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1. INTRODUCTION

Evapotranspiration (ET) is a key parameter in agro-

ABSTRACT

The present study investigates the applicability of linear regression (LR) and artificial
neural network (ANN) models for estimating reference evapotranspiration (ET,) and
their intercomparison with climate-based models on the basis of limited data
availability in semi-arid environment of Solapur, Maharashtra, India. The eight
climate based methods viz., Soil Conservation Service Blaney-Criddle, Thornthwaite,
Hargreaves-Samani, Pan evaporation, Jensen-Haise, Priestly-Taylor, Turc, and
Radiation were compared with Penman-Monteith (P-M) method for estimation of ET,,.
The input combinations for all LR and ANN models were decided on the basis of
climatic parameters required for selected climate-based methods. These are viz.,
Model 1 (evaporation), Model 2 (T,,, and T,;,), Model 3 (T, and T,,, and Sun Shine
Hours - SSH), Model 4 (T,,,, T,.., RH, .., RH,, and SSH). The accuracies of the models
were evaluated by using statistical criteria such as: coefficient of determination (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 were assigned of models. All LR and ANN models showed satisfactory
performance in development and validation stage and can be accepted to predict ET,
values. The overall comparison of climate-based, LR and ANN models were carried
out using the data from the year 1980 to 2014. The average weekly ET, values were
estimated using climate-based, LR and ANN models and compared with those of P-M
method. It was observed that ANN4 secured first rank and exhibited overall best
performance with R*=0.895, d(TA) = 0.972, RMSE = 0.508, MAE = 0.391, MAPE =
7.931 and CE = 0.894 followed by ANN3, LR4, LR3, ANN2, LR2, ANNI1, and LR1,
while all climate-based methods showed poorer performance than ANN and LR
models. It was inferred that all LR models showed satisfactory performance for
estimation of ET, however the performance has improved marginally with
corresponding ANN models. Based on the overall results it was recommended that all
ANN models can be used for the prediction of ET, followed by all LR models as per
data availability and simplicity of users for Solapur region.

Thornthwaite, 1948; Doorenbos and Pruitt, 1977;
Hargreaves and Samani, 1985 and Penman—Monteith, FAO
56 (called as P-M model) which was introduced as a

meteorological studies and water resources management. It
includes evaporation of water from land surfaces and
transpiration by vegetation, and is essential for estimating
irrigation water requirements (Allen ez al., 1998; Sahoo et al.,
2010; Panigrahi, 2013). Different reference evapotranspiration
(ET,) methods exist for direct measurement of ET, viz,,

standard model to estimate ET, (Allen ef al., 1998). The
major limitation to P-M model is that it requires more
meteorological parameters such as maximum and minimum
air temperatures and relative humidity values, wind speed
and sunshine hours. Hence, its utility is limited in data-
sparse areas (Singh et al, 2016). All the weather data



66 D.D. Khedkar et al. / Indian J. Soil Cons., 48(1): 65-69, 2020

needed to solve the P-M model are often incomplete and/or
not available in many of the developing countries like India.
Sibale et al. (2016) evaluated three ET, estimation methods
at Dapoli, Maharashtra and found that the pan evaporation
method performed reasonably well with P-M 56 model.
Irmak et al. (2003) and Yoder et al. (2005) noted that the
Turc radiation-based method showed promising results in
the south-eastern United States under data-limited condi-
tions. However there is a need to standardize existing
climate-base methods on location basis.

Another alternative is the application of mathematical
models like artificial neural networks (ANNs). In recent
years, ANNs have been applied in the field of ET estimation
as its complex non-linear phenomenon. Kumar et al. (2002)
developed ANN models for the estimation of ET and found
that the ANNs could predict ET better than the conventional
method. Some ANNs have been compared with empirical
equations for ET, estimation, with the results showing better
performance for the former (Khoob, 2008). Due to some
difficulties in working with ANN approaches, some
researchers have used fast, simple and straight forward
statistical methods such as regression models with mea-
sured meteorological parameters as independent variables
for ET estimation. Hence in this study it was planned to
compare various ANNs, multiple linear regression (MLR)
and existing ET equations with P-M method using limited
data under the climatic conditions of Solapur region of
Mabharashtra, India.

2. MATERIALSAND METHODS
Study Area and Climate Dataset

The climatic data for this study of Solapur station were
obtained from the IMD, Pune and SAU, Rahuri, India. The
data comprised the maximum and minimum air tempera-
tures, and relative humidity values, wind speed, sunshine
hours and pan evaporation for the period of 1980-2014. It
should be noted that the average weekly values of the
weather data were used for the analysis.

