Implementing Precision Agriculture in
Dutch apple orchards
Usability of proximal sensing to create irrigation
management zones in Dutch apple orchards
Karin Miltenburg
MSc Thesis
Wageningen University and Research
Soil Geography and Landscape (SGL) chair group
March, 2022

Name: K.W.H. Miltenburg
Student ID: 1015778
Supervisors: V.L. Mulder (SGL) & A.C.E. Meijers (FEM)
Examiner: J.J. Stoorvogel (SGL)
Wageningen University and Research
MSc Earth & Environment
Specialization Soil Geography and Earth Surface Dynamics
Soil Geography and Landscape (SGL) chair group
SGL80436

This thesis research is part of the project ‘Sensing the soil’ (PPP between T&U, Agri & Food. Project number:
LWV19095).
1

Abstract
Due to the global population growth, there is an urgency to increase food production. The
development of Precision Agriculture (PA) could potentially contribute to this. PA makes use of
Management Zones (MZs), which are sub-regions that have relatively homogeneous soil-landscape
attributes and should have a comparable yield, environmental impact, and input use efficiency when
managed in the same manner. MZs can be created specifically for irrigation (IMZs), which is important
because under-irrigation and over-irrigation potentially cause decreased crop yields and the
availability of fresh water is threatened worldwide due to climate change. Especially in horticulture,
the application of PA is lagging behind. Therefore, this research aimed to increase the understanding
of how PA can be applied in apple orchards. Proximal Soil Sensing (PSS) was used to collect data as it
is a more efficient, less expensive, and non-disruptive alternative for conventional soil sampling. This
research focussed on the quality of the digital soil maps created using PSS, the relationship between
the soil parameters and the apple yield, and the analysis of the IMZs created using the digital soil maps
and a clustering algorithm. In this study, several promising PSS techniques were used including Ground
Penetrating Radar, Gamma-Ray Spectroscopy and Electrical Conduction (EC). Digital soil maps were
created for the bulk density, organic matter, and sand content in the study area. It was found that the
quality of the digital soil maps created for the sand content and the topsoil organic matter content
using the EC as a covariate was good. In contrast, the quality of the digital soil maps of the bulk density
and the subsoil organic matter content was lower. This can be explained by the quality of the
measurements and other soil properties influencing the covariates, respectively. The soil parameters
were compared to the apple yield, which was used as an indicator for the tree health in the study area.
No correlation was found, suggesting that only looking at the yield when researching this relationship
is not enough since the apple yield is influenced too much by management practices such as pruning.
A clustering algorithm was used to create IMZs which decreased the within-zone variance of the soil
parameters. Based on this, creating five IMZs would be most optimal within this study area. However,
the relatively small size of the IMZs when working with three or more IMZs was found to be less
suitable when considering the workability of the apple orchard. The similar spatial delineation of the
IMZs and the EC maps suggest that using only the EC could provide enough information to create IMZs,
leaving out the step of predicting the soil parameters first.
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1. Introduction
1.1.

General Introduction

The earth’s population is growing; in 2050 the global population is estimated to have increased by
more than 30 % (United Nations, 2015). The population growth will be accompanied by an increase in
food demand; according to Schönfeld et al. (2018), the food production needs to increase by 60 % in
2050 compared to 2010 to avoid food shortage. However, the amount of land that can be used for
agriculture will decrease due to the uptake of space by cities and the associated infrastructure (Goffray
et al., 2010). To feed the growing population and to be able to continue to do so in the future,
agricultural production has to intensify sustainably for example by implementing agricultural systems
that increase the productivity and are resilient to the effects of climate change (United Nations, 2014).
This is hindered by the negative effects of climate change on crop production (Rosenzweig et al., 2014).
Smart farming can be a method to intensify agriculture sustainably (Ratnaparkhi et al., 2020). Smart
farming applies the Internet of Things (IoT), communication-, and information technology to the
agricultural sector to increase the yield, profit, and animal welfare whilst reducing the negative
environmental impacts. IoT is considered as scenarios in which computing capability and internet
connectivity are involved for sensors, objects, and other everyday items (Singhania, 2014). Smart
farming can be divided into three main topics: Automation and Robotics, Farm Management
Information Systems, and Precision Agriculture (PA) (Pedersen et al., 2020). PA is an agricultural
production system that uses spatial and temporal variability of soil properties, crop properties, and
physiology to manage fields so that the productivity, profitability, and efficiency increase whilst the
negative impacts on the environment decrease (Zhang et al., 2002). PA is about “doing the right thing,
in the right place, in the right way, at the right time” (Mokariya & Malam, 2018).
The idea behind PA dates back to the late 80s and early 90s. Researchers found that the increasingly
large agricultural fields should not be considered as one homogeneous unit, which was and still is being
done for conventional agriculture, since this is not representative of the whole field (Arslan & Colvin,
2002; Beluhova-Uzunova & Dunchev, 2019). Instead, large agricultural fields should be divided into
smaller Management Zones (MZs); sub-regions that have relatively homogeneous soil-landscape
attributes. Spatially-tailored agricultural practices form the base for PA. Ideally, the yields,
environmental impact, and input use efficiency are similar within the MZs when applying the same
management practices (Schepers et al., 2004). Even though it is difficult to create MZs due to the
complex combination of climate, soil, and biotic factors, there are several methods to do this.
Questions one should ask when creating MZs are: i) what should the zones be based upon, ii) how
should the data be translated into MZs, and iii) how many MZs should be created (Fridgen et al., 2004).
MZs can be created by using soil information, yield information, and weather data, but also using more
practical information like crop growers' knowledge (Nawar et al., 2017; Song et al., 2009).
Even though MZs can be created using only crop growers' knowledge, to move towards PA and create
MZs based on spatial information, one can imagine that much data is needed. Conventionally,
information on the soil would be gathered by sampling the soil. However, to represent the spatial soil
variability many samples need to be collected. Therefore, soil sampling is labour-intensive, timeconsuming, expensive, and disruptive of the soil (Song et al., 2009; Viscarra Rossel et al., 2011; Viscarra
Rossel & McBratney, 1998). Proximal Soil Sensing (PSS) could provide an alternative for large scale soil
sampling. PSS is defined as using signals from the soil obtained by field-based sensors which are in
contact or close (within 2 m) to the soil (Viscarra Rossel et al., 2009). With PSS more spatial data can
be collected at a lower cost, using less labour-intensive techniques, and without disrupting the soil. It
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is a more efficient measurement technique that can provide more information on in-field spatial
patterns (Daniels, 2004; Fortes et al., 2015; Gallardo et al., 2019; Viscarra Rossel et al., 2009, 2011).
In the Netherlands, the concept of PA was introduced at the end of the 20th century (Bouma, 1996).
Initially, the application of PA was slower than expected due to the assumption that agriculture in the
Netherlands was already small-scaled enough (Kempenaar & Kocks, 2013). Even though during the last
decade the interest of Dutch crop growers in PA increased, the application is still limited (Kempenaar
& Kocks, 2013). However, due to a lack of research and quantitative proof, it is hard to make an exact
estimate of the utilization of PA in practice in the Netherlands (Wal et al., 2017). When PA is applied
in the Netherlands, the main focus seems to be on arable crops (Kempenaar et al., 2010, 2016; van der
Schans et al., 2012; van Evert et al., 2017). In fruit orchards the application, but also the development
of PA is lagging behind (Siep et al., 2019; Vandermaesen et al., 2021). A reason for this is the complexity
of fruit crops compared to arable crops like cereals and potatoes (Vandermaesen et al., 2021).
A development for PA in both agriculture and horticulture is the creation of Digital Twins (DTs). There
are multiple definitions of a DT but it essentially is a digital version of a real object, like a plant, that
mimics its behaviour within a virtual environment (Verdouw et al., 2021). Literature reported on the
use of DTs suggests that the technique has several benefits, including the early detection of diseases
in plants, improved product quality, and support in management decisions (Pylianidis et al., 2021). In
apple orchards DTs could be implemented to create a virtual model of every tree and its surroundings.
This could be used to i) predict stress, ii) predict disease, and iii) predict crop yield under different
environmental conditions and management practices (Moghadam et al., 2020). Compared to MZs, a
DT can be considered as a tiny MZ that can be observed and interfered with over time.

1.2. Problem statement
MZs can be created for many different agricultural inputs, one of which is irrigation (Zhang et al., 2002).
Creating MZs for irrigation is important because under-irrigation and over-irrigation can cause
decreased crop yields and the availability of fresh water is threatened worldwide due to climate change
and the growth of the population (Charles et al., 2017; Ward & Pulido-Velazquez, 2008). Creating these
so-called Irrigation Management Zones (IMZs) is nothing new; Nijbroek et al. (2003) created IMZs to
limit the usage of water whilst optimizing the yield of soybeans. Some research that focuses on creating
IMZs only use the Electrical Conductivity (EC) as a proxy for all the soil parameters (Fortes et al., 2015;
Hedley et al., 2010; Peralta et al., 2013; Serrano et al., 2020). Other studies do take more parameters
for the soil into account but are focused on arable farming (Fontanet et al., 2020; Haghverdi et al.,
2015; Jiang et al., 2011; Ohana-Levi et al., 2019; Oldoni & Bassoi, 2016). Even though IMZs can also be
created using mainly yield information (Nijbroek et al., 2003), including the spatial variability of the soil
is key when determining the amount of water that is needed for crops (Fortes et al., 2015).
As mentioned in the introduction, in fruit orchards the development of PA and using IMZs is lagging
behind compared to arable farming (Siep et al., 2019; Vandermaesen et al., 2021). Especially in Europe,
where the overall application of PA is rather low, the application of PA in horticulture is
underdeveloped (Gemtos et al., 2011). As such, fruit growers in the Netherlands do not gather much
information about the variability of soil parameters in their orchards. Applying soil-based PA is
especially useful for perennial crops like apple and pear because they stay in the same location for
several years (Siep et al., 2019). Also, the economic value of these crops is high (Gallardo et al., 2019).
Even though there are studies on the site-specific application of nitrogen and the delineation of MZs
in apple orchards (Aggelopoulou et al., 2011, 2013), more research is needed before PA can be applied
in apple orchards.
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A cost-effective solution to gather information for deriving IMZs is PSS. PSS has and is currently being
researched extensively (Akinsunmade et al., 2019; Angelopoulou et al., 2020; Ji et al., 2019;
Saifuzzaman et al., 2021; Sun et al., 2019); the understanding of how sensors used for PSS work and
how they can be used is becoming increasing (Viscarra Rossel et al., 2011). However, for the
widespread adoption of PSS for deriving IMZs, there still is a need for a better understanding of how
the sensor data can be used and combined to produce valuable soil information (Kempenaar et al.,
2018; Viscarra Rossel et al., 2011).

1.3.

