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Abstract: Evapotranspiration (ET) is an important part of the hydrologic cycle, especially 

when it comes to irrigated agriculture. For the estimation of reference evapotranspiration 

(ET0), direct methods either pose difficulties or call for many inputs that may not always be 

available from weather stations. This study compares Feed Forward Neural Network (FFNN), 

Radial Basis Function Neural Network (RBFNN). and Gene Expression Programming (GEP) 

approachs for the estimation of daily ET0 in a weather station in Lower Cheliff plain 

(northwest Algeria), over a 6-year period (2006–2011). Firstly, measured air temperature, 

relative humidity, wind speed, solar radiation and global radiation was used to calculate ET0 

using FAO-56 Penman-Monteith equation as the reference. Then, the calculated ET0 using 

FAO-56 Penman-Monteith was considered as output for data driven models, while the 

measured meteorological data were considered as input of the models. The coefficient of 

determination (𝑅2), root mean square error (RMSE) and Nash Sutcliffe efficiency coefficient 

(EF) were used to evaluate the developed models. The results of the developed models were 
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compared with the Penman-Monteith evapotranspiration using these performance criteria. The 

FFNN model proved to yield the best performance compared to all the developed data-driven 

models, while the RBF-NN and GEP models also demonstrated potential for good 

performance. 

Key words: Reference Evapotranspiration, FAO-56 Penman-Monteith, Data Driven Models, 

Lower Cheliff, Algeria 

 

INTRODUCTION 

Given increases in the global population, adequately and reliably meeting people’s nutritional 

needs in arid and semi-arid climates is one of the most immediate problems of management in 

water and agriculture sectors. Since water resources are very limited in climates with varying 

degrees of aridity, there is an inevitable need to use existing water resources as optimally as 

possible (Nairizi 2017). Evapotranspiration (ET) is one of the most important component of 

the hydrology cycle and influences runoff, soil water storage, groundwater recharge, 

biodiversity, and the global climate system (Amatya et al. 2018, Sun et al. 2011). 

Determining the amount of ET is necessary in water resource management, irrigation 

planning, watershed management, and the design of drainage systems.  

To calculate the amount of ET for an agricultural system, the reference evapotranspiration 

(ET0) is calculated first. However, estimating ET0 is known to be very complex. ET0 is either 

measured directly (e.g. by lysimeter or pan setups) or complex physics-based experimentally 

validated equations are used. It is clear that direct measurements are very costly and time 

consuming. Physics-based equations (e.g.,Thornthwaite 1948; Blaney and Criddle 1950; 

Makkink 1957; Turc 1961; Priestley and Taylor 1972; Hargreaves and Samani 1985), 

including the FAO-56 Penman Monteith (Allen et al. 1998) are complex in that they involve 

multiple parameters which may not all be known from local observations. Nevertheless, the 
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FAO-56 Penman Monteith method has been accepted as a standard and used by scientists in 

different climates. A high correlation is observed between the ET0 values obtained from FAO-

56 Penman Monteith method and direct measurements even in different climatic conditions. 

Therefore, scientists have considered the values computed using the FAO-56 Penman 

Monteith method as the desired output of data-based artificial intelligence methods and 

different combinations of meteorological variables as inputs for such methods for accurately 

estimating ET0 (Kumar et al. 2008; Eslamian et al. 2012; Mohawesh 2011; Citakoglu et al. 

2014; Aparecido et al. 2017; Sattari et al. 2020).  

The development of computing, software, informatics, and networking has facilitated 

measurement and computational estimation of meteorological variables to a great extent. As a 

result of these developments, data-based models are frequently used in modeling stochastic 

and complex nonlinear dynamics in water resources engineering (Sattari et al. 2017; 

Rouzegari et al. 2019; Shabani et al. 2020, Apaydın et al. 2020). For example, de  Oliveira 

Ferreira Silva et al. (2019) presented the R package "agriwater" for the spatial modelling of 

actual evapotranspiration and radiation balance. Thorp et al. (2019) developed a methodology 

for unbiased evaluation and comparison of three ET algorithms in the Cotton2K 

agroecosystem model. Guven et al. (2008) successfully estimated he daily amount of ET0 in 

