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Abstract: Precise estimation of reference evapotranspiration (ETo) is of significant importance in
hydrologic processes. In this study, a genetic algorithm (GA) optimized back propagation (BP) neu-
ral network model was developed to estimate ETo using different combinations of meteorological
data across various climatic zones and seasons in China. Fourteen climatic locations were selected
to represent five major climates. Meteorological datasets in 2018-2020, including maximum, mini-
mum and mean air temperature (Tmax, Tmin, Tmean, °C) and diurnal temperature range (AT, °C), solar
radiation (Ra, M] m2 d'), sunshine duration (5, h), relative humidity (RH, %) and wind speed (U,
m s™), were first subjected to correlation analysis to determine which variables were suitable as
input parameters. Datasets in 2018 and 2019 were utilized for training the models, while datasets in
2020 were for testing. Coefficients of determination (r?) of 0.50 and 0.70 were adopted as threshold
values for selection of correlated variables to run the models. Results showed that U2 had the least
r2 with ETo, followed by AT. Tmax had the greatest r? with ETo, followed by Tmean, Ra and Tmin. GA
significantly improved the performance of BP models across different climatic zones, with the ac-
curacy of GABP models significantly higher than that of BP models. GABPos model (input variables
based on r? > 0.50) had the best ETo estimation performance for different seasons and significantly
reduced estimation errors, especially for autumn and winter seasons whose errors were larger with
other BP and GABP models. GABPos model using radiation/temperature data is highly recom-
mended as a promising tool for modelling and predicting ETo in various climatic locations.

Keywords: BP models; climatic zones; model performance; multi-layer perceptron; seasons

1. Introduction

Reference crop evapotranspiration (ETo) is a predominant factor in hydrologic pro-
cesses and a prerequisite for calculation of crop water requirements [1,2]. In recent years,
model estimation of ETo has been a major way to obtain ETo due to its low cost and ac-
ceptable accuracy [3]. With solar radiation and aerodynamic factors considered, FAO Pen-
man-Monteith (PM) model has been a reference method for computing ETo [4]. However,
access to full meteorological datasets (i.e., air temperature, solar radiation, sunshine
hours, wind speed and vapor pressure etc.) is not always easy in numerous developing
nations, making the practice of PM model limited in many countries [5]. Radiation and
temperature data are the commonest meteorological data obtained by weather stations.
Many studies also reported that radiation and temperature were the factors most corre-
lated to ETo [6,7]. How to efficiently obtain higher precision ETo estimation models using
less data has been an urgent problem to be solved.
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ETo estimation models are divided into two main categories: empirical models and
machine learning models. Empirical models are site - specific, needing modifications for
different locations [8]. In this context, it is difficult to select a broadly adopted empirical
model suitable everywhere [9]. Recently, machine learning models have been successfully
implemented to predict the ETo [10]. Artificial neural network (ANN) uses the intercon-
nected information processing units to turn meteorological inputs into ETo outputs and
has been regarded as one of the best approaches to predict ETo [11]. For example, neural
network models have been proposed to compute ETo in the Beas - Sutlej basin, India [12]
and in the Peloponnese Peninsula, Greece [13], based on different combinations of input
data and they concluded that neural network models showed good performance in ETo
prediction. In the tropical climate of Brazil, neural networks performed better in ETo pre-
diction with limited meteorological data than support vector machine (SVM) models [14].
In Victoria, Australia, only temperature and wind speed data were adopted to predict ETo
using artificial and wavelet neural networks and it was reported that both models pre-
dicted ETo with good accuracy [15].

