 ◦C and less than 0 ◦C were −0.40 and 0.55, respectively,
and all passed the non-zero hypothesis test (p < 0.05). Therefore, DPET can be further
modelled by the piecewise linear equation using T and PWV in Equation (7).

DPET =

{
a0 + a1 × PWV1 + a2 × T, T ≥ 0
b0 + b1 × PWV2 + b2 × T, T < 0

(7)

where a0 − a2 and b0 − b2 are the model coefficients, which can be estimated using the least
square method. PWV1 is the PWV data at the moment of T ≥ 0 ◦C, PWV2 is the PWV data
at the moment of T < 0 ◦C. Table 2 also provides the estimated model coefficients and shows
that the model coefficients fluctuated largely in the LP area, which was mainly related to
the height of each GNSS station. As mentioned before, the height of GNSS stations ranged
from 273 to 2973 m; therefore, the model difference caused by the geographic location of
stations should be considered when establishing the DPET model, which was ignored in
the previous study [20].

Table 2. Model coefficients of DPET estimated at 28 collocated stations.

Station
Coefficient a0 a1 a2 b0 b1 b2

1 69.70 0.48 −3.88 52.64 3.01 −1.50
2 63.90 2.22 −3.86 44.65 2.90 −0.58
3 59.07 2.63 −3.75 44.57 2.07 −3.10
4 60.93 4.96 −6.77 42.83 2.60 −1.11
5 58.86 3.32 −4.81 58.93 3.01 −4.50
6 70.38 2.48 −6.22 60.55 2.81 −3.80
7 70.39 3.06 −4.92 63.06 2.78 −5.60
8 69.70 2.45 −4.31 63.09 2.62 −5.13
9 62.94 2.64 −4.27 74.40 4.39 −6.94

10 58.49 1.96 −4.03 57.61 2.56 −5.21
11 58.41 2.14 −4.02 69.95 3.53 −6.49
12 65.86 2.14 −4.52 88.49 4.02 −9.14
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Table 2. Cont.

Station
Coefficient a0 a1 a2 b0 b1 b2

13 64.78 2.47 −3.80 66.94 4.07 −3.93
14 54.93 2.06 −4.21 67.49 3.36 −6.63
15 53.98 2.70 −3.20 67.35 4.32 −5.38
16 55.58 2.97 −3.47 73.79 4.67 −6.06
17 63.39 2.89 −5.28 54.44 3.16 −2.28
18 55.84 2.04 −3.06 56.76 3.61 −3.16
19 43.47 1.80 −2.17 40.75 0.49 −2.91
20 47.40 1.11 −2.65 59.97 3.50 −4.15
21 63.85 2.71 −4.15 70.55 5.78 −4.26
22 67.53 1.41 −7.06 76.73 2.88 −8.15
23 56.44 3.15 −3.76 63.98 4.29 −3.86
24 47.79 1.97 −2.11 26.22 1.65 0.92
25 50.49 1.81 −2.79 44.81 2.86 −1.83
26 46.82 3.40 −2.92 53.41 0.49 −3.96
27 49.76 1.77 −3.54 43.16 2.47 −2.15
28 67.74 0.84 −5.91 97.02 4.07 −11.84

Remote Sens. 2021, 13, x FOR PEER REVIEW 7 of 18 
 

 

location of stations should be considered when establishing the DPET model, which was 
ignored in the previous study [20]. 

 
Figure 3. Scatter diagram between daily (a) DPET and T, as well as (b) DPET and PWV in the whole 
LP area over the period 2012–2018. The color represents the density of the dots. 

Table 2. Model coefficients of DPET estimated at 28 collocated stations. 

