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ABSTRACT 

Knowledge of exact amount of water required by different crop in a given set of climatological 

condition of a region is great help in planning of irrigation scheme, irrigation scheduling, effective 

design and management of micro irrigation systems. Crop water requirement is generally estimated by 

multiplying the reference evapotranspiration (ETo) by crop coefficient. The Penman–Monteith FAO 

56 (P-M) model is recommended for estimating ETo across the world. However, the use of the P-M 

model is restricted by the unavailability of input climatic variables in many locations and the option is 

to use simple approaches with limited data requirements. In the current study, linear regression (LR) 

and Artificial neural network (ANN) techniques were used for estimating ETo in a semi-arid 

environment of Rahuri region Maharashtra, India.  The four types of LR and ANN models were 

developed by varying the independent variables viz., Model1 (evaporation), Model2 (Tmax and 

Tmin), Model3 (Tmax, Tmin and SSH), Model4 (Tmax, Tmin, RHmax, RHmin and SSH). The 

comparison of the models were evaluated by statistical measures viz.,  correlation coefficient (R), 

Index of agreement d(IA), root mean square error (RMSE), mean absolute error (MAE), mean 

absolute percentage error (MAPE) and coefficient efficiency (CE) and ranking of models were 

assigned as per the statistical criteria. As per the results of overall comparison, it was observed that 

ANN4 with five inputs (Tmax, Tmin, Rhmax, RHmin and SSH) has secured 1st rank and exhibited 

overall best performance for performance criteria as R (0.940), d(IA) (0.968), RMSE (0.505), MAE 

(0.376), MAPE (8.419) and CE (0.884) followed by ANN3, ANN1, LR1, ANN2, LR4, LR3 and have 

secured 2nd, 3rd, 4th, 5th, 6th, 7th ranks respectively. It reveals that the proposed LR models may be 

adopted satisfactorily for estimation of ETo, the accuracy in ETo estimation may further be improved 

using corresponding ANN models for Rahuri region. Based on the overall results it was recommended 

that all ANN models can be used for estimation of ETo followed by all LR models as per data 

availability and simplicity of users and it can be useful for determination of crop water requirement, 

irrigation scheduling and design of micro irrigation systems.  
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INTRODUCTION 

An accurate estimation of daily reference crop evapotranspiration (ET0) is of paramount 

importance for designing irrigation systems and managing natural water resources. Numerous 

ET0 equations have been developed and used according to the availability of historical and 

current weather data. These equations range in sophistication from empirical to complex 

equations. The FAO-56 (Allen et al., 1998) Penman–Monteith (PM) method is widely used in 

recent times for ET0 estimation. However, the difficulty in using the equation, in general, is 

the lack of accurate and complete data. In addition, the parameters in the equation potentially 

introduce certain amount of measurement and/or computational errors, resulting in 

cumulative errors in ET0 estimates. Under these conditions, a simple empirical equation that 

requires as few parameters as possible and yields results comparable with Penman–Monteith 

method is preferable. Owing to the difficulties associated with model structure identification 

and parameter estimation of the nonlinear complex evapotranspiration process, most of the 

models that have been developed may not yield satisfactory results. ANNs are capable of 

modelling complex nonlinear processes effectively, extracting the relation between the inputs 

and outputs of a process without the physics being explicitly provided to them and, also 



identifying the underlying rule even if the data is noisy and contaminated with errors (ASCE 

Task committee, 200).  

The investigations were made on the utility of ANNs for the estimation of daily ET0 and 

compared the performance of ANNs with PM method (Kumar et al., 2002). It was concluded 

that the ANN can predict ET0 better than the conventional methods. The researchers have 

examined the potential of artificial neural networks in estimating the actual 

evapotranspiration from limited climatic data and suggested that the crop ET could be 

computed from air temperature using the ANN approach (Sudheer et al., 2003). Earlier the 

scientists have derived solar radiation and net radiation based ET0 equations using multi-

linear regression technique and concluded that the equations performed better than the 

simplified temperature and/or radiation methods for humid climates (Irmak et al., 2003). The 

ANN for estimating ET0 has been tested earlier as a function of maximum and minimum air 

temperatures and concluded that when taking into account just the maximum and minimum 

air temperatures, it is possible to estimate ET0 ( Zanetti et al., 2007). ANN method has been 

used for converting pan evaporation data to estimate ET0 as a function of the maximum and 

minimum air temperatures in semiarid climate (Khoob, 2008). While comparing with PM 

method, it was concluded that ANN method is better for ET0 estimates than the conventional 

methods. The researchers have evaluated ANN models for daily ET0 estimation under the 

situations of presence of only temperature and relative humidity data (Landeras et al., 2008). 

