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ABSTRACT

Soil is dynamic due to various internal and external processes exerted on the soil, resulting in unique soil character-
istics in space in short and long distances. Geostatistics (kriging) is the method of quantifying the spatial variation
of soil properties. This research was mainly aimed at applying geostatistics to quantify and interpolate the spatial
dependence and structure of three soil properties, namely pH, EC, and Soil Moisture Content (SMC) in a small area.
This research was conducted on paddy fields in Mlandingan Kulon Village, Situbondo Regency. Sampling was
conducted on an area of 9.2 ha with 31 sample points. Normal data distribution was found for pH and EC, whereas
this was not the case for SMC. The results of the analysis showed that most of the pH values were alkaline (>8),
EC values were non-saline (<2 mm/cm), and SMC was in the low category (<20%). The results show that for three
soil properties, weak dependencies were observed. The values of Root Mean Square Error (RMSE) confirmed that
kriging with exponential was better compared to the spherical model, resulting in the RMSE of 0.546 (pH), 0.041

(EC),and 1.512 (SMC).
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INTRODUCTION

Soil is dynamic due to various internal and
external processes exerted on the soil. Because of
this, the soil may portray significantly different
characteristics within space due to the difference
in the intensity of processes. Soil-forming factors
may affect the internal process of soils, while
external factors could alter or enhance the soil-
forming processes, resulting in different soil
properties (Phillips, 2017). Particular soil properties
may provide variation within a short distance, while
others may exhibit variation over long distances
(Khan etal., 2021; John, 2021; Cahyana et al., 2022).
Information on this variation benefits soil
management (Wicaksono et al., 2019). From the
above, it is clear that previous studies have long
recognized the importance of soil variation in space.

This recognition of soil variation has led to the
development of methods for quantifying the
variability of soil properties.
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The methods for quantifying the spatial variation
of soil properties have been established (Rogowski,
1996; Chen etal., 2021; Bangroo et al., 2021; Zhang
and Hartemink, 2021). Geostatistics is the most
notable one, and kriging (one of the geostatistical
methods) have been used extensively for enumerating
spatial variability of soil properties (AbdelRahman et
al., 2020; Shahinzadeh et al., 2022). Geostatistics is
mainly utilized to produce maps and thus provide
estimates of the values of soil properties for
unsampled sites (Bautista, 2021). The use of
geostatistics leads to the making of maps cheaper
and faster maps (Bilonick, 1991; Goovert, 2001)

The merit of kriging for quantifying variability
of soil properties has long been acknowledged for
quite a long time, and the applications for agriculture
have also been prominent. Shit et al. (2016)
employed geostatistics for counting spatial variability
of pH, electric conductivity (EC), phosphorus (P),
potassium (K), and organic carbon (OC) and found
that Ordinary Kriging interpolation can expose
clearly the spatial distribution of soil properties and
also reveal that the sufficiency of the distance of
the samples in their study. Therefore, it is interesting
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Figure 1. Map of Mlandingan Kulon Village and the distance to the beach.

to study the application of kriging for studying the
spatial variation of soil properties based on this
condition. This research was mainly aimed at
applying geostatistics to quantify and interpolate the
spatial dependence and structure of three soil
properties, namely pH, EC, and soil moisture content
in the study area.

MATERIALS AND METHODS

The research was conducted in the paddy fields
of Mlandingan Kulon Village, Situbondo Regency.
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Geographically, Mlandingan Village is located at
coordinates 805010.888 (Easting) and 9143313.20
(Northing) and 805307.884 (Easting) and 9143368
(Northing) with the datum WGS 1984 UTM, Zone
49S. The study area was 9.2 ha, with the number of
soil samples for this study being thirty-one. Sampling
was carried out using the grid sampling method.
According to Wollenhut and Wolkwski (1984), this
method is relatively easy to do in flat paddy fields
because of the determination of the same distance
in forming a grid. Sampling was conducted at a
distance of 55 m x 55 m with a 0-20 cm depth below
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Figure 2. Map of sample point location.
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the ground surface. The map of soil sample location
can be seen in Figures 1 and 2. Soil sample analysis
was conducted for three soil properties: pH, EC,
and soil SMC. The analysis was carried out in the
laboratory using absolute moisture content and
electrical conductivity methods to determine the
SMC and EC values.

