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Abstract

The purpose of this study is to develop a method for estimating semivariogram parameters using a
genetic algorithm (GA). GA is a numerical method that has been extensively applied, which is
applicable to estimate semivariogram parameters. In this study, we propose the incorporation of
additional parameter constraints into genetic algorithm. By introducing these constraints, we
developed a new constrained optimization procedure referred to as the modified-GA (m-GA). The
m-GA shows better performance than iterative least square (ILS). The application of spatial analysis
to groundwater level (GWL) in peatland areas is still limited, especially semivariogram analysis.
Thus, the m-GA is applied to GWL data containing 41 locations in Sumatera peatland and then
compared with ILS. In this study, the m-GA is regenerated 5,000 and 100,000 times. The study
shows that the spherical semivariogram model estimated using the m-GA provides the best
performance, because both the model and kriging have the lowest root mean square error (RMSE)
values, at 0.33910 and 0.85880, respectively. The combination of spherical semivariogram model
with the m-GA produces optimal and accurate semivariogram parameters to support kriging
interpolation on GWL peatland.

Keywords: Genetic Algorithm, Groundwater Level, Iterative Least Square, Jackknife Kriging,
Peatland, Semivariogram

I. INTRODUCTION

EATLAND is a land type created by the accumulation of organic material that consists of dead vegetation

that has been submerged in water for a long period. This condition inhibits the decomposition process by
microbe [[1], [2], [3], [4]]. Globally, peatland is distributed across more than 180 countries, including Indonesia
[5]. Indonesia hosts the largest tropical peatlands in Asia-Pasific [6]. Indonesia is the fourth country with the
largest peatland ecosystem in the world, after Canada, Russia, and United States of America, with an area of
24.668 million hectares [7].

Peatland has an important role in climate change mitigation due to its capability to store large amounts of
carbon [8]. Based on the latest data about the area and depth of peatland, it is estimated that 38 tropical peatlands
store 152 — 288 GtC or about half of total carbon stored in global peatlands [9]. Moreover, peatlands serve as
natural water reservoirs that maintain the stability of water flow during both rainy and dry seasons and support
the balance of hydrology and ecosystem [10]. One of the main factors influencing peatland drought is the decline
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in groundwater level (GWL). The GWL is affected by various factors, such as rainfall, tidal fluctuations,
drainage development, land conversion, and land clearing [11]. Therefore, proper management of GWL is
required to maintain peatland moisture and prevent further degradation.

Peatland GWL data are classified as spatial data because they consist of random variables associated with
specific location. Previous studies have extensively examined aspects of spatial variability and hydrology in
peatlands through various methods. Mukhaiyar et al. [12] applied Generalized Space-Time Autoregressive
(GSTAR) model where the spatial weight matrix was constructed using the Minimum Spanning Tree (MST)
approach and then using Kriging in predicting risk mapping of peatland GWL. Mukhaiyar et al. [13] also applied
GSTAR modelling with three-dimensional spatial weight matrix to predict the peatland GWL. Mukhaiyar et al.
[14] used ARIMA model to predict the groundwater level and Ordinary Kriging for estimating unobserved
locations. Situngkir et al. [15] applied the combination of logistic regression and Monte Carlo simulation for
mapping the risk of peatland fires. These studies provide a strong foundation for further research to understand
the spatial patterns of GWL in peatlands, which is important to support the sustainable management and
conservation of peatlands.

The estimation of semivariogram parameters is a crucial step in geostatistical analysis, particularly for
understanding the spatial variability in data such as peatland GWL. Ordinary Least Squares (OLS) is one of the
commonly used methods for estimating semivariogram parameters [[16], [17]], and other techniques, including
Iterative Least Squares (ILS), Weighted Least Squares (WLS), and Maximum Likelihood (ML), have also been
applied. With the advancement of computational techniques, metaheuristic approaches such as the Genetic
Algorithm (GA) have emerged as a promising alternative [[18], [19], [20]]. GA is capable of exploring the
solution space globally, reducing the risk of being trapped in local minima [21]. Inspired by the process of
natural evolution, GA incorporates key biological concepts such as selection, crossover, and mutation, making
it well-suited for optimizing complex functions like semivariogram parameter estimation.

