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Abstract
Growth monitoring and prediction of potato tuber yield prior to the harvest period can be very
useful in pre-harvest and marketing decision making. Remotely sensed growth monitoring
offers a non-destructive and near-real time method to gather crop status information. This
study aims to develop and evaluate an approach to combine Normalized Difference
Vegetation Index (NDVI) values from UAV- and satellite-derived imagery time series with
growth curve fitting for potato tuber yield prediction.This study combines satellite-derived
and UAV-derived imagery time series for two consumption potato fields with multiple potato
cultivars and a high resolution yield map in Flevoland province, the Netherlands.
The combination of spectral information from platforms using differing spatial scale requires
this study to gain insight on cross-sensor differences between the Airinov multiSPEC 4C and
Sentinel 2 MSI multispectral sensors, as well as clarifying the influence of soil background
effects on NDVI values for potato canopy specifically. Low (RMSE <10-4 on values ranging
between 0 and 1) values are found between a fitted calibration function and a 1:1 correlation
line of UAV and satellite-derived NDVI values. A linear relationship is observed between
UAV NDVI reflection and the fraction of potato canopy cover. Afterwards, NDVI growth
curves are fitted using combined NDVI time series, and are evaluated using random Forest
(RF) regression to quantify yield prediction performance as well as identify influential growth
curve parameters. Tuber yield prediction models are most strongly influenced by input NDVI
in the early and late season. RF regression resulted in comparable validation R2 (between
0.66-0.70) for satellite-only, UAV-only and combined satellite- and UAV-derived input time
series. Finally, two scenarios are evaluated by growth curve parameter comparison, using a
minimal amount of UAV flights (in comparison to using all recorded NDVI values). This
comparison yielded NRMSE values for influential growth curve parameters from between 2
and 5% for one field using extra UAV flights from the early and late season, and larger
NRMSE values for addition of only early-season UAV flight images (5.3-12%). Even higher
discrepancies between NDVI growth curve parameters have been recorded when applying
the scenarios to the other field (NRMSE values up to 18%). Recommendations for further
research include the use of other vegetation indices as well as the use of a range of
machine learning models in order to clarify the sensitivity of the results. Additional data
collection for consumption potatoes with different soil characteristics and/or climatic
conditions will improve robustness of the tuber yield prediction models.
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1 Introduction
1.1 Context
World food demand is expected to increase substantially in the next decades. In addition,
modern day agriculture has a distinct and ever-increasing competition for land, water,
energy, and other inputs into food production. Climate change poses additional challenges
for agriculture, as current farming practices are a major source of greenhouse gases (GHG)
(Garnett et al., 2013). In addition, agriculture threatens local ecosystems through leaching
from pesticide and fertilizer application.
One response has been a call to increase production from existing farmland in ways that put
less pressure on these existing systems, and is defined as the sustainable intensification
approach (Garnett et al., 2013).
The following four premises underpin the sustainable intensification (SI) approach:
1. The need to increase production;
2. Increased production must be met with higher yields in existing farmlands, as increasing
the area of land in agriculture carries major environmental costs;
3. Food security requires as much attention to increasing environmental sustainability as to
raising productivity;
4. SI denotes a goal but does not specify a priori how it should be attained or which
agricultural techniques to deploy.
One activity to effectuate SI is the practice of precision agriculture. Precision agriculture
uses proximal and remote sensor surveys to delineate and monitor within-field variations in
soil and crop attributes, guiding variable rate control of inputs, so that in-season
management can be responsive (Hedley, 2015). Precision agriculture generally involves
better management of farm inputs such as fertilizers, herbicides, seed, and fuel (used during
tillage, planting, spraying, etc.) by doing the right management practice at the right place
and the right time (McCabe et al., 2016).The usage of so-called management zones has the
potential to improve production and nutrient use efficiency (Maresma et al., 2016). It also
ensures that nutrients do not leach from or accumulate in excessive concentrations in parts
of the field (Hedley, 2015). The same can be said for variable herbicide application, with
proven reductions between 30% and 43% for herbicide application on carrot farms
(Dammer, 2016). There presently is considerable interest in collecting remote sensing data
multiple times throughout the growing season in order to conduct non-destructive and near
real time soil, crop and pest management. Precision agriculture and further development of
techniques to use high-resolution site specific data can play a role in the sustainable
intensification of agriculture.
Potato (Solanum tuberosum L
 .) is the fourth most important staple crop in the world, and the
number one non-grain food crop (Getahun et al., 2019). Consequently, improving potato
production without negative environmental consequences is important for ensuring global
food security (Li et al., 2020), conforming the sustainable intensification approach. These
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production improvements (without negative environmental consequences) can be leveraged
by precision agriculture techniques. In particular, growth monitoring and prediction of potato
crop yield prior to the harvest period can be very useful in pre-harvest and marketing
decision making (Al-Gaadi et al., 2016). A thorough understanding of yield limiting factors
(whether site-specific or not) is crucial to an increase in potato tuber production.
Site-specific crop information from remotely sensed data has the potential to simplify
existing potato growth modelling. Existing dynamic potato growth models require extensive
data. This does not only include site-specific weather data, as well as genetic coefficients of
plant varieties, spatially distributed soil characteristics, farming practices, previous crops,
and fertilizer application (Šťastná et al., 2010).
The collection of spectral information through remote sensing techniques offers such growth
monitoring (Colomina et al., 2014). Spectral information (including the near-infrared region
needed for crop monitoring) is typically collected by hand-held spectrometers, or
multi-/hyperspectral sensors mounted on satellites, aircraft, and more increasingly,
unmanned aerial vehicles (UAVs). Satellite imagery in general is cheaper and has more
consistent quality than UAV missions. However, UAVs have several advantages over
satellites and piloted aircraft: they can be deployed quickly and repeatedly; they are less
costly and safer than piloted aircraft; they are flexible in terms of flying height and timing of
missions; and they can obtain imagery at sub-decimeter resolution (Laliberte, 2009). As the
amount of available satellite imagery is limited by cloud obscuration, UAVs offer great
advantages due to flexibility regarding flying height and mission timing. Using UAVs
therefore offers the possibility of year-round data acquisition of multi-spectral imagery, and
thus vegetation indices, and estimations of biophysical parameters.

1.2 Problem definition and background
1.2.1 Potato crop monitoring and yield prediction
Potato crop growth monitoring and yield prediction can be very useful in pre-harvest and
marketing decision making (Al-Gaadi et al., 2016). Existing potato growth models require
extensive information for growth model parametrization and this is considered to be their
largest limitation. Existing growth models for instance require weather data, genetic
coefficients of plant varieties, soil characteristics, farming practices, previous crops, and
fertilizer application (Šťastná et al., 2010, Clevers et al., 1999). Data collection proves to be
time consuming and costly, and is therefore often economically infeasible for potato farmers
and other actors in the supply chain. Substantial cost lowering for potato crop monitoring is
desirable in order to supply farmers with actionable decision-making information.
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Remote sensing is a useful tool to describe vegetation biophysical parameters like plant
chlorophyll concentration and leaf area index (LAI) (Quiroz et al., 2017, Gitelson et al.,
1996). Vegetation indices derived from remotely sensed data, like the Normalized Difference
Vegetation Index (NDVI), have widely been used to incorporate into crop growth models
(Quiroz et al., 2017).
N DV I =