Climate Based Methods

The climate-based ET, estimation methods were
selected as per the ranking given by Jensen et al. (1990) and
on the basis of minimum data requirement. The selected
climate-based methods are listed in Table 1.

Linear Regression (LR)

Regression analysis is commonly used to describe
quantitative relationships between a response variable and
one or more explanatory variables. It is the function of a
linear equation, i.e. straight-line, in the form:

Y=a+bx +bx,+bx,+bx,+byx,

Where, Yis the dependent variable and x,, x,, x;, x,, X, are
the independent variables, a is interceptor and b,, b,, b, b,, b,
are the partial regression coefficients. In the present study,

the ET, estimated using P-M method was considered as
dependent variable while meteorological parameters were
assumed as independent ones for the development of LR
models. The basis for combinations of independent variables
is presented in Table 2. The SPSS 21.0 software was used to
develop statistically optimal models of simple and MLR for
estimation of ET, values.

Artificial Neural Network (ANN)

A neural network is an artificial intelligence technique
that mimics a function of the human brain. It is a capable of
identifying complex non-linear relationships between input
and output data sets which are difficult to describe using
physical equations. Most ANNs have three or more layers:
an input layer, which is used to present data to the network;
an output layer, which is used to produce an appropriate
response to the given input; and one or more intermediate
layers, which are used to act as a collection of feature
detectors. In the present study, feed forward back propaga-

Table: 1
Selected climate based methods

S.No. ET, methods

1. Penman-Monteith (P-M) (Allen et al., 1998).

2 SCS Blaney-Criddle (SCS BC) (Blaney and Criddle, 1962)
3 Thornthwaite (THOR) (Thornthwait, 1948)

4 Hargreaves-Samani (H-S) (Hargreaves and Samani, 1985)
5. Pan evaporation (PAN) (Doorenbos and Pruitt, 1977)

6. Jensen-Haise (J-H) (Jensen and Haise, 1963)

7 Priestly-Taylor (P-T) (Priestley and Taylor, 1972)

8 Turc (TURC) (Turc, 1962)

9 Radiation (RAD)(Doorenbos and Pruitt, 1977)

Table: 2
Combinations of climatic variables in LR / ANN modelling on the
basis of data requirement of climate base methods

Climate based methods
PAN SCSBC THOR H-S J-H P-T RAD TURC
T - Y Y Y Y Y Y

max

T - Y Y Y Y Y Y
RH,., - - - - - o
RH... - - - - - - -
Wind Speed - - - - - - - -
SSH - - - - Y Y Y Y

E Yy - - -

pan

S.No. Variables

NouhswNE
< < < <

Combinations ofindependent/input variables for models (LR/ANN)
Model1l Model2 Model3 Model 4

T - Y Y Y

T - Y Y

min

RH,. . . -

X

RH,,, - - -
Wind Speed - - - -
SSH - - Y Y

E Y -
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tion type of network was selected for the development of
architecture for ET, modelling application with Learngdm
(gradient descent with momentum weight and Bias learning
function) adaption learning function for this application.
The selections of combinations of inputs of each neuron
were based on the meteorological inputs of the ET, equa-
tions and are presented in Table 2. The number of nodes in
the output layer depends on the number of target variables.
In this study, the output layer will be single node corre-
sponding to ET, estimated using P-M method and neurons
in the hidden layer varied alternatively from 3 to 19. The
most widely used non-linear activation function i.e. log
sigmoid for the hidden layer and linear transfer function in
output layer were selected. The Neural Network/Data
Manager graphical user interface (nntool) of Matlab 7.12.0
(R2011a) software was used to develop ANN architecture
for ET, modelling.

Combinations of Meteorological Parameters in LR and
ANN Modelling

The input combinations for LR and ANN models were
decided on the basis of climatic parameters required for the
previously selected climate-base methods and are presented
in Table 2. Model 1 represents single climatic parameter (i.e.
evaporation) required for Pan evaporation method. Model 2
consists two parameters (i.e. T, and T, ) that are required
for SCS BC, THOR and H-S methods. Model 3 consist three
parameters (i.e. T, ., T,,, and SSH) which are required by J-
H, P-T and RAD methods. Model 4 consists five parameters
(ie T, T, RH, ., RH, and SSH) that are required for
TURC method. A similar kind of basis for formulating
combinations of parameters in modelling of ET, was

adopted by Tabari et al. (2012).

