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Background and Objectives: Climate phenomena such as quantity of surface
evaporation are affected by many environmental factors and parameters,
which makes modeling and data mining difficult. On the other hand, the
estimation of surface evaporation for a target station can be difficult as a
result of partial or complete lack of local meteorological data under many
conditions. In this regard, satellite imagery can play a special role in modeling
and data mining of climatic phenomena, because of their significant
advantages, including availability and their potential analysis. Therefore,
addressing the improvement and expansion of machine learning methods
and modeling algorithms along with remote sensing data is inevitable.
Methods: In this research, we intend to study the ability of 11 machine-
learning modeling algorithms to model data and surface evaporation
phenomena using satellite imagery. We used two methods to prepare the
database: PCA and its opposite method using standard deviation and
correlation.

Results: The calculation of the Root Mean Squared Error (RMSE) indicated
that, in general, the use of the PCA method has a better result in preparing
and reducing the dimensions of large databases for all methods of machine
learning. The SEGPR model was ranked first with the least error (93.49%) in
the Principal Component Analysis (PCA) method, and the Artificial Neural
Network (ANN) model performed well in both data preparation methods
(93.42, 93.38), and the Classification-Tree-Coarse model had the highest
error in both methods (92.66, 92.67).

Conclusion: Consequently, it can be said that by changing the methods of
database preparation in order to train models, the modeling results can be
changed effectively.

©2021 JECEL All rights reserved.

Introduction

and parameters that comprise and contribute to

The loss of water from lakes, rivers, oceans, vegetation,
and the earth, as well as man-made structures such as
reservoirs and irrigation conduits, is a major concern of
hydrologists and irrigation specialists. This loss,
compounded by the lack of usable water in some areas,
indicates a need for field and laboratory research that
will contribute to the understanding of the processes

Doi: 10.22061/JECEI.2021.7563.406

evaporation [1]. Since the role of environmental
variables in the amount and distribution of surface
evaporation is undeniable, and the difference in the
surface evaporation of neighboring points in small basins
is justified by the involvement of local factors,
consideration of these factors are important in modeling
and analysis. In this regard, remote sensing technology
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plays an unparalleled role in obtaining surface
evaporation data, because satellite images have
advantages and privileges that the availability and
analysis of them are the most important points [2].
Considering the importance of changing the future
climate of the planet and the wide-reaching effects on
various aspects of meteorological and hydrological issues
on the planet, extensive efforts have been made to
extract climate data more accurately as well as less
costly, and fewer human and physical errors in
measuring climate data in the future. On the other hand,
evaporation is a non-linear process which occurs in
nature due to temperature differences [3]; the changes
in climate variables in regional scales are also not
explicitly  identified. Therefore, addressing the
improvement and extension of machine learning
methods and modeling algorithms along with remote
sensing data is inevitable.

In interpolation methods, a good number of scattered
terrestrial stations is required to be used in the target
area, so in areas where these conditions are not
available, one cannot expect an appropriate
approximation for the result of interpolation and
modeling [4]. In contrast, recently satellite imagery is
widely available at very low cost and even free of charge
[5]. Therefore, using remote sensing data to model
climate data is a convenient and economical way. In
recent times, the artificial intelligence approaches such
as coactive neuro-fuzzy inference system (CANFIS),
adaptive neuro-fuzzy inference system (ANFIS) which is
hybrid of artificial neural networks (ANN) and fuzzy
inference system (FIS), fuzzy-logic (FL) [6], radial basis
neural network (RBNN) which is a type of ANN, support
vector machines (SVM), generalized regression neural
network (GRNN) which is a type of ANN, genetic
algorithm (GA) [7], wavelet transformation (WT) and
multi-layer perceptron neural network (MLPNN) have
been significantly utilized in diverse fields such as
modeling daily evaporation [3, 8-11]. In order to model
the target data, the researchers used terrestrial station
data as inputs, which have many limitations. So many
researchers tend to use satellite imagery [2, 12-14]. In
studying model trees and the neural network for
modeling the rainfall, [15] concluded that tree models
could be a suitable substitute for the neural network for
precipitation modeling. Meike Kihnlein, in a study [16],
on improving the accuracy of rainfall rates from optical
satellite sensors with machine learning, showed that
using machine learning methods can accurately improve
the rates of precipitation even up to hourly rates. Dofia
et al [17] used remote sensing to estimate the temporal
variation of the flooded area and their associated
hydrological patterns related to the seasonality of
precipitation and evapotranspiration. He applied several

