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Abstract

Daily reference evapotranspiration (ETop) is the most crucial link in estimating
crop water demand. In this study, Levenberg-Marquardt (L-M), Genetic
Algorithm-Back Propagation (GA-BP) and Partial Least Squares Regression (PLSR)
models were introduced to calculate the ET, values, Based on the Pearson Correlation
analysis method, five meteorological factors were obtained, which were combined
into six different input scenarios. Compared with the values that calculated by the the
Penman Monteith (PM) formula. Root Mean Square Error (RMSE), Mean Absolute

Error (MAE), Nash-Sutcliffe Efficiency (NSE), and Scatter Index (SI) were used to
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evaluate the simulation performance of the models. The results showed that the
simulation effect of the L-M model is better than that of the GA-BP model and PLSR
model in all scenarios. PLSR model has the worst performance. The SI index of L-M6
was 46.69% lower than that of GA-BP6 and 65.78% lower than that of PLSR6. When
the input factors are 3, the simulation effect of the input wind speed, the maximum
temperature and the minimum temperature is the best. L-M model and GA-BP model
can predict the ETy in the region with a lack of meteorological data. This study
provides an important reference for high-precision prediction of ETy under different
input combinations of meteorological factors.
Keywords: Estimation, Reference evapotranspiration, Levenberg-Marquardt, Genetic
Algorithm-Back Propagation, Partial Least Squares Regression, Pearson correlation.
Introduction

As a predominantly agricultural country, China is also one of the countries
lacking water resources. The problems of water ecology and water resources restrict
the development of economy and society (Ding et al., 2017). Therefore, it is essential
to study scientific water-saving technology and irrigation system for agricultural
development (Minhas et al., 2020). Crop water demand calculation is the basis of
agrarian irrigation system design and configuration of water resources in the field.
The calculation of crop water requirement is the key to accurate calculation of the
quantity of reference evapotranspiration (ETy), accurately estimate the amount of
reference evapotranspiration for the agriculture water resources rational allocation,

real-time irrigation forecast and farmland irrigation water management plays an
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important role (Shi et al, 2006). ETy calculation method consists of experience
method, time series method, temperature method and intelligent algorithm four
classes. Different procedures require different primary data in different situations. The
lack of basic data will limit the use of the technique.

FAO-56 Penman Monteith method is based on water vapors diffusion theory and
energy balance theory, which considers the effects of radiation and aerodynamics and
the physiological characteristics of crops. The FAO-56 Penman Monteith method in
regions of the world's historical meteorological data analysis reference
evapotranspiration quantity ETy has good simulation effect. It is usually used as a
standard method to calculate ETy (Waller and Yitayew 2016). In addition, the method
also used as the standard to compare other model prediction (Shiri 2017). However,
the calculation process of this method is complex, requiring more meteorological data,
and it is difficult to obtain some meteorological data, so it is difficult to popularize
and apply in some regions with incomplete meteorological data due to weak
meteorological infrastructure (Valipour 2015). For a while, the Hargreaves and
Samani method (HS) was proposed as an alternative to the PM method (Hargreaves
and Samani 1985). However, it was found in many previous studies that the HS
method underestimated ET (Valipour 2015).

The micro weather station is a facility that can measure primary meteorological
data quickly and conveniently. The increase in the number of micro weather stations
provides a foundation for delivering real-time and valid meteorological data for

agricultural development (Pelosi et al., 2016). However, due to facility performance,
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the micro weather station can only collect limited meteorological data. Therefore,
many scholars have carried out scientific research on whether ET can be predicted by
using less and more easily obtained meteorological data trying to find an effective
method to calculate ETy for regions with a relative lack of meteorological data
(Jabloun and Sahli 2008).

Many studies have shown that the reference evapotranspiration ETy has a solid
nonlinear relationship with meteorological factors in recent years. Therefore, methods
such as extensive data analysis, optimization algorithm technology have been used to
predict ETy. Typical examples are evolutionary algorithms (Jing et al., 2019), Neural
Fuzzy Model (Malik et al., 2019), Support Vector Machines (SVM) (Ashrafzadeh et
al., 2020), gene programming (Mattar 2018), Extreme Learning Machine (Wu et al.,
2019), Random Forest Models (Shiri 2018), Deep Learning (Saggi and Jain 2019),
MS5P Regression Tree Artificial Neural Network (ANN) (Granata 2019; Ferreira et al.,
2019) to conduct ETy modelling process. Shiri’s (2017) studies have shown that the
machine programming model performs better than the empirical models. The
performance of the two-model coupling approach is superior to the performance of a
single model (Shiri 2018).

