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Integrating genetic algorithm and support vector machine
for modeling daily reference evapotranspiration in a
semi-arid mountain area
Zhenliang Yin, Xiaohu Wen, Qi Feng, Zhibin He, Songbing Zou
and Linshan Yang

ABSTRACT
Accurate estimation of evapotranspiration is vitally important for management of water resources and
environmental protection. This study investigated the accuracy of integrating genetic algorithm and
support vector machine (GA-SVM) models using climatic variables for simulating daily reference
evapotranspiration (ET0). The developed GA-SVM models were tested using the ET0 calculated by
Penman–Monteith FAO-56 (PMF-56) equation in a semi-arid environment of Qilian Mountain, northwest
China. Eight models were developed using different combinations of daily climatic data including
maximum air temperature (Tmax), minimum air temperature (Tmin), wind speed (U2), relative humidity
(RH), and solar radiation (Rs). The accuracy of the models was evaluated using root mean square error
(RMSE), mean absolute error (MAE), and correlation coefﬁcient (r). The results indicated that the GA-SVM
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models successfully estimated ET0 with those obtained by the PMF-56 equation in the semi-arid
mountain environment. The model with input combinations of Tmin, Tmax, U2, RH, and Rs had the smallest
value of the RMSE and MAE as well as higher value of r (0.995) compared to other models. Relative to the
performance of support vector machine (SVM) models and feed-forward artiﬁcial neural network
models, it was found that the GA-SVM models proved superior for simulating ET0.
Key words

| climatic variables, genetic algorithm, reference evapotranspiration modeling, semi-arid
mountain areas, support vector machine

INTRODUCTION
Evapotranspiration is the process of water transportation

overexploitation (Huo et al. ; Chatzithomas & Alexan-

from the Earth’s surface to the atmosphere including the

dris ; Shiri et al. ).

evaporation process and transpiration process. It is a vital

Evapotranspiration can be quantiﬁed either by the

component of the hydrological cycle and water balance

experimental method or mathematical method. It can be

computing, which affects water resources management

measured immediately by some instruments and equipment.

and planning (Traore et al. ; Shiri et al. ; Xing

However, this method is difﬁcult, expensive and time-con-

et al. ). Accurate estimation of evapotranspiration is

suming (Pour Ali Baba et al. ; Ma et al. ; Zhang

crucial for water resource management, weather and

et al. ). The mathematical approach has to be preceded

climate studies, hydrology, reliable irrigation design, and

by the estimation of reference evapotranspiration (ET0)

determination of the water budget, especially in water

(Xu et al. ). Many empirical and semi-empirical

shortage regions, for example, arid and semi-arid areas

models have been developed to estimate ET0 by applying

where water resources are under severe threat by

meteorological data. Among the several methods for

doi: 10.2166/nh.2016.205
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estimating ET0, the Penman–Monteith FAO-56 (PMF-56)

results showed that the SVM model could be built in as a

equation has been recommended as the normal equation

module for estimating ET0 values in a hydrological model.

to estimate ET0 by the Food and Agriculture Organization

Kişi () tested the capacities of a least square support

of the United Nations (FAO). The PMF-56 equation has

vector machine (LSSVM) for modeling ET0. It was found

become the benchmark against all other ET0 models,

that LSSVM performed better than the ANN models and

based on physical methods and requiring a large number

the empirical models in simulating ET0 processes. Lin

of climatic variables, such as daily minimum temperature

et al. () established a SVM-based model for daily pan

and maximum temperature, relative humidity, solar radi-

evaporation estimating and compared it with an ANN-based

ation, and wind speed. However, data such as weather

model. They found that the SVM was superior to ANN in

variables are usually incomplete or not always acquirable

modeling evaporation. Tabari et al. (, ) studied the

for many regions and thus limit the effective use of the

potential of SVM for estimating ET0 in a highland semi-

PMF-56 model (Kumar et al. ; Cobaner ).

arid environment in Iran. The results demonstrated that

ET0 is an open, nonlinear, complex, and dynamic

the SVM models achieved better ET0 estimations than the

phenomenon due to its dependence on the interaction of

regression- and climate-based models. Wen et al. (b)

several climatic elements (Luo et al. ). Thus, it is difﬁcult

evaluated the application of SVM to model daily ET0 by lim-

to derive a deﬁnite equation to express all the related phys-

ited climatic data in an extremely arid region in northwest

ical

China. They drew the conclusion that the SVM could pro-

processes.

