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Abstract

Correct estimation of reference evapotranspiration (ETo) is vital to 
the sustainability of water resources management practices around 
the world. A key factor in irrigation scheduling and development. This 
study adopted a Feed-forward back-propagation Artificial Neural Net-
work (BP-ANN) model to predict ETo from temperature, rainfall, wind 
speed, relative humidity and determined the effect of different num-
bers of neurons and hidden layers on the predictive ability of BP-ANN 
models. Eight different BP-ANN predictive models were developed 
with varied number of neurons and hidden layers. The Pearson corre-
lation coefficient (r), coefficient of determination (R2) and root mean 
square error (RMSE) were used as the performance evaluation crite-
ria. The results indicated that the model performances, the BP-ANN 
model with 5 neurons and 1 hidden layer was the optimal model and 
predicted ETo of the study area with a root-mean-square error (RMSE) 
of 0.76, a correlation coefficient (r) of 0.94 and coefficient of determi-
nation (R2) of 0.88. The BP-ANN predicted ETo was finally compared 
with 40 years ETo estimated in the study area and the performance of 
the BP-ANN model performed the best. The findings indicate that the 
BP-ANN models are efficient in predicting ETo in locations with limited 
datasets and can be applied in irrigation scheduling and management.

Keywords: Artificial neural networks; Feed-forward 
back propagation; Irrigation; Evapotranspiration; Vaal-
harts.
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Introduction

Evapotranspiration (ET) is a climatic parameter, which de-
scribes the evaporation power of the atmosphere. It is an im-
portant component in hydrology, agriculture, meteorology and 
climatology, because it is required for minerals and nutrient 
transport for plant growth [1]. Factors such as climate, land-
scape heterogeneity, topography, climate, vegetation type, soil 
properties, management and environmental constraints are 
considered while estimating ET [2,3]. ET can be either directly 
measured using lysimeter, water balance approaches or esti-
mated indirectly using climatological data [4].

The evapotranspiration rate from a reference surface is called 
the reference ET and denoted by ETo. Reference evapotranspira-
tion is a combination of the process by which water is lost from 
soil surface through evaporation and from vegetation through 
transpiration with both processes occulting at the same time 
[5]. Reference surface is a hypothetical grass reference crop 
having an assumed height of 12 cm, fixed canopy resistance of 
70 S per m and an albedo of 0.23, it closely resembles an ex-
tensive surface of green grass, which is actively growing with a 
uniform height shading the ground completely [6].

According to [7], in order to estimate ET, reference crop 
evapotranspiration from a standard surface must be estimated 
first. Paramount among the combination-type category is the 
Penman - Monteith (PM) equation, also called FAO-56 method 
and approved by the Food and Agriculture Organisation (FAO) 
[8]. However, in many developing countries such as South Af-
rica, a major limitation to the successful use of this FAO-56 PM 
method is non-availability or limited data sets of the required 
parameters. Therefore, many alternative methods and tech-
niques are adopted for the estimation of ETo, among which is 
Artificial Neural Networks (ANN).

Different ANN models have been developed to estimate and 
predict ETₒ around the world. [1] developed ANN models for 
the estimation of ET₀ in Burkina Faso. In the study, a Gener-
alized Regression neural network (GRNN) was adopted to es-
timate ETo using minimum and maximum temperatures from 
1996 to 2006 as the only available input variables. The result of 
the study shows that using GRNN with minimum climatic data 
variables as input, performs excellently in the estimation of ET₀.

In a study conducted by [9], ETo was predicted via an Evolu-
tionary Artificial Neural Network (EANN). The ANN model was 
trained using Differential Evolution (DE), which is an evolution-
ary algorithm. In the study, daily climatic weather data obtained 
from three weather stations in the United States were used to 
calibrate the model. After the model simulation, it was proved 
that neural networks have the capacity to model ETo effectively. 

[10] estimated ET₀ using an ANN for a paddy field in Indo-
nesia. The model was calibrated using minimum, average and 
maximum temperature as input variables, because other need-
ed data were not available. From the result of the prediction 
model, soil moisture was further estimated through another 
ANN model. This further shows the suitability of ANN in predict-
ing ETo with limited datasets. 

 [11] used ANN models to predict ET₀ in the irrigation dis-
trict of Hasanloo dam in Iran. A 21- year (1985-2005) dataset, 
which include wind-speed, dry and  wet  temperature,  air  hu-
midity,  percent saturation  humidity,  air  pressure,  maximum  
daily temperature, minimum  daily temperature,  and  period  of  
sunshine were used in the study. Mean Square Error (MSE) sta-

tistical analysis was used to evaluate model performance and 
results shows that feed-forward back propagation model was 
better for the prediction of ET₀.