Artificial Neural Network (ANN) has strong non-linear mapping ability and
adaptive characteristics (Luo et al. 2015). Back Propagation (BP) neural network is a
mature and most used non-linear function approximation method, the BP neural
network is the basic principle of forwarding transfer of information and error. Back

Propagation can approximate any non-linear mapping in theory; thus, it can simulate
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the climate factor and non-linear relation between the quantity of crop
evapotranspiration and then order to predict the amount of evapotranspiration.
However, the complexity of neural network structure and the need for extensive
sample characteristics limit the prediction accuracy of neural network. However, the
BP neural network algorithm has some disadvantages, such as convergence to local
extreme value, slow convergence operation speed, and challenging to determine the
number of hidden layers and hidden nodes in the calculation process. The final result
i1s quiet calculation efficiency, over-fitting results, poor prediction effect and other
problems (Sun et al. 2016). L-M algorithm is an improved algorithm based on BP
neural network. L-M algorithm is Gauss-Newton method and the combination of the
most vertical descent method, by adaptive adjusting damping factor to achieve
convergence characteristics, has higher iterative convergence speed, need not
calculate the Hessian matrix, at the same time with the local convergence of
Gauss-Newton method and the global features of the steepest descent method, In
many non-linear optimization problems, stable and reliable solutions are obtained.

On the other hand, different meteorological data are selected as the input so that
the forecast results will be different. Research (Yang et al. 2019) showed that
temperature is an essential factor affecting the accuracy of ET, prediction, but the
model's ETj prediction performance is significantly improved when both wind speed
and temperature are used as inputs. In addition, different meteorological input
combinations behave differently in other models. Three different models, L-M,

GA-BP and PLSR, were used in this study for comparative analysis and research. The
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complexity of these three models was low, the input factors were few, the required
primary data were easy to obtain, and the application degree was high. Therefore, this
paper took Zhengzhou Station to collect conventional meteorological data and put
them into L-M, GA-BP and PLSR models after processing. The ET( prediction
accuracy of the three models in different input combinations is comprehensively
evaluated and analyzed. The research results have significant reference value for crop
water demand prediction and water resources management based on meteorological
data.
Materials and method
Study region

Zhengzhou is located in central China, the lower reaches of the Yellow River and
the north of central Henan Province, As shown in Figure 1, covering an area of 7446.2
km?, between 112°42 '-114°14' E and 34°16 '-34°58' N. From 2019, there were 10.352
million permanent residents and 7.721 million urban residents, accounting for 74.6
percent of the total urban population. It has a monsoon climate in the North Temperate
Zone with four distinct seasons. The annual average temperature is 15.6°C. The
annual average rainfall is 542.15 mm. The annual sunshine time is about 1869.7

hours.
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Figurel: Study area and locations of meteorological station

Data collection

The daily meteorological data for the Zhengzhou meteorological station were
acquired from the China Meteorological Data Network. The data was selected during
2010-2019. These daily meteorological data include precipitation, mean relative
humidity (Ryg), maximum temperature (Tmax), minimum temperature (Tpi,), solar
radiation (R,) and so on. The daily meteorological data collected (2010-2019) is
separated into two datasets: the training dataset (2010-2017) and the validation dataset
(2018-2019). The model parameters are trained through the training dataset, and the
weights are estimated. The accuracy of the trained model is further verified by the
validation dataset.

To select effective input combinations (Ruiming and Shijie 2020), Correlation

analysis was used to measure the degree of correlation between the two variables. It



143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

can delete redundant information and select the best suitable input index by using the
correlation analysis method to screen the meteorological factors affecting ETy.
Pearson correlation coefficient can well represent the correlation of variables, it is

calculated as:

2L SES)YEY)
o e 3 97

Sim(S,0)= ey

Where, Sim(S,0): Correlation between(S,0); i: the ith sample of the indicator; n:
total sample size; S:average of the indicator S; O:average of the indicator O.

When Sim(S,0)>0, it is the positive correlation between two indicator;
Sim(S,0)<0, it is the negative correlation between two indicator; |Sim(S,0)|=0.8,it
means that the two variables are high correlation; 0.5< [Sim(S,0)| <0.8; it means that
the two variables are medium correlation; |Sim(S,0)|<0.5, it means that the two
variables are low correlation. In this paper, the variables with high correlation and
medium correlation are selected as the inputs of the prediction algorithm, and the
results are shown in Table 1.