In contrast, a pH meter was used to determine
pH. The laboratory analysis results were then
analyzed by ordinary kriging interpolation using
spherical and exponential semivariogram models.
According to (Respatti et al., 2014), quoted in Isac
and Srivastava (1989), ordinary kriging is also known
as linear kriging because, in the process, it uses a
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weighted linear combination of known sample data
to make predictions or estimates. Ordinary kriging
was chosen because it does not contain outlier data
or data that is very different from other data (Rozalia
et al., 2016). The following is an ordinary kriging
formula, according to (Rozalia et al., 2016):

Z(s) = izz wi Z(si)

#(s) : estimated value at an unsampled location
Wi : weight coefficient of 7(5), with o wi=1
Z/(Si): value at sampled location

N :samples

Table 1. The results of laboratory analysis of three soil properties in the study area.

SMC

EC

Sample Easting Northing — — Criteria
(%)  Criteria (mmcm™)  Criteria
1 805034.4137 9143350.315 9.1 Low 0.213 Non-saline 8  Slightly alkaline
2 805034.4137 9143300315 12.5 Low 0.215 Non-saline  7.08 Slightly alkaline
3 805034.4137 9143250.315 134  Low 0.225 Non-saline  7.86 Slightly alkaline
4 805034.4137 9143200315 12.7 Low 0.186 Non-saline  9.96 Alkaline
5 805084.4137 9143350.315 12 Low 0.187 Non-saline  7.68 Slightly alkaline
6 805084.4137 9143300315 133  Low 0.229 Non-saline 7.8  Slightly alkaline
7 805084.4137 9143250315 122  Low 0.196 Non-saline 7.8  Slightly alkaline
8 805084.4137 9143200315 12.5 Low 0.178 Non-saline 7.27 Neutral
9 805084.4137 9143150.315 10.7 Low 0.205 Non-saline  8.04 Slightly alkaline
10 805084.4137 9143100.315 12 Low 0.264 Non-saline 7.82 Slightly alkaline
11 805134.4137 9143350.315 112  Low 0.225 Non-saline  7.97 Slightly alkaline
12 805134.4137 9143300.315 12.8  Low 0.268 Non-saline  7.89 Slightly alkaline
13 805134.4137 9143250.315 10.6  Low 0.185 Non-saline  7.09 Neutral
14 805134.4137 9143200.315 133 Low 0.186 Non-saline  8.11 Slightly alkaline
15 805134.4137 9143150.315 11.2  Low 0.181 Non-saline 7.6  Slightly alkaline
16 805134.4137 9143100.315 129 Low 0.176 Non-saline  7.69 Slightly alkaline
17 805184.4137 9143350.315 12.3 Low 0.234 Non-saline 7.7 Slightly alkaline
18 805184.4137 9143300.315 10.7 Low 0.258 Non-saline 7.69 Slightly alkaline
19 805184.4137 9143250.315 13.1 Low 0.218 Non-saline  7.92 Slightly alkaline
20 805184.4137 9143200.315 12.3  Low 0.237 Non-saline 8.02 Slightly alkaline
21 805184.4137 9143150.315 119 Low 0.204 Non-saline  8.05 Slightly alkaline
22 805184.4137 9143100.315 12.3  Low 0.17 Non-saline  8.14 Slightly alkaline
23 805234.4137 9143350.315 11.9  Low 0.2 Non-saline 7.9 Slightly alkaline
24 805234.4137 9143300.315 9.5 Low 0.16 Non-saline  8.04 Slightly alkaline
25 805234.4137 9143250.315 8.2 Low 0.164 Non-saline 8.1 Slightly alkaline
26 805234.4137 9143200.315 8 Low 0.145 Non-saline 7.77 Slightly alkaline
27 805234.4137 9143150.315 8.7 Low 0.2 Non-saline  7.87 Slightly alkaline
28 805234.4137 9143100.315 10 Low 0.291 Non-saline  7.55 Neutral
29 805284.4137 9143350.315 132 Low 0.193 Non-saline  8.12 Slightly alkaline
30 805284.4137 9143300.315 124  Low 0.18 Non-saline  8.02 Slightly alkaline
31 805284.4137 9143250.315 11.9  Low 0.22 Non-saline  8.05 Slightly alkaline
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Kriging interpolation uses a variogram to
measure spatial correlations for each observation
(Respatti etal., 2014). Using a semivariogram, three
parameters determined are sill, range, and nugget.
By analyzing these three parameters, spatial
dependency can be determined. A complete
overview on the uses of kriging can be found in
Johnston et al. (2021). The next step was conducting
kriging interpolation, resulting in krigged maps for
three soil properties: EC, SMC, and pH. The
materials and tools used in this research are
topographic maps at 1:25.000, aquades, soil samples,
pH meter, EC meter, analytical balance, desiccator,
oven, ArcGIS software, UTM Geo Map software,
and SAS Planet software.