230

inverse modeling methods, such as two-band and
multispectral indices, single-band threshold,
classification methods, artificial neural network, support
vector machine algorithm and genetic programming and
the genetic programming approach yielded the best
results, with a kappa value of 0.98 and a total error of
omission-commission of 2%. Xu et al [13] up-scaled
evapotranspiration from eddy covariance flux tower sites
to the regional scale with machine learning algorithms.
Five machine learning algorithms were employed for
evapotranspiration upscaling including artificial neural
network, Cubist, deep belief network, random forest,
and support vector machine. They demonstrated that
the artificial neural network, Cubist, random forest, and
support vector machine algorithms have almost identical
performance in estimating evapotranspiration and have
slightly lower root mean square error than deep belief
network at the site scale. On the other hand, in spite of
the considerable importance of preparing the initial data
to enter the model, in many cases it is not taken into
account as much as required.

In this research, we intend to investigate the
relationship between Landsat 8 satellite imagery and
terrestrial station data for surface evaporation quantity
using different machine learning methods, including
Artificial Neural Network, Neuro-Fuzzy (ANFIS),
Classification-Tree-Coarse, Classification-KNN-Coarse,
and Regression-Tree-Medium, Regression-interactions
linear, Fine Gaussian SVM, Medium Gaussian SVM,
Gaussian Process Regression- SEGPR, Ensemble-Boosted
Trees, and Ensemble-Bagged Trees. Then we compare
the different methods to find the optimal method. This
study was conducted with the following objectives: (i)
selecting appropriate input variables combination for the
models using two ways, one of them is Principal
Component Analysis (PCA) and the other one is applying
standard deviation and correlation as an indicator; (ii)
calibrating and validate the heuristic models with
selected input variables; and (iii) comparing the results
from the listed models with those of the interpolation
based models, IDW.

Technical Work Preparation
Study Area and Data Acquisition

The study area includes three provinces of Tehran,
Alborz and Qazvin in Iran, which are located between 48
°43'38.83"Eto53°09'11.70 “E longitude and 34 ° 50’
14.29 "N to 36 ° 47 ' 1.33 "N latitude at an altitude of
1495.9m above MSL (Mean Sea Level) Fig. 1. In Fig. 1,
the study area and the position of stations, which have
the ability to measure surface evaporation, are shown
on the region map. Daily surface evaporation data are
collected from Meteorological Organization and Water
Resources Management Organization of Iran.
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The primary data source was a series of Landsat-8
satellite images. The spatial resolution of the band 8 for
the satellite is 15 m; other bands (1,2,3,4,5,6,7,9,10,11)
have a spatial resolution of 30 m. The selected Landsat-8
scenes are path 164 / row 35 and path 165/ row 35,
which covers the extent of the area of interest. Scenes
that were mostly cloud-free from 2013 to 2016 are
obtained from the United States Geological Survey Earth
Explorer website [18]. All images were Level 1T products,
which have been precision and terrain corrected in the
GeoTIFF format and are in the UTM Zone 39S projection
and WGS datum [19]. The resulting dataset comprised
65 full scenes.

Preparing the Initial Datasets for Machine
Learning

Machine Learning (ML) depends heavily on data. It is
the most crucial aspect that makes algorithm training
possible and explains why machine learning became so
popular in recent years. Regardless of actual terabytes of
information and data science expertise, if data records
are not prepared and organized, a machine will be nearly
useless or perhaps even harmful. All datasets are always
needed correction. That’s why data preparation is such
an important step in the machine learning process. In a
nutshell, data preparation is a set of procedures that
helps make the dataset more suitable for machine
learning. In broader terms, the data preparation also
includes establishing the right data collection
mechanism. These procedures consume most of the
time spent on machine learning. Sometimes it takes
months before the first algorithm is built [20, 21].
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Fig. 1: Location map of the study area and Distribution of
terrestrial stations.