ANNs showed an improved performance over traditional ET0 equations. The generalized 

artificial neural network (GANN) was developed based on reference crop evapotranspiration 

models corresponding to FAO-56 PM, FAO-24 Radiation, Turc and FAO-24 Blaney–Criddle 

methods using the data from California Irrigation Management and Information System 

stations (Kumar et al., 2009). It was concluded that the GANN models can be used directly to 

predict ET0 in arid climate as they performed better than the conventional ET0 estimation 

methods. Hence it was planned to develop the linear regression and ANN models for 

estimation of ETo and compare their performance for Rahuri region. 

 

MATERIALS AND METHODS 

The Rahuri region, located in the central portion of the Western Maharashtra, India, was 

selected as the study area. The climatic data of Rahuri station for 1980 to 2014 was collected 

from meteorological centers (IMD), Pune and analysis for model development and validation. 

A part of the data (1980 to 2007) was used for the purpose of development of models and the 

rest (2008 to 2014) for validating the models developed.  

 

CROP WATER REQUIREMENT 

The daily crop evapotranspiration was estimated using equation;  

   ETc = ETo x Kc                                                                                        

Where, 

  ETc = Crop evapotranspiration (mm/day)  

 ETo = Reference evapotranspiration (mm/day) 

  Kc   = Crop coefficient value of crop 

The crop water requirement under drip and sprinkler irrigation is calculated by considering 

emission uniformity and uniformity coefficient of system, respectively.    

 

MODEL DEVELOPMENT 



In the present study, an attempt is made to develop linear regression (LR) and artificial neural 

network (ANN) models considering the influencing climatic parameters for ET0 estimation. 

The study also compares the performance of proposed linear regression and ANN models. 

The four types of models were developed by varying input variables (Table 1), these are; 

• Model1- with single input variable i.e. pan evaporation (Epan). 

• Model2- with two independent variables as maximum temperature (Tmax) and 

minimum temperature (Tmin). 

• Model3- with three input variables as maximum temperature (Tmax), minimum 

temperature (Tmin) and bright sun shine hours (SSH). 

• Model4- with five input variables as maximum temperature (Tmax), minimum 

temperature (Tmin), maximum relative humidity (RHmax), minimum relative 

humidity (RHmin) and bright sun shine hours (SSH). 

The output variables of linear regression and artificial neural network models is the ETo 

estimated values using Penman-Monteith method (Allen et al., 1999) 

Table1. Combinations of independent/ input climatic variables in LR / ANN modelling  

  Model 1 Model 2 Model 3 Model 4 Model 5 

1. Maxi. Temp - Y Y Y Y 

2. Mini. Temp - Y Y Y Y 

3. Maxi. RH - - - Y Y 

4. Mini. RH - - - Y Y 

5 Wind Speed - - - - Y 

6. SSH - - Y Y Y 

7 Pan Evapo. Y - - - - 
 

The performance of the models is evaluated through numerical and graphical performance 

indicators. The numerical performance indicators include Coefficient of Correlation (R), 

Index of Agreement d(IA), Root Mean Square Error (RMSE), Mean Absolute Error (MAE),  

Mean Absolute Percentage Error (MAPE) and Coefficient Efficiency (CE). 

The criteria for ranking of methods as the R, d(IA) and CE values were equal to one or near 

to one and RMSE, MAE and MAPE values were tends to zero or less, which method assign 

higher ranks and so on (Pandey et al., 2016). The selection of best method or performance of 

the methods was decided on the summation of all ranks obtained from all statistical measures. 

Based on the total ranks obtained by each method, the overall ranking was decided. The 

model obtaining higher ranks, showed best performance and so on.  