Coefficient
Station 0a  1a  2a  0b  1b  2b  

1 69.70 0.48 −3.88 52.64 3.01 −1.50 
2 63.90 2.22 −3.86 44.65 2.90 −0.58 
3 59.07 2.63 −3.75 44.57 2.07 −3.10 
4 60.93 4.96 −6.77 42.83 2.60 −1.11 
5 58.86 3.32 −4.81 58.93 3.01 −4.50 
6 70.38 2.48 −6.22 60.55 2.81 −3.80 
7 70.39 3.06 −4.92 63.06 2.78 −5.60 
8 69.70 2.45 −4.31 63.09 2.62 −5.13 
9 62.94 2.64 −4.27 74.40 4.39 −6.94 

10 58.49 1.96 −4.03 57.61 2.56 −5.21 
11 58.41 2.14 −4.02 69.95 3.53 −6.49 
12 65.86 2.14 −4.52 88.49 4.02 −9.14 
13 64.78 2.47 −3.80 66.94 4.07 −3.93 
14 54.93 2.06 −4.21 67.49 3.36 −6.63 
15 53.98 2.70 −3.20 67.35 4.32 −5.38 

Figure 3. Scatter diagram between daily (a) DPET and T, as well as (b) DPET and PWV in the whole
LP area over the period 2012–2018. The color represents the density of the dots.



Remote Sens. 2021, 13, 4848 8 of 18

(3) Extending the site-based functional relationship to the whole study area

The functional relationship between DPET and T/PWV was established at collocated
stations. However, the corresponding relationship at other locations was required to obtain
the DPET at the arbitrary location. Therefore, this paper introduced the multivariate
quadratic polynomial to fit the model coefficients of and at the arbitrary location. The
corresponding expression is as follows:

a01
a02
...

a0n

 =


1 ϕ1 λ1 h1 ϕ1λ1 ϕ1h1 λ1h1 ϕ1

2 λ1
2 h1

2

1 ϕ2 λ2 h2 ϕ2λ2 ϕ2h2 λ2h2 ϕ2
2 λ2

2 h2
2

...
...

...
...

...
...

...
...

...
...

1 ϕn λn hn ϕnλn ϕnhn λnhn ϕn
2 λn

2 hn
2




A1
A2
...

An

 (8)

where n is equal to 28; ϕ1 − ϕ28, λ1 − λ28 and h1 − h28 are the latitude, longitude and
ellipsoid height of 28 collocated stations. a0i(i = 1 · · · 28) are the model coefficients
of 28 collocated stations, and A1 − A28 are the fitted coefficients for model coefficients
a0i. Similarly, the other model coefficients at the arbitrary location can be estimated in
Equation (8).

(4) Calculating the final PET value

After the model coefficients of the DPET model were fitted to the whole LP area,
the DPET value could be calculated at the arbitrary location. In addition, the initial PET
value could be obtained using the TH model. Therefore, the final PET was obtained in
Equation (9):

PETar
F = PETar

TH + DPETar (9)

where PETar
TH is the TH-derived PET, DPETar is the DPET estimated by the piecewise linear

equation, and ar represents the arbitrary location of the LP area.

3.4. SPEI Calculation Based on HPET Model

PET is a key parameter for SPEI calculation and can be accumulated in different time
scales [31]. The differential time series between daily precipitation and PET was first
calculated using Equation (10).

Di = Pi − PETi (10)

where i represents the day, Di is the differenced time series and Pi (mm) is the daily
precipitation. Three-parameter Log-Logistic distribution was used to standardized Di to
obtain the probability density function F(x), which was further used to calculate SPEI in
Equation (11).

SPEI = W − 2.515517+0.802853W+0.010328W2

1+1.432788W+0.189269W2+0.001308W3

W =

{ √
−2 ln(F(x)), F(x) < 0.5√
−2 ln(1− F(x)), F(x) > 0.5

F(x) = [1 +
(

α
x−λ

)β
]
−1

(11)

where α, β and λ are the scale parameter, shape parameter and origin parameter calculated
by the L-Moment Procedure, respectively, and the detailed process is given in [32]. SPEI
combines the sensitivity of partial differential equations to evapotranspiration changes
with time characteristics and comprehensively considers the effect of precipitation and
temperature [33]. The 1-month scale SPEI usually represents meteorological drought; the 3-
to 6-month scale SPEI is considered as an agricultural drought index; the 6- to 12-month
scale SPEI is used to reflect the hydrological drought and to detect the long-term evolution
of surface water resources [2]. Therefore, SPEI with different time scales can identify
different drought types in the context of global warming [32].
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3.5. Evaluation Index of HPET Model

RMS, mean absolute error (MAE), BIAS and improvement rate (IR) in Equation (12)
were introduced to evaluate the proposed HPET model.