California, USA, with a genetic programming. Rahimikhoob (2010) predicted ET0 values 

with artificial neural networks using temperature and relative humidity parameters in an eight-

station region of Iran with a subtropical climate. The results obtained from the ANN method 

were compated with the Hargreaves equation, and it was found that the ANN method was 

successful in ET0 estimation. Ozkan et al. (2011) successfully estimated daily ET0 amounts 

using artificial neural networks and bee colony hybrid method using the meteorological data 

of two stations in California, USA. Cobaner (2013) estimated ET0 amounts in the USA using 

wavelet regression (WR) and class A pan evaporation data. WR model results were found to 
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give better results than FAO-56 Penman-Monteith equation. Ladlani et al. (2014) applied 

Adaptive Neuro-Fuzzy Inference System (ANFIS) and Multiple Linear Regression (MLR) 

models for daily ET0 estimation in the north of Algeria. According to the results of the study, 

ANFIS yielded better results. Wen et al. (2015) calculated daily ET0 amounts using the 

support vector machine (SVM) method in a region of China that was extremely arid. They 

utilized limited meteorological variables as model input. It was observed that modeling is 

sufficient in estimating daily ET0 based on maximum and minimum temperature. Gocić et al. 

(2015) used genetic programming (GP), support vector machine-firefly optimization 

algorithm (SVM-FFA), artificial neural network (ANN) and support vector machine-wavelet 

(SVM-Wavelet) models for ET0 prediction in Serbia. This particular study took FAO-56 

Penman-Monteith equation to be the basic method. The results pointed to SVM-Wavelet 

being the best performing methodology for the estimation of ET0 under the given conditions. 

Petković et al. (2016) estimated the amount of ET0 in Serbia between 1980 and 2010 using 

particle swarm optimization, radial basic function network (RBFN-PSO), and back 

propagation radial basic function network (RBFN-BP) methods. Pandey et al. (2017) 

estimated daily ET0 by methods like ANN, support vector regression (SVR) and nonlinear 

regression (NR). In this study, limited climatic parameters were used as model input. Daily 

ET0 values calculated from FAO56PM method were compared to the model output. The 

results pointed to the acceptability of the ANN model estimations. Fan et al. (2018) estimated 

daily ET0 amounts using SVM, extreme learning machine (ELM) models, and four tree-based 

ensemble methods in China’s different climatic conditions. The results pointed to the fact that 

tree-based ensemble methods can yield appropriate results in different climates. Wu et al. 

(2019) used cross-station and synthetic climate data to estimate the amount of ET0. They also 

found that machine learning methods could perform successfully in the prediction process. 
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In this study, the aim was to investigate the potential of Feed Forward Neural Network 

(FFNN), Radial Basis Function Neural Networks (RBFNN) and the Gene Expression 

Programming (GEP) models for the estimation of daily ET0 values using different 

combinations of climatic variables in a semi-arid farmland area, namely Lower Cheliff plain 

in northwest Algeria. This research made use of the well-known FAO-56 (PM56) equation as 

the basic method. In this article, the role of climatic parameters in ET0 estimation in this semi-

arid region was also determined. 

 

MATERIALS AND METHODS 

Study area and meteorological data acquisition 

The region in focus for this study was Lower Cheliff Plain in the northwest of Algeria (Figure 

1), lying between latitudes 34°03′12′′ and 36°05′57′′ N and between longitudes 0°40 and 

01°06′08′′ E, and occupying an area of 40,000 ha (Douaoui et al. 2006). This area is classified 

as semi-arid. Average annual rainfall ranges from 320 mm to 250 mm. Temperature reach its 

maximum in July and August and its minimum in January. The average annual temperature 

along the Lower Cheliff plain ranges from 19.5 °C in the north to 25.3 °C in the south. 

The historical data for this study was provided by the Hmadna station (SYNMET Automatic 

Station), located at latitude 35°55’31” N and longitude 00°45’04” E. The instrument used for 

measuring ET0 at the automatic meteorological station of Hmadna is shown in Figure 2. The 

units and the measuring range of sensors are listed in Table 1. 

