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Summary
Satellite remote sensing of normalized difference vegetation index (NDVI) provides a method for
characterizing spatial patterns of crop biomass production. One of the objectives of this research was to
estimate corn biomass production in the Hupsel Brook Catchment from remotely sensed NDVI maps.
By means of establishing a linear relationship between cumulative NDVI in the whole growing season
of corn and corn biomass production, we roughly estimated the biomass production of all corn parcels in
the catchment in 2017. The variation of the predicted production (dry weight) ranges from 14.18 ton/ha
to 24.85 ton/ha. Inhomogeneous distribution of estimated values was observed in most of corn parcels.
Two parcels close to the center of the catchment were witnessed relatively low production than the rest.
The estimation accuracy would be significantly improved with higher temporal resolution of NDVI time
series and available measured biomass data in fields. However, it is extremely hard to build up NDVI
time series out of only Sentinel-2 database, judged from the nonnegligible cloud effects in a large number
of ready-to-download images. Data fusion technique can be applied in future studies to increase the
estimated accuracy. As for the correlation between corn biomass production and physical influencing
factors, no significant correlation was derived between surface elevation and production. As a whole,
weak relationship also existed in the relationships between soil physical units, groundwater depth and
biomass production. Moderate variation could still be found in between specific classes/units of physical
backgrounds. Lastly, the maximum NDVI value appeared approximately 60 days before the cumulative
ETref (reference crop evapotranspiration) was super closed to its yearly maximum in late autumn.
Evapotranspiration was negligible in winter. Variation of NDVI is positively correlated to crop biomass.
Thus, we predicted that the maximum of biomass was also reached around two months earlier. The gap
in between must be explained by other influencing factors which were not taken into consideration in
this study, such as agrotechnical measures, irrigation and drainage efficiency, solar radiation and so forth.
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1 | Introduction
Biomass refers to organic matter which was formed by photosynthesis. It is the process by which solar energy
is stored in plants as chemical energy, including leaves, stems, new roots, cover crops and weeds (Gunaseelan
1997, Fruitlook 2015). It is a function of plant transpiration. Biomass production means the total amount of
dry plant matter. Crop biomass is one of the most important indicators not only in crop condition monitoring,
but also in crop yield estimation (Du 2010). Estimating biomass production requires several factors to be taken
into consideration, which could vary from research locations, crop phenology to environmental conditions
(Neale and Campos 2015). This research emphasizes the influence of environmental conditions.
Crop growth is closely related to soil, water, atmosphere and management inputs. Soil types can partly
determine the influence of technology and management on crop production (Garcia-Paredes, Olson et al. 2000).
In the last century, many researchers have tried to reveal the relationship between soil properties, regional
climate and crop production (Sarkar, Bidwell et al. 1966, Robles, Gilmore et al. 1977, Allgood and Gray 1978).
Some American scientists grouped soils by their distinct properties and found a significant relationship between
soil properties and crop production (Olson and Olson 1986, Ulmer, Patterson et al. 1988). Different crop types
have their own suitable soil characteristics. For example, corn and wheat can grow not only in acid peats and
mocks, but also grow in black sands. Surprisingly, corn can even grow in soils with high soil pH.
A report written by Augustin and Kalwar (2018) explained thoroughly the influence of groundwater on crop
