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Abstract
The human population is increasing and therefore the food production needs to increase as
well to keep up with the demand. Precision agriculture could be improved by using clever cover
crops that leave a legacy to the soil. Subsequent crops benefit from this plant-soil feedback
(PSF) phenomenon due to more soil nutrients which stimulate growth and eventually yield.
Remote sensing can be used for frequent and non-destructive measurements in the field which
is time efficient. For this study, three cover crops (vetch, radish, and oat) and combinations are
used to detect differences in subsequent potato crop growth and yield with the use of time
series from high-resolution unmanned aerial vehicle (UAV) images. A fallow field was added
as treatment to observe differences. The field experiment for this study in 2018 led to five
blocks each consisting of eight plots with the treatments used. This creates a total of 40 plots.
To detect differences in the potato growth, six vegetation indices were selected and calculated
using the spectral imagery from the UAV flights. Time series were made from the flight data
gathered weekly for 12 weeks. The growth curves of the potato plots were first checked
visually. The area under the curve (AUC) by trapezoidal rule for every plot was used to find a
correlation with the yield of the same plots. The Green Normalized Difference Vegetation Index
(GNDVI) resulted in the highest correlation between the AUC and the yield with an R2 of 0.488
for the plots and a R2 of 0.521 for plots with an applied threshold of 0.3 on the NDVI values
leaving out the soil noise and small vegetation. The correlation is not very strong since
differences between the blocks cause noise in the scatterplots. Despite the low R2 a yield
estimation with the use of the partial least squares regression (PLSR) was made for the entire
time series and the data halfway the growing season. The leave-one-out cross validation
(LOOCV) method, which estimates the yield for one plot by using all the other plots as training
data, resulted in a yield estimation at the end of the season with a R2 of 0.736 and a RMSE of
2.147 and a RPD of 2.615. Yield estimation with data halfway the growing season resulted in
a R2 of 0.608 and a RMSE of 2.623 and a RPD of 1.876. However, overfitting of the model is
possible due to the use of all the training data. Best potato tuber yield results were obtained
for the oat radish treatment.
This research provided evidence that differences in cover crop treatments can be detected by
UAV images and that using PLSR results in accurate yield estimations. Further research needs
to be done to explain the differences between the blocks and whether the LOOCV could be
improved with a larger dataset.
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1. INTRODUCTION
1.1 Context and Background
The human population increased in the period of 1960 to 2010 from 3 billion to 6 billion people
and will increase to 9 billion people in the coming decades (Godfray et al., 2018; Grzebisz et
al., 2012). Therefore, the need for food production will increase as well. This is challenging the
agricultural sector to keep up with the needs due to limiting expansion possibilities of
agricultural areas. Nowadays, the average size of agricultural areas already increase which
gives farmers the opportunity to manage larger fields (Xiong, 2017). This allows them to use
machines with Global Navigation Satellite System (GNSS) capable of precise farming, called
Precision Agriculture (PA). The development and the growth of the crops depends on
environmental factors like temperature, precipitation, and soil moisture (Xiong, 2017). Another
important factor is the soil fertility which can vary within small distances in the same agricultural
field (Blaes et al., 2016). However, this variation is most of the time not considered when using
fertilizer on the crops. This causes all crops in the field to get the same amount of fertilizer
which could have a negative impact in intensive agriculture since fertilizer is lost on already
healthy crops (Grzebisz et al., 2012). Other research which has been done to optimize
agricultural yield is related to the plant-soil feedback (PSF) concept. Studies about PSF
investigate whether cover crops could have a positive effect on the soil and the subsequent
crops and if this positive effect can result in higher yield of the subsequent crop (Barel et al.,
2018; Nuijten et al., 2019; Van Der Meij et al., 2017). Cover crops are sown after the main
summer crop is harvested and last until the following season starts with the next crop. After
mowing and decomposition of the cover crops, nitrogen (N) is available in the soil and can be
absorbed by the subsequent crops. Cover crops in the winter are already proven to help
keeping N in the soil instead of N leaching (Stivers-Young, 1998; Werblow, 2018). In a study
on maize, cover crops increased yields on average with 12% (Wittwer & van der Heijden,
2020). With the recent developments in environmental laws for Europe, and especially the
Netherlands where this research is executed, N emissions must decrease to reach a
sustainable future. Therefore, the use of cover crops is of importance for keeping N in the soil
because these crops absorb it in their system. Also, conservation agriculture (CA) on
agricultural land is the principle were tillage is reduced, crop rotation is improved and soil is
covered at all times (Wittwer & van der Heijden, 2020). However, this principle adoption rates
in Europe are lower than for the U.S. (Kertész & Madarász, 2014). Another option of improving
the use of cover crops causing a PSF on subsequent crops, is assumed to improve the
sustainability of agricultural production (Kertész & Madarász, 2014; Wittwer & van der Heijden,
2020). PSF experiments in Europe are useful to get more insights in possibilities for improving
yield of the summer crop.
Field experiments considering different cover crops are not easily done on a large scale since
it is time-consuming (Nuijten et al., 2019). However, the opportunities brought by the fast
development of unmanned aerial vehicles (UAVs), might improve this in the near future (Van
Der Meij et al., 2017). UAVs can help farmers with providing insights in their crops health status
during the growing season and act directly when changes are taking place in the status of the
crop with frequent and non-destructive measurements. The growth can be measured once a
week with the UAV and can be visualized with the use of time series. Then, predictions about
1

the development of a crop during the growing season considering their cover crop treatment
and the estimation of the yield for every potato plot can be made. An experiment on several
test fields with the same crop but beforehand a different cover crop treatment during the winter
has not been investigated much until now. The focus of this research will therefore be on UAV
time series for crop monitoring to evaluate potato growth and yield during the growing season
considering PSF.

1.2 Problem definition
With an increase in human population, the need for food will increase as well. However, with
the agricultural areas reaching the limits of more food production, the agricultural fields which
are currently in use need to be optimized in order to fulfil the need for food (Burkart et al.,
2017). At the same time, developments within the policies demand that agriculture has to lower
its ecological impacts by efficient use of water, pesticides and fertilizer resources (Burkart et
al., 2017). Therefore, fertilizer needs to be applied efficiently. Crops which need more fertilizer
should be separated from crops which have enough nutrients and are considered healthy. In
this way, fertilizer can be saved and used efficiently among the agricultural fields so that the
governmental standards of less usage of fertilizer is reached. When the use of gathered field
data and GNSS causes fertilizer to be applied with the exact amount on the crops by machines,
it is called PA. To reach optimized use of fertilizer, one need to know more about the
development of crops and the PSF experiments analysed in this research. PSF is the
phenomenon where previous plants leave a legacy to the condition of the soil where a
subsequent crop benefits from (Barel et al., 2018). Such a soil legacy can help the build-up of
carbon (C), nitrogen (N), and phosphor (P) in the soil for the next crops which are planted or
sown. In this paper the crops planted after the cover crops were mowed in 2018, were
potatoes. The cover crops, existing of vetch, radish, oat, and combinations of those three
plants, provide the PSF which causes N uptake instead of leaching N in the soil or ditches.
Current developments from environmental policies in the Netherlands act upon reducing N
emissions for improving the nature (RIVM, 2019). Time series play an important role for
visualizing the growth, N uptake, and yield estimation as has been shown in earlier
experiments (Liu et al., 2018). Experiments with crop growth analysis which used different
cover crops during the winter period are already performed in some studies. However, the
experiment was based on a moment in time and not with multiple measurements and
treatments including time series (Barel et al., 2018). With time series analysis, yield can be
predicted which gives the farmer information on how much yield is expected from his
agricultural area. The insights during the growing season can help the farmer make decisions
for increasing the health of the crop. This can help increase the growth of the crop. For the
PSF experiment, the best cover crop can be chosen to provide the best winter treatment for
optimal growth and minimal use of fertilizer during the growing season.
In several studies, satellites have been used for crop monitoring during the growing season.
However, satellite images are limited in getting high (centimetre) spatial accuracy and useful
data due to large pixel sizes (e.g. 30m x 30m), cloud cover, and infrequent revisit times (Hunt
et al., 2018). The use of UAVs can further improve the quality of data from agricultural fields.
UAVs are able to deliver time series on a frequent basis with very high resolution (VHR). The
resolution delivered by the UAV which was used for gathering the data of this study is 2.88cm
x 2.88cm per pixel. The use of UAVs is more time efficient than other methods which are
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currently used since UAVs allow frequent measurements (Burkart et al., 2017). With frequent
UAV flights over agricultural fields, abrupt changes in the spectral and temporal vegetation
response could be discovered. The advantages of remote sensing are the frequent and nondestructive measures which are not affecting crops and the potential in providing crop
information such as the growth or nutrient usage (Hatfield & Prueger, 2010; Nuijten et al.,
2019). Planting on test fields with the same potato species but with different treatments during
the winter could give relevant insights in the development of the potatoes which could be
related to the treatment they had beforehand. From the time series, the alerting services of a
crop and the estimation of the yield could be derived by the use of vegetation indices (VIs)
such as the NDVI. This can be visualised by the use of time series, which show the growth
curve of a specific potato plot which had a different cover crop than another potato plots. In
total, 40 plots with eight different treatments are investigated to retrieve valuable information
during and after the experiment of 2018. Eventually, the hypothesis is that the experimental
plot with the highest vegetation index values over the growing season is likely the plot with the
highest potato yield per hectare since that plot features higher chlorophyll content and has
more capacity to stimulate the underground biomass growth.

1.3 Research objectives
The general objective of this research is to detect differences in crop growth and yield from
high-resolution UAV images to understand plant-soil feedback. A time series analysis method
will be used and different VI’s will be evaluated for the potatoes grown under different
treatments of cover crops in a PSF experiment. To achieve this general research objective,
the following research questions will be investigated:
RQ1: Which vegetation indices detect growth changes between the monitored potato plots?
RQ2: Which methods can be used for time series analysis of UAV images for crop monitoring
and yield estimation during the growing season?
RQ3: Which vegetation index results in the highest correlation between the potato growth
curves and the yield for the cover crop treatments?
RQ4: How well can the yield be estimated during the growing season considering the
treatments from the PSF experiment?

1.4 Overview of the report
The main goal of this thesis is to detect differences in crop growth from high-resolution UAV
images to understand plant-soil feedback.
Chapter one provides the context and background related to the general problem of the need
for food production to keep up with the high demand due to an increasing population. The
problem definition states the relevant issue where the research in this study will be about. At
the end of the first chapter the research objective and the research questions are stated and
there is an overview of the report.
3

Chapter two contains the theoretical background to give a clear view on some aspects which
are important for this thesis. These aspects contain the phenomenon of plant-soil feedback,
the background information of vegetation indices and the time series which play an important
role in this study.
Chapter three provides the materials and methods. The study area, field data, drone data and
the methods used for this research are explained. The methods used for this study contain the
georeferencing, the calculation of the vegetation indices and a method needed to analyze the
time series.
Chapter four provides the results needed for answering the research objective and research
questions. The most important results from this research will be presented and obtained figures
and tables will be shown to understand the results.
Chapter five discusses all the insights obtained during the research. All the insights are
discussed and potentially linked to scientific papers. Insights in the research which were
potentially not expected are also discussed in this chapter.
Finally, chapter six provides all the conclusions drawn from the results and the discussion with
regard to the research objectives stated in the first chapter.
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2. THEORETICAL BACKGROUND
This chapter presents a literature review on some topics that will be used for the research of
this study. The topics which needed to be further researched are the plant-soil feedback
phenomenon (Section 2.1), the background information of vegetation indices (Section 2.2) and
the reason time series are needed for this research and which method will be used. (Section
2.3).

2.1 Plant-soil feedback
Positive feedback between the interactions of plants and soil can help increase the biotic and
abiotic soil properties and the below- and aboveground structure and growth of a plant. This is
called plant-soil feedback (PSF). PSF is the phenomenon where previous plants leave a legacy
to the condition of the soil where a subsequent crop benefits from or has a disadvantage (Barel
et al., 2018). Such a soil legacy is able to stimulate composition of soil biology and help the
build-up of C, N, and P in the soil for the subsequent crops which will be sown or planted.