ρN IR − ρRed
ρN IR + ρRed

where:
ρN IR is the reflection in the near-infrared region, and
ρRed is the reflection in the red band.
Remotely sensed (and thus simplified) crop monitoring has the potential to significantly
reduce data collection costs as well as achieve reasonable results. Using this method, data
collection is limited to spectral information in the visible and near-infrared region in
combination with weather data. In comparison to soil testing, recording a multitude of farm
practices, and genetic variety, these data collection methods are cheap time-effective.
Bala & Islam (2009) found good correlation of MODIS-based NDVI and potato tuber yield
(R2 = 0.84), but yield values were self-reported by farmers, and 250m resolution input
imagery was used. Newton et al. (2018) achieved a 10,4% error on field scale between
actual and predicted yield using Landsat-based NDVI on the 63rd day from planting.
Al-Gaadi et al. (2016) found errors between 7,9 and 13,5% and a R2 up until 0.65 for 60
yield samples in 30 hectares of center pivot fields in Saudi Arabia using 6 Landsat 8 and
Sentinel 2 images. Li et al. (2020) found a R2 of 0.63 using above-ground biomass and four
narrow-band vegetation indices for 144 plots with different cultivars, farming practices and
fertilizer application. In addition, a R2 of 0.81 was reached by Li et al. (2020) using a partial
least squares regression model on the full hyperspectral wavelength spectra. Flights were
executed 60 and 90 days after planting.
A number of statistical prediction methods have been used throughout the literature. Yield
prediction performance and feature importance can typically be done using random forest
(RF) regression. RF successfully handles high data dimensionality and multicollinearity, and
variable importance measurements provided by RF regression have been extensively
exploited by the remote sensing community (Belgiu & Drăgut, 2016).
Concerning potato yield prediction using remote sensing techniques specifically, a relatively
low amount of literature is available. Conducted studies often involve either single or
unknown cultivars (Li et al., 2020, Diego et al., 2019). In addition, yield data either has large
variability due to differing farm practices (as in the many different plots in the study of Li et
al. (2020)) or lacks adequate resolution in yield data (field-scale yield data as Newton et al.,
2018, Diego et al., 2019). Higher yield observation density increases yield prediction
accuracy (Al-Gaadi et al., 2016), since statistical prediction models should be able to
distinguish more meaningfully between locations using larger amounts of yield observations.
Subsequently, input data is either used as snapshot input (one flight to predict yield) or
multiple snapshots as cumulative VI numbers (like Al-Gaadi et al., 2016).
In order to improve farm management (with or without variable rate technology application),
in-field variation needs to be taken into account. studies either use UAV-gathered or
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satellite-gathered spectral information, and a combination of the two is yet to be conducted.
Specific reasons for the absence of such studies can be found in the following chapters.
Without the need for data collection as extensive as conventional growth models, yield
prediction modelling for multiple potato cultivars, using high resolution yield maps and
season-round VI monitoring potentially offers a deeper understanding of the relationship
between VI response time series and potato tuber yield. Subsequently, understanding
potato growth VI time series more thoroughly has the potential to in turn identify crucial data
collection time frames for the goal of yield prediction. Insight in these crucial timeframes is
desirable in order to plan economically advantageous UAV flight missions for actors
throughout the supply chain.
1.2.2 Sensor combination of UAV and satellite sourced spectral information
Even though data collection costs from aerial platforms have significantly decreased through
the usage of UAV-mounted multispectral cameras, the costs of data collection are still
considerable in comparison to free and open data from the Sentinel and Landsat satellite
missions, for example. Still, the threshold to gather and use remotely sensed information for
site specific purposes (like precision agriculture) has significantly lowered. However, in case
of temperate climates, cloudy conditions during large parts of the growing season can
render satellite monitoring ineffective. Therefore a combination of satellite and UAV
gathered data for crop growth monitoring throughout the season has the potential to
significantly lower monitoring costs. However, slight but consistent differences may occur
when comparing spectral information from different sensor sources (Chastain et al., 2019).
Acceptable reliability in the comparison of satellite and UAV data is therefore a prerequisite
for further combination and calculation, and should be investigated.
1.2.3 Implications of the use of NDVI for yield estimation
Established methods for remotely sensed crop growth monitoring and yield prediction widely
use vegetation indices calculated in the near-infrared region (Newton et al., 2018, Al-Gaadi
et al., 2016, Jasinski, 1990, Zhou et al., 2017, Wu et al., 2007), as they can be used to
estimate crop biophysical parameters. The normalized difference vegetation index (NDVI) is
an indirect way of measuring the primary productivity through its quasi-straight line relation
using the fraction of absorbed photosynthetically active radiation (fPAR) (Al-Gaadi et al.,
2016). The fPAR is one of the parameters used to estimate Light Use Efficiency (LUE), and
is proportional to Net Primary Production (NPP) (Haxeltine & Prentice, 1996). A wide range
of studies have used NDVI for yield prediction of corn, wheat, barley and rice as well as
non-grain crops like grapes and tomatoes (Bendig et al., 2015, Sharma et al., 2015, Sun et
al., 2017, Fortes et al., 2015).
However, there are a few downsides to the use of NDVI. NDVI is an index without feedback
loop for soil and atmosphere noise cancellation, which renders it susceptible to large
sources of error and uncertainty over variable atmospheric and canopy background
conditions (Liu et al., 1995). Jasinski (1990) found that variance in NDVI for various plant
cover types (juniper, pecan orchards) caused by soil background effects and shadow effects
reduces as pixel size increases. As variance is lost as pixel size increases, information that
might distinguish one location from the other is lost. Hence, comparing NDVI over differing
spatial scales has its implications for reliability.
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All Jasinski’s models and experiments suggest asymptotic NDVI for higher values of
fractional cover. Fractional cover(-/-) is defined as the surface area of vegetation cover per
unit of surface area. Qi et al. (1994) found an asymptotic NDVI at higher ranges of fractional
cover for cotton plants. Jiang et al. (2006) found that maximum NDVI is typically reached
between 80 and 90% vegetation cover. In addition, over densely vegetated areas, the NDVI
responds primarily to red reflectance and is relatively insensitive to NIR variations, and
hence unable to depict LAI variations as well as becoming insensitive to growing vegetation
cover.
However, Jiang et al. (2006) also found several studies that have described the relationship
between NDVI and fractional cover as a linear expression, over a wide range of
heterogeneous vegetation densities.
A small study by Wang et al. (2017) concluded that upscaling UAV-gathered NDVI and
NDVI derived from Landsat 8 imagery considerably varied, with the variation mostly being
explained by fractional cover as well as soil background NDVI values.
Concludingly, in order to be able to compare NDVI from UAV and satellite sources, insight in
NDVI response at different spatial levels (UAV resolution versus satellite resolution) and
different canopy background conditions is required.

1.3 Objectives and research questions
1.3.1 Objectives
The overall aim of this study is to develop and evaluate an approach to include
satellite-retrieved crop information in crop models to improve yield estimates and practicality.
Additionally, the combination of UAV missions with satellite imagery is evaluated.
1.3.2 Research questions
As follows from the research background and problem definition, there are several attention
points when combining satellite- and UAV-derived imagery. First of all, small but consistent
errors occur when combining spectral information from different sources. Spectral
information therefore should be compared cross-platform. The research approach will
therefore entail a cross-sensor empirical calibration, in order to be able to express
UAV-mounted NDVI as a function of satellite-derived NDVI.
Secondly, since NDVI is sensitive to changes in soil background and canopy cover, and the
influence of canopy cover and soil background changes with an increase in pixel size, the
relationship between NDVI and canopy cover is clarified for the specific crop. From the
research background, outcomes of the relationship between NDVI and the fraction of
canopy cover differ widely. Insensitivity of NDVI with higher fractions of vegetation cover has
implications for the accuracy of the methods, as the theoretical background of the growth
modelling depends on the relationship between NDVI and fPAR, and therefore NPP.
When there is more clarity on the comparison between NDVI values from different collection
platforms, the impact of the addition of satellite data to yield prediction performance is to be
quantified, as the added value of this approach until this point remains unclear.
Finally, the approach includes an evaluation of substitution of UAV-gathered imagery by
satellite imagery for potato tuber yield estimation. Results of substituted and unsubstituted
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dataset are compared, to quantify yield prediction performance increase with UAV missions
in certain time frames.
Concludingly, this research aims to answer the following research questions:
1.
How can UAV-mounted NDVI be expressed as a function of satellite NDVI?
2.
In what manner does the fraction of vegetation cover influence NDVI of potato
canopy?
3.
How does the addition of satellite imagery influence the prediction capability of
existing remotely sensed potato tuber yield estimation methods, and what parameters
influence the prediction accuracy the most?
4.
In what manner can the amount of UAV flights be minimized while retaining
comparable potato tuber yield prediction accuracy?
1.3.3 Research scope
Variation that is taken into account in more complicated growth models (genetic variety,
farming practices, soil characteristics) can strongly differ spatially, and a simplified approach
is therefore expected to perform region-bound (provincial/national NL level). All results and
conclusions should therefore be interpreted specifically under Dutch conditions. In addition,
comparable soil background is assumed.
The testing of statistical prediction methods besides RF regression is outside the scope of
this research. The testing of added auxiliary input parameters for yield prediction (like above
ground biomass and crop height) that may be photogrammetrically derived from
UAV-gathered information in the visible spectrum, also falls outside the scope of this
research.
The empirical cross-sensor calibration is done specifically for the Airinov multiSPEC 4C and
the Sentinel 2 MSI mission (see chapter 3.3).
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2 Materials and methods
2.1 Overview
The materials and methods in this chapter are chronologically ordered. Firstly, study area
and input data have been described. Afterwards, the retrieval of satellite images, the
preprocessing of both satellite and UAV-gathered imagery as well as an elaboration on
image quality assessment. Then, the methods are drawn out both generally and per
research question in a flowchart. Finally, materials including specific libraries and functions
can be found at the end of this chapter.

2.2 Study area
UAV flights have been executed above (consumption) potato fields in Luttelgeest (Scholtens
field) and Zeewolde (van Es field), Flevoland province, the Netherlands. Irradiance
conditions did not vary considerably during any of the UAV flights executed.
Luttelgeest and Zeewolde are municipalities in the province of Flevoland, the Netherlands.
The fields are characterized by a calcium-rich sandy clay soil. Flevoland is considered as
class Cfb by the Köppen-Geiger system, and has an average annual rainfall of 785mm. The
field has been irrigated throughout the season. Bear in mind that 2018 was a remarkably dry
year in the Netherlands, including the study areas.
The Scholtens study field was planted on the 4th of May, 2018, and included five different
potato breed varieties (see Figure 1b). The van Es study field was planted on the 6th of
May, 2018, and included one potato breed.

Figure 1: a) Study area locations Scholtens (northernmost) and van Es (southernmost) in Flevoland province, the
Netherlands. b) Different potato breeds at their respective locations at Scholtens 2018 potato field.
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2.3 Input data
Input data consists of imagery (from satellite sources as well as UAV flights) and yield
sample data. UAV multispectral flights have been recorded using the Airinov multiSPEC 4C
multi-spectral sensor.

