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Abstract
Determining peat depths can be done by intensive surveys which are expensive, inefficient, and ineffective, therefore, it is
essential to find simple alternative methods for measuring peat depths. The research objective was to estimate and make
maps of peat depths by applying Geostatistics analysis. This research was conducted on Muaro Jambi District, Jambi
(Seponjen Village, Kumpeh) peatlands. The primary data was analyzed by ArcGIS 10.3 and Geostatistics programs. The
spatial variability of peat depths on Site A (peat depth of 8.10–15.00 m) and Site B (3.10–8.00 m) showed maximum values at
271 and 242 m distances, respectively. On-Site C (0.00–3.00 m), maximum variability was found at the distance of 63 m.
Peat depths variability may be interpolated at a maximum of 271 m (for Site A) and 242 m (for Site B). More than the above
distances, peat depths cannot be interpolated. Site A must be conserved because of peat depths of > 3 m, only Site C can be
cultivated for agriculture and plantations. Unfortunately, all areas have been cultivated for the oil palm plantation because the
government has granted concession permits to plantations before knowing how deep the permissible peatlands are for the
whole area.
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1. INTRODUCTION

Peatlands belong to deposits of incompletely decomposed
remnants of past plant materials and are generally found
in water-saturated areas (Armanto, 2019a). Generally, peat-
land ecosystems belong to marginal lands for agricultural
activities in a broad sense, including fisheries, livestock,
plantations, food agriculture, and forest plantations (Ar-
manto and Wildayana, 2022; Imanudin et al., 2019). The
dominant limiting factors for peatlands are the status of
the groundwater table that is difficult to control, the peat
depths are more than 3 m and are not conducive as media
for rooting growth system (Holidi et al., 2019; Hu et al.,
2021). This is because the conditions are saturated with wa-
ter, acidic, and contain a lot of organic acids that are harmful
to plants and other agricultural commodities (Bhunia et al.,
2018; Armanto, 2019b). Thus, efforts of reclamation are
necessary to make peatlands suitable for plant growth (Wil-
dayana and Armanto, 2018; Armanto, 2019c). If the peat
depths are more than 3 m and used for agriculture, thus
natural disasters occur with high probability, such as floods,
droughts, peat subsidence, and other environmental dam-
age (Wildayana and Armanto, 2018b). Determining peat

depths can be conducted in the fields by intensive surveys
which are so expensive, inefficient, and ineffective, there-
fore it is essential to find simple alternative methods how to
measure peat depths easily by using spatial variability anal-
yses and Geostatistics (Negassa et al., 2019). Geostatistics
is commonly applied to analyze spatial variability, namely
combining spatial coordinates of data with attribute data.
Besides that, Geostatistics can provide spatial analysis, thus
enabling us to measure the spatial variability of data (Al-
Timimi, 2021). Based on this spatial variability analysis,
models can be formed to estimate the distribution of data
on a large scale. Kriging is a spatial analysis to measure
spatial data variability (Varone et al., 2021). Variogram mod-
els can provide information about the variability between
available data and have a range of distances that are not
different. This means that adjacent data generally has a low
level of variability. Vice versa, the further distance between
the data, the variability generally increases (Vilas-Boas et al.,
2021).

Each site on the earth surface can be estimated by utiliz-
ing the most suitable model by interpolating data around
that Site (Zuhdi et al., 2019). As a consequence, for several
sample points, it is possible to obtain several estimated
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points aligned with the estimated variance values. Finally,
if we have limited sample sizes, the Kriging will offer unbi-
ased estimates based on available data with minimal vari-
ance. It can be concluded that kriging is classified as an
optimal interpolator (Abijith and Saravanan, 2021). The
research objective was to estimate and make a mapping of
peat depths by applying Geostatistics analysis.

2. EXPERIMENTAL SECTION

2.1 Research Sites
This research was conducted on Muaro Jambi District, Jambi,
Indonesia (Kumpeh, Seponjen Village) peatlands. The peat-
lands are a part of the Peat Hydrological Area (KHG) of the
Batanghari River-Air Hitam Laut River, which is the largest
KHG in Jambi (Figure 1). On the East of the research area,
there are Orang Kayo Hitam Forest Park and Berbak Na-
tional Park, both belong to the conservation areas (PMRA,
2022).