Regression Analysis 

Regression analysis is commonly used to describe quantitative relationships between a 

response variable and one or more explanatory variables (Tabari et al., 2010). Many 

nonlinear models can be represented in the form of linear models by appropriately 

transforming any or all of the independent variables. In this way, nonlinear models are 

linearized and the unknown parameters are estimated (specified) using the simple method of 

linear regression. As the evapotranspiration is the complex and nonlinear phenomenon as its 

depends on several interacting meteorological parameters, therefore LR technique was 

applied for prediction of ETo in this study. The general form of statistically optimal simple 

and multiple linear regression is given below;  

𝑌 = 𝑎 + 𝑏𝑥                                                                                                           

5544332211 xbxbxbxbxbaY +++++=                                            



Where, Y is the dependent variable and 54321 ,,,, xxxxx  are the independent variables, a  is 

interceptor and 54321 ,,,, bbbbb  are the partial regression coefficients. 

In the present study, the ETo estimated from Penman-Monteith method was considered as 

dependent variable while meteorological parameters were assumed as independent ones for 

development of LR models. The different combinations of independent variables are 

presented in Table 1.   

Artificial Neural Network Model (ANN)  

An ANN consists of input, hidden, and output layers, and each layer includes an array of 

artificial neurons. A fully connected neural network, in which there is a connection between 

each of the neurons in any given layer with each of the neurons in the next layer or previous 

layer. An artificial neuron is a mathematical model whose components are analogous to the 

components of actual neuron.  The array of input parameters is stored in the input layer, and 

each input variable is represented by a neuron. Each of these inputs is modified by a weight 

(sometimes called synaptic weight) whose function is analogous to that of the synaptic 

junction in a biological neuron. In this study Feed forward back propagation type of network 

with single hidden layer was selected for development of architecture. Three algorithms viz., 

Levenberg-Marquardt algorithm (Landeras et al., 2008; Sameen, 2013), resilient 

backpropagation (Ojha and Bhakar, 2012) and scaled conjugate gradient algorithm (Landeras 

et al., 2008; Chauhan and Shrivastava, 2011) were chosen for ETo modeling.  The most 

widely used non-linear activation function i.e., a log sigmoid for the hidden layer and linear 

transfer function in output layer were selected. 

The combinations of input climatic variables in ANN modelling is presented in  Table 1. The 

number of nodes in the input layer depends on the number of meteorological parameters used 

in estimating ETo. The different combinations of inputs as similar to regression were selected 

for limited data condition (Table 1). The number of nodes in the output layer depends on the 

number of target variables in the present study, the output layer will be single node 

corresponding to ETo estimated using Penman-Monteith method. 

RESULTS AND DISCUSSION 

The reference evapotranspiration model at a meteorological center is developed using the 

climatic data at the center. The steps in the modelling include the development of the models 

and performance evaluation of the developed models. 

Linear Regression Models 

The procedure for time series analysis for development and validation of LR models were 

discussed in methodology section. The statistical criteria for defining and validating LR 

models with their mathematical expressions are presented in Table 3 

Table 2: Statistical criteria for development and validation of LR models with their                 

mathematical expressions for Solapur station 

 

Model Statistical Criterias 

R d(IA) RMSE MAE MAPE CE 

Development Period (1980-2007) 

LR1 0.929 0.962 0.550 0.427 9.705 0.862 

LR2 0.888 0.938 0.682 0.532 12.032 0.788 

LR3 0.904 0.947 0.634 0.495 11.198 0.817 

LR4 0.916 0.954 0.595 0.452 10.144 0.839 

Validation Period (2008-2014) 



LR1 0.860 0.916 0.780 0.564 13.050 0.737 

LR2 0.910 0.942 0.669 0.525 12.758 0.806 

LR3 0.913 0.949 0.648 0.497 12.111 0.818 

LR4 0.913 0.950 0.625 0.461 10.760 0.831 

Models Mathematical expressions 

LR1 ETo =1.512+0.480Epan 

LR2 ETo =-6.927+0.329Tmax+0.054Tmin 

LR3 ETo =-6.818+0.251Tmax+0.121Tmin+0.162SSH 

LR4 ETo =-2.646+0.164Tmax+0.168Tmin-0.016RHmax-0.017RHmin+0.130SSH 

 

 

During development stage, it was observed that the results of all performance measures for 

all LR models varies in the range as R (0.888 to 0.929), d(IA) (0.938 to 0.962), RMSE (0.550 

to 0.682), MAE (0.427 to 0.532), MAPE (9.705 to 12.032) and CE (0.788 to 0.862) and 

showed the performance in sequence of LR1, LR4, LR3 and LR2. It indicates that all LR 

models performed satisfactorily and showed marginal difference of performance measures 

among them in development stage. It also indicates from LR2 to LR4 model that as the 

number of independent variables (those required in Penman-Monteith method) increases the 

performance of models increases. The results for the validation of all LR models are shown in 