Figure 2: Wavelength, bandwidth and response of the Airinov multiSPEC 4C sensor (source: SenseFly, 2014)

The Airinov multiSPEC 4C is an advanced payload for the eBee mapping drone that proves
multispectral data for agricultural applications (SenseFly, 2014). Corresponding bands and
bandwidths collected by the multiSPEC 4C can be found in Figure 2. UAV imagery has
been preprocessed, including structure for motion (section 2.4). Appendix 1 lists all imagery,
including resolution and quality checks. Elaboration on the preprocessing and quality
assessment can be found in section 2.4.
Besides UAV-mounted multispectral sensors, input data consists of images gathered from
the Copernicus Sentinel 2 MSI Surface Reflectance product, with their corresponding bands
and responses illustrated in Figure 3.
Satellite imagery is taken directly from the Sentinel 2 MSI Level 2A Google Earth Engine
libraries, after filtering for the appropriate time frame, cloud cover, and location (see section
2.4.3).
Lastly, yield data for the Scholtens location has been collected using a variable yield
measurement system on a potato harvester. The dataset consists of 63,373 point
measurements, with metric tonnes per hectare as a measurement unit. Since clay
aggregates and rocks are gathered and measured besides potato tubers, outliers exist in
this dataset.
The flight dates, location and resolution of the UAV missions as well as the used satellite
images are listed in Appendix table 1-4.
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Figure 3: Spectral response for the Sentinel 2 visual and near-infrared bands, normalized to 1 (source:
https://earth.esa.int/web/sentinel/technical-guides/sentinel-2-msi/performance).

2.4 Preprocessing
The next chapter describes the step-by-step preprocessing from raw UAV-derived images to
orthomosaics used for further calculations. Afterwards, Sentinel 2 image retrieval has been
elaborated upon. Additionally, quality assessment criteria for both image sources have been
discussed. An overview of all scenes, their corresponding resolution and quality assessment
outcomes can be found in Appendix 1.
2.4.1 UAV preprocessing
Preprocessing from raw images to ready-to-use orthomosaics has been done using
Structure for Motion (Westoby et al., 2012), implemented in the Pix4D photogrammetry and
drone mapping suite. The preprocessing for each orthophoto consisted of the following
steps:
1.
Initial processing
Keypoints have been extracted and matched in the raw imagery automatically. No ground
control points have been used. Afterwards, camera model optimization has been applied to
the specific sensor used in this research, the Airinov multiSPEC 4C. The camera model
optimization characteristics (for the green, red, red edge, and NIR bands individually) for this
sensor are pre-existing in Pix4D libraries. Afterwards, automatic aerial triangulation and
bundle block adjustment have been applied. The resulting automatic tie points sparse cloud
have been used as input for the next step.
2.
Point cloud and mesh
The sparse cloud has then been used to create a densified point cloud (with the point
density parameter set to Optimal). Key point scale has been kept above 0.5. Subsequently,
a 3D textured mesh has been created.
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3.
Digital surface model (DSM) and orthomosaic
Calibration target(s) between images were automatically detected. Radiometric calibration
for solar irradiance was applied using these calibration target(s) for the Airinov multiSPEC
4C specifically. In addition, a photogrammetry-based DSM was calculated and used for
mosaicking. The resulting orthomosaics are manually checked for proper NoData values.
Finally, the per-band orthomosaics have been stacked into one multiband .tif file.
2.4.2 UAV imagery quality assessment
Pix4D includes automatic quality reporting. Quality checks involve the following color codes
(per criterion):
Keypoints image scale. The keypoints image scale is reported good (green) when
more than 10,000 keypoints per image are extracted. An orange color is given when there
are between 500 and 10,000 keypoints per image. A red color is reported when there are
fewer than 500 keypoints per image.
Additionally, keypoints image scale is a good indication of the amount of visual content
extracted from the images. A low keypoints image scale typically occurs when image
overlap is too low, images are blurry/noisy, or the image size is too small.
Dataset quality. The dataset quality is considered good (green) when >95% of
enabled images are calibrated in one block. An orange color is assigned when between 60%
and 95% of the enabled images are calibrated in one block, and a red color is assigned
when <60% of the enabled images are calibrated in one block.
Dataset quality is typically low when there is too little overlap, the dataset is repetitive or too
complex (trees, fields, forests) or the dataset contains multiple images/images from multiple
flights.
Camera optimization. Focal lengths and affine transformations from the sensor's
characteristics are calculated from initial camera models and vary with time, temperature,
altitude and shocks. These normally have slight differences between projects/flights. A good
(green) color is assigned when the initial camera model of affine transformation and focal
length is within 5% of the optimized value (after calibration). An orange value is assigned
when the optimized value is between 5% and 20%. A red value is assigned with differences
>20%.
Possible reasons for large differences between optimized and initial focal length and affine
transformation include:
Insufficient visual information in the captured areas, too homogeneous or flat areas
Significant rolling shutter distortion
Blurry images
Wrong initial camera model
Preprocessed/calibrated images have been used
Matching. This indicated that the results are likely to be of high quality in calibrated
areas. A green color is assigned when over 1,000 matches have been computed per
calibrated image. An orange or red color is assigned when the amount of matches per
calibrated image are between 100 and 1,000 or below 100, respectively. A low number of
matches is often related to low overlap.
Ground control points (GCPs). For optimal results, GCPs should be evenly
distributed over the dataset area. This quality check category is left behind, since no GCPs
have been taken during any of the flights.
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Flight dates over the respective locations, including an indication of the Pix4D quality report
are listed in tables 1-4 in Appendix 1.
2.4.3 Sentinel 2 imagery retrieval
A GEE script has been used to obtain the required Sentinel-2 MSI satellite imagery. The
Level 2-A processed images were imported, before filtering temporally, spatially, and to
maximum cloud cover percentage. Temporal filtering was done to the 2018 growing season,
from May 25th (plant emergence) until October 10th (after harvesting). Consumption
potatoes are typically harvested in the second or third week of September. Spatially, the
Sentinel 2 frames have been filtered to either of the two potato field polygons. GEE filters
spatially by selecting the entire covering Sentinel 2 frame, and thus needs additional clipping
afterwards. An additional cloud cover filter was selected at a maximum cloud cover
percentage of 20% for the entire frame.
The resulting images were in turn clipped to each of the fields in a loop function.
Subsequently, the clipped images have been exported in a loop function to the Google Drive
cloud storage platform as individual raster .tif files. From there, the raster images were
downloaded to a local device. Satellite images can have offset up to 2 pixel lengths (20
meters). Additional georeferencing has been done manually for each individual image using
the QGIS Georeferencer tool.
2.4.4 Sentinel 2 imagery quality assessment
Quality assessment of Sentinel 2 data has been done using original image metadata as well
as Level 2A quality checks already existing as image properties in the Google Earth Engine
Sentinel 2 Level 2A Surface Reflectance library. The influence of clouds, thin cirrus clouds,
dark features (including cloud shadows) and general quality checks from the Level 2A data
processing chain have been chosen to represent a general oversight of image quality. Any
images that included clouds or cloud shadows at the sites have been dropped from the input
data manually. Quality assessment outcomes have been added per used Sentinel 2 image
to the input data quality table (table 1-4 of Appendix 1).
The following criteria have been chosen and added to Appendix 1 tables:
Cloudy cover assessment
The cloudy cover assessment is mostly influenced by the percentage of classified clouds in
the image. These have been classified as part of the Level 2A algorithm.
Dark features percentage
Dark features are classified using a Kohonen self-organizing map algorithm and are used for
predicting cloud shadow pixels. This property is part of the classification in the Level 2A
algorithm.
Thin cirrus cloud percentage
Thin cirrus clouds are somewhat harder to classify than regular clouds, as some signal
penetrates wispy cirrus clouds. This property is part of the classification in the Level 2A
algorithm.
General quality assessment
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Synthesis of the On Line Quality Control (OLQC) checks, essential quality checks on each
product generated by the processing chain (further information can be found at
https://sentinel.esa.int/web/sentinel/user-guides/sentinel-2-msi/processing-levels).

2.5 Methodology
This chapter describes the exact steps taken to derive the research results. Flowcharts have
been prepared for each research section in the beginning of their respective sections. First,
a cross-sensor empirical calibration between the Airinov multiSPEC 4C sensor and the
Sentinel 2 MSI sensor was executed. Next, the resulting calibration formula was compared
to the assumption of a correlation coefficient of 1. Then, the relationship between NDVI and
fractional cover was visualized, including a NDVI threshold sensitivity analysis. Afterwards,
yield prediction analysis and feature importance assessment have been executed. Finally,
two UAV flight planning scenarios are tested to quantify their comparability to the dataset
with all gathered data (all UAV and satellite images).
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Figure 4: Overall flowchart of the research methodology. More detailed flowcharts are shown at their respective
chapters.

2.5.1 Empirical cross-sensor calibration
The aim of this initial research step is to develop an empirical cross-sensor calibration
module and to quantify the impact of its application on the dataset. The empirical
cross-sensor calibration was done by comparing NDVI values from two sensors (Airinov
multiSPEC 4C and Sentinel 2 MSI, as described in section 3.4) in a comparable time frame.
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Cross-sensor calibration between satellite instruments is able to be linearly conversed with a
typical acceptable error of 1-2% (Steven et al., 2007, Chastain et al., 2019). However,
cross-sensor calibration between handheld spectrometers and UAV multispectral sensors
can be described with a linear function only in some cases (Franceschini et al., 2017). Since
there is little research concerning the calibration of satellite multi-spectral response and UAV
multi-spectral response, the decision has been made to calibrate the response non-linearly.
In case of a very small exponential term during function fitting, a reasonable linear fit can be
concluded. The errors between UAV NDVI and satellite-gathered NDVI were quantified
using the RMSE, which is able to describe in-field variation by comparing
location-dependent data. A 1:1 line (a correlation coefficient between sensors of 1) was also
plotted and compared to the input data using the RMSE. A trade-off between overfitting to
possible outliers and increased comparability between inputs was to be made when
considering applying a calibration function to the input data.

