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Abstract

Different interpolation methods, each with their own strengths and weaknesses, are used to temporal and
spatial estimation of precipitation. The accuracy of this estimate depends on the density of point data
measured at rain gauge stations. In this study, the effects of the rain gauge network density on the accuracy
of different interpolation methods were investigated in producing a monthly precipitation zoning map for
the Samian catchment in Ardabil, Iran. The effectiveness of Bayesian Kriging, Completely Regularized
Spline, Local Polynomial, Inverse Distance Weight, Ordinary Kriging, Ordinary Co-Kriging, Simple
Kriging, Simple Co-Kriging, Spline with Tension, Thin Plate Spline and Universal Kriging interpolation
methods was evaluated in two gauges density scenarios using evaluation criteria over 2011-2013. It was
found that Inverse distance weight and Bayesian kriging methods had the best performance for the first
scenario with high gauge density (16 Stations) and the second scenario with low gauge density (11
Stations), respectively. Moreover, analysis of variations in indicators across scenarios revealed that
reducing the rain gauge network density by 30% improved evaluation metrics in only 40% of cases.
Bayesian Kriging and Completely Regularized Splines were introduced as the preferred methods for
improving evaluation indices change, and Local polynomial and simple co-Kriging methods were selected
as the superior methods for improving evaluation indices quantity.

Introduction

Climate data play a significant role in
modeling of water resource systems. Despite
their importance, these data are not
continuously available, and their statistical
period may be incomplete or inconsistent
with the intended study period. On the other
hand, data measured at one gauging station
may not cover the entire study area
(Hoogenboom, 2000). Therefore, it is
necessary to use interpolation methods to
estimate the spatial distribution of climate
variables including rainfall (Legates and
McCabe Jr, 1999).

Spatial interpolation techniques are
divided into two models: geostatistical and

deterministic. In deterministic models, the
interpolated surface is created based on the
degree of similarity of the measured points
and is more affected by nearby points than
distant points. While geostatistical models
uses statistical properties (i.e.
Autocorrelation) of the measured points and
assumes that the data follows a stationary
stochastic process (Hadi and Tombul, 2018,
Yang et al., 2015). In the past years, various
interpolation methods have been employed
to interpolate rainfall data and determine the
best approach. Numerous studies have
shown that the appropriate interpolation
methods may vary from region to region
(Adhikary and Dash, 2017, da Silva et al.,
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2019, Kumari et al., 2017, Ly et al., 2011,
Plouffe et al., 2015, Xu et al., 2015). The
comparison between deterministic and
geostatistical  techniques is performed
among the studies. The results showed that
the geostatistical techniques provide better
rainfall ~ estimation than deterministic
techniques (Agnew and Palutikof, 2000,
Vicente-Serrano et al., 2003, Buytaert et al.,
2006). However, the results depend on the
sampling density (Dirks et al., 1998). Four
interpolation methods (Thiessen polygon,
Inverse distance weight, Thin plate, and
Kriging) were evaluated in Southwest
England at three gauge densities through the
leave-one-out cross-validation (LOOCV)
method (Otieno et al., 2014). The results
showed that the rain gauge density has an
effect on the accuracy of the interpolated
results. It was also found that the Inverse
Distance Weight and Kriging interpolation
methods were better than the Thiessen
polygon and Thin plate methods at all the
three gauge densities. Several studies have
examined the effect of rain gauge density on
the quality of zoning maps, including the
study by Gyasi-Agyei (2020) to determine
the optimal spacing between radar rain
gauges. Maier et al. (2020) evaluated the
effect of rain gauge density on rainfall-
runoff estimation in an urban area and
showed that reducing rain gauges by 50% in
the rainfall-runoff model increased the error
in runoff estimation by 25%. Similarly,
Hohmann et al. (2021) studied the effect of
rain gauge density on rainfall-runoff
modeling. They evaluated six heavy rainfall
events using two interpolation methods
(inverse weighting of distances and tuning),
and ultimately the distance between 2.5 and
4 km was considered appropriate for rain
gauge stations.