Table 2. It reveals that all models showed numerically at par results for each performance 

measures in validation stage, however sequence for performance of models slightly change as 

LR4, LR3, LR2 and LR1 than that of development stage. It indicates that all LR models were 

validated satisfactorily and generalized for estimation of ETo. Overall, the performance 

suggest that all LR models can be an acceptable approach to predict ETo values for Rahuri 

station as per data availability.  

 

Artificial Neural Network Models 

Table 3: Performance evaluation of ANN models with limited and full data for Rahuri Station 

Model Training 

function 

Network Statistical Criteria 

R d(IA) RMSE MAE MAPE CE 

Training Period (1980-2007) 

ANN1 trainlm 1-9-1 0.931 0.963 0.543 0.422 9.630 0.866 

ANN2 trainlm 2-15-1 0.904 0.947 0.636 0.492 10.962 0.816 

ANN3 trainlm 3-19-1 0.928 0.962 0.551 0.422 9.366 0.862 

ANN4 trainlm 5-17-1 0.945 0.971 0.483 0.364 8.091 0.894 

Validation Period (2008-2014) 

ANN1 trainlm 1-9-1 0.862 0.918 0.773 0.560 12.951 0.742 

ANN2 trainlm 2-15-1 0.924 0.954 0.611 0.471 11.409 0.838 

ANN3 trainlm 3-19-1 0.927 0.960 0.595 0.450 10.660 0.847 

ANN4 trainlm 5-17-1 0.921 0.956 0.593 0.429 9.883 0.848 
 

Considering limited data condition, it was observed that the results of all performance 

measures for all limited data (ANN1 to ANN4) models varies in the range as R (0.904 to 

0.945), d(IA) (0.947 to 0.971), RMSE (0.483 to 0.636), MAE (0.364 to 0.492), MAPE (8.091 

to 10.962) and CE (0.816 to 0.894). It can be seen that all ANN models demonstrate 

relatively very close performances based on statistical criteria, hence it reveals that all limited 

data models can be acceptable for prediction of ETo. The results for the validation of all ANN 

models also shown in Table 3. In ANN1 model, the value of the R in training stage is 0.931 

and it reduces to 0.862 in validation stage, similar kind of reduction also occurred in d(IA) 



(0.963 to 0.918), CE (0.866 to 0.742) for ANN1 model. It was also observed that there was 

enhancement in the values of RMSE, MAE and MAPE during validation of ANN1 model as 

0.543 to 0.773, 0.422 to 0.560 and 9.630 to 12.951 respectively. It indicates that ANN1 

model showed slightly increase in performance in training stage than validation stage, 

however it shows close difference in enhancement and reduction of each performance 

measures during training and validation of ANN1 model. Similar kind of close difference for 

each performance measures were occurred during training and validation stage of remaining 

ANN models. It indicates that all ANN models were validated satisfactorily and generalized 

for prediction of ETo values. Overall, the performance suggest that all ANN models can be an 

acceptable approach for accurate prediction ETo values for Rahuri station as per data 

availability.  

The similar kind of findings were obtained by most of researchers ( Mallikarjun et al., 2012; 

Kumar et  al., 2008; Kale et al., 2013;) for accurate prediction of ETo.  

Comparision Of Lr And Ann Models 

Table 4: Performance evaluation of LR and ANN models on the basis of limited data for   

               total period (1980-2014) at Rahuri station  

Sr. No. Models Statistical Criteria 

R d(IA) RMSE MAE MAPE CE 

1 LR1 0.914 0.953 0.602 0.453 10.353 0.836 

2 LR2 0.879 0.932 0.711 0.554 12.631 0.771 

3 LR3 0.889 0.940 0.681 0.527 12.040 0.790 

4 LR4 0.902 0.946 0.643 0.481 10.843 0.813 

5 ANN1 0.917 0.954 0.595 0.449 10.273 0.840 

6 ANN2 0.906 0.948 0.629 0.486 11.016 0.821 

7 ANN3 0.927 0.962 0.558 0.426 9.588 0.859 

8 ANN4 0.940 0.968 0.505 0.376 8.419 0.884 

 

Table 5: Ranking of all models as per the performance criteria for Rahuri  station 

Sr. 