Figure 1 Illustration of the plant-soil feedback concept. Either a positive or negative effect can be
reached by a cover crop on the subsequent crop.

To understand PSF correctly for this research an explanation will be given based around Figure
1. The soil is influenced by the plant which grows in the top layer of the soil. The plant which
grows during the winter, the cover crop, captures the nutrients which are present in the soil
and increases the soil organic matter (SOM) (Hoffland, 2019). As a result, herbivores,
pathogens, symbionts and decomposers react on the presence of the cover crop and which
can either inhibit or promote the growth of the subsequent crop, for this research potatoes.
When the nutrients and SOM are kept in the soil by the cover crop, the subsequent crop can
5

benefit from this situation and could be able to show a better growing curve for below- and
aboveground biomass. Eventually, the yield could be higher and the agricultural areas can be
optimized using the combination of cover crops the following years. This positive feedback of
plant interactions can increase the amount of N and C in the soil, decrease soil-borne pests
and reduce pest pressure (Barel et al., 2018). Negative feedbacks could also occur to the
subsequent crop grown in the field when the cover crop is of the same species and is able to
house soil-borne pests or invasive species in the subsequent crop (Huang et al., 2013). A
difference in PSF could also be expected with extreme weather conditions e.g. during a dry
season. The growth of the canopy and the number of tubers will be inhibited and the difference
between treatments will decrease and lie closer together (Aliche et al., 2018).
In general, there is an increase in knowledge about the important interactions between plants
and soil properties for agricultural areas (Ehrenfeld et al., 2005; Van der Putten et al., 2016).
Plants need essential nutrients from the soil in order to stimulate their growth whereas the soil
needs plants to decrease depletion of mineral nutrients and stimulate above- and belowground
communities (Barel et al., 2018). Therefore, plant-soil relations need to be preserved or
strengthened. Especially for agricultural areas, plant-soil interactions are important for
maximizing the yield of their crops. One way to do this is to use cover crops during winter and
keep rotating crops each year to, for example, decrease the chance of weed or insects
invasion.
Most of the studies about PSF have been done in the lab or under greenhouse conditions
where temperature and water supply is controlled (Van der Putten et al., 2016). These studies
where the environmental conditions are determined by researchers are different than studies
on PSF in the field. Feedback effects from field experiments could show different changes in
soil properties than greenhouse experiments (Van der Putten et al., 2016).
Little is known how extreme conditions affect the growth of a crop and which role PSF plays in
this process. This is important for this research since the data of the potatoes was gathered in
2018. This year was known for an extremely dry growing season which influenced the growth
of potatoes (Prins et al., 2018). The PSF could become a more negative feedback as well as
more positive. However, soil processes and the wealth of soil biota will stagnate when droughts
occur which refers to a potential negative feedback (Kardol et al., 2010). Moreover, during a
dry growing season, the input of fungi in the food web is decreasing and the input of soil
bacteria in the food web is increasing (Van der Putten et al., 2016). Fungi usually preserve soil
nutrients which will result in less C and N in the soil when droughts endure for longer periods
(De Vries et al., 2012). Such an environmental condition can influence this research when plant
growth and the growth of the potato crop is reduced. However, since the entire field undergoes
the same environmental conditions, the relative difference between the feedbacks from the
plots could be the same.

2.2 Vegetation indices
For this research, the condition of the growth of the potatoes needs to be analyzed in order to
find differences in growth per treatment of cover crop. Remote sensing can identify crop, health
and growth status and will be used to assess differences between the different cover crop
treatments of the PSF experiment. The four bands (green, red, red-edge and NIR) available
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from the multispectral camera allows calculating multiple vegetation indices (VIs). VIs are
combinations of the surface reflectance at two or more bands in the electromagnetic spectrum
which are made to highlight a specific property of the vegetation, such as the structure of the
leaves, chlorophyll content and the nitrogen deficiency (Harris, 2019; Hunt et al., 2018). Every
VI is made to accentuate a specific part of the vegetation property. The combinations of
different spectral bands used to create VIs can decrease spectral effects such as background
noise from the soil or the atmosphere.
Reflection or emitted radiation from plants is different than the reflection from water or bare
soil. The reflectance from an object depends on among other things the physical and chemical
state of the material, the surface roughness, and the angle of the sunlight (Chabrillat et al.,
2019; SEOS, n.d.). Due to these differences in reflectance, it is possible to identify features of
the material by analyzing their spectral reflectance or spectral signatures. The spectral
signatures of three types of earth features are seen in Figure 2.

Figure 2 Spectral reflectance curves of soil, vegetation, and water. (source: https://seosproject.eu/remotesensing/remotesensing-c01-p06.html)

These spectral reflectance curves of water, vegetation and soil differ a lot from each other.
This can be explained by the characteristics of these earth features. The spectral reflectance
curve of the vegetation, which is for this research the one used and analyzed the most, has a
low reflectance in the visible part of the electromagnetic spectrum and a large reflectance in
the Near Infrared (NIR). The pigments in green vegetation are the cause of the low reflectance
in the visible part. The physiological structure of vegetation causes the vegetation to reflect a
lot in the NIR region. A feature from the electromagnetic spectrum is the fact that stressed
vegetation results in a lower spectral reflectance curve in the NIR region. This feature can be
important in this study since stressed vegetation can be discovered with the time series and
can also result in less productive potato plants and thus a lower yield. These time series will
be made for six VIs.
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2.2.1 Vegetation indices derived from literature
From several studies researched (discussed in section 3.3.2), 12 VIs were looked into. A
selection of six VIs has been made after the literature study to cover different types of VIs and
which were most suitable. Due to these types, they generate different results for the analysis
of the growth of the potatoes. The literature study is done with Google Scholar and the WUR
library. Articles relevant to crop monitoring with UAVs or satellites by the use of
multispectral/hyperspectral data to calculate several VIs are selected. Studies including VIs in
relation to potatoes got the highest importance since these are most valuable for this research.
The published date of the papers was not very important, papers from 2012 until 2019 were
mostly selected for the literature study. Terms used for searching the papers were especially
based on the VI and the correlation found for the VI and the UAV/satellite images. Multiple
different characteristics from a list of VIs were grouped together and the most relevant VI was
then used. For example a VI which had the best coefficient of determination for potatoes. The
explanation for VI selection is seen in section 3.3.2. Eventually six VIs were selected for this
research.
The development of the potatoes with beforehand a different cover crop will be visible through
time. This gives differences in the growth of the potatoes due to variations in soil mineral
nutrients (Putra, 2018). In the study of Putra, both the incubation and modelling results showed
that fallow treatment always had the lowest N mineralization rate and monoculture of radish
showed the best N mineralization rate. Monoculture of oat and vetch showed lower
mineralization than radish. A combination of the cover crops showed higher N mineralization
rates for lab and field incubation (Putra, 2018). However, other factors also play a role such as
the height above sea level of the field since a lower lying field could receive more water due to
seepage.
In other published articles, VIs used for potato experiments or the relation between different
VIs and potatoes has been reviewed which is the basis for the VIs selection. This is explained
in section 3.3.2 (Clevers, 1999; Clevers & Kooistra, 2012; Maresma et al., 2016; Walter et al.,
2015). Most of these studies which are performed earlier were based on a potato species as
well. The reason VIs are used for researches considering potatoes, is the fact that VIs can give
insights in health and growth conditions of the plant as is mentioned before. In the study of
Clevers & Kooistra (2012), a potato field was studied by measuring the crop nutrient status.
This was done to estimate the canopy N content with the use of VIs. The best relations found
between the potato fields and the estimation of N content by using a CropScan was the use of
the VI MCARI/OSAVI. With remote sensing the chlorophyll content can be measured but to
measure the N content is difficult. However, they are both assumed to be significantly
correlated. Also the measurements of the CropScan and FieldSpec used in the study could be
compared to each other (Clevers & Kooistra, 2012). It is assumed that remote sensing with an
UAV can also be compared to both measurement types since they measure in almost the
same band width frequency. In another potato study, the NDVI and GNDVI were used to
provide insights in the chlorophyll content to detect the N fertilization rate (Hunt et al., 2018).
An interesting conclusion found here, was to use foliar cover as a possible indicator for nitrogen
status in further research because the foliar cover is related to vegetative growth at early
stages in the growing season. Also, the use of the red-edge band could provide valuable
information since the red-edge band is more sensitive to little changes in the chlorophyll
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content (Hunt et al., 2018). Therefore, in this study also VIs with red-edge band calculations
are used for chlorophyll content calculations such as the CI red-edge.
The types of VIs as mentioned before and interesting for this research, give information on the
structure of the leaves, the chlorophyll index, the leaf-area index and the nitrogen content in
leaves. The different types of VIs are analyzed to find which VI has the best overall
performance in order to distinguish healthy crops from less healthy crops and find a correlation
between aboveground biomass growth and underground biomass growth. This means that if
a crop looks healthy from the images, the yield will also be higher than when crops seem less
healthy. This hypothesis will be researched to see if this phenomenon can be verified with
gathered data in the field.

2.3 Time series
For this research, time series are made to put the gathered data points of the growing season
in one figure to visualize the growth curves of the potato crop growing at the experiment field.
The time series in this study are based on observations from one growing season instead of
covering several years of data. The data points in this research are not equally spaced through
time since some weeks are lacking or contained inaccurate data. Fortunately, this is not
necessary for the time series created since the data points are coupled to the Days After
Planting (DAP). This is a common way of presenting time series considering potato
experiments which were used in other literature (Li et al., 2020; Zhou, 2016) Therefore, the
data can be plotted through time based on the amount of days between planting and the
collecting of data with the UAV.
2.3.1 Methods derived from literature
Finding a suitable method in literature to perform the time series on, is necessary for this
research because this analysis could give better insights in meaningful statistics of the data
such as the correlation between the cover crops and the yield of the subsequent potato crop.
Also, the yield could be predicted from the available data by using a cross validation method.
Since the time series consists of 40 individual growth curves, a method performing a clustering
on the 40 growth curves is one option to analyze the time series. The goal of clustering is
finding a structure in a dataset (Jain, 2010). For this study, finding a structure in the time series.
A comparative study done on different time series methods, provides an overview on the
available clustering analysis (Roelofsen, 2018). This study resulted in a comparison between
clustering algorithms, selecting the ideal number of clusters, and distance measures for time
series. The clustering algorithms and the amount of numbers to select for clustering are looked
into for this research since the desirable output is a clustering of potato growth curves per
treatment or yield. It is concluded by Roelofsen (2018) that the two most commonly used types
of clustering methods are the hierarchical clustering and the partitional clustering because of
the distance measure (distance between the observations) which is an important factor.
Besides from the two classes hierarchical and partitional clustering, a distinction can be made
between hard clustering and soft clustering. Hard clustering means that the clusters are not
overlapping and belong to one cluster. Soft clustering, also known as fuzzy clustering,
observations can belong to several clusters. Hierarchical clustering creates a tree dividing the
observations based on the distance between them (Roelofsen, 2018). For the growth curves
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this would mean that growth curves close to each other through the time series are clustered
together. This can potentially give an insight in fast developing potato growth curves and slow
potato growth.
Partitional clustering divides all the observations in k different clusters where k is a defined
number beforehand (Roelofsen, 2018). Partitional clustering can be performed with k-means
clustering method. The combinations made for the clusters is infeasible even with a small data
set. Therefore, finding an optimum around the means of the observations is commonly used.
k-means is used in this research since it is still one of the most used methods for clustering
(Jain, 2010).
For this study, the clustering is performed on the values derived from the calculated vegetation
indices. Similar vegetation indices values correspond to potato growth curves following the
same path and can be clustered based on their VI value. A similar research for time series
analysis on the canopy cover trait to find typical change during the growth stages is performed
by Han et al. (2018). The clustering method will be performed for the six VIs in this study to
find a typical change during the growth stages of the potato crops on the experimental fields.
Another option which can be used for creating a distinction in the growth curves is calculating
the area under the curve (AUC) by the trapezoidal rule for the time series of the vegetation
indices (Sivarajan, 2011). This form of a linear regression method focuses on the yield
corresponding with the AUC instead of previously mentioned methods considering clustering
analysis which are focused on vegetation index traits. Also, the AUC and yield data provide
possibilities to estimate the yield for the plots with a cross validation method. Detecting a
correlation between above and underground biomass with the AUC method, would provide
information for further analysis which can also use this method for estimating yield during the
growing season. Such a cross validation can be measured with the partial least squares
regression (PLSR) method. A leave-one-out cross validation (LOOCV) will be examined for
the AUC and the yield in this research.
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3. MATERIALS AND METHODS
This chapter gives an overview of the used materials and methods for this research. First of
all, the study area and field data are described (Section 3.1). In the following section, the
materials are being discussed (Section 3.2). In the final section, the methods will be elaborated
such as the preprocessing, vegetation indices calculation and time series analysis (Section
3.3).