Figure 5: Flowchart methodology of the empirical calibration.
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Table 1: UAV flights and S2 frames used for the empirical calibration module.

UAV imagery location,
date (dd-mm-yyyy)

Sentinel 2 imagery date
(dd-mm-yyyy)

Scholtens, 25-05-2018

26-05-2018

Scholtens, 29-06-2018

30-06-2018

Van Es, 02-07-2018

02-07-2018

Van Es, 12-07-2018

12-07-2018

Scholtens, 07-08-2018

06-08-2018

Five image pairs have been selected using the criterion that UAV flights and Sentinel 2
images can be taken maximally one day apart (Table 1). This criterion assumes that
recorded NDVI values do not differ significantly within one day.
In order to compare NDVI values of both sources, UAV flight data with a typical resolution of
less than 15 centimeters was resampled to the projection, transformation and resolution of
the Sentinel 2 images (10 meter resolution). This has been done with the osgeo/GDAL
library (see section Materials), as resampling using the Rasterio package resulted in the loss
of coordinate system information. The exact code used can be found in Appendix 2. In order
to achieve perfect overlap between UAV raster cells and S2 raster cells, this has been done
for each image pair individually.
Concerning resampling method, a bilinear interpolation method was preferred over nearest
neighbor and cubic convolution interpolation. Using cubic convolution, calculation time
dramatically increases. In addition, interpolation using cubic convolution can yield results
that are outside of the range of input values. Nearest neighbour interpolation yields large
errors as well as smoothening the dataset, which can result in misrepresentation of the
within-field variation (ESRI, 2007). Sharp edges in the dataset exist due to different potato
breeds and soil background effects, like driving tracks. This information should not be lost in
resampling. Therefore, bilinear interpolation was chosen as the optimal method.
After resampling, NDVI values from both sources were plotted against one another. A
function has been formulated (y = a2 + bx), fitted and plotted, in addition to a 1:1 line. The
RMSE has been calculated for both the fitted function and the 1:1 line with respect to the
NDVI values from both sources. Linearity was judged from the magnitude of the exponential
term of the fitted function. The usefulness of the cross-sensor calibration module has been
judged by the accuracy gain with respect to the assumption of a correlation coefficient of 1.
The RMSE of the perfectly correlated line compared to the dataset has been subtracted
from the RMSE of the fitted function compared to the dataset to calculate the accuracy gain.
The usefulness of the cross-sensor calibration was then judged on the trade-off between
accuracy gain and potential overfitting to outliers in the dataset.
2.5.2 NDVI versus fractional cover
One of the aims of this research is to gain insight into the relationship between the fraction
of vegetation cover and NDVI response. In this manner, the effect of soil background effects
on NDVI for potato canopy specifically is quantified. As errors between different sensors
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have been quantified in the first part of the research (section 2.5.1), this experiment is boiled
down to plotting average NDVI values and fractional cover values in certain regions. These
regions have been chosen throughout both of our fields (Figure 7). These polygons have
been chosen to mostly cover areas of the field with nonhomogeneous vegetation cover, in
order to cover a wide range of fractional cover values throughout the season. In practice,
this means polygons cover driving tracks, planting mistakes, and areas less favorable for
potato growth, as well as more homogeneous and productive regions. There are 13
polygons chosen at the van Es location, and another 6 at the Scholtens location (Figure 7).
Since the van Es mission includes 10 flights, and the Scholtens mission 6, this makes 166
observations altogether. Since the results strongly depend on how vegetation pixels are
classified, a sensitivity analysis was executed for the vegetation NDVI threshold.
In our case, the fraction of vegetation cover is defined as the surface area covered by
vegetation divided by the total measured surface area. In practice, some small holes in the
vegetation cover and sun flecks exist and are permissible, but larger gaps of bare soil
should not be (Carlson et al., 1997). Since the UAV resolution is 0.11-0.13m, a pixel with a
low NDVI value is classified as non-vegetation. This way, small holes in the potato canopy
have not been captured by NDVI thresholding (gaps smaller than the 13 centimeter sensor
resolution), but larger gaps have.

Figure 6: Methodology flowchart for the influence of soil background effects on UAV NDVI.
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A vector grid has been created, and the zones of interest have been pragmatically chosen
with differing soil background conditions. The selected polygons have been saved in a
MultiPolygon shapefile and used for further calculation. UAV orthomosaics were masked per
polygon. Then, the NDVI threshold has been applied to the remaining data. The amount of
pixels with vegetation has been divided by the total amount of pixels in the polygon, resulting
in the fraction of vegetation cover. Additionally, the average NDVI value has been calculated
for the entire polygon.

Figure 7: Polygons used on the Scholtens and van Es field mission. Background: UAV flight 25-05-2018 for
Scholtens, UAV flight 01-06-2018 for van Es. Polygon locations are marked as squares. Note locations are
spread over driving tracks, problematic locations, as well as fully covered locations.

This process has been repeated for differing NDVI threshold values, in order to visualize the
sensitivity of the results to changes regarding the NDVI threshold. Next, data points have
been plotted with NDVI on the y-axis, and the fraction of vegetation cover on the x-axis.
These plots have afterwards been judged on their relationship; linear or asymptotic.
Insensitivity of NDVI for higher fractions of vegetation cover potentially harms the
representation of certain parameters derived from growth curves calculated in coming
sections, and has implications for the methods at large.
2.5.3 Impact assessment of added satellite data
Another aim of this research is to evaluate the added value of satellite data to UAV flights for
potato tuber yield prediction. This is done by comparing the yield prediction performance of
RF regression models using different amounts of input images. The model has been trained
and applied on only UAV data, only satellite data, as well as a combined UAV- and
satellite-derived dataset. The input for these models were taken from growth curves and
their fitted parameters. These growth curves have been fitted based on NDVI observations
from the input imagery throughout the season. Tuber yield observations used for training
and validation were taken from a multipoint dataset from the Scholtens field (as described in
section 2.3).
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Figure 8: Flowchart of the methodology of the impact assessment of the addition of satellite data
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Figure 9: a) Three parameter logistic curve. b) Typical NDVI potato growth curve, West-Bengal, India. a marks
planting date, b marks maximum NDVI, c marks harvest date (source: Kundu et al., 2018).

Preprocessed and georeferenced imagery have been used to calculate vegetation growth
curves (with growing degree days (GDD) on the X-axis, and NDVI on the Y-axis). Growth
curves are assumed to behave like a double (one conventional, one inverse) three
parameter logistic curve. An example of a three parameter logistic curve and its formula can
be found in Figure 9a. A typical NDVI growth curve throughout a season can be found in
Figure 9b.
Of these two curves, the first runs from a low at crop emergence to an asymptote nearing
the maximum vegetation index value in mid-season. In turn, the latter runs inverse from
complete crop cover into the ripening phase prior to the vegetation index lows at crop death
and the time of harvesting. The function for this growth curve is defined as follows:

N DV I T OT AL = N DV I M IN + (N DV I M AX − N DV I M IN )/ (1 + e−(((x − tem ) − tmd )/tdev )) )
+ N DV I HARV + (N DV I M AX − N DV I HARV )/(1 + e−((tmr − (x − tem ))/trip )) ) − N DV I M AX
where:
tem is defined as the time of emergence (GDD)
NDVIMIN is the minimum NDVI value (-/-)
NDVIMAX is the maximum NDVI value (-/-)
tmd is the central degree day of the development phase (GDD)
tdev is the duration of the development phase divided by 10 (GDD)
NDVIHARV is the NDVI value at time of harvest (-/-)
tmr is the central day of the ripening phase (GDD)
tripis the duration of the ripening phase divided by 10 (GDD)
NDVITOTAL is
the predicted NDVI value at degree day x (-/-)

All temporal variables are counted as degree days from the day of planting. A degree day is
a measure of heating over time. This measure is a cumulative of the amount of degrees
Celsius deviation from zero. If for instance on day 1, the air temperature is 16 degrees, and
on day 2, the air temperature is 22 degrees, the resulting degree day after day 2 amounts up
to 38.
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Based on this double logistic curve and its inputs, a curve has been fitted for every 10 meter
resolution pixel using the NDVI throughout the season. Some auxiliary parameters have
been calculated based on these growth curves. In particular, these calculated parameters
were the area under the curve (defined as the integral of the fitted curve), development
speed (maximum steepness of the curve during the development phase), and ripening
speed (maximum negative steepness of the curve during the ripening phase). The
development phase and ripening phase are defined as the period of time from planting until
full canopy closure, and the time from the start of the ripening until harvest, respectively.
The multipoint yield dataset (63373 features, measuring yield in metric tonnes per hectare)
has been interpolated and appended to the growth curve data. The interpolation has been
done using the Inverse Distance Weighted interpolation method in QGIS. Inverse Distance
Weighted interpolation was chosen as interpolation method over TIN (Triangulated Irregular
Network). TIN interpolation is commonly only used for digital elevation models. In addition,
IDW has a tendency to assume that the surface is driven by local variation. IDW is therefore
more sensitive to strong local variation (ESRI, 2007). In turn, this means sharp local
variation in yield measurements (like measurements around driving tracks, or at borders of
different zones concerning potato variety) were well represented in the dataset. This,
however, also means that IDW interpolation is relatively sensitive to outliers, and may
overestimate yield. This can especially pose a problem in regions with large pebbles or large
clay aggregates.
Three separate models have been trained and applied. One UAV-derived, one
satellite-derived and one combined UAV- and satellite-derived dataset were created and
split into a 75%-25% training-validation dataset. Next, a random Forest regressor is
initialized using 100 regression trees. A random state seed (of 42) was applied in order to
ensure reproducible results. The initialized regressor was fitted with the training dataset
using the following parameters: area under the curve, central day of the development phase,
central day of the ripening phase, development speed, and duration of the development
phase divided by 10.
These parameters have been chosen as they all can be considered to capture differences
between areas and plant growth performance. For instance, as some varieties, locations, or
even individual plants may perform better than others, and plants or areas showing a
sharper growth in NDVI in the early season might hint on a more favorable location or
genetically stronger plants, the central degree day of the development phase is expected to
have an inverse relationship with tuber yield. The same counts for development speed:
locations that might have better environmental circumstances (or plant genetics) might reach
canopy closure faster, suggesting a potentially higher yield. As a large amount of the tuber
weight is produced in the late season, and a relatively late crop death also indicates larger
primary production in the late season, it is expected that this parameter can also explain
some of the local variance in tuber yield. Since NDVI is related to the net primary production,
the area under the curve should overall be a good measure to indicate the total amount of
light that is photosynthetically conversed throughout the season, and therefore should be
able to explain some more local variance in tuber yield.
These fitted models have afterwards been applied to the respective validation datasets. The
output includes measures of error (Mean Absolute Error (metric tonnes/hectare), Mean
Absolute Percentage Error or MAPE (%)) and accuracy (both 100-MAPE (%) and R2(-/-)).
The calculation of the measures of error can be found in Table 2.
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Table 2: Calculation of the measures of error