Knowing what must be modeled or estimated will help
to decide which data may be more valuable to collect.
When formulating the problem, data exploration must
be conducted, and it must be tried to think in the
categories of classification, clustering, regression, and
ranking. For instance, when an algorithm needs to
answer binary yes-or-no questions, classification is the
best method, or when it comes to finding the rules of
classification and the number of classes, clustering is a
suitable choice etc. Generally since the surface
evaporation dataset is formed by numerical values,
regression algorithm is more beneficial to this case [20,
21]; however, (i) it must be considered that surface
evaporation depends on numerous factors which makes
it too complicated to be formulated accurately; (ii) On
the other hand, It is tempting to include as much data as
possible. Since the target attribute (what value you want
to model) is known, common sense will guide the
further. It can be assumed which values are critical and
which are going to add more dimensions and complexity
to the dataset without any useful contribution. This
approach is called attribute sampling. (iii) Since missing
values can tangibly reduce prediction accuracy, this issue
must be addressed as a priority. In terms of machine
learning, assumed or approximated values are “more
right” for an algorithm than just missing ones. Hence in
this study, all the well-known methods of machine
learning are almost applied with two statistical data
preparation techniques, one of them is PCA and the
other one is the way which uses standard deviation and
correlation, in order to find the best algorithm for the
purpose of the study.

A. Determining Optimal Bands Using PCA Technique

Major databases are increasingly expanding and
publicizing, while making them more difficult to
interpret. Principal Component Analysis (PCA) is a
technique for reducing the size of such databases,
increasing the capability of interpreting, and
simultaneously minimizing data problem. The PCA
technique does this by creating a new variable that
maximizes the variance successively [22]. Table 1
illustrates the result of PCA technique. All bands of
Landsat-8 images except for bands 8 and 11 were used
to extract 4 optimal bands.

B. Determine Optimal Bands Using Standard Deviation
and Correlation

Using standard deviation and correlation statistics,
parameters that have greater correlation and amplitude
than each other are determined, and then a number of
optimal parameters is used instead of using all of the
parameters. In this study it is done according to (1). This
formula is set for three parameters but it is applied for
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five parameters (including four bands of satellite imagery
and surface evaporation values):

* (std(B1) + std(B2) + std(B3))

- |corr(B1, B2)| + |corr(B1,B3)| + |corr(B2,B3)| (1)

where x is the benchmark for optimization, B; is
parameter (bands and surface evaporation value), std

and corr are standard deviation and correlation
respectively. The x index in (1) was calculated for all
possible states in selecting 4 among 9 bands of satellite
images. The state which had maximum value of the
optimization index is considered as the best quadr-
combination of 9 bands of landsat-8 images. The
selected state was the combination of bands 1, 2, 9, and

10. Table 2 shows the result of calculations.

Table 1: The result of the PCA technique. Extraction of four optimal parameters using nine satellite image bands and with respect to
surface evaporation values (where B1, B2, ... are bands of satellite images, SE is surface evaporation values and P1,P2,.. are PCA

method outputs).

B1 B2 B3 B4 B5 B6 B7 B9 B10 SE(mm) P1 P2 P3 P4 SE(mm)
89.901 90.358 89.790 84.962 65.623 18.771 5.453 0.171 10915 6.6 -0.739 -0.756 -0.067 -0.061 6.6
81.208 83.540 87.441 86.594 68547 19.050 5.144 0.144 9.718 3.1 6.164 -3.217 1.999 0.643 3.1
85.637 86.940 83352 76.810 68.990 15933 4.429 0.165 10.383  10.9 -0.287 1.138 -0.058 0.234 10.9
75.756  75.191 70.831 74.459 64.291 15270 3.951 0.114 8.206 3.5 -0.413 0.443 -0.104 -0.069 35
100.999 104.870 111.148 111.205 80.569 23.728 7.140 0.190 12.126 11 -0.295 1.289 0.069 -0.171 11
108.146 110.718 107.014 97.934 66.238 17.571 5264 0.199 12254 15 -0.905 0.713 -0.082 0.743 15
108.220 106.200 97.357  83.510 80.723 14.908 3.963 1.700 8.051 8.7 -1.460 -0.177 -0.056 0.508 8.7
79.493  82.053 85722 82.855 65064 17.944 4.952 0.208 8.961 2.6 -1.549 -0.456 0.103 -0.158 2.6
74560 72.920 71325 73.404 58903 14.413 3.984 0.116 11.620  10.6 -1.482 0.178 0.012 0.617 10.6
61.609 58271 53.319 52317 40409 10.218 2.820 0.082 9.775 5.4 -1.680 0.234 0.261 0.051 5.4

Table 2: The result of calculations using equation (1). Extraction of four optimal bands using nine satellite image bands and with
respect to surface evaporation values (where B1, B2, ... are bands of satellite images, SE is surface evaporation values and the item
specified in the middle table is a suitable combination of satellite imagery bands).

