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Evaporation is influenced by several meteorological parameters, evaporation data are
usually difficult to obtain compared to rainfall data, especially in arid regions.
Developing a monthly evaporation prediction model in arid regions in terms of available
meteorological data is a significant step. The data used in this study for modeling are
monthly measurements to cover substantial continuity over a period of 18 years between
January 2000 and December 2017. Stepwise and backward multiple linear regression
techniques were used with a new procedure of variable selection to select the best model.
Temperature, wind speed, relative humidity and sunshine hours were used as a
independent variables in the multiple linear regression (MLR) technique to establish the
best prediction of the evaporation model. To examine the MLR evaporation developed
model in the current study, MLR results were compared with the most common
evaporation models commonly used in arid regions such as Kharufa and Khosla methods.
The results of performance indicators shows that the R? values are approximately 0.937,
0.90 and 0.85 for MLR evaporation developed model, Kharufa and Khosla methods,
respectively. Moreover, the values of the error measures, namely RMSE and NAE for
MLR evaporation developed model were 36.3 and 0.123, Kharufa model 71.22 and 0.241
and Khosla model was and 173.7 and 0.581 respectively. Based on the foregoing, the
results of the MLR developed evaporation model in the current study outperforms in all

performance indicators and proves to be better than the Kharufa and Khosla models.

1. INTRODUCTION

Evaporation is a main element of the hydrologic cycle, it is
considered a key factor in the management of water resources
for arid and semi-arid regions. Estimating water loss through
evaporation is essential for modeling, surveying and managing
many hydrological and water resource systems projects [1-8].
In general, evaporation data is significantly less easily
obtainable than rainfall data.

Evaporation is a variable that combines or incorporates the
effects of many elements of the atmosphere, such as
temperature, humidity, rainfall, solar radiation and wind speed
[9, 10]. The evaporation increases with high wind speed, max
temperatures and low humidity [7].

Potential evaporation is the potential or ability of the
atmosphere to remove water from a surface if there is no limit
to the water availability [11, 12]. Potential evaporation is the
most commonly used variable, while actual evaporation is the
amount of water removed by evaporation from that surface [13,
14].

Evaporation estimates are required for a variety of problems
in water resource management, hydrology, river flow
forecasting, land resources planning, agricultural, forestry,
irrigation management, and ecosystem modeling.

Reservoir locations will be limited in arid areas with flat
terrains, and reservoirs will likely be shallow and have large
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surface areas. In such cases evaporation can cause large
amounts of water to be lost [15, 16]. As a result, estimating the
evaporation losses will be crucial in evaluating the design and
operation of these reservoirs. The measurement of evaporation
in the open environment is difficult and is usually done by
proxy and models can be useful for evaporation prediction
methods.

The application of the multiple linear regression (MLR)
technique for evaporation studies helps to penetrate the hidden
interrelationships among different parameters in catchments
arid regions and developed model to best predict the processes
of evaporation [17]. The models developed from
meteorological data involve empirical relationships to some
extent, these models may give reliable results when applied to
climatic conditions [14]. The use of formulas or mathematical
models that can predict evaporation from available climate
data is therefore assertive and can provide more precise results
than the calculated evaporation [18-21]. These models had
been widely used by several researchers to estimate
evaporation based on meteorological parameters like [1, 9, 13,
19, 20, 22-25].

Cahoon et al. [26] and Fennessey and Vogel 1996 [27] used
regression methods to create models for regional monthly
average evaporation in the United States as a function of
publicly available factors including temperature, longitude,
and elevation. Hanson [28] investigated the daily evaporation
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on three sites on the watershed in southwest Idaho India. The
study pointed to daily pan evaporation estimated by mean
temperature and solar radiation, the correlation coefficients (r)
were obtained between 0.84 to 0.90. Almedeij [25]
investigated the evaporation in Kuwait state and reported that
the correlation of evaporation with temperature was 0.94, RH
was -0.92 and wind speed was 0.74. Almedeij [1] develop an
evaporation model arid region using a monthly period of 23
years (1993-2015). The study showed that evaporation values,
ranged between 0.1 to 40 mm/day, from January — July within
this period.