The back propagation network (BP) model is one of the most popularly adopted neu-
ral network models due to its simple structure and easy implementation. Several studies
have been adopting BP neural networks to predict ETo [16,17]. In Florida, USA, regional
ETo was predicted using BP models in a continental climate and it had good consistency
with the measured ETo [18]. In India, the accuracy of BP models was verified in a subtrop-
ical monsoon climate and was proved effective in ETo prediction [19]. However, the BP
neural network has some drawbacks, which makes it easy to fall into local optimal solu-
tion [20]. Some scholars found that local extremum was easily produced by the BP neural
network, yielding low applicability among various climaticlocations [21,22]. Several stud-
ies have reported that climatic types exerted significant effect on the performance of BP
models. For example, the accuracy of BP models for ETo estimation was lower in the mon-
soon plateau than in subtropical climate due to its difference in sensitivity to radiation
and temperature [23]. Furthermore, BP models were shown to have greater biases in ETo
estimation in cold seasons than in warm seasons [24,25]. The uncertainty in ETo estimation
across different climatic zones was probably due to the fact that in tropical regions wind
speed was really slow, especially in rainy months, while it was very high in mountain
plateau areas [15]. In addition, in tropical regions relative humidity was very high,
whereas in arid and semi - arid areas relative humidity was extremely low [4]. All this
affects accuracy of ETo estimation. In data scarce areas, Chen et al. (2015) established ETo
estimation BP models with only temperature input in Hexi Corridor, Northwest China
and found that their root mean square error (RMSE) was increased by 23%, compared
with Hargreaves equation [26]. Zhang et al. (2015) found that the BP neural network
method only with temperature data increased RMSE and mean absolute error (MAE) in
the North China Plain (NCP) compared with support vector regression (SVR) models [27].

Recently, various optimized algorithms were developed to improve the performance
of neural networks. Genetic algorithm (GA) is an optimized algorithm simulating the na-
ture of biological genetics in a population to search for the best individuals as optimal
weights and thresholds for neural networks [28]. GA has been shown to have the capacity
to optimize learning machine model using limited data. In Gyeong Sangbuk, South Korea,
GA optimized neural networks models were evaluated in predicting the daily ETo and it
was found that GA optimization methods were able to estimate daily ETo from limited
weather data [29]. In Southwest China, Liu et al. (2022) evaluated the performance of ex-
treme learning machine (ELM), a new learning feedforward neural network, GA opti-
mized ELM and empirical models for estimating daily ETo and found that GA-ELM was
the most efficient method for predicting daily ETo using Tmax, Tmin and Ra data [30]. The
accuracy of GA optimized BP model in ETo prediction also proved higher than that of
empirical models under the same parameter input combinations in Yangtze-Huaihe River
Basin, China [31]. It is obvious that GA optimization models have been a hot spot in the
application of machine learning.



Appl. Sci. 2022, 12, 10689

3 of 16

China covers a variety of climate zones and has obvious alternation of seasons. Pre-
vious studies of ETo estimation mainly concentrated on a specific time scale in particular
regions of China. This paper used GA optimized BP neural network models to estimate
ETo from 14 locations across China over five climatic zones. Coefficients of determination
between meteorological variables and ETo were calculated. Data input combinations were
determined based on r?>0.50 and r? > 0.70, respectively. This study attempted to compre-
hensively compare BP and GABP models for modeling ETo using different input combi-
nations across various climatic zones and seasons in China. We hypothesized that GABP
models significantly improved model performances across various climatic zones and
seasons. This study aims to provide an optimized model for local farmers and policy -
makers to accurately estimate and predict potential evapotranspiration and crop water
consumption.

2. Materials and Methods
2.1. Study Area

China has an area of 9.6 million square kilometers in eastern Eurasia. According to
the characteristics of precipitation, air temperature and solar radiation which markedly
vary across China, five climatic zones are divided as follows: (I) temperate continental
zone (TC), (II) temperate monsoon zone (TM), (III) mountain plateau zone (MP), (IV) sub-
tropical monsoon zone (STM), (V) tropical monsoon zone (TM) [32]. The selection of cli-
matic sites was based on a previous study by Fan et al. (2018) published in Agricultural
and Forest Meteorology [23]. Taking the sites” distribution in each climatic zone and the dis-
tance among locations in account, 14 national meteorological stations established by the
China Meteorological Administration (CMA) were selected (Figure 1). The meteorological
stations were distributed between latitudes 18°14'-43°56" N and longitudes 93°31'-125°13'
E, with above sea levels ranging from 7.1 m to 3315 m (Table 1).