Measures of error

Function

Mean Absolute Error (MAE)

Where:
et : error between the actual and predicted
value
n: the amount of observations
Mean Absolute Percentage Error (MAPE)

Where:
et : error between the actual and predicted
value
dt : actual value
n: the amount of observations
R2

 2 = (PPMCC)2
R
Where:
PPMCC: Pearson’s product-moment
correlation coefficient defined as:

Where:
R: the correlation coefficient matrix, and
C: the covariance matrix

Additionally, the parameters named above have been assessed through feature importance,
which identified the contribution of prediction performance of each parameter. Feature
importances are impurity-based. This means that feature importance becomes higher as it
improves the splitting criterion in individual trees. Measuring impurity between nodes in the
random Forest algorithm uses the Gini criterion (Strobl et al., 2007). When the tree is
trained, we can calculate the amount that variables help decrease impurity in classification
using the same criterion.
After, an iterative process where least important parameters are dropped was executed, and
the model is run again, until significant tuber yield prediction accuracy reduction has been
observed. The model and parameters that remain have been assumed to have the least
amount of overtraining, while retaining high tuber yield prediction accuracy.
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2.5.4 Impact assessment UAV data availability
The last aim of this research is to quantify the impact of using lower amounts of
UAV-gathered imagery. We can derive hypothetically important time frames regarding data
collection from the resulting feature importances of the random forest regression from
section 2.5.3. A smaller data collection frequency hypothetically can lead to comparable
results as the results derived from the most extensive dataset (UAV- and satellite-gathered
data), while being economically and practically favorable for future potato growth modelling
and tuber yield prediction.

Figure 10: Flowchart of the methodology of the scenario impact assessment
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UAV-gathered images in the presumed important time frames in addition to all available
satellite images are processed into growth curves in the same manner as described in
section 2.5.3. Scenario 1 includes all UAV orthomosaics from before the 1st of June
(development stage) and after the 31st of July (ripening stage), besides satellite imagery.
Scenario 2 includes only UAV orthophotos before the 1st of June, besides all gathered
satellite imagery. The hypothesis consists of the assumption that mid-season UAV flights
are rendered obsolete by the addition of satellite data, since maximum NDVI is reached after
the development stage, and can sufficiently be measured from satellite sources. This
hypothesis should hold ground, as the significant features are all related to crop growth and
death in the early and late season. In addition, the area under the curve should also mostly
be influenced by changes in the early and late season, as the maximum NDVI ceiling should
be approximated satisfactorily using satellite imagery in the mid-season. In addition, the
hypothesis for scenario 2 is that even UAV flights in the ripening stage can be rendered
obsolete.
The hypothesis is tested by calculating the normalized root mean squared error (NRMSE) of
the scenario GeoJSONs in relation to the most extensive dataset (all UAV + satellite
imagery). The formula to calculate RMSE is defined as:

where N stands for the amount of observations, Predictedi as the predicted value for data
point i, and Actuali as the measured value for data point i. The NRMSE is defined as the
RMSE divided by the mean value of the parameter in the dataset.
The RMSE is chosen as a measure as errors are spatially dependent. The (N)RMSE
captures the errors of predicted values in regard to the observed values, as opposed to
statistical methods that assume independence. Regarding parameter values as a statistical
population (and therefore not location-bound) does not hold ground, as retaining statistically
similar in-field variation is a compulsory requirement in this research. This method assumes
that the most extensive dataset GeoJSON (concerning input data) includes the observed
values for each growth curve parameter. Subsequently, the approximation of these values in
the GeoJSONs resulting from growth curve fitting of the selected scenario images is to be
considered as the predicted parameter value. All parameters that are considered to be
influential in the yield prediction regression calculation were tested in regard to this most
extensive dataset.
First, imagery was selected based on their respective scenarios for both fields. Growth curve
fitting was performed in the same manner as described in the previous chapter. The
resulting GeoJSONs, along with the GeoJSONs resulting from the most extensive input
dataset, are imported into Python using the GeoPandas library. Feature count (as
parameters are extracted from 10 meter resolution polygons) are checked in order to avoid
discrepancies. The feature count for the van Es field amounted up to 945 polygons. For the
Scholtens field, this was 2267 polygons. Parameter values from the scenario GeoJSONs
were subtracted from the parameter values from the GeoJSON that included all imagery.
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Afterwards, any features containing NaN (Not a Number) values are dropped. The resulting
Pandas dataframe contains all errors per used growth curve parameter.
Subsequently, a function to calculate the NRMSE is applied to each parameter for both
scenarios.

2.6 Materials
This research used a combination of software. This research project included the use of
Google Earth Engine, QGIS and Python (through the Spyder environment).
Earth Engine is a platform for petabyte-scale scientific analysis and visualization of
geospatial datasets, both for public benefit and for business and government users.Earth
Engine stores satellite imagery, organizes it, and makes it available for the first time for
global-scale data mining. The public data archive includes historical earth imagery going
back more than forty years, and new imagery is collected every day. Earth Engine also
provides APIs in JavaScript and Python, as well as other tools, to enable the analysis of
large datasets(Gorelick et al., 2017). In this project, the JavaScript API is used.
QGIS is a free and open source geo-information system (GIS). It is capable of executing a
range of spatial operations and visualizations.
Spyder is a powerful scientific environment written in Python, for Python, and designed by
and for scientists, engineers and data analysts. It offers a unique combination of the
advanced editing, analysis, debugging, and profiling functionality of a comprehensive
development tool with the data exploration, interactive execution, deep inspection, and
beautiful visualization capabilities of a scientific package(Spyder Team, 2018).
Empirical cross-sensor calibration uses a combination of libraries and functions, including
the Rasterio raster processing library (for the functions rasterio.open, rasterio.read,
rasterio.write), osgeo/GDAL (Geospatial Data Abstraction Library) geospatial data
processing library (specifically for the functions gdal.ReprojectImage and
gdal.open/gdal.create), the NumPy scientific computing library(for the function numpy.flatten
to flatten multidimensional arrays, and other basic numerical operations), the matplotlib
mathematical plotting library (for the functions matplotlib.pyplot.figure(),
matplotlib.pyplot.scatter() that visualize results), and the SciPy computing library for
scientific computing and engineering (for the function scipy.optimize.curve_fit).
When plotting NDVI against the fraction of vegetation, the Fiona library is used to open
multipolygon files (fiona.open), alongside Rasterio for raster .tif files. Numpy is used for
basic array calculations (numpy.mean, numpy.where functions).
Concerning the yield prediction module, the following libraries and functions are used:
NumPy (numpy.corrcoef for correlation statistics), the SciKit-learn machine learning library
(RandomForestRegressor, scikit.fit and scikit.predict for training and applying the statistical
model) and matplotlib library for plotting scatter plots and feature importances. The scenario
assessment module uses GeoPandas geospatial data library besides libraries that are
already mentioned.

32

3 Results
3.1 Empirical cross-sensor calibration
The methods as described in paragraph 3.6 have been applied to the input data. A total of 5
image pairs (10 images in total) have been compared. Two pairs are gathered at the van Es
location, the remaining pairs at Scholtens potato field (Table 1, section 2.5.1). To illustrate,
in Figure 11 and Figure 12, NDVI in-field variation is comparable between S2 and UAV
images taken one day apart. Clear NDVI zones can be determined with the help of the
potato variety map in paragraph 3.3.

Figure 11: Sentinel 2 MSI image NDVI plot Scholtens field (26-05-2018).
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Figure 12: UAV image NDVI plot Scholtens location (25-05-2018).

After NDVI calculation, resampling, and pairing input pixel responses, the data have been
fitted to an exponential line (Figure 13). An exponential line has been chosen as assuming
linearity between sensor reflection responses holds no basis without prior studies comparing
these particular sensors. In case the exponential term after fitting proves negligible, linearity
in this specific case can be assumed. This fitted line, in addition to a simple 1:1 line (where
perfect correlation is assumed) are both tested based on the RMSE.