The objectives of this study are: (1) to estimate ETo from limit-
ed climatic data using Feed-Forward Back-Propagation Artificial 
Neural Network (BP-ANN) predictive models; (2) to determine 
the effect of different numbers of neurons and hidden layers 
on the predictive ability of BP-ANN models and (3) to find the 
correlation between the BP-ANN predicted results and the esti-
mated long term average of ETo at Vaalharts Irrigation Scheme 
(VIS) in South Africa.

Material and research method

Study area

The meteorological and weather data for this study were 
collected from the South African Weather Service (SAWS) and 
Agricultural Research Council. These datasets were extracted 
from the meteorological stations at Jankempdorp, Vaalharts 
irrigation scheme in South Africa. Vaalharts Irrigation Scheme 
(VIS) is the largest irrigation scheme in South Africa and the en-
tire world [12,13]. The scheme is located on a vast land area of 
about 370 km2 and majorly used for irrigation. It is located in 
the Northern Cape Province of South Africa, which is the driest 
Province in the country. The scheme  is  supplied  with water  
abstracted  from  the  Vaal  River  at  the  Vaal  Harts  weir  about  
8  km  upstream  of Warrenton [12]. A detailed description of 
the study area is given by [14]. Figure 1 shows the geographical 
location of the study area.

Figure 1: Location map of Vaalharts irrigation scheme.

Artificial Neural Networks (ANNs) modelling

ANNs are black box technique, non-linear data-driven net-
works, which are opposed to the traditional model based 
methods. ANNs are computational intelligence method, which 
was designed and inspired by the theory of neuroscience [15], 
hence, the name ‘neural’. ANNs are mathematical models based 
on the capabilities of the human brain to predict and classify 
problem domains. 

ANNs work by the input and output process so as to find 
the function approximation for complex non-linear relation-
ships [6,16]. With the acquired knowledge, the model will be 
able to learn from examples and generalize the relationships in 
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the data set in order to solve problems [17]. ANNs have been 
widely adopted for predicting and forecasting in diverse fields 
of research such as finance, medicine, agriculture, economics, 
engineering and sciences and also to solve extraordinary range 
of problems [18].

According to [19], ANNs are very effective in modelling non-
linear systems, such as reference evapotranspiration, which is 
a complex and non-linear phenomenon due to its dependence 
on climatic parameters, such as humidity, temperature, wind 
speed, radiation, type and growth stage of a crop. Different 
types of networks are available for application in ANN and the 
choice of any network application is influenced by the problem 
to be solved and the available data. In hydrological applications, 
a feed-forward Back-Propagation Multilayer Perceptron Artifi-
cial Neural Network (BP-ANN) is commonly used [6].

Multilayer Perception (MLP), which was adopted in this 
study, is the most common and basic structure of an artificial 
neural network, which is usually composed of three layers of 
neurons, namely input layer, output layer and hidden layer [20]. 
During the development of an ANN architecture, the trial and 
error procedure is used to determine the number of hidden lay-
ers and number of neurons (nodes) in each hidden layer, while 
the neurons in each layer are connected to the neurons in the 
adjacent layer by means of weighted links, called Synapses 
[21,22]. Weighted input vectors (x1,x2,x2….xn) are received 
and processed by each neuron in a layer and then the output is 
transmitted to the next layer through links.  The weighted sum-
mation of inputs to a node is converted to an output according 
to a transfer function [23]. The ANN model activation process is 
illustrated in Figure 2.

At the input layer of the ANN models, a linear activation 
function was used, at the hidden layer and output layers, sig-
moid function (logistic and hyperbolic) was implemented as 
recommended by [24], because it makes the speed of learning 
faster than other functions. 

Figure 2: ANN model activation process.

In applying neural networks to predict ETo, the following 
steps were followed in developing the model: (i) Variable selec-
tion; (ii) Formation of training, testing and validation data sets; 
(iii) Neural network architecture; (iv) Evaluation criteria; (v) 
Neural network training [18,25-27]. The advantages of adopt-
ing neural networks models as outlined by [25] are numerous. 
These include: (i) they exhibit mapping capabilities; (ii) they 

learn by example; (iii) The ANN architecture can be trained; (iv) 
they have the capacity to generalize. They can predict new out-
comes from an old trend (iv) They are robust systems and are 
fault tolerant; and (v) They can possess information in parallel, 
at high speed and in a distributed manner.

