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a b s t r a c t

Reference evapotranspiration (ET0) is very important for the water cycle in farmland. Given this impor-
tance, spring ET0 in South China was calculated by the Penman–Monteith (P–M) method based on daily
meteorological data from 1969 to 2010. To reduce workload and apply in areas where climate data are
not available, we researched simplification and universality of the double-factor back-propagation (BP)
model for estimating ET0. Quantitative analysis showed that in South China, based on path analysis the-
ory, sunshine duration (N) had the strongest effect on ET0. N was the dominant meteorological factor,
with the largest correlation and path coefficients, 0.8357 and 0.5559, respectively. Minimum temperature
(Tmin), mean temperature (Tmean) and relative humidity (RH) were the next determining factors in differ-
ent cities. Simplified BP models with only input variables N and Tmin, and N and Tmean could effectively
estimate ET0, with small MAE (mean average error) both <0.2 mm, small RMSE (root mean square error)
both around 0.4 mm, small MAPE (mean absolute percentage error) both <6%, and large R2 0.9569 and
0.9479, respectively. Universality of the simplified double-factor model was further evaluated based on
the selected reasonable determinants and accurate BP estimation model. Results showed that the former
model for the cities of Nanning andWuhan had great potential across South China with large R2 of 0.9566
and 0.9609, meeting the demands of agricultural production. Further, there was a strong linear relation-
ship between the ET0 calculated by the P–M method and those estimated by the two universal models.

� 2015 Published by Elsevier B.V.

1. Introduction

Evapotranspiration, which includes evaporation from soil and
vegetative surface and transpiration from plants, is considered as
an important component of the hydrologic process and has an
important role in field water management (Gocic et al., 2015;
Petkovic et al., 2015; Shiri et al., 2014; Talebnejad and
Sepaskhah, 2015). Reference evapotranspiration (ET0) is an impor-
tant basis for estimating crop evapotranspiration and quantifying
crop irrigation water requirements, and has been widely used in
various water resource fields, such as agricultural irrigation strat-
egy, water balance in farmland, and land resource planning
(Chang et al., 2010; Jacobsen et al., 2012; Stagnari et al., 2014).

There are many methods for ET0 estimation. The Penman–Mon-
teith (P–M) method is recommended as the standard by the United
Nations Food and Agriculture Organization (UNFAO) and has
gained worldwide acceptance and received much research inter-

ests (DeJonge et al., 2015; Gavilan et al., 2007; Lopez-Urrea et al.,
2006; Petkovic et al., 2015; Shan et al., 2015). The P–M equation
has been widely used in different climatic and geographic regions
to assess monthly, daily or hourly ET0 (Ladlani et al., 2012; Perera
et al., 2014), and its result is more realistic and accurate than that
from other methods, such as Hargreaves and Priestley–Taylor
(Berti et al., 2014; Szilagyi, 2014). Although the FAO P–M method
is accepted worldwide and has broad application prospects, its
drawbacks are not negligible. For example, not all climate data
required by the P–M equation are available in some areas
(Pereira et al., 2015). Therefore, the following issues need urgent
study: (1) selection of as few dominant meteorological variables
as possible affecting ET0, and (2) universal application of an estab-
lished model in more regions.

In selecting key determinants from all factors, principal compo-
nent analysis and factor analysis are considered effective (Shrestha
et al., 2012). However, when using these analyses, there are two
main requirements. The first is mutual independence among
principal components, and the second is non-significant linear rela-
tions among factors. For the present study, however, there is obvi-
ous interaction among all meteorological factors in determining
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ET0, which conflicts with the two requirements. Simple correlation
analysis may not take full account of the interactions among
variables, likely leading to biased results. In multiple regression
analysis, although it may eliminate interaction between variables,
it is difficult to compare the effects of each independent variable
on the dependent variable, because the partial regression coeffi-
cient has units. Consequently, path analysis is preferred, because
interaction among independent variables (i.e., climate factors)
and the combined influence of all independent variables (also
climate factors) on the dependent variable (i.e., ET0) are all consid-
ered by this theory.

When establishing ET0 estimation models via selected domi-
nant climate factors, another alternative is the application of intel-
ligent computational models, such as the artificial neural network
(ANN) (Huo et al., 2012), and the ANN method has been effectively
applied with high accuracy in ET0 estimation (Gocic et al., 2015;
Shiri et al., 2014; Trajkovic, 2010; Traore et al., 2010). However,
in many researches on ET0 estimation via ANN models, some tradi-
tionally crucial climate factors (e.g., maximum and minimum tem-
perature, relative humidity, radiation and wind speed) and other
factors required by the P–M equation have been considered as
input variables (Falamarzi et al., 2014; Huo et al., 2012; Landeras
et al., 2008; Traore et al., 2010). This often results in a waste of time
and energy. Therefore, a three-layer BP network with one input
layer, one hidden/intermediate layer and one output layer is
selected for the present study. More importantly, not many but
only one or two dominant climate factors determined by path anal-
ysis are used as input variables to ANN models.