Figure 13: NDVI pixel values from temporary close (0-1 day difference) images, with UAV-gathered data on the
y-axis and Sentinel 2 values on the x-axis. The total number of data points is 18479.
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When looking at the resulting graph for all included pixels in Figure 13, there are a few
things that we can notice. First of all, outliers seem to mostly lie on the lower side of the 1:1
line. This means that there are cases where satellite imagery records NDVI reflectance
much higher than UAV imagery has recorded it. As the UAV input data is spatially limited
(the satellite input image is larger than the province of Flevoland, and clipped to the UAV
input), this can be explained by either errors during geometric alignment, or edge effects. As
data points are shown by grey circles with a black border, we also notice that the amount of
pixels in the main cloud (hardly any grey visible) significantly outweighs the amount of
outliers.
The second important factor is the fact that the 1:1 line and fitted function line (y = 3,95*10-5
x2 + 0.995x) have very little difference. This can in turn be noticed by the fact that the
exponential term is very small (or rather approaching zero) and the linear term approaches
1.
The third factor which should be taken into account is that the spread of pixel values seems
to be largest in the middle section (between 0,4< X < 0.8). Assuming that lowest NDVI
values are found for either soil background or dead vegetation, and the highest NDVI values
are in the middle season (highest plant productivity), the NDVI spread should be largest in
the development phase (between the date of planting and canopy closure) and the ripening
phase (start of the late season until complete crop death).
A RMSE of the fitted harmonization formula compared to the dataset is recorded at 0.04562.
A RMSE of the 1:1 line in relation to the dataset is recorded at 0.04568. Subtracting these
values, empirical calibration yields a RMSE 5.69e-05 better than the assumption that the
NDVI inputs can be directly and linearly compared. As NDVI values range between 0.2 and
0.95, a better RMSE of 5.69e-05 is lower than 0.001% accuracy gain. This is statistically
negligible.
As recorded outliers exist, even though in small amounts, the negligible prediction accuracy
gain of empirical calibration arguably does not outweigh the loss of accuracy of adapting
large amounts of original input data. Hence, the decision is made to not apply the empirical
calibration function before use in further calculations in the rest of this research.

Figure 14: a) Combined UAV NIR band reflectance versus Combined S2 NIR band reflectance. All image pairs
have been used. b) Combined UAV Red band reflectance versus Combined S2 Red band reflectance. All image
pairs have been used.
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As NDVI is calculated from the Red and NIR band, reflectance of both bands for both
collection platforms have been plotted in Figure 14a and 14b. Note that reflection for S2
uses an inflation factor (where 10000 equals a reflectance of 1.0), although UAV-gathered
reflectance is rather expressed as a number between 0 and 1.
Far more deviation is observed in the raw NIR and Red reflectance data than after NDVI
calculation. Edge effects are clearly visible where zero reflectance is recorded on either the
S2 or UAV side. The small exponential term in the fitted function for the near-infrared
suggests a strong linear correlation. Visually, the fitted function and 1:1 line are virtually
identically placed.
However, this is not as much the case for the Red band comparison (Figure 14b). The
dataset is clearly skewed towards an underestimation of Red band UAV reflectance. Further
investigation found a clear offset between the UAV and S2 Red and NIR bands of the image
pair collected on the 6th/7th of August (Figure 15).
The images for this pair have been taken one day apart, which can strongly influence
comparability. Hypotheses for these large changes are largely based on weather influences.
August 2018 was a considerably hot month, and rainfall was recorded at de Bilt weather
station on the 7th of August. As the drone flight was on August 7th, a shower potentially is
the reason for the underestimation of UAV Red reflectance, as water availability would fuel
photosynthesis, and therefore the absorption of light in the red region. As NIR reflection
goes up when leaf chlorophyll concentration goes up, this would not be an argument for
underestimation of UAV NIR reflectance. As soil moisture and NIR reflectance have an
inverse relationship, the reason NIR reflection is lower after the shower is most probably
due to the influence of soil background.
Small but consistent errors were expected. However, taken into account that results might
considerably be affected by image pairs with a day difference, the decision is made to not
apply the calibration function for further calculation. The awareness of the unreliability of
some input data makes inclusion of this method with the current amount and quality of input
data irresponsible.

Figure 15: a) UAV NIR band reflectance (07-08) vs S2
NIR band reflectance (06-08) after rain. b) UAV Red band reflectance (07-08) vs S2 Red band reflectance
(06-08) after rain.
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3.2 NDVI versus fractional cover
After choosing polygon locations (Figure 7), fractional cover as well as average NDVI per
polygon have been calculated. Fractional cover is highly dependent on the NDVI threshold
set to distinguish between vegetation and non-vegetation. The decision was therefore made
to execute a sensitivity analysis for the NDVI threshold, with NDVI threshold values ranging
from 0.25 to 0.45 (Figure 16a-e).

Figure 16 a-e (from left to right, up to down): NDVI versus fractional cover results of the van Es field for NDVI
thresholds of respectively 0.25, 0.3, 0.35, 0.4 and 0.45.
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We can clearly see from the sensitivity analysis in Figures 16a - 16e and Appendix 2,
Figures 1-5 that higher NDVI thresholds result in more even spreads of fractional cover. The
lower the NDVI threshold, the larger the spread of different NDVI values at a fractional cover
of 1 (or 100% cover). This was to be expected, as a lower NDVI threshold simply regards full
canopy closure at a lower NDVI value, which leads to an earlier fractional cover of 1, while
maximum NDVI mid-season might not have been reached.
In addition, fractional covers of 0 are observed with non-zero NDVI values. This was to be
expected, as bare soil typically has NDVI values between 0.2-0.35.
Judging by the scatter plots for both fields, and different sensitivities, it is safe to say that an
asymptotic relationship between NDVI and fractional cover (where NDVI reaches a ceiling
for larger values of fractional cover) is not observed in these results. Based on our data, a
linear relationship seems to fit better to our data points. Larger NDVI spreads are observed
at higher values of fractional cover, whereas they were expected to converge asymptotically
at higher levels of NDVI (Carlson et al., 1997).
Possible insensitivity of NDVI at higher levels of the fraction of vegetation cover was
therefore disproved by the observed linear relationship and variation of NDVI at higher levels
of vegetation cover. Retaining NDVI sensitivity ensures a more accurate representation of
the variation of NDVI in the mid-season, when NDVI values are highest. This, in turn, has
taken away doubts for potential inaccuracies concerning calculations dependent on NDVI in
the following sections.

3.3 Impact assessment of added satellite data
In order to assess the impact of additional satellite data, prediction performance and feature
importances of a random Forest regression are compared between purely UAV input, purely
satellite input and the combination of satellite- and UAV-gathered input. The input imagery is
used as is, meaning no calibration function has been applied. Growth curves have been
calculated from the input imagery for each pixel and additional auxiliary parameters have
been calculated, all according to the methods described in section 3.6.3. These growth
curve parameters have been serving as input for the RF regression model. Plots of the fitted
growth curves can be found in Figure 18 & 19.
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Figure 18: Growth curves Scholtens field (UAV and satellite input). Black X’s mark the dates of input imagery.
Green lines mark fitted growth curves. One growth curve exists per 10 meter resolution pixel.

After feature selection, RF models have been trained and validated on the three different
datasets. Accuracy parameters for each dataset have been listed in Table 3. The UAV and

satellite input dataset records a validation accuracy of R2 = 0.70, and R2 =
0.89 for the entire
dataset. In comparison, the dataset containing only UAV imagery records a validation
accuracy of R2 = 0.66, and R2 = 0.88 for the entire dataset. Adding satellite data to the
dataset therefore has only slightly improved yield prediction accuracy, although more than
doubling the amount of input images.
Interestingly, when we train and apply the random Forest regression to only the satellite
dataset, we get very similar results: a validation accuracy of R2 = 0.70, MAE = 4.34 t/ha, and
100-MAPE = 92%.
As observed in Figure 22, the largest relative errors have been observed around the edges
of the field. This could have happened under the influence of edge effects.
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Table 3: Accuracy parameters per dataset. Datasets have been used for both training and validation of RF
regression models. R2val was recorded only on the validation dataset, whereas R2 was recorded on the combined
training and validation dataset.

Dataset

R2val

R2

100-MAPE (%)

MAE (t/ha)

UAV +
S2

0.70

0.89

92

4.34

S2

0.70

0.89

92

4.34

UAV

0.66

0.88

91

4.83

Figure 19: Growth curves Scholtens field (UAV input only). Black X’s mark the dates of input imagery. Green
lines mark fitted growth curves. One growth curve exists per 10 meter resolution pixel.
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Figure 20: a) Feature importance of variables (model fitted on only UAV data). b) Feature importance of variables
(model fitted on UAV+satellite data). The red bars represent the impurity-based feature importances, and black
lines the inter-tree variability in feature importance. Variables 0, 1, 2 and 3 are defined as area under the curve,
central day of the development phase, central day of the ripening phase, and development speed respectively.