As

an

alternative

to

conventional

approaches, artiﬁcial neural network (ANN) is highly suit-

vide

better

performance

when

compared

to

ANN,

able for modeling the nonlinear processes (He et al. ;

Priestley–Taylor, Hargreaves, and Ritchie. These studies

Deo & Şahin ; Si et al. ; Wen et al. a). Many

indicated that SVM could be applied to estimate ET0, with

researchers have applied ANN for estimating ET0 (Traore

relatively better performance than ANN in simulating the

et al. ; Marti et al. ; Laaboudi et al. ; Yassin

ET0 process. Although possessing excellent features, SVM

et al. ). These studies indicated that the ANN models

is limited in modeling ET0 research because the users

were more superior in modeling ET0 compared to the con-

must deﬁne a great many parameters appropriately (Liu

ventional methods such as Hargreaves, Priestley–Taylor,

et al. ). The estimation accuracy and efﬁciency of the

and some empirical and semi-empirical equations (Kumar

SVM depends on the hyper-parameters being set correctly.

et al. ; Landeras et al. ; Huo et al. ; Wen

However, selecting the most appropriate training parameter

et al. b). However, neural networks have some disadvan-

value is a critical problem for application of SVM, which

tages such as training slowly, requiring a large amount of

can affect the model performance of the SVM. Genetic

training data, and easily getting stuck in a local minimum

algorithm (GA), a general suited optimization search

(Principe et al. ). Support vector machine (SVM) is a

approach based on a direct analogy to Darwinian natural

novel learning machine based on a statistical learning

genetics and selection in biological systems, can be used to

theory and a structural risk minimization principle, which

generate appropriate solutions to optimize and search pro-

has been successfully applied for modeling the nonlinear

blems. Thus, the GA could be used to select appropriate

system (Shiri et al. ; Feng et al. ). Given the same

SVM parameters (Abdullah et al. ). In recent research,

training conditions, SVM provides more dependable and

GA has been applied to optimize SVM parameters in differ-

better performance when compared to ANN (Gill et al.

ent ﬁelds (Pourbasheer et al. ; Liu & Jiao ; Chen

; Çimen & Kisi ; Yoon et al. ). Over the last

et al. ); however, applications of GA-support vector

decade, SVM models have been used in a very wide range

machine for modeling ET0 are limited (Shiri et al. ;

of applications to solve hydrological problems (Chou et al.

Tao et al. ; Liu et al. ). Therefore, the proposed inte-

; Tan et al. ; Kalra et al. ; Wen et al. b).

gration of the genetic algorithm and support vector machine

Recently, researchers began to employ SVM for ET0 model-

(GA-SVM) model was applied to modeling the daily ET0 in

ing. Kişi & Cimen () discussed the potential of SVM

this paper, in which GA was used to optimize the par-

models in estimating ET0 in central California, USA. The

ameters of the SVM. Furthermore, there have been few
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function indicates that errors below ϵ are not penalized.
P
The term C 1=N N
i¼1 Lε (f(xi ), yi ) is the empirical error.

The main purposes of this study were to investigate the

The term 1/2 measures the smoothness of the function. C

accuracy of GA-SVM models for estimating daily ET0

evaluates the trade-off between the empirical risk and the

with various combinations of daily meteorological data

smoothness of the model. The positive slack variables ξ

including: minimum air temperature (Tmin), maximum air

and ξ represent the distance from the actual values to the

temperature (Tmax), wind speed (U2), relative humidity

corresponding boundary values of ε-tube. Equation (2) is

(RH), and solar radiation (Rs) in the semi-arid environment

transformed to the following constrained formation:

of Qilian Mountain, northwest China. Furthermore, the conN
X
1
(ξi þ ξi )
kwk2 þC
2
i¼1

ventional grid algorithm-based SVM model and ANN model
minimize

were also investigated for comparison.

8
< yi  (〈w, xi 〉 þ b)  ε þ ξi
subject to 〈w, xi 〉 þ b  yi  ε þ ξi 
:
ξi , ξi   0

MATERIALS AND METHODS

(4)

(5)