2.2. Description of data 

The meteorological data included daily observations of maximum, minimum and mean air 

temperatures (Tmax, Tmin and Tmean), daily mean relative humidity (RH), wind speed (Ws), 

sunshine duration (Sd) and global radiation (GR). The days with data that proved to be 

inadequate were excluded from the patterns. The statistical parameters pertaining to the daily 
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climatic data are given in Table 2, in which the Xmean, Xmax, Xmin, Sx and Cv stand for the 

mean, maximum, minimum, standard deviation and coefficient of variation , respectively.  

 

Evapotranspiration estimation method 

The FAO Penman–Monteith method to calculate ET0 can be expressed following Allen et al. 

(1998) as: 

𝐸𝑇0 = 0.408𝛥(𝑅𝑛 − 𝐺) + 𝛾 900𝑇𝑚𝑒𝑎𝑛 + 273𝑈2 
(1) 

 

where ET0 is the reference crop evapotranspiration (mm day-1), Rn is the net radiation (MJ m-2 

day-1), G is the soil heat flux (MJ m-2day-1), c is the psychrometric constant (kPa °C-1), es is 

the pressure of saturation vapor (kPa), ea is the pressure of the actual vapor (kPa), D is the 

slope of the curve for saturation vapor pressure–temperature (kPa.C-1), Ta is the average daily 

air temperature (°C), and U2 is the mean daily wind speed at 2 m (m s-1). All the data needed 

in the calculation of ET0 were computed on the basis of the procedures outlined in Chapter 3 

of FAO-56 (Allen et al. 1998). 

Artificial neural networks 

Artificial neural networks (ANNs) are nonlinear mathematical models based on ideas about 

the behavior of biological neural networks. An ANN consists of with a variety of layers of 

interconnected nodes or neurons. Each neuron gets a linearly transformed combination of the 

previous neuron’s outputs (∑wijxj), or (for the first layer) of the network inputs and returns a 

nonlinear transformation of this quantity. 

The weights (wij) are the parameters added to each source defining this linear combination 

and typically also include an intercept term called the activation threshold (Shiri et al. 2012). 

A nonlinear activation function is then applied to the linear output combination (f (∑wijxj)). 

This activation function can be, for example, a sigmoid function, which constrains each 
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neuron's output values to between two asymptotes. Once the activation function is applied, 

each neuron’s output feeds into the outputs of the next layer. The most frequently used 

architecture for an ANN consists of an input layer in which the data is introduced into the 

ANN, a hidden layer(s) in which the data undergoes processing, and the output layer in which 

the effects of the input generate a predicted output value(s) (Shiri et al. 2012). 

 

Multi-Layer Perceptron (MLP) 

The literature contains many kinds of neural networks that have been put to many uses. The 

Multilayer Perceptron (MLP) is a commonly used ANN configuration utilized regularly in the 

hydrological modelling field (Leahy et al. 2008) (Figure 3). This study assesses the usefulness 

of neural MLP networks for the estimation of EP. The MLP is the most frequently used and 

simplest neural network architecture (Haciismailoglu et al. 2009). 

 

Radial Basis Function (RBF) 

Another architecture used commonly in ANN is the Radial Basis Function (RBF). Multilayer 

and feed-forward RBF is often used for multi-dimensional spatial interpolation. The word 

"feed-forward" means the neurons in a layered neural network are arranged in layers (Lin et 

al. 2004). The underlying architecture of a neural network with three layers is presented in 

Figure 4. The RBF network comprises three layers, i.e. hidden, input, and output. The 

activation function of each RBF neuron has the form of an RBF, generating a response only if 

the inputs are close to some central value determined for that particular neuron. 

 

Gene Expression Programming (GEP) 

While ANNs are compicated models that typically do not capture the physical relationships 

between different process components in an understandable way, GEP models have the 
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capacity to express the relationship between dependent and independent variables explicitly 

(Wang et al. 2015). 

The procedure for modelling daily evapotranspiration (considered to be the dependent 

variable) on the basis of weather variables (considered as the independent variables) involves 

the following: selecting the fitness function; selecting terminals T and set of functions F for 

creating chromosomes; selecting chromosome architecture; and selecting the link function 

and genetic operators (Figure 5) (Shiri et al. 2012). 