In this study, we apply a genetic algorithm (GA) to estimate the parameters of a semivariogram. To ensure
that the algorithm produces solutions consistent with the characteristics of a theoretical semivariogram, certain
modifications to the standard GA are required. Accordingly, this study develops a modified genetic algorithm
(m-GA), in which specific constraints are imposed based on the boundaries of the theoretical semivariogram.
Subsequently, the performance of m-GA will be compared with ILS on peatland GWL data. Subsequently, the
performance of m-GA will be compared with ILS on peatland GWL data, and the resulting semivariograms
from both methods will be validated using Jackknife Kriging to assess their accuracy in predicting values at
unobserved locations.

II. LITERATURE REVIEW

Observed spatial data represent real-world observations acquired through field measurement. The
experimental semivariogram is the first step in modelling spatial data. Matheron proposed an experimental
semivariogram formula as variance of the difference between pairs of observations separated by distance h. The
distances of observations are grouped into several classes. There are three grouping methods according to [22],
such as Sturges’ rule, Freedman-Diaconis method, and Scott method. Sturges’ rule can be applied if the number
of distances h is normally distributed. This is due to the normal-reference rule of Sturges’ rule [23]. Therefore,
there are other methods for skewed data, such as the Freedman-Diaconis method (based on the interquartile
range) and the Scott method (based on the standard deviation).

An experimental semivariogram will be fitted to the theoretical semivariogram by estimating its parameters,
such as nugget effect, partial sill, and range. The development of semivariogram parameter estimation has been
extensively carried out using various methods. Sari et al. [16] applied the resampling method (bootstrap) for
estimating the semivariogram model. Sari et al. [24] applied nonparametric Epanechnikov kernel, which
performs better SSE than the ILS for estimating semivariogram parameters. Yu et al. [25] used deep learning
to optimize the alignment between experimental and theoretical variogram functions. There are also numerical
methods for estimating semivariogram parameters, such as GA. Applying GA to estimate semivariogram
parameters has been conducted by [26]. Boroh et al. [26] integrated a genetic algorithm with machine learning
to optimize variogram parameters by minimizing root mean square error (RMSE) and maximizing coefficients
of determination (R2). In addition, Sequential Gaussian Simulations (SGS) were applied for predictive
mapping. Li et al. [27] used GA to optimize the objective function that consists of experimental variogram fit
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and interpolation accuracy. Moreover, constraints were applied into the weight of both fitting and interpolating
components in objective functions.

In this study, we propose an m-GA, which adds some constraints based on the properties of theoretical
semivariogram parameters. This method is a further development of the approach proposed by [28]. Kuswanda
[28] determined that the nugget effect and partial sill are constrained to be less than the maximum experimental
semivariogram, and the range is constrained to be less than the maximum lag distance. Moreover, the GA is
compared with Gauss-Newton method for estimating the semivariogram parameters. The model validation is
used through a resampling method, such as Jackknife and will be combined with Ordinary Kriging, named
Jackknife Kriging [22].

III. RESEARCH METHOD

This section contains the methodology used in this study. There are several methods such as calculating
experimental semivariogram, fitting theoretical semivariogram, GA representation in semivariogram
modelling, and ILS. The validation of the model uses jackknife kriging.

A. Semivariogram

Semivariogram is a statistic that is used to figure out and model the spatial relationship between spatial data
points [22]. The experimental semivariogram is the result of calculations obtained from field observations.
Experimental semivariogram is formulated by Matheron (1965) as in (1).

N(h)

1
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with 7(h) is the experimental semivariogram at lag-h, N (h) is the number of location pairs, and Z(s;) is the
observed value at location s;.

Since the number of location pairs can be large, classification of location pairs is needed using Sturges’ rule.
Sturges’ rule (1926) is defined as (2).

hmax - hmin (2)
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with N (h) assumed to be normally distributed.

The experimental semivariogram will be fitted to the theoretical semivariogram by estimating its parameters.
Theoretical semivariogram has three parameters, such as nugget effect (C,), partial sill (C), and range (a). [22]
explains that nugget effect represents the measurement error of the semivariogram measured at zero lag
distance, range is the lag distance at which there is no spatial correlation between locations, and sill (C, + C)
is the threshold value which there is no spatial correlation between locations. There are three theoretical
semivariograms that will be used in this study, such as exponential, Gauss, and spherical.
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The conditions that must be satisfied by semivariogram parameters are defined as (3). These conditions will
be constraints in this study, which represents a novelty in the parameter estimation process.

1
0<C+C< Var(Z(s)),a < Ehmax’ andCy < C 3)

B. Genetic Algorithm
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Genetic algorithm (GA) is an optimization algorithm that is inspired by natural selection, known as evolution
[21]. Evolution through various processes, including selection, crossover, and mutation on individual [[20],
[29]]. In GA, the individuals that serve as candidate solutions are called chromosomes. These chromosomes
consist of genes that represent the variables to be optimized. Chromosomes will go through evolution until the
best chromosome is obtained. The best chromosome is chosen based on fitness value, which is a value in GA
to evaluate how well a gene solves the problem [20].