SVM
After taking the Lagrangian and optimal conditions, a
SVM is an innovative type of machine learning method

nonlinear regression function is obtained using the follow-

developed to resolve both regression problems and classiﬁ-

ing expression:

cation. Support vector regression (SVR) is generally
applied to describe regression, such as in the case of
regression approximation, giving a set of data points
G ¼ {(xi, yi)}ni (xi is the input vector; yi the desired value;
and n is the total number of data). To deal with nonlinear
regression work, the inputs are foremost nonlinearly
mapped into a high-dimension feature space where they
are correlated linearly with the outputs. The following
linear calculation function was applied to formalize SVR

f(x) ¼

l
X

(αi  αi )k(xi , x) þ b

(6)

i¼1

where αi and αi* are the above-mentioned Lagrange multipliers. With the utilization of the Karush–Kuhn–Tucker
conditions, only a limited number of coefﬁcients will not be
zero among αi and αi*. The related data points could be
referred to the support vectors. k(xi, x) refers to kernel function describing the inner product in the D-dimension
feature space.

f(x) ¼ ω  ϕ(x) þ b

(1)

where ω is weight vector, b is a constant; Φ(x) denotes a
mapping function in the feature space. The coefﬁcients ω

k(x, y) ¼

D
X

ϕj (x)ϕi (y)

(7)

i¼1

It shows that any symmetric kernel function k satisfying

and b are estimated by minimizing

Mercer’s condition corresponds to a dot product in some feaRreg (f) ¼ C

1
N

N
X
i¼1


Lε (f(x)  y) ¼

1
Lε (f(xi ), yi ) þ kwk2
2

jf(x)  yj  ε
0

ture space (Boser et al. ). In this paper, radius basis
(2)

function (RBF) is selected as the kernel function. The RBF
is deﬁned as follows:

forjf(x)  yj  ε
otherwise

(3)



k(x, y) ¼ exp γ kx  yk2 , λ > 0:

(8)

where both C and ε are regulation parameters. The ﬁrst term

when the RBF kernel is used, three parameters including pen-

Lε(f(xi),yi) is called the ε-intensive loss function. This

alty parameter C, and kernel function’s parameter γ are
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considered. The general performance of SVM models

cross-validation on the training data set, and expressed as

depends on a proper setting of these parameters.

follows:

GA

Fitness ¼ min (RMSEcrossvalidation )
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ1
0
u m=5
5 u X
X
1
t5
@
¼ min
ðobsi  prei Þ2 A
5 j¼1 m i¼1

GA is an adaptive heuristic search algorithm based on
the evolutionary ideas of natural selection and genetics

(9)

developed by Holland (). The procedure of GA simulates the processes of selection, crossover, and mutation

where obsi and prei are the observed value and predicted

to maintain superior solutions and to generate better

value, respectively.

and better offspring, making the solutions close to the

Step 4. Genetic operators:

objective function. Selection is performed to choose
excellent chromosomes in the population for reproduction (Gao & Hou ). The better ﬁt the chromosome,
the more likely it will be selected. Crossover is performed randomly to choose a locus between two
chromosomes to create two offspring. Mutation is performed randomly to ﬂip some bits in a chromosome. In
this paper, the parameters C and γ of SVM were optimized by GA.
The construction of SVM model based on GA optimization parameters (GA-SVM) is described below.
Step 1. Encode the SVM parameters:
The SVM parameters C and γ are directly coded to form
chromosomes.
Step 2. Generate a random initial population:

The real-valued GA uses selection, crossover, and
mutation operators to generate the offspring of the existing
population. Excellent chromosomes are selected from a
population according to the ﬁtness to yield offspring in the
next generation. The roulette wheel selection principle is
applied to choose chromosomes for reproduction. In crossovers, single point crossover is randomly adopted to
exchange genes between two chromosomes. The mutation
operation follows the crossover operation, and determines
whether a chromosome should be mutated in the next
generation.
Step 5. Stop condition:
If the stop condition is satisﬁed, the optimization will
stop and return the best parameters C and γ. Otherwise,
go back to step 3.

Randomly generate an initial population of chromosomes which represent the SVM parameters C and γ.
Step 3. Evaluate ﬁtness:

ANN

In this study, the ﬁve-fold cross-validation methodology

ANN is a massively parallel distributed information proces-

was used to assess ﬁtness (Fang et al. ). In the ﬁve-fold

sing system that has certain performance characteristics

cross-validation methodology, the training data set is

resembling biological neural networks of the human brain.

divided at random into ﬁve mutually exclusive subsets

A neural network is characterized by its architecture that

(folds) of approximately equal size. The performance of

represents the pattern of connection between nodes, its

the parameters (C, γ) is measured by the root mean

method of determining the connection weights and the acti-

square error (RMSE) on the last subset. The above step is

vation function. The most commonly used neural network

repeated ﬁve times to guarantee that each subset is used

structure is the feed forward hierarchical architecture.

once for validation. Averaging the RMSE of the ﬁve trials

ANN customary architecture is composed of three layers.

obtains an estimation of the expected generalization error

Many theoretical and experimental works have shown that

for training sets of size (4 * m/5), where m is the

a single hidden layer is sufﬁcient for ANNs to approximate

number of training data sets. As a consequence of this,

any complex nonlinear function. The Levenberg–Marquardt

the ﬁtness function can be deﬁned as the RMSE

training algorithm was used to train the ANN model in our
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research. The sigmoid and linear activation functions were
used for the hidden and output node(s), respectively.