RESULTS AND DISCUSSION

Table 1 shows the laboratory analysis results
of three soil properties: EC, SMC, and pH; the three
soil properties vary in the study area. There does
exist spatial variation of the values of three soil
properties in every sample location by considering
the values of standard deviation, namely 0.03 (EC),
1.54 (SMC), and 0.4732(pH), as shown in Table
2. This variation is expected to occur in the study
area due to the variation of soil-forming factors
and mainly human-induced activities. This variation
is interesting for this study regarding spatial
dependence and structure because the study area
is considered negligible (about 9.2 ha). The
following will discuss these three soil properties’
spatial dependence and structure.

Trend Analysis of Electrical Conductivity, Soil
Moisture Content (SMC) and pH

Figures 3, 4, and 5 show the trend analysis
results. Based on the graph, there are different
trend patterns in EC, SMC, and pH. The trends
are as follow: (a) EC has a trend of gradually
increasing from east to west (red line from left to
right in Figure 3) and gradually decreasing and then
increasing from north to south (blue line in Figure
3); (b) SMC has a trend of being slightly increasing
from east to west (red line in Figure 4) and slightly
decreases from north to south blue line in Figure
4); (c) pH has different pattern, it seems that there
is gradual decrease then followed by a gradual
increase from east to west (red line in Figure 5),
whereas there is no difference of trend from north
to south (blue line from left to right in Figure 5).
As shown in Figures 3, 4, and 5, three soil properties
show different patterns of trends.
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Figure 5. Trend Analysis of pH.

Fundamental Statistical Analysis of EC, SMC,
and pH

Table 2 is the evidence of the above description;
there is a similarity in the values of EC for the whole
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Table 2. Histogram Analysis of EC. SMC. and pH.
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. Result

Variable Number of data Min  Max Mean median std. dev

EC 31 0.145 0.291 0.206 0.2 0.0338

SMC 31 8 134 11.574 12 1.5483

pH 31 7.08 9.96 7.89 7.89 0.4732
Table 3. Semivariogram analysis of EC, SMC, and pH.

. Nugget Major  Minor S Partial . La Nugget/Sill

Variable E f%e;gc ¢ Ra Iige Range Direction Sill Sill Siz%: xglgOO% Model
pH 0.00212 480 160.55 11.25 0.00079 0.0029 40 72.82 Exponential
SMC 0.00870 283.827  94.93 169.62 0.00748 0.0161 40 53.78 Exponential
EC 0.02130 480 160.55 60.99 0.00245 0.0237 40 89.65 Exponential

study area. Slightly variation was observed on the
pH, whereas more significant variation was observed
for SMC. Considering the mean and median values,
the data provides normal distribution, except for soil
moisture content. Besides, the standard deviation
at pH and EC is close to zero and more negligible
than SMC. The pH and EC values have more
uniform values than SMC values.