production. Groundwater depth dynamic is influenced by the amount of precipitation and irrigation additions.
When it comes to dry seasons, groundwater quality generally gets better. It can contribute to high crop
production. But, the groundwater situation depth should not reduce drastically. Under wet conditions,
groundwater depth becomes very shallow, oxygen within the plant-root zone depletes and consequently, the
crop growth slows down. It is important to maintain groundwater level at an optimum depth, to satisfy the need
of the crops and maintain air circulation within the plant root zone. Under this condition, the soil is able to
optimally supply nutrients to crops, resulting in high crop production.
Water availability is another important driver of biomass production. A large number of researches worldwide
from the last century have shown that water supply for transpiration contributes to the major variation of crop
production. It can also determine the growth period of crops. In areas where vegetation growth is mainly limited
by water, experiments from Bergh, Linder et al. (1999) proved that general growth patterns can be remarkably
affected by the interaction between water and nutrients. In the practice of Stone, Hunt et al. (2010), corn grain
production increased drastically by 6 times, after the demand of water was fully satisfied. In humid areas, such
as the Hupsel Brook Catchment, water deficiency could still occur in dry seasons. Hence, it is reasonable to
evaluate the crop production as related to evapotranspiration quantitatively (Ritchie 1983).
Landscape position also plays an important role in influencing crop biomass production. The key research by
Thelemann, Johnson et al. (2010) determined the effect of landscape position on the productivity of both woody
and herbaceous crops. They found that crop production is a spatial variable and can be affected by hillslope
processes. For instance, hillslope positions differing in slope and aspect have influence on crop production.
Besides, corn production was low in flat and depositional regions, where water is easier to collect, in their
research. A similar research was conducted by Dierig, Adam et al. (2006). They were only focused on the
influence of elevation, instead of joining other landscape factors, on biomass production of two species of
plants in America. Biomass production of one Lesquerella species decreased drastically with the increment of
elevation.
In this research, environmental conditions introduced in the last paragraphs are going to be related to the corn
biomass production in the Hupsel Brook Catchment. There are plenty of map sources of those environmental
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influencing factors. However, for biomass production, measured data cannot be acquired easily for corn parcels
in the catchment. In the quantitative remote sensing domain, satellite imagery has been broadly used for
monitoring crop growth and estimating production for more than 30 years. However, the prerequisite of
improving the accuracy of crop production estimation models is to acquire adequate measured data in fields.
There are several points that need to be considered for biomass estimation: 1) Identifying mixed crops and
weeds in field blocks; 2) differences of planting dates and phenology; 3) various soil properties in sub-field
extent and so forth (Traore, Bostick et al. 2013).
Having a good overview of corn phenology (see Figure 1.1) helps a precision agriculture researcher to interpret
optical remote sensing images. Phenology can be comprehended as the observed changes in growth stages of
biological events in relation to the temporal development (Menzel 2003). Agronomists deem any agricultural
crop as one single system which interacts with all physical environmental factors in its surrounding (Nikolaos
2015). Variations in timing of growth stages of crop activities is significant for precision agriculture. Research
by Pan, Huang et al. (2015) also supports this point of view, saying that it can help to evaluate crop growing
condition and assist managers/farmers to make decisions about management practices.

