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Abstract. In conventional methods of spatial data analysis, such as Krig-
ing, the dependency structure of data is estimated, modeled, and then used
for data prediction. In contrast, the Artificial Neural Network (ANN) ap-
proach, which is a data-driven approach, does not model the data dependency
structure. Therefore, an important question may arise here: Does ANN use,
indirectly, spatial dependency structure in data prediction? In this paper,
we want to answer this question through a simulation study. Different de-
pendent and independent spatial data sets are simulated under two spatial
structures, and the prediction accuracy of ANNs is compared for simulated
data. It is shown that neural network error for predicting dependent spa-
tial data is much less than that of independent spatial data. We conclude
that the network can indirectly learn spatial dependence between the obser-
vations. We also applied the ANN method to an experimentally obtained
data set and compared its prediction accuracy with Kriging as a common
geostatistical method. The results showed that the neural network can be
used as an alternative method for spatial data prediction.
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1 Introduction

The spatial prediction has already been investigated using methods such as
Kriging, inverse distance weighting, interpolating polynomials, splines, etc.,
and different studies have compared the accuracy of these methods (Li and
Heap, 2011; Zimmerman et al., 1999; Mojiri et al., 2018). Among these meth-
ods, Kriging, which directly accounts for the spatial dependency structure
through the Variogram model, would be an appropriate option and has been
widely applied for spatial data prediction (Cressie, 1993; Webster and Oliver,
2007; Gelfand et al., 2010; Carlin et al., 2014).

In recent years, artificial neural networks have broadly been used in En-
gineering, for pattern recognition and data classification, and in Sciences,
especially in Statistics, for regression, time series, and even spatial analysis
(Samarasinghe, 2016; Khashei-Siuki and Sarbazi, 2015). The neural net-
work has strong nonlinear mapping power and self-learning capability to
learn from data, even when its user does not have much information about
the data model. In conventional methods of spatial data analysis, such as
Kriging, the dependency structure of data is estimated, modeled, and then
used in data prediction, under some conditions such as stationarity. These
methods do not perform well without accurately modeling the spatial depen-
dency structure between data, which needs expert knowledge. In contrast,
the neural network approach is data-driven (not model-driven) and does not
model data dependency form; Still, it can recognize and reproduce the in-
ternal structure of data from observations. So, this spatial dependency can
affect data prediction accuracy using ANN. Unlike conventional methods,
the neural network does not require a specific model such as Variogram, or
conditions such as stationarity and isotropy.

Some existing studies have used a specific data set to compare between Krig-
ing and Neural networks to verify which method has better performance (Ma-
tias et al., 2004; Gumus and Sen, 2013). Hybrid models for ANNs, based on
the simultaneous use of ANN and geostatistical methods, are also expanded
to model nonlinear spatial processes (Kanevsky et al., 1996; Yeh et al., 2013;
Chung et al., 2012; Seo et al., 2015; Lin and Chen, 2004). However, these
studies have been based on a specific data set. This paper aims to investi-
gate, through a simulation study, the ability of artificial neural networks in
learning the dependency structure of spatial data by comparing the network
accuracy in predicting dependent and independent (or weakly dependent)
spatial data. A simulation study is an invaluable tool in statistical studies,
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especially in assessing and comparing competing methods. In a simulation
study, the data are generated by pseudo-random sampling from known prob-
ability distributions (Morris et al., 2019; Ripley, 1987).

We also assessed the performance of ANN on an experimental data set con-
tained the water quality of 122 wells based on electrical conductivity (EC)
at Mashhad plain (Iran). This data set was previously used to estimate the
electrical conductivity of groundwater with several nonlinear modeling tech-
niques using the longitude and latitude of sampling points (Khashei-Siuki
and Sarbazi, 2015).

This paper is organized as follows: Section 2 briefly describes the spatial
data and the spatial dependency structure. In Section 3, a brief overview
of the artificial neural network is presented. Section 4 describes the data
simulation steps and reports the simulation results. In section 5, the ANN
prediction accuracy was compared with Kriging based on a real data set.
Finally, some conclusions are drawn in the final section.

2 Dependency Structure of Spatial Data

A collection of random variables {Z(s);s € D C R%} is defined as a d-
dimensional random field (RF), in which the constituent random variables
are correlated (Hristopulos, 2020; Diggle and Ribeiro, 2007). The observa-
tions of these random variables, called spatial data, represent a realization
of the random field, and this is the basic foundation on which the statisti-
cal inferences are built for a spatially distributed variable (Zimmerman and
Zimmerman, 1991). These observations include information about spatial
coordinates (usually longitude and latitude), along with the value of the un-
derlying variable. Usually, these observations are auto-correlated, in contrast
with the most conventional data in classical statistics.