The significance of this study emerged through the fact that
accurately measuring evaporation is a difficult task, especially
in arid regions. As a result, using equations or statistical
models to predict pan evaporation from available
meteorological data may provide more accurate results. The
main aim of this study was to develop a monthly predict
evaporation model using multiple linear regression that can be
used to estimate monthly evaporation in arid regions and
identify the internal relationships between the independent
variables that contribute to the prediction of evaporation.

2. STUDY AREA

Horan valley, the largest valley in Iraq, is located in Al-
Anbar governorate in western Iraq (see Figure 1), extending
for a distance of 485 km from the Iraqi-Saudi border to the
Euphrates River near Haditha region between the longitudes
of (39 00' 00") and (43 00' 00") east and latitude (32 00' 00")
and (43 30' 00") North. The valley catchment area is around
16550 km? and the difference in elevation between upstream
and downstream is around 600 m. Horan valley region is
classified as an arid region characterized by hot summer and
cold winter.

/' Anbar
Govemorate

Iraq Map

Horan Valley

Figure 1. Horan valley location

3. DATA COLLECTED

Monthly climate data such as temperature (T), evaporation
(E), relative humidity (RH), wind speed (WS) and solar
brightness (SS) for the period 2000-2017 are provided from
Iragi Meteorological Organization Seismology (IMOS) in
Baghdad presents six weather stations namely Ramadi,
Haditha, Anah, Qaim, Rutba and Nakheb (see Figure 2).

4. MULTIPLE LINEAR REGRESSION (MLR)

Linear regression is one of the best used methods for linear
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modelling that is commonly used to analyze the relationship
between a dependent (response) and several independents
(predictors) variables. MLR can be expressed according to the
following equation.
y=by+bix;+ -+ bx,+e&i=12..k (1)
The linear regression method seeks to model the
relationship between two variables based on the observed data
for these two variables to produce the best suitable linear
equation. The simplest models that can predict evaporation
from its independent variables are statistical regression
methods. These whole empirical techniques are quick and easy
to apply since they do not require complex parameter input. A
large number of models in hydrology and climate sciences
have to depend on the multiple linear regression to justify the
link between key variables.

Station location
® Climatic stations

1 = Ramadi Station
2 = Haditha Station
3 = Anah Station

4 = Qaim Station

5§ = Rutba Station
6 = Nakheb Station
—— Euphrates River
Horan Valley

Figure 2. Locations of the climatic station around the study
area

5. STATISTICAL INDICATORS

Prediction accuracy analysis typically requires the
estimation of errors between observed and predicted values.
Five performance indicators were used in the current study
such as root mean square error (RMSE), normalized absolute
error (NAE), coefficient of determination (R?), Nash-Sutcliffe
efficiency (NSE) and mean average percentage error (MAPE).
NAE and RMSE should reach zero for a successful pattern,
while NSE and R? should be closer to one [7].
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6. MODEL SELECTION

The correlation analysis was carried out for the dataset to
find out the relationship between evaporation and independent
variables (see Table 1), it was found that the highest positive
correlation with SS and T was 0.907 and 0.859 respectively.
Medium correlation with WS was 0.534 and high negative
correlation with RH was - 0.849. The present findings on the
significant relationships of the E to T, WS, RH % and SS are
proven to be consistent with previous researcher's work.

Table 1. The correlation coefficient of the evaporation

dataset
E T ws RH% SS
Pearson | 0.859"  0.534"  -0.849"  0.907"
Correlation
Sig. 000 000 000 000
(2-tailed) ' ' ’ ’
N 1008 1008 1008 1008 1008

** Correlation is significant at the 0.01 level (2-tailed).

Identifying factors that may cause evaporation and choosing
evaporation prediction model parameters is not an easy
process. However, many statistical tools can be used for this
purpose such as cluster analysis, principal component analysis
and multiple regression. There is no certain test to determine
the best number of variables that can be included in the model.
In this study, a new and accurate method was used to
determine the variables that significantly effect on the

evaporation prediction by using multiple linear regression
(Enter method). This new method includes the test of each
independent variable along with the dependent variable and
then two independent variables with the dependent variable
until all the independent variables are included. Increasing the
number of independent variables in the above method will lead
to an increase in the value of R? even if some of these
independent variables are not significant, therefore the use of

adjusted R? will be more accurate.