GA is applied to estimate the parameters of theoretical semivariogram model. Nugget effect (Cy), partial sill
(C), and range (a) serve as gen, thus all chromosomes have a pair of (C,, €, @). Fitness value consists of sum

square error (SSE) that formulated as (4).
2
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The m-GA is implemented in this study by adding several constraints to the theoretical model defined in
equation (3), in order to ensure that the estimated parameters remain consistent with the theoretical properties
of a semivariogram. Without such constraints, GA may explore parameter values outside the theoretically valid
solution space, potentially producing results that are not geostatistically meaningful. These constraints are
applied throughout all stages of the GA evolution process, including initialization, crossover, and mutation.

During initialization, the estimates Cyand € are sampled from the interval [0,Var(Z(s))], while @ is sampled

from [Oéhmax]. The selection process chooses the two individuals with the highest fitness values as parents

for the crossover stage. Subsequently, each child undergoes mutation, where any mutated parameter is also
restricted to remain within its corresponding interval.

| Start }—b Initialize population ——F—> E.Yal.mfte ﬂm?“ s ?Mh
individuals in population

|

Is the termination criterion satisfied?
(maximum number of regeneration —No—>» Selection
or tolerance threshold reached) l

Crossover

Yes

' Return best solution / D
| End | Form new population

Fig. 1. Flowchart of Modified Genetic Algorithm (m-GA)

The evolutionary process is repeated for 5,000 and 100,000 regenerations according to the regeneration
schemes. As a convergence criterion, the GA terminates when the maximum number of regenerations is reached
or earlier if the improvement in fitness between generations falls below the tolerance threshold of 0.00001.
Through this mechanism, all generated parameters remain theoretically valid while the GA maintains its ability
to explore the solution space globally. The flowchart of m-GA is presented in Fig. 1, while the evolution scheme
of the m-GA for estimating theoretical semivariogram parameters is illustrated in Fig. 2.

C. Iterative Least Square
Least square is a method that minimizes SSE. Least square is modified in occur to estimate semivariogram
parameters, because there is no analytical solution for range (a). Therefore, the range will be estimated
iteratively, so that least square is modified into ILS. The procedure of ILS is as follows [22]:
1. Take the value of a € [Apin, Amax]- Some literature stated that a € [Ayin, Amax]- Partition the value of
as small as possible to determine a accurately.
2. Calculate €, and € which formulated in [24] for every a, then pairs of (éo, C, &) will be obtained.

3. Select a pair of (C’O, C, d) that give minimum SSE.
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Fig. 2. Tllustration of Modified Genetic Algorithm (m-GA) for Estimating Semivariogram Parameters

D. Jackknife Kriging
Jackknife is resampling method purposing to calculate bias and variance from an estimation without any

strict assumption [30]. The idea of this method is removing each data sequentially from the dataset, then
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estimate the data that has been removed with the model [31]. Jackknife method will be combined with Ordinary

Kriging to evaluate semivariogram models. [[22], [31]] shows the procedure of Jackknife Kriging as follows:
1. Remove the data at the i-th location, which i = 1,2,3, ..., n.

Estimate the parameter of semivariogram model with remaining data.

Estimate Z(s;) at the i-th location that has been removed with Ordinary Kriging.

Bl

Y 2 ~
Calculate e¢; = (Z (s))—2Z (si)) , which Z(s;) is an estimated data at the i-th location and Z(s;) is an

actual data at the i-th location.

Return the data at the i-th location that has been removed.
Repeat steps 1-5 for each location.

Calculate SSE of every semivariogram model.

Select semivariogram model that has minimum SSE.

0 3 N D

IV. RESULTS AND DISCUSSION

A. Data Exploration

Data in this research is groundwater level (GWL) data which is distributed in Sumatera. Data was collected
from website Pranata Informasi Restorasi Ekosistem Gambut (PRIMS) which was managed by Badan Restorasi
Gambut dan Mangrove (BRGM) [32]. GWL values are expressed in meters. The GWL data are located at
latitudes -3.02° to 2.12° and longitudes 100.492° to 105.232°. Table I shows statistical descriptions of the data.
Mean of GWL is -0.591 below the ground surface. The standard deviation is 0.849, which reflects a moderate
level of data variation. Minimum data is -4.3, indicating the presence of an area with very low GWL. Maximum
data is 0.688, showing that there is an area with GWL. Median of the data is -0.382, higher than the first quartile
(-0.602) and lower than the third quartile (-0.154), indicating that the distribution of the data is negatively
skewed. This is confirmed by the skewness (-2.503), indicating a highly left-skewed distribution. The kurtosis
of the data is 7.621, which shows that the distribution of the data is more leptokurtic than normal distribution.