In this study on spring ET0 estimation, the original climate data
required were obtained from agro-meteorological observation sta-
tions. First, path analysis was used for determining as few domi-
nant meteorological factors as possible, and these factors were
viewed as independent (input) variables of the ANNmodel. Second,
for model establishment, a three-layer BP network was selected
because of its wide application and high accuracy. For verifying
the established ANN model, its accuracy was determined by the
difference between ET0 values computed by the established model
and the FAO P–M equation. The primary objectives were as fol-
lows: (1) Propose a more reasonable method for selecting as few
determinants as possible among many climate factors for ET0 esti-
mation; (2) Simplify ANN models using only those few determi-
nants in computing ET0, evaluate the universal performance of
the optimal ANN model, and finally generalize the model to all
China and more regions with a similar climate; and (3) Put the
established model into practice to predict ET0 in local areas where
lacks meteorological data.

2. Materials and methods

2.1. Study area and weather data source

China is divided into north and south by a Qinling Mountain–
Huaihe River line, each with significantly different climate features
(Fig. 1). Generally, cultivated area in the south is smaller, and
demands intensive cultivation and greater crop productivity. Con-
sequently, the south (around 18–35�N and 98–122�E) was selected
as the study area to enhance the universality of the simplified
model for ET0 calculation, thereby promoting crop yields. Hong
Kong and Macao special administrative regions and Taiwan were
omitted, leaving 14 provincial capital cities in the south for analy-
sis (Fig. 1).

All original spring (March–May) meteorological data from 1969
to 2010 were obtained from the China Meteorological Data Sharing
Service System website. Data from 1969 to 2010 were used to
determine dominant meteorological factors and establish BP

estimation models based on those factors. Data from 1969 to
2003 were used to calibrate the BP models, including training mod-
els and determining inner parameters. Data from 2004 to 2010
were used to validate the established BP models. The original data
were of high accuracy and reliability, owing to continuous observa-
tion by the automatic agro-meteorological observation stations in
each Chinese province.

2.2. Reference evapotranspiration

The FAO P–M equation is written as Eq. (1), which is considered
the standard method for calculation of crop ET0. The calculated ET0
data were thus viewed as standard values, which were used to
train the ANNs and verify fitted values from the simplified model.

ET0 ¼ 0:408DðRn � GÞ þ c 900=ðT þ 273Þð Þu2ðes � eaÞ
Dþ cð1þ 0:34u2Þ ð1Þ

where ET0 is reference evapotranspiration (mm d�1), Rn is net radi-
ation (MJ m�2 d�1), G is soil heat flux density (MJ m�2 d�1), c is the
psychrometric constant (kPa �C�1), D is the slope of the saturation
vapor pressure curve (kPa �C�1), u2 is wind speed at 2 m height
(m s�1), es is saturation vapor pressure (kPa), ea is actual vapor pres-
sure (kPa), and T is mean air temperature (�C). And the meteorolog-
ical factors in Eq. (1) could be obtained through maximum
temperature (Tmax, �C), minimum temperature (Tmin, �C), mean tem-
perature (Tmean, �C), mean wind speed at 2 m height (u2, m s�1),
mean relative humidity (RH, %) and sunshine duration (N, h)
(Gocic and Trajkovic, 2010). Meanwhile, in consideration of easy
access to meteorological parameters, the main goal of this study
is to determine how such six parameters affect ET0.

2.3. Path analysis theory

Path analysis is a type of multivariate statistical analysis for
studying relationships among variables, and it can reveal the
strength of effect of independent variables on a dependent variable
(Cai et al., 2008). Path analysis can determine direct and indirect
effects of independent variables on the dependent variable,
multi-collinear independent variables resulting from their own
strong correlations, and optimal regression equations without
unnecessary independent variables. The path coefficient is a type
of standard partial regression coefficient without units that
expresses causalities among related variables, and is also a direc-
tional correlation coefficient between independent and dependent
variables (Cai et al., 2008).

For a correlative system with one dependent variable y and
independent variables xi (i = 1, 2, . . ., n), the linear equation is:

y ¼ b0 þ b1x1 þ b2x2 þ � � � þ bnxn ð2Þ
A regular matrix equation based on Eq. (2) can be established

as:

1 rxnx1 � � � rx1xn
rx2x1 1 � � � rx1xn

..

. ..
. . .
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.
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where rxixj is the simple correlation coefficient of xi and xj, Pyxi is the
path coefficient.

Pyxi ¼ bi
rxi

ry
; ði ¼ 1;2; � � � ;nÞ ð4Þ

where bi is the partial regression coefficient of y to xi, rxi and ry are
the standard deviations of xi and y. Pyxi is the direct path coefficient
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