There are two reasons to apply the above method; First,
identifying the number of significant variables for the models,
Statistical
relationships were conducted for all the parameters in the

second, evaluating each selected model.

evaporation dataset as shown in Table 2.

Through the above method, the results showed the
following: (1) The relationship of E with one independent
variables showed that the highest relationship between E and
T gives the highest adjusted R? value which is 0.895, while the
lowest relationship was with WS that gives adjusted R?=0.646;
(2) The relationship of E with two independent variables
showed that the highest linear relationship between E with (T,
WS) and with (T, SS) that gives the adjusted R? value 0.934
and 0.930 respectively, based on this high result conclude that
these two variables have a significant effect on evaporation
prediction and can be used it alone in the absence of other
variables. The lowest relationship was with WS and RH% that
gives adjusted R?>=0.870; (3) The relationship of E with three
highest linear
relationship between E with T, WS and SS gives the adjusted
R? value which is 0.945. The lowest relationship was with WS,
SS and RH% that gives adjusted R?>=0.913; (4) Finally, the last
relationship of E with four independent variables gives
adjusted R?>=0.946. From the above results, the results for the
selection of significant parameters affecting on prediction of
evaporation showed that the T, WS and SS is the best
the prediction of evaporation.
Furthermore, the relative humidity did not affect the predictive
equation of evaporation. The best two groups were selected

independent variables showed that the

significant group for

based on Table 2 (No. 12 and 15) are listed in Table 3.

Table 2. The statistical approach to select significant parameters

Model No Input parameter R? Adjusted R? SE Equation
1 T 0.896 0.895 51.67 =-92.06 + 15.938*T
2 WS 0.647 0.646 95.06 =-116.1 + 105.2*WS
3 RH 0.788 0.788 73.66 =596.22 - 7.57*RH
4 SS 0.887 0.887 53.77 =342.52 + 71.48* SS
5 T, WS 0.934 0.934 41.04 =-148.11 + 12.67*T - 36.1*WS
6 T,RH 0.903 0.902 49.99 =43.7 + 13.06*T - 1.62*RH
7 T,SS 0.930 0.930 42.27 =-230.79 + 8.75*T + 35.13*SS
8 WS, RH 0.871 0.87 57.54 =320.89 + 50.33*WS - 5.39*RH
9 WS, SS 0.900 0.899 50.75 =-336.45 + 23.38*WS + 60.9*SS
10 RH, SS 0.898 0.898 51.03 =-118.81 + 55.56*SS - 2.008*RH
11 T, WS, RH 0.938 0.938 39.82 =-42.3 + 10.57*T + 34.91*WS -1.24*RH
12 T, WS, SS 0.945 0.945 37.48 =-220.87 + 9.014*T + 25.612*WS + 22.66*SS
13 T, RH, SS 0.931 0.930 42.26 =-203.6 + 8.47*T + 34.29*SS - 0.277 * RH
14 WS, RH, SS 0.914 0.913 47.03 =-83.26 + 26.15*WS -2.26*RH + 41.68*SS
15 T, WS, RH, SS 0.946 0.946 37.3 =-168.05 + 8.47*T + 26.13*WS -0.535*RH + 20.43*SS
Table 3. Best selected groups
Model No Input parameter R? Adjusted R? SE Equation
Group 1 T, WS, RH, SS 0.946 0.946 37.30 =-168.05+8.47*T+26.13*WS -0.535*RH+20.43*SS
Group 2 T, WS, SS 0.945 0.945 37.48 =-220.87+9.014*T+25.612*WS+22.66*SS
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Table 4. Results of the MLR analysis for evaporation prediction

Selected independent

Model No r R? Sig.F Change VIF . Model Equation
variables
1 0.906 0.821 0.000 SS -317.288+63.603*SS
R %
Group 1 2 0922 0849 0 000 T, SS 258.487+5 3745+
Stepwise 44.030*SS
-262.509+5.859*T+
3 0.924 0.855 0.000 1.029 T, WS, SS 13.856*WS438 669*SS
-225.438+5.685*T+
Group 1 1 0.925 0.855 0.000 T, WS, RH, SS 12.968*WS+37 11*SS
Backward -262.509+5.859*T+
2 0.925 0.855 0.199 1.029 T, WS, SS 13.856*WS+38.669*SS
1 0.907 0.822 0.000 SS -317.288+63.603*SS
R %
Group 2 2 0922 0.850 0.000 T, SS 258.487+5 3745+
Stepwise 44.030*SS
-262.509+5.859*T+
3 0.925 0.855 0.000 1.029 T, WS, SS 13.856*WS438 669*SS
Group 2 -262.509+5.859*T+
Backward 1 0.925 0.855 0.000 1.029 T, WS, SS 13,856 WS+38.669*SS
7. MODELING DEVELOPMENT respectively.