Table 1: Correlation of meteorological factors influencing the prediction of ETy

Meteorological factors Tiin Tinax Ry SSu P U,

Correlation coefficient 0.7424  0.7920  -0.5312  0.6953 0.01453 0.5646

In this study, meteorological factors with a more significant influence on ETy
were calculated based on Pearson correlation analysis. The results are shown in Table
1. The Pearson correlation coefficients of Timin, Tmax, Ra, SSug and U, are all above 0.5
(Except precipitation), which belongs to a medium and high correlation level. Besides,
according to the research findings (Yang et al. 2019), the ETy value is greatly affected

by temperature, so the temperature is a necessary input when selecting input
8
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meteorological factors. Therefore, the above five meteorological factors are
considered when determining the input composition scenario of the model. To analyze
the simulation effect of different input composition scenario on ETy in different
models, the model input composition scenario are divided into six types, as shown in
Table 2. There are three input factors for scenario 1-3, 4 input factors for scenario 4-5,
and 5 input factors for scenario 6. The input meteorological factors in this study are
all parameters that can be easily obtained by the meteorological station, which solves
the problem of backward monitoring facilities in some areas and difficult acquisition
of complex parameters to a certain extent.

Table 2: Input composition scenario of the model

Tomin Tonax Ry SSk U,
Modell V V V

Model2 V l V

Model3 V v V
Model4 J v v v
Model5 v v v v

Model6 v ol ol v v

Penman Monteith method

FAO-56 Penman Monteith method (Allen et al. 1998) fully considers solar
radiation, energy balance, the aerodynamics and other principles. The calculation
results are relatively accurate and applicable to all climates in arid and humid regions
of the world. Therefore, the PM equation is recommended by FAO of United Nations
to calculate ETy value, and the computed ETy value is generally used as the standard

value. The equation is:
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Where ETy is the daily potential evapotranspiration, mm/d; R, is the net radiation,
MJ/(mz-d); G is the soil heat flux, MJ/(mz-d), and when daily evapotranspiration is
calculated, G=0; U, is the mean daily wind speed at 2m above the ground, m/s; 7 is
the average temperature, °C; e, is the saturated vapor pressure, kPa; ¢, is the actual
vapor pressure, kPa; y is the hygrometer constant, which is 0.065kPa/°C; A is the
slope of the saturation vapor pressure-temperature curve, kPa / °C.

It can be seen that in the process of using PM formula to calculate the reference
evapotranspiration, a variety of parameters are involved. Many of these parameters
cannot be obtained directly but need to be comprehensively calculated by other data
information, including some meteorological data, geographical location dimension,
altitude of the study area and additional data information. Therefore, when using this
method to calculate the ETy, it is required that the measurement equipment is
complete and the measurement data meet the requirements. But the reality is that
some parameters cannot be measured at all, resulting in a lack of data. Hence, it
makes practical sense to use limited meteorological data as the model input to predict
the reference emission.

Levenberg—Marquardt

Artificial Neural Networks (ANN) is a new intelligent information processing
method that imitates the human brain to deal with problems. BP neural network
algorithm is the most widely used method with the best effect. which is composed of
two processes: onward transmission of information and backpropagation of error.

10
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Through the backpropagation of error, the weight and threshold of the network are
constantly adjusted to minimize the sum of squares of errors.

Neural Network algorithm also has some shortcomings in the application process,
such as weight convergence to local extreme value, slow convergence speed, hidden
layer and hidden nodes are difficult to determine, need a long training time, etc.

The L-M algorithm is an improved algorithm developed based on BP neural
network. The procedure of the L-M algorithm is shown in Figure 2. In the algorithm,
Gauss-Newton and gradient descent method are combined (Wilson and Mantooth
2013). The Gauss-Newton method is usually faster when the initial guess is relatively
close to the optimal; otherwise, the gradient descent method is used to find the
optimal. The parameters are automatically adjusted according to the transmitted
information to achieve the convergence property without calculating the Hessian
matrix during the operation. It has the local convergence property of the
Gauss-Newton method and the global property of the fastest descent method (Zhao,
2002; Sun et al., 2016). Therefore, it has a higher iterative convergence speed and is
widely applicable to nonlinear optimization fitting calculation L-M algorithm of the
iterative formula is:

W =wk+AW 3)
Aw=[TT(W)I W)+l T (W)ei(w) @
Where: w is the network weights and threshold, wk is The vector composed of the

weights and thresholds of the k-th iteration, whk+ !

is the new weight value and
threshold vector, Aw is the weight increment, u is the user-defined vector, / is the unit

11
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matrix, e;(w) is the error, J(w) is the Jacobian matrix, The Formula of Jacobian matrix

is:
861 (W) 861 (W)
ow, .. ow.
W= 5)
Oe, (w) Oe, (w)
o . o

It can be seen from Eq. 4 thatuis a tentative parameter that connects the
Gauss-Newton method and gradient descent method (Sun et al., 2016). For a given u,
if they obtained Awcan reduce the error-index function E(w), then u decreases.
Otherwise, u increases. This allows the error-index function to drop to a minimum
quickly.

The error index functions as:

12
E)=120 2, [lvivill =120 22, 2wy ©)
Where: Y; is the expected network output vector, Y;' is the actual output vector, n

is the number of samples.

Given error allowable values €, constants p,
and B(0<p<1)

|

Initialize the weight and threshold vectors,
and k=0, p=p,

|

Calculate the output network and the error Yes
index function E(w¥)

| Calculate the Jacobian matrix J(w*)

|

No
| Calculate the Aw I< Calculate the error index function
p=p/p E(w*)
%
Wk =Wk +Aw as the weight and
No threshold vectors

| Calculation is over |

Figure 2: The procedure of the L-M algorithm
Due to significant changes in data, the sigmoid transfer function in the L-M

algorithm is used this time, and the value of this function is between [0-1]. To make

12
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the meteorological data conform to the model, the original meteorological information
is trained and predicted after normalization. After training and simulation, the
calculated value obtained is restored by reverse normalization, and the expected value

can be obtained. The normalized equation is as follows:

xs=0.1+0.8 X:“;;m ©)

Where, x; represents the normalized value, x is the measured value of a factor in
the sample, X,y is the maximum value of sample data, and x,,;, is the minimum value
of sample data.
Genetic Algorithm - Back Propagation

Genetic algorithm is an iterative optimization model based on Darwinian
evolution theory and genetic evolution. It will be the survival of the fittest process of
problem-solving as chromosomes, Through the evolution of chromosomal generations,
the optimal or satisfactory solution of the problem is obtained. The essence of the BP
algorithm is to use the steepest descent method, which has the advantages of
simplicity, a small amount of calculation, strong parallelism, etc., However, the
algorithm is easy to fall into the local minimum point and runs slowly, the algorithm
is incomplete, network performance is poor (Liu et al., 2019). Combining BP neural
network and genetic algorithm, the weight and threshold of the neural network are
optimized by using the colony search method and that is a better overcome the
optimal local defect (Saleh, Ibrahim and Magdi Eiteba 2016). In this study, the simple
coding method is adopted to convert the initial weights and thresholds of the BP
neural network into chromosomes in the genetic algorithm. The encoding length is:

S=x*y+y*zty+z (8)
13
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Where, x is the number of neuron nodes in the input layer, and is the number of
input meteorological factors; z is the number of neuron nodes in the output layer.
Since the output layer only has reference effervescent amount, z=1; y is the number of
neuron nodes in the hidden layer.

In order to determine the random chromosome group in the genetic algorithm,
the individual fitness value &, which is the sum of the absolute errors between the
estimated value and the measured value of the training sample, is obtained through the
BP neural network, as shown below:

ming = Z abs(k]- - oj)

Where k; is the measured value of ETy in the jth day, o; is the estimated ET, value
in the jth day.

Partial Least Squares Regression

PLSR is a standard method for linear regression modeling of multivariate data,
especially when the variable data are extensive and have multiple correlations
between each other. The partial least squares regression analysis model is superior to
the traditional classical regression analysis method. Partial least-squares regression
analysis combines the characteristics of principal component analysis, canonical
correlation analysis, and linear regression analysis in the modeling process to provide
some more decadent and more in-depth information in the analysis results. PLSR has
also been widely applied in other disciplines (Liu et al., 2019). PLSR is essentially a
linear regression analysis method, and this study introduced the PLSR model as a
model comparison study. The PLSR used in the study is expressed as follows:

14
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Y=XB+e ©)

Where Y is the dependent variable, X is the independent variable, S is the
coefficient matrix and ¢ is the residual matrix.
Model performance evaluation

The following five evaluation indexes (Maroufpoor, Bozorg-Haddad and
Maroufpoor 2020; Nash and Sutcliffe, 1970) were used to evaluate the performance of
the model.