No. 

Models Ranking as per performance criteria 

R d(IA) RMSE MAE MAPE CE Total Overall Rank 

1 LR1 4 4 4 4 4 4 24 4 

2 LR2 8 8 8 8 8 8 48 8 

3 LR3 7 7 7 7 7 7 42 7 

4 LR4 6 6 6 5 5 6 34 6 

5 ANN1 3 3 3 3 3 3 18 3 

6 ANN2 5 5 5 6 6 5 32 5 

7 ANN3 2 2 2 2 2 2 12 2 

8 ANN4 1 1 1 1 1 1 6 1 

 

The results of performance measures for overall comparison of all models with Penman-

Monteith method for Rahuri station are presented in Table 4, ranking of models reported in 

Table 5 and graphical comparison are depicted in Fig 1. As per the results of overall 

comparison, it was observed that ANN4 with five inputs (Tmax, Tmin, Rhmax, RHmin and 

SSH) has secured 1st rank and exhibited overall best performance for performance criteria as 

R (0.940), d(IA) (0.968), RMSE (0.505), MAE (0.376), MAPE (8.419) and CE (0.884) 

followed by ANN3 (Tmax, Tmin and SSH), ANN1 (Epan), LR1 (Epan), ANN2 (Tmax and 

Tmin), LR4 (Tmax, Tmin, Rhmax, RHmin and SSH), LR3 (Tmax, Tmin and SSH) and have 

secured 2nd, 3rd, 4th, 5th, 6th, 7th ranks respectively and so on. It was observed that among 

ANN and LR models, the rank of models decreases with decreasing number of input 



parameters which required in Penman-Monteith method however, ANN1 and LR1 showed 

the ranks irrespective of the trend due to input as pan evaporation (Doorenbos and Pruitt, 

1977). The similar kind of findings were also obtained by most of researchers (Landeras et 

al., 2008; Kumar et al., 2008 and Huo et al., 2012) among climate base, LR and ANN 

models. 

It is also inferred from the Table 5 that the results of performance measures for LR1 model as 

R (0.914), d(IA) (0.953), RMSE (0.602), MAE (0.453), MAPE (10.353) and CE (0.836) 

indicates satisfactory performance and it has shown nearly same with those of corresponding 

ANN1 model as R (0.917), d(IA) (0.954), RMSE (0.595), MAE (0.449), MAPE (10.273) and 

CE (0.840) due to same input parameter i.e pan evaporation. The results for LR2 model as R 

(0.879), d(IA) (0.932), RMSE (0.711), MAE (0.554), MAPE (12.631) and CE (0.771) also 

indicates satisfactory performance. However, the performance has improved marginally with 

corresponding ANN2 model as R (0.906), d(IA) (0.948), RMSE (0.629), MAE (0.486), 

MAPE (11.016) and CE (0.821). Similar kind of pattern was also observed in case of LR3 

with corresponding ANN3 and LR4 with corresponding ANN4 model due to the requirement 

of same input parameters. The findings of this results agrees with that of Reddy et al., (2010). 

It reveals that the proposed LR models may be adopted satisfactorily for estimation of ETo, 

the accuracy in ETo estimation may further be improved using corresponding ANN models 

for Rahuri station. Here, it was also noted the important advantage of LR models over ANN 

models; the LR model has the representation of the explicit equations which can easily 

interpreted and accessible for the end users as compare to ANN models. It indicates that LR 

models may also prefer for estimation of ETo as per users choice. Based on the overall results 

it was recommended that all ANN models can be used for prediction of ETo followed by all 

CONCLUSION 

The optimal ANN (5-17-1) models showed higher performance followed by ANN (3-19-1) 

and ANN (1-9-1) and also showed improved performance over corresponding linear 

regression models. The linear models also showed satisfactory performance for estimation of 

ETo and also it has simplicity to users. Based on results it was recommended that all LR and 

ANN models are used for estimation for ETo as per data availability and simplicity of users 

and can be basis for estimation of crop water requirement under micro irrigation systems.  
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Fig. 4.103 Comparison of the values of ETo by Penman Monteith with those of LR and ANN models for Rahuri station 

 