3.1 Study Area
The study area is located north of the Wageningen University and Research campus in the
Netherlands (51.99°N, 5.66°E, Figure 3). The surface area used for the experimental fields is
around 1.21 hectares. The soil mostly exists of a sandy texture.

Figure 3 The map left shows the study area in the Netherlands. On the right the experimental fields are
seen north of the Wageningen University and Research Campus. (Source: Google Maps & Google Earth)

The experimental fields are part of a project which last several years (Nov 2015 – Nov 2020).
This project is called Clever Cover Cropping (CCC) and is a Dutch research council (NWO)
green funded project with the aim to find synergistic mixtures of cover crops which are useful
for creating sustainable soils (Hoffland, 2019). The project is in collaboration with CSE (Centre
for Soil Ecology) and NIOO (Nederlands Instituut voor Ecologie). Cooperation between the
project and a seed company led to the use of certain cover crops discussed in the following
paragraphs. The aim for this project is examining if clever combinations of cover crop species
could increase efficient use of nutrients and thereby improving the soil quality and prevent
nutrient leaching (Hoffland, 2019).
3.1.1 Field data
The study area is an experimental field which exists of 40 plots surrounded by grass (visible
on the right image in Figure 1). The ground data used for this thesis is provided by prof.dr.ir.
GB de Deyn and associates A. Elkaheem, S. Drost and R. Porre who are working on the CCC
project. For this project, those fields are divided in five blocks. Those five blocks are divided in
eight plots per block. Every block contains seven cover crops plots and one fallow plot, making
a total of eight plots per block. For all the blocks the order of the cover crops is randomized
giving the following result seen in Figure 4 which is adjusted to the research of this study.
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Figure 4 Distribution of plots in study area.

The 40 plots all have an area of 60m2 (6x10 meters per plot) and have several treatments with
winter cover crops. The WCC for the 40 plots could give differences in growth or greenness
due to PSF. Figure 4 is an schematic example of the cover crops from the during the CCC
project. In the legend of Figure 4, the different winter crops are shown which could result in
different yields. Plant-soil feedback can occur through the use of many different cover crops.
For this research, three cover crops and a mix of those cover crops are selected. The three
main cover crops are vetch (Vicia sativa), oat (Avena strigosa), and radish (Raphanus sativus).
Mix cover crops exist of a combination of vetch and oat, vetch and radish, oat and radish, and
at last a combination of vetch, oat, and radish. One field was left fallow as a reference to see
whether there is a difference between the use of cover crops or a fallow treatment. The cover
crops mentioned are chosen since they are commonly used in The Netherlands, Europe and
North-America.
Previous research about the field data showed that cover crop vetch is the least productive
and radish gave the highest root biomass in the shallow layers (Drost et al., 2019). Oat and
radish gave the highest amount of C below- and aboveground of the different treatments. Vetch
produced the least C. Vetch also has the lowest amount of N in the plant material. It was also
found that radish took up lots of P. Radish and mixtures with radish tend to result in the highest
soil mineral N. Cover crops in the research of Drost et al. (2019) resulted in no greater inputs
in the soil C reservoir and did not result in significant higher N or P concentrations in the soil.
Potatoes
After the cover crops were ploughed, the potatoes were planted on the experimental plots on
the 4th of April. The potatoes were harvested on 27th of June. The same species of potatoes
were planted for all the 40 plots. The species is named “Eersteling” or “Solanum Tuberosum”.
This species is a very early-maturing crop and grows between 70-90 days.
Soil
The soil type at the study area is a “Veldpodzolgrond” or “Beekeerdgrond” (PDOK, 2020). The
“Veldpodzolgrond” consists of loam and weak loamy sand. The “Beekeerdgrond” consists of
loamy fine sand. The code for this soil used in the PDOK viewer is: Hn21/pZg23.
Fertilizer
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On all the individual plots from the experiment the same amount of fertilizer was applied on the
cover crops (fallow treatment as well) and the subsequent potatoes. For the cover crop 30kg
of N was applied per hectare in the beginning phase after planting. The potatoes received
110kg/ha of N, 46kg/ha of Phosphor (P) and 60kg/ha of Potassium (K) on the 12th of April. Per
plot of 60m2 this is 660 gram N, 270 gram P, and 360 gram K.
Weather
The weather during the growth of the potatoes was retrieved from weather station
Veenkampen located in the west of Wageningen. The weather station is around 3 kilometers
to the west of the experimental plots and gives the best indication of the weather conditions in
2018 during the potato growth. The temperature and the amount of rain fallen during the growth
period is visible in Figure 5. The temperature and rain fallen used for this figure is the data per
hour of every day between the day of planting and the day of harvesting. In appendix A, this
image is enlarged for a better view on the dates. During the entire growing season (from 6th of
April till 6th of June) 128.7 mm of rain has fallen. The long term annual mean of rainfall during
the growing season for region of Wageningen is 195 mm (KNMI, 2020).

Figure 5 Temperature and rain for the potato crop over the growing season of 2018. The red dotted
line corresponds with the flying days.

Height above sea level
The experimental plots are on average around 10 or 11 meters above sea level. Block 1 and
block 2 of the experimental plots are at the lowest point of the field. Block 5, which is to the
east of the field, lies around 1 meter higher than the west end part.
Yield
The yield of the experimental plots is taken from five potato plants per plot and averaged for
the yield per hectare. This gives an average result for all the 40 plots individually. When the
five measurements of the eight different treatments are combined, the average yield per
13

treatment can be calculated. The result of the yield per hectare for all the treatments is visible
in Figure 6. The yield per treatment is put in a boxplot graph to see the differences per
treatments. The middle line in the boxes represent the median. In the figure it is visible that the
fallow plots have the lowest yield in comparison to the treatments which were used in the
experiment. Potato yield was highest with oat radish and vetch radish. Whether this can be
compared to the use of the drone data will be discussed later on (section 5).

Figure 6 Boxplot for potato yield for all treatments in 2018. Per treatment the yield is used creating
a boxplot of the 5 plots with the same treatment.

3.2 Materials
The Unmanned Aerial Vehicle (UAV) used for this research back in 2018 was a DJI Mavic Pro.
The UAV was released in 2016. In Figure 7 a photo of the drone and camera is seen. The DJI
Mavic Pro was equipped with a multispectral camera during the flight days which are used for
this research. The flight height of the UAV was 20 meter. The multispectral camera is a
Sequoia_4.0_1280x960 with a resolution of 2.88x2.88cm per pixel. This camera collects four
bands at the same time when flying over a field: the green band (530-570nm), the red band
(640-680nm), the red-edge band (730-740nm) and the near-infrared band (770-810nm). With
these bands multiple vegetation indices (VIs) can be calculated.
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Figure 7 Unmanned Aerial Vehicle (Left: DJI Mavic Pro) and camera (Right: Parrot Sequoia 4.0) used
to collect the data.

As mentioned before, the UAV with the attached Sequoia camera collected four bands. These
were collected at several flight days during the potato growth. In appendix B, the flight days
are shown with the content used from the gathered data. Among the data gathered, only the
images of the four bands were of use for this thesis.
The analysis for this thesis were conducted in RStudio (R-3.5.0), this software is used for
programming. R is a language used for statistical analysis and for creating graphs. ArcMap
(ArcMap 10.6.1) is used for visualizing data and georeferencing. Microsoft Excel (2018) is used
to do some mathematical work to create graphs and tables. Adobe Illustrator (Adobe Design
AI) is used to create images and combine images to create a flow diagram.

3.3 Methods
In this section the methods are described how the data is prepared and preprocessed, how
the vegetation indices are calculated and why a certain selection is made, and finally which
time series analysis method will be used to create and evaluate the UAV images on the flight
days.
3.3.1 Preprocessing
The flight data has been gathered by Unifarm. The available data extents from April 2018 until
November 2018. The data used for this research is during the growing season of the potatoes
from the 4th of April until the 27th of June. Other
data available was discarded. In appendix B
(Table 5), the flight days used for this thesis are
visible. The data was not spatially overlapping
which is necessary when automated processing
needs to take place since a smooth spatial overlap
causes the plots to be directly on top of each other
at the same coordinates necessary for the
masking of all the data (Figure 8).

Figure 8 Overlap of original received images.
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Therefore, the data needed to be preprocessed in
ArcMap and was georeferenced with the help of
Ground Control Points (GCP’s) visible in Figure 9.
The reason georeferencing is necessary is
because the UAV is flown with GNSS but not with
Real Time Kinematic (RTK). The advantage of
RTK is the accuracy which could reach a
resolution of 2 cm. This means data needed to be
georeferenced with GCP’s to create a very low
deviation for the images and make the automated
Figure 9 GCP's visible from the UAV images.
and reproducible processing in R easier. The
GCP’s were not visible on all the dates from the UAV flights because vegetation grew over the
GCP’s. In appendix B, the amount of GCP’s used to align all flight dates to the reference flight
date of 6th of April are shown. Also, the amount of GCP’s visible for all the flights are shown
with the error after georeferencing in ArcMap.
After georeferencing the bands for all the data, the images are processed in R to mask and
crop all plots which is seen in Figure 10. A shapefile made in ArcMap existing of the individual
plots is used to mask and crop the original .tif file per band. This generates 160 plots per flight
day (4 bands times 40 plots). 12 flight days gathered the data creating 1920 individual plots.
These plots can be used for further calculations on VIs.
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Figure 10 Preprocessing and calculating individual VI plots step by step, (1) is the retrieved data per
band, (2) masking and cropping the data to the 40 plots, (3) calculating the VIs, (4) individual plots
available for all VIs and all plots.

During the preprocessing, some flights generated results which were not corresponding well
to the values of other flight days. Especially the red and red-edge band from the flight day of
‘06-06-2018’ showed reflectance values which were significantly lower than other flight days
reflectance values (Appendix C). When calculating VIs, the low reflectance values of these
bands have an impact on the results since these VIs values are higher/lower due to the
calculation. Therefore, the flight day of ’06-06-2018’ is discarded from the flight days. A reason
for flight date to show deviating spectral values could be due to several factors such as a
difference in sunlight intensity or reflection. Another date that is discarded is the flight day ‘0406-2018’, because this is two days after planting of the potatoes and only soil is measured.
Due to this effect of low reflectance values, the date is discarded since results could be
affected.
Influence of the soil background
At the beginning of the growth, the potatoes will not cover all the area of a plot with plant
material. The soil plays a major part in the beginning phase of the growth stage due to a lot of
soil reflectance. At the end of the growing process, the potato leaves will also decline which
causes soil to appear in the images. The mean pixel value of a plot is lower than a plot where
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only the green vegetation is measured. After the first preprocessing steps in the previous
paragraphs of section 3.2.1, the preprocessing steps are done once more. However, this time
the background noise of the soil/small vegetation reflectance is discarded. With the reflectance
values of the NDVI plots for all the flight days, a threshold is applied on all the plots to leave
the soil and small vegetation reflectance out to only get vegetation reflectance corresponding
to the potato crops for further calculations. The threshold applied is put at 0.3 which means
that all values below 0.3 are discarded from the second results of the preprocessing. A
threshold of 0.3 is chosen since this is the border between moderate values like small
vegetation such as grass and high values corresponding to denser vegetation (McPeak et al.,
2011). Multiple threshold values were considered. However, for this research the threshold of
0.3 gave a clear distinction between the potato crop and the soil or small vegetation. In
appendix D the pixel values for all days are put in a graph to visualize which pixels left of the
0.3 line will be discarded. The pixel values shown, are originating from the NDVI calculations
and used as the threshold for the second results for this thesis. The plots without threshold
needed to be preprocessed as well to create the same output when no threshold is applied. In
Figure 33 seen in the appendix D, the dates ‘04-06-2018’ and ‘06-06-2018’ are visible but are
discarded with the next preprocessing step. In Figure 11 the processing to create the individual
plots without soil background is explained. Here, all the values below 0.3 are now seen as
NoData and are therefore not considered with further calculations of VIs or with the time series
analysis.
The reason this step is done, is to get insights about the influence the background noise has
on the time series analysis. Without soil background in the plots, the reflectance of the plant
plays the main role for the development of the crop.