PMF-56 equation
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(12)

(13)

In this paper, the PMF-56 was used to provide the GA-SVM
targets to train and test the GA-SVM models. As the sole
standard method for the computation of ET0, the PMF-56
method is described by Allen et al. ():

p
o
and ET0i
are the ith estimated and PMF-56 ET0
where ET0i
p
values, respectively; ET0p and ET0o are the average of ET0i
o
and ET0i
; and n is the total number of data. The best ﬁt

between observed and calculated values would have r ¼ 1,

0:408Δ(Rn  G) þ γ 900=Tmean þ 273U2 (es  ea )
ET0 ¼
Δ þ γ(1 þ 0:34U2 )

RMSE ¼ 0, and MAE ¼ 0, respectively.
(10)

where ET0 is the reference evapotranspiration (mm day1);
Rn is the net radiation (MJ m2 day1); G is the soil heat
ﬂux (MJ m2 day1); γ is the psychrometric constant

In view of the requirements of the GA-SVM computation algorithm, the raw data of both the input and
output variables were normalized to an interval by transformation. All the variables were normalized ranging from
0 to 1 as the following equation:

(kPa C1); es is the saturation vapor pressure (kPa); ea is
W

the actual vapor pressure (kPa); Δ is the slope of the saturW

1

ation vapor pressure–temperature curve (kPa C ); Tmean
W

is the average daily air temperature ( C); and U2 is the
mean daily wind speed at 2 m (m s1).

xn ¼

xi  xmin
xmax  xmin

(14)

where xn and xi represent the normalized and original training and testing data; xmin and xmax denote the minimum and
maximum of the training and testing data.

Model performance criteria
The performances of the models developed in this research
were assessed using various standard statistical performance
evaluation criteria. To evaluate the performance of SVM
models, three statistical criteria were used. The considered
statistical measures were: coefﬁcient of correlation (r),
RMSE, and mean absolute error (MAE). The r measures the
degree to which two variables are linearly related. RMSE
and MAE provide different types of information on the predictive capabilities of the model. The RMSE measures the
goodness-of-ﬁt relevant to high ET0 values whereas the
MAE yields a more balanced perspective of the goodnessof-ﬁt at moderate value distribution of the estimation errors.
The following equations were used for the computation
of the above parameters:


Pn  p
p 
o
ET

ET
 ET0o
ET0i
i¼1
0
0i
ﬃ
r ¼ rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2 P 

Pn  p
p
n
o
o 2
i¼1 ET0i  ET0
i¼1 ET0i  ET0
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CASE STUDY
Study area and data
The research was carried out in the Pailugou Watershed
of Qilian Mountain, a small and typical mountainous
valley in the Qilian mountains, northwest China. The
area of the study watershed is 2.95 km2, with a body
length of 4.25 km. The elevation ranges from 2,600 m to
3,800 m, with a longitudinal slope of 1:4.19. The climate
in this region is temperate, with a mean annual temperaW

ture of 0.5 C and relative humidity of 60%. The mean
annual precipitation is 368 mm, mainly occurring from
May to October. The climatic data observation site
located at 100 170 E, 38 240 N, with an elevation of
W

(11)

W

2,700 m above sea level, is typical of mountain grassland
with moderate slope in the watershed of Qilian Mountain.
The observation was implement by an IMKO ENVIS
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environmental measurement system which was installed

31, 2010, 549 records (about 60% of total data), were

in the observation site to continually observe the primary

used for training the models, and the remaining 365

climatic parameters from June 1, 2009 to December 31,

records from January 1, 2011 to December 31, 2011

2011 (Figure 1). The climatic data, including air tempera-

(about 40%) were used for testing. A full year data set

ture, dew point temperature, wind velocity, net radiation,

used in the identiﬁcation period enabled inclusion of var-

relative humidity, water vapor pressure, soil heat ﬂux, soil

ious hydrological conditions that are observable during

temperature, and solar radiation were automatically

different seasons of the year. In this way the model

recorded at 30 min intervals, and averaged into daily

became robust for the different hydrological conditions

values. This resulted in a total of 944 daily averaged

that prevail in the total time series (Kişi ). The statisti-

climatic parameters.

cal parameters of daily climatic data are shown in Table 1.