RMS =

√
1
n

n
∑

i=1
(Xi − X)

2

MAE = 1
n

n
∑

i=1

∣∣(Xi − X)
∣∣

BIAS =
n
∑

i=1
(Xi − X)/n

IR =
RMSj−RMSTH/RTH

RMSTH/RTH
× 100%

(12)

where Xi is the PET derived from the TH, RTH, or HPET models, whereas X is the PET
derived from the PM model and used as the reference value. RMSj represents the RMS of
the RTH or HPET models, whereas RMSTH/RTH is the RMS of the TH or RTH model.

4. Results of HPET Model
4.1. Calibration of ERAI-Derived PWV

The ERAI-derived PWV should be calibrated before use due to the systematic bias
between the ERAI- and GNSS-derived PWV [34]. Here, the geopotential of the grid points
was first converted into an ellipsoidal height according to [35]. The specific steps could be
referenced. The corresponding PWV was interpolated to the collocated stations by bilinear
interpolation, and the PWV error caused by the height difference between the collocated
station and the grid point was corrected first [23]. Therefore, the bias between the GNSS
and the ERAI at 28 collocated stations could be obtained and fitted to the whole study area
using the polynomial fitting method.

The leave one out cross-validation (LOOCV) method was used to evaluate the cali-
brated result because the generalization error calculated using this method has almost no
deviation and can eliminate the influence of random factors [36]. In the LOOCV method,
only one station was selected as the validated sample, and the 27 other stations were used
for calibration. This procedure was repeated 28 times until all the stations were used as
validated samples. Table 3 provides the statistical results of the average RMS of PWV
difference between the GNSS and the ERAI before and after calibration at 28 collocated
stations over the period 2012–2018 in four seasons. The ERAI-derived PWV calibrated by
the GNSS-derived PWV was improved in terms of the internal/external validations at four
seasons. External validation refers to the fact that we used the data of 25 collocated stations
to fit the PWV difference and further for fitting the PWV difference of the remaining three
collocated stations. Internal validation refers to the fact that we used the data of 25 collo-
cated stations to fit the PWV difference and further for calculating the corresponding PWV
difference at those stations. The RMS of the PWV-difference-derived GNSS and ERAI is
approximately 1 mm; therefore, the performance of the ERAI-derived PWV in four seasons
is reasonable and acceptable. Figure 4 shows the monthly PWV difference between the
ERAI and the GNSS over the whole year and the PWV series in autumn at one GNSS
station (SXDT, E40.1◦ N113.4◦) over the period 2012–2018. It can be found that the PWV
difference is relatively large in the autumn before calibration. However, the ERAI-derived
PWV after calibration is consistent with the GNSS-derived PWV and the PWV difference is
small, which further verifies the necessity of calibrating the ERAI-derived PWV before use.
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Table 3. Average RMS of PWV difference between GNSS-derived PWV and ERAI-derived PWV
before and after calibration at 28 collocated stations over the period 2012–2018.

Season
Internal External

Un-Calibrated
(mm)

Calibrated
(mm)

Un-Calibrated
(mm)

Calibrated
(mm)

Spring 1.50 0.78 \ 0.96
Summer 2.13 0.90 \ 1.12

Fall 3.82 1.29 \ 1.59
Winter 1.85 0.80 \ 1.00

Ave. 2.33 0.94 \ 1.17
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4.2. Validation of HPET-Derived PET