Research aim

This research aims to increase the understanding of how PA can be applied in apple orchards and how
PSS can be used for this. During this research, IMZs are created based on soil parameters that give an
indication of the water holding capacity of the soil. To determine the importance of the different soil
parameters, the relationship between the soil parameters and the yield of the apple trees in the study
area are researched. The soil parameters focussed on during this research are the soil organic matter
content, the soil texture, and the bulk density. PSS paired with conventional soil sampling techniques
are used to gather information in the study area for the soil maps. The PSS techniques used in this
research are: i) Ground Penetrating Radar (GPR), ii) electrical conductivity (EC), iii) gamma-ray
spectroscopy, and iv) LiDAR. Based on this aim the following research question was formulated:
How can proximal sensing be used to create irrigation management zones for apple orchards?
To answer this question the following sub-questions were answered:
•
•
•

What is the quality of the soil bulk density, soil organic matter, and soil texture maps created
using proximal soil sensing?
What is the relationship between the soil variability maps and the yield of the apple trees?
To what extent can spatial clustering derive useful irrigation management zones using the soil
bulk density, soil organic matter, and soil texture maps?
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2. Methodology
2.1.

Study area

The study area is part of the Dutch horticultural experimental area “Proeftuin Randwijk”, where fruit
crop experiments are conducted. Proeftuin Randwijk is located in Randwijk in the municipality
Overbetuwe in Gelderland (5.7142177°E 51.9375864°N) (Fig. 1). It is located on a crevasse splay north
of the river De Linge. Part of the soil was excavated, the reason for this excavation is unknown. The
study area is located within an apple orchard of 9 ha that comprises 16.000 apple trees (Fig. 1b, red
polygon). There are 3094 apple trees in the study area, most of which are of the cultivar ‘Kanzi’ (grafted
on M9) which is known for its high market value though high vulnerability to pathogens (Maas, 2013).
The cultivar ‘Granny Smith’ is planted throughout as a pollinator. The trees are planted ±1 m apart at
a row distance of 3.3 m (Fig. 2). The trees were planted in 2014 and the yield is ± 20 kg per tree, the
trees are pruned to have a maximum yield of 100 apples. However, the fruit grower has mentioned
that there is a lower yield in the western part of the study area, which he believes can be attributed to
soil characteristics and a persistent infection with plant pathogen Nectria galligena (G. van Loenen,
personal communication, October 2021).

Figure 1 a) Map of the Netherlands, the green dot is the location of the study area. b) Zoomed in on the study area, which is
outlined in red. Lingewal 1b is the address of Proeftuin Randwijk.

All apple trees are simultaneously and equally irrigated using a single tube drip irrigation system. Trees
are commonly harvested in quadruplets in October/November at an interval of two weeks. Annual
severe pruning activities take place in winter when trees are pruned to 2.5 m and with four dominant
base branches for the year to come. Fruit thinning is carried out to stabilize production by avoiding socalled “beurtjaren”, which roughly entail an unfavourable fruit production oscillation where a
superfluous fruiting year is followed by a poor fruiting year. Additional pruning is done some years in
September when trees invest too much in vegetative growth (leaves and branches) rather than
generative growth (fruits) which reduces production. Annually, leaf number reduction is carried out
after the first harvest using air-blower machinery to allow better colouring of the apples improving
their market value. Management of fertilization, weeding, pests and diseases were all done equally
over the orchard following common local practices, however, their details exceed the purpose of this
research.
Due to time constraints, only 1 ha of the orchard was chosen as the study area. The location was
selected for its known high variation in soil parameters (G.van Loenen, personal communication
8

October 2021). The study area has a rectangular shape for practical reasons (e.g. row-based
measurements).

Figure 2 Dimensions in the study area.

2.2.

General overview

The first step in this research was to collect data in the study area. Before the apples in the study area
were harvested, in September 2021, information on the apple trees was gathered. A detailed
description of how this was done can be found in chapter 2.4.3. Information on the soil properties was
collected in November 2021 using conventional point sampling techniques and PSS (point
measurements and continuous measurements). Details on this can be found in chapters 2.4.1 and
2.4.2. The exact date each measurement was done can be found in Appendix I. To get a more detailed
overview of the soil parameters, the soil was split into topsoil, 0 cm – 30 cm, and subsoil, 30 cm – 60
cm. These depths were chosen based on the knowledge that nutrient absorption by the main volume
of apple tree roots occurs in the first 30 cm of the soil (Sharma & Chauhan, 2005). However, the
maximum rooting depth of an apple tree is deeper so it was necessary to get information from the
subsoil as well (Aggelopoulou et al., 2011). The gathered information was used to create maps of the
bulk density, soil organic matter, and sand content of the soil. The sand content was chosen to
represent the soil texture because the sand content was expected to vary most in the research area
based on previous findings. The relationship between the soil parameters and the apple yield was
analysed and the maps of the soil parameters were used to create IMZs using a fuzzy clustering
algorithm. A detailed schematic overview of the methods can be found in Figure 3 and is further
explained in chapters 2.4, 2.5, and 2.6.
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Figure 1 Schematic overview of the research methods. Abbreviations: PSS = Proximal Soil Sensing, OK = Ordinary Kriging, KED
= Kriging with External Drift.

2.3.

Available sensors

During this research, several proximal sensing techniques were used. A short description of how these
sensors work is provided in this chapter.
GPR uses high-frequency electromagnetic energy to observe changes in the dielectrics properties of
the soil (Neal, 2004). This is done by transmitting electromagnetic radiation into the ground. This
energy is then absorbed, reflected or scattered by the soil particles and objects in the soil (Cassidy,
2009). A portion of the initially transmitted radiation is returned to the measurement device and the
travel time of this radiation can be used to determine its location. This can be used to find objects in
the soil, determine soil structures and find abrupt (texture) changes (Daniels, 2004). In this research,
the GPR with an 800/300 MHz Dual Frequency antenna linked to a GPS device (Stonex S900A) was used
(Fig. 4a). The GPR was expected to provide information about the abrupt texture changes in the soil
and the spatial and lateral variability of the soil texture.
The DualEM sensor measures the EC, which is the ability of a soil to conduct an electrical current. The
EC of a soil is influenced by the clay and organic matter content, the soil water content, the
temperature of the soil, and the salt concentration of the soil moisture (Pedersen et al., 2020). The EC
can be measured using electrical induction, for which two coils above the soil are used to create a
10

secondary magnetic field that is led through the soil. By measuring the strength of this secondary
magnetic field, one knows the EC (Knotters et al., 2017). For this research, the EC was measured by
FleurenTech B.V. using a Dualem1HS connected to a GPS device placed on a quad (Fig. 4b). The EC was
expected to provide information on the spatial and lateral variability of the organic matter and sand
content of the soil.
The Medusa RhoC3.1 is a device that can be used to in-situ measure the bulk density of the soil
(Knotters et al., 2017). “Rho” refers to the density which can be determined using the sensor and “C”
refers to the activity concentration of decaying isotopes that are measured by the sensor (W. Jacobs
et al., 2009). The RhoC emits gamma radiation from a radioactive source which gets absorbed or
scattered by the soil and detected by a sensor. The density of the soil influences the amount of
radiation that gets detected by the sensor, which can be used to determine the bulk density (W. Jacobs
et al., 2009). Measuring the bulk density in-situ is very cost and time effective, therefore the need for
a sensor is large. In this research the RhoC3.1, accompanied by a mobile phone with the RhoC software,
was used to measure the bulk density of the soil (Fig. 4c). Currently, the RhoC is still under development
and thus it is not guaranteed that the output will provide useful information to this specific study.
The Eijkelkamp Penetrologger determines the penetration resistance of the soil by converting the
pressure which is needed to slowly push a metal rod of 80 cm with an angled cone tip of 1 cm2 into the
ground (Yegül et al., 2011). Due to local deviations, the Penetrologger has to be pushed into the ground
several times to get a reliable measurement (Batey, 2009). In this research, the Penetrologger was
pushed into the soil 5 times at each measurement location to determine the average penetration
resistance of the soil. Because there is a relationship between the penetration resistance and the bulk
density of a soil (Salman & Kiss, 2018; Vaz et al., 2013), the penetration resistance was expected to
provide information on the bulk density of the soil in this study area.
LiDAR is frequently used for fruit detection and to estimate tree biomass (Gené-Mola et al., 2020;
Moghadam et al., 2020; Sanz et al., 2013). LiDAR (Light detection and ranging) is a laser technology
that can measure distances which can be used to create 3D structural datasets comprising clouds of
points (Rosell et al., 2009). After this, the individual trees can be segmented and a 3D grid can be
created for each row (M. Afonso, personal communication, December 9, 2021). This can be used as
input for a Deep Learning model aiming for fruit detection (M. Afonso, personal communication,
January 24, 2022). In this research, a LiDAR scan will be made of the entire study area from which the
count and the tree biomass per apple tree can be derived. This was done so the information of the
trees could be linked to the soil information. However, since this model is still under development, it
is not guaranteed that the output can be delivered in time to be taken into account during this thesis
research.

2.4.

Data collection in the field
2.4.1. Collection of soil sensing information

To create and determine the quality of the soil bulk density, organic matter, and sand content maps,
soil data was collected at two depths in the field. During the fieldwork, PSS measurements were done
and conventional field/laboratory measurements were done to validate the PSS measurements. Which
measurements were done for each map is shown in Table 1.
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Table 1 Overview of PSS and conventional field/laboratory measurements per soil parameter mapped in this research.

Map
Bulk density

Organic matter content

Texture

Proximal Soil Sensing
measurement
MS RhoC 3.1 (gamma
radiation)
Penetrologger
Soil moisture
Digital Elevation Model
DualEM
Soil moisture
Digital Elevation Model
GPR
DualEM
Soil moisture
Digital Elevation Model

Conventional field/laboratory
measurement
Ring samples

Profile descriptions
Organic matter samples
Profile descriptions
Texture samples

The GPR (300/800 MHz DF Ground Penetrating Radar Antenna | Allied Associates, n.d.; Ground
Penetrating Radar Data Acquisition Unit| SIR-4000 | GSSI, n.d.) and DualEM (Bodemscannen |
FleurenTech Precisie Landbouw, n.d.) conducted measurements along the transect shown in white in
Figure 5a. The transect comprised 16 paths that were 3.3 m apart and had a length of about 175 m,
the transect covered a total distance of about 2800 m. The measurements were done approximately
80-100 cm from the trees (see Fig. 4a and 4b) on the west side of each path, where more roots grow,
instead of in the middle. This was done because nutrients and water are mainly taken up closer to the
tree and thus measuring there is more interesting. For the DualEM, the measurements were done at
different depths than the other measurements; at 0.25 m instead of 0.15 m for the topsoil and 0.50 m
instead of 0.45 m for the subsoil, due to standardized measuring.