Figure 1.1 Stages in corn phenology
(source: U.S. Department of Agriculture Technical Bulletin 976 and Honway.J.J., 1966 Special Report 48, Iowa State University)
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2 | Problem Definition
and Research Questions
2.1 Problem definition
The Hupsel Brook catchment has been studied for lowland hydrology, particularly since the 1960s for the
situation in the Netherlands. It has been used for researches on evapotranspiration (Stricker and Brutsaert
1978), soil physical properties (Hopmans and Van Immerzeel 1988, Hopmans and Stricker 1989) and relations
between flow routes and water quality (Rozemeijer, Van der Velde et al. 2010). This area is covered with a
variety of crops. The dense irrigation canals and ditches guarantee the agricultural water requirement. Further,
the proper spatial scale of the catchment makes it a good place for researchers in the remote sensing domain to
assess the relationship between crop production and environmental influencing factors. Manned aircrafts and
UAVs (Unmanned Aerial Vehicles) have shot pictures of the catchment or single crop parcels several times a
year from 2017. However, the limited number of images do not satisfy the demand of this research, which is
high temporal resolution of images for building up NDVI time series. High-resolution Sentinel-2 satellite data
has a frequent revisit period, but cloud cover exists in a large percentage of the available pictures. However, it
was still viable to adopt Sentinel-2 satellite data. The airborne images were compared with Sentinel-2 images
for checking if there are significant difference between different data sources.
The boundary of this catchment is believed to move slightly during the year, relying on the wetness condition
and slopes of the active flow routes, including groundwater gradient. There might also be some lateral
groundwater flow across the boundary, but this is assumed to be small, compared to other water balance terms
(Brauer, Torfs et al. 2014). Thus, the Hupsel Brook catchment can be seen as a closed drainage basin in most
situations. Regional water balance with the equation of P-Q=ET (P: precipitation, Q: discharge, ET:
evapotranspiration) can be used here. Biomass is correlated to transpiration of crops in the ideal situation.
However, a strong correlation is not seen in several cases due to various environmental influencing factors.
One of the aims of this study is to find those factors which have an impact on biomass production of corn.
Difference between knowledge of different farmers, soil properties and groundwater table are likely to be
contributing factors, while the dominating factor is still unknown.
A great many models for biomass estimation from optical remote sensing data have been developed. They
require a large number of input parameters. For example, Aquacrop puts its emphasis on water limitation and
its explicit usage (Casa, Silvestro et al. 2016). It contains about 100 parameters concerning various
characteristics of crop and soil backgrounds (Jin, Kumar et al. 2016, Jin, Li et al. 2017, Jin, Yang et al. 2018).
Similarly, the SAFY(a Simple Algorithm For Yield estimate) model introduces 13 parameters under 3
categories which interpret biophysical conditions and these parameters are often inter-dependent (Duchemin,
Maisongrande et al. 2008). It has already been successfully applied to estimate wheat production, by using
recalibration assimilation approaches (Duchemin, Maisongrande et al. 2008, Dong, Liu et al. 2016). The model
complexity and high requirements of input data are considered as the major limitations for applying these
models to this research. There is a need to develop relatively simple models to provide spatially explicit
estimates at field level. In the past decade, models with less input parameters and better general applicability
have been used to estimate crop production (Doraiswamy, Sinclair et al. 2005, Chahbi, Zribi et al. 2014).
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2.2 Research objective and research questions
2.2.1 Research objective
Overarching objective: To determine the spatial variability of corn production in the Hupsel Brook Catchment
area using remote sensing technique and find causes for this spatial variability based on physical influencing
factors like soil types, groundwater depth and surface elevation.
2.2.2 Research questions
1) How can biomass production of corn be estimated from optical remote sensing data?
2) What is the spatial distribution of biomass production of corn in the Hupsel Brook Catchment?
3) Which physical influencing factors can explain the spatial variability of biomass production of corn in the
Hupsel Brook Catchment?
4) To what extent is the time series of NDVI (biomass development) correlated to cumulative
evapotranspiration in the Hupsel Brook Catchment?
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3 | Study Area and Data Description
3.1 Study Area
A simple approach using Sentinel-2 remotely-sensed data compared with catchment-scale airborne data was
used for approximately estimating the biomass production of corn in the Hupsel Brook Catchment. This
catchment is located in the Gelderland province, on the east of the Netherlands (52°04' N, 6°38' E). The total
area of this catchment is 6.5 km2 (Terink, Leijnse et al. 2018). There is a KNMI meteorological station inside
the catchment. The catchment is hydrologically well-defined (Figure 3.1). Evapotranspiration can be calculated
from the regional water balance. Several species of crops are grown in the Hupsel Brook, of which the dominant
crop is corn/maize. Corn production is then the major concern of local farmers. However, various factors can
lead to sub-optimal crop production in this area. Soil type, groundwater storage, frequency of droughts and
floods etc. are all closely related to the variation of corn production.