MLR modelling (stepwise and backward method) was
conducted to find an evaporation predictive equation using
climatic variables, such as T, WS, SS and RH. Table 4 shows
the variables selection using the stepwise and backward
methods for two groups depending on the p-value 0.05, group
1 includes E as dependent variable and T, WS, RH and SS as
independent variables and Group 2 included E as dependent
variable and T, WS and SS as independent variables.

Group 1: Three models were generated using stepwise
method, model 1 select the SS variable only (R?=0.821),
model 2 were select T and SS variables (R?=0.849) and model
3 select T, WS and SS variables (R?=0.855). The Backward
method generated two models, model 1 select all independent
variables T, WS, RH and SS (R? =0.855), model 2 were
selected T, WS and SS variables (R?>=0.855) and this indicate
that RH has no predictive effect on evaporation.

Group 2: The stepwise and backward results for group 2
that got similar results for group 1 as shown in Table 4 which
confirms that the model consisting of T, WS and SS is the best
model that generated using stepwise and backward regression
method which gave adjusted R?=0.855. Based on the above it
can be concluding the most significant parameters that can
used to carry out the best fit prediction monthly evaporation
model in arid regions were temperature (T), wind speed (WS)
and sunshine (SS).

8. MLR MODEL VALIDATION

Model validation means verifying the validity of the
developed models to ensure that can be used it with high
efficiency under the same conditions to get accurate prediction
results. For the model validation purposes, 280 dataset number
(20% of the dataset) was used. The proportion of 20% of the
dataset applied in this study for model validation is widely
used and approved in many investigations. However, other
studies, such as Almedeij [25] and Silval et al. [13] employed
smaller percentages 17% and 15% respectively. The
relationship between the observed and predicted evaporation
regression model is presented (see Figure 3), suggesting that
there is a strong correlation between observed and predicted
values. The r and R?values were calculated as 0.968 and 0.937

Figure 4 shows that the normal distribution of the residual
satisfies the assumption of often made about normal
distribution, residual distributions plot was approximately
normal, an indication of adequate model fit.

Scatterplot of MLR Evaporation Model against Observed Evaporation

Observed Evaporation:MLR Evaporation Model: r = 0.9680; p = 0.0000; r* = 0.9370
MLR Evaporation Model = 20.6868+0.9343"x
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-100
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Observed Evaporation

Figure 3. Validation of MLR evaporation developed model

Normal Probability Plot of Residual

Expected Normal Value

-120 100  -80 -60 -40 -20 0 20 40 60 80 100 120
Observed Value

Figure 4. Normality of residual and equal of variance of
residual



9. PERFORMANCE INDICATORS OF MLR
Performance indicators criteria were used to evaluate the
accuracy of the MLR evaporation developed model (see Table

5).

Table 5. Performance Indicators for Evaporation validation

model
Performance MLR evaporation
Indicators (PI) developed Model
R? 0.937
RMSE 36.3
NAE 0.123
MAPE 17.83
NSE 0.936

By comparing the MLR evaporation developed a model
with the most common evaporation models commonly used in
arid regions such as Kharufa and Khosla model. This model
had been widely used by researchers to study evaporation and
water balance modeling. Table 6 shows the performance
indicators for the above models, the following inferences have
been made. For MLR evaporation developed model R? was
0.937 while Kharufa and Khosla model were 0.90 and 0.85
respectively. Thus, in terms of this indicator, MLR performed
the best. Moreover, the values of the error measures, namely
RMSE and NAE for MLR evaporation developed model were
36.3 and 0.123, Kharufa model 71.22 and 0.241 and Khosla
model was and 173.7 and 0.581 respectively. Therefore, in
terms of these two indicators, the MLR evaporation developed
model performed the best. The remaining accuracy measures
NSE and MAPE for MLR evaporation developed model were
0.936 and 17.83, Kharufa model 0.754 and 28.79 and Khosla
model was 0.463 and 51.10 respectively. In terms of these two
indicators, MLR performed the best.