Figure 2 Measurements done in the field with the a) GPR, b) DualEM sensor, and c) RhoC.
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The PSS point samples were taken every 52 m along the transect of the GPR and DualEM (Fig. 5c). This
non-probability, spatial coverage sampling design (Stoorvogel, 2020) comprising 53 point locations was
chosen to have a coverage of samples all over the study area and was possible due to the information
of the site that was already available. The interval of 52 m was chosen after considering an interval of
50 m (Fig. 5b). The 50 m interval showed the sampling points on horizontal lines in the area, this was
unwanted since the vertical short distance spatial variation would be neglected. Therefore, a more
spatially covering distribution, which was obtained with an interval of 52 m, was chosen (Fig. 5c). At
the 53 sampling locations, measurements with the Penetrologger (Penetrologger Veldmeetapparatuur | Eijkelkamp, n.d.), RhoC (MS-RhoC4 Soil Density Meter - Medusa Product Info The Medusa Institute, n.d.), and soil moisture sensor (TRASE SYSTEM 1(CE COMPLIANT), n.d.) were
done. The soil moisture measurements were done using a 6050X1 TRASE System I with pins of 40 cm.
The soil moisture measurements were done alongside other measurements to determine whether the
soil moisture content was different on different measurement days since this could influence the
measurements done by the sensors. Three different soil moisture datasets were collected during three
different sessions; soil moisture 1 was measured on the same day as the RhoC, soil moisture 2 was
measured on the same day as the GPR, and soil moisture 3 was measured on the same day as the
DualEM.

Figure 3 a) The study area is outlined in red, the transect is shown in white. b) The orange points show the location of the sampling
points when the interval is 50 m (n=55). c) The points show the sampling locations when the interval is 52 m (n= 53), the blue
points show the locations where next to the soil measurements also a profile description was done.

2.4.2. Additional soil information
Profile descriptions were done at six locations spread over the field (blue points in Fig. 5c). The profile
descriptions were done on the expected sandy soil, silty soil and the transition between these soil
textures. Also, 53 soil samples were collected for the topsoil and the subsoil using an Edelman auger.
These samples were used for the validation of the PSS measurements. Each sample was hand-mixed
from two separate auger holes. The sample was analysed by Eurofins Agro on soil texture, soil organic
matter content, available nutrients, and soil pH.
Bulk density ring core samples were taken for the topsoil at 15 cm depth, being the centre of the topsoil
layer, and at the centre of the subsoil layer at 45 cm depth (Fig. 6a). The samples were taken following
the Kellog Soil Survey Laboratory Manual (method 3B6a, bulk density core samples in field-state) (U.S.
Department of Agriculture & Service, 2014). Some alterations were made to this method for practical
13

reasons. Three rings were horizontally placed at each depth at ±2 cm apart to get an average value for
that depth, so 6 rings were placed over 2 depths at each location. Because there were so many rings
needed for this, there were not enough rings for all samples. Therefore, the rings were emptied into a
plastic bag in the field. Each plastic bag contained the soil of the 3 rings taken at one depth. The rings
had a diameter of 5.3 cm, a height of 5.1 cm and a volume of 100 cm3 (Fig. 6b). For practical reasons,
the rings were pushed into the soil on a vertical flat surface at 15 cm depth, and on a horizontal flat
surface at 45 cm depth (Fig. 6a). Also for practical reasons, a subsample of approximately 120 g was
selected for each measurement to dry in the oven instead of the whole sample. For this, the
assumption was made that the moisture content was the same in the whole sample, which increased
the uncertainty of the measurement. This subsample was dried at 110 °C until constant weight, this
took about 36 hours (Fig. 6c). The decrease in weight was used to determine the expected weight that
the original sample would have had if it would have been dried in the oven, using the following formula:
𝐷𝑊𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 = 𝑊𝑊 ∙

𝑆𝐷𝑊
𝑆𝑊𝑊

𝑒𝑞. (1)

where DWexpected is the expected dry weight of the original sample containing all three rings in g, WW
is the wet weight of the original sample in g, SDW is the dried weight of the subsample in g, and SWW
is the wet weight of the subsample in g. After this, the bulk density was calculated using the following
formula (adapted from U.S. Department of Agriculture & Service, 2014):
𝐵𝐷 =

𝐷𝑊𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑
𝐶𝑉

𝑒𝑞. (2)

where BD is the bulk density in g/cm3, DWexpected is the expected dry weight of the original sample
containing all three rings in g, and CV is the core volume of the 3 rings in cm3 (300 cm3).

Figure 4 a) The bulk density rings pushed into the soil. b) A filled bulk density ring. c) The samples drying in the oven.
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2.4.3. Tree sensing information
To gather the data on the trees in the orchard, a platform with the Pepperl+Fuchs R2000 UHD LiDAR
sensor (De R2000-Serie 2D-Laserscanners, n.d.) together with an Emlid Reach RS2 GPS sensor (Reach
RS2 – Multi-Band RTK GNSS Receiver for Navigation and Mapping | Emlid, n.d.) measured along the
same transect as the DualEM and GPR (Fig. 5a).

2.4.4. Additional tree information
In this research, the number of apples per tree was used as a proxy for the apple yield and determined
for 341 out of the 3094 apple trees in the study area (11 %). An in-situ sampling scheme was created
to determine which apple trees to count. Each row consisted of 182 trees, of which the 4 trees at the
start and the end were not considered due to possible changes resulting from being on the edge of the
rows. In the north of the study area, a sandier soil was expected based on previous knowledge, this
could cause more variation between the trees. Therefore, in the northern part, the number of apples
per tree was counted on every 6th tree. This was done for the first 60 trees counting from the north.
After this, every 10th tree was counted for the remaining trees in the row. Apples with a diameter
smaller than 65 mm were not counted (Fig. 7a). Also, not all trees in the study area were considered.
As mentioned in the introduction the cultivar ‘Granny Smith’ was planted throughout the study area
as a pollinator, these trees were not taken into account since different cultivars were expected to grow
a different number of apples (Forshey, 1986) (Fig. 7b). Also, trees that were clearly younger and
planted later than the rest of the orchard were not considered (Fig. 7c). Lastly, trees that were pruned
upon past infections with pathogens with were not considered, since the number of apples on those
trees would be affected by this interference (Fig. 7d). When a tree was not counted because of one of
the abovementioned reasons, the next tree was still located 6 or 10 trees from that tree. This was done
to ensure the same number of trees in each row was counted. The GPS location of the trees was logged
with the Emlid Reach RS2 and the ReachView3 (version 6.10) app.
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Figure 5 a) The apples that were counted next to the apples that were too small (<65 mm) to be counted. b) The Granny Smith
trees were recognizable by the green apples. c) A tree that was pruned upon past infections with pathogens. d) A tree that was
obviously planted later than the other trees in the study area.

2.5.

Data processing
2.5.1. Processing the soil information

The data from the DualEM was pre-processed by FleurenTech B.V (Bodemscannen | FleurenTech
Precisie Landbouw, n.d.), and the data from the Penetrologger was pre-processed by WENR.
The GPR data processing was part of the thesis work. The output of the GPR was 16 two-dimensional
files representing the lines of the transect in the study area. Before these two-dimensional lines could
be interpolated to create a three-dimensional file, they were pre-processed. This was done using the
ReflexW Pre-Version 10.0 software (Sandmeier, 2020). The pre-processing was done by sequence
processing and included the following steps: 1) adding the coordinate data, 2) setting the depth axis
through hyperbola fitting (0.04 m/s), 3) compression to 2048 traces which is the maximum trace
increment for three-dimensional interpolation, 4) bandpassfrequency correction to get rid of the low
frequencies, 5) correcting the maximum phase, 5) moving the start time; this was done by a simple
static correction, 6) time cut to cut each profile at the same depth, 7) the Gain function to exaggerate
the signal and make layers visible in the profile, 8) subtracting average to perform a sliding background
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removal, 9) average xy-filter to suppress trace and time-dependent noise. After this, the data was
interpolated to create a three-dimensional file. The interpolation was done for “freely distributed 2Dlines” and the line increment was set to 1.6 m in both the x- and y-direction. This distance was chosen
because it was about half the distance between the lines. The x interpolation was set to 3.3 m since
this was the distance between the lines in the transect, the y interpolation was left on the default value
of 10 m. The interpolation weight was set to “Square Weight Interpolation”. More information on the
pre-processing steps can be found in the Reflex Manual (Sandmeier, 2020). After the interpolation of
the lines, the envelope was chosen as the displayed unit. The envelope is a measure of reflectivity
strength, which is obtained by the Hilbert transform (D. De Benedetto et al., 2010). Enveloping the
data was done to simplify the GPR data and make it easier to interpret (Tomecka-Suchoń & Marcak,
2015). To export the data from the Reflex software and import it into R-Studio for further analysis, the
envelope had to be normalized and got a value between 0 and 1, with 0 being the weakest signal
reflection and 1 the strongest signal reflection.

2.5.2. Processing the tree information
The pre-processing of the LiDAR data was done by WENR. Because the technique to determine the
yield and biomass per tree is still being developed, the results were not quite as expected. The deep
learning model was only able to determine the number of apples on one row of the study area. Since
the study area consisted of 16 rows, this was not representative of the whole study area. Therefore,
the data analysis for the soil-tree relationship was conducted using the validation data which
comprised the number of apples on 341 trees counted manually in the field.

2.6.

Data analysis

The data analysis was split up into three parts: 1) analysing the soil data and creating maps of the bulk
density, organic matter and sand content, 2) comparing the soil maps with the number of apples per
tree, and 3) deriving and evaluating the IMZs based on the digital soil maps. An overview of the
methods including data analysis can be found at the start of chapter 2 (Fig. 3). The data analyses were
done in RStudio (Version 1.4.1717) and ArcGIS Pro (Version 2.8.3).

2.6.1. Soil data analysis
An explorative analysis was done for the soil data before the bulk density, soil organic matter, and sand
content maps were made. For the conventional point measurements and the point data collected using
PSS, the following summary statistics were computed: mean, standard deviation, median, minimum
value, and maximum value. After this, outliers were removed from the dataset, normality was checked
using the Shapiro-Wilk test (Shapiro & Wilk, 1965), and an Analysis of Variance (ANOVA) was
performed between the topsoil and subsoil to find out if the mean was significantly different (Larson,
2008).
Digital soil maps were made using Ordinary Kriging (OK) and the conventional point measurements/
the point data collected using PSS. OK was used for this as it is considered to be the best unbiased
linear predictor (Cressie, 1990). The conventional field measurements (bulk density, organic matter,
and sand content) were mapped as well as the point data collected using PSS (the soil moisture
content, bulk density measured by the RhoC and the penetration resistance). The semivariograms that
were created for OK had a lag size chosen such that the semivariogram fitted the data best and thus
the sum of squared error was lowest. The semivariogram was fitted with either a spherical or
exponential model, again depending on which fitted the data best. As a measure of the uncertainty,
the standard deviation based on the kriging variance was mapped as well. The R2 (the amount of
variation explained by the model), RMSE (root mean square error), and ME (mean error) were
calculated using leave-one-out-cross-validation (Hengl et al., 2017). This was done by re-fitting and
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running the model as many times as there were observation points whilst keeping one observation
point out every time. After this, the prediction from the model was compared with the observed value
of the left out point (Hengl et al., 2017).
The OK maps of the bulk density, organic matter and sand content were used as a reference for
comparison with the maps created next. Additional digital soil maps were made for the bulk density,
organic matter and sand content using Kriging with External Drift (KED) and covariates originating from
the sensor data, further referred to as the PSS-based maps. The covariates available were the GPR
maps, EC maps and the DEM, but also the soil moisture, RhoC and penetration resistance maps
generated in the previous step using OK.
KED is a particular way of universal kriging that defines the drift by covariates instead of the
coordinates (Hengl et al., 2003). In this research, KED was done to interpolate the bulk density, organic
matter, and sand content, which was only known at the measurement points, using the PPS-based
maps. An assumption for KED is that the covariates must be linearly related to the predicted variable
(Li & Heap, 2008). Therefore, to most accurately model the external drift, firstly multiple linear
regression (MLR) models were created. The MLR models were optimized by selecting the best variables
using the stepwise AIC (Akaike Information Criteria) method for variable selection in both directions
(Yamashita et al., 2007). The covariates left were checked for multicollinearity (coefficient of
determination > 0.8) and when needed the least significant covariate was removed from the model. A
semivariogram was created for the residuals, the lag size and the type of model was again chosen
depending on which fitted the data best. This semivariogram of the residuals was used for the KED.
For the digital soil maps created using KED, the standard deviation was also mapped based on the
kriging variance as a measure for the uncertainty. Again the R2, RMSE and ME were calculated using
leave-one-out-cross-validation (Hengl et al., 2017). This was used to determine the quality of the digital
soil maps and to compare the maps created by KED to the maps created by OK. The best prediction
was used for further analysis.