60°N

40°N

20°N

0° | Lmt® 12001800 2500
80°E 100°E 120°E 140°E

Figure 1. Geographic locations of the 14 national meteorological stations across different climatic
zones of China. TC, temperate continental zone; TM, temperate monsoon zone; MP, mountain plat-
eau zone; STM, subtropical monsoon zone; TPM, tropical monsoon zone.
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Table 1. Geographic characteristics of the 14 national meteorological stations located in different
climate zones.

Climate Type Station No. Station Name Latitude (N) Longitude (E) Elevation (m)

TC 52,203 Hami 42°49' 93°31' 737.2
TC 53,463 Xilin Hot 43°56' 116°10 1065.2
TC 53,614 Yinchuan 38°28' 106°12' 1110.9
™ 54,823 Jinan 36°36' 117°15' 170.3
™ 54,161 Changchun 43°54' 125°13' 236.8
™ 57,083 Zhengzhou 34°43' 113°39’ 110.4
MP 52,818 Germu 36°25' 94°55' 2807.6
MP 52,866 Xining 36°44' 101°45' 2295.2
MP 56,137 Changdu 31°09’ 97°10' 3315.5
STM 59,287 Guangzhou 23°13' 113°29' 70.7
STM 58,238 Nanjing 31°56' 118°54' 35.2
STM 57,516 Chengdu 30°40' 104°04' 259.1
TPM 59,758 Haikou 20°03' 110°35' 18.0
TPM 59,948 Sanya 18°14' 109°31' 7.1

Note: TC, temperate continental zone; TM, temperate monsoon zone; MP, mountain plateau zone;
STM, subtropical monsoon zone; TPM, tropical monsoon zone.

2.2. Data Collection and Analysis

In this study, data of daily maximum, minimum, mean temperature (Tmax, Tmin, Tmean,
°C), diurnal temperature range (AT, °C), total solar radiation (R., M] m2 d), actual sun-
shine duration (S, h), wind speed at 2 m height (U2, m s) and relative humidity (RH, %),
during the period of 2018-2020 were collected. After the data quality check by the CMA,
the datasets were proved to have good continuity and accuracy.

2.3. Models for Estimating Reference Crop Evapotranspiration
2.3.1. FAO Penman-Monteith Model
As a widely accepted model for estimating ETo, the FAO Penman-Monteith equation

was employed in this study. It is also considered a standard method to compare the accu-
racy of other models. The P-M model is described as follows:

900
O408A(Rn — G) + 7/?273 Uz(es — ea) (1)
ET =
0 A+y(1+0.34U,)

where A is the slope of vapor pressure curve (kPa °C™), Rx is surface net solar radiation (M]
m=2d™), Gis soil heat flux density (M] m=d) and y is the psychrometric constant (kPa °C™).
T is mean air temperature (°C), a mean value of Tmax and Tmin, U2 is wind speed at 2 m height
(m s1), es is saturation vapor pressure (kPa) and e. is actual vapor pressure (kPa).

2.3.2. BP Neural Network Model

A neural network model with multi - layers is able to approximate any nonlinear
continuous function [33]. BP neural network is a nonlinear adaptive learning system, con-
taining lots of parallel interconnected neurons. The advantage of BP neural network is its
feed - forward and feed - back structure. A feed - forward network contains an input
layer, an output layer and several hidden layers, constructing multiple layers of percep-
tron network [26]. The BP output results can affect the inputs using the back propagation
(BP) principle and, in turn, adjust the weights of the feedback neural network. In this
study, we constructed an ‘n - 7 - 1" structure of a BP neural network. The letter ‘n” was the
number of input variables in different input combinations. Owing to the nature of back
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propagation, the BP model can feedback the input layers either in a positive or a negative
direction, which increases or decrease the weights of networks [29].