Table 6. Comparison of performance between Evaporation
MLR model and Kharufa and Khosla model

Performance = Monthly Regression = Kharufa Khosla

Indicator Evaporation model model method
R? 0.937 0.900 0.85
RMSE 36.3 71.22 173.7
NAE 0.123 0.241 0.581
MAPE 17.83 28.79 51.10
NSE 0.936 0.754 0.463

Scatterplot of MLR Evaporation Model against Observed Evaporation
Observed Evaporation:MLR Evaporation Model: r = 0.9680; p = 0.0000; 2= 0.9370
MLR Evaporation Model = 20.6868+0.9343"
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400
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MLR Evaporation Model

100

0 100 200 300 400 500 600

Observed Evaporation

Figure 5. Scatter plot of observed dataset with MLR
evaporation developed model using validation dataset
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Scatterplot of Kharufa Evapoeation against Observed Evapoeation
Observed Evapoeation:Kharufa Evapoeafion: y =-18.1686 + 0.8417x;
r=0.9489; p = 0.0000; r2 = 0.9004
Kharufa Evapoeation = -18.1686+0.84 1%

Kharufa Evapoeation

0 100 200 300 600

| Observed Evapoeation

400 500

Figure 6. Scatter plot of observed dataset with Kharufa
model using validation dataset

Scatterplot of Evaporation Khosla Method against Observed Evaporation
Observed Evaporation:Evaporation Khosla Method: r=0.9245; p =0.0000; 12 =08547

Evaporation Khosla Method = 33.6497+0.2783%
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Figure 7. Scatter plot of observed dataset with Khosla model
using validation dataset

Based on the foregoing, indicates that the results of
performance indicators of the MLR developed evaporation
model in the current study outperform all performance
indicators and prove to be better than the aforementioned
models (see Figure 5, Figure 6 and Figure 7).

10. CONCLUSION

The current study developed a monthly evaporation model
using multiple linear regression suitable for the western area
of Iraq (Horan Valley) in addition to its suitability for all arid
regions. In this study, a new and accurate method was used to
determine the variables that significantly affect evaporation
prediction by using multiple linear regression (Enter method).
Increasing the number of independent variables in the MLR
will lead to an increase in the value of R? even if some of these
independent variables are not significant, and therefore the use
of adjusted R? will be more accurate. The relationship of E
with two independent variables showed that the highest linear
relationship between E with T and WS and T with SS which
gives the adjusted R? value which is 0.934 and 0.930
respectively, based on this high result conclude that these two
variables have a significant effect on evaporation prediction
and can be used it alone in the absence of other variables. The
T, WS and SS is the best significant group for the prediction



of evaporation. Furthermore, the relative humidity did not
affect the predictive equation of evaporation. The results
showed that the MLR evaporation developed model has
proven its efficiency and its ability to predict evaporation and
the superiority against the most important models are used for
estimating the evaporation in arid areas. Stepwise and
backward linear regressions have proven a suitable technique
to develop prediction models for all hydrological applications
parameters. The lack of available data and the difficulty of
obtaining them in dry areas is one of the common problems in
estimating evaporation values. Based on the results of this
study, the use of multiple regression technique will be useful
in future studies.
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NOMENCLATURE

Abbreviation

E
IMOS

MAPE
MLR
MWBM
NAE
NSE

p

Pl

RZ

r
RMSE
RH

SE

SR
SLR
SS
STD

T

VIF
WS

Description

Pan Evaporation

Iraqi Meteorological
Seismology

The Mean Average Percentage Error
Multiple Linear Regression
Monthly Water balance Modelling
Normalized Absolute Error
Nash-Sutcliffe efficiency

P —value

Performance Indicator

Coefficient of determination
Correlation Coefficient

Root Mean Square Error

Relative Humidity

Standard Error

Surface Runoff

Simple Linear Regression
Sunshine

Standard Deviation

Temperature

Variation inflation factor

Wind Speed

Organization