2.6.2. Comparing the soil data to the yield of the apple trees
As mentioned in chapter 2.5.2, the processing of the LiDAR data was not satisfactory and could not be
used for further analysis. Therefore, the following method was used as an alternative solution to
answer the second research question. First, a semivariogram was created for the apple yield to find
out whether there was spatial correlation. Using the Shapiro-Wilk test, the normality of the tree data
and the extracted soil parameters was tested. In the case of a non-gaussian distribution, the Spearman
correlation coefficient was calculated (Pedrera-Parrilla et al., 2016; Saifuzzaman et al., 2021). Also, an
F-test was used to determine whether these correlation coefficients were significant and thus
indicated a relationship.

2.6.3. Creating and analysing the IMZs
Lastly, the bulk density, soil organic matter, and sand content maps created using KED were used as
input data to create the IMZs. This was done by Dennis van Walvoort (Wageningen Environmental
Research). The measurements were standardized to have a mean of 0 and a standard deviation of 1
because not all soil properties were measured in the same unit (Aggelopoulou et al., 2013). The IMZs
were created using the stratifyer.org tool. This is a tool that uses a fuzzy clustering algorithm to
optimize the feature space as well as the geographical space; the algorithm searches for zones that
have similar input properties. Compared to a simple fuzzy k-means clustering algorithm this tool
creates more compact MZs and compared to spatial coverage sampling this tool creates more
homogeneous MZs (Kempenaar et al., 2019).
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For the tool, different weights were assigned to different input parameters to increase the influence
of more important parameters and to decrease the effect of parameters that were co-correlated
(Kempenaar et al., 2019). In this research, the weight of each soil map was determined based on: i) the
depth of the map (topsoil or subsoil), ii) the relationship with the water holding capacity of the soil, iii)
the quality of the map, and iv) the correlation between the soil maps. To take into account the depth
of the maps, the assumption was made that the subsoil is half as important, and thus gets half of the
weight, compared to the topsoil. This was deemed valid, as similarly Aggelopoulou (2011) assumed
that the total amount of nutrients taken up by the soil is the sum of the nutrients from the topsoil and
half the amount of nutrients from the subsoil.
The soil organic matter content and the water holding capacity of the soil have a strong relationship,
which is influenced by the soil texture (Adamy & Aliyu, 2012, Libohova et al, 2018). Therefore, the soil
organic matter content and the soil texture should theoretically get a larger weight than the bulk
density (2:1). Although the bulk density also influences the water holding capacity of the soil, this
relationship was considered less strong (Adamy & Aliyu, 2012). Moreover, the quality of the bulk
density maps was lower, therefore also the weight of the bulk density maps had to be lower. Taking
this into account, it was decided to give all properties equal weight instead and only assign different
weights to the topsoil and subsoil maps (2:1). This was deemed appropriate, as the organic matter and
sand content maps did have the same input variable (DualEM) and therefore did show the same spatial
variability and patterns.
With these weights 2 - 5 IMZs were created. Two IMZs were created to investigate whether creating
IMZs and splitting the study area up would improve the current irrigation management. Also, three,
four and five IMZs were created to investigate if adding more IMZs would improve the irrigation
management even more. A maximum of five IMZs was chosen based on the practicality of the zones;
when more IMZs would be delineated on this relatively small study area, the zones would get too small
and not be workable anymore. The different maps with the IMZs were compared using the overall
within-zone variance of the soil properties (Haghverdi et al., 2015). For each soil parameter, the
average standard deviation within the IMZs was calculated. The standard deviation when no clustering
was done was set to 100 % and the relative decrease was calculated. This was done because not all
parameters were measured in the same unit. The optimal number of IMZs was the delineation with
the lowest average standard deviation (Haghverdi et al., 2015). Lastly, the practical use of the maps
was discussed with the fruit grower to get an idea of whether the implementation of the IMZs was
realistic.

19

3. Results
This chapter is divided into three subchapters; one focusing on the analysis of the soil data, one
comparing the soil data to the yield of the apple trees, and one focusing on analysing the IMZs created
using the soil data.

3.1.

Analysing the soil data

In this subchapter, the analysis of the soil data is discussed. First, the explorative analysis and the
continuous PSS measurements are discussed, then the OK of the PSS measurement, and lastly the
prediction of the bulk density, organic matter, and sand content using OK and KED is discussed.

3.1.1.

Explorative analysis

All data is normally distributed, except for the topsoil RhoC measurements (p-value Wilk-Shapiro test
= 0.02). A log- or exponential transformation was unable to achieve the preferred normal distribution,
so it was decided to continue with the non-normally distributed data and consider it as normally
distributed. Table 2 provides the summary statistics for each soil point measurement. The soil moisture
measured on different days does not show strong differences on average (33 % - 35.7 %). The mean
bulk density is significantly different in the topsoil compared to the subsoil (P-value = 1.71∙10-3), the
bulk density measured by the RhoC does not show this difference (P-value ANOVA = 0.96). The mean
bulk density measured by the RhoC is higher in the topsoil (1.69) and the subsoil (1.69) compared to
the bulk density measured by the rings (1.30 and 1.35, respectively). The mean penetration resistance
is significantly higher in the subsoil compared to the topsoil (P-value = 7.23∙10-13). The mean organic
matter content is significantly lower in the subsoil (P-value ANOVA = <2∙10-16), and there is a smaller
range for the sand content in the topsoil (26 % - 63 % compared to 22 % - 80 %).
Table 2 Summary statistics of the collected point data, including the minimum, median, mean, maximum, standard deviation
(St. Dev.), and the P-value of the ANOVA analysis between the topsoil and the subsoil.

Measurement
Soil moisture content 1 (%)
Soil moisture content 2 (%)
Soil moisture content 3 (%)
Bulk Density (rings) topsoil
(g/cm3)
Bulk Density (rings) subsoil
(g/cm3)
RhoC topsoil (g/cm3)
RhoC subsoil (g/cm3)
Penetration resistance
topsoil (MPa)
Penetration resistance
subsoil (MPa)
Organic matter content
topsoil (%)
Organic matter content
subsoil (%)
Sand content topsoil (%)
Sand content subsoil (%)

Minimum
27.3
28.5
26.3
1.17

Median Mean Maximum St. Dev.
34.9
35.7
32.8
1.28

34.6
35.7
33.0
1.30

39.7
45.8
41.8
1.52

2.97
3.56
3.43
0.08

P-value
ANOVA
1.71∙10-3

1.14

1.35

1.35

1.51

0.08

1.14
1.22
0.64

1.75
1.71
0.89

1.69
1.69
0.92

1.97
2.00
1.27

0.20
0.19
0.12

0.96
7.23∙10-13

0.69

1.25

1.29

2.02

0.31

2.0

3.1

3.2

5.0

0.64
<2∙10-16

0.9

1.6

1.7

3.0

0.51

26.0
22.0

46.0
50.0

45.0
49.9

63.0
80.0

9.53
13.82

0.04
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There is a positive correlation between the soil moisture content measured at different moments (Fig.
8 and Fig. 9). The topsoil and subsoil soil moisture content is negatively correlated with the DEM and
the sand content, and positively correlated with the EC and organic matter content. The EC is strong
and negatively correlated with the DEM and the sand content in the topsoil and subsoil. The
relationship between the EC and the organic matter content is positive but stronger for the topsoil
compared to the subsoil. The topsoil GPR is not correlated with any of the measurements, in the
subsoil, there is some correlation with the EC, sand content, and soil moisture content. The correlation
between the organic matter content and the sand content in the topsoil is very strong. The relationship
between the bulk density measured with the rings, the RhoC and the penetrologger is further discussed
below.

Figure 6 Correlation matrix for the topsoil parameters with the correlation coefficients in the boxes.

Figure 7 Correlation matric for the subsoil parameters with the correlation coefficients in the boxes.
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The relationship between the topsoil bulk density determined by the rings and by the RhoC is negative
(Rho = -0.29) and not significant (P-value = 0.052)(Fig. 10a). For the subsoil, the relationship is also
negative (Rho = -0.34) but significant (P-value = 0.020) (Fig. 10b). The relationship between the topsoil
bulk density and the penetration resistance is positive (Rho = 0.34) and significant (P-value = 0.018)
(Fig. 10c), whilst this relationship in the subsoil is negative (Rho = -0.14) and not significant (P-value =
0.365) (Fig. 10d).

Figure 8 Scatterplots, the correlation coefficient, the p-value of the correlation, and the regression lines of the relationship
between a) the topsoil bulk density measured by the rings and by the RhoC, b) the subsoil bulk density measured by the rings and
by the RhoC, c) the topsoil bulk density measured by the rings and the penetration resistance, d) the subsoil bulk density
measured by the rings and the penetration resistance.
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The DEM of the study area (Fig. 11) shows a north-south gradient with a difference of about 0.5 m
between the highest and lowest point in the study area. The lower area is the excavated area
mentioned in the study site description.

Figure 9 DEM of the study area.

The same north-south gradient was found on the EC maps (Fig. 12). The EC maps at 0.25 m (Fig. 12a)
and 0.50 m (Fig. 12b) depth show smooth spatial patterns. Overall, the values are lower for the topsoil,
ranging from 3.70 mS/m to 17.45 mS/m, compared to the subsoil, ranging from 7.20 mS/m to 26.10
mS/m. Both maps show a lower EC in the upper middle part of the map. Also, vertical lines appear on
both maps due to the interpolation of the transect measurements that contribute to the uncertainty
of the maps.

Figure 12 The EC map for the a) topsoil and b) subsoil.