The daily climatic data employed in this study were

The minimum and maximum values of ET0 used in the

composed of: minimum air temperature (Tmin), maximum

training periods ranged from 0.01 to 4.60 mm; however,

air temperature (Tmax), wind speed (U2), relative humidity

the maximum value of the testing periods’ ET0 is

(RH), and solar radiation (Rs). The data were divided

5.11 mm, which may cause difﬁculties in estimating the

into two sets: the data from June 1, 2009 to December

high ET0 values.

Figure 1

|

Location study area and the climatic data measured site.
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Statistical parameters of climatic data and the PMF-56 ET0 in each data set

Climatic data and the
PMF-56 ET0

Minimum

Maximum

Mean

Std

SK

Hydrology Research

|

48.5

|

2017

Model development
The selection of appropriate input variables is important for
the SVM model development since it provides the basic

W

Tmin ( C)
All

24.70

15.90

2.89

9.63

0.22

information on the system being modeled. In the current

Training

23.60

15.90

2.53

9.45

0.15

study, different input combinations of various daily climatic

Testing

24.70

13.10

3.43

9.88

0.30

data including Tmax, Tmin, U2, RH, and Rs were used as
inputs to estimate the ET0 obtained using the PMF-56

W

Tmax ( C)
All

21.00

29.00

7.98

10.60

0.26

equation. Input 1 was designed as temperature-based

Training

21.00

28.20

8.28

10.40

0.23

models; the other input structures were formed by inserting

Testing

17.90

29.00

7.52

10.90

0.29

wind speed, solar radiation, and relative humidity into the
input 1 combination, respectively. Finally, eight input com-

RH (%)
All

18.52

98.10

59.59

18.94

0.11

binations evaluated in the present study were: (1) Tmax and

Training

19.75

98.10

61.30

18.49

0.06

Tmin; (2) Tmax, Tmin, and U2; (3) Tmax, Tmin, and Rs; (4)

Testing

18.52

97.49

57.01

19.33

0.22

Tmin, Tmax, and RH; (5) Tmin, Tmax, U2, and RH; (6) Tmin,
Tmax, U2, and Rs; (7) Tmin, Tmax, RH, and Rs; (8) Tmin,

U2 (m s1)
All

0.46

2.08

1.16

0.26

0.07

Training

0.47

2.08

1.15

0.26

0.15

Testing

0.46

2.02

1.16

0.27

0.05

All

0.00

12.59

4.50

3.48

0.43

Training

0.00

12.59

4.39

3.50

0.47

0.00

12.06

4.65

3.45

0.37

Tmax, U2, RH, and Rs. The GA-SVM, SVM, and ANN
models were trained and tested for each combination.

Rs (MJ m2 day1)

Testing
1

PMF-56 ET0 (mm day )
All

0.01

5.11

1.44

1.25

0.73

Training

0.01

4.60

1.39

1.23

0.69

Testing

0.01

5.11

1.51

1.28

0.77

Std, standard deviation; SK, skewness.

Table 2

|

RESULTS AND DISCUSSION
The parameters C and γ of SVM were optimized by GA. Performance statistics of the GA-SVM models for PMF-56 ET0
for the training and testing periods are given in Table 2. It
was found that the difference between the values of the statistical indices of the training and validation set did not vary
substantially.

Optimal SVM parameters with GA and the performance statistics of the GA-SVM models during the training and testing periods

Parameter

Training periods

Testing periods

Model

Input

C

γ

r

RMSE mm/day

MAE mm/day

r

RMSE mm/day

MAE mm/day

GA-SVM1

1

5

9.64

0.940

0.422

0.294

0.948

0.424

0.311

GA-SVM2

2

3.01

1.32

0.959

0.353

0.247

0.972

0.314

0.241

GA-SVM3

3

4.13

8.81

0.975

0.273

0.151

0.990

0.201

0.147

GA-SVM4

4

15.11

0.53

0.948

0.390

0.287

0.955

0.396

0.298

GA-SVM5

5

1.68

1.24

0.963

0.331

0.234

0.971

0.316

0.241

GA-SVM6

6

0.69

2.61

0.977

0.263

0.143

0.993

0.163

0.124

GA-SVM7

7

3.88

8.07

0.985

0.213

0.113

0.991

0.175

0.132

GA-SVM8

8

29.13

0.27

0.980

0.249

0.137

0.995

0.138

0.106
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Considering all models, according to the results of the

