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Abstract 
A feature based artificial neural network (ANN) model was developed for estimation of evapotranspiration 
(ET). This ANN model required six weather parameters namely maximum temperature, minimum 
temperature, relative humidity first, relative humidity second, wind velocity and sunshine hour.  
The network was trained using the pattern matching capability of ANN to recognize the pattern of daily 
metrological data of Central Institute of Subtropical Horticulture weather station and its corresponding ET. 
Results of this feature based ANN model trained by back propagation technique was observed to be in good 
agreement with those of measured ET by lysimeter of eucalyptus plant. Correlation coefficient (r2) was found 
to be 0.9824 between measured and estimated ET during training phase and 0.9448 during testing phase.  
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Introduction 
Evaporation is the process whereby liquid water is 
converted to water vapor (vaporization) and removed 
from the evaporating surface (vapor removal). 
Water evaporates from a variety of surfaces, such as 
lakes, rivers, pavements, soils and wet vegetation. 
When the evaporating surface is the soil surface,  
the degree of shading of the crop canopy and the 
amount of water available at the evaporating surface also 
affect the evaporation process besides solar radiation, 
wind speed, temperature and relative humidity. Frequent 
rains, irrigation and water transported upwards in a soil 
from a shallow water table, wet the soil surface.  
Where the soil is able to supply water fast enough to 
satisfy the evaporation demand, the evaporation from the 
soil is determined only by the meteorological conditions. 
However, where the interval between rains and irrigation 
becomes large and the ability of the soil to conduct 
moisture to pear the surface is small, the water content in 
the top soil drops and the soil surface dries out.  
Under these circumstances the limited availability of 
water exerts a controlling influence on soil evaporation. 
In the absence of any supply of water to the soil surface, 
evaporation decreases rapidly and may cease almost 
completely within a few days. Transpiration consists of 
the vaporization of liquid water contained in plant tissues 
and the vapor removal to the atmosphere. Crops 
predominately lose their water through stomata.  
These are small openings on the plant leaf through which 
gases and water vapor pass. The water, together with 
some nutrients, is taken up by the roots and transported 
through the plant.  
 

 
The vaporization occurs within the leaf, namely in the 
intercellular spaces and the vapor exchange with the 
atmosphere is controlled by the stomatal aperture. 
Nearly all water taken up is lost by transpiration and only 
a tiny fraction is used within the plant. Transpiration 
depends on plant species and almost all the parameters 
which govern direct evaporation. The soil water content 
and the ability of the soil to conduct water to the roots 
also determine the transpiration rate, as do water logging 
and soil water salinity. The transpiration rate is also 
influenced by crop characteristics, environmental aspects 
and cultivation practices. Different kinds of plants may 
have different transpiration rates. Not only the type of 
crop, but also the crop development, environment and 
management should be considered when assessing 
transpiration.  
 
Evaporation and transpiration occur simultaneously and 
together referred as evapotranspiration. Water 
management for the crops and trees requires 
understanding of evapotranspiration. Measurement and 
modeling of ET for short duration crops is easier 
compared to the long duration perennial crops, plantation 
and trees. Through irrigation crops or plantations are 
supplied water externally for optimum economic growth. 
Exotic crops or tree plantation can be also grown for 
draining of excessive soil and or ground water commonly 
known as biodrainage. Eucalyptus is widely 
recommended for bio-drainage because of its high 
evapotranspirative demand and tolerance to excessive 
moisture and salts.  
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Areal extent of bio-drainage belt will solely depends on 
evapotranspirative demand of the plant species. 
Eucalyptus is a tall growing tree species with 
continuously increasing evapotranspirative demand. 
Direct measurement of ET at different locations will be 
quite difficult, time consuming and cost intensive. 
Modeling of ET may prove quite useful for estimation of 
long term ET demand for different locations other than 
the experimental site. Within the past 50 years, many 
empirical methods have been developed to estimate the 
ET using different climatic data variables and these 
methods require complex and very costly instrumental 
devices and are generally recommended only for specific 
research purposes. Artificial Neural Networks (ANNs) 
has been used for determining evapotranspiration rate 
because of its ability to model both linear and non-linear 
systems without the need to make assumptions since 
they are implicit in most traditional approaches.  
In the past decade, extensive attention has been focused 
by scientists on applying ANNs in such diverse fields 
such as system modeling, system diagnosis and control, 
medicine, pattern recognition, forecasting, and water 
resources. In the field of water resources, ANNs have 
been used for flow predictions, flow pollution simulation, 
parameter identification, and to model complex nonlinear 
input–output time series. Hsu et al. (1995) have shown 
that the ANN approach can provide a better 
representation of the rainfall–runoff relationship of a 
medium sized basin than does the Sacramento soil 
moisture model.  
 
