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Abstract 
A feature based Artificial Neural Network (ANN) model was developed for prediction of 

Evapotranspiration (ET) of eucalyptus. Six weather parameters namely maximum temperatures, minimum 
temperature, relative humidity first, relative humidity second, wind velocity and sunshine hour were used by the 
ANN model. The network was trained using the pattern matching capability of artificial neural network to recognize 
the pattern of daily metrological data. Results of ANN model training, testing and validation by back propagation 
technique were observed to be in good agreement with those of measured ET by lysimeter of eucalyptus plant. 
Correlation coefficient (r2) between measured and predicted ET during training phase were found  0.9810, during 
testing phase 0.8770 and during validating phase 0.9010.  
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I. Introduction 
Evaporation is the process whereby liquid water 

is converted to water vapour and removed from the 
evaporating surface. 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 and affect 
the evaporation. 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 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 vapour 
removal to the atmosphere. Crops predominately lose 

their water through stomata. These are small openings on 
the plant leaf through which gases and water vapour 
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 vapour 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 waterlogging 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 (ET). 
Measurement and modeling of ET for short duration 
crops is easier compared to the long duration perennial 
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crops, plantation and trees. Through irrigation crops or 
plantations are supplied water externally for optimum 
economic growth. Exotic crops or tree plantation are 
grown for draining of excessive soil and or ground water 
commonly known as bio-drainage. Eucalyptus is widely 
recommended for bio-drainage because of its high 
evapotranspirative demand and tolerance to excessive 
moisture and salts. Excessive seepage from large canal, 
over irrigation, introduction of high water demanding 
crops and poor internal drainage makes water logged. 
Salt accumulation in root zone is generally associated 
with water logging. Water logging with salt 
accumulation makes crop production uneconomical. 
Subsurface drainage is well adopted technology for 
reclamation of water logged salt affected soils. 
Undulated terrain, soil having extremely low saturated 
hydraulic conductivity, none availability of natural outlet 
and limited fund availability do not favor subsurface 
drainage technique for land reclamation. Biodrainage, 
under these circumstances may be used as an alternative 
to traditional subsurface drainage system. According to 
an estimate more than 12 million hectares is water 
logged and 6.32 million hectare is salt affected in India. 
Areal extent of biodrainage belt will solely depends on 
evapotranspirative demand of the plant species. 
Eucalyptus is 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 fifty years, many 
empirical methods have been developed to estimate the 
ET using different climatic data variables. These 
methods require complex and very costly instrumental 
devices and are generally recommended 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 as are 
implicit in most traditional approaches. In the past 
decade, extensive attention has been focused by scientists 
on applying ANNs in such diverse fields as system 
modelling, system diagnosis and control, medicine, 
pattern recognition, forecasting, and water resources. 
ANN is useful tool for modeling nonlinear system. ANN 
offer simplified mathematical models of biological 
neuron network (Basheer and Hajmeer, 2000).  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 (Zealand et al., 1999; 
Yang et al., 1996) 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 climatologically 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. The several 
researchers have used artificial neural networks (ANN) 
to prediction of water resources, hydraulic time series, 
weather forecasting and evpotranspiration (Sudheer et 
al., 2003; Zanetti et al., 2007, Dai-Xia Qin et al. 
2009).These researcher reported that ANN can predict 
ET with satisfactory result. Evapotranspiration estimated 
an ANN technique and to examine if a trained neural 
network with limited input variables can estimate ET 
efficiently and accurately (Jain S.K. et al., 2008). A large 
number of methods have been developed of assuming ET 
from metrological data (Jenson et al., 1990). A detailed 
review of different ET algorithm was presented in 
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, the suitability of ANN 
model for predicting ET of eucalyptus plants has been 
studied. 
 

II. Materials and Methods  
2.1 Data Collection 

In the present study, attempts were made to 
investigate the suitability ET modeling through ANN 
making a comparison with measured ET data in 
lysimeters. Metrological data were used as input 
parameter to the model. The measured data included 
maximum air temperature, minimum air temperature, 
relative humidity first, relative humidity second, wind 
velocity and sunshine hours. Evapo-transpiration data 
were measured on daily basis in non-weighing lysimeters 
for training, testing and validating ANN Model. These 
lysimeters were installed inside the bio-drainage 
plantation belt for measuring representative evapo-
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transpiration 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.  
2.2 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. 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. 

 
Figure 1. Typical architecture of back propagation neural 

networks 
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, 75% of the 
data was used in ANNs building, and the 25% was used 
in the model simulation phase. Again last six month data 
was used in the validating 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. 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.  
Ynorm = (Yi-Ymin) / (Ymax-Ymin) 
Where, Ynorm is the normalized dimensionless variable, 
Yi is the measured value of attribute, Ymin and Ymax 
are the minimum and maximum values of an attribute. 
The optimum ANN model structure was accomplished 
through trial and error process selecting learning rate, 
moment rate, maximum total error, maximum individual 
error, number of iteration, number of hidden layers and 
the number of neurons in each layer.  
 