Jalili Pirani and Modarres (2020) used
deterministic and geostatistical algorithms
(Thiessen  Polygon, Inverse Distance
Weighting, Ordinary Kriging, and Universal
Kriging) to interpolate precipitation in the
Zayandeh Roud Dam Basin (Isfahan, Iran).
The results showed that Ordinary Kriging
and Universal Kriging algorithms performed
better in generating data when grid sizes of
27, 15 or 10 were used, while Thiessen
Polygon performed better at network size of
five gauges.

Gilewski (2021) studied two final
interpolation methods (inverse weighting
and first-order polynomials) and their
effects on rainfall-runoff model results, as
well as the effects of meshing and its clarity
on rainfall interpolation in mountainous
regions. The use of the first-order
polynomial method with a grid size of 750
m proved to be the most appropriate
interpolation method. Moreover, with the
Inverse Distance Weight method, the
selection of the inverse distance power has a
stronger effect than the selection of the grid
size(Gilewski, 2021).

Caloiero et al. (2021) wused spatial
interpolation techniques including Inverse
Distance Weighting, Ordinary Kriging,
External Drift Kriging, and Ordinary
Cokriging to compare different spatial
interpolation algorithms, both geostatistical
and deterministic, in generating monthly
rainfall maps in New Zealand. The results of
cross-validation showed that the kriging
method was better than Inverse Distance
Weighting in spatial interpolation of rainfall
data with geostatistical methods. According
to the results, Ordinary Cokriging was
identified as the best method for
interpolating rainfall distribution in New
Zealand for almost all months.

As an arid and semi-arid country, Iran
faces several challenges in  water
management (Saatsaz, 2020). Khalili et al.
(2016) used the Precipitation Concentration
Index (PCI), to examine precipitation in the
geographical area of Iran and found that
precipitation is mostly classified as irregular
or very irregular, particularly in winter
(Khalili et al., 2016). The study of temporal
and spatial changes of precipitation in Iran
also indicates considerable variability of
monthly precipitation. These changes occur
randomly within the country, suggesting
trend patterns in the north and west and
random and scattered patterns in the south
and east (Javari, 2017). There are three
regions in lran in terms of probability of
heavy and excess rainfall, including the
Caspian Sea region (north), the northwestern
and western regions, and the central,
eastern, and northeastern regions (Rousta et
al., 2017). An analysis of rainfall in Iran
conducted by Salehi et al. (2020) revealed
that precipitation declined sharply between
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1997 and 2016. According to recent studies,
precipitation has also been declining.
Ghorbani et al. (2021) investigated the
spatial variation of precipitation and
temperature in Ardabil province and found
that most precipitation occurs in the western
regions of the province and that temperature
varies more than precipitation(Ghorbani et
al., 2021). Reviewing the history of studies
shows that each of the interpolation methods
has advantages and disadvantages, and the
selection of a suitable method depends on
the type of data, the desired degree of
accuracy, the method of performing
calculations, and the climate of the study
area. So, it can be said that interpolation
methods are not preferred over others, but
the best method should be determined for
each specific area (Lam, 1983).

Since climate data play a critical role in
water resource planning. Moreover, these
data are not consistently available, or they
may have disappeared. These factors lead to
the use of various interpolation methods to
produce zonal maps for climate parameters.
On the other hand, due to the change in the

number of stations in the study area
(establishment of the rain gauge stations
grid), this study specifically investigates the
effect of different rain gauge density on the
performance of interpolation methods and
introducing preferred interpolation methods.

Materials and Methods
Study area

The study focuses on the basin
overlooking the Samian hydrometric station
in Ardabil province (Iran), which is part of
the Qarasoo catchment (37° 55'-39° 0" E
longitude and 47° 50'—48° 55’ N latitude).
The minimum and maximum altitudes
above sea level are 1290 and 4790 m,
respectively; and the total area is
approximately 40000 km? The data used in
this study were collected from 25 rain
gaging stations between 2011 and 2013. The
rainfall data were obtained from the archives
of the Regional Water Company of Ardabil.
Fig. (1) illustrates the location of the study
area and the precipitation gaging stations
distribution.
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Fig. 1- Location and distribution of rain gauge stations in the study area