 

Evaluation criteria 

The performance of the models utilized in this study were evaluated by means of  standard 

criteria for statistical performance evaluation. The statistical measures taken into account 

were coefficient of determination (𝑅2), root mean square error (RMSE) and Nash Sutcliffe 

efficiency coefficient (EF) (Moriasi et al. 2007). The calculation of the three criteria was done 

according to the following equations: 

𝑅2 = 1 − ∑ (𝐸𝑇𝑖(𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑) − 𝐸𝑇𝑖(𝑚𝑜𝑑𝑒𝑙))𝑁𝑖=1∑ (𝐸𝑇𝑖(𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑) − 𝐸𝑇𝑚𝑒𝑎𝑛)𝑁𝑖=1  
(2) 

𝑅𝑀𝑆𝐸 = √1𝑁∑(𝐸𝑇𝑖(𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑) − 𝐸𝑇𝑖(𝑚𝑜𝑑𝑒𝑙))𝑁
𝑖=1  

 (3) 

𝐸𝐹 = 1 − ∑ (𝐸𝑇𝑖(𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑) − 𝐸𝑇𝑖(𝑚𝑜𝑑𝑒𝑙))2𝑁𝑖=1∑ (𝐸𝑇𝑖(𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑) − 𝐸𝑇𝑚𝑒𝑎𝑛)2𝑁𝑖=1  
(4) 

 

where N is the number of observed ET data, ETi(observed) and ETi(model) are observed and model 

estimations of ET, respectively, and ETmean is the mean of observed ET.  
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RESULTS AND DISCUSSION 

In this study, firstly, ET0 values were computed by Penman-Monteith method using climatic 

data. Then the following equation was used to normalize the input (meteorological data) and 

output (calculated ET0 by Penman-Monteith): 

𝑋𝑛 = 2. 𝑋𝑜 − 𝑋𝑚𝑖𝑛𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛 − 1 
(5) 

where, Xn and XO stand for the normalized and original data, while Xmin and Xmax represent 

the minimum and maximum values in the original data. Approximately 70% of the available 

data period (from around 2006 to 2010) was selected for the training phase; the remaining 

30% belonged to the year 2011 and was used for testing process. MATLAB was used for the 

modeling process. 

Application of MLP 

In this study, FFNN algorithm was used with a single hidden layer. More details about the 

parameters used for the FFNN-based model with one hidden layer are listed in Table 3. With 

the input data playing a considerable role in model development, several input combinations 

were used for model development. The performances of all MLP-based input combinations 

are listed in Table 4 for training and testing stages. MLP-based model development is a trial 

and error process. In this study, tangent sigmoid transfer function was used in the hidden layer 

and linear transfer function was used for target. To achieve ideal performance with MLP 

models, the number of neurons in the hidden layer has to be optimized. The results in Table 4 

suggest that Model FFNN2 including Tmax, Tmean, (Tmax-Tmin), RH, I, Ws and GR performed 

better than other FFNN-based input combination models with R2 values as 0.9903, 0.9921, 

RMSE values as 0.2332, 0.2342 and E values as 0.9902, 0.9902 for both training and testing 

stages, respectively. Nineteen neurons were used in the hidden layer to achieve this ideal 

performance. The performance and agreement plot among actual and predicted values of 

FFNN2 model for both training and testing stage are mapped out in Figure 6 which shows that 
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max values lie very close to the line of 450 and follow the same pattern as the actual values in 

both training and testing stages. If all the values lie on the line of 450 and follow the exact 

same path, the model is ideal and predicts values similar to actual ones. 

Performance evaluation results suggest than FFN2 model performed better than other input 

combination based models. As to comparing various input combination based models with 

one another, the results in Table 4 indicate that several other models are comparable in 

performance to the best model (FFNN2), while having a lower number of required input 

meteorolgical variables. Overall, going with the assessment in Table 4, the FFNN11 model 

(Tmean, RH, Ws and GR) is suitable for predicting ET with R2 values as 0.9875, 0.9892, 

RMSE values as 0.2656, 0.2623 and E values as 0.9873, 0.9877 for both training and testing 

stages, respectively. The same number of neurons (19) is used in the single hidden layer for 

achieving this performance similar to the FFNN2 model. The performance and agreement plot 

among actual and predicted values of the FFNN11 model for both training and testing stage is 

shown in Figure 7 which points to the fact that max values lie very close to the line of perfect 

agreement and follow the same pattern as the actual values in both training and testing stages.    

