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Abstract— Exploration is one of the activities of the mining process which aims to obtain information about
the geological conditions of a deposit that is below the surface of the land. Exploration activities have risks
and require a large cost. Therefore, a more accurate estimation method is needed in determining the value of
areas that are not sampled in exploration based on the surrounding data. In coal deposits, there are two main
output parameters which are coal thickness and quality. In this study, the coal quality parameters used are
calorific and sulfur values. In this study, we will compare the Kriging method with Inverse Distance
Weighting, in estimating coal thickness and quality. The aim is to find out the most accurate estimation of
coal thickness and quality between the Kriging and IDW methods based on the Root Mean Square Error
(RMSE) value. The method of testing the estimation results is cross validation. The choice of the variogram
model is based on the lowest RMSE value. The research method used is a quantitative method. Coal
exploration data in the form of bar data were analyzed with descriptive statistics with Minitab 17 software
and continued with geostatistical analysis using GS + software. From the results of the calculation of the two
estimation methods, it was found that the kriging method was more accurate than the IDW method based on
the lower RMSE Kriging value on the thickness data, calorific value and coal sulfur worth 1,622 m, 71,504
Kcal / Kg, and 0.140% compared to the IDW method RMSE on coal thickness, calorific value, and sulfur
data are 1,704 m, 74,731 Kcal / Kg, and 0.142%.
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1. Introduction

Exploration is one of the activities of the mining process that aims to obtain information about the geological
conditions of a deposit that is below the surface of the land. Exploration activities are highly risk and require
large cost. Therefore, a more accurate estimation method is needed in determining the value in areas that are
not sampled based on the surrounding data. In this study, kriging method will be compared with Inverse
Distance Weighting in estimating thickness and quality. Based on several previous studies comparing the
kriging and IDW method shows that the kriging method is more accurate than the IDW method. [1], [2], [3].

In coal deposits, there are two main output parameters which are coal thickness and quality. In this study, the
quality of coal to be estimated includes the value of calories and sulfur. In the actual situation in the field, the
distribution of coal parameters has a heterogeneous distribution. This is influenced by changes in geological
conditions during the coal deposition process.

Kriging is a geostatistical method that uses a basic device in the form of a variogram [4]. Variograms are used
to measure spatial correlations between observation points. The variogram model is a mathematical function
that has been matched to the experimental variogram. The model can be used to estimate values at points that
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are not sampled [5]. To provide a test method for the variogram model, cross validation is used. The choice
of the variogram model is based on the lowest RMSE value. One kriging technique that is commonly used is
ordinary kriging [6]. IDW method uses a number of data around it to predict the data sought. Each data has
an influence on the prediction results according to their weight. Data weight is determined by the distance to
the location sought.

As coal demand in the world increases, coal exploration and production activities must also increase. This
requires the importance of knowing the spatial distribution pattern of coal thickness and calorific value to
control the progress of the mine development plan so that it runs effectively and efficiently so that the
production process to coal sales will be more economical.

2. Literature Review

2.1. Basic Statistic

Statistics is a set of ways or rules relating to the collecting, processing, and concluding, on data in the form of
numbers by using certain assumptions [7]. Basic statistical analysis in geostatistics is used to find out that the
data to be calculated experimental variogram comes from normal data, because geostatistics assumes data to
be normal [8]. Statistical analysis used is descriptive statistical analysis.

Descriptive statistics are generally divided into 3 categories, which are location size, distribution size, and
shape size [9]. Statistics in the first group provide information about where the various parts of the distribution
are located. The mean, and median can provide some ideas where the distribution center is located. The second
group includes variance, and standard deviation. This is used to describe variability in data values. The shape
of the distribution is explained by the coefficient of skewness and the coefficient of variation [10].

In observing the normality of data, the coefficient of variance (CoV) and skewness can be used. If the CoV
value is less than 0.5 then the data are considered to be normally distributed [11]. Normal data distribution
has a skewness value of + 1 [12].

2.2. Geostatistics

Geostatistics is a statistical method used to see the relationship between variables measured at a certain point
with the same variables measured at a point with a certain distance from the first point of view (spatial data)
and is used to estimate data in an unknown value [13]. Geostatistics has a theory known as "Regionalized
Variables Theory" [14]. which contains:

a. Random data

b. Not independent data

c. Spatially adjacent data variations are smaller than spatially spaced data.

In its application, the geostatistical method can work optimally if the data is normally distributed and
stationary (the mean and variance do not change too significantly). Data can be considered to be stationary if
it does not have a tendency or the fluctuations in the data is close to the average value or the constant variance
with space [6].