TABLEI
STATISTIC DESCRIPTIONS OF GWL IN SUMATERA
Number Standard - . . .
of data Mean Deviation Minimum Q1 Median Q3 Maximum Skewness Kurtosis
41 -0.591 0.849 -4.300 -0.602 -0.382 -0.154 0.688 -2.503 7.621

Sumatera Outliers: 17.1%

-4 -3 -2 -1 0
Groundwater Level

Fig. 3. Boxplot of Groundwater Level in Sumatera

Boxplot of GWL data in Sumatera is presented in Fig. 3. supporting the interpretation from Table I. There
are some outliers detected accounting for 17.1%, especially in the lower range, indicating the presence of areas
with GWL much lower than the average. This implies that there are extreme local variations at some locations.

Fig. 4. shows the spatial distribution of GWL in Sumatera. Scatterplot on the left shows that nearly all
locations have low GWL (showed by red), concentrating in north area. While the higher one (showed by blue),
concentrates locally in southeast area. Contour map on the right gives a smooth directional pattern. The
directional pattern indicates a decreasing GWL gradient from southeast toward north and central areas,
suggesting a possible influence of topography and local hydrological conditions.

B. Semivariogram Modelling
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The first step of semivariogram modelling is calculating experimental semivariogram. Experimental
semivariogram strongly depends on the grouping of location pairs based on the distance between them. In this
study, the grouping of location pairs use Sturges’ rule as defined in (2). From the Sturges’ formula, it was found
that the number of classes is K = 11 and the length of classes is L = 0.63248. Experimental semivariogram is
calculated using the formula in (1). The results of the distance classification and experimental semivariogram
are presented in Table II.

Latitude
o

94 96 98 100 102

Longitude

104

101.5

102 102.5 103 103.5 104 104.5

-5 -a -3 -2 -1 0 1
Groundwater Level

RN NNNARNNARRNARRRER

-5 46-42-38-34 -3 -26-22-18-14 -1 06020206 1
Fig. 4. (left to right) Scatterplot and Contour Map of Groundwater Level in Sumatera.
Data source: PRIMS (https://prims.brgm.go.id/)

From the Table II, when the number of pairs observations (N (h)) decreases with increasing the lag distance
(h). Meanwhile, the experimental semivariogram (?(h)) varies at every lag distance. Moreover, experimental
semivariogram using Matheron’s method for GWL is shown as dot-dash line in Fig. 5. It shows that there is no
trend in experimental semivariogram. Experimental semivariogram reaches maximum at lag-9, indicating
strongly spatial relationships among all lags. Therefore, all of lag distance are included in semivariogram
modelling, because of strong spatial relationship at a large lag distance. The calculated experimental
semivariogram will be estimated to be theoretical semivariogram using ILS and GA.

TABLE II TABLE III
DISTANCE CLASSIFICATION AND EXPERIMENTAL OF GWL PARAMETER ESTIMATION AND SSE OF THEORETICAL
IN SUMATERA SEMIVARIOGRAM WITH ILS

Class Interval h N(h) 7(h) Model AParameterAEstimatiog SSE
(0.02309,0.65557] 0.33933 120 0.85533 Co c a
(0.65557,1.28806] 0.97181 185 0.66017 Exponential 0.63692 0.20354 1.42721 1.00258*
(1.28806,1.92054] 1.60430 139 0.66143 Gauss 0.68621 0.13511 2.66688  1.00947
(1.92054,2.55302] 2.23679 128 0.55771 Spherical 0.62756 0.15258 6.65786  1.96368
(2.55302,3.18551] 2.86927 91 0.85881 * showing the model with the best fit
(3.18551,3.81800] 3.50176 71 0.63260
(3.81800,4.45048] 4.13424 37 0.89825
(4.45048,5.08297] 4.76673 28 0.72217
(5.08297,5.71545] 5.39921 12 1.70059
(5.71545,6.34799] 6.03170 6 0.53614
(6.34799,6.98042] 6.66418 3 0.80190

ILS is applied to estimate the parameters of theoretical semivariogram, such as exponential, Gauss, and
spherical. The result of the theoretical semivariogram parameters is shown in Table III. The best model is
exponential model with smaller SSE than the other models. Besides experimental semivariogram, Fig. 5.
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presents theoretical semivariograms that have been fitted using ILS. Theoretical semivariograms are marked as

colored continuous lines.