The long-term PET derived from the HPET model was first validated, and Figure 5
presents the PET derived from the PM, TH, RTH and HPET models and the PET difference
between PM-TH, PM-RTH and PM-HPET at one collocated station (52,765, E37.5◦ N101.6◦)
over the period 2012–2018. It becomes obvious that TH-derived PET is underestimated
for the whole period. Although the RTH-derived PET is consistent with that from the PM
model when the PET value is small, the value from the RTH is overestimated when the
PET value is greater than 90 mm. On the contrary, the PET estimated using the HPET
model is consistent with that from the PM model over the whole period. It can also be
observed that the PET difference between the PM and HPET model is the smallest over the
whole period, while the fluctuations of the PET differences between PM-TH and PM-RTH
are large. Therefore, the results confirm the satisfactory performance of the proposed
HPET model.
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Figure 5. Comparison of (a) PET derived from the PM, TH, RTH and HPET models and (b) PET difference between PM-TH,
PM-RTH and PM-HPET models at one collocated station (52,765, E37.5◦ N101.6◦) over the period 2012–2018.

To further analyze the performance of the HPET model over the whole LP area, the
RMS, MAE and BIAS of PET difference between TH/RTH/HPET and PM models at
84 meteorological stations were calculated over the period 2012–2018. Figure 6 shows the
spatial distributions of the RMS, MAE and BIAS of the TH, RTH and HPET models at those
meteorological stations, different scales in the color bars between TH, RTH and HPET have
been used. It can be observed that the accuracy of the TH model is poor over the whole
LP area compared with the RTH and HPET models. Although the spatial distribution
of the RMS, MAE and BIAS of the RTH model is similar to that of the HPET model, the
corresponding values of the RTH model are larger than those of the HPET model. To
quantify the performance of different PET models, the average RMS, MAE, BIAS and IR of
the three models were calculated with the PM-derived PET regarded as the reference at
28 GNSS stations, 84 meteorological stations and 4047 grid points of the ERAI, respectively.
Table 4 provides the statistical results of the RMS, MAE, BIAS and IR of different models
compared with PM at the GNSS, meteorological stations and grid points over the period
2012–2018. It can be concluded that HPET shows the highest consistency with the PM
model. The RTH model is the second, and the TH model is the worst. In addition, the
average IRs of the HPET model are 77.5 and 40.5%, respectively, when compared with the
TH and RTH models over the whole LP area. Such results also verify the superiority of the
proposed HPET model.
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BIAS of HPET model at meteorological stations over the LP area.

Table 4. Statistical results of RMS, MAE, BIAS and IR of the TH, RTH and HPET models at GNSS,
meteorological stations and grid points over the period 2012–2018.

Model Indices GNSS
Stations

Meteorological
Stations

Grid Points of
ERAI Ave.

TH

RMS (mm) 34.45 38.00 30.30 34.25
MAE (mm) 30.05 32.80 29.09 30.65
BIAS (mm) 27.50 28.17 29.09 28.25

IR (%) 72.5 68.9 91.0 77.5

RTH

RMS (mm) 15.88 14.70 7.08 12.55
MAE (mm) 12.30 11.47 5.34 9.70
BIAS (mm) 0.00 1.15 0.36 0.50

IR (%) 40.4 19.5 61.6 40.5

HPET
RMS (mm) 9.46 11.83 2.72 8.00
MAE (mm) 7.55 9.67 1.92 6.38
BIAS (mm) 0.00 0.00 0.61 0.20

In addition, the spatial distribution of the averaged PET derived from different models
over the period 2012–2018 in the LP area is presented in Figure 7. TH underestimates PET
over the whole LP area. Although the RTH-derived PET has values similar to those of the
PM model, the spatial distribution is not consistent with that of the PM model. However,
the HPET-derived PET shows a spatial distribution similar to those of the PM model.
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4.3. Validation of HPET-Derived SPEI