Geostatistical estimates are divided into 2 stages, modeling of spatial variability within the study area, and
using this spatial model to provide appropriate estimation techniques. The first stage consists of the
construction and interpretation of a semi-variogram graph, and the second is the development of a suitable
kriging method [15].
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2.3. Variogram

Variogram is a tool used in geostatistics in the form of graphs to show spatial variations between the measured
data. According to the direction of data search, variograms are divided into two types which are
omnidirectional and directional variograms. The omnidirectional variogram searches for data pairs in all
directions horizontally, while the direction variogram requires a specific azimuth direction to search for the
data pairs. Omnidirectional variograms are used when deposits have isotropic continuity, which is equal in all
directions. By variogram, isotropic means having the same range for all directions of azimuth. Directional
variogram is used on sediments that have anisotropic continuity, which means they have a different continuity
distance for each azimuth.

The value of the experimental variogram for the separation distance from h (lag) is half of the average squared
difference in the value of Z between pairs of samples separated by distance [10].

)/(h) —_ VN (Zi—Z(i+h))2

e Q)
Information:
vy (h) = Variogram value at interval h
N = Number of data pairs.
Zi = Value at point i
Z(@{i+h) = Value of a point as far as h from the i-th point

Variogram is the foundation of many geostatistical applications. The experimental variogram and any models
that fit it must be accurate. Only then can the variogram model describe minimum error. Kriging requires a
variogram and by ensuring its accuracy which will result in a minimum error with kriging. If the variogram
represents a bad error, then kriging estimation tends to be bad as well [16]. There are many causes for bad
variograms, for example insufficient data, mismatched models, and poor installation.

2.4. Cross Validation

Before the interpolation model is used, it is necessary to know in advance how accurate the model is used.
One way to test the accuracy of a model is to use cross validation. The procedure of this method is to eliminate
one data and use the remaining samples as data to predict the data that is removed with the model.

The index most often used to assess the accuracy of interpolation of a method is the root mean square error
(RMSE) [11], which is defined by:

RMSE = \/z’g(zi—zo)z ................................................................................................................... 2)

Information :

Zi : Predicted value at the i-th location

Z i : The actual value at the i-th location.

The accuracy of the measurement error estimation method is indicated by the presence of a small RMSE
value. An estimation method that has a smaller RMSE is said to be more accurate than an estimation method
that has a larger RMSE [15].
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2.5. Ordinary Kriging

Ordinary Kriging is one of the methods found in the kriging method used in geostatistics. This method is an
interpolation of a variable value at a particular point by observing similar data at particular location [ ]. This
assessment is widely used because its simplicity and easy to understand. This method is a triggering method
that produces an estimator that is BLUE (Best Linear Unlimited Estimator). Unbiased Estimator is the best
linear estimator. Ordinary kriging is linear because the estimators are influenced by a linear combination of
data, not biased because it aims to get the mean error equal to zero, and is said to be the best because it aims
to reduce the error variance [10].

The equation used by kriging to determine samples of unknown value is:

7 n

Lo = Diim A Wi Zoooiiitt s (3)
Information :

7 0 = Estimated point value

W_i = Weighting factor from point i

Z i = Value of the estimator point

2.6. Inverse Distance Weighting

Inverse Distance Weighting (IDW) is an interpolation technique that calculating the relationship of space
location (distance), and is a linear combination or weighted average of the data points around it. The main
factor influencing the accuracy of IDW interpolation is the value of the power parameter (p) [18]. Power is
influential in determining the value of data samples in the interpolation calculation which serves to regulate
the significance of the influence of the points around it. In this study, an estimation comparison of the IDW
using the power parameters 1,2,3,4, and 5 is the most commonly used as literature [19].

Optimal power is determined by minimizing the root mean square error (RMSE). RMSE is a statistic
calculated from cross validation. In cross validation, each point measured is deleted and compared with the
predicted value for that location. RMSE is summary statistics that measure prediction errors [20]. The
geostatistical analysis attempts several different powers on IDW to identify the power that produces the
minimum RMSE. The diagram below shows how geostatistical analysts calculate optimal power. RMSE is
plotted for several different strengths for the same dataset. The curve matches points (quadratic Local
Polynomial equation), and from the power curve that provides the smallest RMSE determined as optimal
power.