r obtained with relative humidity were less than those

testing periods, the values of RMSE, MAE, and r ranged

obtained from solar radiation and wind speed. Although

from 0.424 to 0.138 mm/day, 0.311 to 0.106 mm/day, and

some studies reported that wind speed was more effective

0.948 to 0.995, respectively. We observed that the r

for estimating ET0 (Popova et al. ; Traore et al. ;

values of all models were higher than 0.94, pointing to a

Cobaner ), in this study, the results show that solar radi-

strong relation between estimated and PMF-56 ET0

ation is the more effective and required climatic variable for

values. The RMSE and MAE values less than 0.424 and

modeling the ET0 in this semi-arid mountain environment

0.311 mm/day, respectively, indicate good and appropriate

with high accuracy.

forecast. It appears that all the GA-SVM models demon-

The hydrograph and scatter plots of ET0 values com-

strated a high generalization capacity for the proposed

puted by the PMF-56 equation and the values estimated by

model with relatively low error and high correlation, exhi-

the GA-SVM models are shown in Figure 2. The ET0

biting a high accuracy for estimating PMF-56 ET0.

values estimated by the GA-SVM models closely followed

GA-SVM8, whose input combinations included Tmin,

the PMF-56 ET0 values and followed the same trend, reveal-

Tmax, U2, RH, and Rs had the smallest value of the

ing that both the models showed good estimation accuracy

RMSE (0.138 mm/day) and MAE (0.106 mm/day) as well

of the PMF-56 ET0 (Figure 2).

as a higher value of r (0.995) than other models in the test-

In order to assess the ability of the GA-SVM model rela-

ing periods therefore, it was selected as the best-ﬁt

tive to the grid algorithm-based SVM model and feed-

GA-SVM model to estimate the PMF-56 ET0. All the

forward ANN model, the eight SVM models and eight

models, GA-SVM8, GA-SVM7, GA-SVM6, and GA-SVM3

feed-forward ANN models were developed using the same

performed similarly since the values of RMSE and MAE

variables’ combinations as done for the GA-SVM input com-

did not vary signiﬁcantly, and all r values were also very

binations of (1)–(8) for the PMF-56 ET0 modeling. The

close to unity. They were found to be better than the

appropriate model structures were determined for each

GA-SVM1, GA-SVM2, GA-SVM4, and GA-SVM5 models

input combination, then, the SVM and ANN models were

in the modeling of PMF-56 ET0. For practical uses, the

tested, and the results were compared by means of perform-

GA-SVM8, GA-SVM7, GA-SVM6, and GA-SVM3 models

ance statistics.

had good accuracy in PMF-56 ET0 modeling and the selec-

The parameters C and γ of SVM were optimized by grid

tion of one model over the other should be dependent

algorithm and performance statistics of the GA-SVM

upon the available meteorological data. Although the

models for PMF-56 ET0 for the testing period are given in

GA-SVM1 model, with only minimum and maximum air

Table 3.

temperature as inputs had the highest error rates, its per-

Considering the performance of the testing periods, the

formance was good. For practical uses, the GA-SVM1

RMSE values ranged from 0.433 to 0.148 mm/day, MAE

model can be used where only air temperature data are

values ranged from 0.321 to 0.114 mm/day, and r values

available. This is especially true in the mountain areas

ranged from 0.947 to 0.994. The lower RMSE, MAE and

where reliable weather data sets of solar radiation, relative

higher r values implied the good performance of the SVM

humidity, and wind speed are limited.

model for PMF-56 ET0 modeling. Among the SVM

Comparing the different GA-SVM models, we can ﬁnd

models, SVM8, SVM7, SVM6, and SVM3 were found to

that the models signiﬁcantly improved the accuracy of

be better than the SVM1, SVM2, SVM4, and SVM5

GA-SVM1 when either solar radiation or wind speed is

models in the modeling of PMF-56 ET0. In the case of the

integrated as additional input variables. GA-SVM3 and

GA-SVM models, SVM8, whose inputs combinations were

GA-SVM2 models, which insert solar radiation and wind

Tmin, Tmax, U2, RH, and Rs, had the smallest value of the

speed into inputs, respectively, improved r, RMSE, and

RMSE (0.148 mm/day) and MAE (0.114 mm/day) and a

MAE by 4.4%, 52.6%, and 52.7% and 2.5%, 22.9%, and

higher value of r (0.994) than other models in the test

22.5%, respectively, in comparison to the GA-SVM1

periods; therefore, it was the best-ﬁt SVM model for estimat-

model. The reduction of RMSE and MAE and increase of

ing the PMF-56 ET0.
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Comparison of the ET0 values estimated by the PMF-56 equation and the GA-SVM models during the testing periods. (Continued.)