2.3.3. Genetic Algorithm Optimized BP Neural Network Model

Genetic algorithm (GA) makes use of the principle of population evolution and bio-
logical genetics in a natural environment [34]. First, GA generates initial population ran-
domly and then performs a series of operations of selection, mutation and crossover to
obtain the best fitness values for the populations (Figure 2). The accuracy of training con-
vergence can be significantly improved using GA due to its merits in global searching,
parallelism and generalization ability [35]. With fast learning and accurate convergence
traits, the GABP neural network model can effectively obtain the optimal weights and
thresholds of the network, finding out the global optimal solution with less computational
costs [36]. The BP and GABP models were run in Matlab 2018b (MathWorks Inc., Natick,
MA, USA).

Generate initial population Establish BP neural network topology

Generate parameter initialization

Calculate fitness values

code of genetic algorithm

Perform operation of selection,

mutation and crossover Decode and obtain the best

weights and thresholds

Calculate fitness values of

the newer population Train network and calculate the

| T e R e S e ST i S S T i N BT 3 R s OIS SRR e

output error of neural network
No
Maximum number of iterations
E=e
Yes
\|/ Yes
Select the best individual Y Output predicted results
A ’ ’
- o .’ hY o, o /

e e n s e e r o mm m o  mw mm r o o

Figure 2. Workflow of the proposed genetic algorithm optimized BP neural network models.

2.4. Input Variables Selection

According to previous studies, eight variables, including maximum, minimum and
mean air temperature (Tmax, Tmin, Tmean, °C), diurnal temperature range (AT, °C), total solar
radiation (Ra, MJ m2 d-), actual sunshine duration (S, h), relative humidity (RH, %) and
wind speed at 2 m height (U2, m s), were initially selected [32,35]. Datasets were chosen
from 2018-2020, in which 2018 and 2019 datasets were utilized for training models and
datasets fir the year of 2020 were for testing. All the results reported referred to the testing
phase. Published literature has shown that the effect of meteorological parameters on the
performance of ETo estimation models varied markedly across different climatic zones [7].
Therefore, correlation analysis was conducted before the variables were applied to neural
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network models. With the extent of determination coefficients (r?) ranging from 0.10 to
0.93, threshold values were determined using the median (12 = 0.50) and third quartile (12
=(.70) values from a box chart after statistical distribution for training and testing models
(Table 2).

Table 2. The selection of input variables for BP and GABP models at the 14 national meteorological
stations based on r2 > 0.50 and r2> 0.70.

Station Name Input Variables Based on r? > 0.50 Input Variables Based on r? > 0.70
Tmax  Tmin Tmen AT Ra S RH U2 Tmx Tmin Tmen AT Ra S RH U
Hami v v v v v v v v v
Xilin Hot v v v v v v v
Yinchuan l l V V V v ol
Jinan \ \ \ NN \ \
Changchun l l V V V V v
Zhengzhou l l V v oA V v v
Germu ol ol ol v v v v v
Xining l l V V \/ v v
Changdu l l V V V v
Guangzhou l V v oA ol
Nanjing v N v ;
Chengdu ¥ v 4 4 A ¥ v v v
Hakow v v N N N A y v v
Sanya M M VoW v

Note: Tmax, Tmin, Tmean and AT (°C) represent the maximum, minimum and mean air temperature and
diurnal temperature range, respectively. Ra, S, RH and U: are the total solar radiation (M] m2 d™),
sunshine duration (h), relative humidity (%) and wind speed at 2 m height (m s?), respectively.