Methods of interpolation



Kanooni and Faraji Amogein247 (4) 2025

108
DOI: 10.22055/jise.2025.48259.2140

As a highly variable spatiotemporal
phenomenon, rainfall is often analyzed
using monthly data to map precipitation
zones in hydrological modeling frameworks.
According to the spatial data measured at
certain points, interpolation methods are
used to estimate the climatic parameters in
unmeasured points (Lam, 1983). In this
study, different interpolation methods were
used to construct the precipitation zone map
and select the most suitable interpolation
method. The following are the different
interpolation methods used in this study:

Inverse Distance Weight (IDW)

This method is based on the assumption
that the farther the distance to the point of
interest, the smaller the effect on the
estimate of the variable (Shepard, 1968).
When r(x,y) is the coordinate of any point,
the desired parameter estimation at the
desired point in the IDW method is
expressed by Eqg. (1):

F(r) = Xk=1 W@ f (o) @)

Where F(r) is the estimated parameter
value, N is the number of known and
effective points (the number of stations),
f(ry) is the actual value recorded in the
points, r.=(xy«) is the coordinate of the
effective point, and W(r,) is the weight of
the desired station obtained from Eq. (2):

_ dpg(M7P
W = 51 )

Where d(r) is the Euclidean distance
between two points and p is the weighting
power of the distance which varies between
0.25 to 100. This means that the higher the
value, the greater the effect of distance. By
contrast, the closer the distance, the greater
the role. Eg. (3) can also be used to calculate
d(r) (Mitas and Mitagova, 1988):

dp(r) = \/(x —x)% + (v — yi)? 3)

Local Polynomial (LPI)

Global polynomial interpolation fits a
polynomial for the entire surface. But in
local polynomial interpolation, several
definite polynomials are fitted within each
overlapped neighborhood. When the surface

has a different shape, a single global
polynomial cannot fit the surface well.
Multiple polynomials have the ability to
provide such surfaces with higher accuracy.
In the local polynomial method, a specified
order of polynomial (e.g., zeroth, first,
second, and third order) fits a surface for the
above neighborhood using only all points
within the defined neighborhood. The
neighborhoods overlap and the value used
for each prediction is the value of the fitted
polynomial at the center of the
neighborhood. Two factors are considered
key to enhancing the performance of the LPI
method, including equal spacing between
samples and uniform distribution of
samples. The LPI method includes
exponential, Gaussian, discontinuous, fixed,
fourth-order polynomial, and fifth-order
polynomial  functions  (Gribov  and
Krivoruchko, 2011).

Radial Basis Functions (RBF)

Radial basis function interpolation is a
method to interpolate functions or data using
the weighted sum of radial basis functions.
The Gaussian function is one of the most
widely used radial basis functions, which
has been shown to approximate a wide
range of functions. This method estimates a
function to fit a surface of all measured
points based on the change in the estimated
values as a function of the distance of the
measured points (Schaback, 2005).

Kriging Methods

Kriging is one of the geostatistical
methods that use the spatial variance of the
measured point values to estimate variable
values. It is assumed that the data are
spatially correlated and conform to a normal
distribution (Swan, 1998). There are several
types of kriging, which are described below.

Ordinary Kriging (OK)

In this method, the effects of the known
points for estimation are determined to have
an unbiased linear composition. Also, linear
estimators have minimum variance. This
estimator is defined as Eq. (4):

Zox(w) = X1 29K 7 (uy) (4
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Where Z {u) is the estimated value at u, /;
is the weight assigned to the variable at
point u;, Z(u;) is the value of the spatial
variable in sample i, and n(u) is the number
of observation points (Hutchinson, 1993).

Simple Kriging (SK)

Besides the assumptions of the Ordinary
Kriging method, this method of estimating
the wvalue of a variable has other
assumptions, including independence of
coordinates, no trend in the data, and
knowing the mean value of the variable
(m(u)). Eq. (5) can be used to estimate the
value of a parameter at a given point.

Zsx (@) = m(u) + X 2, (w)[Z (w) —
m(uy)] )

Where Z {u) is the value estimated at u, /;
is the weight attributed to the variable at
point u;, Z(u;) is the value of the spatial
variable in sample i, and n(u) is the number
of observation points (Swan, 1998).