The spatial statistics and its sub-branch geostatistics, attempt to estab-
lish a relationship between various values of the spatially distributed variable
and their distances and directions. For simplicity, it is usually supposed that
the correlation of spatial data is a function of observations distances. The de-
pendence structure of spatial data, under stationary condition, is estimated
and modeled using Variogram or Covariogram. They measure the strength
of correlation as a function of data distance. Suppose that Z(s1) and Z(s2)
are random variables in two locations s; and ss, respectively. Variogram and
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Covariogram represent, respectively the degree of dissimilarity and similar-
ity of the variability for these two variables. They quantify the assumption
that things nearby tend to be more similar than things that are farther apart.

The Variogram has a considerable advantage over the Covariogram be-
cause its estimation does not require knowledge of the expectation of the
random field (Hristopulos, 2020). In practice, the Variogram is unknown and
should be estimated using spatial data Z(s1),..., Z(s,). According to Math-
eron (1963), the Variogram can be estimated by 24, = ﬁ o, (2(si) — z(sj))Q,
in which Ny, is the set of all observations pairs within a lag distance h, | Nj, |
represents the number of distinct pairs in NV}, and z(s;) is data value at spa-
tial location s;. After estimating the Variogram, a valid parametric model

should be fitted to it, such as Exponential v(h) = ¢y + ¢1 (1 - exp(%))
or Spherical model:

slpl 1 (1nl)? 0 < |h] <
. com(h Q(T)) Ikl < r

co + 1 ||| > 7

where h € R? is the distance vector between two spatial locations. The
parameters nugget effect (cp), partial sill (¢;) and range (r), should be esti-
mated using a method such as maximum likelihood, ordinary least squares,
generalized least squares, or weighted least squares.

In the analysis of spatial data, the random field and their observations
should satisfy conditions including stationarity, isotropy, and sometimes mul-
tivariable normality. These conditions simplify the estimation and modeling
of Variogram and Covariogram. However, in practice, it is unlikely to satisfy
these conditions. Also, checking these conditions require some expert knowl-
edge of spatial statistics. Nonetheless, ANNs do not require that the spatial
dependency has a specific structure and model. Also, ANNs can generalize
nonlinear spatial patterns for the prediction at non-sampled locations.

3 Artificial Neural Network

Artificial neural network (ANN) is inspired by the biological nervous system
to process information, initially proposed by McCulloch and Pitts (1943).
ANN is typically composed of highly interconnected processing elements
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Figure 1. schematic illustration of an artificial neuron

called neurons (processing units) working together to solve a problem (Fig.
1).

Mathematically, the output O of a neuron is computed as:

O:(p ijlj—l-b (1)
j=1

where m is the total incoming links, I’s are the inputs, w’s are the weights,
b is the bias, and ¢(.) is called the activation (or transfer) function. Weights
are network parameters, and determine the effect of each input on the out-
put within each neuron. Activation function, as an essential component of
neural networks, gets a linear combination of inputs and limits its ampli-
tude into a specified range. There are so many variations of this function
which should be chosen by the user according to the problem. The most

commonly used activation functions are the sigmoid ¢(z) = m7
exp (—z

the tangent-hyperbolic ¢(x) = tanh z and the linear function ¢(z) = =.

An ANN usually could consist of several layers of these artificial neurons
arranged in parallel, where the neurons in a layer have links from the neu-
rons at the previous layer. There are two different ANN structures, which
are Feed-Forward Neural Networks (FFNN) and Recurrent Neural Networks
(RNN). In FFNN, the information always moves forward in the network (no
loops), from the input layer, through the hidden layers, to the output layer.
But in an RNN, the links between the neurons may form cycles (the infor-
mation cycles through a loop). Multi-Layer perceptron (MLP) (Rosenblatt,
1958; Werbos, 1974) and Radial Basis Function (RBF) (Broomhead and
Lowe, 1988; Poggio and Girosi, 1989) are the most commonly used FFNNs.
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Input layer Hidden layer Output layer

Figure 2. schematic illustration of MLP network with p inputs and one output

The process during which network parameters (weights) are estimated
are referred to as learning or training process. The neural network utilizes
an algorithm called learning algorithm to estimate the weights and biases
by minimizing the error between the predicted and the actual response. In
training process, experimental data (training data) is introduced to the neu-
ral network in order to establish a relationship between the input and output.