 

III. Results and Discussions  
Daily values of evapotranspiration predicted by 

ANN Model during training and measured by lysimeters 
for the period starting from Jan 2004 to Dec 2006 (75 % 
data) are shown in Figure 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 0.9810, 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 evapo-trainspiration by ANN Model with time during 
testing period from Jan 2004 to Dec 2006 (25 % data) are 
shown in Figure 4. The measured and predicted ET 
values matched well. Corresponding correlation between 
predicted and measured values of ET during testing 
phase is shown in Figure 5. A correlation coefficient (r2) 
of 0.8770 was obtained, indicating good generalization 
by the network. 

The variation of measured and predicted values 
of evapo-trainspiration by ANN Model with time during 
validating period from Jul 2006 to Dec 2006 (184 data) 
are shown in Figure 6. The measured and predicted ET 
values matched well. Corresponding correlation between 
predicted and measured values of ET during validating 
phase is shown in Figure 7. A correlation coefficient (r2) 
of 0.9010 was obtained, indicating good generalization 
by the network. 

 

 
Figure 2. Variation of predicted and measured ET during 

training phase. 
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Figure 3. Correlation between predicted and measured 

values of ET in training phase 

 
Figure 4.  Variation of measured and predicted values of 

ET during testing phase. 
 

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

 

 
Figure 6.  Variation of measured and predicted values of 

ET during validating phase. 
 

 
Figure7. Correlation between predicted and measured 

values of ET during validating phase. 
 

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 
40, 18 neurons and only one neuron in the output layer is 
the optimum network (6,40,18,1) 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. The training validation and testing 
processes was performed. Visual comparison of ET as 
measured from lysimeters and ANNs model estimates is 
presented in Figure 2 and 3. The figures 4 and 5 present 
the results in standardized form. The figures 6 and 7 
present the results in validating 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 linear fit line, which 
indicates a close agreement. The minimum mean square 
error as obtained from ANNs building process was 
0.000273.  
 

IV. Conclusions 
Evapo-transpiration rate is a key input 

parameter for determining areal extent of bio-drainage. 
Measurement of evapo-transpiration at each location is 
time consuming and expensive as well. Modeling of 
evapo-transpiration rate on daily basis based on climatic, 
soil, water and plant parameters may be quite useful. 
Evapo-transpiration 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. Evapo-transpiration 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 
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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 0.9801 for 
training period, 0.8770 for testing period and 0.9010 for 
validating 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 three successive years. 
Many attempts are needed to generate a reliable and 
effective ANN model from various locations and for long 
period of time. 
 

V. References  
[1] Basheer, I.A. and Hajmeer, M., “Artificial 

neural networks: Fundamentals,        computing, 
design and application”, J. Microbiological 
Meth., vol. 43, pp. 3-31, 2000. 

[2] Bhattacharya, B., Lobbrecht A.H., and 
Solomatine, D.P., “Neural networks and              
enforcement learning in control of water 
systems”, Journal of Water Resources Planning 
and management, ASCE, vol. 129, pp.  458–
465, 2003. 

[3] Campolo, M., Soldati, A., and Andreussi, P., 
“Artificial neural network approach to flood 
forecasting in the River Arno”, Hydrological 
Sciences Journal, vol. 48, pp. 381-398, 2003. 

[4] Cigizoglu, H.K., “Estimation, forecasting and 
extrapolation of river flows by artificial neural 
networks”, Hydrological Sciences Journal, vol. 
48, pp. 349–361, 2003. 

[5] Dai-Xiao Qin, Shi-Hai Bin, Li-Yun Sheng, 
Quyang-Zhu, and Huo-ZaiLin, “Artificial 
Neural Network models for estimating regional 
reference evapotranspiration based on climate 
factor”, Hydrological-Processes, vol. 23(3), pp. 
442-450, 2009. 

[6] Gowda, P.H.,  Chavez, J.L., Colaizzi, P.D., 
Evet, S.R., Howell, T.A.,  and Tolk, J.A., “ ET 
mapping for agricultural water management. 
Present status and challenges”, Irrig. Sci. vol. 
26(3), pp. 223-237, 2008. 

[7] Hsu, K.L., Gupta, H.V., and Sorooshian, S., 
“Artificial neural network modeling of the 
rainfall-runoff process”, Water Resources 
Research, Vol. 31, pp.  2517–2530, 1995. 

[8] Imrie, C.E., Durucan, S., and Korre, A., “River 
flow prediction using artificial neural networks: 
generalization beyond the calibration range”, 
Journal of Hydrology, Vol.  233, pp. 138–153, 
2000. 