Recent studies on ANN applications in the area of 
hydrology include rainfall-runoff modeling (Cigizoglu, 
2003; Wilby et al., 2003; Lin and Chen, 2004); river stage 
forecasting (Imrie et al., 2000; Lekkas et al., 2001; 
Campolo et al., 2003); reservoir operation (Jain et al., 
1999); land drainage design (Shukla et al., 1996; Yang  
et al., 1998); aquifer parameter estimation (Srinivasa, 
1998); describing soil water retention curve (Jain et al., 
2004) and optimization or control problems (Wen and 
Lee, 1998; Bhattacharya et al., 2003). Some of the 
studies (Yang et al., 1996; Zealand et al., 1999) have 
also shown that ANN is more accurate than conventional 
methods in flow forecasting and drainage design. 
Evapotranspiration is a complex and nonlinear 
phenomenon because it depends on several interacting 
climatological factors such as temperature, humidity, 
wind speed, and radiation. Kumar et al. (2002) found that 
an ANN model can be trained to predict lysimeter ET 
values better than the standard Penman Montith method. 
Sudheer et al. (2002) and Keskin and Terzi (2006) tried 
to compute pan evaporation using temperature data with 
the help of an ANN. Several researchers have used 
artificial neural networks (ANN) to predict water 
resources, hydraulic time series, weather forecasting and 
evapotranspiration (Sudheer et al., 2003; Zanetti et al., 
2007, Dai-Xia Qin et al., 2009). These researchers 
reported that ANN can predict ET with satisfactory result. 
 

 
The result of ANN model to determine the reference crop 
evapotranspiration was in good agreement with that of 
FAO modified Penman technique after sufficient training 
(Jothiprakash et al., 2002). A large number of methods 
have been developed of assuming ET from metrological 
data (Jensen et al., 1990). A detailed review of different 
ET algorithm was presented by Gowda et al. (2008). 
They reported that ET estimation accuracy varied from 
67% to 97% for daily ET and 97% for seasonal ET.  
In the present study, the suitability of ANN model for 
predicting ET of eucalyptus plants has been studied. 
 
Materials and methods  
Data collection: Attempts were made to investigate the 
suitability ET modeling through ANN making a 
comparison with measured ET data in lysimeters. 
As input parameters to the model, daily meteorological 
data used in the data analysis and model development 
were collected for this study. These data were collected 
from weather stations situated in Central Institute 
Subtropical Horticulture, ICAR, Rahmankhera, Lucknow, 
U.P, India. The measured data included maximum  
air temperature, minimum air temperature, relative 
humidity first, relative humidity second, wind velocity and 
sunshine hours. Evapotranspiration data were measured 
on daily basis in non-weighing lysimeters for training and 
validating ANN Model. These lysimeters were installed 
inside the biodrainage plantation belt for measuring 
representative evapotranspiration of eucalyptus plants. 
Experimental site was having high sodicity with pH 8.8 to 
10.3 coupled with shallow water table conditions of  
0.00 to 0.50 m throughout the year. During canal 
closures water table reaches 2.0 m to 2.5 m deep and 
recovers back when canal supply is restored. The 
diameter of lysimeter was 1.0 m and depth was 2.0 m.  
 
Neural networks development: ANNs is a massively 
parallel distribution information processing system that is 
composed of a number of elements called neurons or 
nodes. The basic structure of a network that is common 
in hydrological applications consists of three layers 
namely: input layer (where data are introduced to the 
network), hidden layers (where data are processed) and 
output layer (where the results for the given inputs are 
produced). Figure 1 illustrates a typical architecture of 
back propagation neural networks.  

 
Fig. 1. Typical architecture of back propagation neural networks. 
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In the present study six parameters were selected to 
represent the input layer. These parameters are 
maximum air temperature, minimum air temperature, 
relative humidity first, relative humidity second, wind 
velocity and actual sunshine hours. Paired correlation 
analysis (Statistica@software 2001) was also used in 
order to determine the dominant parameters affecting 
evapotranspiration rate. There was only one output from 
the ANNs model which is the daily ET as measured from 
lysimeter. The data sets were divided into two parts, 80% 
of the data was used in ANNs building, and the rest 20% 
was used in the model simulation phase. In order to suit 
the consistency of the model, all source data were firstly 
normalized in the range from 0.0 to 1.0 and then returned 
to original values after the simulation using. 
Standardization of the data was performed according to 
the following expression such that all data values fall 
between 0 and 1 which is required by the model’s 
algorithm.  
 