In Figure 20, the final feature importances of the random Forest regression calculation for
both UAV and UAV and satellite data input have been plotted. Feature importances for the
satellite-derived dataset can be found in Figure 21.
The black line in the red bars represents the inter-tree variability of feature importance. A
longer black line therefore represents a larger variability in the importance of the parameter.
A higher red bar (feature importance) value means a larger influence of the parameter in the
particular decision tree. A larger inter-tree variability in the most important parameters is
observed for the UAV and satellite input model.
Other input parameters taken from the growth curves did not add significant prediction
accuracy to the model due to general insignificance in comparison to other parameters, or
collinearity with other parameters. Moreover, taking away one more parameter decreased
accuracy: for the UAV-derived model, MAE grew to 4.88 when taking out development
speed, as opposed to 4.34 including the parameter.
When comparing feature importances between the models trained with UAV-only and UAV
and satellite input datasets, a clear difference in the importance of the central day of the
ripening phase is observed. Whereas for only UAV data, the parameter holds around the
same importance as the central day of the development phase in some cases and a lot less
in others, the parameter has the highest importance on average for the UAV and satellite
dataset. Another observation that can be made is that although the central day of the
development phase and development speed should be correlated, the addition of this
parameter adds enough explanatory performance (>0.05) to the models in order to be
included (Figure 20 and 21).
Another observation is that the inter-tree variability is larger for the area under the curve and
central day of the ripening phase for the model of the combined UAV and satellite input
dataset (Figure 20). This likely has to do with the fact that satellite observations continue
until early October (Figure 19). UAV only growth curves stop after September 8th.This
considerably influences the location of the central day of the ripening phase, and therefore
also the area under the curve. Since the Scholtens field has different potato varieties on the
same field, the impact of these parameters can inherently vary between varieties, which
then leads to larger inter-tree variability.
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When looking at the feature importances derived from the satellite data in Figure 21, we
notice a similarity with the feature importances from the combined dataset. These results
suggest a sensitivity of growth curve fitting to the addition of late-season input.

Figure 21: Feature importances based on only satellite data. The red bars represent the impurity-based feature
importances, and black lines the inter-tree variability in feature importance. Variables 0, 1, 2 and 3 are defined as
area under the curve, central day of the development phase, central day of the ripening phase, and development
speed respectively.

Figure 22: Prediction error percentages (absolute errors divided by the measured yield) of RF regression using
the UAV- and satellite-derived dataset (Scholtens field).
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3.4 Impact assessment UAV data availability
The last aim of this research is to derive essential time frames for UAV flight planning. The
hypothesis is that most of the UAV flights can be substituted by (free) satellite data, while
retaining comparability with the full (UAV- and satellite-derived) dataset. This hypothesis is
tested by comparing the values of important parameters (derived from RF regression) from
two scenario datasets with this full dataset. The comparability between the parameter values
are expressed using the RMSE and NRMSE.

Table 4: RMSE and NRMSE for both scenarios per influential parameter in comparison to the UAV + satellite
derived growth curves for the van Es field.

Parameter

Scenario

RMSE

NRMSE

Area under the curve

1

22.72

1,9%

Central day dev. phase

1

12.67

4,4%

Central day rip. phase

1

47.35

3,4%

Development speed

1

1.76e-4

5,2%

Area under the curve

2

65.75

5,3%

Central day dev. phase

2

27.02

10%

Central day rip. phase

2

187.03

12,3%

Development speed

2

2,07 e-4

6,1%

Scenario 1 includes UAV input from early and late season (before June 1st and after July
31st) besides all available satellite images, and scenario 2 includes UAV input from the early
season (before June 1st) and all available satellite images.
Considering the van Es field results, as observed in Table 4, scenario 1 consequently
delivers more comparable values for each of the influential parameters (ranging between
1,9% and 5,2% difference normalized) than scenario 2 (which ranges from 5,3% to 12,3%).
Interestingly, even parameters calculated in the early season have larger errors when
leaving out UAV images from the late season. The central day of the ripening phase has an
unacceptably high (N)RMSE when leaving out late season UAV flight data. Van Es scenario
2 parameter results have consistent errors >10% in comparison to the most extensive
dataset.
In case we would apply RF models trained like in section 3.3, prediction accuracies would
perform drastically differently. Since the area under the curve and central day of the ripening
phase have the most influence on prediction, and these NRMSE values both fall further
under 5% (1,9 and 3,4% respectively), scenario 1 for the van Es field seems to have more
comparable parameters.
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Table 4: RMSE and NRMSE for both scenarios per influential parameter in comparison to the UAV + satellite
derived growth curves. Scholtens field.

Parameter

Scenario

RMSE

NRMSE

Area under the curve

1

22.45

2,0%

Central day dev. phase

1

28.18

11%

Central day rip. phase

1

49.57

3,7%

Development speed

1

4,8e-4

16%

Area under the curve

2

107.61

9%

Central day dev. phase

2

37.06

15%

Central day rip. phase

2

277.10

18%

Development speed

2

5,2e-4

17,7%

In Table 5, we observe that the NRMSE values for the Scholtens field are substantially
higher than the values for the van Es field. For scenario 1, NRMSE values range from 2 to
16%, and for scenario 2, NRMSE ranges between 9 and 18%. Following from these
numbers, influential parameter values differ considerably between datasets, and are not
considered comparable with the UAV- and satellite-derived dataset.
Both scenarios do not give comparable parameter values to the most extensive dataset.
Since representativity of the most extensive dataset is assumed, either the UAV- and
satellite-derived complete dataset is not representative, or the scenario datasets are not
representative. We can conclude that parameter values from these scenarios also likely
would result in low prediction accuracies, when a pre-trained model from either only satellite
data or a combined dataset is applied. Therefore, the results hint on the hypothesis that
using a combination of UAV and satellite imagery might not necessarily lead to higher
prediction accuracies when applied to data from other seasons or locations. Additionally,
NRMSE values suggest that growth curve parameter calculation is highly sensitive to UAV
data addition, from the early as well as late season.
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4 Discussion
A number of factors could have influenced the reliability of the research results and
conclusions. In this discussion chapter, attention points regarding the quality of the input
data, reliability of the methods and result quality have been elaborated upon.Future research
should strive to minimize risk from the mentioned points in order to sustain a more thorough
understanding.

4.1 Input quality and research conditions
All imagery was from the year 2018, which was characterized by a remarkably dry and hot
summer. Irrigation damage has occurred at the Scholtens field, which has a direct effect on
the interpretation of plant health and yield prediction. Presence of irrigation damage at the
van Es field is unknown. Therefore, statistical models trained in 2018 might likely perform
substantially differently with validation data taken from other seasons.
Secondly, UAV and satellite image pairs used in the empirical calibration were often taken
one day apart. As recorded in the results, events with large implications can happen in the
meantime, like precipitation between the images of August 6th and 7th (Figure 15). As only
five image pairs are used, the impact of the discrepancy on the results in Figure 13 are
substantial.
The study area is characterized by comparable soil and climate conditions. Applied models,
methods and results should therefore be interpreted as specific as the delineation of this
research. Different environmental conditions will likely yield different results. The empirical
calibration module in particular is site-specific. Complete sensor harmonization requires
much larger input datasets and much more complicated calculations: Chastain et al. (2019)
used the surface area of the entire continental United States as input for their sensor
harmonization.
Lastly, yield prediction and scenario assessment are based on (although extensive) yield
data from one field during one season. Having more yield data from either multiple seasons,
multiple fields, or both, would likely increase overall robustness of the research and
statistical yield prediction models in particular. In addition, since yield measurements
practically include all larger objects as clay aggregates and rocks, there is a degree of
uncertainty in the yield dataset. Estimations of the amount of such cases remain unknown,
but this factor might be able to explain some of the outliers in prediction errors (Figure 22).
Since the amount of observations in the yield dataset is very large, and interpolation has
smoothed out some of these outliers, this effect does not have a large impact.

4.2 Reliability of the methods
A number of applied methods can diminish reliability of the results. Firstly, satellite images
have been georeferenced by hand using the QGIS Georeferencer. Although a practical
approach, this is neither flawless nor reproducible. Since georeferencing has the largest
impact on edge effects, most of the outliers in the research are linked to this uncertainty.
From the empirical calibration module, we found that the amount of these obvious outliers
should be around 1% (around 200 data points out of 18478, as seen in Figure 13).
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Secondly, a bilinear resampling method has been chosen while scaling UAV image
resolution from 13 centimeters to 10 meters. Inherently, the images lose detail, and
therefore information. But, since the source images have a much higher resolution, the
impact on reliability is expected to be minimal. A sensitivity analysis concerning resampling
method was outside the scope of this research.
Thirdly, as with resampling, the interpolation of yield data from multipoint vector to raster
dataset also carries a degree of unquantified uncertainty through simplification of the
dataset. As with resampling however, the source dataset has so many data points that the
influence of outliers is smoothed out by the averaging. Since clay aggregate occurrence may
be location-dependent due to soil characteristics, there is a small uncertainty that averaging
through interpolation has locally been influenced strongly by outliers. Other studies,
although using less extensive yield measurements, usually did this by hand, effectively
minimizing measurement errors (Al-Gaadi et al., 2016, Li et al., 2020)
Fourthly, after interpolation of the yield data to a raster, zonal statistics averages are used,
hence losing information in the process. The average yield within a 10 meter resolution pixel
is likely not representative of the sharp edges (between potato varieties, canopy and driving
tracks or planting mistakes) that might be captured within this pixel. In turn, these values are
used to train and validate a statistical model that does strive to capture as much as the
variance within the dataset as possible. A higher resolution yield prediction might have
resulted in less inter-tree variability of the involved parameters. However, this would mean
that satellite images would have to be resampled to a higher resolution, which also carries
risks.
Influence of edge effects and georeferencing by hand is expected to influence the outcome
of the results much more than resampling and interpolation of the datasets. A different
resampling method might have slightly different results, as with a different interpolation
method, but these differences are expected to be negligible.