Semivariogram Analysis of Soil Properties

The following table (Table 3) shows the results
of the semivariogram analysis. The nugget effect for
EC was the highest, whereas a minor nugget effect
occurred in SMC, and the lowest was pH. According
to (Krisdianto et al., 2018), the variation of

Semivariogram

interpolated data values will increase the nugget
effect. Within the small distance, a variation occurred,
which may relate to the slight variation due to natural
or human-induced processes. The human-induced
process (farming practices conducted by farmers) is
the most likely to affect this.

There is a pattern of anisotropy for three soil
properties. As seen in Table 3 and Figures 6, 7, and
8, thedirection of anisotropy was 11.25° 169.62°, and
90.99° for pH, SMC, and EC, respéctively. The
primary and minor ranges values were also different
for these three soil properties, with the highest range
observed in pH and EC, indicating that the spatial
dependence occurred at about 480m (major ranges)
and 160.55m (minor ranges). Therefore, these two
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Figure 6. Semivariogram of SMC.
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Figure 8. Semivariogram of EC.

soil properties exhibit a similar structure. No more
spatial relationship exists beyond this distance
(Oliver and Webster (2015).

A small range was observed for SMC, the
observed ranges were 283.83 (major) and
94.93(minor) (Table 3 and Figure 6). Compared to
the other two soil properties, a smaller range value
was observed for EC, meaning that a shorter distance
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of spatial dependence was observed for SMC.
Finally, the strength of the spatial relationship can
be seen from the value of the nugget/sill, with values
of 72.82 (pH), 53.78 (SMC), and 89.65 (EC),
respectively. Even though there is spatial
dependence, however, the small distance variation
of these soil properties was also prominent. In other
words, the nugget effect is also considered high.
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Krigged Map of Soil EC

Figure 9 shows the interpolated values of soil
EC. The values of EC were mainly categorized as
medium (minimum = 0.181 mm c¢cm! and maximum
0.218 mm cm™), indicating a non-saline condition.
The soil in the study area has low salt content, and
this is not a prohibitive factor for growing paddy. As
illustrated in the map, the range of EC values from
0.145 mm cm to 0.181 mm cm™ has an area of
0.16 ha. The range of EC values from 0.181 mm
cm-1 t0 0.218 mmcm-1 occupies an area of about
8.03 ha. Subsequently, the ranges of EC values

ranged between 0.218 mm cm! to 0.291 mm cm'!
having an area of 1.06 ha. The interpolated EC
map is considered sufficiently accurate by using
ordinary kriging. This result agree with Sahbeni
and Székely (2022) stating that kriging with varied
method can be used to accurately provide spatial
variability of EC.

Krigged Map of Soil Moisture Content

Figure 10 shows the krigged map of SMC in the
study area. The minimum and maximum values of
soil moisture content in the study area are 8% and
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13.4%, respectively (Table 1). This range of values
is classified as low by referring to the standard.
According to Syuaib and Astika (2015), a water
content value of less than 20% is included in the
low category. There are two possible reasons for
this (1) the study area is quite close to the beach
and has a sandy texture, with the consequence that
the ability to store the water is low; (2) The study
area has quite dry climate/ Type E according to the
classification of Schmidt and Ferguson. The
classified map of soil moisture content shows that
the values between 8.0% and 9.8% have an area
of 0.58 ha, and the values from 9.8 to 11.6% show
an area of 2.906 ha. Then, the values from 11.6 to
13.4% occupy the area of 5.91 ha.