18

Figure 11 Calculating individual VI plots step by step with a threshold value of >= 0.3, (1) is the
retrieved data per band, (2) masking and cropping the data to the 40 plots, (3) calculating the VIs,
(4) individual plots without soil background available for all VIs and all plots.

3.3.2 Vegetation Index calculation
VIs can be calculated with the aforementioned spectral bands and give insights on the health
and growth status of the potato. Multispectral images can be defined using the available
spectral indices for nutrient status of the crop, the water content, pigment degradation, the
evaluation of senescence and photosynthesis. The different types of VIs which were selected
gave information on the structure of the canopy, the chlorophyll content, the Leaf Area Index
(LAI), and the N content. It is important to select multiple types of VIs for a research since this
could give interesting results on the potato growth in a time series analysis.
Table 1 includes the types of VIs, the name, an explanation, the formula containing NIR, rededge, red and green reflectance at the following wavelengths (nm): NIR: R770-810, red-edge:
R730-740, red: R640-680, and green: R530-570.
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Table 1 Summary of selected vegetation indices for this research including an explanation, formula
and source.
Type
Structure

VI
NDVI

Structure /
Chlorophyll

NDRE

Chlorophyll

CI red-edge

GNDVI

LAI

MCARI/
OSAVI

Nitrogen

GRVI

Explanation

Formula

Source

Measures the visual-band
red content.
Measures the top of the
canopy most of all.
Measures the red-edge
content
Is able to measure further
down in the canopy.
Used to calculate the total
chlorophyll content of the
leaves. Best predictive
power for potatoes.
Useful for assessing leaf
chlorophyll variability
when the leaf area index
is moderately high.
Indicates relative
abundance of chlorophyll,
affected when a low LAI is
present.

(NIR – Red) / (NIR + Red)

(Rouse et al., 1973)

(NIR – Red-edge) / (NIR +
Red-edge)

(Barnes et al., 2000)

(NIR / Red-edge) – 1

(Gitelson, Merzlyak, &
Lichtenthaler, 1996)

(NIR – Green) / (NIR + Green)

(Gitelson, Merzlyak, 1997)

(((Red-edge - Red)0.2(Red-edgeGreen))*(Red-edge /
Red)) / (1.16*((NIR –
Red) / (NIR + Red +
0.16)))

(Daughtry, Walthall, Kim, De
Colstoun, & McMurtrey, 2000;
Rondeaux, Steven, & Baret,
1996)

Assessing N reflectance
index via the Green Ratio
Vegetation Index.

NIR / Green

(Bausch & Duke, 1996)

NDVI
The Normalized Difference Vegetation Index (NDVI) was developed by Rouse et al. (1973).
The NDVI is chosen since this VI gives an index of the activity of the photosynthesis and is
closely related to stay-green and senescence (Liebisch et al, 2015). It can be considered as a
leaf greenness for trait detection and phenotyping (Walter et al., 2015). NDVI is used to study
the phenology of the changes happening in crops. Since the NDVI is a very common VI in the
remote sensing world and recent studies correlate NDVI with crop properties such as nitrogen
content, chlorophyll content and the greenness, this index is chosen (Hatfield & Prueger, 2010;
Hunt et al., 2018).
NDRE
The Normalized Difference Red-Edge Index (NDRE) was developed by Barnes et al. (Barnes
et al., 2000). The NDRE is chosen because the red-edge band is in comparison to the red
band better capable of penetrating the leaves instead of only the absorption of the chlorophyll
in the first few layers (Hiphen, 2019). The red-edge region in the spectrum can also provide
information for estimating chlorophyll and N content (J. G.P.W. Clevers, 1999). With the ability
of penetrating leaves, information about the thickness and density of leaves can be
determined. Soil will be involved more than with the NDVI in the first weeks since the potato
crop is not fully grown. The red-edge band is also a good indicator for the crop health and the
structure of the crops, especially in later stages when the chlorophyll content of leaves is higher
(Hiphen, 2019).
CI red-edge
The Chlorophyll Index Red-Edge (CI red-edge) was developed by Gitelson et al. (Gitelson et
al., 1996). The CI red-edge is chosen because this index is used to calculate the total
chlorophyll and N content of the leaves. In the article of Clevers and Kooistra (2012), CI rededge shows it has the best predictive power for potatoes from a selection of other VIs when
20

put in correlation with the N content. Since this study is about the growth of potato plots, the
predictive power could give interesting results for the CCC project. It also shows a high
coefficient of determination for the chlorophyll content. Another advantage of this index is the
linear relationship it has with chlorophyll and also the fact that the saturation effect is not
present since it is obtained with the red-edge band (Clevers & Kooistra, 2012).
GNDVI
The Green Normalized Difference Vegetation Index (GNDVI) was developed by Gitelson and
Merzlyak (1997). The GNDVI is chosen because it is considered useful for assessing leaf
chlorophyll variability when the LAI is moderately high (Maresma et al., 2016). For this research
it is a good indicator for the growth of the potatoes which were halfway their growing process
already covering the entire plots. Potential differences can then still be found due to the
assessment of the chlorophyll variability with a high LAI. The GNDVI is, in comparison to the
NDVI, more sensitive for the chlorophyll concentration in leaves (Gitelson & Merzlyak, 1998).
MCARI/OSAVI
The modified chlorophyll absorption reflectance index / optimized soil-adjusted vegetation
index (MCARI/OSAVI) was developed by Daughtry et al. (Daughtry et al., 2000).
This VI is a combination of the MCARI and the OSAVI. When dividing these two indices the
MCARI/OSAVI ratio can be calculated. For this research, this VI ratio is chosen because it had
the best performance for a site with potatoes considering the coefficient of determination in a
test for estimating canopy chlorophyll and N content in comparison to other VIs (Clevers &
Kooistra, 2012). The study showed that MCARI/OSAVI is a good VI to use when chlorophyll
or N content needs to be measured. Since this study had multispectral data available and not
hyperspectral data, the formula is adjusted to the bands corresponding most to the reflectance
values used in the hyperspectral spectrum.
GRVI
The Green Ratio Vegetation Index (GRVI) was developed by Bausch & Duke (Bausch & Duke,
1996). The GRVI is chosen because of assessing nitrogen reflectance via the green band.
Since the potato plots are fully covering the plots most of the growing season, the green band
is the main band that is reflected at that period. Therefore, the GRVI could be helpful in this
research. The GRVI has a greater sensitivity than red-based indices for assessing nitrogen
deficiencies in for example maize (Maresma et al., 2016). The assessment of N reflectance
index has a high correlation with the N sufficiency index. In the article of Bausch & Duke (2012),
it is mentioned that the two bands used for calculating the GRVI had excellent response to the
leaf N deficiencies of corn. In this thesis the GRVI will be researched whether it is also a useful
index when applying it on potato fields.
All the vegetation indices mentioned above are selected and used for the time series analysis.
Based on their performance, the result will give insights in the VIs whether one can be used in
further research when dealing with potatoes.
3.3.3 Time series analysis
Time series analysis contain methods which can be used for analyzing the data points
available through time in order to obtain useful statistics and other typical information from the
data. Several methods have been analyzed in the literature review to find the best suitable way
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to answer the research questions (See section 2.3). The data consist of 40 plots creating
multiple growth curves corresponding to different treatments. Finding which potato plot
performs better due to the previous cover crop treatment could be discovered when there is a
correlation between the growth curve and the yield. However, this has to be analyzed first. The
methods discussed were the hierarchical clustering, the partitional clustering with k-means and
the area under the curve (AUC). In the article of Han (2018), the partitional fuzzy clustering
was used in a similar way how it can be interpreted for this research. However, the clustering
methods for the potato growth curves resulted in inexplicable clustering (appendix E, Figure
34). The amount of clusters used in the analysis can be chosen. When a certain clustering lack
any correlation between treatments, the clustering is not useful. The clustering and the
dendrogram tree created within R did lack a correlation and were not usable for further
analysis. Therefore, the method used for this research is the linear regression AUC by
trapezoidal rule method since a correlation between the AUC and the yield can be made visible
(Sivarajan, 2011).
To calculate the AUC, first time series needed to be created in RStudio with the R-package
‘ggplot’ to get an overview of the potato growth during the growing season. Hereafter, the
calculation of the AUC were made for the individual time series with the values retrieved from
the data frames in R. The AUC of a time series for a particular potato plot with a specific cover
crop treatment could have different outcomes than another plot with a different treatment.
Plotting the 40 growth curves of the plots from the experimental field in one figure, gives insight
in the AUC. Hypothetically, the lowest growth curves in the figure should correspond with for
example lower chlorophyll or N content and thus with a potential lower yield for a specific plot.
Whether the correlation between the AUC and the yield is visible needed to be researched.
The plots left fallow for the winter will have less resources or nutrients in the soil which affects
the growth of the potatoes in 2018. For the other fields with a cover crop, the nutrients will be
kept in the soil and inhibit a fertile soil. Finding out which cover crop gives the highest yield
and whether this is in relation to the AUC for several VIs is also part of the research. The
fertilizing done on the 12th of April could have had an impact on the growth stimulation for the
plots left fallow. The results from the AUC calculations and VIs can be checked with the data
gathered during the field work.
The AUC is calculated with the mean reflectance values of the 40 individual plots for every
flight day for all the six VIs. These mean values are used for the calculation of the trapezoid
for every step in the time series. The formula used for the calculation of one single trapezoid
is similar to using the integral, see formula (1). To get the AUC for the entire growth curve, all
the trapezoids calculated with the formula must be summed to get the total sum for the AUC
which will be used for further analysis.
𝐴𝑟𝑒𝑎 𝑢𝑛𝑑𝑒𝑟 𝑡ℎ𝑒 𝑐𝑢𝑟𝑣𝑒 (𝑜𝑛𝑒 𝑠𝑡𝑒𝑝) =

(𝑦1 + 𝑦2)
∗ (𝑥2 − 𝑥1)
2

(1)
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Here y corresponds to the reflectance values where y1 is the value of the first date point and
y2 is the value of the second date point. The x corresponds with the Days After Planting (DAP).
The first DAP is x1 and the second DAP is x2. With this calculation the trapezoid for one area
between the UAV flight of day 1 and the UAV flight of day 2 is made. The sum of all these
trapezoids will give the total AUC for the time series, see Figure 12 (Sum of the numbers 1 to
5 represents half the growth curve of
the AUC). This value is calculated for
all the 40 plots. The AUC method
also allows the user to see
intermediate progress of the crop
growth. If halfway the growing
season several potato plots lag
behind, the farmer can act directly by
using fertilizer on these areas to
increase the growth process. Using
this method with the use of UAVs for
agricultural purposes, new insights
could be discovered directly instead
of at the end of the growing season
Figure 12 Diagonal lines represents the area under the
when harvesting is done and the
curve for one potato growth curve in 2018.
yield is known at that point. The
reason this date is chosen and not an earlier flight day or a later flight day is because the 16 th
of May is exactly 42 DAP and the harvest was 84 DAP. Also, the flight day of 9th of May showed
a much worse correlation and the flight days of 23rd and 30th of May were not improving much
in terms of correlation.
The data of the 6th of April and the 6th of June are excluded from the AUC. This is done since
the 6th of April involves only soil measurements because the potatoes were just planted. The
6th of June is discarded since it includes very low values in the red, red-edge and NIR band.
After calculations of the AUC, the values of the AUC are plotted in a table with the yield on the
y-axis. This is done for every VI. Scatterplots were made to show the correlation between the
AUC and the yield. The coefficient of determination or R-Squared (R2) provides a measure
how certain outcomes for the future can be predicted by the model. This is used to find the
correlation between the AUC of all individual plots for one VI and the yield of those individual
plots. The R2 will give an index of the performance of the VI and also the performance of the
different cover crop treatments. When the AUC is plotted on the y-axis and the yield on the xaxis, the R2 of the linear regression can be calculated. The result of the linearity between these
two factors can determine whether a correlation is present and thus if this method works well
for a certain VI. When the linear formula is used to test the model on the AUC for all the 40
plots, the Root Mean Square Error (RMSE) can be calculated to get the error for the model.
The formula used to calculate the RMSE is the following:
𝑛