(1) Root mean square error (RMSE), also known as standard error; this error
analysis is susceptible to reflecting the maximum or minimum error in a set of
measured data. Therefore, the standard error is a good indicator of the precision of the

measurement. The calculation formula is as follows:

N (c._0)2
RMSE= /W (10)

(2) The IA index is used as an additional method to evaluate the model
performance, and the results are in the range of 0 and 1. IA is 1, the better the

simulation. The calculation formula is as follows:

A=]. 2 (50) (11)

2, (Isi-Ol+/0-0])
(3) Mean absolute error (MAE), the mean absolute error can eliminate the
interaction between the errors and objectively reflect the actual prediction error.

_ZN[si-oi
MAE= N

(12)
(4) Nash-Sutcliffe Efficiency (NSE), The Nash-Sutcliffe efficiency coefficient

varies from -oo to 1. The closer it is to 1, the closer the measured value is to the

15
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simulated value. A value of 0 indicates that the model's simulation results are the same

as the mean value of the measured values. A value less than zero indicate that the

measured mean value is better than the simulated value. The calculation formula is as
follows:

NSE:I_% (13)

(5) Scatter index (SI) is a parameter used to evaluate the performance of the

model; in this study, the SI was divided into four ranges to evaluate the model

performance. Excellent when SI < 0.1, good if 0.1 < SI < 0.2, fair if 0.2 < SI < 0.3, and poor if

SI > 0.3. The calculation formula is as follows:

1/NEN (S;-0; ?
SI:RM_SE:J/ 28 (8-0) (14)

O O

In the above formula, N is the number of samples, S; is the forecasted value of
ETy on day 1, O; is the observed value of ETy on day i, and 0 is the average of the
measured value of ETy.
Results
Performance evaluation of model

L-M model and GA-BP model are both algorithms based on neural network,
which contain input layer, hidden layer, and output layer in the process of machine
learning. The number of the input layer and output layer is relatively easy to
determine, and the number of the hidden layer is a very important factor in the
operation process, which depends on the type and number of input (Faris, Mirjalili
and Aljarah 2019). Improper selection of hidden layers will not only affect the
efficiency of machine learning but also directly affect the simulation results. It is

16
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found that the more hidden layers, the better the calculation effect is, and there is no
specific rule to determine the number of hidden layers in many research works of
literature (Kanellopoulos and Wilkinson 1997). In this study, the number of neurons in
the hidden layer was determined through trial and error to ensure the simulation effect,
operation efficiency, and stability of the model. L-M model and GA-BP model adopt
the same input structure. For example, 3-6-1 means that the input layer has 3
(meteorological factors), the number of neurons in the hidden layer is 6, and the
output layer is 1 (ETp). It is worth noting that the L-M model and GA-BP model have
different iteration types, so the number of iterations is also different. It is found that
when the number of iterations reaches a certain number, increasing the number of
iterations has little effect on improving the simulation accuracy of the model and even
increases the operating burden of the model. Through experiments, the number of
iterations of the L-M model is 1500, and the number of iterations of GA-BP is 10.

The six input scenarios were put into three different models, namely L-M,
GA-BP, and PLSR. The performance comparison analysis results of predicted ETy
results and PM formula calculation results are shown in Table 3. The simulation
accuracy of the same model increases with the increase of input factors on the whole,
and they all reach the maximum when the input factors are 5. The simulation accuracy
of different models from high to bottom is L-M, GA-BP, PLSR.

Table 3: Statistical performance of the L-M, GA-BP and PLSR models.