Comparison of Climate-based, LR and ANN Models
with Limited Data

The values of ET, were estimated from climate-based,
LR and ANN models and were compared with the standard
P-M method for standardization or calibration. Different
statistical measures such as Coefficient of Determination
(R, Index of Agreement d(IA), Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE) and Coefficient Efficiency (CE)
were worked out to test the performance of all models
(Singh et al., 2018 and Panigrahi, 2011). The criteria for
ranking of models were based on the following conditions
(Pandeyetal., 2016):

(a) IncaseofR’ d(IA)and CE values tending towards one.
(b) In case of RMSE, MAE and MAPE values tending
towards zero.

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.

3. RESULTSAND DISCUSSION
Development and Validation of LR and ANN Models

In order to compare the performance of ET estimation
models, it required development of LR and ANN models
and comparison of their performance with existing climate
based models. Out of total data period (1980-2014) for
Solapur station, 80% data (1980-2007) were used for
development of model and 20% data (2008-2014) were
used for their validation.

LR Models

The statistical criteria for defining and validating LR
models with their mathematical expressions are presented
in Table 3. During development stage, all LR models
showed the performance in the sequence of LR4, LR3, LR2
and LRI1. It indicated that all LR models performed
satisfactorily and showed marginal difference in their
performances. Results also showed that with increase in the
number of independent variables, the performance of
models increased.

In validation stage, it was found that all models showed
numerically at par results for each performance measures. It
indicated that all LR models were validated satisfactorily
and generalized for estimation of ET,. Overall, the perfor-
mance suggests that all LR models can predict ET, within
acceptable range for Solapur station with reference to the
availability of number of meteorological parameters. Most
ofresearchers such as Reddy et al., 2010; Tabari et al., 2012;
and Sriram and Rashmi, 2014 also found that LR models
with varying independent variable can be adopted for the
prediction of ET,,.

Table: 3
Statistical criteria for development and validation of LR models
with their mathematical expressions for Solapur station

Model Statistical Criterias
R’ d(lA) RMSE MAE  MAPE CE
Development Period (1980-2007)

LR1 0.706  0.908 0.858 0.652 13.541 0.706
LR2 0.774 0.932 0.753 0.597 12.220 0.774
LR3 0.828 0951 0.657 0.518 10.525 0.828
LR4 0.852 0958 0.610 0.480 9.706 0.852
Validation Period (2008-2014)
LR1 0.843 0925 0.719 0.541 10.842 0.773
LR2 0.843 0941 0.684 0.557 12.664 0.794
LR3 0.848 0.953 0.618 0.499 11.100 0.832
LR4 0.850 0.953 0.630 0.503 10.946 0.825
Models Mathematical expressions

LR1 ET,=1.522+0.471E,,,

LR2 ET,=-7.490+0.346T, +0.037T,,,

LR3  ET,=-7.095+0.220T, +0.153T,, +0.211SSH

LR4 ET,=-3.455+0.128T, +0.213T,, -0.005RH,-0.024RH, +
0.1655SH
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ANN Models

Table 4 shows the statistical performance of best fit
ANN models with limited data (ANN1 to ANN4) during
training and validation period with network of models for
Solapur station.

During training mode, it was observed that ANN4
model showed best values of all performance measures,
while ANN1 showed lower level performance among them.
It was observed that all ANN models satisfied performance
criteria well in development mode. Results clearly showed
that the performance of model is directly related to the
number of input parameters and are in with the findings of
Huo et al. (2012). A very close difference was observed in
the performances of all models during training and valida-
tion stages. The similar findings were obtained by other
researchers (Kumar ez al., 2008; Kale et al., 2013) for
predicting ET, accurately.