(2)

1
𝑅𝑀𝑆𝐸 = √∑ (𝑦𝑖 − 𝑦̂𝑖)2
𝑛
𝑖=1
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Threshold
All of the preprocessing steps in section 3.3.1 were
Fallow 10 plot on 05-09-2018
also done for the plots with a threshold of >= 0.3
which is previously mentioned. This threshold is
applied in R on the values of all the NDVI plots. The
remaining values thus correspond to values higher
than 0.3. When creating a polygon of this data, it can
be used as the mask for all the VIs. In Figure 13 the
result is shown for the NDVI of fallow plot 10. With
this threshold applied, the time series will show
Figure 13 Left: Plot 10 of the
different growth curves since the low values are
experimental field for the potato growth
discarded. This means that the calculation of the
of the fallow treatment. Right: Same plot
except with a threshold to remove VI
AUC gave different values for the VIs. The new
values lower than 0.3
values can be plotted against the yield of the plots as
well. The implementation of the threshold will generate different scatterplots for the VIs where
the correlation coefficient can increase or decrease.
Partial Least Squares Regression
The best correlation found for the AUC and the corresponding yield was also examined with
the Partial Least Squares Regression (PLSR), a multivariate regression method to confront
the fact that there are lots of correlations and predictor variables (Mevik & Wehrens, 2015).
The leave-one-out cross validation (LOOCV) has been chosen as a method to estimate the
yield based on the AUC and the observed yield. With the LOOCV, each data point is left out
once where the rest of the data points are the training set trying to predict the left out point
(Stevens et al., 2008). The value is then predicted and compared to the observed value of
each data point. The performance is measured with the Root Mean Square Error of Prediction
(RMSEP). For this research, one of every 40 experimental plots is left out once for every flight
day and calculated based on the training set of 39 plots. This means that all of the eight
treatments will be used to train the model. The ten flight days are used in the LOOCV to
examine from which point the yield could be predicted with a high certainty. The formula of the
LOOCV is shown below for linear regression:
𝑛

1
𝑦𝑖 − 𝑦̂𝑖 2
𝐿𝑂𝑂𝐶𝑉(𝑛) = ∑ (
)
𝑛
1 − ℎ𝑖

(3)

𝑖=1

Here ŷ is the prediction for the i sample without using the ith sample. Whereas y is the observed
value. The h in the formula is the leverage statistics.
The LOOCV is integrated in the PLS package in R. This is used for calculating the yield
prediction. The number of components, also known as Latent Variables (LV) of the PLS model
had to be defined first. Based on the RMSEP from the validation graph created, eight
components were chosen when using all the AUC data for all flight days since it produces the
lowest RMSEP of 2.147 (Figure 14). In total nine LV were used as input so almost all are used
for the LOOCV. Choosing five or six components will also be able to predict the yield but this
is less accurate then having eight components. The RMSEP is for all components high and
the lowest possible option is chosen.
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Figure 14 The relation between the number of components/latent variables of the PLS model and the
accuracy given based on the RMSEP.

With the LOOCV determined in R, the RMSE of the fit, the RMSE of the LOOCV method, the
R2 fit and the Residual Prediction Deviation (RPD) were calculated to visualize how well the
LOOCV method fits the yield in comparison to the observed yield.
When the predicted yield is known, the error can be calculated and the treatment with the
lowest total error can be calculated. Also, this gives an indication whether a treatment shows
consistency and whether it is possible to give good predictions for the yield during the growing
season. Therefore, another model is trained with only the data gathered during half the growing
season to estimate yield.
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4. RESULTS
In this chapter the results are presented for the research questions. The main objective of this
thesis is to detect differences in crop growth and yield from high-resolution UAV images to
understand plant-soil feedback. The results of the time series development are found in section
4.1 and the area under the curve correlation is found in section 4.2. The yield estimation is
shown in section 4.3.

4.1 Growth curves development
In Figure 15 the result for the NDVI time series of all 40 potato plots considering their previous
cover crops are shown. The time series of the NDVI represent a typical growth curve. VIs with
red-edge band involved in the calculation (CI red-edge, NDRE, MCARI/OSAVI), show growth
curves of the potato crop with fluctuating values in the early growing stage (appendix F). At
later growth stages when foliar cover causes soil noise to decrease, VI value fluctuation
stopped and showed in almost all cases an increase in values corresponding to the growth.
For this research, NDVI and GNDVI showed the most interesting and also contrasting results
because NDVI had the lowest correlation between yield and AUC and GNDVI the highest
correlation of the six VIs. These two VIs will be the main focus.

Figure 15 NDVI time series for all 40 potato growth curves considering the previous cover crops
grown on the plot during the growing season in 2018.
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In the beginning of the time series, the values are ranging from 0.19 till 0.31. Two of the five
potato growth curves which were left fallow during the winter show low values (yellow lines).
Five growth curves per treatment are present. Taking the minimum value, the maximum value
and the mean value of the five growth curves results in a time series with extreme values for
every treatment (Figure 16). The variability of the NDVI value range is barely noticeable
between the eight different treatments. The variability between the min and max value of the
individual treatment is higher. Potato plots with previous fallow, oat radish and radish
treatments show big differences in the potato growth. Vetch as previous cover crop shows an
almost uniform growth curve for the five potato plots.

Figure 16 Minimum, maximum and mean NDVI values of the potato growth curves per treatment
for 2018. Larger buffer areas mean more deviation within a potato growth curve cover crop
treatment.

The time series of all potato plots for the GNDVI are shown in Figure 17. The legend provides
the previous cover crops which corresponds to the potato plots. This plot is comparable to the
NDVI time series since the values have a broad range in the beginning which is coming
together at 70 DAP. Also, it shows the two fallow treatments having a lower AUC. The potato
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plots with beforehand oat radish and radish as cover crop have high overall values of all
treatments.

Figure 17 GNDVI time series for all 40 potato growth curves considering the previous cover crops
grown on the plot during the growing season in 2018.

In Figure 18 the mean, minimum and maximum value for the potato growth curves sorted per
cover crop treatment for the GNDVI are visualized. Large differences between the treatments
are difficult to see. However, variations within the same treatment between the minimum and
maximum value of the plots are for some treatment larger than for another treatment.
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Figure 18 Minimum, maximum and mean GNDVI values of the potato growth curves per treatment
for 2018. Larger buffer areas mean more deviation within a potato growth curve cover crop
treatment.

The method for calculating the AUC is applied on the values extracted from all the flight days
during the growing season for the potato plots. The mean value per plot of the measured flight
days were used and the corresponding yield for every potato plot was added.
Fallow treatments have overall the lowest VI reflectance and yield values whereas oat radish
has the highest VI reflectance and yield values (Figure 6). The plot with the lowest growth
curve (fallow) and the best developed growth curve (oat radish), are chosen to be compared
in a time series. Their plots were masked to see the difference in growth during the growing
season in 2018. For the NDVI plot 10 (fallow) is compared with plot 32 (oat radish) (Figure 19).
The growth of the potato plots for the flight days are shown at the bottom of the image and
show some difference in the speed of the growth for both plots.
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Figure 19 NDVI time series of the area under the curve for the less developed potato growth curve:
fallow treatment and the best developed potato growth curve: oat radish treatment, to compare
NDVI maps of the two plots with each other.

Two other potato plots for GNDVI are selected for comparison. The less developed growth
curve for fallow is plot 23 and the most developed growth curve for oat radish is plot 39. In
Figure 20 the two plots are compared and at the bottom of the image the GNDVI plots during
the growing season are shown. There is a clear difference visible between the plots especially
in the beginning of the growth and around 42-49 DAP. The potato growth is stronger for the
oat radish treatment than the same potato species which were left fallow in the winter. Two
weeks before harvesting, the VI values almost showed the same values.
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Figure 20 GNDVI time series of the area under the curve for the lowest Fallow and the highest Oat
Radish treatment to compare NDVI maps of the two plots with each other.

4.2 Area under the curve and correlation
Whether the underground tubers with beforehand a fallow treatment developed faster at the
end of the growing season will be shown with the AUC calculations. The table in appendix H
show the values of the AUC per VI. Figure 21 gives the result for the NDVI scatterplot.
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Figure 21 Scatterplot of the area under the curve for the NDVI plots on the x-axis against the yield
on the y-axis. Per cover crop treatment a color is used to create a distinction.

The R2 is low (0.0188) for the NDVI values which means there is no observable correlation
between the area under the curve and the yield for the 40 plots.
The scatterplots are made for the six VIs. The highest correlation between the AUC and the
yield for the first results came from the GNDVI. Figure 22 shows an R2 of 0.4881 which means
that a correlation is detected. However, a very strong correlation is not yet pointed out. A clear
distinction between the cover crop treatments and the yield was not observed from the CCC
project results. Since the GNDVI shows the highest correlation between the AUC and the yield,
this correlation is also used to show where the plots are located per block instead of using the
treatments. In Figure 23, the plots are divided in the 5 blocks present at the experimental field.
A clear distinction between AUC and the yield can be seen when the scatterplot is organised
per block. The location of the individual plots had an effect on the growth of the potatoes.
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Figure 22 Scatterplot of the area under the curve for the GNDVI plots on the x-axis against the yield
on the y-axis. Per cover crop treatment a color is used to create a distinction.

Figure 23 Scatterplot of the area under the curve for the GNDVI plots on the x-axis against the yield
on the y-axis. Potato plots are divided per block. The F stands for the fallow treatment per block.

Threshold
The AUC was also calculated with an applied threshold. When the threshold is applied at 0.3
for the GNDVI, the correlation will improve (Figure 24). The R2 improved to 0.5213 which is
slightly higher than the R2 when no threshold is applied. For other VIs an increase in the R2
was noticeable when applying a threshold. Also, the correlation per block with the threshold is
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made to observe differences per block of treatments since soil and location of the plots could
be of influence for the crop growth (Figure 25).

Figure 24 Scatterplot of the area under the curve for the GNDVI plots on the x-axis against the yield
on the y-axis when a threshold is applied to remove background pixels of soil and small vegetation.

Figure 25 Scatterplot of the area under the curve for the GNDVI plots on the x-axis against the yield
on the y-axis. Potato plots are divided per block.

The correlation between the AUC and the yield is now measured with the total AUC from the
beginning of the growth until the harvest. When insights during the growing season are needed,
the AUC can also provide a correlation. The R2 after every flight day is seen in appendix I. The
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correlation is increasing in the beginning and at the end. For the rest it stays close to 0.45.
Whether this means that the yield can be predicted with a specific certainty as well for the AUC
in the earlier stages of the potato growth is researched with the LOOCV.

4.3 Yield estimation for cover crop treatments
Estimating the yield for the PSF experiment gives an insight into the development of the
different cover crops used during the winter. If a prediction can be made to investigate which
cover crop has more impact on the subsequent growth and yield of the potato crop, this cover
crop can be used for further research. Yield estimation can provide e.g. the farmer with data
how much kg/ha his yield will be at the end of the growing season. For the CCC project, this
research results can provide crucial results to decide which cover crop treatments give the
best performance for subsequent potato growth.
Using eight of the nine components for the PLSR gave the lowest RMSEP for the LOOCV
graph (Figure 26). A R2 fit of 0.736 is observed for the fitted yield based on the observed yield.
Also, the RPD is higher than 2.0 which means that the model can make accurate predictions
(Chang & Laird, 2002; Stevens et al., 2008). The results when using five LV is seen in Figure
27. The RPD value is still above 2.0 and the R2 lowered to 0.649.