B1 B2 B3 B4 B5 B6 B7 B9 B10 SE(mm) Bl B2 B9 B10 SE(mm)
State X
300.92 310.34 275.27 242.53 156.84 26.02 7.14 5.85 4.11 1.7 B1,82,B4,B10,SE 197.45 300.92 310.34 5.85 4.11 1.7
198.18 198.89 169.72 146.19 93.33 13.43 3.89 399 4.26 3.2 B1,B2,B5,B6,SE 52.66 198.18 198.89 3.99 4.26 3.2
265.91 272.65 228.21 200.82 130.33 16.66 4.32 3.70 4.19 13 B1,B2,B5,B7,SE 48.90 265.91 272.65 3.72 4.19 13
267.38 240.27 235.58 206.36 133.30 17.62 4.62 5.08 3.88 13 B1,B2,B5,B9,SE 46.20 267.38 272.16 3.70 3.88 13
236.44 273.45 205.74 179.50 11560 14.53 4.26 5.37 3.94 2.4 B1,B82,B5,B10,SE 167.80 236.44 240.27 5.08 3.94 2.4
268.55 285.21 232.88 203.74 130.84 15.71 429 6.72 3.85 1.8 B1,B2,B6,B7,SE 47.97 268.55 273.45 5.37 3.85 1.8
279.17 267.14 247.85 216.60 139.04 16.83 4.76 8.01 3.38 3 B1,B2,B6,B9,SE 55.83 279.17 285.21 6.72 3.38 3
262.84 291.40 227.43 200.02 12873 8.10 3.09 12.61 2.76 33 B1,B82,B6,B10,SE 177.32 262.84 267.14 8.01 2.76 33
322,41 327.09 281.54 24448 156.40 7.56 2.78 6.82 3.52 3.8 B1,82,89,B10,SE 282.454 322.41 327.09 6.82 3.52 3.8
228.78 23234 196.86 172.96 111.20 6.55 235 526 3.44 0.8 B1,B3,B4,B5,SE 48.133 228.78 23234 5.26 3.44 0.8

Machine Learning Algorithms

In general, 11 machine learning methods were used
to model the surface evapotranspiration using satellite
imagery. In this section, each of which is briefly
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described:
A. Artificial Neural Network (ANN)

Neural network is one of the techniques of machine
learning that its application in modeling and predicting
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many phenomena including climate phenomena has
been proved in numerous studies. Sulaiman and Wahab
[10] describe the modeling and prediction of heavy
rainfall. Although it is difficult to model and predict
climatic phenomena, machine learning methods,
especially artificial neural networks, are reliable and it
can be used for climate phenomena such as precipitation
and surface evaporation [4].

B. Neuro-Fuzzy (ANFIS)

An artificial neural network based on the Takagi-
Sugeno fuzzy system [23]. Since this system combines
neural networks and fuzzy logic concepts, both of them
can be used in the same frame [24].

C. Classification-Tree-Coarse

This technique is a tool to support decisions that use
trees to model. The Decision Tree is commonly used in
various research and operations. Specifically, in the
decision analysis, it is used to identify the strategy that is
most likely to reach the goal. Another use of Decision
Trees is the description of conditional probability
calculations [25].

D. Classification-KNN-Coarse

The KNN algorithm is one of the simplest data mining
and classification algorithms. This algorithm performs
simple classification operations and returns reliable
results as predictions. In a literal sense, this method
chooses the tracks in which the selected neighborhood
has the highest number of records attributed to them.
Therefore, traces that are more closely related to each
other in the K nearest neighbor are considered as the
new record category [26].

E. Regression-Tree-Medium

This method is one of the machine learning regression
techniques that uses a decision tree to predict and
model, and acts as a combination. Classification and
regression tree algorithm is one of the widely used
algorithms in water resources management related
fields since it is easy to understand and interpretable
prediction model [27, 28].

F. Regression-Interactions Linear

Linear regression is a modeling method and the
relationship between an associated variable and one to
several other variables that can be used to solve many
real-world problems. Regression interactions allow for
the detection of effect heterogeneity but require that
heterogeneity is a linear function of an observed and
reliably measured predictor of heterogeneity [29].

G. Fine Gaussian SVM
One of the most common methods in the data
classification domain is the SVM algorithm or support

vector machine. In simple terms, support vectors are a
collection of points in the n-dimensional data that

defines the boundaries of the categories, and the
classification of the data is based on them, and by
moving one of them, the output of the classification may
be Change [30].

H. Medium Gaussian SVM

SVM is basically a binary separator. A multi-class
pattern recognition can be achieved by combining two-
class vector machines [30].