Krigged Map of soil pH

The fact that soil pH is the key for soil nutrient
availability, the analysis of pH spatial variability is an
important for soil management (Zandi et al., 2011).
Figure 11 shows the krigged map of soil pH in the
study area. The minimum and the maximum value
of soil pH in the study area are 7.08 and 9.96. This
range of value is classified as high (alkaline). There
is a possible reason for this the study area is close to
the coastal area. The distance between the rice fields
and the coast is about 380 m. According to (Zewd

and Siban, 2021), areas close to the coast have an
alkaline soil pH due to dissolved sodium carbonate.
The classified map of soil pH shows that the value
7.08 and 8.04 has an area of 8.38 ha, and the pH values
between 8.04 and 9.96 have an area of 0.87 ha.

Alkaline soil conditions certainly affect rice plants.
Ray et al. (2014) state that alkaline pH conditions
will cause low soil infiltration, a difficulty for plants
to absorb nutrients, cause corrosiveness to plant
roots and stems, and possibly interfere with plant
metabolism. Alkaline soil will increase the Cu and
Mn content in the soil which is a cause of plant
poisoning (Ray et al.,2014).

The above discussion shows that soil EC, SMC,
and soil pH are three essential components that could
impede the growth and development of rice in the
study area. While SMC is probably the most effortless
to solve, EC and pH may provide significant
challenges to manage since these two properties are
more affected by natural soil-forming processes.
Significant endeavors must be conducted to minimize
the effects of EC and pH on rice production.

Efforts to overcome the problem of low SMC
and high pH values in the rice fields of Mlandingan
Kulon Village, Situbondo Regency, need to be
pursued. The paddy field soil can be improved on
the soil properties of pH and SMC. Improvement

Table 4. Analysis RMSE of EC, SMC, and pH.

. RMSE
Variable — - — -
Semivariogram Shperical Semivariogram Eksponential
EC 0.04078 0.04072
SMC 1.5282 1.5116
pH 0.54713 0.54595
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of SMC can be carried out by adding organic matter.
According to (Roidah, 2013), organic matter can
improve soil physical properties such as porosity,
soil structure, and water storage capacity and helps
exchange cations in the soil. Adding organic as much
as 50 g5 kg'! of soil or 20 Mg ha'! provided the best
results in binding water to clay and clay (Intara et
al.,2011).

The pH condition can be improved by adding a
mixture of biochar with manure and sulfur. Adding
a mixture of biochar with manure and a mixture of
biochar with sulfur may reduce the pH values
suitable for optimum production of rice yields (Salem
etal., 2019). A mixture of biochar with manure and
sulfur at a dose of 1:1 during composting in 3 months
can reduce pH (Salem et al., 2019). Legume plants
are also used in lowering pH because, in N fixation,
the acid capacity in the root rhizosphere will also
increase so that the pH of alkaline soil will decrease
(Tavakkoli et al., 2022).

Root Mean Square Error of interpolated Soil
Properties

Table 4 shows the values of RMSE of soil
properties, the different values of RMSE were
found for different semivariogram models. The
results show that the values of RMSE for SMC
were higher for spherical and exponential
semivariogram models. They indicate that Kriging
interpolation may be more appropriate for studying
the smooth variation of phenomena (EC and pH)
and may not be for the data having high variances
(EC). From this table, it is also clear that EC was
more accurately mapped by kriging interpolation
than pH and SMC.

CONCLUSIONS

The pH obtained was predominantly in the
alkaline category (pH > 8), the SMC was in the low
category (<20%), and the EC was in the non-saline
category (<2 mm/cm). Although spatial dependency
of soil properties occurs in the study area, the nugget
sill ratio shows that the dependency is considered
weak. Variability in smaller distances than in soil
samples is likely responsible for this. The implication
for using kriging in small areas is that the distance
of samples must be determined very carefully to
obtain appropriate variability.