Figure 3.1 An overview of the Hupsel Brook Catchment

3.2 Datasets
The overview of all datasets used in this study is listed in Table 3.2. Below is the detailed description of all
datasets.
3.2.1 Remote sensing data
1) Sentinel-2 satellite imagery
For building NDVI time series of corn parcels in the Hupsel Brook Catchment, high-resolution satellite
remotely sensed data from Sentinel-2 was adopted. The earth observation mission of Sentinel-2 is developed
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by ESA (European Space Agency) for performing terrestrial observations, which includes identical satellites
of Airbus DS, Sentinel-2A and Sentinel-2B (Wikipedia 2018). Only Sentinel-2A out of those was used in this
study. It was launched on 23rd June 2015. The Sentinel-2A satellite carries a single MSI (multi-spectral
instrument) with 13 spectral channels, ranging from Visible/NIR (near-infrared) to SWIR (shortwave infrared)
spectral range. Band 4 and Band 8 were used for calculating NDVI for the entire catchment (Table 3.1).
Table 3.1 Spectral bands used in this study from the Sentinel-2A sensor
Sentinel-2A bands
Band-4 – Red
Band-8 – NIR

Central wavelength (nm)
664.5
835.1

Bandwidth (nm)
38
145

Spatial resolution (m)
10
10

For Sentinel-2, two product types are available, Level-1C (Top-of-atmosphere reflectance in cartographic
geometry) and Level-2A (Bottom-of-atmosphere reflectance in cartographic geometry). Level-2A products
were chosen for this study, since atmospheric correction had been performed. This screening condition can be
checked from the interface of search criteria when ordering images.
2) Airborne imagery
Airborne images of two dates (31st May, 21st September) in 2017 were provided by Rowland de Roode (DRO
Remote Sensing). RGB (red, green and blue), NIR, TIR (thermal infrared) images and NDVI map are available
on the above-mentioned dates. However, it should be noted that for using this data no calibration process was
performed. There is also no documentation to refer to for linking the DN (digital numbers) of bands with the
actual spectral ranges from the manned aircraft.
3.2.2 Maps of physically influencing factors and land-use types
1) Map of soil physical units
BOFEK2012 (Bodemfysische Eenhedenkaart) was provided by Alterra, Wageningen University and Research,
containing the spatial distribution of soil physical units of the Netherlands. The spatial data format is vector.
72 different units in total are distinguished. A schematic soil profile is coupled with each soil physical unit.
The classification process is based on the soil map of the Netherlands. From this map, users can figure out
some background information of specific areas, such as its corresponding soil structure and dominating
hydrological processes. According to the taxonomy used in BOFEK2012, the entire Hupsel Brook Catchment
is located in the zone of sandy soils (first level of the hierarchy).
2) Map of groundwater depth
The map of groundwater depth (Grondwatertrappenkaart) of the Netherlands was also acquired from Alterra,
Wageningen University and Research. The documentation is only available in Dutch. No English translation
is provided by the institute. A tiff file naming “gt2018_ned” was the only attached data. From the attribute
table, the column “GWT” shows all of the classes classified by different groundwater level values. The
groundwater depth is divided into classes based on two significant hydrological terms: GHG (Gemiddeld
Hoogste Grondwaterstand) and GLG (Gemiddeld Laagste Grondwaterstand). GHG refers to the average
highest groundwater level in history, and GLG stands for the average lowest groundwater level. Those values
are both in centimeters below the ground level.
3) Map of surface elevation
The Actueel Hoogtebestand Nederland (AHN) is a series of map products with detailed elevation data covering
all the areas of the Netherlands, which are referred to as AHN1, AHN2 and AHN3. The location of the Huspel
Brook Catchment is not within the current coverage of AHN3, since this mission is still unfinished. For the
purpose of comparing elevation with biomass production from Sentinel-2 NDVI data, there is no need to adopt
elevation data with very high spatial resolution. Thus, AHN2 5-meter ground level grid was chosen, instead of
AHN2 0.5-meter ground level grid.
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4) Map of land-use types
The vast majority of the agricultural land parcels in the Netherlands are registered in Boerenbunder.nl, thus it
is a reliable source to obtain data of the actual corn parcels in the Hupsel Brook Catchment in 2017. All of the
parcels are not always covered with the same type of crop. The historical yearly data of the registered crop
type per parcel is also attached. The shapefile of parcel boundaries is not accessible via the website. I have
drawn polygons of corn parcels in ArcGIS, fixing the positions of the parcels using the airborne imagery from
DRO Remote Sensing and Boerenbunder online data.
3.2.3 Hydrometeorological data
There is only one KNMI meteorological station in the catchment. According to the recent study by Brauer,
Torfs et al. (2014), the records of a series of hydrometeorological variables are available from 1960s, since
those variables have been measured continuously since then. Specifically, daily data of precipitation (P),
reference crop evapotranspiration (ETref) and discharge (Q) from 1976 have been downloaded from the
database. It should be pointed out that ETref has been calculated using the method of Makkink since 1989.
Table 3.2 An overview of datasets used in this study
Name

Data Type

Provider

Sentinel-2A satellite imagery

Raster

DRO Remote Sensing airborne
imagery

Raster

ESA (European
Space Agency)
Rowland de Roode,
DRO Remote
Sensing

Catchment boundary of the
Hupsel Brook

Vectorpolygon /
Shapefile
Vector

dr.ir. CC (Claudia)
Brauer, Wageningen
UR
Alterra, Wageningen
UR

5 meters

Map of groundwater level/depth
(Grondwatertrappenkaart)

Vector

Alterra, Wageningen
UR

50 meters

Actueel Hoogtebestand
Nederland (AHN)