Design and evaluation of BP-ANN models

The average monthly historical data for six parameters were 
provided by the South African Weather Service (SAWS) and Ag-
ricultural Research Council (ARC). These dataset, which covers 
a period of 40 years (1980-2019) include: minimum and maxi-
mum temperature (°C), rainfall (mm), relative humidity (%), 
wind speed (m/s) and reference evapotranspiration. A major 
limitation is the unavailability of daily values for most of these 
parameters, therefore monthly average data were used for this 
study. This study adopted MATLAB tools in writing scripts that 
helps to develop the BP-ANN models. The input matrix consists 
of 480 column vectors of 5 – variables, and the target matrix 
(output) consists of the corresponding 480- relative valuations. 
This makes a total of 2400 data records. After data collection, 
the dataset was first normalized and then randomized as ad-
vised by [28].

Different structures, with different number of hidden layers, 
neurons in each layer, transfer function in each layer, training 
function, weight/bias learning function, and performance func-
tion were selected randomly for the eight models (Table 1). This 
was done to investigate the effects of different number of neu-
rons and layers on the predictive performance of BP-ANN mod-
els. The feed-forward back propagation neural network type 
was adopted for all the models. 

The Levenberg-Marquardt method (trainlm), which applies 
to small and medium size networks, was used to train all the 
models. Twenty-eight years’ data between 1980and 2007 (1680 
data records) were used for training the network, ten-year data 
between 2008 and 2017 (600 data records) were used to evalu-
ate the models, while two-year data between 2018 and 2019 
(120 data records) were used to validate the network. The per-
formances of the developed BP-ANN models were evaluated by 
statistical model error parameters. The three statistical error 
parameters used in this study are Pearson coefficient of cor-
relation (r), Root Mean Square Error (RMSE) and coefficient of 
determination (R2).

Pearson correlation coefficient (r) indicates the strength and 
direction of a linear relationship between two variables (for ex-
ample model output and observed values). It is obtained by di-
viding the covariance of the two variables by the product of their 
standard deviations. If we have a series n observations and n mod-
el values, then the Pearson correlation coefficient can be used 
to estimate the correlation between model values and observed 
values. The mathematical expression is given in equation (1).
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The Root Mean Square Error (RMSE) is a frequently used 
measure of the difference between values predicted by a model 
and the values actually observed from the environment that is 
being modelled. The RMSE of a model prediction with respect 
to the estimated variable Xmodel is defined as the square root 
of the mean squared error. The lower the RMSE, the more ac-
curate is the estimation capacity of the developed model. The 
mathematical expression for RMSE is shown in equation (2).
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Where Xobs is observed values and Xmodel is modelled values 
at time/place i.

The coefficient of determination (R2) is the summary meas-
ure in a two-variable regression model that indicates the mag-
nitude of this 'goodness of fit'. Coefficient of determination is 
defined by equation (3).
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But TSS = ESS + RSS

The Total Sum of Squares (TSS) is equal to the sum of the Ex-
plained Sum of Squares (ESS) and the Residual Sum of Squares 
(RSS). It is known the “decomposition of variance”. The per-
centage of the total variation in yi explained by the regression 
model”. It is always between 0& 1. A larger R2 means higher 
explanatory power for the explanatory variable.

Results and discussions

Seasonal variations of temperature, rainfall, relative humil-
ity, wind speed and ETo

In South Africa, there exists four seasons (autumn, win-
ter, spring and summer) [29], however for the purpose of this 
study, they were classified into two categories, based on rainfall 
and storm events. The rainy season is between November and 
March and dry season is between April and October each year. 
From the seasonal variations of average climatic characteristics 
of 40 years’ data for VIS (Figure 3), it was observed that lowest 
monthly ETo is from May to July and highest ETo is from October 
to February. This tends to establish a relationship between rain-
fall and ETo. Also, considering the effects of other parameters 
on ETo, between the months of May and July, VIS experienced 
the lowest amount of rainfall, lowest temperature, lowest 
wind speed and highest relative humidity than the remaining 
months. Based on these observations, it can be concluded that 
ETo changes with climate [30,31]  and a study of these seasonal 
variations must be considered further in irrigation schedules 
and other water resources planning at VIS.

Figure 3: Variations of monthly mean climatic characteristics at VIS 
from 1980 to 2019.

BP-ANN model design and evaluation

For the eight BP-ANN models developed, model training 
stopped when the error starts to increase for the validation 
datasets. The Pearson correlation coefficient (r), Root-Mean-
Square Error (RMSE) and coefficient of determination (R2) for 
each of the trials were observed and recorded in Table 1.