Co-Kriging (CoK)

A correlated variable can serve as a
backup variable in kriging methods when
there is a correlation between the desired
variable and another variable. This feature
can also be used when there is not enough
data for a variable to provide more accurate
results. Eq. (6) is defined as the equation for
estimating the value of the relevant variable

Zeox @) = T L @Z(w) +
7w e (w) ©)
Where Z {u) is the value estimated at u, /;
is the weight assigned to the principal
variable at point u;, Z(u;) is the value of the
principal variable in sample i, w,°°¢ is the
weight of the auxiliary variable, e(u;) the
observed value of the auxiliary variable,
m(u) is the number of even points of the
auxiliary variable and n(u) is the number of
observation points (Isaaks and Srivastava,
1989).

Universal Kriging (UK)

Universal Kriging can be seen as a point
interpolation, which requires a point map as
input and which returns a raster map with

estimations and optionally an error map.

Matheron (1969) introduced universal
kriging as a special case of kriging that
models the process as a function of
coordinates. Universal Kriging is Kriging
with a local trend. The local trend or drift is
a continuous and slowly varying trend
surface on top of which the variation to be
interpolated is superimposed. The trends in
the data are first identified and deleted, then
estimates are made based on the remaining
data that do not trends, and finally the
deleted values are added to the estimated
values (Zimmerman et al., 1999).

Bayesian Kriging (BK)

Bayesian Kriging is the most different
method of Kriging. It uses a rotation method
and the parameter is estimated several times.
Since it does not respond to moving
averages, it has a wider range of changes
and can also detect sudden variations
(Mirzaei and Sakizadeh, 2016).

The comparison between Bayesian and
Ordinary Kriging methods

Bayesian Kriging and Ordinary Kriging
are both geostatistical methods used for
spatial interpolation, but they differ
primarily in how they handle uncertainty
and incorporate prior knowledge. Bayesian
Kriging incorporates prior distributions and
models the uncertainty associated with the
estimates, allowing for the integration of
prior knowledge about the spatial process.
Ordinary Kriging, on the other hand, does
not use prior distributions and relies solely
on observed data to make predictions.
Bayesian Kriging explicitly quantifies
uncertainty in the predictions through
posterior distributions, which provides a
more comprehensive understanding of
variability. Ordinary Kriging provides point
estimates and assumes that the uncertainty
can be addressed through the variogram,
often giving less insight into the overall
confidence of predictions. Bayesian Kriging
can be particularly effective in scenarios
with small datasets, where incorporating
prior information could enhance the
accuracy of predictions. Ordinary Kriging
typically performs well with larger datasets
where spatial autocorrelation is  well-
defined.
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Validation of the interpolation methods

To evaluate the accuracy of the different
interpolation methods, the mean bias error
(MBE), mean absolute error (MAE), mean
squared error (MSE), Willmott's D-index,
model efficiency (ME), and correlation
coefficient (R?) of the interpolated values
were calculated with the following
equations:

MBE = =54 [F(n) = £ ()] (7)
MAE = =532 F () = f (o)l (8)
MSE = -S4 [F() = f (o) )

 BA ROl
Sl L ro-ra)

ME =1 (10)

A [Fr-F@))

1 —_
S [Fri)=F@] S [f (ri)=F )
(11)

D=

R? =
2

_ BAFC-FOra0-F)
JErA [ e-T) [Sha T
(12)

1

Where f(r,) is the value observed at the
test points, re= (xYx) is the coordinate of
the points, F(ry) is the estimated value of the
test point, f(r) is the mean of the observed
values and N, is the number of test points.

All indices have different meanings and
complement each other to allow an accurate
evaluation of the different interpolation
methods. If MBE, MAE and MSE are closer
to zero, the better the model. To calculate
the error in the MBE index, it is necessary to
sample at the population level, not for a
single station. It is used as a supplement to
the MSE index, which is sensitive to large
errors. MAE index can also be calculated
using both estimated and observed averages
and is one of the most reliable evaluation
methods (Hernandez-Stefanoni and Ponce-
Hernandez, 2006, Krause et al., 2005). The
ME index is used to express possible biases.
Since it considers both positive and negative
values together, the value of this index is

constantly lower than the actual error(Li and
Heap, 2008).