4.3 Reliability of the results
As mentioned, edge effects and mistakes during georeferencing by hand can have
influenced the results of the empirical calibration. Although small but consistent differences
were expected (Chastain et al., 2019), the risk of overtraining to potential outliers in
comparison to the negligible accuracy gain was too high. The decision was therefore made
to not apply the calibration function. Overtraining on possible errors and applying these
results on a dataset that might be reliable does not hold ground scientifically. Calibration
between input data might have had a slight but consistent influence on further results.
Whether this would have been a positive or negative influence has not been clarified.
Regarding the relationship between NDVI and fractional cover, NDVI values interestingly
seemed to have the larger spread for higher values of fractional cover (Figures 16 a-e and
Appendix 2 Figures 1-5). Although a large spread was expected for a fractional cover
approaching 1, some earlier studies found lower spreads of NDVI values for larger fractional
cover values (Qi et al., 1994, Jasinski, 1990).
Lastly, the prediction performance and inter-tree variability of parameters found in the RF
regression models (Figures 20, 21) seem to have been influenced strongly by input data
from the late season. One satellite image (from October 5th) was used as input for the data,
which seemed to significantly influence the parameters used to train the models. As models
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including satellite data performed slightly better than without (Table 3), whether this has had
a positive or negative impact remains unclear. New vegetation might have grown between
harvest and the recording of the satellite image, while the methods assume this NDVI value
is tied to the potato yield.
The growth curve parameters in general seem very sensitive to the addition of data (Table 4,
Table 5). This however does not mean that scenario results, which might not be comparable
with the combined UAV-satellite dataset, do not show enough in-field variation. The NRMSE
has just been used as a measure to compare the growth curve parameter values resulting
from the scenario datasets with the values from the UAV- and satellite-derived dataset.
Since tuber yield prediction accuracies do not differ considerably between UAV, satellite,
and combined datasets, it remains unclear what impact the inclusion of only certain
UAV-derived orthomosaics is on tuber yield prediction accuracy.
In comparison to existing literature concerning potato tuber yield prediction however, yield
prediction results should have a larger degree of reliability because of a couple of factors.
First of all, yield data as well as input imagery happen on a sub-field level with a resolution
of 10 meters, as opposed to 250 meter MODIS-based (Bala & Islam, 2009) or field-level
yield predictions (Newton et al., 2018, Diego et al., 2019). In addition, training the models
has been done with five known varieties (as seen in Figure 1b), as opposed to using single
or unknown cultivars (Li et al., 2020, Diego et al., 2019). Also, predictions are based on a
larger number of NDVI observations than existing literature, where some studies involved
only a few images (Al-Gaadi et al., 2016, Li et al., 2020).
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5 Conclusions and recommendations
5.1 Conclusions
Based on the data gathered in this study, the relationship between UAV- and
satellite-derived NDVI can be expressed as:
y = 3, 95 * 10−5 x2 + 0.995x
where y is the UAV-mounted NDVI , and x satellite-derived NDVI. However, as the RMSE
difference is negligible based on our input, empirical calibration might harm reliability
through overtraining more than is gained from it.
Additionally, results suggest a linear relationship between potato canopy cover and NDVI.
Sensitivity analysis shows that large spreads of NDVI at higher values of fractional cover
occur when using lower NDVI threshold during calculation. Retaining NDVI sensitivity at
higher values ensures a more accurate representation of the variation of NDVI in the
mid-season, when NDVI values are highest.
Additional input of satellite data to UAV data yielded comparable yield prediction accuracy
with the dataset consisting of only UAV imagery. In addition, the usage of only satellite data
yielded the same comparable accuracy, with all models reaching validation accuracies
between R2 = 0.66-0.70. The parameters that are considered influential after feature
importance analysis are the area under the curve, the central GDD during the ripening
phase, the central GDD during the development phase, and the development speed.
This indicates that data collection during the early and late season holds the most
importance, as all influential parameters are linked to NDVI values in these time frames. The
added value of UAV flights mid-season are therefore limited.
Scenario assessment results in large NRMSE values when comparing growth curves
derived from scenario datasets to the combined dataset (UAV and satellite data). Scenario
datasets included either early- and late-season UAV flights besides satellite data, or only
early-season UAV flights. This proves a lack of comparability between datasets, but the
results remain inconclusive regarding added value of UAV flights in the early and late
season.

5.2 Recommendations
Larger amounts of high-quality UAV flights using methodical automatic georeferencing are
crucial for further research concerning cross-sensor calibration, as edge effects are
expected to have a large impact on fitting accuracy. This could for instance be done using
computer vision techniques, using automatic tie point recognition to determine offset and
skew of entire Sentinel 2 images. Afterwards, these can be combined with georeferenced
UAV orthophotos using the methods elaborated on in this study. Using UAV imagery from
locations with different crops, soil background, and climate will contribute to the robustness
of this calibration module.
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In addition, using UAV imagery from more (consumption) potato fields, again with differing
climate and soil background, will contribute to the robustness of the estimation of the
relationship between fractional cover and NDVI for potato canopy.
Future studies also might include sensitivity analyses concerning interpolation and
resampling methods, quantifying differences between resulting datasets.
Additionally, a number of statistical prediction methods (multivariate regression, support
vector machines, and neural networks among others) can provide different results
concerning tuber yield prediction accuracy. Multiple statistical prediction methods might also
be applied to different datasets (splitting UAV and satellite data, as well as combined) to find
methods of which the performances are less sensitive to change in input, and therefore
more likely to perform reasonably applied to different datasets.
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7 Appendices
Appendix 1 - Input characteristics and quality checks
Table 1: Input UAV images: Scholtens location, date, resolution, and quality assessment from Pix4D quality reports.

Location

Date
(dd-mm-yyyy)

Resolution (m)

Quality (taken from Pix4D
quality reports)

Scholtens

25-05-2018

0.11-0.13

All categories but dataset quality
green. 156 out of 158 images
calibrated (98%)

Scholtens

20-06-2018

0.11-0.13

All categories green

Scholtens

29-06-2018

0.11-0.13

All categories green

Scholtens

02-08-2018

0.11-0.13

All categories green

Scholtens

07-08-2018

0.11-0.13

All categories green

Scholtens

03-09-2018

0.11-0.13

All categories green

54
Table 2: Input Sentinel 2 images: location, date, resolution and quality assessment criteria.

Location

Date
(dd-mm-yy
yy)

Res
olut
ion
(m)

Dark
pixel
percenta
ge(%)

Cloudy
coverage
assessment
(-)

Thin
cirrus
coverage
(%)

General
quality
assessment
(PASSED/NOT
PASSED)

Scholtens

26-05-2018

10

3.43

2.74

2.26

PASSED

Scholtens

28-05-2018

10

2.24

0.57

0.17

PASSED

Scholtens

07-06-2018

10

2.70

2.07

1.65

PASSED

Scholtens

30-06-2018

10

1.63

0.49

0.00

PASSED

Scholtens

02-07-2018

10

1.31

0.38

0.00

PASSED

Scholtens

07-07-2018

10

1.96

8.52

2.99

PASSED

Scholtens

12-07-2018

10

2.75

14.85

0.10

PASSED

Scholtens

15-07-2018

10

2.10

7.96

5.87

PASSED

Scholtens

17-07-2018

10

3.39

5.34

0.48

PASSED

Scholtens

06-08-2018

10

1.73

1.74

1.28

PASSED

Scholtens

18-09-2018

10

2.88

19.73

0.00

PASSED

Scholtens

05-10-2018

10

2.52

19.34

18.82

PASSED
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Table 3: Input UAV images: van Es location, date, resolution and quality assessment from Pix4D quality reports.

Location

Date (dd-mm-yyyy)

Resolution
(m)

Quality

Van Es

01-06-2018

0.11-0.13

All categories green

Van Es

16-06-2018

0.11-0.13

All categories green

Van Es

20-06-2018

0.11-0.13

All categories green

Van Es

02-07-2018

0.11-0.13

All categories green

Van Es

12-07-2018

0.11-0.13

All categories green

Van Es

25-07-2018

0.11-0.13

All categories green

Van Es

04-08-2018

0.11-0.13

All categories green

Van Es

19-08-2018

0.11-0.13

All categories green

Van Es

27-08-2018

0.11-0.13

All categories green

Van Es

01-09-2018

0.11-0.13

All categories green
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Table 4: Input Sentinel 2 images: location, date, resolution and quality assessment criteria.

Locatio
n

Date
(dd-mm-yy
yy)

Resoluti Dark
on (m)
feature
s (%)

Cloud
coverage
assessm
ent (-)

Thin
cirrus
coverage
(%)

General quality
assessment
(PASSED/NOT
PASSED)

Van Es

28-05-2018

10

2.24

0.57

0.17

PASSED

Van Es

07-06-2018

10

2.70

2.07

1.65

PASSED

Van Es

30-06-2018

10

1.63

0.49

0.00

PASSED

Van Es

02-07-2018

10

1.30

0.38

0.00

PASSED

Van Es

07-07-2018

10

1.96

8.52

2.99

PASSED

Van Es

12-07-2018

10

2.75

14.85

0.10

PASSED

Van Es

15-07-2018

10

2.10

7.96

5.87

PASSED

Van Es

06-08-2018

10

1.73

1.74

1.28

PASSED

Van Es

13-09-2018

10

2.72

4.73

0.00

PASSED

Van Es

18-09-2018

10

2.88

19.73

0.00

PASSED

Van Es

05-10-2018

10

2.52

19.34

18.82

PASSED
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Appendix 2 - Sensitivity analysis Scholtens field

Figures 1-5 (from left to right, up to down): NDVI versus
fractional cover results of the Scholtens field for NDVI
thresholds of respectively 0.25, 0.3, 0.35, 0.4 and 0.45.