Training (2010-2017) validating (2018-2019)

Model Structure
RMSE 1A MAE NSE RMSE 1A MAE NSE

17
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L-M1 3-6-1 0.5143 09724 03743  0.8977 0.5327  0.9693  0.3978  0.8832

L-M2 3-6-1 04841 09769 03599 09128 0.4297 09801  0.3352  0.9240
L-M3 3-6-1 0.4840 09771 03516 09138 0.4209 09810 0.3300  0.9271
L-M4 4-8-1 03064 09899 02167  0.9604 0.2897 09915 0.2175  0.9655
L-M5 4-8-1 0.4009  0.9831 0.3104  0.9321 03647 09866  0.2910  0.9452
L-M6 5-10-1 0.1857 09964  0.1970  0.9854 0.1397 09980  0.1845  0.9920
GA-BP 1 3-6-1 0.4960 09717 0.3626  0.8953 0.5597 09664  0.4027  0.8710
GA-BP 2 3-6-1 0.4803 09745 0.3560  0.9048 0.4557 09775 03431 009145
GA-BP 3 3-6-1 0.4800 09745 0.3552  0.9049 04531 09778 0.3418 009155
GA-BP 4 4-8-1 0.3580 09850  0.2622  0.9459 0.3397 09873  0.2540  0.9525
GA-BP 5 4-8-1 0.4010 09807  0.2995  0.9321 0.4099 09803 0.3161  0.9308
GA-BP 6 5-10-1 0.3013 09891  0.2278  0.9617 02622 09921  0.2087 09717
PLSR 1 - 0.6998 09406  0.5669  0.7944 0.6979 09416  0.5822  0.7795
PLSR 2 - 0.9297  0.8826  0.7500  0.6325 09354 0.8832  0.7606  0.6399
PLSR 3 - 0.6991 09511 05500  0.7957 0.6969 09509  0.5727  0.7886
PLSR 4 - 04730 09756 03611  0.9056 0.4710 09765 0.3574  0.9087
PLSR 5 - 0.6331 09602 05123  0.8308 0.6412 09609  0.5210  0.8308
PLSR 6 - 0.4267 09811 03166  0.9232 0.4084 09829 0.3015 09313

Table.3 This shows that when the input meteorological factor for three, the
prediction effect of scenario 3 in different models is better than that of scenario 1 and
2, scenario 3 and 2 in L-M and GA-BP model is better than that of scenario 1, the
RMSE was 0.4209mm and 0.4297mm, respectively, and MAE was 0.33 mm, 0.3352
mm, the efficiency of the evaluation model to simulate index IA was 0.9810, 0.9801,
NSE was 0.9271 and 0.9240. In the PLSR model, Scenario 3 is still the best, but the
simulation effect of scenario 1 is better than scenario 2. Figure 3 shows the simulated
values of ETy of L-M, GA-BP, and PLSR models and the calculated values of the PM

formula, respectively, in scenarios 1-3. Under the same input scenario, the L-M model
18
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has the best ETy prediction effect. PLSR model has a poor prediction effect, which

PLSR2 model has the worst simulation effect, and the correlation coefficient R? was

only 0.6463, which decreased by 30.17% compared with L-M2 (R*=0.9255) and

29.42% compared with GA-BP2 (R2:0.9157).
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Figure 3: Predicted values of scenario 1-3 in L-M, GA-BP, PLSR models and

calculated values of PM method

Four input factors of Scenario 4-5 were put into the three models, and the results

showed that Scenario 4 had the best simulation effect. In the same model, The 1A

index of scenario 4 was 0.49%, 0.71%, and 1.60% higher than that of scenario 5,
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respectively. The growth rate of the IA index from small to large was
L-M<GA-BP<PLSR, Since the IA index is used to evaluate the performance of the
model, and the results are in the range of 0 and 1. IA is 1, the better the simulation. On
the other hand, it also shows that the simulation effect of the L-M model is better than
that of GA-BP and PLSR. Comparison results of Scenario 4 among different models
showed that RMSE of L-M4 (0.2897mm) was 14.72% lower than that of GA-BP4
(0.3397mm) and 38.49% lower than that of PLSR4 (0.4710mm). Similarly, for NSE,
L-M4 increased by 1.35% and 5.88% respectively compared with GA-BP4 and
PLSR4. Figure 4 shows the simulated values of ETy of L-M, GA-BP, and PLSR
models and the calculated values of the PM formula in Scenario 4-5, respectively. It
can be seen that L-M4 is the most consistent with the 1:1 line (y = x) (Kotz et al.,
1982) with a high degree of the fitting. In addition, the scatter pattern of the GA-BP
model tends to sag to the upper left, and the scatter pattern of the PLSR model tends
to sag to the lower right. It can be clearly seen from Figure 3 and Figure 4 that under
the same other input conditions, the input scenario with wind speed as the input

meteorological factor has a better simulation effect, indicating that wind speed has a

greater impact on the estimation of ETj.
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Figure 4: Predicted values of scenario 4-5 in L-M, GA-BP, PLSR models and
calculated values of PM method
Figure 5 shows the simulated values of ETy of L-M, GA-BP, and PLSR models
and the calculated values of the PM formula in Scenario 6. As shown in the figure,
L-M6 is more consistent with the 1:1 line (y = x) and the correlation coefficient
R?=0.9925. It is worth noting that the R* of GA-BP6 and PLSR6 are also significantly
increased, which are 0.9818 and 0.9349, respectively. The two models have a more

obvious trend of sag in the upper left and lower right scatter plots, which is related to

the simulation accuracy of the model.
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Figure 5: Predicted values of scenario 6 in L-M, GA-BP, PLSR models and calculated
values of PM method