Table 1: Statistical error parameters of developed BP-ANN 
models.

Model 
Number of 

hidden layers
No of  neurons 
in hidden layer

r RMSE R2

1 1 5 0.92 0.79 0.78

2 1 10 0.94 0.76 0.88

3 1 15 0.93 0.78 0.84

4 1 20 0.92 0.79 0.80

5 1 25 0.92 0.82 0.85

6 2 5 0.91 0.91 0.81

7 3 5 0.93 0.86 0.82

8 4 5 0.86 1.19 0.83

As indicated in Table 1, it can be observed that model 2 (with 
bold face) has the lowest values of RMSE of 0.76 with an accept-
able r-value of 0.94and R2 value of 0.88. This model comprises 
of ten neurons, one hidden layer and one output element. This 
is true according to the assertions of [32,33] that ANN models 
with one hidden layer outperform well multiple layers within 
its networks and that the model with the lowest RMSE gives 
the best model performance. Hence, model 2 was selected as 
the optimal model for predicting ET₀ for Vaal harts irrigation 
scheme in South Africa.

The four regression plots of model 2 (Figure 4) shows the 
correlation between the output and target values of the net-
work under training at different output values of R. The dashed 
lines represent the best fit for the result, that is, the output is 
equal to the target. The solid lines represent the best fit lin-
ear regression. The training plot gives R value of 0.9796, test-
ing gives 0.9581, while validation plot gives R value of 0.905. It 
shows that all the data points in the optimal model have good 
fits. This indicates a good fit for all these datasets and it is simi-
lar to the result of [34]. 

Figure 4: Regression plots of data points for training, testing and 
validation of model 2.
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Correlation of ANN model result with estimated long term 
average of ETo

The BP-ANN predicted ETo was compared with the estimated 
long term average of ETo for 40 years in the study area. The nov-
elty is to further explore the accuracy of adopting long term 
average of ETo as a solution to the challenges of limited or no 
datasets. Figures 5 and 6 shows the correlation between the 
measured ETo value for year 2019, BP-ANN predicted result and 
the estimated long term average of ETo at VIS. The statistical 
error parameter used to evaluate these two results is the coef-
ficient of determination (R2). 

Figure 5: Correlation of measured and BP-ANN predicted ETo 
values at VIS.

Figure 6: Correlation between measured and estimated long term 
average ETo values at VIS

From the results, the BP-ANN predicted ETo produced a R2 

value of 0.943 while the estimated long term average gave R2 
value of 0.878. It can be concluded that BP-ANN models per-
forms better than the estimated long term average ETo in pre-
dicting ETo in VIS. 

Conclusions, limitations and future research

The performance of BP-ANN models and long term average 
ETo for estimating ETo at Vaalharts Irrigation Scheme (VIS) in 
South Africa was evaluated in this study. The aim of the study 
was to find an alternative method to the standard Penman 
equation (FAO-56 method), which requires a high data demand. 
This method often experience limited or no datasets in develop-
ing countries such as South Africa. In this study, an alternative 
method known as Artificial Neural Networks was adopted to 
estimate ETo at the study area. Eight different BP-ANN models 

were developed with varying number of neurons and hidden 
layers but from the study, it was observed that BP-ANN mod-
els with a single hidden layer performs better than models with 
multiple layers in prediction and forecast problems. This is in 
consonance with the assertion of [33].

Also, from the seasonal variations of average climatic char-
acteristics of 40 years, it was observed that lowest monthly ETo 
is from May to July (dry season) and highest ETo is from October 
to February (rainy season). This tends to establish a relation-
ship between rainfall and ETo. Also, considering the effects of 
other parameters on ETo, between the months of May and July, 
VIS experienced the lowest amount of rainfall, lowest tempera-
ture, lowest wind speed and highest relative humidity than the 
remaining months. Based on these observations, it can be con-
cluded that ETo changes with climate. The BP-ANN predicted ETo 
was finally compared with the estimated long term average of 
ETo for 40 years in the study area and the performance of the 
BP-ANN was the best. Therefore, BP-ANN models are efficient 
in predicting ETo in locations with limited datasets. 

This research is limited to the weather and meteorologi-
cal parameters obtained for the Vaalharts Irrigation scheme in 
South Africa. A major limitati on in this study is the non-avail-A major limitation in this study is the non-avail-
ability of daily values for these measured variables, therefore 
monthly average data was used for this study. Future research 
will compare the proposed versus the actual ANN observations 
for year 2022 to further evaluate the model.
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