Figure 1. The Site of Research and Its Grids Sampling
Layout

2.2 Survey Method and Distance between Sampling Points
GPS (Global Positioning System), compass, peat drill, peat
probe, ruler, label, permanent marker, plastic bag, and sta-
tionery were used in this research. Three research Sites
(around 30 ha each) were determined purposively, namely
Site A (peat depth of 8.10 − 15.00 m); Site B (3.10 − 8.00 m);
and Site C (0.00− 3.00 m). Field observations were made by
boring on the selected transect lines (Table 1). Peat depths
were measured in the field (called manual probing or man-
ual coring) by pushing metal sticks that can be extended
(each 1 m) into the ground until they touched the mineral
soil layer, then recording their depths and geographic posi-
tion with the GPS.

2.3 Collecting Data and Analysis
The Geostatistics extension application and ArcGIS 10.3
were used to process the gathered data. The analyzed data

Table 1. Common descriptions of field data

Filed descriptions Site A Site B Site C
Row totals (unit) 5 − 6 5 − 6
Column totals
(unit)

7 − 8 7 − 8 7 − 8

Site area (ha) 30 30 30
Thickness of peat Very deep deep shallow
Depths of peat (m) 8.1 − 15.0 3.1 − 8.0 0.0 − 3.0
Distance among
boring (m)

85 − 90 85 − 90 85 − 90

Distance among
column (m)

95 − 110 95 − 110 95 − 110

Note : Borings were placed from Northwest to Southeast
Source : Field Survey Results (2023)

were purposed to obtain interpolation and display of some
data in maps. Data normality was monitored and anal-
ysed using histogram pictures, Voronoi maps as well as
Quantile-Quantile plots. Data interpolation was calculated
by using Geostatistics to have data distribution and estima-
tion based on measured sampling point data and model
statistics. Model statistics can display automatic correla-
tions among sampling data by creating several variogram
models. The selected variogram model will be tested to
obtain the most optimal variogram model for peat depth.
The geostatistical interpolations were displayed in the form
of peat depth maps using Kriging. Interpolation stages and
spatial variability analysis are given in Figure 2.

Figure 2. Interpolation stages and spatial variability
analysis

3. RESULTS AND DISCUSSION

3.1 Statistical Analyses for Primary Data
Around 120 primary data of peat depths were collected
from boring points in the selected transects and presented
in Table 2. Each research Site (A; B; C) had several boring
points of 35, 36, and 49 respectively. The main problem
with this manual probing was that there was little local
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variability affecting results and the measurement volume
was relatively small. Junedi et al. (2017) have analyzed
the same phenomena of peatlands. The difference in the
number of boring points was due to the different forms and
sizes of each Site. Site C showed the highest number of
boring points because Site C is located in a transitional area
between mineral soils and peatlands, so the peat depths
were greatly varied. The distance among the boring points
at Site C is near each other (less than 10 m), thus the number
of boring points has automatically increased. The research
outcomes are consistent with the findings (Armanto et al.,
2022).

Table 2. Basic Statistical Analysis of The Dataset

Statistics Site A Site B Site C Total
Boring totals (unit) 36 37 51 124
Minimum (m) 4.6 0.0 0.0 0.0
Maximum (m) 11.3 10.1 4.2 11.3
Mean (m) 9.27 3.34 1.19 4.60
Range (m) 6.42 11.01 4.22 11.01
Standard deviation 1.50 1.50 1.42 4.42
Skewness −1.88 2.52 0.81 0.62
Kurtosis 6.51 13.02 2.22 −1.10
Variation 2.23 2.33 1.87 6.43
First quartile 9.32 2.70 0.02 0.66
Third Quartile 10.21 3.63 2.41 8.87
Median 9.50 2.89 0.42 2.97
Source: Statistical analysis of dataset (2023).

Running Kriging needed the input data were normally
distributed and free from any trends of statistics. However,
the dataset was not normally distributed due to data dis-
tribution far from 0 (zero) that indicating the abnormality
of data distribution (Table 2). The data at Site A indicated
dominant trends towards the right (high value), therefore
skewness showed a negative value. The Site B and the Site
C displayed positive skewness meaning that they tend to
be left (low value). The data abnormality is presented in
the histogram form (Figure 3). This abnormal distribution
of data was also discovered by other researchers (Syakina
et al., 2024a,b).