The architectural identiﬁcation of the ANN model is the

was observed that the ANN models produced slight variabil-

primary important aspect of the modeling since inappropri-

ity in performance with the RMSE values varying from

ate architecture may lead to under-ﬁtting, over-ﬁtting and

0.473 to 0.176 mm/day, MAE values varying from 0.341 to

computational overload. In the current research, the opti-

0.136 mm/day, and r values varying from 0.930 to 0.992 in

mal number of neurons in the hidden layer was identiﬁed

the testing periods. ANN8, ANN7, ANN6, and ANN3 had

using a trial and error procedure by varying the number of

similar performance that showed small differences between

hidden neurons from 2 to 20. Furthermore, the optimal net-

the RMSE, MAE, and r values. They were found to be better

work architecture was selected based on the one with

than the ANN1, ANN2, ANN4, and ANN5 models in the

minimum MSE. The ﬁnal ANN architecture and the per-

modeling of PMF-56 ET0. Similar to GA-SVM and SVM

formance statistics of each model are shown in Table 4. It

models, the ANN8 model with inputs of Tmin, Tmax, U2,
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Continued.

RH, and Rs had the best performance (RMSE ¼ 0.176 mm/

However, the comparison revealed that all the GA-SVM

day, MAE ¼ 0.136 mm/day, and r ¼ 0.992) among the

models performed little better than the corresponding

ANN models.

SVM and ANN models in modeling the PMF-56 ET0.

Comparing the performance criteria of the GA-SVM

The GA-SVM model produced a lower RMSE and MAE

models (Table 2) with those of the SVM (Table 3) and

as well as a higher r, being the best according to the cri-

ANN models (Table 4), it was observed that all three

teria. The SVM model had the second best performance

models generally gave low values of the RMSE and

and the ANN model was found to be the worst of all

MAE as well as high r. The GA-SVM, SVM, and ANN

approaches investigated according to the criteria in this

models had good performance in PMF-56 ET0 modeling.

study.
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Optimal SVM parameters with grid algorithm and the performance statistics of the SVM models during the training and testing periods

Parameter

Training periods

Testing periods

Model

Input

C

γ

r

RMSE mm/day

MAE mm/day

r

RMSE mm/day

MAE mm/day

SVM1

1

0.57

48.50

0.943

0.412

0.282

0.947

0.433

0.321

SVM2

2

0.57

5.28

0.961

0.342

0.237

0.969

0.329

0.251

SVM3

3

0.33

16

0.975

0.275

0.153

0.989

0.206

0.150

SVM4

4

1

5.73

0.953

0.374

0.268

0.951

0.404

0.308

SVM5

5

0.57

5.29

0.967

0.313

0.216

0.965

0.347

0.262

SVM6

6

1

9.19

0.980

0.245

0.124

0.992

0.179

0.129

SVM7

7

1

16

0.987

0.201

0.106

0.988

0.211

0.153

SVM8

8

0.58

9.19

0.986

0.205

0.104

0.994

0.148

0.114

Table 4

|

The structure and the performance statistics of the ANN models during the training and testing periods