Xnorm = (X-Xmin)/(Xmax-Xmin) 

 
Where, Xmin and Xmax are the minimum and maximum 
values of an attribute. 
 
Results and discussion  
Daily values of evapotranspiration were estimated by 
ANN Model during training and measured by lysimeters 
for the period starting from April 2004 to March 2006 
(Fig. 2). Figure 3 shows the correlation between 
predicted and measured values of ET during training 
phase. The correlation of scatter points indicates the 
closeness of estimated values of ET with respect to the 
target. It can be seen that estimates of daily ET by the 
proposed ANN model and measured values in lysimeters 
are quite close to each other. A correlation coefficient (r2) 
was obtained 0.9824, indicating good learning by the 
network. It can also be seen that the proposed ANN 
model captures the seasonal as well as annual variation 
in ET. The variation of measured and predicted values of 
evapotranspiration by ANN Model with time during 
testing period from April 2006 to September 2006 are 
shown in Fig. 4.  
 
Fig. 2. Variation of predicted and measured ET during training phase.

 

 
Fig. 3. Correlation between predicted and measured values  

of ET in training phase. 

 

Fig. 4.  Variation of measured and predicted values  
of ET during testing phase. 

 
 

Fig. 5. Correlation between predicted and measured values  
of ET during testing phase. 

 
 
The measured and predicted ET values matched well. 
Corresponding correlation between predicted and 
measured values of ET during testing phase is shown in 
Fig. 5. A correlation coefficient (r2) of 0.9448 was 
obtained, indicating good generalization by the network. 
The optimum ANN model structure was accomplished 
through trial and error process to determine the number 
of hidden layers and the number of neurons in each 
layer. It was found that a neural network of six neurons in 
the input layer, two hidden layer with 44, 12 neurons and 
only one neuron in the output layer is the optimum 
network (6, 44, 12, 1) structure to simulate the ET. 
Levenberg-Marquardt algorithm was selected to train this 
network. Log-sigmoid transfer function which is 
commonly used in multilayer networks that trained using 
the back propagation algorithm was used in the hidden 
layer, while linear transfer function was used in the 
output layer.  
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The training validation and testing processes was 
performed. Visual comparison of ET as measured from 
lysimeters and ANNs model estimates is presented in 
Fig. 2 and 3. Figure 4 and 5 present the results in 
standardized form. High correlation coefficients with 
good linear fits between the estimates (output) and 
actual data (target) can be observed. The simple linear 
regression equations are also represented within the 
figure. For all data it can be seen that the most of data 
pairs lie very close to the 1:1 line, which indicates a close 
agreement. The minimum mean square error as obtained 
from ANNs building process was 0.000113.  
 
Conclusion 
Evapotranspiration rate is a key input parameter for 
determining areal extent of biodrainage. Measurement of 
evapotranspiration at each location is time consuming 
and expensive as well. Modeling of evapotranspiration 
rate on daily basis based on climatic, soil, water and 
plant parameters may be quite useful. Evapotranspiration 
is dependent on climatic parameters, soil, water and 
plant parameters. ANN Model has capacity to take large 
numbers of inputs parameters to yield a single or multiple 
outputs. Evapotranspiration of eucalyptus keeps on 
changing with time in comparison to short duration crop. 
A feature based ANN model was developed to predict 
daily ET of eucalyptus. The daily ET measured in 
lysimeters was used as for training and testing as a 
standard method for comparison purpose. The study 
indicated that ANN Model can be successfully used for 
estimating ET values against a given set of input 
parameters i.e. climatic parameters. In the present study, 
maximum air temperature, minimum air temperature, 
relative humidity first, relative humidity second,  
wind velocity and sunshine hours were used as inputs 
data to estimate ET. The ANNs model was verified with 
high agreement for both training and simulating data of 
ET. The correlation coefficient obtained was 0.9824 for 
training period and 0.9448 for testing period. The ANN 
Model produced closer values of ET as that of measured 
through lysimeters. The performance of ANN Model can 
be attributed to its structural and functional characteristic, 
such as the nonlinear model capability and the universal 
function approximation. The data used for this study 
were obtained in daily records within two and half 
successive years. Many attempts are needed to 
generate a reliable and effective ANN model from 
various locations and for long period of time. 
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