Selection which measures to use for
regression problems depends on the data,
the model, and the objective. When the
conditional distribution of observations is
asymmetric, for an unbiased fit, the MSE is
minimized by the conditional mean, and the
MAE is minimized by the conditional
median. To put it in short, MAE is robust to
outliers, meaning that it is not affected by
extreme errors. It has the same unit as the
target variable, making it easy to compare .
However, it does not penalize large errors as
much as small errors, meaning that it might
not reflect the true accuracy of the model. In
general, MAE is a simple and intuitive
metric that is robust to outliers, but MSE is a
measure that reflects the true accuracy of the
model and is easy to optimize.

The validation and evaluation processes
are performed using Willmott's D-index.
This index does not consider outliers based
on criteria (observed values) (Willmott,
1982). To express the correlation between
the observed values and the predicted
values, the coefficient of determination (R?)
is usually used, which is a common
performance measure. However, it is not
recommended to be used as a measure of
model performance because it is insufficient
and often misleading. If ME, D and R* are
closer 1, the method is considered more
accurate (Vicente-Serrano et al., 2003).

The best interpolation method selection
process

The current rain gauging stations were
divided into two categories of control and
observation ones to evaluate the ability of
different interpolation methods in rainfall
zoning. Control stations were selected to
ensure a spread of stations across the region.
They accounted for about 30% (8 stations)
of the total stations. Then, the observation
stations were divided into two scenarios
based on the length of the available
statistical period. To investigate how the
reduction in the number of rainfall gauging
stations affects the appropriate interpolation
selection, 16 and 11 stations were
considered in the first and second scenarios,
respectively. The stations with a longer
statistical period were grouped in the second
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scenario. Selection of gauges was carefully
done to ensure that the catchment was still
reasonably covered by the rain gauge
stations. The resulting spatial distributions
of the gauges at the two densities scenarios
are shown in Fig. (2). The details of the
stations also were listed in Table (1).

Using a variety of interpolation methods
(11 methods), monthly zonal maps (for 36
months) were derived for each scenario (792

maps) and precipitation values were
estimated at control stations. For each
scenario, we calculated the evaluation
indicators of the interpolation methods for
different months. The interpolation method
was selected based on the difference
between the values of the corresponding
monthly indicators in the two scenarios, as
shown in Fig. (3).

48°QVO"E

38°20'0"N

38°0°0°N

First Scenario

48°40°0"E

Legend

¢ Control Station

9 Samiyan Basin

¢ Observation Station

38°20'0"N

38°0°0"N

48-_-qv0uE

48°40'0°E

Second Scenario

Fig. 2- The spatial spread of the stations in two densities scenarios in the study area.
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Table 1. Details of stations located in the study area

Station Geographical location Established Stations for scenarios
X Y year Control Scenariol Scenario Il

Sarein 243500 4223500 1992 x v x
Niaraqg 291958 4238139 1972 x v v
Hir 281366 4217779 1997 x x
Atashgah 242462 4233885 1973 x v v
Baghrabad 285791 4242187 2001 x 4 x
Saein 282482 4227591 2000 v x x
Hellabad 273494 4202106 1972 x v v
Tutunsiz 247288 4197072 1970 x v v
Goli 253386 4190838 2009 v x x
Abibagloo 286259 4240601 1999 x v x
Ardabil 262138 4234888 1971 x v v
Polealmas 254599 4226257 2000 x v x
Samian 259426 4250859 1972 x v v
Siahpoosh 255619 4195955 1995 v x x
Shamsabad 258868 4209127 2000 x v x
Kuzetopragi 269137 4225954 1972 x v v
Gilandeh 269763 4242813 1998 v x x
Lay 228700 4223071 1979 x v v
MollaAhmad 264071 4259331 1999 v x x
Namin 278893 4254806 1971 x v v
Nir 237000 4213500 1973 x v v
Neor 285943 4210069 1973 x v v
Yamchi Olia 240950 4214706 1998 v x x
Aladizga 289090 4240064 1997 v x x
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Fig. 3- The process of selecting the preferred interpolation method at two densities scenarios