2.5. Model Accuracy Evaluation

The accuracy of BP and GABP neural network models were evaluated using four
statistical indices, namely the root mean square error (RMSE), correlation coefficient (R),
mean absolute error (MAE) and mean bias error (MBE) [37]. Smaller MAE and RMSE sug-
gest lower error between the predicted and measured values. R is used to indicate the
correlation between the predictions and observations and is proposed to be sufficiently
higher to indicate a better prediction performance [38]. The MBE values higher than 0
indicate over prediction, whereas MBE values lower than 0 mean under prediction. The
mathematical equations of the four statistical indices are written as:

RMSE = @
R 2(P-PXO-0) 5
VX (B-P}Y! (0,-O)
MAE=—3 |0, ~P) @
n'ix

MBE=1ZHZ(OZ.—PI,) 5)
n

i=1
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where 7 is the number of measured values in testing phase. P: is predicted values on day
i and O: is observed values on day i. P represents the mean values of Piand O the mean
values of Oi in testing phase.

3. Results
3.1. Correlation Analysis between ETo and Meteorological Factors

Correlation analysis between FAO PM based ETo estimates and each input meteoro-
logical variable was performed to help identify dominant variables contributing to ETo
variations (Figure 3). Results showed that Tmax had the greatest coefficient of determina-
tion (12), averaging 0.785, followed by Tmean (12 = 0.735), Ra (12 = 0.727) and Tmin (r2 = 0.615).
In contrast, Uz had the least r2 of 0.125, followed by AT (12=0.228), RH (2= 0.258) and S (12
=0.377). Dataset of U2 were excluded as an input variable due to low 12 values (0.04-0.40).
AT only correlated with ETo for tropical and subtropical humid climate, with its 2 ranging
from 0.501 (Sanya) to 0.611 (Chengdu). S showed significant correlation with ETo for trop-
ical, subtropical and temperate monsoon climate, with 12 ranging from 0.551 (Sanya) to
0.797 (Haikou).

Hami [ 1.0
Xilin Hot 0.9
Yinchuan 0.8

Jinan

Changchun 0.7
Zhengzhou - 0.6
Germu 0.5
Xining )
Changdu 0.4
Guangzhou 0.3
Nanjing
Chengdu 0.2
Haikou 0.1
Sanya 0.0

T,.., T,., T.. AT R, S RH U,

max min mean a

Weather variables

Figure 3. Coefficients of determination (r?) between ETo estimates (from FAO PM method) and mod-
els’ meteorological parameters from the 14 national meteorological stations. Tmax, Tmin and Tmean rep-
resent maximum, minimum and mean temperature (°C); AT is diurnal temperature range (°C), Ra
stands for total solar radiation (MJ] m2d™"), S, RH and Uz mean actual sunshine duration (h), relative
humidity (%) and wind speed at wind speed at 2 m height (m s™).