To validate the performance of the HPET-derived drought index, the SPEI using the
HPET-derived PET and corresponding precipitation under different month scales was
calculated. Figure 8 gives the scatter plot of the daily SPEI density at one station 52,996
(42996, 35.4◦E 104.8◦N) using the PET derived from the TH, RTH, HPET and PM models
under the 1-, 3-, 6- and 12-month scale over the period 2012–2018 in the LP area. It can be
observed that the daily SPEI calculated using the HPET-derived PET agrees well with that
calculated using the means of the PM model under 1-, 3- 6- and 12- month scales. The slope
of the linear fitting between the HPET and PM models is closer to one when compared
with that between the TH/RTH and PM models. Table 5 also provides the correlation
coefficient and RMSE of the SPEI difference between PM and different models under 1-, 3-,
6- and 12-month scales over the period 2012–2018 in the LP area. It can be concluded that
the correlation coefficient and RMSE of the HPET-derived SPEI is superior to that of the
TH and RTH models. The correlation coefficient is as high as 0.98 and the RMSE is as low
as 0.22 between the PM- and HPET-derived SPEIs at a 3-month scale.

Table 5. Statistical results of correlation coefficient and RMSE of SPEI between PM and different
models at one station 52,996 under 1-, 3-, 6- and 12-month scales over the period 2012–2018 in the
LP area.

Scale
Model TH RTH HPET

RMS R2 RMS R2 RMS R2

1 0.54 0.85 0.42 0.91 0.25 0.97
3 0.49 0.88 0.39 0.92 0.22 0.98
6 0.44 0.9 0.37 0.93 0.23 0.97
12 1.07 0.42 0.74 0.72 0.69 0.76
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Figure 8. Scatter plot of daily SPEI density at one station using PET derived from (a1) TH-PM model, (a2) RTH-PM model,
(a3) HPET-PM model under 1-month scale, (b1) TH-PM model, (b2) RTH-PM model, (b3) HPET-PM model under 3-month
scale, (c1) TH-PM model, (c2) RTH-PM model, (c3) HPET-PM model under 6-month scale, (d1) TH-PM model, (d2) RTH-PM
model, (d3) HPET-PM model under 12-month scale, respectively over the period 2012–2018 in the LP area. The color
represents the density of the dots.

To further evaluate the performance of the proposed HPET model for calculating the
SPEI, RMS, MAE, BIAS and IR of SPEI difference between the PM and different models
over the whole LP area, Figure 9 shows the distributions of the RMS, MAE and BIAS of
the SPEI difference derived from the PM and TH/RTH/HPET models under a 6-month
scale at 84 meteorological stations over the period 2012–2018; different scales in the color
bars between TH, RTH and HPET have been used. It can be observed that the RMS, MAE
and BIAS of the TH model are the worst with fluctuating values of 0.25–0.55, 0.35–0.70 and
−0.35–0.70, respectively, compared with the RTH and HPET models. Although the RMS,
MAE and BIAS of the RTH model have the same range as the HPET model, the specific
values of the RMS, MAE and BIAS of the RTH model are larger than those of the HPET
model at the corresponding meteorological stations. In addition, Table 6 also shows the
statistical results of the averaged RMS, MAE, BIAS and IR of the SPEI difference between
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the PM and different models under 1-, 3-, 6- and 12-month scales over the period 2012–2018.
It can be observed that the HPET-derived SPEIs at 1-, 3- and 6-month scales are superior to
those of the TH and RTH models in the LP area when the PM-derived SPEI is considered
as the reference. However, the performance of the obtained SPEI at a 12-month scale from
different models are similar, which is mainly due to the similar accumulated error in the
different models [20].
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TH 0.47 0.38 55.3 0.57 0.49 61.4 0.57 0.50 60.0 0.31 0.26 – 3.2 

RTH 0.30 0.25 30.0 0.36 0.31 38.9 0.40 0.34 37.5 0.30 0.25 – 6.7 
HPET 0.21 0.17 \ 0.22 0.18 \ 0.25 0.20 \ 0.32 0.26 \ 

MET. 
TH 0.42 0.34 45.2 0.38 0.32 47.4 0.34 0.30 41.2 0.87 0.71 8.0 

RTH 0.26 0.21 11.5 0.24 0.20 16.6 0.24 0.20 16.7 0.78 0.65 – 3.1 
HPET 0.23 0.19 \ 0.20 0.16 \ 0.20 0.17 \ 0.80 0.67 \ 

ERAI 
TH 0.26 0.24 76.9 0.17 0.16 5.9 0.51 0.50 54.9 1.48 1.39 35.5 

RTH 0.08 0.06 25.0 0.16 0.15 0.0 0.34 0.33 32.4 1.03 0.88 7.8 
HPET 0.06 0.05 \ 0.16 0.15 \ 0.23 0.22 \ 0.95 0.81 \ 

  