Weighting values in the IDW technique are generally calculated by the following equation : [10]

1
2
W= —; T (4)
t=1gP
l
Information :
di : Distance between the i-th observation point and the alleged point
P : power (integer).
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The general formula for Inverse Distance Weighting is [10]:

7 _ VN

Lo = i Wi Zo (5)
Information :

7 0 = Estimated point value

W_i = Weighting factor from point i

Zi = Value of the estimator point

3. Research Methodology

The method used in this research is quantitative method. Quantitative methods are used to process secondary
data, which are coal exploration data in the form of drill data. Exploration drilling data in the form of easting,
northing coordinates, thickness of calorific value, and coal sulfur will be carried out descriptive statistical
analysis with Minitab software 17. Continued geostatistical analysis using GS + software.

3.1. Data

This study used secondary data from coal exploration results located in Sangatta field, East Kalimantan,
Indonesia [ ]. The data used include:

1.  The name of the drill hole (DDH)

2. Borehole coordinates (easting and northing), easting starting from 96074.91 ° E to 99145.32 ° E and
northing starting from 194243.5 ° N to 199768.7 ° N.

The calorie value of coal in each drill hole in units of Kcal / Kg.

Coal sulfur in units of %.

The thickness of the coal in each drill hole in meters.

The value of coal density is assumed to be 1.3 kg / m3.

Drill holes in the study amounted to 142 points.

No ok~ w

4. Results and Discussion

4.1. Descriptive Statistics Analysis

Based on the theory, if the CoV value is less than 0.5 then the data is considered normal distribution [11].
Based on the results of descriptive statistical analysis, thickness data, calorific value, and coal sulfur, the CoV
values obtained were 0.27, 0.01 and 0.5, so the thickness, caloric and sulfur value of coal are normally
distributed and can be used in geostatistical analysis. A summary of the statistics from the data analysis is
presented in Table 1. Basic Statistics on Coal Thickness and Quality below.

545



Marwanza, et.al, 2020 TRKU

Table 1. Basic statistics of coal thickness and quality

Descriptive statistics | Thickness | Calorie value Sulfur
Mean 6.94 7509 0.3953
StDev 1.903 102.2 0.2
Variance 3.622 10440.2 0.041
CoV 0.27 0.01 0.5
Minimum 2.4 7236.4 0.15
Median 6.95 7520.8 0.33
Maximum 11.46 7771.8 0.97
Skewness 0.03 -0.18 0.94
Kurtosis 0.05 -0.24 0.15

4.2. Variogram

Variogram model and variogram parameters of coal thickness, calorific value and sulfur can be seen in Table
2. Thickness and Quality Variogram of Coal. Seen the type of model, nugget effect, sill and range for each
parameter.

Table 2. Coal thickness and quality variogram

Model uooet sill R&q?e
Thickness Spherical 0.6 4.5 600
Calorie value Exponential 3500 10000 566.67
Sulphur Exponential 0.009 0.036 1800

The data shown in Table 2 was obtained based on the analysis of experimental variograms and the variogram
modeling of each parameter using simulations in GS + software, seen in Figures 1.2 and 3, where Figure 1.
shows the Thickness Variogram Model, Figure 2 Variogram Model Calorie Value and Figure 3. Sulfur
Variogram Model.

THICKNESS (m): Anisotropic Varogram (90°)

£.26

0.00 5568.67 1137.33 1706.00

Separation Distance (h)

Spherical model (Co = 0.60000; Co + C = 4. 50000, AMajor = 60:0.00;
AMinor = §00.00; r2 = 0,290, ASS = 116.)

Figure 1. Thickness variogram model
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CV (Kcal¥g): Anisotropic Variogram (45%)

17203

.00 568 67 113733 1706.00
Separation Distance (h)

Exponential model (Co = 3500.00000; Co + C = 10000.00000; AMajor = 58567,
AMinor = 150.00; r2 = 0.352; RSS = 5.45E-08)

Figure 2. Calorie value variogram model

SULFUR (%) Ansotrepic Vanogram (45°)
0074

00556 Eh:‘

Som (vanance

00185

00000
0.00 1000.00 2000.00 3000.00

Separation Detance (k)

Spherical model (Co = 0.00900; Co + C = 0.05500; AMajor = 1800.00;
Allinor = 1800.00; r2 = 0.639; RSS = 7.138E.03)

Figure 3. Sulfur variogram model

4.3. Kriging

Kriging estimation in research uses GS + software with Ordinary Kriging method. Figures 4, 5 and 6 show
the results of the Kriging analysis for each parameter. In Figure 4. Kriging Coal Thickness, the thickness of
the coal have variations, the thick coal is seen in the west and south of the map, while the thin section is in the
middle of the map location.