3.2. Comparison of Statistical Indices of BP and GABP Models

The statistical indices in testing phase for BP and GABP neural network models were
presented in Figure 4. As indicated by RMSE, R, MAE and MBE, the accuracy for GABP
estimation models was higher than that of BP models (Table S1). Mean values of RMSE,
R, MAE and MBE were 0.755 mm d-1, 0.724, 0.404 mm d-' and —0.023 mm d-, respectively,
for BP models and were 0.434 mm d-!, 0.894, 0.169 mm d-! and 0.053 mm d-, respectively,
for GABP models. Generally, the performance of BPos and BPo7 models was best in tropi-
cal and subtropical monsoon zones, followed by the mountain plateau zone, and worst in
temperate monsoon and temperate continental climates, respectively. However, GA sig-
nificantly improved the performance of BP models for different climatic zones. For exam-
ple, mean values of RMSE and MAE for GABP models were 0.434 and 0.169 mm d, or a
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decrease of 42% and 58%, respectively, compared to BP models. Mean R values of GABP
models were 0.894, or an increase of 23%, compared to BP models. As for MBE values,
GABP models significantly decreased the values for tropical, subtropical monsoon and
temperate continental zones, but significantly increased MBE values for temperate mon-
soon zone. It was a surprise that GA showed a contradictory effect on MBE among climatic
types. Low mean MBE may be a result of an average of both positive and negative values,
which may not indicate an approximation of true values. In this study, mean MBE value
was low for BPo7 model but it was true that large difference existed in both negative and
positive MBE values during different seasons for the BPos model. On the contrary, more
neutral values of MBE for the GABPos model indicated a better estimation accuracy than
did the BPos, BP0z and GABPo7 models. In this study, seasonal factor was considered in
the comparison of statistical indices. Mean value of R was lowest (0.690) for winter season,
whereas it was 0.812 to 0.877 for the other three seasons. Mean values of MAE were high-
est for winter (0.529 mm d-7), intermediate for autumn (0.309 mm d-') and least for spring
and summer seasons. RMSE values followed a similar order to MAE. However, GA sig-
nificantly reduced RMSE and MAE across different seasons. For example, averaged RMSE
and MAE values of GABP models for winter season were 0.292 mm d-!and 0.236 mm d-},
or a decrease of 57% and 71%, compared to BP models, whereas the R value of GABP
models was 0.841, or an increase of 56%, compared to BP models.
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Figure 4. ETo estimation performance in testing phase as indicated by (A) root mean square error
(RMSE), (B) correlation coefficient (R), (C) mean absolute error (MAE) and (D) mean bias error
(MBE) of BPos, BPo7z, GABPos, GABPos models for the 14 national meteorological stations.
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3.3. Comparison of Seasonal ETo Estimates from FAO PM Equation, BP and GABP Models

During model training and testing phase, ETo was estimated at a daily time step. Fig-
ure S1-54 show the results of the daily ETo trends of FAO PM equation vs. trends of BP
and GABP models during testing phase. These daily estimated ETo data were accumulated
as seasonal ETo data for comparison. Based on FAO PM equation, annual ETo was greatest
for TPM zone (1088 mm yr!), intermediate for TC zone (1014 mm yr') and MP zone (1012
mm yr') and least for TM zone (984 mm yr') and STM zone (930 mm yr') (Table 3).
Model performance in seasonal ETo estimates varied markedly across various seasons
(Figure 5). BP and GABP models underestimated seasonal ETo in spring by -2.27% to
=5.07%, overestimated ETo in autumn by 6.05% to 10.1% and well estimated ETo in sum-
mer (-1.50% to —0.66%). In winter season, BPos model underestimated ETo by —6.38% while
GABPo7 models overestimated ETo by 6.69%. In contrast, GABPos model well estimated
seasonal ETo in spring, summer and winter seasons (-0.55% to —1.27%). The greatest ETo
overestimation (by 10.1%) was observed in autumn for BP models, while GABPos model
appreciably decreased the overestimation to 6.05% in autumn. BPos and BPor models over-
estimated seasonal ETo in autumn by 14.2% to 33.5% in TC zone, which was unacceptable.
Through comparison, GABPos model had the best model performance in seasonal ETo esti-
mation, especially for autumn and winter seasons, with large discrepancy for other models.

Table 3. Mean seasonal ETo (mm) in testing phase estimated from BP and GABP models for different
climatic zones in China.

