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Abstract: This study was conducted to estimate the reference evapo-
transpiration (ETo) for Shahat region in Libya using the genetic pro-
gramming (GP) model compared to the FAO Penman-Monteith equa-
tion (FPM56). The climatic data of Shahat Meteorological Station was
used for the period from 1963 to 1999. Six different combinations of
available meteorological variables were used, such as the average air
temperature (Tmean), the average relative humidity (RHmesn), and the
extraterrestrial radiation (R,). The latter is calculated as a function of
the location and time during the year. The GP model was trained using
70% of the climatic data and tested using the remaining 30%. The val-
ues of the statistical indicators obtained in this study showed that the
root mean square error (RMSE), coefficient of determination (R?), and
Nash-Sutcliffe coefficient of efficiency (NSE) ranged between 0.26
and 0.98 (mm.day™); 0.67 and 0.98; 0.66 and 0.98, respectively during
the testing period. Therefore, GP models represent a great option to
estimate ETo, when climatic data are scarce.

Keywords: Reference Evapotranspiration, Genetic Programming,
FAO Penman-Monteith Equation, Shahat Region.
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INTRODUCTION

Evapotranspiration (ET) is an essential hydrological component for the sustainable and efficient
management of agricultural water resources, optimum irrigation scheduling, hydrologic water bal-
ance and water resources planning and management (Huang et al., 2019; Wu et al., 2019; Yama¢ &
Todorovic, 2020).

The so-called reference evapotranspiration, denoted as ETo. The reference surface is a hypothetical
grass reference crop with an assumed crop height of 0.12 m, a fixed surface resistance of 70 s.m™
and an albedo of 0.23. The reference surface closely resembles an extensive surface of green, well-
watered grass of uniform height, actively growing and completely shading the ground (Allen et al.,
1998).

Reference evapotranspiration (ETo) is measured by techniques and relatively complex physical
principles (Allen et al., 2011), and the most direct and accurate way to estimate it is by water bal-
ance in the soil using lysimeters. However, due to limitations associated with the method, the adop-
tion of physical mathematical models has become a practical alternative to ETo estimation.

The FAO-56 Penman-Monteith (FPM56) equation is recommended by the Food and Agriculture
Organization (FAO) of the United Nations as the sole standard method for the definition and com-
putation of the reference evapotranspiration (Allen et al., 1998). The FPM56 equation requires air
temperature, air humidity, wind speed, and radiation data. These elements are often not available
due to the small number of weather stations available in many regions, and when these are present,
they may contain insufficient data.

There has been substantial research in recent years focusing on the estimation and prediction of
natural phenomena, including the estimation of ETo using machine learning models, e.g., artificial
neural network (ANN), fuzzy logic (FIS), genetic programming (GP), multivariate adaptive regres-
sion splines (MARS), decision tree (DT), random forests (RFs), support vector machine (SVM),
extreme learning machine (ELM), and adaptive neuro-fuzzy inference system (ANFIS) (Adamala et
al., 2019) ,(Adeloye et al., 2012) (Chia et al., 2020),(Egipto et al., 2023),(Spontoni et al.,
2023),(Raza et al., 2023),(Liu et al., 2022).

A review of the literature shows that applications of GP for modeling evapotranspiration are lim-
ited. The study of (Guven et al., 2008) applied GP for modeling daily reference evapotranspiration
as a function of solar radiation, mean air temperature, wind speed and relative humidity, and com-
pared the performance of this model with other ETo equations. They found quite satisfactory results
and it can be used as an alternative to the conventional models.

The current study is an attempt to develop a genetic programming model based on different combi-
nations of available meteorological variables such as mean air temperature, relative humidity, and
extraterrestrial radiation for predicting the ETo at Shahat, Libya.

MATERIALS AND METHODS

The reference evapotranspiration (ETo) in this study was calculated using data from Shahat mete-
orological station located at the longitude of 21° 51’E, the latitude of 32° 49'N, and mean altitude is
621 meters above sea level. The historical data series includes average monthly maximum (Tmax),
minimum (Tmin) and mean air temperature (Tmean)(°C), mean relative humidity (RHmean) (%), and
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wind speed (U) (m.s™), which covered the period from 1963 to 1999. Table (1) shows the statisti-
cal parameters of meteorological variables at Shahat weather station.

Table: (1). Statistical parameters of meteorological variables at Shahat weather station

T Toi T RH n

& st o e ()

Mean 20.9 12.3 16.6 67.8 4.7 8.0
Standard Error 0.3 0.2 0.2 0.4 0.1 0.1
Standard Deviation 5.9 4.7 5.2 9.3 1.6 25
Range 22.1 17.9 19.8 50.0 8.0 111
Maximum 311 21.2 25.9 89.0 10.0 13.0
Minimum 9.0 3.3 6.2 39.0 21 19
Count 444 444 444 444 444 444

The REF-ET version 4.1 program (Allen, 2000) was used to calculate the reference evapotranspira-
tion ETo using the Penman-Monteith equation recommended by the Food and Agriculture Organi-
zation (FAO) in Bulletin 56. (Allen et al., 1998). This Equation takes the form:

900
0.408 x A(Rn — G) +v <T+W Uz(es — ea)>]

ET, =
° A+y(1+40.34U,,)

(1)

Where:

ET, : is the reference evapotranspiration [mm.day™];
R, : is the net radiation at the crop surface [MJ m™ day™];
G : is the soil heat flux density [MJ m™ day™];

T : is the mean daily air temperature at 2 m height [°C];
U, : is the wind speed at 2 m height [m.s™];

e, . is the saturation vapour pressure [kPa];

e, - 1s the actual vapour pressure [kPa];

e; — e, Is the saturation vapour pressure deficit [kPa];
A : is the slope vapour pressure curve [kPa.°C™]; and

y + is the psychrometric constant [kPa.°C™]

The extraterrestrial solar radiation (Rj) is not measured data but estimated for a certain day and lo-
cation. One of the outputs of the REF-ET model version 4.1 is extraterrestrial radiation (Allen,
2000). The extraterrestrial radiation, for each day of the year and different latitudes can be estimat-
ed from the solar constant, the solar declination, and the time of the year by:

Ry = 28D G d, [w;sin(p) sin(8) + cos(g) cos(8) sin(ws)] @

T

Where:

R,: Extraterrestrial radiation [MJ m™ day™],
G, : Solar constant = 0.0820 [MJ m? min™],
d, : Inverse relative Earth-Sun,
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ws - Sunset hour angle [rad],

¢  Latitude [rad],

6 : Solar declination [rad],

In the northern hemisphere, the latitude, ¢, is expressed as a positive value in radians, while in the
southern hemisphere, it is expressed as a negative value. The remaining variables in equation (2)
can be calculated using the method outlined by (Allen et al., 1998) as follows:

d, =1+ 0.033cos(22]) (3)

365
8 = 0.409 sin(22] — 1.39) 4

wg = arccos[—tan(¢) tan(d)] (5)
where J represents the day number in the year, ranging from 1 (1st January) to 365 or 366 (31st De-
cember).

Genetic programming

Genetic programming (GP) is a type of evolutionary algorithm (EA) that was introduced by (Koza,
1992). It is based on the principles of natural selection and genetics. GP is a relatively recent addi-
tion to the family of EAs, which includes evolutionary programming (Fogel et al., 1966), genetic
algorithms (Holland, 1975), and evolution strategies (Schwefel, 1981).

Genetic symbolic regression operates with two sets of variables, namely the functional set and the
terminal set (Koza, 1994).

In this study, Genetic programming models were calculated based on the steps mentioned in a field
guide to Genetic Programming (Poli et al., 2008), using the open-source program GPdotnet5.1.2
developed by (Hrnjica, 2018).

The steps followed can also be summarized as follows:
1. Determine the external terminals, which are the independent variables, such as (Tmean, RHmean,
Ra), and the internal terminals, represented by the functions (addition, subtraction, multiplication,
division).
2. Determine the fitness function through which strong solutions are selected and weak solutions
are excluded.
3. Determine the parameters used in the analysis, such as population size, crossing over, mutation,
reproduction, number of constants, and starting method, as shown in Table (2).
4. Determine the stopping point of the program that was achieved after the program reached 500
generations, where the best fitness has not changed more since generation 300 and the execution
procedures can be summarized as follows:
1. Randomly initiate populations.
2. Evaluate the fitness of the population
3. [Iterate until the solution convergence:
a. Choose parents from the population:
b. Generate a new population through crossover.
c. Apply mutation to the new population.
d. Compute the fitness of the new population.

The function set consisted of addition, subtraction, multiplication, and division. The data was divid-
ed into two parts: 70% of the data for training and 30% for testing. The data was also normalized
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using the Min-Max Normalization method. The statistical parameters of the climatic variables used
in this study are shown in Table (3), and the used models for several scenarios are shown in Table

(4).

Table: (2). Genetic programming parameters:

GP parameter Value
Population Size 500
Fitness Root Mean Square Error (RMSE)
Initialization Half and Half
Selection Elitism 20
Method Rank selection
Probability of GP operations Crossover 0.9
Mutation 0.05
Reproduction 0.2
Random constant Interval 0-1
Number of random constants 5

Table: (3). Statistical parameters of the climatic variables

Climatic Variables

Statistical parameters

Tnean (°C) RH mean (%) R, (MJ m? day™)

Training processes

Maximum 25.2 89 41.46
Minimum 6.2 39 17.99
Mean 16.44 68.05 30.66
Standard Deviation 5.11 9.47 8.38
Count 311 311 311
Testing processes

Maximum 25.9 83 41.46
Minimum 1.7 43 17.99
Mean 16.99 67.27 30.53
Standard Deviation 5.57 8.93 8.45
Count 133 133 133

Table: (4). GP models scenarios

Input variables

Model

Tmean RHmean Ra
GP1 v
GP2 v v
GP3 v
GP4 v v
GP5 4 v
GP6 v v v

Performance criteria
Three performance indicators were used to evaluate the model: root mean square error (RMSE)«
coefficient of determination (R?) (Kennedy & Neville, 1986), and Nash-Sutcliffe efficiency (NSE)
(Nash & Sutcliffe, 1970), between ET, using FPM56 and predicted values using GP model. These
statistics parameters are defined as follow:

Z?zl(ETGP - ETFPM56)2

RMSE = 6
- )
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—_ J— 2
[Z?:l(ETGP - ETGP) (ETFPM56 - ETFPM56)]
I 2 R 2
Y% (ETgp — ETgp) X%, (ETrpmse — ETrpuss)

NSE =1 — [Z?=1(ETFPM56 - ETGP)]Z (8)

—_— 2
Z?=1(ETFPM56 - ETFPMSG)
Smaller values of RMSE and higher values of R? indicates higher model performance. The Nash-
Sutcliffe (NSE) efficiency is used to evaluate the predictive power of the model and varies from -co
to 1, with 1 being the perfect fit between the data estimated by the model and the measured data.

R? = (7)

Where:
ETppyse : FPM56 , (mm.day™),
ETgp : Predicted evapotranspiration, (mm.day™),

ET epuse - Average FPM56, (mm.day™),

ETp : Average predicted evapotranspiration, (mm.day™),
n : Total number of samples.

RESULTS AND DISCUSSION:

Table (1) demonstrates the values of the statistical criteria used in this study. From these results, it
can be clearly seen that when using only (Tmean) as input to the genetic programming model, which
is referred to here as GP1, the values of RMSE and R? were equal to 0.77 and 0.81 respectively.
Figure (3) illustrates the scatter plot of predicted ETo values by the GP1 model, compared with
FPMS56 during testing. When added (R.) to GP1, which is known here as GP2, it significantly in-
creased the performance. The RMSE decreased from 0.77 to 0.46, by 40% and R? increased from
0.81 t0 0.93, by approximately 15%. Figure (4) illustrates the scatter plot of this relationship.

In GP3, only (RHmean) Was used, we notice that the model performs poorly, where RMSE increased
to 0.98, and R? decreased to 0.67. Figure (5) illustrates the scatter plot of this relationship. GP4
added (R,) and performed better than GP3. The performance of this model is almost equal to the
performance of GP2. Figure (6) illustrates the scatter plot of this relationship.

The results improved significantly when using (Tmean), (RHmean) and (Rz) as inputs to GP6. Figure
(8) shows the scatter plot of predicted ETo values by the GP6 model, compared with FPM56 during
testing. Furthermore, it can be seen from Table (5) that GP6 outperformed the other models in all
performance parameters. GP6 was ranked best in the testing process. These results are in accord-
ance with (Liu et al., 2022),(Egipto et al., 2023; Raza et al., 2023) who also indicated that machine
learning models represent a great option to estimate ETo.

Table: (5). Performance criteria of the GP models during training and Testing

Training Testing
. RMSE
Model Input variables (mm.day R? NSE RMSE_l R? NSE
1 (mm.day™)
GP1 Trnean 0.84 0.75 0.75 0.77 0.81 0.79
GP2 Tneans Ra 0.53 0.90 0.90 0.46 0.93 0.93
GP3 RHmean 0.93 0.69 0.69 0.98 0.67 0.66
GP4 RHmean, Ra 0.51 0.91 0.91 0.55 0.90 0.89
GP5 Trmean» RHmean 0.43 0.94 0.93 0.49 0.93 0.92

GP6 Toneans RHimeans Ra 0.37 0.96 0.95 0.26 0.98 0.98
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R*=0.81

ETo predicted mm.day-!

ETo FPM mm.day!

Figure: (3). scatter plot of predicted ETo values by the GP1 model, compared with FPM56 during testing.

R?=0.93

ETo predicted mm.day-!

ETo_FPM mm.day!

Figure: (4). scatter plot of predicted ETo values by the GP2 model, compared with FPM56 during testing.

R?=0.67

ETo predicted mm.day-!

ETo_FPM mm.day!

Figure (5). scatter plot of predicted ETo values by the GP3 model, compared with FPM56 during testing.
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R?=0.90

ETo predicted mm.day-!

ETo_FPM mm.day!

Figure: (6). scatter plot of predicted ETo values by the GP4 model, compared with FPM56 during testing.

ETo predicted mm.day-!

1 2 3 1 5 6 7 8
ETo_FPM mm.day!

Figure: (7). scatter plot of predicted ETo values by the GP5 model, compared with FPM56 during testing.

ETo_predicted mm.day-!

1 i 3 4 5 6 7 8
ETo_FPM mm.day!

Figure: (8). scatter plot of predicted ETo values by the GP6 model, compared with FPM56 during testing.

CONCLUSION

From the results obtained in this study, It can be concluded that the performance of the GP model is
a promising approach and a powerful tool that can be used to calculate reference evapotranspiration



Al-Mukhtar Journal of Agricultural, Veterinary and Environmental Science 02 (1): 29-38, 2024 page 370f 10

when using (Tmean), (RHmean) and (Ry) as inputs, especially under the deficiency of complete mete-
orological data required for the Penman-Monteith equation recommended by Food and Agriculture
Organization to calculate the reference evapotranspiration.
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manuscript.
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