Training periods
r

RMSE mm/day

Testing periods
MAE mm/day

r

RMSE mm/day

MAE mm/day

Model

Input

Structure

ANN1

1

2-12-1

0.939

0.439

0.315

0.941

0.473

0.341

ANN2

2

3-4-1

0.959

0.352

0.259

0.967

0.361

0.280

ANN3

3

3-11-1

0.971

0.301

0.174

0.986

0.245

0.174

ANN4

4

3-13-1

0.952

0.380

0.289

0.930

0.482

0.349

ANN5

5

4-6-1

0.964

0.330

0.243

0.968

0.347

0.266

ANN6

6

4-4-1

0.974

0.280

0.176

0.990

0.224

0.169

ANN7

7

4-6-1

0.982

0.232

0.156

0.985

0.232

0.155

ANN8

8

5-11-1

0.984

0.223

0.141

0.992

0.176

0.136

Figures 3 and 4 show the hydrograph and scatter plots of

accuracy than SVM8 and ANN8 models. The performance

both the PMF-56 ET0 and the values obtained using the best

of the SVM8 was better than that of the ANN8 model,

SVM (SVM8) and ANN (ANN8) models of the testing

further conﬁrming that although the GA-SVM, SVM, and

period. It revealed that both models showed good prediction

feed-forward ANN had comparable performance during

accuracy of the PMF-56 ET0. Compared to Figure 2 for the

testing period, the performance of the GA-SVM was

GA-SVM8 model, the GA-SVM8 model showed better

superior to that of the SVM and feed-forward ANN model

Figure 3

|

Comparison of the ET0 values estimated by the PMF-56 equation and the SVM8 model during the testing periods.
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Comparison of the ET0 values estimated by the PMF-56 equation and the ANN8 model during the testing periods.

during the more important independent testing stage. All

model had the best estimate (2.22%) and the SVM8 had

comparative analysis of the GA-SVM, SVM, and ANN

the second best estimate (2.40%).

models showed that the GA-SVM models performed a

It is important to evaluate not only the average estimation error but also the distribution of estimation errors

little better than the SVM and ANN models.
The estimation of total PMF-56 ET0 obtained from the

when assessing the performance of any model for its appli-

estimated ET0 values was also considered for comparison

cability in modeling ET0. Comparing the monthly ET0

due to its importance in water balance calculation, water

estimates of the best GA-SVM, SVM, ANN model with the

resources planning and management. The total estimated

PMF-56 ET0 estimates, Figure 5 contains biases, i.e., model

ET0 amounts in testing periods are given in Table 5, showing

estimate monthly ET0 minus the corresponding PMF-56

that most models underestimated total PMF-56 ET0 value.

ET0, for the testing data set. These conﬁrmed the relative

The GA-SVM8, SVM8, and ANN8 models, whose input par-

superiority of the GA-SVM models in comparison with

ameters were Tmin, Tmax, U2, RH, and Rs, estimated the total

either the SVM and ANN models for modeling the ET0.

PMF-56 ET0 value of 551.19 mm as 538.96 mm, 537.94 mm,

Overall, the GA-SVM, SVM, and ANN models can give

and 536.54 mm, with an underestimation of 2.22%, 2.40%,

good prediction performance and can be successfully

and 2.66%, respectively. The total PMF-56 ET0 amount esti-

applied to establish models that could provide accurate

mates of the GA-SVM8 and SVM8 were closer to the

and reliable PMF-56 ET0 modeling. The results suggested

PMF-56 ET0 values. Among the models, the GA-SVM8

that the GA-SVM models were superior to the SVM and
ANN in the PMF-56 ET0 modeling.

Table 5

|

Total ET0 values and relative error calculated by various models during the
testing periods

Although this study tried to seek the best models in
GA-SVM, SVM, and ANN models, the truth is that the more cli-

GA-SVM

SVM

ANN

Total

Total

Total

mate variables used to train the models, the more accurate the
results in estimating PMF-56 ET0. In ungauged regions, the cli-

ET0.

Relative

ET0.

Relative

ET0.

Relative

mate data are limited; however, the temperature data are easy to

Input

(mm)

error (%)

(mm)

error (%)

(mm)

error (%)

access and process, and in this situation, the GA-SVM, SVM,

1

507.64

7.90

502.39

8.85

486.14

11.80

and ANN models with only minimum and maximum air temp-

2

519.51

5.75

517.90

6.04

495.39

10.12

erature as inputs can all be used to estimate PMF-56 ET0.

3

529.13

4.00

528.85

4.05

524.70

4.81

4

509.35

7.59

520.98

5.48

516.94

6.21

5

521.64

5.36

520.88

5.50

504.69

8.44

6

528.21

4.17

528.35

4.14

513.22

6.89

7

533.74

3.17

535.93

2.77

525.42

4.68

8

538.96

2.22

537.94

2.40

536.54

2.66
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Error (mm) in estimated monthly ET0 by different model assumptions during the testing periods.

modeling of daily reference evapotranspiration (ET0), in

modeling and can be successfully applied to PMF-56 ET0

which GA was used to optimize the parameters of the

modeling in a semi-arid mountain area where evapotranspira-

SVM. The developed GA-SVM models were tested using

tion measurements or the complete climatic data for applying

the ET0 calculated by PMF-56 equation of a semi-arid

the PMF-56 method are often not available.

environment of Qilian Mountain, northwest China. Eight
models were developed using different combinations of
daily climatic data including maximum air temperature
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