The deep GPR maps show a similar pattern to the EC maps (Fig. 13). The topsoil GPR map (Fig. 13a) has
higher values around the edges of the study area which could be due to the interpolation of the lines
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towards the edges. The subsoil GPR map (Fig. 13b) has an area with a higher normalized envelope in
the top middle of the map. Much of the emitted signal was reflected back towards the sensor in this
area which could suggest a transition between two soil layers with a different texture. This potential
transition is shown in the two-dimensional transect of the GPR data in Figure 14, the high normalized
envelope values represent the clear lines that are encircled in red between 0 m and 80 m. This structure
is visible throughout the depth of the profile (Fig. 13c and 13d). These maps show the structures which
are encircled in Figure 14 along the blue line that represents that transect. An overview of the GPR
measurements per 5 cm throughout the whole profile can be found in Appendix II.

Figure 13 The normalized envelope after 3D interpolation of the GPR data for the a) topsoil and b) subsoil. The normalized
envelope after 3D interpolation of the GPR data for c) 0.30 m depth and d) 0.40 m depth, the blue line represents the transect
shown in Figure 14.

Figure 14 Two-dimensional GPR image of the 8th row in the study area with the texture transition encircled in red.
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3.1.2. Digital soil mapping using Ordinary Kriging for PSS-based point
measurements
The semivariograms for the soil moisture (Fig. 15a), RhoC (Fig. 15b) and penetration resistance (Fig.
15c) show varying degrees of spatial correlation. The soil moisture shows a stronger spatial correlation
than the RhoC and the penetration resistance. The topsoil RhoC does not show much spatial
correlation; the partial sill is small (0.009), the nugget is high (0.032) and the range is short (11.71 m)
(Table 3). The spatial correlation for the subsoil RhoC is slightly stronger; the partial sill is higher (0.015),
the nugget is lower (0.021) and the range is larger (27.57 m). There is more spatial correlation for the
subsoil penetration resistance (partial sill = 0.104) compared to the topsoil penetration resistance
(partial sill = 0.012). The lag size of the semivariograms created for OK of the soil moisture, RhoC and
penetrologger data vary between 8 and 12 meters. The sill, nugget, and sum of squared error of the
RhoC and penetration resistance are about 10-3 lower compared to the soil moisture due to their lower
initial values. The semivariograms for the soil moisture measurements are very similar; all soil moisture
measurements show spatial correlation. For soil moisture 2 the spatial correlation seems to be
weakest. Also, the range of the semivariogram for soil moisture 2 (18.07 m) is smaller than that of soil
moisture 1 and soil moisture 3 (86.58 m and 133.10 m respectively).
Table 3 The used model, lag size, nugget, sill, range, and the sum of squared error of the semivariograms and the validation
measures (ME, RMSE, and R2) of the prediction maps created using OK for the soil moisture, bulk density measured by the
RhoC and the penetration resistance.

Measurement

Soil moisture 1
Soil moisture 2
Soil moisture 3
RhoC topsoil
RhoC subsoil
Penetration
resistance
topsoil
Penetration
resistance
subsoil

Semivariogram
Model Lag Nugget
Sill
Range
size
(m)
Sph
Sph
Exp
Sph
Exp
Sph

12
8
8
8
8
8

Exp

9

Validation
Mean RMSE
Error

2.468 10.985 86.579
2.825 6.919 18.072
4.566 19.382 133.097
0.032 0.041 11.710
0.021 0.036 27.569
0.002 0.014 16.046

Sum of
squared
error
0.040
0.296
0.764
7.899 ∙ 10-6
6.213 ∙ 10-6
5.234 ∙ 10-6

0.054
0.033
0.029
1.394 ∙ 10-4
-7.879∙ 10-5
2.120∙ 10-3

0.012

2.619 ∙ 10-5

0.003

0.116

23.567

2.367
3.133
2.489
0.199
0.171
0.124

R2

0.360
0.268
0.464
0.161
0.139
0.007

0.528 0.288
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Figure 15 Fitted semivariogram created for OK of a) the soil moisture 1, soil moisture 2, and soil moisture 3, b) the topsoil and
subsoil bulk density measured by the RhoC, c) the topsoil and subsoil penetration resistance.

The OK maps of the soil moisture (Fig. 16) show a north-south division with higher values in the north
and lower values in the south. The standard deviation map of soil moisture 1 (Fig. 16d) has the lowest
overall values. However, also for soil moisture 2 (Fig. 16e) and soil moisture 3 (Fig. 16f), the standard
deviation is relatively low. The map of soil moisture 2 (Fig. 16b) shows more pronounced spatial
variation which can also be seen back by the relatively small range of the semivariogram (18.072 m).
This also explains the circular pattern around the measurement points in the standard deviation map
of soil moisture 2. The OK map of soil moisture 3 (Fig. 16c) shows the smoothest pattern, which is due
to the large range of the semivariogram (133.097 m). Soil moisture 3 has the highest R2 (0.464) and
the lowest ME (0.029 %), suggesting that the quality of the soil moisture 3 map is best. Soil moisture 2
has the lowest R2 (0.267) and the highest RMSE (3.133 %), suggesting that the quality of the soil
moisture 2 map is worst.
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Figure 16 OK prediction map for the a) soil moisture 1, b) soil moisture 2, c) soil moisture 3. Standard deviation map for the OK
prediction of d) soil moisture 1, e) soil moisture 2, f) soil moisture 3, the dots represent the point locations where the point
measurements were done.

The OK map for the subsoil RhoC (Fig. 17b) also shows this north-south division with higher values in
the south. The OK map of the topsoil RhoC (Fig. 17a) does not show this division; there does not seem
to be much spatial variation which can also be seen back in the semivariogram (Fig. 15b). Most
variation is found in the upper-middle part of the study area. For the subsoil, there is a more obvious
spatial pattern with lower values in the northwest of the study area. The standard deviation of the
subsoil (Fig. 17d) is a bit lower due to the smaller sum of squared error of the semivariogram (7.899 ∙
10-6). However, the model can only predict 16.1 % of the variation in the topsoil and 13.9 % of the
variation in the subsoil. Also, the RMSE is relatively high for the topsoil (0.199 g/cm3) and the subsoil
(0.171 g/cm3) (Table 3) suggesting that the quality of the maps is not good.
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Figure 17 OK prediction map of the a) topsoil RhoC, b) subsoil RhoC. c) Standard deviation map for the OK prediction of the topsoil
RhoC, d) subsoil RhoC, the dots represent the point locations where the point measurements were done.

The OK map of the topsoil penetration resistance (Fig. 18a) shows less spatial variation than the map
of the subsoil penetration resistance (Fig. 18b). The standard deviation of the topsoil (Fig. 18c) is higher
than that of the subsoil (Fig. 18d). For the subsoil, the penetration resistance is higher in the north and
south of the study area. The quality of the OK map of the topsoil is low; it can only explain 0.7 % of the
variation in the study area. The quality of the subsoil penetration resistance map is higher but still not
very high since it can only explain 28.8 % of the variation in the study area.

28

Figure 18 OK prediction map for the a) topsoil penetration resistance, b) subsoil penetration resistance. c) Standard deviation
map for the OK prediction of the topsoil penetration resistance, d) subsoil penetration resistance, the dots represent the point
locations where the point measurements were done.

3.1.3. Ordinary Kriging and Kriging with External Drift to create maps of the
bulk density, organic matter content, and sand content
Topsoil bulk density
The semivariogram of the conventional bulk density measurements (blue line in Fig. 19) shows that
there is spatial correlation. The OK map for the topsoil bulk density (Fig. 20a) shows an increase in bulk
density in the northwest of the study area. The standard deviation (Fig. 20b) is high (1.08 g/cm3 - 1.23
g/cm3) compared to the value of the bulk density itself (1.17 g/cm3- 1.51 g/cm3) and the model can
explain 22.2 % of the variation in the study area.
After stepwise optimization of the MLR model for the topsoil bulk density, the RhoC and the soil
moisture 1 are left as covariates for the KED model. The relationship between the bulk density and the
soil moisture 1 is more significant than the relationship between the bulk density and the RhoC (Table
4). The semivariogram of the residuals of the MLR model (red line in Fig. 19) shows that there is still
spatial correlation. The partial sill of the semivariogram (0.006) is the same as the partial sill of the OK
semivariogram, however, the range is larger (60.0 m compared to 9.4 m). The KED map (Fig. 20c) shows
the same pattern as the OK map and has an overall lower standard deviation (Fig. 20d). The ME is
smaller for the KED map (1.08 ∙ 10-4 g/cm3) compared to the OK map (2.40 ∙ 10-2 g/cm3), the RMSE is
slightly higher for the KED map (0.071 g/cm3) compared to the OK map (0.070 g/cm3) but only slightly,
and the R2 is higher for the KED map (0.234) compared to the OK map (0.222). Also, the range of the
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standard deviation is much smaller for the KED map (0.058 g/cm3 – 0.064 g/cm3). This suggests that
the KED map has a higher quality than the OK map, however, the quality is still not very good.

Figure 19 Semivariogram of the topsoil bulk density used for OK (blue) and the regression residual of the MLR model for the
topsoil bulk density used for KED (red).

Figure 20 a) Prediction map of the topsoil bulk density created using OK, b) Standard deviation map for the topsoil bulk density
prediction of OK, c) Prediction Map of the topsoil bulk density created using KED, d) Standard deviation map for the topsoil
bulk density prediction of KED.
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Subsoil bulk density
The OK map of the subsoil bulk density (Fig. 22a) shows a higher value in the north and northwest of
the study area. There is a gradual edge which can also be seen back by the large range (426.7 m) of the
semivariogram (blue line in Fig. 21). The partial sill of the semivariogram (0.012) is twice as large as the
partial sill of the semivariogram of the topsoil bulk density (0.006), which means there is more spatial
correlation for the subsoil bulk density. The standard deviation map of the OK (Fig. 22b) shows high
values (1.12 g/cm3 -1.20 g/cm3) compared to the value of the bulk density (1.26 g/cm3 - 1.44 g/cm3).
The OK model can explain 32.1 % of the variation in the study area.
After stepwise optimization of the MLR model for the subsoil bulk density, the penetration resistance
and the RhoC are left as covariates. The significance of the RhoC is greater than that of the penetration
resistance (Table 4). The semivariogram of the residuals of the MLR model (red line in Fig. 21) shows
there is still some spatial correlation. The KED map (Fig. 22c) is less smooth than the OK map but overall
shows the same pattern. The standard deviation of the KED (Fig. 22d) is lower than the OK standard
deviation. Also, the KED model has a higher R2 (0.350) compared to the OK model (0.321), suggesting
that the KED predict the bulk density in the study area better even though the quality of the map is
still not very good.

Figure 21 Semivariogram of the subsoil bulk density used for OK (blue) and the regression residual of the MLR model of the
subsoil bulk density used for KED (red).
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Figure 22 a) Prediction map of the subsoil bulk density created using OK, b) Standard deviation map for the subsoil bulk density
prediction of OK, c) Prediction map of the subsoil bulk density created using KED, d) Standard deviation map for the subsoil
bulk density prediction of KED.