Figure 3. Histogram of Peat Depths Data

All histograms showed the data asymmetric of peat
depths. Among these histograms, Site C showed the more
extreme distribution of data, thus it needed a transforma-
tion process before geostatistics was conducted. Before the

data was statistically processed, pre-processing was carried
out in order to evaluate the trend of spatial data distribu-
tion (Figure 4). Figure 4 illustrates that the trends of peat
depth occurred at Site C (shallow peat). It can be observed
that the peat depth increased on the position of East to West
(the x-axis) and from North to South (the y-axis). How-
ever, Site A and Site B did not show trends. These data
abnormalities and trends at Site C required transformation
treatment to minimize trends from data Site C. Data distri-
bution was normalized by Box-Cox transformation, while
the trends were removed by choosing order trend removal
in geostatistical software.

Figure 4. Trend Illustrations of Peat Depths Data

3.2 Variogram Models
There are four parameters to analyze the variogram model,
namely: range (A); sills (C-Co); nuggets (Co); and scale
(C). These four parameters will determine the shape and
type of the resulting variogram. The range value figures
the extent to which autocorrelation can still be produced.
The Site A and Site B show high autocorrelation distances
when compared to Site C. The variance improves following
the variogram model selected. It starts from a very small
at distance of 0, increasing as well as reaching a maximum
value at the same distance as that distance and then ap-
pears to be constant. The Sill value indicates a variance
(diversity value) of the dataset at the same distance as the
range. The nugget effect value illustrates the average value
of the prediction data deviation. The desired value of the
nugget effect is small even close to zero as an indicator for
selecting the best predictive model. The results of adjacent
studies are in line with the findings (Armanto et al., 2013).

The spatial dependence of the dataset can be derived
from testing the selected variogram models. At Site A and
Site B, the variogram model had a low value at close range,
then increased at long distances and remained constant at a
certain distance. Meaning there is a spatial autocorrelation
of peat depths at Site A. The distribution of the variogram
adheres to Tobler’s law pattern, meaning that everything
is related to one another, but something that is very close
means that it is more related than that which is far away
(Figure 5). El Falah et al. (2021) explained that their ab-
normal distribution of data was also discovered by other
researchers (Guth et al., 2022).

Site C shows clearly the existence of trends found along
the transect. This means that the peat depths increase dom-
inantly with increasing distance to the east. These trends
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must be removed before running Kriging and will be added
back to the output surface. Lázaro-Lobo and Ervin (2021)
have carried out the similar research. Site C proves that
there is a weak automatic correlation (Figure 6). This proves
that the variogram distribution pattern does not strictly fol-
low Tobler’s law. The research results do not conflict with
the findings of other researchers (Zhang, 2023; Lázaro-Lobo
et al., 2023).

Figure 5. Selected Variograms for the Site A

Figure 6. Selected variograms for Site B and Site C

3.3 Determining the Best and Most Appropriate Vari-
ogram Model

Based on the variogram analyses, it turned out that the
best models were characterized by four important criteria,
namely: (1) having the smallest RMSE (Root Mean Square
Error); (2) the standard mean is close to zero; (3) having the
average standard error is almost similar to the root-mean-
squared prediction error; and (4) the root-mean-squared
standard prediction error is close to 1.

It is relatively difficult to determine the best model to
describe the empirical variogram. The easy way to point
out the best model by adjusting the RMSE value of each
model (Armanto et al., 2023a). The smallest RMSE indicated
the best variogram model (Table 3 and 4). The dataset in
Site A was more accurate if the dataset was displayed using
the J-Bessel model. The circular model looked reliable for
Site B because of showing the smallest RMSE value. Site C
seems suitable for the stable anisotropy 12.83◦ model.

Table 3. The Best Variogram Models for Peat Depths

Parameter Site A Site B Site C
The best model J-Bessel Circular Stable
Sill 1.61 2.55 1.26
Nugget 0.004 0.000 0.064
Range (m) 230 275 40
Minor range (m) - - 35.48
Major range (m) 8.1 − 15.0 3.1 − 8.0 0.0 − 3.0
Lag (m) 9.37 22.96 4.58
Coefficient
correlation (r)

0.92 0.55 0.68

RMSE 0.56 1.18 0.95
Direction for
anisotropy

- - 12.84

Note : RMSE (Root Mean Square Error)
Source : Geostatistical Analysis Results (2023).