Raster

AHN (in Amersfoort)

5 meters

Corn parcels in the Hupsel
Brook Catchment

Vectorpolygons /
Shapefile

Referred from
Voorwaarden
Boer&Bunder
(boerenbunder.nl)

-

Reference crop
evapotranspiration

Text file

KNMI (Royal Dutch
Meteorological
Institute)

-

Map of soil physical units
(Bodemfysische Eenhedenkaart)

Spatial
resolution (for
raster)/XY
resolution (for
vector)
10 meters
0.5 meter

-

Description

High-resolution satellite
imagery
Consists of RGB, NIR, TIR,
NDVI maps on the dates of
31st May, 21st September in
2017
The latest version in 2018,
according to the newly updated
regional hydrological data
Based on the soil map of the
Netherlands with 1:50000
scale
Not the latest version (the
latest version was just released
in 2018, but has not been open
to public yet)
Clipped to the extent of the
Hupsel Brook Catchment by
dr.ir. CC (Claudia) Brauer,
Wageningen UR
1) All of the registered data
from boerenbunder.nl cannot
be downloaded without
subscription; can only be
viewed with a free
subscription.
2) The shapefile was drawn by
me referring to the registered
corn parcels in 2017 from
boerenbunder.nl
Evapotranspiration data is not
available via KNMI
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4 | Methodology
4.1 An overview of methodology
The methodology of this research is illustrated with Figure 4.1. The whole research is introduced briefly from
the selection of input data, intermediate processing steps to the end results. In the next section, all processing
steps will be elaborated as this flowchart indicates.

Figure 4.1 The flowchart of research methodology

4.2 Process steps
4.2.1 Data processing of Sentinel-2 satellite data
1) Acquiring Sentinel-2 data from openhub
For a good estimation of corn phenology, four stages of corn growth are supposed be clearly reflected in
estimating biomass production from NDVI time series. They are spring of season, length of season, maximum
NDVI value and cumulated NDVI over the season. The ideal situation is that time series of NDVI maps is
available for daily intervals starting from the green-up date until several days after the end of season. However,
it is not possible to build up a complete NDVI time series from Sentinel-2 satellite data, since the problem of
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cloudiness occurs on most of dates (on which images are available) during the growing season and on the
adjacent days. Referring to Table A.1 in Appendix A, we have a clear overview of the extent of cloudiness in
the Sentinel-2 images. After the collection of all good-quality images, I found out that it is more likely to find
cloud-free (or with several small clouds) images of the research area on the days when the overall cloud-cover
percentage is less than 20%. However, there were still some exceptions, such as the day of 22nd June, 2017. It
was with 99% overall cloud-cover percentage, but the location of the Hupsel Brook Catchment was outside the
shade of the clouds. The aim of only utilizing Level-2A images with atmospheric correction made it harder to
find suitable images from Sentinel-2 database. According to the documentation, they are a product of orthoimages with Bottom-Of-Atmosphere (BOA) corrected reflectance. A large number of Level-1C images have
not been used since atmospheric correction was beyond the scope of this study, although it may contribute to
more available dates in building up NDVI time series.
The actual time series (of Sentinel-2 NDVI maps) was acceptable for reflecting corn phenology. There were
two dates (6th May and 26th May) before the growing season of maize, which reveal the “base-NDVI” before
emergence. The day of 22nd June roughly presented the growing condition of maize in the vegetative growth
stages. For the reproductive development stages, observation values on 14th August match the stage of
physiological maturity. 23rd September indicated the middle of the senescing period. Lastly, 13th of October
showed the stage after the end of the growing season. Images from Sentinel-2 which were used are listed in
Table 4.1.
Table 4.1 Sentinel-2 satellite images used in this study
Number

Filename

1
2
3
4
5
6

S2A_MSIL2A_20170506T105031_N0205_R051_T31UGT_20170506T105029
S2A_MSIL2A_20170526T105031_N0205_R051_T32ULC_20170526T105518
S2A_MSIL2A_20170622T104021_N0205_R008_T31UGT_20170622T104021
S2A_MSIL2A_20170814T105031_N0205_R051_T31UGT_20170814T105517
S2A_MSIL2A_20170923T105021_N0205_R051_T32ULC_20170923T105022
S2A_MSIL2A_20171013T105031_N0205_R051_T32ULC_20171013T105315

Creation date
of image
6th May 2017
26th May 2017
22nd June 2017
14th August 2017
23rd September 2017
13th October 2017

File type

Level-2A

The naming convention is as below: The Mission Identifier (the starting part) denotes the satellite, in this case, all of the images
were being shot with the SENTINEL-2A instrument; the file type for products is the same, "MSIL2A" for Level-2A.