Topsoil organic matter content
The OK map of the topsoil organic matter content (Fig. 24a) shows a north-south division with higher
values in the south of the study area. The map is smooth which can also be seen back in the relatively
larger range (473.86 m) of the semivariogram (blue line in Fig. 23), which also shows that there is
spatial correlation. The standard deviation (Fig. 24b) varies between 0.423 % and 0.549 % (Table 4),
which is pretty high considering the range of the organic matter content (2.56 % - 4.30 %). The R2 of
the model is reasonable (0.492).
After stepwise optimization of the MLR model for the topsoil organic matter content and removing the
soil moisture 3 as a covariate due to a high correlation with the EC map (r = 0.866), only the EC was left
as a covariate in the model. The semivariogram of the regression residual (red line in Fig. 23) shows
that there is still spatial correlation (partial sill = 0.1), even though this is much less than seen for the
semivariogram used for OK. The R2 of the KED model (0.513) is higher than the R2 of the OK model
(0.492), suggesting that adding the EC as a covariate improved the model. Vertical stripes occur on the
prediction map of the KED (Fig. 24c) due to the EC as a covariate. The overall standard deviation of the
KED (Fig. 24d) is lower than the standard deviation of the OK. However, the range of the standard
deviation is still quite high (0.361 % - 0.485 %). Also, the ME (0.002 %) and the RMSE (0.043 %) are
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lower for the KED, suggesting that the KED prediction is the better prediction for the topsoil organic
matter content and the quality of the map is quite good.

Figure 23 Semivariogram of topsoil organic matter content used for OK (blue) and the regression residual of the MLR model of
the subsoil organic matter content used for KED (red).

Figure 24 a) Prediction map of the topsoil organic matter content created using OK, b) Standard deviation map for the topsoil
organic matter content prediction of OK, c) Prediction Map of the topsoil organic matter content created using KED, d)
Standard deviation map for the topsoil organic matter content prediction of KED.
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Subsoil organic matter content
The OK map of the subsoil organic matter content (Fig. 26a) shows a similar overall pattern as the
topsoil organic matter content with higher values in the south. The standard deviation ranges between
0.016 % and 0.410 % (Table 4), which is quite high considering that the organic matter content ranges
between 0.92 % and 2.98 %. The R2 is lower than that of the topsoil organic matter content (0.143).
After stepwise optimization of the MLR model for the subsoil organic matter content, the EC is left as
a covariate. The semivariogram of the regression residuals (red line in Figure 25) shows that there is
spatial correlation of the residuals. On the KED map (Fig. 26c), again vertical lines occur due to the use
of the EC as the covariate. The pattern of the KED map is similar to that of the OK map. The standard
deviation of the KED (Fig. 26d) is in most of the study area lower than the standard deviation of the OK
map (Fig. 26b). However, the maximum standard deviation of the KED model is higher (0.453 %). The
ME (0.012 %) and the RMSE (0.410 %) are lower for the KED and the R2 is higher (0.311), suggesting
that the KED model is the best model for predicting the subsoil organic matter content. The KED model
can explain 31.1 % of the variation in the study area, suggesting that even though the quality is less
than the topsoil organic matter map, the quality is still reasonable.

Figure 25 Semivariogram of the subsoil organic matter content used for OK (blue) and the regression residual of the MLR model
of the subsoil organic matter content used for KED (red).
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Figure 26 a) Prediction map of the subsoil organic matter content created using OK, b) Standard deviation map for the subsoil
organic matter content prediction of OK, c) Prediction Map of the subsoil organic matter content created using KED, d)
Standard deviation map for the subsoil organic matter content prediction of KED.

Topsoil sand content
The OK map for topsoil sand content (Fig. 28a) shows an opposite spatial pattern to the topsoil organic
matter content with higher values in the north of the study area. The standard deviation varies
between 0.23 % and 7.91 % (Fig. 28b), which is quite high considering that the sand content varies
between 26.12 % and 62.89 %. Nevertheless, the R2 of the model is high (0.608).
After stepwise optimization of the MLR model for the topsoil sand content, only the EC is left as a
covariate. The semivariogram of the residuals (red line in Fig. 27) shows that there is still spatial
correlation. The KED map (Fig. 28c) shows a similar pattern to the OK map and again has the vertical
lines due to the EC as the covariate. The standard deviation of the KED (Fig. 28d) is higher near the
observation points, which is probably due to the smaller nugget of the OK semivariogram (blue line in
Fig. 27). Overall, the standard deviation is lower (maximum = 6.557 %). The ME and the RMSE are lower
for the KED (-0.126 % and 5.291 %, respectively) than for the OK prediction (-0.327 % and 5.921 %,
respectively) suggesting that the KED model fits the data best. Also, the R2 is higher (0.685), suggesting
that the quality of the map is quite good.
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Figure 27 Semivariogram of the topsoil sand content used for OK (blue) and the regression residual of the MLR model of the
topsoil sand content used for KED (red).

Figure 28 a) Prediction map of the topsoil sand content created using OK, b) Standard deviation map for the topsoil sand
content prediction of OK, c) Prediction Map of the topsoil sand content created using KED, d) Standard deviation map for the
topsoil sand content prediction of KED.
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Subsoil sand content
The OK map of the subsoil sand content (Figure 30a) shows a higher sand content in the middle top
part of the study area compared to the topsoil. The standard deviation (Fig. 30b) is also higher, ranging
from 2.552 % to 10.175 %, which is again quite high considering the sand content in the study area
(between 22.54 % and 78.99 %). The R2 of the model is high, being able to explain 74.8 % of the
variation in the study area.
After stepwise optimization of the MLR model for the subsoil sand content, again only the EC is left as
a covariate. The semivariogram of the residuals of the MLR model (red line in Fig. 29) shows that there
is still some spatial correlation between the residuals (partial sill = 35). Again the vertical lines on the
KED map (Fig. 30c) occur due to the EC as the covariate and the KED is similar to the OK map. The
overall standard deviation is lower for the KED (Fig. 30d) compared to the standard deviation of the
OK. Also, the ME and the RMSE are lower for the KED model (-0.153 % and 6.186 %, respectively)
compared to the OK model (-0.315 % and 6.900 %, respectively). This suggests that the KED model
predicts the subsoil sand content best and with an R2 of 0.791 the quality of the map is good.

Figure 29 Semivariogram of the subsoil sand content used for OK (blue) and the regression residual of the MLR model of the
subsoil sand content used for KED (red).
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Figure 30 a) Prediction map of the subsoil sand content created using OK, b) Standard deviation map for the subsoil sand
content prediction of OK, c) Prediction map of the subsoil sand content created using KED, d) Standard deviation map for the
subsoil sand content prediction of KED.
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Table 4 Covariates and the R2, RMSE, ME, and the range of the standard deviation for the OK and KED prediction of the bulk density, organic matter content and sand content. The significance is
based on the p-value of the variable (*** = 0, ** = 0.001, * = 0.01, * = 0.05, ∙ = 0.1).

Predicted Soil
Parameter

Bulk Density (topsoil)

MLR model
Covariates
(Significance)
RhoC measurements
(∙)
Soil moisture 2 (**)

Bulk Density (subsoil) Penetration
resistance (*)
RhoC measurement
(***)

Validation
R2

RMSE

0.260

0.068

0.338

0.066

Mean
Error
-0.002

Ordinary Kriging
Calibration
Range St.
Dev.
RMSE
R2
0.070

0.222

1.081 1.227

Mean
Error
1.083
∙ 10-4

2.604
∙ 10-4

0.065

0.321

1.122 1.202

Kriging with external drift
Calibration
Range St.
Dev.
RMSE
R2
0.071

0.234

0.058 0.064

2.133
∙ 10-4

0.067

0.350

0.060 0.067

Organic Matter
content (topsoil)

Dual EM (***)

0.515

0.444

0.004

0.455

0.492

0.422 0.549

0.002

0.443

0.513

0.361 0.485

Organic Matter
content (subsoil)
Sand content
(topsoil)
Sand content
(subsoil)

Dual EM (***)

0.344

0.413

0.020

0.470

0.143

0.022

0.442

0.311

Dual EM (***)

0.606

5.916

-0.327

5.921

0.608

-0.126

5.291

0.685

DualEM (***)

0.768

6.522

-0.315

6.900

0.748

0.016 0.410
0.231 7.912
2.552 10.175

-0.153

6.186

0.791

0.272 0.453
4.494 6.557
5.182 7.609
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3.2.

Comparing the soil data to the yield of the apple trees

The number of apples per tree ranges from 14 apples to 141 apples, the average number of apples per
tree is 76. The distribution of the number of apples per tree is normally distributed (P-value WilkShapiro test = 0.27) and does not show a clear spatial pattern (Fig. 31). This is confirmed by the
semivariogram (Fig. 32) which shows a pure nugget effect suggesting that there is no spatial correlation
between the number of apples per tree.

Figure 31 The number of apples counted per tree. The study area is outlined in black.

Figure 32 Semivariogram for apple yield. The semivariogram parameters are as
follows: nugget = 551.705, sill = 551.705, range = 60m, method = spherical.

40

The number of apples per tree was compared to the extracted soil parameters which are not normally
distributed. The Spearman correlation coefficient and the significance of this, expressed as a p-value,
is shown in Table 5. The correlation coefficient is lower than 0.08 for each soil parameter suggesting
that there is no correlation with the number of apples per tree. Also, the correlation is not significant
for each soil parameter, with P-values ranging from 0.16 to 0.75. This suggests that there is no
relationship between the soil variability maps and the number of apples per tree.
Table 5 The Spearman correlation coefficient and the significance for the correlation between the apple yield and the soil
parameters.

Parameter
Bulk density Topsoil
Bulk density Subsoil
Organic matter content Topsoil
Organic matter content Subsoil
Sand content Topsoil
Sand content Subsoil
DEM
DualEM Topsoil
DualEM Subsoil
GPR Topsoil
GPR Subsoil

3.3.

Spearman correlation P-value
coefficient
0.032
0.56
0.031
0.56
0.040
0.46
0.042
0.44
-0.068
0.21
-0.076
0.16
0.028
0.60
0.044
0.42
0.054
0.32
0.023
0.67
-0.052
0.34

Analysing the IMZ

The IMZs (Fig. 33) all show the north-south division which was also found on the soil property maps.
The map with two IMZs (Fig. 33a) shows, next to the north-south division, an area in the middle that
is part of the first IMZ. This area mainly shows up on the subsoil bulk density and subsoil organic matter
content map, but also on the topsoil and subsoil sand content map and the topsoil organic matter
content map this area is visible. All soil parameters except for the subsoil bulk density show an area
with higher values and the northeast of the study area, this area is not taken into account when there
are two management zones yet. When one IMZ is added (Figure 33b) this area is added and a “dot”
which is part of IMZ3 in the middle-south part. This “dot” is also clearly visible in the organic matter
and sand content maps. When a fourth IMZ is added (Fig. 33c) the smallest IMZ is about 25 m2 and
when a fifth IMZ is added the smallest IMZ is about 4.5 m2. The main difference between the map with
four IMZs compared to the map with five IMZs is that an extra zone is added between the yellow and
the green IMZ. Some features found on the map with three IMZs, like the extra division in the north
and the “dot” in the middle-south part, can also be found on the map with five MZs but not on the
map with four IMZs.
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Figure 33 Maps of the created IMZs: a) two IMZs, b) three IMZs, c) four IMZs, and d) five IMZs.