In examining the change in evaluation
indicators in the two scenarios, two
approaches were considered based on the
characteristics of each evaluation indicator
(Fig. 3). In the first approach, the change of
the evaluation indicators (according to their
sign) was investigated, indicating that
changes in the two scenarios could either
improve or weaken the interpolation results.
Secondly, the quantitative values of the
index changes were examined, and the
method with the smallest change was
determined to be superior. In this context,
Egs. (13), (14), and (15) were used. Eq. (13)
was used to evaluate how to change the
error calculation indices (Egs. 7, 8, and 9),
while Eq. 14 was used to evaluate how to
change the performance calculation indices
(Egs. 10, 11 and 12).

Zm = |Aln| = |Bnl (13)

Zy = |Aqm — 11— |Bp — 1] (14)

Where A and B are the calculated values
of the corresponding evaluation index in the
first and second scenarios, respectively; n
represents the number of the month, which

can be a wvalue in the interval of
(Hoogenboom, 2000, Willmott, 1982), m
represents the interpolation method, and Z
represents the difference of the desired
index associated with the interpolation
method m in month n. When Z is less than
zero, the interpolation method is weaker,
with changing the first scenario to the
second one (fewer stations). Whereas, if Z
has a value of zero, changing the scenario
does not affect the evaluation indicators.
Furthermore, when Z has a value greater
than zero, reducing the number of stations
helps improve the evaluation indicators.

Eq. (15) was also used to determine the
guantitative change in evaluation indicators
between the two scenarios.

Qr = [1AT| — BRI (15)

Where Q represents the difference
between the corresponding evaluation index
in the first and second scenarios. Q is
always greater than or equal to zero. By
reducing the number of stations, an
appropriate interpolation method can be
selected that yields the least change in
results using Equation 15. The process of
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selecting an appropriate  interpolation
method for low density gauging stations (the
second scenario compared to the first one)
has been illustrated in Fig. (4).

Results and Discussion

Using the monthly precipitation values
during the statistical period in the first
scenario, the evaluation indicators were
calculated for all months. As shown in Table
(2), which summarizes the evaluation
indicators, it can be concluded that the IDW
method with lower values of model
accuracy measurement indices (MAE=10.76,
MBE=-7.0 & MSE=289.33) was generally
an appropriate method. Following this
method, the local polynomial with Gaussian
trend performed well in the monthly
evaluations. The MBE index is always less
than zero for all methods, which can be seen
from Eq. 7 that the interpolation methods

provide a lower estimate of the actual values
(Table 2). Investigating the efficiency of
interpolation methods based on the
coefficient of determination (R?) and the ME
indices showed that the IDW method is the
best method in interpolating the monthly
precipitation values, but there is no
agreement regarding the Willmott's D-index
(R*=0.61, ME=0.44). An example of a zone
map extracted in April 2011 using the two
preferred methods (IDW and local
polynomial) is shown in Fig. (5).

The MSE and MAE provide a measure of
interpolation precision, with lower values
indicating more precise methods, while the
ME measures the bias. The ME shows that
bias is very small (near zero) for Completely
Regularized Spline (0.12) method, whereas
IDW method (0.44) have considerably more
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Table 2- The average values of evaluation indicators in the first scenario

Evaluation criteria

Interpolation method

D ME MAE (mm) MBE (mm) MSE (mm) R’
Bayesian Kriging 0.67 040 12.47 -6.51 341.97 0.59
Completely Regularized Spline g7 0.12 14.70 -10.42 495.38 0.53
Local Polynomial 0.72 0.39 11.61 -7.64 319.18 0.59
IDW 0.74 0.44 10.76 -7.00 289.33 0.61
Ordinary Kriging 0.67 034 12.46 -7.94 387.76 0.59
Ordinary Co-Kriging 0.65 0.34 12.70 -9.18 386.38 0.57
Simple Kriging 0.62 0.39 12.33 -8.68 356.02 0.57
Simple Co-Kriging 0.60 0.35 13.00 -8.89 378.61 0.54
Spline with Tension 0.75 0.42 11.10 -7.63 305.94 0.61
Thin Plate Spline 0.76 0.37 11.95 -7.81 322.81 0.60
Universal Kriging 0.68 0.30 13.55 -7.61 487.05 0.60
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Fig. 2- Zoning of monthly precipitation (mm) by the selected method in the first scenario