Figure 9. Spatial distributions of (a1) RMS of TH model, (a2) RMS of RTH model, (a3) RMS of HPET model, (b1) MAE of
TH model, (b2) MAE of RTH model, (b3) MAE of HPET model, (c1) BIAS of TH model, (c2) BIAS of RTH model, (c3) BIAS
of HPET model, respectively under a 6-month scale at 84 meteorological stations over the period 2012–2018.

Table 6. Statistical results of average RMS, MAE, BIAS and IR of SPEI difference between PM and
different models under 1-, 3-, 6- and 12-month scales over the period 2012–2018.

Model
1 3 6 12

R
MS

M
AE

IR
(%)

R
MS

M
AE

IR
(%)

R
MS

M
AE

IR
(%)

R
MS

M
AE

IR
(%)

GNSS
TH 0.47 0.38 55.3 0.57 0.49 61.4 0.57 0.50 60.0 0.31 0.26 –3.2

RTH 0.30 0.25 30.0 0.36 0.31 38.9 0.40 0.34 37.5 0.30 0.25 –6.7
HPET 0.21 0.17 \ 0.22 0.18 \ 0.25 0.20 \ 0.32 0.26 \

MET.
TH 0.42 0.34 45.2 0.38 0.32 47.4 0.34 0.30 41.2 0.87 0.71 8.0

RTH 0.26 0.21 11.5 0.24 0.20 16.6 0.24 0.20 16.7 0.78 0.65 –3.1
HPET 0.23 0.19 \ 0.20 0.16 \ 0.20 0.17 \ 0.80 0.67 \

ERAI
TH 0.26 0.24 76.9 0.17 0.16 5.9 0.51 0.50 54.9 1.48 1.39 35.5

RTH 0.08 0.06 25.0 0.16 0.15 0.0 0.34 0.33 32.4 1.03 0.88 7.8
HPET 0.06 0.05 \ 0.16 0.15 \ 0.23 0.22 \ 0.95 0.81 \
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5. Conclusions

The retrieval of high-precision PET can be realized at specific stations based on the
PM model, but a large number of meteorological parameters are required, which is difficult
to obtain practically. Although the TH model can also be used to obtain PET using only
temperature, the precision is poor. Therefore, a high-precision PET (HPET) model was
proposed, which only uses temperature and the GNSS-derived PWV. In the HPET model,
the TH-derived PET is considered as the initial value of the HPET model. Then, the DPET
between the PM and TH models is fitted by temperature and PWV and extended to the
whole study area. The LP area was selected as the experiment area, and the corresponding
PWV and meteorological data from the GNSS, meteorological stations and ERAI were
determined over the period 2012–2018. The numerical results showed the satisfactory
performance of the proposed HPET model, and high-precision PET can be obtained with
fewer meteorological parameters. Compared with the existing TH and RTH models, the
accuracy of the HPET model is the highest in terms of the RMS, MAE and BIAS at the
GNSS, meteorological stations and grid points, respectively. The improvement rates of the
RMS of the HPET model are approximately 72.5%/40.4%, 68.9%/19.5% and 91.0%/61.6%
compared with the TH and RTH models at the GNSS, meteorological stations and grid
points, respectively. In addition, the HPET-derived SPEI at different month scales were also
validated at the GNSS/meteorological stations and grid points, respectively, and similar
results were obtained. Therefore, the proposed HPET model in this paper is superior to the
existing TH and RTH models, which has great significance for the calculation of PET, the
SPEI and drought studies. With the development of the GNSS, the GNSS-derived PWV can
be easily obtained with high density; therefore, the proposed method in this manuscript
has great potential for calculating high precision PET.
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