I. Gaussion Process Regression- SEGPR

Gaussian process consists of a set of random variables
as one of the new methods of data mining, with its
normal characteristics and using kernel functions, has a
high ability to solve nonlinear problems. The Gaussian
regression models are based on the assumption that the
regulatory observation should carry information about
each other. Gaussian processes are a way to specify the
priority directly on the function space [31].

J. Ensemble-Boosted Trees

Instead of using only one decision tree, Ensemble
methods use the combination of multiple decision trees
to predict better performance. The main idea behind
these models is that weaker learners combine to form a
stronger learner [32]. Boosting is an ensemble technique
to create a collection of predictors. In this technique,
learners are learned sequentially with early learners
fitting simple models to the data and then analyzing data
for errors. In other words, consecutive trees (random
sample) are fitted at every step, and the goal is to solve
for net error from the prior tree.

K. Ensemble-Bagged Trees

Bagging is another Ensemble technique that is used
when the goal is to reduce the variance of a decision
tree [32]. Here idea is to create several subsets of data
from training sample chosen randomly with
replacement. Now, each collection of subset data is used
to train their decision trees. As a result, we end up with
an ensemble of different models. Average of all the
predictions from different trees are used which is more
robust than a single decision tree.

Results and Discussion

In this study, after preparing (or so-called GIS-Ready)
the surface evaporation data for 40 stations, along with
corrected reflectance values of their Landsat-8 satellite
imagery, four optimal bands of the nine bands
(1,2,3,4,5,6,7,9,10) are selected in Landsat-8 satellite
imagery to continue the work. In this study two ways are
applied: first one through the PCA method and the other
one with using (1).

In each of these two methods the data is divided into
two categories: Train and Test.

In the next step, in order to model the relationship
between satellite images and surface evaporation values
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and generate a decision function, train data is
introduced into each of the modeling methods described
briefly in the previous section, then the simulator or
decision function is obtained for each of them.

Since 11 machine learning methods have been
applied, 11 functions are obtained for the PCA method,
and then 11 functions for the second method (Optimal
Index).

Models’ accuracies were evaluated according to (i)
the Root Mean Square Error (RMSE) statistic and (ii)
compared with the generated map of the interpolation
method.

The RMSE can be expressed as

N
1
RMSE = NZ(SEi,observed - SEi,predicted)z (1)
i=1

where N is the number of data points used in the study
and SE represents surface evaporations.

A. Modeling Daily Surface Evaporations Using PCA
Technique

In this part, mentioned machine learning methods
were applied for estimating surface evaporations of 40
stations on the study area using 4 optimal bands
obtained by the PCA method. In PCA method, all satellite
image bands are used to select the optimal bands for
modeling. Each band has a coefficient, and the stronger
the bands are related to the data, the larger the
coefficient. Table 3 gives the test results of the applied
models in estimating surface evaporation data. RMSE
values range from 7.9417 to 8.9458 mm for the 11
models. The minimum RMSE value were found for
SEGPR algorithm (test set) while the Classification-Tree-
Coarse model provided the worst accuracy. Therefore,
according to RMSE values in this study, SEGPR is known
as the best method among other applied algorithms for
surface evaporation modeling. Figure 2 illustrates the
error variation of the test results spatially for the SEGPR
models. From the figure, it is clear that all the models
generally provided similar accuracy.

Table 3: Test results of the applied models in estimating surface evaporation by using PCA technique

Machine Learning Algorithms RMSE (mm) 100 - Normalized RMSE (%)
Artificial Neural Network 8.017072 93.42863
Neuro-Fuzzy (ANFIS) 8.158462 93.31274
Classification-Tree-Coarse 8.945852 92.66733
Classification-KNN-Coarse 8.77615 92.80643
Regression Interactions Linear 8.3724 93.13738
Regression-Tree-Medium 7.9729 93.46484
Fine Gaussian SVM 8.1792 93.29574
Medium Gaussian SVM 7.9944 93.44721
Squared Exponential GPR 7.9417 93.49041
Ensemble Boosted Trees 7.9928 93.44852
Ensemble Bagged Trees 8.0257 93.42156

Fig. 2: The error variation of the test results spatially for the SEGPR model. From the left, the map obtained from the IDW
interpolation method and the SEGPR machine learning algorithm and spatial distribution of errors.
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B. Modeling Daily Surface Evaporations Using the X
Index in (1)

At this stage, all the steps taken for output of the PCA
technique are performed in the previous section for the
optimal bands obtained from the index X (introduced in
Section 2) method. The 11 machine learning methods
are applied for estimating surface evaporations of 40
stations in the studied area using 4 optimal bands
obtained by the index X. Table 4 shows test results of the
applied models in estimating surface evaporation data.