Although the other ANN models are capable of performing similar tasks,
this paper is however limited only to MLP. This network consists of many
processing units, organized in an input layer, an output layer, and several hid-
den layers. MLP is capable of solving different complicated problems using
a widely used learning algorithm known as the error back-propagation (BP)
algorithm (Rumelhart et al., 1986). Figure 2 shows an MLP network with
p inputs, one output, and one hidden layer of A neurons. Mathematically,
the MLP output is computed as y = ¢ (Z?Zl v (Zle wijT; + woj) + vo),
where = (x1,22,...,2,) and y represent inputs and output respectively,
and w and v present the network’s weights. ¥ and ¢ are activation functions
for neurons of hidden and output layers, respectively. vg and wg are the bias
terms where xg = +1.

The MLP is trained by providing a set of training data (X,Y’) of n
input-output pairs, i.e., X = (x1,...,x,) and Y = (y1,...,yn), where each
p-dimensional input vector &; = (xj1...,zyp), ¢ = 1,...,n is paired with
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corresponding desired output y;, ¢ = 1,...,n. The network produces an
output Y = (91,...,9n), which is then compared with the desired output
Y = (y1,...,Yn) to minimize an error/cost function. This minimization

task, which is done in an iterative manner, is referred to as supervised learn-
ing, in which for each input, the desired output (target value) is given to the
network, and the network is trained to determine the input-output relation-
ship.

The n-dimensional weight vector w of an MLP is optimized using delta
rule (Widrow and Hoff, 1960) as follow:

wt! = wt + Aw',

where Aw' is the weight update/change at t-th iteration and is calculated
as
Aw' = nlelxt,

where el is the error at ¢-th learning iteration corresponding to i-th training
input ! presented to MLP, and may be calculated as ¢! = (y;—9!), where ¢! is
the network output at t-th iteration for i-th training output. The parameter
n' stands for learning rate, which controls the magnitude of weight change
at t-th iteration and should be bounded in a small range (a small positive
value, often in the range between 0.0 and 1.0) to ensure the stability of the
algorithm. For a comprehensive overview of ANN techniques, computational
problems, and its statistical interpretations, refer to (Bishop, 1995, 2006;
Ripley, 2007; Ojha et al., 2017).

4 Simulation Study

As previously mentioned, ANN is a data-driven approach and does not di-
rectly estimate or model the form of spatial data dependency. To verify
the network’s ability in utilizing spatial dependency of data, its prediction
accuracy was evaluated using simulated spatial data sets, with a total of 72
different scenarios (different auto-correlation structures and different sample
sizes), and with 200 iterations for each scenario. In other words, the network
prediction accuracy was compared for several independent (or weakly de-
pendent) and dependent simulated spatial data sets. The network structure
used in this study was MLP, and the computations were performed by the
nnet package in R software.
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4.1 Simulation of spatial data

To diversify the simulated data as well as the results, different scenarios
were considered. Spatial data sets were simulated from two different spatial
models: Gaussian random field (GRF') with a specific Variogram model, and
first-order spatial autoregressive (SAR) model.

For the dependency structure of GRF model, an Exponential Variogram

model i.e., y(h) = cg + c1 (1 — exp(—3h/r)), was used with fixed Nugget ef-
fect (co = 0), fixed partial sill value (¢; = 4) and three values for the effective
range parameter (r = 0.01, » = 5 and r = 10). Simulation of these spatial
data was performed using the grf function of R’s geoR package. The reason
for using three different values for the effective range parameter was to ex-
amine the effect of the spatial dependency of data on reducing the prediction
error.
For the second model (SAR), the data were generated from a first-order spa-
tial autoregressive model, i.e., Z = (I — pW)~ e, where € ~ N, (0,02%I), in a
regular grid space (Mojiri et al., 2018). In this model, W is a weight matrix
that determines the spatial dependency between spatial observations. Also,
p is the spatial autocorrelation parameter, where three values (p =0, p = 0.4
and 0.9) were considered in the simulation of spatial data.

For each of the GRF and SAR models, two cases were considered.

1) Spatial data set with constant mean (without trend). To simulate these
data, the mean value was fixed at 100.

2) Spatial data set with non-constant mean (with trend). The trend was
considered based on the following equation:

p(z,y) = 100+0.042—0.03y—0.0722+0.061>+0.06zy+2 sin(x) —3 cos(y)

where coordinates x and y indicate the geographic location of the ob-
servations, generated on a regular grid of [0,10] x [0, 10]. The reason
for using such an almost complicated trend was to show that MLP
can learn and model the nonlinear and complex relationships between
inputs and outputs.