ACKNOWLEDGMENTS

The authors would like to thank the Laboratory
staff of the Biology Study Program, Faculty of

Teacher Training and Education, The Laboratory
of Soil Chemical and Soil Fertility at the University
of Jember and GAPOKTAN Wirowongso Village,
Ajung District, Jember Regency for their assistance
in providing a location for this research.

REFERENCE

AbdelRahman MAE, YM Zakarya, MM Metwaly, and G
Koubouris. 2020. Deciphering soil spatial variability
through geostatistics and interpolation
techniques. Sustainability 13: p.194. https://doi.org/
10.3390/5u13010194.

Bangroo SA, JA Sofi, MI Bhat, SA Mir, T Mubarak, and
O Bashir. 2021. Quantifying spatial variability of soil
properties in apple orchards of Kashmir, India, using
geospatial techniques. ArabiJ Geosci 14: 1-10. doi:
https://doi.org/10.1007/s12517-021-08457-6.

Bautista F. 2021. Geostatistical analysis of soil properties
of the karstic sub-horizontal plain of the Yucatan
peninsula. Tropical and Subtropical
Agroecosystems 24: 1-11. doi: http://dx.doi.org/
10.56369/tsaes.3540.

Bilonick RA. 1991. An introduction to applied
geostatistics. Technometrics. 33: 483—485. doi:
https://doi.org/10.1080/00401706.1991.10484886.

Cahyana D, B Barus, B Mulyanto, Y Sulaeman and J
Huang. 2022. Using a fuzzy logic approach to reveal
soil-landscape relationships produced by digital soil
maps in the humid tropical region of East Java,
Indonesia. Geoderma Regional 28: ¢00468. doi:
https://doi.org/10.1016/j.geodrs.2021.e00468.

Chen S, T Du, S Wang, D Parsons, D Wu, X Guo and D
Li. 2021. Quantifying the effects of spatial-temporal
variability of soil properties on crop growth in
management zones within an irrigated maize field in
Northwest China. Agr Water Manage 244: 106535.
doi: https://doi.org/10.1016/j.agwat.2020.106535.

Intara YT, A Sapei, N Sembiring, MHB Djoeftrie and Erizal.
2011. Pengaruh pemberian bahan organik pada tanah
liat dan lempung berliat terhadap kemampuan
mengikat air. J Ilmu Pertanian Indonesia 16: 130-
135. (in Indonesian)

Johnston K, JM Ver Hoef, K Krivoruchko and N Lucas.
2001. Using ArcGIS geostatistical analyst 380: 287
p. Redlands: ESRI.

John K, SM Afu, IA Isong, EE Aki, NM Kebonye, EO
Ayito, PA Chapman, MO Eyong and V Penizek. 2021.
Mapping soil properties with soil-environmental
covariates using geostatistics and multivariate
statistics. Int J Environ Sci Te 18: 3327-3342. doi:
https://doi.org/10.1007/s13762-020-03089-x.

Krisdianto A, I Musaad and I Djuuna. 2018. Metode
kriging untuk interpolasi parameter kesuburan tanah
di lahan pertanian Kelurahan Malawili Kabupaten
Sorong. (in Indonesian).



56 Y Wijayanto et al.: Geostatistics of Soil Moisture, Electrical Conductivity and pH

Mousavi SR, F Sarmadian, S Dehghani, MR Sadikhani
and A Taati. 2017. Evaluating inverse distance
weighting and kriging methods in estimation of
some physical and chemical properties of soil in
Qazvin Plain. Eurasian J Soil Sci 6: 327-336. doi:
https://doi.org/10.18393/ejss.311210

Oliver MA and R Webster. 2015. Basic steps in
geostatistics: the variogram and kriging. Springer
Cham Heidelberg New York Dordrecht London. Pp
15-42. https://link.springer.com/content/pdf/
10.1007/978-3-319-15865-5.pdf

Phillips JD. 2017. Soil complexity and pedogenesis. Soil
Sci 182: 117-127. doi: https://doi.org/10.1097/
SS.0000000000000204

Ray P, BL Meena, and CP Nath. 2014. Management of
Coastal Soils for Improving Soil Quality and
Productivity Prasenjit 1: 95-99.