Figure 26 Observed yield on the x-axis against the fitted yield by the model on the y-axis using eight
LV. The error values and the correlation are given in the bottom right corner.
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Figure 27 Observed yield on the x-axis against the fitted yield by the model on the y-axis using five
LV. The error values and the correlation are given in the bottom right corner.

Considering making a yield prediction during the growing season, the data of the potato crops
are only available halfway the growth. When a prediction is made based on the AUC until half
way the growing season, the estimated yield has a higher uncertainty factor since the
development of the potato crop is still unknown. For the next part, only the data until half way
the growing season (after 16th of May 2018) is used for the yield prediction. Therefore, half way
the growing season the same accurate predictions could already be made instead of a week
later. A closed canopy of the potatoes results in better predictions as is seen by the data. This
indicates better prediction ability (the difference is visible in Figure 20). The LOOCV model run
for the 16th of May produces the following results (Figure 28). The R2 has lowered to 0.608 and
the RPD value of 1.876 indicates that it is just below the border of making a good prediction
based on the conclusions from Stevens et al (2018).
Table 2 presents the RMSE, R2 and RPD values for all the individual flight days. An increase
is visible in the R2 and RPD during the growing season and a decrease in the RMSE is also
visible from almost 3.5 till 1.6. This is a logical consequence since more data is available later
during the growing season.
The 16th of May (42 DAP) is chosen together with 27th of June (84 DAP) for comparison of the
mean potato yield error for the different cover crop treatments during the winter period. As
shown in Table 3, the yield error is decreasing when using all the flight days instead of only
half of the flight days which is a logical consequence since more data is available. A yield error
of approximately two ton per hectare (when the mean yield per hectare was around the 40 ton
per hectare for an individual plot) results in an error of 5% for yield estimation.
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Figure 28 Observed yield on the x-axis against the fitted yield by the model on the y-axis for data
until 16th of May 2018. The error values and the correlation are given in the bottom right corner.
Table 2 RMSE, R2 and RPD values for the LOOCV considering the yield estimation for the individual
flight days based on the PLS modelling

RMSEfit
RMSEloocv
R2fit
RPD

04-26
22 DAP
3.445
3.595
0.265
1.233

05-02
28 DAP
2.768
3.029
0.478
1.535

05-09
35 DAP
2.747
3.139
0.439
1.547

05-16
42 DAP
2.265
2.623
0.608
1.876

05-23
49 DAP
2.302
2.681
0.590
1.846

05-30
56 DAP
2.208
2.656
0.597
1.925

06-13
70 DAP
1.770
2.155
0.735
2.401

06-20
77 DAP
1.681
2.213
0.72
2.528

06-27
84 DAP
1.625
2.147
0.736
2.615

Table 3 Mean yield error per treatment for 42 and 84 DAP.

Fallow
Oat
OatRadish
Radish
Vetch
VetchOat
VetchOatRadish
VetchRadish

42 DAP
(ton/ha)
3.32
0.58
2.11
2.67
1.30
1.16
2.75
0.92

84 DAP
(ton/ha)
1.98
1.22
1.08
1.45
0.84
1.29
2.01
0.51

The linear regression formula in Table 4 of the AUC by trapezoidal rule corresponding to the
GNDVI scatterplot of Figure 22 was used to predict the yield of the plots. Using the AUC values
to fill in the x in the formula resulted in the predicted yield for the individual plots (Figure 29).
Potato plots in an oat radish treatment show the highest yield. The RMSE is 3.002 for the
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model, which is less accurate then the prediction of the RMSEfit and RMSEloocv of the PLSR
method.
Table 4 Formulas and RMSE’s of the predictions for the AUC scatterplot model (RMSE model) in
comparison with the LOOCV method (RMSE fit and RMSE loocv)

Prediction yield all season
Predicted yield with threshold
Predicted yield till 16th of May

Formula
Y = 2,6086x - 72,462
Y = 4,7955x - 174,15
Y = 3,4036x - 0,2569

RMSE model
3.002
2.903
3.147

RMSE fit
1.625
1.660
2.265

RMSE loocv
2.147
2.314
2.623

Figure 29 Predicted yield found by using the formula of the GNDVI AUC method. The estimation will
be drawn towards the 1:1 line of the scatterplot from the GNDVI in figure 22.

Using the data where the threshold is applied, the formula (also present in Figure 24) was used
to predict the yield. The RMSE calculated is 2.903 which is almost identical to the RMSE
calculated without a threshold. The testing of the model gives a higher RMSE error value
instead of a lower RMSE when it is calculated based on the LOOCV model. The RMSEfit and
RMSEloocv of the predicted yield with threshold show higher values than the predicted yield
of all season.
The estimation of the yield made halfway the growing season was calculated to find the RMSE
of this model. The formula of the linear regression line for the 16th of May is used and this gave
a RMSE of 3.147. The RMSE is also higher than the LOOCV predicted.
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5. DISCUSSION
In this chapter the main results found during this research are reflected upon. The results are
discussed with findings in other literature and with extra background information. The key
findings from the results will be discussed and afterwards the limitations and recommendations
will be acknowledged.

5.1 Experimental setup
This study is done based on the CCC project data gathered in 2018. That year potatoes were
planted to find new insights for the impact of cover crops of the PSF experiment. Apart from
field measurements, a UAV was used for data gathering. The gathered field data during the
growing season indicated that the cover crop combination oat radish gave the highest potato
tuber yield and a fallow treatment gave the overall lowest yield (Figure 6) (Drost et al., 2019).
The UAV during this research was used to see whether it could provide usable insights during
the growth of the potato plants. These insights range from more information about the growth
of the individual plots to estimating the chlorophyll content and make a prediction for the yield.
The year of 2018 was the first year that a UAV was used for the CCC project. A few errors in
the data were found when starting the analysis phase of this research.
First of all, the flight days showed fluctuating reflectance values where one would expect the
reflectance values to gradually increase or decrease over time due to the growth and thus
coverage of soil by the potato plants. In appendix C the boxplots of reflectance values per day
and per band are shown. The flight days of 6th of April and 6th of June were discarded from the
data due to very low reflectance values especially in the red and red-edge bands. The reason
that this data lacks good reflectance values could be due to a defective sunshine sensor of the
Sequoia camera that day. Other data of the flight days looked normal although some deviation
between the remaining flight days is visible such as the 13th of June. This example date is not
discarded since the deviation is too low and otherwise a gap between the flight days is present.
The gathered data had to be georeferenced in order to mask all the flight days at once. In the
experimental field of the CCC project, GCP’s are present. However, the GCP’s were not always
visible due to grass which grew over them (appendix B, Figure 31). This is caused by
inconsequent cleaning of the GCP’s and could result in data with lacking reference points
which makes it hard to be georeferenced. When further research with UAVs is done, GCP’s
should be clearly visible from the UAV images before the flight.
The last issue considering the CCC project relates to the fertilizer applied to the treatments.
As mentioned in the chapter materials and methods (chapter 3), the treatments all received
the same amount of fertilizer except for the fallow plot which should have received no fertilizer.
However, in 2018 the fallow plots were given the same amount of fertilizer at the beginning of
the growing season which was not planned (Unifarm, personal communication, 05-03-2020).
Therefore, the fallow plots got a nutrient boost which could be the reason why some fallow
plots had a decent yield. The hypothesis that fallow plots would be the plots with the lowest
yield could not be backed up due to this issue. Also, the cover crop treatments were sown two
weeks later than other years which caused a shorter growing period (Drost et al., 2019). The
cover crops missed a critical start to create biomass in the summer period. Fortunately, there
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is still a difference in fallow and other treatments which is expected since other treatments also
got the same amount of fertilizer and had a coverage of soil during the winter to keep N, C and
P in the soil (Figure 6). From the field experiments over the years 2016-2019, the results of the
cover crop experiment let to no greater input in the soil C reservoir and did not increase P and
soil N (Drost et al., 2019). This could be the reason that tuber yield did not show significant
differences between cover crop treatments.
Drought
One of the most important findings to explain for this research is the drought in 2018. The
growth behavior of the potato plants and tubers during the growing season is significantly
lower. The drought which affected potato growth resulted in a reduction in the yield of
approximately 20% (Prins et al., 2018). Also, the growth period of 84 days was found relative
short since the optimal tuber yield was found at 100-110 DAP for the same potato species
(Minda et al, 2019). The response of the potato plant in dry conditions affects the canopy
growth and the tuber yield (Aliche et al., 2018; Haverkort et al., 1990; van Loon, 1981). Under
the stress of the dry season, fast growth and having a maximum canopy cover had negative
effects on the growth of the tubers formation but also the future growth of the tubers. It is
assumed that the study area of this research was also affected by the dry period during the
growing season.
The data from the Veenkampen weather station in Figure 5 confirmed the dry period. In total
128,7 mm of rain had fallen during the growing season. The mean precipitation of all other
years measured during that same period was 195 mm. The yield of Figure 6 is lower than the
average of 47 ton/ha of the year 2018 for the Netherlands (Dodde, 2018). Therefore, it is
assumed that this leads to a reduction in the yield for the study area as well. The growth rate
of potatoes, the maximum canopy cover and the AUC under drought stress were found to be
critical for the development of tubers concluded by Aliche et al. (2018). This means that the
growth of the canopy cover under dry conditions does not necessarily correlate with the growth
of the potato tubers underground. Leaves of the potato plant can close up during dry conditions
and are assumed to be inaccurately detected by the UAV. The correlations found in this
research can be minimal due to the drought stress which was experienced. This is a
consequence which had to be taken into account when doing field experiments with conditions
that were not foreseeable.
Slope
As mentioned before, the experimental field has a slope of approximately 1 meter from the
east down to the west over the study area. This had an effect on the growth of the potatoes.
In the scatterplot of Figure 23, the divided plots were put together in blocks to see this clustering
which had a good distribution. Block 5 consists of the plots with the highest growth curves and
yields. This block is located most to the east in the experimental field. The reason why the
growth curves of this block are some of the best is because of a seepage area or a water
source underneath this area (Unifarm, personal communication, 05-03-2020). The area is
wetter when plowing than block 1 to 4. This could also improve the fallow treatment of block 5
to give higher yield than other treatments located in the other plots.
Cover crop legacies
Another recent study about the impact of cover crops on the soil tested whether cover crops
could reduce the tillage intensity, the use of fertilizer, and the use of herbicides (Wittwer & van
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der Heijden, 2020). They measured the N uptake of their crop caused by the cover crop. For
further research, the N uptake by cover crops, the total biomass and the N uptake by the
subsequent grown crop needed to be measured to give more evidence how cover crops are
performing. In the study of Wittwer & Van der Heijden (2020), their results showed that legume
cover crops worked best for the growth of maize. The cover crops can be used to reduce tillage
and fertilizer usage without compromising the yield. However, this research was about a maize
experiment and not potatoes which could give different results. The cover crop vetch used in
the CCC project is a legume species. Vetch did not show significant better growth and yield
results for the potatoes (Figure 6). Therefore, conclusions cannot be drawn for a potato
experiment.