Season Climatic Zone FAO PM BPos BPo.7 GABPos GABPo~
TC! 330.8 306.6 310.6 323.4 319.0
T™ 2 327.1 314.5 285.6 303.1 289.6
Spring MP3 292.1 283.8 258.1 284.0 275.0
STM 4 244.2 248.8 259.5 247.6 248.6
TPM 5 288.4 297.7 295.9 290.5 302.1
TC 449.7 449.4 438.2 459.4 452.5
™ 383.4 388.1 391.1 387.3 390.9
Summer MP 360.9 352.9 373.9 360.3 362.4
STM 356.9 348.6 336.6 347.7 335.0
TPM 363.9 353.9 347.2 347.6 343.9
TC 1824 236.4 225.7 201.2 211.3
™ 190.3 197.6 240.6 202.4 230.6
Autumn MP 216.6 250.2 239.7 238.1 238.8
STM 207.2 212.9 210.7 217.8 207.2
TPM 245.3 247.5 227.1 243.4 235.2
TC 51.1 23.7 32.8 49.9 60.1
™ 82.8 74.7 65.8 79.7 83.5
Winter MP 142.2 133.2 160.5 146.1 157.0
STM 121.7 125.5 134.1 121.3 133.1
TPM 190.4 195.2 209.1 189.8 195.8

Note: ! TC, temperate continental zone; 2 TM, temperate monsoon zone; > MP, mountain plateau
zone; * STM, subtropical monsoon zone; > TPM, tropical monsoon zone.
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Figure 5. Spatial distribution of seasonal ETo in testing phase predicted by (A) FAO PM method, (B)

BPos, (C) BPos, (D) GABPos and (E) GABPoz models for the 14 national meteorological stations in
China.
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3.4. Result Analysis

In general, correlation analysis was the first step for ETo estimation, because it deter-
mined which variables were qualified as an input factor. Our results showed that air tem-
perature and solar radiation were the dominant factors contributing to ETo. Other factors
such as AT, RH and S were only correlated with ETo in specific climates or cities. The sec-
ond step was to calculate threshold values of r2 for the selection of input variables. With
no methodology to refer to, we subjected all r? of meteorological factors to statistical dis-
tribution using a box chart (Figure 6) and then used median (2 = 0.50) and third quartile
values (r? = 0.70) as thresholds. Correlated factors satisfying the thresholds were applied
to BP and GABP models. Our study may provide a reference for the selection of input
variables. Significant climatic and seasonal effects was observed on ETo estimation. BP
models performed worse in cold seasons and in arid to semi - arid climates. However,
GABP models significantly improved model performance even with fewer input param-
eters. In general, GABPo7 model was acceptable in annual ETo estimation, while GABPos
performed best in seasonal ETo estimation.
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Figure 6. (A) Coefficients of determination (r?) between meteorological factors and ETo, (B) box chart
showing the statistical distribution of r?for meteorological factors.

4. Discussion
4.1. Contribution of Meteorological Factors to ETo Variations

Neural network models usually need a variety of meteorological factors to train and
test [38]. However, adequate weather parameters are often inaccessible in many develop-
ing countries [3]. Determining dominant influencing factors helps improve model work-
ing efficiency and popularity. Previous studies showed that variables such as air temper-
ature and solar radiation explained approximately 70% of the contribution to ETo varia-
tions [39,40]. Our study showed that the correlation between ETo and air temperature and
between ETo and solar radiation was highest, while AT, RH and U: had significantly low
2 (Figure 6A). The result was consistent with the findings of Qiu et al. (2019), who re-
garded energy - related factors as the most influencing variables for ETo[35]. In previous
studies, several scholars considered diurnal temperature range (AT, °C) a dominant input
variable for calculating ETo [7,41], which was inconsistent with our study. In this study,
AT showed less correlation at most sites. The r2 between AT and ETo was 0.50 in Sanya and
Haikou, where their AT was less than 10 °C in most seasons due to a tropical climate [42].
Smaller AT usually indicates closer values to Tmax and Tmin. When AT becomes larger, ETo
shows more correlation with Tmax and Tmin but less with AT because large data fluctuation
is considered undesirable in the correlation analysis [43,44]. In this study, U2 was the least
correlated factor. The reason may be that wind speed is not a dominant factor in the at-
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mospheric energy cycle [45-47]. Besides, Uz is further impacted by land use and topogra-
phy, making accurate data difficult to obtain [48]. This is why several simplified ETo mod-
els do not include U: as an input variable [49,50].