As for the second scenario, with 11 rain
gauges, the Bayesian Kriging method
performed superior to others. Following
that, the Completely Regularized Spline,
Local Polynomial, Ordinary Co-Kriging,

and Spline with Tension methods were
ranked next. Table (3) shows the mean
values of the evaluation criteria of the
second scenario during the study period.
When comparing the MBE index with its
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negative values, it can be seen that the
estimates are often lower than the observed
value. Fig. (6) also shows the maps of
precipitation zones in April 2011 with
selected methods.

Using equations (13) and (14) and the
algorithm described in Fig. (3), we
calculated the differences in evaluation
indicators over the statistical period
(monthly) in different station densities
scenarios. The average difference between
the evaluation indicators in the two
scenarios (second scenario compared to the
first one) is shown in Table (4). There is
little difference between the evaluation
indicators in the scenarios (except for the
MSE index and one case of the D index).
Because changing in the R’ and MAE
indices are often negative, the interpolation
methods in the first scenario can be more
effective than the other one. In other words,

given that the change in the evaluation
indices has been negative, the values of the
indices in the first scenario have been better
than the second scenario. This means that
reducing the station density weakens the
efficiency of the interpolation methods.

By examining the monthly difference of
all indicators in the different scenarios, it
can be said that in 39.8 percent of cases,
better results were obtained by reducing the
number of stations (second scenario), while
in 0.6 percent of cases, there was no change
in the evaluation results. Additionally, in
59.6 percent of cases, reducing the number
of stations (second scenario) did not
improve the results. Both Bayesian Kriging
and Completely Regularized Spline methods
yielded the most desirable changes, which
can be confirmed by choosing the superior
method in the first and second scenarios.

Table 3- Mean values of evaluation indicators in the second scenario

Evaluation criteria

Interpolation method

D ME MAE(mm) MBE (mm) MSE (mm) R?
Bayesian Kriging 0.78 0.31 9.45 -4.30 226.36 0.71
Completely Regularized Spline 0.74 0.35 12.08 -7.43 322.06 0.59
Local Polynomial 0.74 0.36 12.21 -8.10 323.43 0.59
IDW 0.72 0.21 13.12 -9.05 381.73 0.57
Ordinary Kriging 0.68 0.38 12.50 -8.24 357.27 0.56
Ordinary Co-Kriging 0.66 0.39 12.88 -8.55 375.24 0.56
Simple Kriging 0.59 0.30 13.89 -10.83 456.13 0.55
Simple Co-Kriging 0.59 0.30 14.04 -10.84 458.77 0.55
Spline with Tension 0.70 0.34 12.26 -8.81 337.90 0.59
Thin Plate Spline 0.75 0.29 12.82 -8.27 346.03 0.59
Universal Kriging 0.68 0.36 12.67 -8.59 366.41 0.56
Second Scenario
I P <
< <P ﬁ
> /’ \/

Legend
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Fig. 3- Zoning of monthly precipitation (mm) by selected methods in the second scenario
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The HeatMap (Fig. 7&8) shows how the
evaluation indicators change monthly. In the
first months of the study period, the most
changes in the evaluation indices were
observed, which in most cases improved the
results. This means that the relevant
indicators have converged to their optimal
level. Then, at the end of the study period
(from the middle of 2012 onwards), the
changes of the indicators have decreased
which indicates the deterioration of the

evaluation indicators from the first scenario
to the second scenario. As shown in Fig (7)
and 8, the largest change in the error
evaluation indices was related to the MSE
index, indicating the most error increase
between the two scenarios. As for the
performance evaluation indicators, except
for a few cases related to the D-index, the
indicators have generally changed in favor
of better performance.