To determine the effect of sample size on prediction accuracy, six different
sample sizes of 64, 144, 196, 289, 400 and 625 were considered for each of the
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above-mentioned configurations. data included spatial coordinates x and y
and the value z(s;), where s; = (z;,y;). The different 72 simulation scenarios
can be seen in table 1 and 2.

4.2 the results of the simulation study

In this section, a summary of network performance results in predicting
spatial data is separately reported for two previously mentioned models.
The MLP network structure for all scenarios contained two inputs (x and
y coordinates), an output (z), and one hidden layer. The optimal network
structure (i.e., the number of hidden neurons and weight decay) was se-
lected automatically from a range of values (0.001, 0.01, and 0.1 for weight
decay and 3 to 30 for the number of hidden neurons), determined by a
cross-validation algorithm written in R software. For simulated data from
GRF, network performance was evaluated using the root mean square error
criterion RMSE = \/ LS (2(s1) — %(si))?, which is a frequently used mea-
sure of the differences between predicted and observed values. However, for
simulated data based on SAR, as the value of the dependency parameter p
increases, the variance of the data also increases. Therefore, to eliminate the
effect of variance and compare the results, the normalized root mean square
error i.e., NRMSE = RMSE/s, was used instead of the RMSE criterion.
For both criteria, the leave-one-out cross-validation technique (LOOCV) was
used to estimate Z values. In this technique, an observation is removed, and
the network is trained using the remaining data. This trained network is
then used to predict the value of the deleted observation. This process is
repeated for each of the n observations, and finally, the RMSE or NRMSE
is computed.

A: Results for GRF

The RMSE values for the GRF model is shown in figure 3 for a sample
of size n = 144. This figure represents the RMSE values obtained from 200
simulation repetitions. The solid (red) points are related to the independent
spatial data, and the triangular (blue) and hollow circular (black) points are
respectively related to data with » = 5 (low dependency) and r = 10 (high
dependency). According to the figure, in all repetitions, the network predic-
tion error obtained for the dependent spatial data is strictly less than that of
the independent spatial data. Also, the amount of error fluctuations is lower
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Figure 3. RMSE values for prediction of spatial data in GRF model

for dependent spatial data. The range of error variations is approximately
2, 1.11 and, 0.73, respectively for » = 0.01, r =5 and r = 10.

Table 1 shows the general results of network performance for simulated
data from GRF with the accuracy of three decimal places. The values in the
table are the average RMSE values in 200 repetitions of the simulation. The
mean values for the RMSE with their standard deviations are also presented
in figure 4.

According to figure 4, the mean prediction error is reduced by increasing

Table 1. Average RMSE computed from 200 simulated data sets (GRF model)

Sample sizes Constant mean Non-constant mean

r=0.01 r=> r=10 r=0.01 r=5 r=10
64 2.716  1.246 0.815 2.661 1.413  1.060
144 2.297  0.960 0.651 2.257  1.076 0.794
196 2.213  0.915 0.620 2.188  1.025 0.747
289 2.122  0.859 0.585 2.133  0.979 0.721
400 2.092 0.831 0.564 2.108  0.959 0.706
625 2.046  0.808 0.548 2.091 0.942 0.695
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Figure 4. RMSE values for prediction of spatial data in GRF model (left: constant mean,
right:Non-constant mean)

the data dependency (due to the increase in the range parameter). Also,
increasing sample size led to a reduction of prediction error and similarly
reduction of error variation. The reduction of network prediction error for
dependent spatial data with constant mean indicated that neural network is
able to make use of spatial dependency in prediction.

B: results for SAR model

Table 2 shows the mean values of NRMSE across 200 simulations for
simulated data from the SAR model. As the results show, for the SAR model,
the network prediction error for dependent spatial data is less than that of
the independent case. However, error reduction for dependent data with the
dependency parameter p = 0.4 is very small in constant mean data. Also,
for non-constant mean data, the prediction error increased by increasing the
sample size of dependent data. Therefore, unlike the GRF model, for data
simulated from the SAR model, it can not be stated that network accuracy
increases in spatial prediction by increasing the spatial dependency of the
data (due to increasing in the value of p). However, in the SAR model, the
prediction error of dependent spatial data is lower than that of independent
spatial data.