5.2 Vegetation index selection
The calculations of the VIs all used several of the available spectral bands (see Table 1). They
exist of several types of VIs which characterizes different crop traits such as chlorophyll index,
N concentration or LAI. The VI MCARI/OSAVI is often used when hyperspectral data is present
since those bands are more narrow than multispectral bands (Clevers & Kooistra, 2012). Since
the VI can be calculated based on the four bands gathered with multispectral data,
MCARI/OSAVI was selected for estimating chlorophyll content. In the study of Clevers &
Kooistra (2012), MCARI/OSAVI showed the highest correlation for estimating chlorophyll
content in a potato field experiment. However, due to a lack of hyperspectral data for
calculating the MCARI/OSAVI as described in the article of Clevers & Kooistra (2012), the
estimation of chlorophyll content could be different and results may not be the same as
expected since multispectral data is used.
Like MCARI/OSAVI, other VIs related to potato growth were chosen as well if earlier research
was available. The GRVI was used since it showed higher sensitivity than red-based indices
for assessing N deficiencies for maize. GRVI was still used for a potato experiment since it
could also give these same insights it gave for an experiment with maize. In this way the six
VIs were chosen which is also explained in section 3.3.2.
The growth curves of the plots together show the development per VI (Figure 15). The NDVI,
GNDVI, GRVI and MCARI/OSAVI show similar growth curves. While the growth curves of
NDRE and CI red-edge (appendix F) show lots of fluctuation after the first weeks. This is
caused by the red-edge band being more sensitive for soil background since it measures
deeper in the canopy (Li et al., 2014). With low foliar cover in the beginning stages of the
growth, red-edge reflectance is influenced by the soil. This goes for NDRE and CI red-edge
since they use the red-edge index in their calculation. MCARI/OSAVI as well, but not a lot of
fluctuation is visible in the growth curve because other bands also had an impact on the
calculation. Reflection in the red-edge band could be influenced by stress induced
fluorescence (Carter & Miller, 1994). Red-edge is more sensitive to changes in the chlorophyll
content than the green band. This is confirmed with the other VIs calculated since the NDVI,
GNDVI and GRVI does not show the fluctuation because the calculations are either based on
green, red or NIR bands. For the beginning phase of measuring the chlorophyll or N content
with NDRE or CI red-edge is difficult but in later growth stages the fluctuation decreases (Carter
& Miller, 1994). Since GNDVI showed the best results and also GRVI showed a relatively good
correlation between the AUC and the yield of 0.42, it is assumed that the green band which is
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used in both the VIs of GNDVI and GRVI calculation causes this correlation. This could be
explained since the green band is the reflection of the chlorophyll which is increasing during
the growing season (Li et al., 2014). According to Li et al. (2014), the GNDVI performed well
in estimating plant N concentration. The GNDVI for the potato plots resulted in a relatively good
correlation between underground biomass and aboveground biomass for this research.
The reason NDVI had the lowest correlation between the AUC and the yield is not determined
with certainty. However, it is assumed that the NDVI values stagnate when a full foliar cover is
reached but the LAI keeps increasing which is not measured through the use of the NDVI. This
can lead to inaccurate measurements of the aboveground biomass and thus inaccurate
results. The correlation is the lowest of all VIs which could also be caused by the calculation
using the NIR and red reflectance. Since the red reflectance performed worse on other dates,
this could be a reason NDVI calculations are not accurate enough.

5.3 Time series implementation
The results of the VIs indicate that GNDVI has an expected growth curve and had the best
correlation in comparing the yield and the AUC together (Figure 22 & Figure 24). Therefore, it
was used for further research in the time series analysis. The clustering methods from studies
done earlier did not show similar results in comparison to the clustering of the GNDVI values
(Han et al., 2019, 2018; Montero & Vilar, 2014; Roelofsen, 2018). The results from Han (2018)
showed clustering based on four stages through time which were based on the plant height.
They introduced a way to analyze and evaluate different phenotypic traits from UAV data which
identified a typical curve. These typical curves can detect differences between the traits
selected. The NDVI trait in this research had a recognition rate of only 59% since the results
were affected by the external environment (Han et al., 2018). First of all, if the ten stages from
this research are reduced to four stages from Han’s research, results could have shown
detectable differences since bigger time steps show more significant differences in between.
Distance measurements
Concluded by Roelofsen (2018), choosing the distance measure is found to be most important
for clustering time series. In appendix E the clustering for the potato growth curves for the
GNDVI are showed with the ten time steps. However, they lack a correlation in the dendrogram
and the clusters. Han et al. (2018) explained that the core of time series clustering analysis is
the distance measurements which is based on the difference between the samples of all the
time series (Han et al., 2018; Montero & Vilar, 2014). For the potato growth curves and the
different treatments used, a correlation or a pattern between similar or differencing time series
of the growth curves is not found (appendix E). The K-shape algorithm used in the article of
Han et al. (2018) created homogenous clusters which could be well-separated due to the
shape-based distance (SBD). Also, they used multi trait measurements which were based on
the mean value. However, for this research the clustering did not provide homogenous clusters
which were well separated. This is probably caused since the SBD of the potato growth curves
was too small. This could be explained because the different treatments showed different
growth patterns dependent on the block they grew on. For example, a fallow treatment on block
5 could have had the lowest growth curve of that block but the highest growth curve and yield
for all the treatments of block 3 (See F in Figure 23). For this reason, the clustering method
performed on the potato plots was not used.
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Area under the curve
The method for the AUC, also used in the article of Sivarajan (2011), provided a better outcome
for some VIs. As mentioned before, especially the GNDVI resulted in a R2 showing a relatively
good correlation between the AUC and the yield of the potato plots. This can be explained by
the fact that a higher AUC means that the growth curve of a particular plot showed a fast growth
of the potato plants which causes a fast coverage of the plot. This resulted in higher GNDVI
values. Higher reflectance values mean higher chlorophyll content and more aboveground
biomass which are sensed by the UAV and this could be linked to the amount of underground
biomass. A high aboveground biomass is not necessarily related to a high underground
biomass which causes the correlation between the AUC and the yield to be moderate. For the
AUC calculation a linear regression is used. In the study of Wittwer & Van der Heijden (2020),
they used a polynomial regression (second order) which is an exponential line between
multiple variables. However, they used different variables such as the biomass against the
MaxNDVI or Time Integrated NDVI growth for halfway the growing season. Also, the N uptake
in kg per hectare was used to find a correlation with the MaxNDVI, TINgrowth or growth rate.
Relative high R2 values ranging from 0.82 to 0.59 were found for this method, especially for
the MaxNDVI (R2 of 0.82). The MaxNDVI was not relevant enough for this research since the
range of the MaxNDVI for this research were all around 0.9. In the study of Wittwer & Van der
Heijden (2020), the MaxNDVI values ranged between 0.6 and 0.8. The variables used could
have given interesting results if biomass and N uptake data was present. However, the AUC
method against the yield could not have been a polynomial regression since the data is linearly
spread.
Threshold
Removing the soil and small vegetation noise by applying a threshold could help improve the
results (Liebisch et al., 2015). For this research a threshold of 0.3 is applied to remove the soil
from the images retrieved by the UAV. The correlation between the AUC and the yield
improved for almost all the scatterplots when the threshold was applied (Figure 24 and
appendix H). Only the chlorophyll content was measured and this results in a better
belowground biomass estimation. The soil background does not lower the reflectance values
and a better mean is calculated for only the potato plants.
PLSR
The PLSR method was performed for this study to evaluate whether the GNDVI reflectance
values, so the aboveground biomass, could give a prediction on the tuber yield, the
belowground biomass. The model trained with the LOOCV method resulted in a R2 of 0.736
(Figure 26). The data used for this calculation consists of eight of the nine components
available. This means that all the training data is necessary to create a good estimation of the
predicted yield. The model can create an overfit using eight LV. A prediction of the yield for the
potato plots halfway the growing season resulted in a R2 of 0.608 (Figure 28). Now only the
data till 16th of May was used to estimate the predicted yield at the end of the growing season.
When four LV were used, the R2 of 0.608 is lowered in comparison to eight LV. However, it still
indicates that the yield could be predicted partially for the different treatments of the PSF
experiment. In Table 3 the mean error of the observed yield minus the predicted yield is visible
and it shows errors of maximum 3.32 ton/ha for 42 DAP and 2.01 ton/ha for 84 DAP. For a
mean yield of 38 ton/ha, a maximum error of less than 10% is found halfway during the growing
season and almost less than 5% at the end of the growing season. The estimation is potentially
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influenced by the overfit of the LOOCV performed on the data. However, halfway the growing
season a good estimation can be made that gives farmers a better insight of the development
of their crops. The RPD of the LOOCV model from 16th of May has a value of 1.876 which is
just below 2.0. This means that the RPD is just in the intermediate class and not good enough
to make accurate predictions (Chang & Laird, 2002). If the model is improved, it could make
better predictions. An improvement of the model is important for further research so more
accurate data can be used to train and validate the model. The model used eight LV to train
the data and had a better RPD of 2.615 which means according to Chang & Laird (2002) that
the model can be used for accurate predictions.
According to Lever et al. (2016), cross validation and test set approaches have the ability to
avoid model overfitting and be able to perform well on a new data set. For this research, the
LOOCV is a useful method to validate the data. Also, according to the aforementioned article,
an overfitted model works well on training data but for a new data set it could perform worse
since the model is trained on only the training data. It is important to find a border were the
model is not overfitting or underfitting. The LOOCV performed on almost all the data provided
a RPD of 2.615 and the lowest RMSE of all the predictions could be because of an overfitting
model. Chance of overfitting when using the lowest RMSE component seen in the validation
plot is confirmed according to Mevik & Wehrens (2015. The results of this research point
towards an overfit because the few data points are not able to make a good validation.
The scatterplot of the AUC and the observed yield resulted in a linear regression line based
on a formula for the dataset (for example Figure 22). This formula was used to predict the yield
and calculate the RMSE. The RMSE was higher than the RMSEfit and RMSEloocv observed
with the PLSR method. These results can be explained based on the fact that the LOOCV is
overfitting and predicts a lower RMSE. New data is presented to formula (4) (5) & (6) of the
scatterplots which explains the overfit according to Lever et al. (2016) new data could not work
well on the model made with the observed values. However, the RMSE found for this research
is still relatively close to the RMSE values predicted with the LOOCV. Therefore, overfitting is
present but cannot be declared with full confidence. The RMSE calculated with the threshold
applied to the data would have been expected to give better results since the soil background
is discarded. The PLSR method used on the threshold data resulted in almost the same RMSE
also found for the data including the soil noise. Further research needs to be done to find an
answer to why a threshold does not help in predicting the yield in a better way.
Remote sensing advantage
The last point to mention is the advantage of using remote sensing for the PSF experiment,
apart from the frequent measurement opportunities and non-destructive gathering of data,
which gives the extra insights the UAV brought to understand the PSF. The reflectance bands
used for calculating the VIs gave insights into the growth and greenness of the potato plants.
Abrupt changes in the growth of the potatoes can be discovered by the UAV. These insights
are linked to the previous cover crops and therefore the legacy left behind in the soil for the
growth of the subsequent potato crop. Several companies in the Netherlands already use
remote sensing to predict yield by monitoring crops. Finding a relationship between the yield
and the previous cover crop, PSF can be determined whether it did leave a legacy to the soil
and whether the PSF influenced the yield. The use of specific cover crops for a better yield
can be optimized when all the nutrients in the cover crop and soil are monitored. Determining
the legacy of cover crops to the soil was out of scope for this research.
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5.4 Limitations
Limitations came mainly from the experimental setup. The data gathered with the UAV lacked
a certain similarity in reflectance during the growing season which resulted in two flights to be
discarded. Limitations with a UAV can be that the data acquisition and weather conditions are
impossible to stay the same. Also, the use of fertilizer is limiting the difference in treatments
since fallow should not have gotten any fertilizer in the winter for the cover crop and during the
growth of the potato plot. This probably influenced the results and need to be communicated
correctly.
Another limitation using UAV flights is that they provide information about the growth of the
plants aboveground and does not give information of the underground biomass which does
not necessarily have a high correlation. If the data gathered in the field during the research
does not show significant differences in cover crop treatments, UAV data will not be able to
find differences in cover crop treatments suddenly.
During this project, methods were tested to see which one showed the best correlation. With
more time this could be expanded to other methods, which might provide interesting insights
even when their correlation is lower than the GNDVI method used for this research.

5.5 Recommendations
Further research and especially data gathering should be done with a checklist. Field
measurements need to be done by following a strict checklist where for example GCP’s need
to be cleared before the flight starts.
Research per block could give better relations between the yield and the cover crop treatments.
This can be reached by splitting the plots in half and creating 16 plots per block which is more
data per block and a better correlation since the soil conditions are the same. Moreover, the
LOOCV for estimating the yield during the growing season could presumably become more
accurate when the dataset of the crop growth is larger. A larger dataset could be made by
looking at the potato crops individually by machine learning algorithm which measures every
plant individually. The machine learning algorithm was not in de scope of this study. Further
research should be done to find whether a machine learning algorithm could provide better
insights.
It is also recommended for further research to make a VIs selection based on only one specific
crop. When a research shows that a certain VI performs well on maize, this could not be the
case for potatoes.