Table 4- Monthly average of changing in evaluation indices

Interpolation method

Evaluation index

D ME MAE (mm) MBE (mm) MSE (mm) R?
Bayesian Kriging 0.11 -0.10 3.01 2.53 115.61 0.12
Completely Regularized Spline  0.07 0.22 2.64 3.87 167.19 0.06
Local Polynomial 0.02 -0.03 -0.63 -0.53 -6.50 -0.01
IDW -0.02 -0.22 -2.37 -2.06 -92.40 -0.04
Ordinary Kriging 0.01 0.04 -0.05 0.40 30.49 -0.03
Ordinary Co-Kriging 0.01 0.05 -0.17 0.58 11.14 -0.02
Simple Kriging -0.03 -0.09 -1.56 -2.21 -100.11  -0.02
Simple Co-Kriging -0.01 -0.05 -1.04 -2.01 -80.16 0.01
Spline with Tension -0.04 -0.08 -1.17 -1.07 -31.97 -0.02
Thin Plate Spline -0.01 -0.08 -0.87 -0.47 -23.22 -0.01
Universal Kriging 0.00 0.06 0.88 1.11 120.64 -0.03
D

Bayesian Kriging

Gompletely RegalarizedSpline
Local Polynomial

IDW

Ordinary Kriging
Ordinary Co-Kriging
Simple Kriging
Simple Co-Kriging
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Fig. 4-. Temporal changes of how efficiency evaluation indicators change in the second scenario
compared to the first (z change)
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Fig. 8- Temporal changes of how error evaluatlon mdlcators change in the second scenario compared
to the first (z change)

Table 5- Monthly average of changing in quantity of evaluation indices

Evaluation index

Interpolation method

D ME MAE(mm) MBE (mm) MSE(mm) R®

Bayesian Kriging 0.15 0.11 2.54 2.83 107.09 0.06
Completely Regularized Spline  0.12 0.42 2.81 3.33 144.14 0.07
Local Polynomial 0.05 0.14 1.70 1.59 71.11 0.05
IDW 0.06 0.14 2.09 2.18 90.27 0.05
Ordinary Kriging 0.07 0.17 2.46 2.03 99.60 0.05
Ordinary Co-Kriging 0.08 0.13 2.13 1.85 83.83 0.06
Simple Kriging 0.07 0.14 2.02 1.98 105.27 0.07
Simple Co-Kriging 0.05 0.25 2.17 3.00 119.72 0.05
Spline with Tension 0.07 0.21 2.41 2.26 117.81 0.09
Thin Plate Spline 0.04 0.29 2.77 3.20 157.24 0.13
Universal Kriging 0.14 041 6.11 5.80 364.59 0.20
To examine the quantitative change in Polynomial and Simple Co-Kriging

evaluation indicators  under
scenarios, Eq.

different
15 and the algorithm

methods. This can be due to the slight

change in the evaluation criteria for

described in Fig. (3) were also used. Table
(5) displays the average monthly results of
this evaluation. Accordingly, with reducing
the number of rain gauge stations (the
second scenario compared to the first), the
smallest change in the indicators (regardless
of their sign) were related to the Local

interpolation methods (Table 5). The R? and
D indicators had the lowest and highest
quantity change values, respectively, among
the performance evaluation indicators. Also,
the highest and lowest quantity changes
among the error evaluation indicators are
allocated to the MAE and MSE indicators.
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Conclusion

Interpolation methods have different
application characteristics and the output
results of those methods affect hydrological
modeling. In this study, the effect of
different rain gauge densities on the
selection of an appropriate method for
interpolation and zoning of monthly
precipitation  was  investigated.  The
interpolation methods, including
deterministic and geostatistical methods,
were examined in two scenarios with
different indicators. The results showed that
in conditions with high rain gauge density,
deterministic methods performed better than
geostatistical methods in monthly rainfall
interpolation. While in low density
conditions, geostatistical methods showed
better performance. IDW, a deterministic
method, was found to be the best
interpolation methods if there is a high
density of rain gauge stations. In low density
rain gauge condition, the Bayesian Kriging,
a geostatistical method, is preferable for
interpolation purposes compared to other
methods. Two methods are preferred to
improve the change of evaluation indicators,
such as Bayesian Kriging and Completely
Regularized Spline. In addition, Local
Polynomial and Simple Co-Kriging methods
were chosen to improve the quantity of
evaluation indicators. They performed better
compared to the scenario with a smaller
number of rain gauge stations. Overall, the
Local Polynomial interpolation method can
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