5 Experimental Example

The simulated data in the previous section were well behaved with Gaussian
residuals and a simple spatial dependency (simple Variogram). Real data
are rarely so well behaved. Therefore in this section, an experimental data
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Table 2. Average NRMSE computed for 200 simulated data sets (SAR model)

Sample sizes Constant mean Non-constant mean
p=0 p=04 p=09 p=0 p=04 p=09
64 1.196 1.189 0.846 0.407 0.324 0.316
144 1.083 1.052 0.712 0.375 0.294 0.292
196 1.058 1.022 0.692 0.370 0.290 0.289
289 1.038 1.007 0.697 0.365 0.292 0.294
400 1.028 1.003 0.719 0.364 0.296 0.308
625 1.017 0.998 0.740 0.364 0.297 0.324

Table 3. Schema of real data set
longitude Latitude EC (umos/cm)

i (:) (i) (Z(s4))

1 718151 4055410 663.0
2 705250 4041050 448.0
122 695706 4020725 298.0

set is used to verify the prediction accuracy of ANN. This data set contains
the Electrical Conductivity (EC) in the water of 122 wells at Mashhad plain.
EC is an important indicator for water quality assessment. Mashhad plain,
located in Northeast Khorasan Razavi Province, is extended between the lon-
gitudes of 58° 20 to 60° 8 and latitudes 35° 40 to 36° 3 of Iran. This data
set, collected by the Iranian Ministry of Energy (IMOE), was measured from
21 April to 21 May 2009 (Khashei-Siuki and Sarbazi, 2015). The existence of
the spatial autocorrelation in data was verified by the global Moran’s index,
producing a p-value of zero, indicating that the data are spatially dependent.
So, it is expected that the ANN can use this dependency to have more ac-
curate EC prediction.

Table 3 provides a preview of the data set, including the spatial location
si = (x4,y;) in UTM unit, along with the EC variable. The aim of this
section is to predict EC for all locations using the MLP network. EC values
and their locations are also shown in Fig. 5, where the circle size (diameter)
is proportional to EC values.

Five-fold cross-validation (CV) was used to evaluate the prediction ac-
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Figure 5. Circle plot for EC with centers at the spatial locations

curacy of the MLP network. The sampled data were randomly divided into
five folds (partition) with approximately equal number of points. For each
of five folds in the data set, MLP network was built and trained on the other
four folds of the data set. Then, the trained MLP was verified on the re-
maining fold. This form of cross-validation technique was used (instead of
leave-one-out), to investigate the capability of MLP in predicting over longer
spatial ranges. The summary statistics of the EC variable at each fold are
shown in table 4. We used Neural Designer software, version 4.2.0 for train-
ing the neural networks. For the MLP network structure, we considered an
input layer, an output layer, and a hidden layer, where the input layer had
two nodes according to longitude and latitude (geographical locations). The
Minkowski error was used as the loss function that is more insensitive to out-
liers than the standard mean squared error. For the optimization algorithm,
the Quasi-Newton method was selected with a maximum of 1000 iterations.
The optimal topology of the network (optimum number of hidden nodes)
was obtained automatically by the incremental order algorithm of Neural
Designer software.

In addition, the prediction results of the Ordinary Kriging (OK), as a
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Table 4. Performance indexes and descriptive statistics of predicted values

Folds  Method performance indexes summary statistics
RMSE MAE Min. 1st Qu. Median Mean  3rd Qu. Max.
ANN 1116.57  736.95 42423 621.55 751.10 1156.8  1608.5 3952.2
Foldl OK 1060.23  666.41 417.9 561.14 962.66 1290.8  1401.3 4831.8
observed: 264 488.75 1193.5 1629.6  2245.0 4630.0
ANN 851.12 477.54 249.4 426.36 652.08 1169.6  2144.9 2859.0
Fold2 OK 905.02 579.96 393.25  587.02 1143.38  1386.7 2028.1 3656.9
observed: 282 423 686 1338.1  1844.7 4730.0
ANN 783.79 578.85 272.67  490.9 977.170  1480.6  2190.4 4815.2
Fold3 OK 742.51 539.2 301.8 581.76 1104.45 1577.0 2627.3 4469.5
observed: 169 511 898 1676.7  2315.0 5890.0
ANN 697.87 503.78 265.45 441.11 719.32 1108.1  1661.3 3507.2
Fold4 OK 799.62 550.71 258.56  479.67 1065.45 1316.1 1673.7 3763.1
observed: 284 502.25 844.9 1076.5 1518.3 3110.0
ANN 763.35 513.26 253.84 531.6 797.01 1136.1  1471.9 3949.5
Fold5 OK 514.77 318.66 308.27  499.31 926.54 1309.9 1416.3 4623.7
observed: 298 434 699 1220.8  1309.0 4650.0
ANN 855.74 562.48 249.4 503.5 741.40 1210.9 1810.7 4815.2
Total OK 826.59 532.77 258.6 530.9 1000.7 1376.7  1796.5 4831.8