1.75-
L]
1.50- i

1.25-

v(h)

1.00- ; -
0757 No———— 7 ‘
0.50-

Exponential: Cy=0.6369209 , C = 0.203538 , a = 1.427204
Model — Gauss: Co=0.6862073, C=0.135111, a=2.666875
Spherical: Co=0.627564 , C = 0.1525789 , a = 6.657857

Fig. 5. Experimental and Theoretical Semivariogram using ILS

Fig. 5. shows that spherical model position under exponential and Gauss model. This pattern indicates an
underestimated potential from spherical models in the occurrence of spatial relationships representation in this
observed area. The underestimation can be caused by the characteristics of spherical models which have longer
range, thus spatial relationships still exist at larger lag distances. Despite the value of SSE spherical model
(1.96368) is still competitive compared to exponential model (1.00258) and Gauss model (1.00947), the
underestimate indicates that spherical model does not ideally represent spatial relationship. Therefore,
exponential model with the smallest SSE is the perfect choice to represent spatial relationships of GWL in
Sumatera. Exponential model that has been estimated by ILS is formulated as (5).

h
]/exp(h) = 0.63692 + 0.20354 (1 — exp <— (m))) (5)

The other method that is used in this study is m-GA. The parameter estimation (CO, C, d) is formulated as
an optimization problem and GA is adopted to search for the optimal solution. GA requires a constraint or
interval value to obtain the estimation of semivariogram parameters. Table IV presents the interval of parameter
estimation in this study. The parameter constraints are proposed by [22], which are defined in Equation (3).

TABLE IV
INTERVAL VALUE OF ESTIMATION PARAMETER IN MODIFIED GENETIC ALGORITHM
Parameter Interval
Co (Nugget Effect) ]
¢ (Partial Sill) [0, Var(Z(s;))] = [0,0.850295]
1
a (Range) [O'Ehmaxl = [0,3.33209]

Subsequently, the population size and mutation rate are defined. In this study, mutation rate is considered
as a binomial distribution. Let X~Binomial(3, p) state the number of genes that mutate, thus the probability
of the child is calculated with binomial distribution. Fig. 6. shows the simulation of the probability of the mutate
genes to an individual with some scenario of mutation rate.

Based on Fig. 6, p = 0.5 shows the optimal balance with the mutation probability for X = 1 and X = 2 is
0.375, while the mutation probability for X = 0 and X = 3 is lower than the other one, that is 0.125. This
indicates a moderate distribution, with almost all genes mutated without affecting the stability of the solution.
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This is important to maintain a balance between exploration (introducing new variation) and exploitation
(preserving the best genes). Therefore, p = 0.5 is selected as the optimal value to ensure that the m-GA can
search for solutions effectively without losing stability or causing overly drastic changes in the population.

0.1 0.2 0.3
06
o _— l
- lm N -
00 ‘
04 05 06 Mutated Genes
7 06 Mo
% 04 . | K
- m_ .HE ] 2
o2 I
3
0.7 08 0.9
06
04
02
o — IR —. _
0 1 2 3 0 1 2 3 0 1 2 3

Number of Mutated Genes (X)
Fig. 6. Visualization of The Probability of Mutated Genes Based on Number of Mutated Genes

Thereafter, the population size is set at 10 individuals, which are randomly generated from the interval
values defined in Tabel IV. This approach provides enough initial population, which is important to ensure
wider solution exploration in the initial step of optimization. Fitness value is calculated based on SSE, which is
formulated in (4). Fitness value is used to evaluate the quality of each individual in population. An individual
with smaller SSE value is considered to have a good fitness value.

The search for solutions is performed randomly through selection, crossover, and mutation process, with a
stopping criterion based on regeneration number. In this study, there are two regeneration schemes, such as 20
iterations with 5,000 regenerations per iteration and one iteration with 100,000 regenerations. The best result
of these schemes is presented in Table V.