The minimum and maximum RMSE values are 8.0649
and 8.9417 for Artificial Neural Network and
Classification-Tree-Coarse methods, respectively.
Therefore, according to RMSE values in this study, the
neural network method is known as the best method
among other methods for modeling surface evaporation.

Figure 3 illustrates the error variation of validation
results spatially for the Artificial Neural Network model.
It is also clear from the results of this section that all
models generally offer the same precision.

Table 4: Test results of the applied models in estimating surface evaporation by using the x index

Machine Learning Algorithms RMSE (mm) 100 - Normalized RMSE (%)
Artificial Neural Network 8.064963 93.38937
Neuro-Fuzzy (ANFIS) 8.120741 93.34365
Classification-Tree-Coarse 8.941777 92.67067
Classification-KNN-Coarse 8.482914 93.04679
Regression Interactions Linear 8.64715 92.91217
Regression-Tree-Medium 8.0694 93.38574
Fine Gaussian SVM 8.208877 93.27141
Medium Gaussian SVM 8.189189 93.28755
Squared Exponential GPR 8.1486 93.32082
Ensemble Boosted Trees 8.270296 93.22107
Ensemble Bagged Trees 8.17696 93.29757

Generally, calculating Root Mean Squared Error
(RMSE) indicated that the use of PCA technique in
preparing and reducing the dimensions of large
databases has better results for all methods. On the
other hand, in the method of Optim index factor (OIF),
normalization is performed neither for remote sensing
data nor the surface evaporations, but in the PCA, the
normalization has been taken into account for only
remote sensing data, and surface evaporation values are
intact into modeling algorithms. Therefore, significant

changes are seen in the mean square error of the PCA
method compared to the OIF. Therefore, it is easy to see
the effect of normalization and the use of the PCA
method in preparing and reducing the size of large
databases in Table 3 and Table 4. Most models have very
close RMSE values, which proves that machine learning
decision making models are valid in modeling climatic
phenomena such as surface evaporation using remote
sensing data, and applying these decision models for
modeling and data mining is inevitable in the future.

Fig. 3: The error variation of the test results spatially for the ANN model. From the left, the map obtained from the IDW
interpolation method and the ANN machine learning algorithm and spatial distribution of errors.

In the method of OIF, the least error belongs to
Artificial Neural Network method and the maximum
error is related to Classification-Tree method. In the

opposite manner, using the PCA technique, SEGPR with
the least error and the Classification-Tree model still
with the highest RMSE have the highest and lowest
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ratings, respectively. Artificial Neural Network (ANN)
model has a good performance in both methods, and the
Classification-Tree model has the highest error in both
methods. Therefore, it is clear that by changing the
methods of database preparation in order to train the
models, the modeling results can be changed effectively.

Conclusion

With regard to the importance of changing the future
climate of the planet and the wide effects on the various
aspects of meteorological and hydrological issues,
extensive efforts have been made in order to extract
climatic data, more accurate and at the same time less
costly and without human and physical errors in the
future. On the other hand, the changes in climate
variables in regional scales are not explicitly identified,
they depend on a large number of local factors. Hence,
addressing the improvement and expansion of machine
learning methods and modeling algorithms using remote
sensing data is inevitable. One of the outputs of this
research is simulation models for data mining through

satellite imagery, which is shown in Fig. 4. This figure
shows an example of these products.

In this research, in order to study the appropriate
methods for modeling and data mining for the surface
evaporation, we employed the important methods of
the machine learning and the time series of remote
sensing and meteorological data and their integration, as
well as the impact of the use of the methods like PCA
and OIF which were used to prepare data due to training
the models.

According to the results obtained in the previous
section, the Artificial Neural Network model had
acceptable result in both methods and it was quite
evident that the impact of the methods of database
preparation could be impressively significant. Since the
discussion of data preparation in order to training
modeling algorithms has not yet been sufficiently
considered, and given the significant effect of this on the
results of the obtained models, it is suggested to pay
more attention to this issue in future studies.

Fig. 4: An example of this study’s products. Top, four optimized bands selected by using PCA technique, Down, Surface evaporation
map prepared from these optimal bands through the ANN algorithm.
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