Respati ER, R Goejantoro and S. Wahyuningsih. 2014.
Perbandingan Metode Ordinary Kriging Dan
Inverse Distance Weighted Untuk Estimasi Elevasi
Pada Data Topografi (Studi kasus: Topografi
Wilayah FMIPA Universitas Mulawarman).
Eksponensial 5: 163-170. (in Indonesian).

Roidah IS. 2013. Manfaat penggunaan pupuk organik
untuk kesuburan tanah. J Bonorowo 1: 30-43. (in
Indonesian) doi: https://doi.org/10.36563/
bonorowo.v1il.5.

Rozalia G, H Yasin and D Ispriyanti. 2016. Penerapan
metode ordinary kriging pada pendugaan kadar NO2
di udara (studi kasus: pencemaran udara di kota
semarang). J Gaussian 5: 113-121. doi: https://
doi.org/10.14710/j.gauss.v5i1.11034.

Salem TM, KM Refaie, AEHEGAEL Sherif and MAM
Eid. 2019. Biochar application in alkaline soil and its
effect on soil and plant. Acta Agriculturae
Slovenica 114: 85-96. doi: https://doi.org/10.14720/
aas.2019.114.1.10.

Shit PK, GS Bhunia and R Maiti. 2016. Spatial analysis of
soil properties using GIS-based geostatistics
models. Modeling Earth Systems and
Environment 2: 1-6. doi: https://doi.org/10.1007/
s40808-016-0160-4.

Sahbeni G and B Székely. 2022. Spatial modeling of soil
salinity using kriging interpolation techniques: A
study case in the Great Hungarian Plain. Furasian
Journal of Soil Science 11: 102-112. doi: https://
doi.org/10.18393/ejss.1013432.

Shahinzadeh N, T Babaeinejad, K Mohsenifar and N
Ghanavati. 2022. Spatial variability of soil properties
determined by the interpolation methods in the
agricultural lands. Modeling Earth Systems and
Environment 8: 1-11. doi: https://doi.org/10.1007/
s40808-022-01402-w.

Syuaib MF and IW Astika. 2015. Pengembangan Model
Pendugaan Kadar Hara Tanah Melalui Pengukuran
Daya Hantar Listrik Tanah. J Keteknikan Pertanian
03: 1-8. doi: https://doi.org/10.19028/jtep.03.2.%25p.

Tavakkoli E, S Uddin, P Rengasamy and GK McDonald.
2022. Field applications of gypsum reduce pH and
improve soil C in highly alkaline soils in southern
Australia’s dryland cropping region. Soil Use
Manage 38: 466-477. doi: https://doi.org/10.1111/
sum.12756.

Zewd I and M Siban. 2021. The effects of alkalinity on the
physical and chemical properties of soil. 3: 1-5.
Zandi S, A Ghobakhlou and P Sallis. 2011. Evaluation of
spatial interpolation techniques for mapping soil pH.
19th International Congress on Modelling and
Simulation. Perth Australia, pp. 1153—-1159. doi:

https://doi.org/10.36334/modsim.2011.C2.zandi.

Zhang Y and AE Hartemink. 2021. Quantifying short-
range variation of soil texture and total carbon of a
330-ha farm. Catena 201: 105200. doi: https://
doi.org/10.1016/j.catena.2021.105200.

Wicaksono KS, R Suharyadi and SH Murti. 2019.
Mapping of the soil phosphorus using landform
approach on apple orchard in Batu, East Java
Province, Indonesia. IOP Conference Series: Earth
and Environmental Science 243:012025. doi: https:/
/doi.org/10.1088/1755-1315/243/1/012025.