For each soil parameter, the percent reduction is largest when going from no IMZs to two IMZs (Fig.
34), the mean reduction in the average standard deviation of all soil parameters is 20 %. After this,
each added IMZ decreases the within-zone standard deviation, the mean reduction per added IMZ is
5.3 %, 6.8 % and 5.1 %, respectively. Adding more IMZs could potentially decrease the within-zone
standard deviation even further. Based on the notion that the optimal number of IMZs is that with the
lowest within zone standard deviation, 5 IMZs can be considered as the optimal number of IMZs in this
study area.
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The within-zone standard deviation of the subsoil bulk density decreases more than that of the other
soil parameters, in total 71.6 % compared to about 30 % for the other soil parameters. This is especially
particular because the weight of the subsoil soil moisture map is only 1. However, the standard
deviation of the subsoil bulk density in the area is only 0.040 g/cm3 when there are no IMZs, which is
quite low considering that the mean is 1.345 g/cm3 (Table 6). Also for the topsoil bulk density, the
standard deviation is quite low (0.034) when there are no IMZs. For the organic matter and sand
content, this standard deviation is relatively higher, especially for the subsoil.

Figure 34 The percent reduction in the average within-zone standard deviation per number of IMZs for the different soil
properties.

The north-south division of the IMZs can also be found on the DEM and the soil moisture maps. The
EC maps show a very similar pattern compared to the maps with the IMZs. There is no similarity
between the IMZs and the maps created with the GPR. Also, between the topsoil RhoC and penetration
resistance map there is no similarity, while for the subsoil there is.
Table 6 Absolute mean and standard deviation without IMZs for each soil property.

Property
Bulk Density Topsoil
Bulk Density Subsoil
Organic matter content Topsoil
Organic matter content Subsoil
Sand content Topsoil
Sand content Subsoil

Mean
1.290
1.345
3.206
1.722
44.975
49.305

Standard deviation
0.034
0.040
0.447
0.437
8.271
12.260
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4. Discussion
4.1.

Explorative analysis of the soil data

During this study, several soil parameters were measured in the study area and compared in the
explorative analysis. The average soil moisture content did not differ much between the different days
(Table 2), which can be explained by the fact that the soil was approximately at field capacity. The soil
was approximately at field capacity because the measurements were done in November, which is
typically a relatively wet month in the Netherlands (A. F. G. Jacobs et al., 2010). This is good for the
comparison between the measurements done on different days; when the soil moisture conditions do
not differ much this does not influence the measurements differently on the different measurement
days. The topsoil RhoC is not significantly higher than the subsoil RhoC. This is unexpected because of
the presumed compaction of the soil at a greater depth (Wei et al., 2022) and the significant difference
between the topsoil and subsoil for the conventional bulk density measurements. Also, the bulk
density measured by the RhoC is high compared to literature; Tol-Leenders et al. (2018) estimated that
the topsoil bulk density in this part of the Netherlands is between 1.11 g/cm3 – 1.30 g/cm3 (mean RhoC
= 1.69 g/cm3) and the subsoil bulk density is between 1.31 g/cm3 and 1.50 g/cm3 (mean RhoC = 1.69
g/cm3). This overestimation was also found for a previous version of the RhoC and could also not be
explained back then (W. Jacobs et al., 2009). The values for the penetration resistance are comparable
to the existing literature, namely between 0.6 and 2 MPa (Salman & Kiss, 2018; Wei et al., 2022). Lastly,
the values of the organic matter content in the study area are comparable to the optimal value of
about 3 % - 4 % for fruit orchards (Bloksma & Jansonius, 2003).
The correlation found between the EC and the sand, soil moisture and organic matter content in topsoil
and subsoil are as expected (Corwin & Scudiero, 2020). The fact that the GPR of the topsoil is not
correlated with any of the other measurements can be explained by the absence of layered changes
in the topsoil due to ploughing. The negative correlation between the subsoil bulk density and
penetration resistance is illogical since one would expect a positive relationship between these
parameters as found in previous studies (Vaz et al., 2013; Wei et al., 2022). Also, the negative
correlation between the bulk density and the RhoC for the topsoil and subsoil is unexpected, since they
essentially measure the same thing so a positive correlation is expected. This could be due to the
quality of the RhoC measurements but also due to the quality of the conventional bulk density
measurements. Firstly, taking a subsample of the combined bulk density rings when drying the samples
increased the uncertainty of the measurement. The assumption that the moisture content of the
whole sample is the same is questionable. Secondly, the bulk density rings were taken by three
different people, and the field was sampled from right to left. So the eastern part, middle part and
western part were sampled by different people. For the topsoil, which was easily accessible, the
measurements were easier, however, extracting the bulk density rings from the soil at 45cm depth
was more difficult. This could have resulted in a person systematically filling the rings differently. The
OK map of the subsoil bulk density (Fig. 22a) shows an east-west pattern that underlines this theory.
The lack of clear layers in the GPR topsoil map can be explained by the absence of layered changes
mentioned above. The deeper GPR maps do show the location of the textural changes well, which is
expected since the ability of GPR to find these layers has been shown in previous research (Boll et al.,
1996; D. De Benedetto et al., 2010). However, there is uncertainty in the exact depth of the layers due
to the method used for determining the travel time of the signal and the fact that this travel time was
used as a constant for the whole study area.
On the EC maps, there is an area with lower EC values in the top middle of the maps. This is the same
area where a more sandy soil is found with a lower organic matter content. Previous research states
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that there is a negative relationship between the EC and the sand content and a positive relationship
between the EC and the organic matter content which can explain the pattern found (Corwin &
Scudiero, 2020; Heil & Schmidhalter, 2012; Pedrera-Parrilla et al., 2016).

4.2.

Digital soil mapping using Ordinary Kriging for PSS-based point
measurements

The three soil moisture maps created using OK have similar values and the same general pattern. The
differences between the maps are probably due to the slightly different weather conditions on the
different measuring days. The north-south division can be explained by the difference in texture and
organic matter content in the study area (Bhadha et al., 2017; Gong et al., 2003). The quality of the soil
moisture 3 map is highest based on the relatively high R2 and low ME. The standard deviation seems
to be much lower for the soil moisture 1 map which could suggest that the soil moisture 1 map is
better. However, looking at the scale of the standard deviation maps, the standard deviation is quite
low (below 3%) for each soil moisture map considering that the soil moisture content varies between
26 % and 45 %. This suggests that the soil moisture 1 map and soil moisture 2 map are also of
reasonable quality even though the R2 is lower.
The OK map of the topsoil RhoC does not show a clear spatial pattern, this is notable because the OK
map of the conventional bulk density measurement (Fig. 20a) does show a pattern with higher values
in the middle and top-left of the study area. The semivariogram of the topsoil RhoC does not show
much spatial correlation, which can be due to the non-gaussian distribution of the data (Gringarten &
Deutsch, 2001). Doing OK whilst there is hardly any spatial correlation does not make much sense since
the weight of the points will be almost the same over the study area. However, this was done for
consistency and could explain the low quality of the RhoC maps compared to the soil moisture maps.
The uncertainty of the RhoC measurements could have increased due to the measuring method; the
hole that was created for the RhoC device was occasionally wider than the device itself. This could
have caused air between the measurement device and the soil to influence the measurement (F. van
Egmond, personal communication, January 2022). This effect is expected to be less for the subsoil
measurements due to the tighter fitting hole at a greater depth. However, this does not seem to
explain much since the R2 of the subsoil prediction is even lower and the pattern, with a decrease of
the bulk density in the sandy part of the study area, does not seem logical. Previous research suggests
that the bulk density increases for soils containing more sand and this can also be seen on the OK map
of the bulk density measured by the rings (Chaudhari et al., 2013; Martín et al., 2017; Wei et al., 2022).
The spatial variability and the methodology of the RhoC should be researched more and with higher
quality reference bulk density measurements before it can be widely used to predict the bulk density.
A suggestion is to study the effect of the texture and the soil moisture on the RhoC measurement since
these vary in the field and might have influenced the measurements.
The OK map of the topsoil penetration resistance also does not show much spatial correlation, which
can partly explain the very low R2 obtained after validation. The lack of spatial correlation could be due
to the mixing of the topsoil but is more likely due to less soil compaction in general in the topsoil. The
higher subsoil penetration resistance in the more sandy area is expected based on previous literature
(Dexter et al., 2007). However, the penetration resistance also increases when the soil moisture
content increases (Salman & Kiss, 2018; Vaz et al., 2013), this could explain why high values for the
subsoil penetration resistance were found in the south of the area. Another factor that increases the
uncertainty of the penetrologger measurement is that the first 36 measurements were done by a
different person than the last 17 measurements. This increases the uncertainty because the
penetrologger gives different values for the penetration resistance when used by different people (Tol-
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Leenders et al., 2018). So the quality of the prediction of the subsoil penetration resistance is
reasonable.

4.3.

Ordinary Kriging and Kriging with External Drift to create maps of the
bulk density, organic matter content, and sand content

For the topsoil bulk density, the map created by the KED model is best. The difference of the RMSE is
only very slight compared to the OK model (0.001). With an R2 of 0.234, the quality of the model is not
very good. The KED does not improve the R2 very much compared to the OK measurement. This could
be because the maps which are used as covariates for the KED are not of very high quality, especially
the quality of the RhoC map is rather low. Also, the correlation between the topsoil bulk density
measured by the rings and the topsoil bulk density measured by the RhoC is negative and not
significant (Fig. 10a), which might suggest that the RhoC is not a very good covariate. Also for the
subsoil bulk density, the quality of the KED model is better than the OK model but still not very good
(R2 = 0.350). Again the model does not improve very much by adding the covariates, which could be
because the correlation between the bulk density and RhoC, and the bulk density and the penetration
resistance is negative, suggesting that these are not very logical covariates as mentioned earlier.
For the topsoil organic matter content, the map created by the KED model is the best model based on
the R2, ME and the RMSE. The quality of the map is pretty good as it can explain 51.3 % of the variation
in the study area. For the subsoil organic matter content, the map created by the KED model is also
best. The quality of the subsoil map is lower than that of the topsoil (R2 = 0.31), which could be due to
the smaller range and overall lower values for the subsoil organic matter content, making the EC more
prone to be influenced by other soil parameters like the soil texture or moisture content. The quality
of the subsoil organic matter content map could be improved by adding an extra covariate. An
interesting sensor that can be used for this is a Visible-near-infrared (Vis-NIR) spectrophotometer
which uses visible and near-infrared radiation (300 – 2500 nm) that interacts with the feldspars, quartz,
organic components and other minerals in the soil. This sensor can be used to determine the organic
matter content in the soil (Javadi et al., 2021; Stenberg et al., 2010) and could be interesting to research
in combination with the EC.
The KED model for the topsoil sand content is of good quality and can explain 68.5 % of the variation
in the study area. The GPR is not used as a covariate in this model, as the radar signal emitted by the
GPR shows no textural changes in the topsoil since they do not occur this shallow in the soil in this
study area. Also, the KED model for the subsoil sand content is of good quality and can explain 79.1 %
of the variation in the study area. Again the GPR is not used as a covariate. This suggests that using the
method used for handling the GPR data in this research is not useful for mapping the soil texture at a
certain depth. Using the GPR differently, like using the frequency shift method (F. Benedetto & Tosti,
2013) or using the amplitude at a certain depth (D. De Benedetto et al., 2010), might enhance its
usability, this should be researched more extensively. However, creating the 3D maps is effective for
visually inspecting and mapping textural differences in the soil.
During this research, OK and KED were used based on the simplicity of the models. An assumption for
the KED model is that the relationship with the covariates is linear. However, the relationship for many
soil properties is not linear (Hengl et al., 2017). Based on this, it can be assumed that the relationships
between soil parameters in the study area are also non-linear. Therefore, using different techniques
that can deal with non-linearity, like machine learning, might be able to create better prediction maps
of the study area and could be used in further research.
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4.4.