observed:  169.0 458.5 799.0 1389.8  1822.0 5890.0

common geostatistical method, are also provided in order to be able to com-
pare the results. The OK implementation was done using the R’s geoR
package. The OK predictor estimates the value of the attribute using a lin-
ear combination of the observed values as Z(so) = .1, A\iZ(s;), where the
weights \; are determined by minimizing the prediction variance, subject to
> A =1 (Cressie, 1993).

The methods were evaluated using two performance indexes, root mean
square error (RMSE) and mean absolute error (MAE) given in table 4, and
also with box-and-whisker and scatter plots shown in figure 6. As table 4
shows, both indexes (RMSE and MAE) show that OK is generally more
precise than ANN, with the values of 826.59 and 532.77 respectively for
RMSE and MAE; But, the MLP method outperforms the OK method in
two folds (fold 2 and fold 4), and for the other folds, MLP results are not
significantly different from OK results. Also, by comparing the descriptive
statistics of predicted and observed values in table 4 and data distribution
in figure 6, it can be concluded that the MLP network was able to maintain
the data distribution.

The scatter plot of predicted versus observed values are presented in
figure 6 for OK and MLP methods. These plots describe how well the pre-
dicted values are close to the real values. The solid diagonal line indicates a

© 2019, SRTC Iran



A. Tavassoli, Y. Waghei, A.R. Nazemi 225

— O Observed
4.3 gﬁN @ Predicted (OK)
B Predicted (ANN)

4000

1

Predicted
1000 2000 3000 4000 5000 6000
1 L 1
o
Oo ° .5
«
°
. [e)
Os
©
.
o
o
O & [y >
EC
1000 2000 3000

0
1
0

oge
. . % o°
o".o". °e o
o . o
298 90 o, ° = L
. 0% o .0 . T =) |
Of ‘t O.. ==}
o |
A
L L LI T T L
0 1000 2000 3000 4000 5000 6000 111 222 333 444 555

Observed Folds

Figure 6. Observed versus predicted values of ANN and OK methods (left). The box plot
of observed and predicted values (right)

perfect fit. Both methods produced good predictions for low values of EC,
while for high values, the predicted values were somewhat overestimated or
underestimated.

6 Conclusions and Discussion

In this paper, the precision of ANN predictions was investigated on three
types of simulated spatial data: independent, weakly dependent, and highly
dependent spatial data. The results showed that the network prediction er-
ror value for dependent spatial data is less than that of independent spatial
data. This result was obtained regardless of whether the data had a trend
or not. Given that the only difference between simulated independent and
dependent spatial data was the presence or absence of spatial dependency
between observations, we conclude that artificial neural network indirectly
utilizes the spatial dependency in the prediction of spatial data, and data
dependency has increased the accuracy of ANN prediction (due to reduction
of prediction error).

The precision of ANN predictions was also investigated on experimental data
and was compared with Kriging as a common geostatistical technique. Ac-
cording to the results, the prediction errors of MLP network were close to OK,
with lower prediction error for 2 folds of 5 folds in a 5-fold cross-validation
technique.

From the results of the simulation and experimental study, it concluded that
the spatial prediction using artificial neural networks is a valuable technique
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that does not require the distinction between trend and covariance in the pre-
diction process and does not have the limitations of Kriging methods such as
the stationarity and isotropy assumptions. As a result, when the data does
not have conditions like stationarity and isotropy, the neural network can be
used as an alternative method for prediction.

It should be noted that in a particular problem, it is difficult to build an
optimal network because of the wide range of network structures and learning
algorithms. In this study, the optimal hyper-parameter of the MLP network
was determined through an automatic algorithm, considering a range of val-
ues for each parameter. The inappropriate choice of the network topology
can negatively affect the network performance on out-of-sample data. Also,
expert knowledge is essential to select and prepare input data and to validate
the results. The computing time required for network training is also too
long, especially for large sample sizes. These problems affect the ANN’s func-
tionality and restrict its application for spatial prediction. Finally, a further
simulation study is required to evaluate the prediction capability of ANN
and to compare its accuracy with that of Kriging under different conditions.
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