THICKMESS (i)

185982, 10.9
10.4
8.8
94
B9
B4
78
T4
1]
B4
g
54
49
44
s
33

195242

NORTHING

194492

Figure 4. Coal thickness kriging
547



Marwanza, et.al, 2020 TRKU

CV (KcalKg)
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Figure 5. Coal calorie value kriging

Figure 5. Coal Calorie Value Kriging, the coal calorie value is low in the West and increasing in the East. In
Figure 6. Kriging Sulphur values tend to shrink to the North.

SULFUR (%)
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0654
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0.566
n.522
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0.302
0.258
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oLA70

NORTHING

97093 98127
EASTING

Figure 6. coal sulphur kriging

4.4. Inverse Distance Weighting

Inverse Distance Weighting (IDW) estimation is done using GS + software, the following is the result of
estimated caloric, sulphur and coal thickness values using the IDW method, shown in Figure 7. Inverse
Distance Weighting of Coal Thickness, Figure 8. Inverse Distance Weighting of Coal Calorie Value and
Figure 9. Inverse Distance Weighting Sulphur.
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NORTHING

Figure 7. Inverse distance weighting coal thickness
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Figure 8. Inverse distance weighting of coal calorie value
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Figure 9. Inverse distance weighting sulphur

In Figures 7, 8 and 9, the results of the Inverse Distance Weighting (IDW) analysis are visually seen to be
visibly the same as the results of Kriging, but the values are different.

4.5. Kriging and IDW Estimation Results

Table 3. Estimated Kriging and IDW methods

Parameter Kriging IDW
Coal volume (ton) 44889000 45693960
Coal thickness mean (m) 6.744 6.865
Calorie value mean (Kcal/Kg) 7496.95 7497.41
Sulphur mean (%) 0.396 0.390

According to the calculation results obtained in table 3. Estimation of the Kriging and IDW Method, the
kriging method and the IDW method produce slightly different values in the four parameters, which are coal
volume, coal thickness means, calorific value mean, and sulphur mean.

The volume of kriging coal produced a higher volume of 44889000 tons. This result was certainly due to the
results of the average coal thickness obtained from the kriging which is higher than the IDW method of 6,744
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m. This is different from the estimated coal volume of IDW which results in a lower coal volume of 45693960
tons. The lower coal volume is due to the lower average coal thickness of IDW, which is also 6,865 m. For
the average calorific value, kriging estimation produces an average calorific value which is lower with a value
of 7496.95 Kcal / Kg compared to the IDW estimate which produces an average calorific value of 7497.41Kcal
/ kg. On average sulphur, kriging estimation yields lower average sulphur which is 0.394% while IDW
estimation produces sulphur 0.39% on average.

4.6. Discussion

4.6.1. The accuracy of the Kriging Method with IDW
The measure that can be used to compare the accuracy of an estimate is the Root Mean Square Error (RMSE).
The smaller the estimated RMSE value indicates the more accurate the estimation results.

Table 4. RMSE Kriging and IDW methods

Root Mean Square Error Kriging IDW
Coal thickness (m) 1.694 1.704
Coal calorie value (Kcal/Kg) 74.539 74.73
Coal sulphur (%) 0.141 0.142

The kriging method produces a more accurate estimate than the IDW method. Based on the theory that has
been explained, the kriging method is a method that produces an estimator that is BLUE (Best Linear
Unlimited Estimator). Unbiased Estimator is the best linear estimator. Ordinary kriging is linear because the
estimators are influenced by a linear combination of data, not biased because it aims to get the mean error
equal to zero, and is said to be the best because it aims to reduce the error variance [10].

The smaller RMSE value of the kriging method is caused by the selection of an appropriate variogram model.
To provide a test method for the variogram model, it is enough to represent the estimation results using cross
validation. Actual values and estimated values are then compared in such a way that the model can be accepted
or not [22]. Therefore, making and selecting a variogram model must be in accordance with the experimental
variogram so that the estimated kriging results in the lowest error value [23].

5. Conclusions

Based on the estimated thickness, caloric and sulphur values of coal in the field, several conclusions can be

drawn, including:

1. Descriptive statistical analysis results show the thickness, calorie value, and sulphur values of coal are
normally distributed with a CoV value of less than 0.5 and a skewness value of + 1.

2. The variogram model for coal thickness and sulphur data is a spherical model. The variogram model for
coal calorie value data is an exponential model.

3. The RMSE value in the thickness, calorific value, and sulphur of the coal kriging method is lower than
the IDW method. This means that the kriging method is more accurate than the IDW method.
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