[9] Jain, S.K., Das, A., and Srivastava, D.K., 
“Application of ANN for reservoir inflow 
prediction and operation”, Journal of Water 
Resources Planning and Management, ASCE, 
vol. 125, pp. 263–271, 1999. 

[10] Jain, S.K., and  Singh, V.P., “Analysis of soil 
water retention data using artificial neural 
networks”, Journal of Hydrologic Engineering, 
ASCE, Vol. 9, pp. 415–420, 2004. 

[11] Jain, S.K., Nayak, P.C. and Sudheer K.P., 
“Models for estimating evapotranspiration using 
artificial neural networks and their physical 
interpretation”, Hydrological Process, Vol. 22, 
pp. 2225–2234, 2008. 

[12] Jensen, M.E., Burman, R.D., and Allen, R.G., 
“Evapotranspiration and irrigation water 
requirements”, ASCE manuals and Reports on 
Engineering Practice, No. 70, 332 pp. 1990. 

[13] Keskin, M.E. and Ozlem, T., “Artificial neural 
network models of daily pan evaporation”, 
Journal of Hydrology Engineering, Vol. 11(1), 
pp. 65-76, 2006. 

[14] Kumar, M., Raghuwanshi, N.S., Singh, R., 
Wallender, W.W., and Pruitt,W.O.,  “Estimating 
evapotranspiration using artificial neural 
network”, Journal of Irrigation and Drainage 
Engineering, Vol. 128(4), pp. 224-233, 2002. 

[15] Lekkas D.F., Imrie, C.E., Lees, M.J., “Improved 
non-linear transfer function and neural network 
methods of flow routing for real-time 
forecasting”, Journal of Hydro informatics, Vol. 
3, pp. 153–164, 2001. 

[16] Lin, G.F., and Chen, L.H. “A non-linear 
rainfall-runoff model using radial basis function 
network’, Journal of Hydrology, Vol. 289, pp. 
1–8, 2004. 

[17] Shayannezhad, M., “Comprision of Artificial 
Neural Networks accuracy and Penman-Montis 
in measurement of evapotranspiration. National 
conference of management of drainage and 
irrigation”, Shahid Chamran Ahvaz University, 
2005. 

[18] Srinivasa, L., “Aquifer parameter estimation 
using genetic algorithm and neural networks’, 



[Singh, 3(1): January, 2014]   ISSN: 2277-9655 
   Impact Factor: 1.852
   

http: // www.ijesrt.com(C)International Journal of Engineering Sciences & Research Technology 
[287-292] 

 

Civil and Environmental Engineering Systems, 
Vol. 16, pp. 37–50, 1998. 

[19] Sudheer, K.P., Gosain, A.K., Rangan, D.M., and 
Saheb, S.M., “Modeling evaporation using 
artificial neural network algorithm’, 
Hydrological Processes, Vol. 16, pp. 3189–
3202, 2002. 

[20] Sudheer, K.P., Gosain, A.K., and Ramasastri, 
K.S., “Estimating actual evapotranspiration 
from limited climatic data using neural 
computing technique”, Journal of Irrigation and 
Drainage Engineering, Vol. 129(3), pp. 214-
218, 2003. 

[21] Shukla, M.B., Kok, R., Prasher, S.O., Clark, G., 
and Larcroix, R. “Use of artificial neural 
network in transient drainage design”, 
Transactions of the ASAE, Vol. 39(1), pp.  119–
124, 1996. 

[22] Wilby, R.L., Abrahar,t R.J., and Dawson, C.W.,  
“Detection of conceptual model rainfall–runoff 
processes inside an artificial neural network” 
Hydrological Sciences Journal, VOL. 48, PP. 
163–181, 2003. 

[23] Wen, C.G., Lee, C.S., “A neural network 
approach to multi objective optimization for 
water quality management in a river basin’ 
Water Resources Research, Vol. 34, pp. 427–
436, 1998. 

[24] Yang, C.C., Larcroix, R., and Prasher, S.O., 
“Application of artificial neural network to land 
drainage engineering”, Transactions of the 
ASAE, Vol. 39, pp. 525–533, 1996. 

[25] Yang, C.C., Larcroix, R., and Prasher, S.O., 
“The use of back-propagation neural networks 
for the simulation and analysis of time-series 
data in subsurface drainage system”, 
Transactions of the ASAE, Vol. 41, pp. 1181–
1187, 1998. 

[26] Zanetti, S., Sousa, E.F., Oliveira, V.P.S., 
Almedi, F.T., and Bernardo, S., “Estimating 
evapotranspiration using Artificial Neural 
Network and minimum climatological data”, 
Journal of Irrigation and Drainage Engineering, 
Vol. 133(2), pp. 83-89, 2007. 

[27] Zealand, C.M., Burn, D.H., Simonovic, S.P., 
“Short term stream flow forecasting using 
artificial neural networks”, Journal of 
Hydrology, Vol. 214, pp. 32–48, 1999. 