45

6. CONCLUSION
The research aimed to detect differences in crop growth and yield from high-resolution UAV
images to understand PSF. The detection of differences in both crop growth and yield is
possible with the help of VI calculation during the growing season of the potato plants. The
PSF of the cover crops did provide a legacy to the soil which helped boost the growth of the
subsequent potato crop. However, there was not a significant difference as expected.
Especially for a fallow treatment, less yield was expected. A potato plot with beforehand an oat
radish treatment resulted in the highest detected chlorophyll content and a potato plot with
beforehand a fallow treatment in the lowest chlorophyll content. The correlation between
measured underground tuber yield and the aboveground chlorophyll content did relate little to
each other. The tuber yield of the potato plots with an oat radish treatment gave the highest
yield in 2018. Tuber yield of the potato plots with a fallow treatment resulted in the lowest
observed yield in 2018.
One can conclude that it is challenging to observe large differences in the legacy cover crops
leave behind in the soil. The GNDVI was able to detect the growth changes of the potato crops
the best for the selection of VIs made. How much influence the cover crop had in this process
is not able to determine since the measurements of the cover crop resulted in no greater soil
C, N and P content for the upcoming potato crop.
The methods of the AUC and the PLSR gave the best correlation with the yield for the GNDVI
and also for estimating the yield halfway or at the end of the growing season. However, even
the AUC for the GNDVI did not find a very good fit when contrasted against the yield. The
scatterplot per block showed that the soil conditions in the experimental field had a big impact
on the growth of the potato crops. Yield estimation by using the AUC method resulted in a
RMSE of approximately 3 ton per hectare for the potato plots. Using the PLSR the results were
better for estimating the yield halfway the growing season and before harvesting started. The
RMSE for LOOCV halfway the growing season is around 2.5 ton per hectare and estimating
at the end of the season has a RMSE of 2 ton per hectare. However, the LOOCV can be
overfitting on the training data since it is a small dataset and almost all LV are used to validate
the model. Therefore, the AUC method with a RMSE of 3 is most likely more accurate than the
LOOCV result.
Although more similar research is done for this subject, new insights of the PSF effect of cover
crops on the subsequent crop for multiple plots is relatively new. Besides, the time series
analysis with flight data from every week of the growing season gives good insights in the
growth of the potato plants.
Further research is needed to find relations between the legacy of the cover crops on the soil
and the effect it has on the subsequent crop. Especially, the difference in soil conditions for
the different blocks have a high effect on the crop growth. Research per block could give better
relations between the yield and the cover crops. Moreover, the LOOCV for estimating the yield
during the growing season could presumably be better when the dataset of the crop growth is
larger.
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APPENDICES
In this section the appendices mentioned in the text are put in different sections. Per
subchapter in the report the images are put together in the same Appendix.
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Appendix A

Figure 30 Temperature and precipitation retrieved from the Veenkampen weather station. Flight days by the UAV are included in the figure.
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Appendix B
Date (MM-DD-YYYY)
04-06-2018

Content of use in folder
Four spectral bands
(green, NIR, red & red-edge)
04-19-2018
Four spectral bands
(green, NIR, red & red-edge)
04-26-2018
Four spectral bands
(green, NIR, red & red-edge)
05-02-2018
Four spectral bands
(green, NIR, red & red-edge)
05-09-2018
Four spectral bands
(green, NIR, red & red-edge)
05-16-2018
Four spectral bands
(green, NIR, red & red-edge)
05-23-2018
Four spectral bands
(green, NIR, red & red-edge)
05-30-2018
Four spectral bands
(green, NIR, red & red-edge)
06-06-2018
Four spectral bands
(green, NIR, red & red-edge)
06-13-2018
Four spectral bands
(green, NIR, red & red-edge)
06-20-2018
Four spectral bands
(green, NIR, red & red-edge)
06-27-2018
Four spectral bands
(green, NIR, red & red-edge)
Table 5 Flight days and content available and used at the beginning of the research
Date (MM-DD-YYYY)

Visible GCP’s

04-06-2018
04-19-2018

10
10

RMSE in cm from
reference
0,6

Method for georeferencing

2nd order polynomial
transformation
04-26-2018
10
3,4
2nd order polynomial
transformation
05-02-2018
10
1,6
2nd order polynomial
transformation
05-09-2018
3
2,5
1st order polynomial
transformation
05-16-2018
8
1,2
2nd order polynomial
transformation
05-23-2018
9
1,6
2nd order polynomial
transformation
05-30-2018
8
2,4
2nd order polynomial
transformation
06-06-2018
8
0,0
2nd order polynomial
transformation
06-13-2018
8
4,1
2nd order polynomial
transformation
06-20-2018
10
1,6
2nd order polynomial
transformation
06-27-2018
10
1,3
2nd order polynomial
transformation
Table 6 Amount of visible GCP’s per flight day and the RMSE of flight days after georeferencing in
ArcMap.
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Figure 31 GCP's not clearly visible in all cases. Photo taken in the field on February 14th 2020.
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Appendix C

Figure 32 Band reflectances of the green, red, red-edge and NIR band during the flight days. Some disturbances and fluctuation between the flight days are visible.
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Appendix D

Figure 33 NDVI reflectance values for all flight days. A threshold of 0.3 is applied to remove the soil and small vegetation from the images.
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Appendix E

Figure 34 Partitional clustering of the 40 plots for the NDVI. No real pattern can be extracted from
the different clusters. Beginning values do not correspond with real growth curves.
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Figure 35 Dendrogram of the hierarchical clustering of the GNDVI which had the best correlation of
all VIs. No pattern can be extracted from this clustering, also not per block.
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Appendix F

Figure 36 Growth curves of the 40 plots of the CI red-edge

Figure 37 Growth curves of the 40 plots of the NDRE
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Figure 38 Growth curves of the 40 plots of the MCARI/OSAVI

Figure 39 Growth curves of the 40 plots of the GRVI
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Appendix G

DAP

DAP

DAP

DAP

DAP

DAP

DAP

DAP

Figure 40 Minimum, maximum and mean CI red-edge values of the potato growth curves per treatment for 2018.
Larger buffer areas mean more deviation within a potato growth curve cover crop treatment.
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DAP

DAP

DAP

DAP

Figure 41 Minimum, maximum and mean GRVI values of the potato growth curves per treatment for 2018. Larger
buffer areas mean more deviation within a potato growth curve cover crop treatment.
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DAP

DAP

DAP

DAP

DAP

DAP

DAP

DAP

Figure 42 Minimum, maximum and mean MCARI/OSAVI values of the potato growth curves per treatment for
2018. Larger buffer areas mean more deviation within a potato growth curve cover crop treatment.
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DAP
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Figure 43 Minimum, maximum and mean NDRE values of the potato growth curves per treatment for 2018. Larger
buffer areas mean more deviation within a potato growth curve cover crop treatment.
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Appendix H
Table 7 Total area under the curve values for all the VIs. Yield is added to see the correlation in color gradation.
Color gradation is done per column. Green means highest. Red means lowest value.

Total Area under the curve of potato plots for all VIs compared to yield of potatoes
NDVI
NDRE
CI red edge
GNDVI
MCARI/OSAVI
GRVI
Yield
Area
Area
Area
Area
Area
Area
(ton/ha)
F_10
42.49
11.10
27.16
42.26
154.38
375.49
39.92
F_23
43.73
10.99
27.00
40.03
127.41
342.05
27.13
F_29
47.03
11.42
28.23
41.16
136.24
356.74
27.17
F_36
44.74
11.60
28.60
43.52
152.54
381.48
39.83
F_8
46.35
10.78
26.27
41.57
144.56
361.71
40.82
O_15
44.43
11.39
27.96
43.06
148.72
377.44
39.47
O_22
45.83
11.16
27.39
41.20
141.75
361.25
33.19
O_26
44.87
11.46
28.27
41.91
148.96
372.32
33.66
O_3
46.86
11.30
27.90
41.69
145.95
374.08
38.44
O_37
46.43
11.44
28.18
43.26
159.62
383.13
40.44
OR_11
47.06
11.25
27.64
42.48
158.03
380.06
44.58
OR_17
48.22
12.20
30.88
42.38
153.85
378.75
40.58
OR_32
49.34
12.72
32.61
44.22
152.11
401.61
38.06
OR_39
44.61
11.87
29.36
44.84
179.63
406.20
45.78
OR_5
45.45
11.02
27.13
41.54
140.14
367.35
38.46
R_13
46.87
11.07
27.00
42.33
142.84
368.98
39.72
R_18
47.09
11.17
27.36
42.65
160.84
382.38
36.31
R_28
49.07
11.88
29.56
43.07
173.89
402.48
37.83
R_33
44.35
12.04
29.89
44.95
173.75
405.63
43.53
R_6
45.32
11.01
27.06
41.50
139.65
370.21
38
V_1
44.95
11.70
29.20
41.35
134.59
351.69
39.1
V_12
45.06
10.95
26.72
41.73
142.71
362.57
41.11
V_19
46.98
11.25
27.65
41.38
138.54
360.48
36.03
V_30
48.58
11.11
27.15
43.08
154.00
378.46
36.94
V_40
46.49
12.31
30.73
44.37
161.27
396.92
45.42
VO_16
44.77
11.50
28.32
43.00
149.74
371.22
42.59
VO_20
45.78
11.02
26.96
41.39
143.68
364.77
31.51
VO_27
46.99
11.48
28.31
42.06
151.36
375.35
35.42
VO_38
45.11
11.57
28.52
43.63
159.51
388.99
40.83
VO_7
45.14
10.95
26.84
41.89
151.25
374.78
38.42
VOR_14
46.28
11.32
27.77
42.48
138.05
368.92
36.83
VOR_24
46.66
11.29
27.80
42.40
157.71
NA
34.47
VOR_25
48.37
11.07
27.13
42.25
158.60
376.55
36
VOR_35
44.94
11.76
29.03
44.18
166.06
394.24
44.08
VOR_4
45.50
11.20
27.68
41.82
142.87
377.84
38.75
VR_2
46.39
11.20
27.51
42.38
152.96
386.79
41.44
VR_21
47.66
11.18
27.43
42.09
155.50
NA
37.14
VR_31
49.34
11.36
27.83
43.35
163.36
385.46
36.94
VR_34
45.85
11.84
29.24
44.89
172.74
404.44
44.83
VR_9
45.90
11.29
27.70
42.18
151.51
377.92
39.36
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Figure 44 Scatterplot of the area under the curve for the NDVI plots on the x-axis against the yield on the y-axis
when a threshold is applied to remove background pixels of soil and small vegetation.

Figure 45 Scatterplot of the area under the curve for the CI red-edge plots on the x-axis against the yield on the yaxis. Per cover crop treatment a color is used to create a distinction.
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Figure 46 Scatterplot of the area under the curve for the CI red-edge plots on the x-axis against the yield on the yaxis when a threshold is applied to remove background pixels of soil and small vegetation.

Figure 47 Scatterplot of the area under the curve for the GRVI plots on the x-axis against the yield on the y-axis.
Per cover crop treatment a color is used to create a distinction.
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Figure 48 Scatterplot of the area under the curve for the GRVI plots on the x-axis against the yield on the y-axis
when a threshold is applied to remove background pixels of soil and small vegetation.

Figure 49 Scatterplot of the area under the curve for the MCARI/OSAVI plots on the x-axis against the yield on the
y-axis. Per cover crop treatment a color is used to create a distinction.
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Figure 50 Scatterplot of the area under the curve for the MCARI/OSAVI plots on the x-axis against the yield on the
y-axis when a threshold is applied to remove background pixels of soil and small vegetation.

Figure 51 Scatterplot of the area under the curve for the NDRE plots on the x-axis against the yield on the y-axis.
Per cover crop treatment a color is used to create a distinction.
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Figure 52 Scatterplot of the area under the curve for the NDRE plots on the x-axis against the yield on the y-axis
when a threshold is applied to remove background pixels of soil and small vegetation.
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Appendix I

DAP
Figure 53 Coefficient of determination for the area under the curve for the individual flight days

DAP
Figure 54 Coefficient of determination for the area under the curve for the individual flight days with an applied
threshold at 0.3
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