                     

Application of RBF 

For the RBF method as well, several input combinations were used for model development. 

The performance of all input combination based RBF-NN models are listed in Table 5 for 

training and testing stages. RBF-NN based model development is a trial and error process 

similar to FFNN model development. In this study, the RBF models had a single hidden layer. 

To achieve ideal performance with RBF-NN models, the value of the spread must be found 

through a trial and error process. The results of Table 5 suggest that the RBF-NN5 model 

including Tmin, Tmax, Tmean, RH, I, Ws and GR performs better than other input combination 

RBF-NN based models with R2 values as 0.9907, 0.9911, RMSE values as 0.2270, 0.2374 
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and E values as 0.9907, 0.9899 for both training and testing stages, respectively. The 

performance and agreement plot among actual and predicted values of RBF-NN5 model for 

both training and testing stages are shown in Figure 8 which shows that max values lie very 

close to the line of 450 and follow the same pattern as the actual values in both training and 

testing stages. 

 The performance evaluation results suggest than the RBF-NN5 model performs better than 

other input combination based models. On inter comparison among various input combination 

based models, the results in Table 5 indicate that the performance of several other models was 

comparable to the best model (RBF-NN5) and involved a lower number of inputs. Overall, 

the assessment mapped out on Table 5 shows that the RBF-NN11 model (Tmean, RH, Ws and 

GR) is suitable for predicting the ET with R2 values as 0.9886, 0.9892, RMSE values as 

0.2514, 0.2551 and E values as 0.9886, 0.9884 for both training and testing stages, 

respectively. A lower rate of spread (Table 5) was used in the development of this model than 

in the case of the RBF-NN5 model. The performance and agreement plot among actual and 

predicted values of the RBF-NN11 model for both training and testing stages are shown in 

Figure 9 which shows that max values lie very close to the line of perfect agreement and 

follow the same pattern as the actual values in both training and testing stages.  

 

Application of GEP 

The details of parameters used in the GEP model are listed in Table 6.  The performance of all 

input combination based GEP models are listed in Table 7 for training and testing stages. GEP 

based model development is also a trial and error process similar to the model development 

typical of FFNN and RBF-NN based models. For the performance of GEP models under 

different input combinations, for the training phase, the R2 ranged between 0.6973 – 0.9664, 

RMSE ranged 0.4830–1.3112 mm day−1 and EF ranged 0.6895- 0.9579. So, for the test phase, 
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the R2 ranged between 0.8057– 0.9775, RMSE ranged 0.3701–1.1224 mm day−1 and E ranged 

0.7744 - 0.9755 (Table 7).   It is clear that the presence or absence of critical meteorological 

variables in the input combinations significantly affected GEP model performance. The 

results of Table 7 suggest that the GEP11 model including Tmean, RH, Ws and GR 

parameters in the input combination performed better than other input combination and 

GEP based models with R2 values as 0.9606, 0.9775, RMSE values as 0.4830, 0.3701 and E 

values as 0.9579, 0.9755 for the training and testing stages, respectively. The performance 

and agreement plot among actual and predicted values of the GEP11 model for both training 

and testing stages are shown in Figure 10 which indicates that max values lie very close to the 

line of 450 and follow the same path as the actual values in both training and testing stages. 

Table 7 concludes that the GEP11 model is the best performing model with optimum input 

combinations.  

 

Inter comparison among best and optimum input combination based models 

Table 8 shows that the FFNN2 based model works better than the RBF-NN and GEP based 

models. Figure 11 indicates that predicted values using FFNN2-based model lie closer to the 

line of perfect agreement than the values predicted by the RBF-NN and GEP based models.  

The overall performance of the FFNN2 based model is reliable and suitable for the prediction 

of ET0. So Tmax, Tmean, (Tmax-Tmin), RH, I, Ws and the GR input combination based FFNN 

model could be used for the prediction of ET0. However, the results mapped out in Table 9 of 

single factor ANOVA suggest that there is no significant difference among observed and 

predicted values using FFNN, RBF-NN and GEP best combination based models. 