Anisotropy trend reduced the variogram computation
on the sample pairs pointing in a particular direction. The
anisotropy direction indicated the direction of a longer
spatial continuity. Anisotropy in the azimuth direction
of +12.83◦ was shown by the variogram model at Site C,
with a dominant range of 63.50 m and a minimum range
of 35.48 m. Each model of variogram showed an optimum
parameter and will be used for the interpolation. Thus, the
estimated dataset can be used for mapping of unvisited
peat depths (Table 4).

Table 4. RMSE values of the tested models

Model Site A Site B Site C
Stable 0.74 1.75 0.97
Exponential 0.80 1.46 0.99
Hole Effect 1.37 1.52 0.99
Circular 1.14 1.18 0.98
Gaussian 0.59 1.62 0.97
K-Bessel 0.70 1.61 0.97
Spherical 0.70 1.50 0.97
Rational Quadratic 0.54 1.49 0.97
J-Bessel 0.57 2.44 1.07
Stable + anisotropy
12.83◦

0.95

Note : ∗/ The bold values show the smallest RMSE.)
Source : Geostatistical Analysis Results (2023).

3.4 Mapping of Estimated Peat Depths
After the best variogram models had been determined, the
peat depths were mapped and displayed in Figure 7. On
the map, it can be seen that the shallow peat is figured in
light blue, while the deepest peat is determined brown red
colors. Site A must be restored because having peat depths
of more than 3 m, only Site C can be cultivated for planta-
tion industry. All of these areas have been cultivated for
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the oil palm plantation industry. This occurred because the
government had granted concession permits to the plan-
tation industry before knowing how deep the permissible
peatlands were for the whole area.

Figure 7. The map of estimated peat depths

3.5 Advantages of Estimated Peat Depths Maps
Maps of estimated peat depths are very useful not only for
the Government, industry, but also for the general public.
For the Government, maps of peat depths are mainly used
to manage peatlands in an integrated manner, for example
for granting concession permits. Peatlands (according to
the Governmental Regulation nr 71/2014) can be utilized
for agriculture and plantations if the peat depths are less
than 3 m, or more than 3 m, peatlands have to be conserved
or restored. It was explained by other researchers that
peatland mapping is very important for agricultural man-
agement in a broad sense (Wildayana and Armanto, 2017;
Armanto et al., 2023b). For industry, maps of estimated
peat depths can be used as main references in managing
the integrated plantation and forestry industry. Byg et al.
(2023) found in their work that industrial activities on peat-
lands without mapping will cause serious environmental
problems and be difficult to control, this statement was
supported by Wildayana and Armanto (2018c,d). For the
general public, maps of estimated peat depths are useful
for basic references to find out which areas can be man-
aged and which areas must be restored. Wildayana and Ar-
manto (2021) suggested that any activity in fishery should
be managed by using maps. For the environment, maps
of estimated peat depths can offer quantification of carbon
stored in peatlands, to minimize carbon emissions into the
atmosphere and to ensure that peatland environmental ser-

vices function optimally as mentioned and analyzed by
Wildayana (2017). Maps of estimated peat depths will be
made available to the public to stimulate our awareness
and understanding of total peat resources and carbon. Ar-
manto and Wildayana (2023) have provided examples of
managing environmental parameters using maps. Peat-
lands are dominantly degraded by very dynamic causes,
namely fires, drainage, land clearing, and illegal logging.
The limited data availability of field measurements makes
it difficult to map peatlands. Maps of estimated peat depths
can only be created if the baseline maps are available, if
it is not available, then field measurement data is also not
available and maps of estimated peat depths are also hardly
made.

4. Conclusion

The spatial variability of peat depths on Site A and Site B
showed maximum values at the distances of 271 and 242
m respectively. On Site C, maximum variability was found
at a distance of 63 m. Distance of peat depth variability
may be interpolated maximum of 271 m (for Site A) and
242 m (for Site B). Peat depths cannot be interpolated if
the distances are more than the above distances. For Site
C, the estimated peat depth could not be interpolated up
to the distance of 63 m. Site A must be conserved because
having peat depths of more than 3 m, only Site C can be
cultivated for plantation industry. All of these areas have
been cultivated for the oil palm plantation industry. This
occurred because the government had granted concession
permits to the plantation industry before knowing how
deep the permissible peatlands were for the whole area.
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