TABLE V
THE BEST SOLUTION OF MODIFIED GENETIC ALGORITHM WITH SOME REGENERATION SCHEMES

Number of - PS ~ Fitness

Model Regeneration Co ¢ a Value
Exponential 100,000 0.60022 1.276x 1075 3.33203  0.78881
5000 0.66046 2.228x10~* 3.32937  0.79000
Gauss 100,000 0.66000 4.869x 107°¢ 3.33175 0.78876*
5000 0.66036 1.892x10°°® 3.33022 0.78980
Spherical 100,000 0.66003 1.203x 1075 3.33194 0.78883

5000 0.66059 3.602x10™* 3.33017 0.79060
* showing the model with the best fit

Gauss model with 100.000 regenerations, showing the lowest fitness value than the other models. This
indicates that the greater the number of regenerations, the better the fitness value. Beside of it, there is no
significant difference between the fitness value of 100.000 regenerations and 5.000 regenerations with 20
iterations. For optimizing computation, 5.000 regenerations with 20 iterations are enough to estimate the
parameters. Moreover, the optimal result does not depend on number of regenerations, but also frequency of
estimating and the efficiency of model structure. Based on Tabel V, Gauss model is expressed as (6).

h, 2
— -6 _ e
y(h) = 0.66000 + 4.869 x 10 (1 exp( (3.33175> )) (6)
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C. Model Validation with Jackknife Kriging

The main idea of semivariogram modelling is supporting estimation process of observations through Kriging
method. Thus, the advantage of semivariogram model is determined not only by its fit to the experimental
semivariogram but also by its accuracy in interpolating unobserved values. The validation model process is
through Jackknife Kriging. Jackknife Kriging is designed to evaluate model performance based on its prediction
ability to estimate the observed value.

TABLE VI
PARAMETER AND RMSE COMPARISON BASED ON ESTIMATION METHOD
Estimation RMSE
Model Method T T a Model o
E tal ILS 0.63692 0.20354 142721 0301900  1.42840
Xponential - GA  0.66046 2228 x10~* 332937 033923  0.85883@
G ILS 0.68621 0.13511 2.66688 0.30278@  1.08846
auss m-GA  0.66036  1.892x 1076  3.33022 033934 0.85886®
) ILS 0.62756 0.15258 196368 0.30970®  2.23363
Spherical 4
m-GA 0.66059 3.602 x 10 3.33017  0.33910 0.85880@

Table VI presents a comparison between ILS and m-GA for estimating semivariogram parameters in each
theoretical model. The table reports both the RMSE Model, which measures the goodness of fit to the theoretical
semivariogram, and the RMSE Kriging, which evaluates spatial prediction accuracy. The results clearly show
that ILS achieves the lowest RMSE Model across all models—for example, the exponential model under ILS
yields the best fit with an RMSE Model of 0.30190. In contrast, m-GA consistently produces lower RMSE
Kriging values than ILS for every semivariogram model, indicating superior prediction performance. The
spherical model optimized by m-GA provides the best predictive accuracy, with an RMSE Kriging of 0.85880.

The results show that the focus on only RMSE model is not enough to evaluate the overall performance of
semivariogram parameters. Note that the RMSE model of ILS and m-GA is not significantly different, but the
difference in their RMSE Kriging is quite significant. Thus, the main advantage of m-GA is the ability to
optimize parameters in supporting spatial predictions more accurately, even though it produces a slightly higher
RMSE model. The combination of spherical models with m-GA proves that providing best balance between
RMSE model and RMSE Kriging, which is the most effective approach in this study.
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Fig.7. Interpolation of GWL using Jackknife Kriging with m-GA Spherical Model

Contour map that is shown in Fig. 7 illustrates the result of GWL interpolation using Ordinary Kriging from
spherical model that is estimated by m-GA. The light blue presents a dry area, but still in the good condition.
The observation locations are marked with plus symbol (4). This map is important for policy-making in
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planning to restore the dry area and protect the wet area to keep the stability of peat ecosystem. The accuracy
of m-GA algorithms makes an effective approach to supporting management and the sustainability of peatland
conservation.

V. CONCLUSION

This study compares the performance of m-GA and ILS for estimating semivariogram parameters of
peatland GWL in Sumatera. The results show that m-GA consistently produces lower RMSE Kriging than ILS.
Spherical model that is estimated with m-GA presents the best results with RMSE model is about 0.33910 and
RMSE Kriging is about 0.85880. Validation using Jackknife Kriging supports the discovery of m-GA to obtain
an optimal semivariogram parameter. This approach supports the spatial interpretation more accurately than
ILS method. The m-GA methods can be applied to other datasets, although several limitations remain. The
algorithm requires higher computational time as the dataset becomes larger, and its performance may still
depend on the choice of the theoretical semivariogram model.
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