Figure 12 displays box plots for prediction errors for the best input combination based models 

using the test period. The values of descriptive statistic of prediction errors for the best input 

combinations are listed in Table 10. According to Table 10 and Figure 11, the FFNN2 model 
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followed the corresponding observed values with lower minimum error (-0.8840), lower 

maximum error (1.4199), and the width of 1st quartile is less than other best input 

combination based models.  

The Taylor diagram of the observed and predicted ETo by different best input combination 

based models over the test period is depicted by Figure 13. It is clear that the representative 

points of all the applied models have nearly the same position. The FFNN2 model is located 

nearest to the observed point with lower value of RMSE and SD and higher value of 

coefficient of correlation, which picks out this model as the superior model. 

Table 11 proposes that the RBF-NN11-based model works better than FFNN and GEP based 

models. Figure 14 indicates that predicted values using the RBF-NN11-based model lie closer 

to the line of perfect agreement than the values predicted by the FFNN and GEP based 

models. The overall performance of the RBF-NN11 based model is reliable and suitable for 

the prediction of ET0, which suggests that Tmean, RH, Ws and GR input combination based 

RBF-NN model could be used for the prediction of ET0. The results in Table 12 of single 

factor ANOVA suggest that there is no significant difference among observed and predicted 

values using FFNN, RBF-NN and GEP optimum input combination based models. 

Figure 15 displays the Box Plot for the prediction errors for the optimum input combination 

based models using the test period. The descriptive statistical values of prediction errors for 

the optimum input combinations are listed in Table 13. According to the Table 13 and Figure 

15, the RBF-NN11 model has followed the corresponding observed values with lower 

maximum error (1.3700) and the width of the 1st quartile (-0.0952) is less than other optimum 

input combination based models.  

The Taylor diagram of the observed and predicted ETo by different optimum input 

combination based models over the test period is depicted by Figure 16. It is clear that, the 

representative points of all the applied models have nearly the same position. The RBF-NN11 
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model is located nearest to the observed point with lower value of RMSE, SD and higher 

value of coefficient of correlation, making this model emerge as a superior model with 

optimum number of input parameters. 

 

CONCLUSIONS 

This study aimed to investigate the potential of FFNN, RBFNN and GEP to estimate daily 

evapotranspiration in a semi-arid region in Algeria. Different input combinations of 

meteorological variables were tried in these models. The results pointed to the fact that both 

the neural network (i.e. FFNN and RBFNN) and GEP models make for optimal levels of 

agreement with the ET0 obtained by the FAO PM method. They yielded reliable estimations 

for the semi-arid area in question. The study also found that modeling ET0 by means of the 

ANN technique leads to better estimates than the GEP model.  

The current results suggested that the FFNN based model 2 outperformed all other applied 

models. Another major conclusion was that the RBF-NN based model 11 performed better 

than other applied models with a smaller number of required meteorological inputs. ANN and 

GEP based models suggest that Tmean, RH, Ws and GR parameters are the optimum 

parameters for the estimation of daily evapotranspiration in the semi-arid region of Algeria. 

The overall performance of all applied models is satisfactory, as there is no significant 

difference among actual and predicted values using the optimum number of input parameters 

in the models. 
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Figures

Figure 1

Lower Cheliff Plain situation



Figure 2

Automatic meteorological station of Hmadna

Figure 3

MLP architecture



Figure 4

RBF architecture



Figure 5

General GEP model implementation and general structure (Shiri et al., 2012).



Figure 6

Performance of the best performing FFNN M2 model for both training and testing stages



Figure 7

Performance of the optimum combination of inputs based best model FFNN M11 model for both training
and testing stages

Figure 8

Performance of the best performing RBF-NN M5 model for both training and testing stages



Figure 9

Performance of the optimum combination of inputs based best model RBF-NN M11 model for both
training and testing stages



Figure 10

Performance of the optimum combination of inputs/ best input combination based model GEP M11
model for both training and testing stages

Figure 11



Scatter plot among observed and predicted values using best input combination based models using
testing data set

Figure 12

Box Plot for best performing models.



Figure 13

Taylor diagram for best performing models.



Figure 14

Scatter plot among observed and predicted values using optimum input combination based models
using testing data set

Figure 15

Box Plot for best performing optimum number of input combination based models.



Figure 16

Taylor diagram for best performing optimum number of input combination based models