4.2. Seasonal and Climatic Effects on ETo Estimation

Our study found that ETo in arid and semi - arid climate was more affected by air
temperature, while solar radiation affected ETo more in humid and semi - humid climate
(Figure 7). Several previous literature also found that the sensitivity of meteorological fac-
tors to ETo varied across climatic types [51-54]. When seasonal ETo was compared, the
accuracy of ETo estimation decreased in autumn and winter seasons, especially for BP
models in TC and PM zones. In Shaanxi Province, Northwest China, six sites were selected
to represent semi - humid to arid climates to compare the performance of BP models and
similar results were observed to our study. It was found that average relative error (ARE)
was greater than 12% in autumn and winter seasons, especially for arid climate in North
Shaanxi province [55]. In central China, worse model performance was also found during
autumn and winter seasons, while the ARE was smaller (<9%) for a subtropic monsoon
climate whose air temperature and relative humidity were relatively higher [56]. The rea-
son why ETo estimates had greater discrepancy in cold seasons and areas might be at-
tributable to its large AT as indicated by the extremely low correlation with AT (°C) in
temperate continental and mountain plateau zones.
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Figure 7. Graphic showing climatic and seasonal effects on ETo estimation of models.

4.3. Genetic Algorithm Improves the Performance of Models

Previous studies reported that performance of neural network models became worse
with limited input variables [57,58]. However, genetic algorithm (GA) was able to im-
prove the performance of models with fewer input factors [59,60]. In northern Greece, it
was found that ANN models with fewer inputs gave rise to lower accuracy than the GA
optimized ANN model [61]. In South Korea, it was reported that GABP models estimated
daily ETo with acceptable accuracy using only temperature data [29]. In Yangtze River
Basin, China, the accuracy of GABP models was also proved higher than that of empirical
models with fewer parameter inputs [31]. When choosing 12 = 0.70 as a threshold value,
the number of input variables for BP0z and GABPos models were only one for Guangzhou
(Ra) and Sanya (Ra) and two for Nanjing (Tmax and Ra) and Jinan (Tmax and Tmean), respec-
tively. With the same input variables, R of GABP models was increased by 12-18% for the
above mentioned cities. Moreover, RMSE of GABP models was decreased by 31-55% for
Guangzhou and Sanya cities (Figure 8). Our results clearly indicated that GABP models ob-
tained more accuracy than did the BP models with fewer parameters. Specifically, for an-
nual ETo estimation, the GABPo7 model using less input variables performed well with ac-
ceptable accuracy, whereas the GABPos model was preferable for seasonal ETo estimation.
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Figure 8. Graphic showing GABP model performance for ETo estimation compared with BP models.

5. Conclusions

In this study, based on the collected datasets from the 14 national meteorological sta-
tions in China, BP and GABP models were developed to estimate daily ETo across different
climatic zones and seasons. Correlation analysis between ETo and meteorological param-
eters helped determine the most commonly influencing variables applied to neural net-
work models. Uz had the least 2 with ETo, followed by AT. Tmax had the greatest r2 with
ETo, followed by Tmean, Ra and Tmin. Median and third quartile values of 2 = 0.50 and 0.70
were adopted as threshold values for the selection of input variables. The results showed
that the GABPos model using radiation and temperature data had a better performance
than the GABPoz model in autumn and winter seasons and GABP models were superior
to BP models in ETo estimation. Although GABPoz model produced less accuracy than the
GABPos model, it outperformed both the BPos and BPo7 models. When seasonal differ-
ences were taken into account, the GABPos model outperformed the GABPo7 model. Our
study clearly addressed the hypothesis that GABP models significantly improved model
performance in annual ETo estimation across various climatic zones and seasons. It was
concluded that the GABPos model can be used for irrigation engineers and agricultural
practitioners to estimate ETo for efficient crop water requirement calculation and can be a
useful tool to be adopted in smart irrigation in different climatic zones in China.
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