It can also be seen from Table 3 that scenario 6 has the best simulation effect in

each model. RMSE and MAE, which represent model simulation error in L-M6, are
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0.1397mm and 0.1845mm, respectively, which are 46.72%, 11.60%, 65.79%, and
38.81% lower than those in GA-BP6 and PLSR6, respectively. Similarly, the indexes
IA and NSE representing the model stability and simulation efficiency are 0.9980 and
0.9920, respectively. Compared with the other two models, the improvement was
0.61%, 2.1%, and 1.51%, 6.12%, respectively. All the indicators have improved
significantly.
Comparison of the models

Figure 6 shows the simulation renderings of the daily ETy simulated values and
the daily ETy calculated values obtained by the PM formula in the validation time
series of Scenario 6. ETo and PM calculated by different models have the same overall
trend of change. ETy values show a single peak every year. From April to September,
the temperature is relatively high, and the sunshine hours are sufficient, so the ET)
value is large; from October to December and January to March, the temperature is
low, and the sunshine hours are short, so the ET( value is small. The predicted daily
ETy value of L-M6 is basically the same as the standard value calculated by the PM
formula. The predicted ETy value of GA-BP6 from November to February of each
year is larger than the standard value, and the predicted ETy value from March to
October is smaller than the standard value. For PLSR6, the predicted ET, value is
smaller than the standard value on the whole, and the performance is more significant

from November to February of the next year.

22



423

424

425

426

427

428

429

430

431

w o - ©

ET,(mm day™)

- N Wk

0

2008141 2018/6:30

20181227

Days

2019:6:25 20186530

2018712227

Days

oL -
2019:1222 2018141 2018630 20181227 2019625 2019/1222

Days

Figure 6: Comparison of scenario 6 daily ETy from the L-M GA-BP PLSR model with

the calculated daily ETy using the PM method.

The Scatter Index (SI) is a parameter used to evaluate the model performance.

When SI<0.1, the model performance is excellent, 0.1<SI<0.2, the model

performance is good, 0.2<SI<0.3, the model performance is normal, and SI>0.3, the

model performance is poor. According to Table 4, only L-M4, L-M6, GA-BP4, and

GA-BP6 have SI values less than 0.1 in the validation dataset.

Table 4: SI values for different input combinations in different models

Training (2010-2017)

validating (2018-2019)

Model Structure
SI SI
L-MI1 3-6-1 0.1472 0.1567
L-M2 3-6-1 0.1359 0.1264
L-M3 3-6-1 0.1355 0.1238
L-M4 4-8-1 0.0917 0.0852
L-M5 4-8-1 0.1200 0.1073
L-M6 5-10-1 0.0556 0.0411
GA-BP 1 3-6-1 0.1490 0.1646
GA-BP 2 3-6-1 0.1421 0.1340
GA-BP 3 3-6-1 0.1419 0.1333
GA-BP 4 4-8-1 0.1072 0.0999
GA-BP 5 4-8-1 0.1201 0.1206
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GA-BP 6 5-10-1 0.0902 0.0771

PLSR 1 - 0.2087 0.2153
PLSR 2 - 0.2790 0.2751
PLSR 3 - 0.2081 0.2108
PLSR 4 - 0.1416 0.1385
PLSR 5 - 0.1896 0.1886
PLSR 6 - 0.1277 0.1201

It can be intuitively seen from Figure 7 that PLSR2 had the worst simulation
performance, while L-M6 had the best simulation performance, and compared with

GA-BP6 and PLSR6, the SI value increased by 46.69% and 65.78%.

030 -V
B GA-BP
I PLSR

0.05

0.00

Figure 7: SI values for different scenarios of models.