Table: 4
Statistical criteria for development and validation of ANN
models with their network for Solapur Station

Statistical Criteria
R® d(lA) RMSE MAE MAPE CE

Development Period (1980-2007)

ANN1 1-3-1 0.719 0.913 0.838 0.637 13.255 0.719
ANN2 2-3-1 0.801 0.942 0.706 0.559 11.449 0.801
ANN3 3-17-1 0.863 0.961 0.587 0.458 9.193 0.862
ANN4 5-19-1 0.893 0.971 0.516 0.395 7.825 0.894
Validation Period (2008-2014)

ANN1 1-3-1 0.826 0.914 0.748 0.569 11.526 0.754
ANN2 2-3-1 0.865 0.949 0.648 0.523 12.176 0.815
ANN3 3-17-1 0.878 0.963 0.545 0.428 9.567 0.869
ANN4 5-19-1 0.912 0.973 0.487 0.384 8.481 0.895

Model Network

Table: 5

Comparison of Climate Based, LR and ANN Models

The overall comparison of climate-based, LR and ANN
models were carried out on the basis of limited data
availability for the entire data period (i.e. from 1980 to
2014). The ET, values of climate-based, LR and ANN
models were determined and compared with P-M method.
The results of performance measures for comparison of all
models with P-M method for Solapur station are presented
in Table 5 and ranking of models are tabulated in Table 6. It
was also observed that all climate-based methods showed
poorer performance than corresponding ANN and LR
models.

Results showed that the proposed LR models can be
adopted satisfactorily for the estimation of ET,. The accuracy
in ET, estimation may further be improved using corre-
sponding ANN models for Solapur station. Because of the
representation of explicit equations that can be easily
interpreted and accessible, it was interpreted that the LR
models are more advantageous over ANN models. Based on
the overall results it was recommended that all ANN models
can be used for prediction of ET, followed by all LR models
as per data availability and simplicity of users for Solapur
region.

4. CONCLUSIONS

In this paper, an attempt was made to select the best
method for estimating ET, in the absence of the full weather
data for P-M method application in a semi-arid environment
of Solapur region Maharashtra, India. It was found that all
LR and ANN models showed satisfactory performance and
can be used to predict ET, values for Solapur region as per
data availability. However, the prediction accuracy may
slightly be better in ANN models than corresponding LR

Performance evaluation of ET, values of climate based LR and ANN models with those of P-M method for entire period (1980-2014)

S.No. Models Statistical criteria
R’ d(1A) RMSE MAE MAPE CE
1 SCS BC 0.659 0.785 1.488 1.254 29.416 0.096
2 THOR 0.729 0.849 1.613 1.242 24.997 -0.063
3 H-S 0.794 0.899 0.849 0.705 15.821 0.705
4 PAN 0.721 0.908 1.038 0.796 16.836 0.56
5 J-H 0.762 0.826 1.504 1.286 27.723 0.076
6 P-T 0.699 0.775 1.224 0.905 15.901 0.388
7 TURC 0.656 0.437 3.413 3.194 62.667 -3.76
8 RAD 0.686 0.817 1.291 1.124 25.674 0.319
9 LR1 0.721 0.913 0.828 0.627 12.968 0.72
10 LR2 0.780 0.934 0.737 0.586 12.274 0.778
11 LR3 0.830 0.951 0.646 0.512 10.595 0.829
12 LR4 0.848 0.958 0.611 0.483 9.921 0.847
13 ANN1 0.728 0.914 0.818 0.621 12.872 0.727
14 ANN2 0.806 0.943 0.693 0.55 11.565 0.804
15 ANN3 0.865 0.962 0.576 0.45 9.227 0.864
16 ANN4 0.895 0.972 0.508 0.391 7.931 0.894
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Table: 6

Ranking of allmodels as per the performance criteria for Solapur station

S.No. Models Ranking as per performance criteria
R’ d(IA) RMSE MAE MAPE CE Total Overall Rank
1 SCSBC 15 14 13 14 15 13 84 15
2 THOR 9 11 15 13 12 15 75 12
3 H-S 6 10 9 9 9 9 52 9
4 PAN 12 9 10 10 11 10 62 10
5 J-H 8 12 14 15 14 14 77 14
6 P-T 13 15 11 11 10 11 71 11
7 TURC 16 16 16 16 16 16 96 16
8 RAD 14 13 12 12 13 12 76 13
9 LR1 11 8 8 8 8 8 51 8
10 LR2 7 6 6 6 6 6 37 6
11 LR3 4 4 4 4 4 4 24 4
12 LR4 3 3 3 3 3 3 18 3
13 ANN1 10 7 7 7 7 7 45 7
14 ANN2 5 5 5 5 5 5 30 5
15 ANN3 2 2 2 2 2 2 12 2
16 ANN4 1 1 1 1 1 1 6 1

models, whereas climate-based methods showed lower
performance than corresponding LR and ANN models.
Based on the overall results it was recommended that all
ANN models can be used for predicting ET, followed by all
LR models as per data availability and simplicity of users
for Solapur region.
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