Comparing the soil data to the yield of the apple trees

There is no relationship between the apple yield and any of the soil parameters. A larger sample size
could have possibly increased the significance of the correlation, however, looking at the correlation
coefficient (-0.076 to 0.068), a relevant correlation appears to be lacking. Also, there is no spatial
variation for the number of apples per tree in the study area. This could be because the trees in this
orchard are managed, for example by pruning, as a means to get a similar yield for each tree as
mentioned in the methods. Because of this management, the number of apples per tree could be seen
as not a very good indicator of the quality of the trees. To underline this, the fruit grower of the study
area indicated that there is a north-south division in the quality of the trees (G. van Loenen, personal
communication, February 2022) which was not reflected in the yield. Interestingly, this north-south
division has also been found on the soil maps created for the study area. Future research could focus
on different tree quality parameters such as e.g. the tree vigour, tree volume and the quality of the
fruits (Aggelopoulou et al., 2013; Bloksma & Jansonius, 2003; Timmermans & Bestman, 2016).
Focussing on several tree parameters, including the yield, could provide a better comparison between
the soil parameters and the tree quality.
The lacking relationship between the soil parameters and the number of apples per tree found in this
research could suggest that there is no need for IMZs since the yield does not seem to be influenced
by the soil parameters. However, this is an oversimplification since the yield is dependent on many
different factors (Bloksma & Jansonius, 2003) and the fruit grower does indicate a difference in quality
in the study area (G. van Loenen, personal communication, February 2022). Furthermore, apart from
optimizing the harvest, IMZs could provide a more sustainable and climate-resilient way of
management (Nijbroek et al., 2003; Serrano et al., 2020). It is especially important to optimize
irrigation management knowing that extreme weather events like droughts are bound to occur more
often and thus freshwater will become more scarce (KNMI, 2021). Furthermore, precision irrigation
has been shown to reduce fertilizer and other chemical inputs, and reduce soil pollution (Ohana-Levi
et al., 2019).

4.5.

Analysing the IMZs

Due to an error, maps of the MLR model of the topsoil and subsoil bulk density were used for creating
the IMZs instead of the maps created by KED. Since the maps created using the MLR model (Appendix
III) generally show the same overall pattern as the maps created using KED (Fig. 20c and 22c) and due
to time constraints, it was chosen not to remake the IMZs. This decreases the quality of the IMZs.
The within-zone variability of the map with 5 IMZs was lowest, suggesting that 5 IMZs is optimal for
this study area. Further research could provide information on whether adding more IMZs would
decrease the within-zone variability even more, which could be a step towards the application of DTs
of apple orchards. However, the smaller size of the IMZs on the map with three or more IMZs seems
to be less suitable when considering the workability (Kempenaar et al., 2016). This was confirmed by
the fruit grower of the area, who was not able to envision the practical application of more than two
IMZs in the study area (G. van Loenen, personal communication, February 2022). Whilst creating more
than two IMZs is interesting for the future, for now, dividing the field into two IMZs already is suggested
to be useful.
When implementing the two IMZs, the irrigation in IMZ 1 should be lower compared to IMZ 2 (Fig.
33a). In general IMZ 1 has a higher clay content, more organic matter and a lower bulk density. The
clay content and the organic matter content are known to increase the water-holding capacity of the
soil (Adamu & Aliyu, 2012; Libohova et al., 2018), so one could assume that less water is needed for
irrigation. Also, the soil moisture was higher in MZ 1 which suggests that less irrigation is needed there.
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Future research could focus more on the amount and application of irrigation needed in the different
IMZs.
The IMZs were created based on the bulk density, organic matter, and sand content in the study area.
The sand content was chosen as a proxy for the texture as it was expected to vary most in the research
area based on previous findings. However, the clay content might have been a better proxy for the soil
texture. In literature, the clay content is more often used to create IMZs and the sand content is often
a by-product of the clay or water storage estimation (Heil & Schmidhalter, 2012).
One might wonder whether it is necessary to create maps of the different soil properties before
creating the IMZs. In literature, IMZs are sometimes based on the EC as the only parameter
representing the soil (Haghverdi et al., 2015; Peralta et al., 2013; Serrano et al., 2020). This could be
recommended for this study area as well based on the following reasoning: the absolute standard
deviation of the bulk density is relatively low compared to the standard deviation of the organic matter
and sand content. Therefore, one could suggest that delineating the IMZs based on the organic matter
and sand content is most important. Also, the bulk density influences the water holding capacity of the
soil less than the organic matter and sand content of the soil (Adamy & Aliyu, 2012). Since the organic
matter and sand content are related to the EC of the soil (Pedersen et al., 2020) and were strongly
correlated in this research, the step of predicting these soil parameters could be left out. This
relationship also explains the similarity between the EC maps and the IMZs. Furthermore, a
relationship exists between the available water capacity and the EC of the soil (Fortes et al., 2015;
Hedley et al., 2010), which is another argument for using the EC as the basis for creating IMZs. The
maps of the soil parameters do provide more information about the study area and help to understand
the area better, but this might not be necessary for the creation of IMZs.
In this research, the stratifier.org tool was used to create IMZs. Many different methods could have
been used for this. This could be as simple as a clustering algorithm, but it could also be a separate tool
like the Management Zone Analyst (MZA) created by Fridgen et al. (2004) or the FuzMe tool created
by Minasny & McBratney (2002). These tools use a fuzzy c-means algorithm and a fuzzy k-means
algorithm, respectively. Future research can focus on comparing these different algorithms. This has
been done before by e.g. Haghverdi et al. (2015), but the stratifier.org tool has not been compared
with other algorithms yet, which is useful for improving the tool.
Lastly, even though this research focuses on IMZs, looking at management zones for different
management practices like nutrients and organic matter might also contribute to improving the tree
health and yield. There is already much research about creating MZs for fertilization, also in an apple
orchard (Aggelopoulou et al., 2011, 2013). Future research could focus on creating MZs for different
management practices in this study area as well. As mentioned in the methods, the available nutrients
in the soil were also measured in the study area, so a lot of information on the study area is available
and could be analysed for this.
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5. Conclusion
The main goal of this research was to increase the understanding of how IMZs can be applied in apple
orchards and how PSS can be used for this. To investigate this, several PSS techniques were used to
create digital soil maps of the bulk density, the organic matter, and sand content in the study area. The
quality of the digital soil maps created by KED using the EC as a covariate for the sand content and the
topsoil organic matter content was good. Additionally, there was a strong correlation between the EC
and the sand/organic matter content. To determine the importance of the soil parameters, the
relationship between the soil parameters and the apple yield of 341 trees in the study area was
investigated. There was no correlation found that would influence the weight of each soil map when
creating the IMZ. The stratifier.org tool created IMZs which decreased the within-zone standard
deviation of the soil parameters. The within-zone variance decreased most when going from no IMZs
to two IMZs and was lowest when there were 5 IMZs. The similar spatial delineation of the IMZs and
the EC maps suggests that using only the EC could provide enough information to create IMZs. This
way, the step of predicting the bulk density, organic matter, and sand content could potentially be left
out when creating IMZs.
The quality of the digital soil maps of the bulk density created using KED was lower compared to the
organic matter and sand content. This can be explained by the lower quality of the RhoC
measurements and the bulk density ring measurements used for the model validation. Also, the quality
of the digital soil map of the subsoil organic matter content was lower than that of the topsoil map.
This could be the result of the lower organic matter contents in the subsoil and other parameters
influencing the EC, which was used as a covariate. Unfortunately, the GPR did not have additional value
whilst creating maps of the sand content in the study area. However, the 3D-interpolated GPR maps
were able to show the location of the transition between the two texturally different layers in the
research area.
The lack of correlation found between the soil variability maps and the apple yield per tree does not
necessarily mean that there is no relationship between the soil parameters and the quality of the apple
trees. It is more likely that only looking at the yield when researching this relationship is not enough
since this is influenced too much by management practices such as pruning.
Based on the within-zone variance 5 IMZs would be optimal for this study area. However, the relatively
small size of the IMZs on the maps with three or more IMZs seems to be less suitable when considering
the workability which was confirmed by the fruit grower of the area. Whilst creating more than two
IMZs is interesting for the future but for now, dividing the field into two IMZs already is suggested to
be an improvement.
To increase the understanding of how PA can be applied in apple orchards and how PSS can be used
for this even further, more research is needed. This research could focus on: 1) the spatial variability
and the methodology of the RhoC measurement device using higher quality reference bulk density
samples, 2) the added value of including a Visible-near-infrared (Vis-NIR) spectrophotometer to
increase the quality of the organic matter content maps, 3) using the frequency shift method or the
amplitude at a certain depth measured by the GPR to map the soil texture, 4) studying how much nonlinear methods, like machine learning, would increase the quality of the predictions in this study area
due to their ability to handle non-linear data, 5) the relationship between the soil parameters and
several combined tree quality parameters such as e.g. the tree vigour, tree volume and the quality of
the fruits and how these parameters can be measured using LiDAR, 6) the amount and application of
irrigation needed in the different IMZs, 7) only using the EC to create IMZs, 8) comparing different
algorithms to create the IMZs and 9) creating MZs for other management practices like nutrients.
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Appendix
Appendix I: Date of each measurement
Date
22-09-2021
28-09-2021 & 30-09-2021
25-10-2021 - 26-10-2021
26-10-2021
01-11-2021 - 04-11-2021
8-11-2021
12-11-2021

Activity
LiDAR measurement
Counting apples
Collecting soil samples for Eurofins analysis
Profile descriptions
Bulk density measurements: ring samples, RhoC measurements,
Penetrologger measurements, soil moisture 1
GPR measurement, soil moisture 2
DualEM measurement, soil moisture 3
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Appendix II: GPR measurement over depth
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Appendix III: Topsoil and subsoil bulk density map used for creating IMZs
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