The highest accuracy was all scenarios 6 of L-M GA-BP and PLSR models. The
residuals (estimated errors) of the L-M6, GA-BP6, and PLSR6 models were analyzed
using a boxplot (Figure 8).

A boxplot is a statistical graph showing a set of data dispersion. It is mainly used
to reflect the distribution characteristics of original data and can also compare the

distribution characteristics of multiple groups of data. The boxplot is displayed based
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443  on an error distribution of four values (Maroufpoor et al. 2020 Seyedzadeh et al. 2020)
444  which are the first quartile (Q1), the third quartile (Q3), the interquartile range (IQR),
445  and the portion of the rectangle showing the median. This is shown in Figure 8. The
446  most important thing in the box chart is the calculation of relevant statistical points,
447  which can be achieved by percentile calculation. Among them, Q3 is more important
448  than QI in error judgment of data distribution because Q3 covers 75% of errors, while
449 QI only covers 25% of errors. As can be seen from the figure, the Q1 of L-M6 1s —
450  0.0917, which is better than that of GA-BP6 (Q1 =—0.1110) and PLSR6 (Q1 =—
451  0.1602). L-M6 with a difference of A Q3 = 0.0193 (compared with GA-BP6) and
452 AQ3 = 0.0685 (compared to PLSR6) has higher accuracy in performance. In L-M6,

453 IQR is smaller than the other two models, indicating that the error distribution is near

454 zero.
.
- *
8 §
' 4 Third Quartile
(&) Interquartile
E 0OF %:{ Median Quartile Range
= First Quartile
e T
= *
M i
Q1=-0.1110 Q1=-0.1602
24 Q3=0.2352 Q3=0.2689
IQR=0.3462 IQR=0.4291
3 . . .
L-Mé6 GA-BP6 PLSR6
455
456 Figure 8: Boxplot of estimation error in estimating ETo by L-M6 GA-BP6 and
457 PLSR6.
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Conclusion and Discussion

Daily Reference evapotranspiration (ETp) as the key part of crop water
requirement calculation in modern agriculture, an accurate calculation to provide
support for better planning and management of water resources, as a result of
international Food and Agriculture Organization promoted the PM method in the
calculating process needs more meteorological data, some data is difficult to measure,
popularized in data lack of area is difficult to apply, and the whole calculation process
is more complicated. In order to solve this problem, L-M, GA-BP and PLSR models
were introduced in this study. The historical meteorological data of Zhengzhou station
from 2010 to 2019 were used for the data. Based on Pearson correlation analysis
method, five meteorological factors were obtained, which were combined into six
different input scenarios. In six input scenarios, RMSE, MAE, IA, and NSE, SI was
used to predict the results, and the daily ETy calculated by the PM method was
combined to evaluate the performance of ETy predicted by these three models. The
results showed that:

(1) The prediction accuracy of the L-M model in any input scenario is better than
that of the other two models.

(2) When more meteorological parameters were input, the prediction accuracy of
the three models was improved. When scenario 6 was input, the simulation accuracy
of the three models reached the maximum, and the L-M model's determination
coefficient (R2=0.9925) was 5.8% higher than the PLSR's determination coefficient
(R?=0.9349).
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(3) When the input meteorological factors are three, Tmin and Tk are fixed input
factors, and Ry, SSH, and U, are added, respectively, the accuracy of ET, prediction
by L-M and GA-BP models increases successively. Moreover, the accuracy of the
L-M model and GA-BP model is close when the SSH is input and the U,. For the
PLSR model, the simulation accuracy is the worst when the SSH is input, and the
determination coefficient R? is only 0.6463. When U, is input, the simulation
accuracy is still the best. It can be seen that: 1) when the input weather factors are
three, the input scenario containing U, has the best simulation accuracy among the
three models. 2) When input SSH and U, the simulation accuracy of L-M and GA-BP
models is close, and the appropriate input combination can be selected according to
the regional data type. 3) PLSR model is not sensitive to SSH, and its overall
prediction effect is inferior to the other two models.

(4) As the model was tested by historical meteorological data in the temperate
climate zone of the middle reaches of the Yellow River, it could represent the
simulation effect of a certain region. As the global climate is changeable, the model
may be inaccurate under different climate change conditions, so it cannot be directly
used in other climate zones in the world. When the model in this study is applied to
other climatic regions, it is recommended to conduct a systematic evaluation before
application. In addition, we can also consider setting up multiple micro weather
stations under different climate conditions to collect more real-time and accurate data

to improve the reliability of the model.
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