2) Producing NDVI maps on selected dates
All of Sentinel-2 satellite images were processed in the ESA designated official software-SNAP (Sentinels
Application Platform). NDVI maps were generated by the built-in NDVI Processor of SNAP. This tool can be
found by accessing: Optical->Thematic Land Processing->Vegetation Radiometric Indices->NDVI Processor
(Figure 4.2). The algorithm collected values of Band 4 (Red) and Band 8 (NIR) and then processed NDVI
calculation with the formula of (Band 8 – Band 4)/(Band 8 + Band 4)

Figure 4.2 The route for finding NDVI Processor in SNAP
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Then, NDVI maps on those 6 dates were clipped to the extent of corn parcels in the Hupsel Brook Catchment
for preparing to build up NDVI time series of both parcel scale and catchment scale, which is an entity of all
the corn parcels.
3) Building NDVI time series from Sentinel-2 data
The parcels with partial cloud-cover were filtered out from the dates of 6th May, 23rd September and 13th
October. Pixel-based NDVI values of the rest of parcels on the above-mentioned dates and all corn parcels on
other dates were derived with the tool of Raster to Point in ArcGIS. Afterwards, the points, which included
only NDVI values, were joined into the shapefile of all corn parcels in the Hupsel Brook Catchment by using
Spatial Join tool in ArcGIS. The rule of joining was set to Points to Polygons. Each polygon (single corn
parcel) was then given a summary of the numeric attributes of the points (containing NDVI values) that fell
inside it. The selected attributes were Average, Minimum, Maximum and STD (Standard Deviation). They
referred to the average NDVI value, highest NDVI value, lowest NDVI value of each corn parcel and STD of
NDVI values. Statistical results were exported as an excel file. Upon relating time line to the above-mentioned
NDVI statistics, line charts depicting time series globally (all corn parcels in the catchment) and on parcel level
were obtained.
4) A method of diminishing cloud effects
Cloud-removal using algorithm from machine learning needs many other images of the same area to be used
as training samples, which is not part of this research. However, the map of biomass production would be
incomplete if less than half of pixels where cloud exerted influence could not be used.
This was tackled by using the following steps: 1) Checking corresponding NDVI values under different cloudcover conditions on different dates and fixing a range from the value of nearly zero cloud-cover influence to
that of almost 100%. For instance, the ambiguous boundary from where clouds started covering the reflectance
from crop parcels approximately had the NDVI value around 0.50 on 6th May. With intensive cloud covers,
pure white clouds were observed along with fully faded crop parcels. In that condition, the NDVI values were
found to be around 0.25; 2) Setting gradients for NDVI for diminishing cloud-cover effects. For the NDVI
image on each date, the range of NDVI values to pixels with cloud-cover influence from roughly 0% to 100%
was divided to five intervals with equal distance. The NDVI image was duplicated into 6 copies. Each copy
corresponded with one of the critical values, which had just been used for dividing intervals. 3) Calculating the
average NDVI out of all corn parcels in the Hupsel Brook Catchment on each date, only using cloud-free
records; 4) Replacing selected pixels in 6 layers on specific dates with average NDVI value from Step 3; 5)
Calculating the average maps out of 6 layers on selected dates, which were the end results of “cloud-free”
NDVI maps. For example, NDVI of 6th May was divided into intervals by setting critical values to 0.45, 0.40,
0.35 and 0.30. All of the pixels with lower or equal values would be replaced with the average value of 0.365.
Refer to Figure 4.3 for the details on the other two dates. Most of the above-mentioned steps were realized
with the tool of Raster Calculator in ArcGIS, see Figure 4.4.
The rationale behind the NDVI-value replacement of cloud-covered pixels can be summarized as: Pixels
influenced by cloudiness at different levels were replaced with average NDVI with varying degrees. Cloudy
areas closer to cloud edges had fewer layers replaced with the overall average NDVI value. Whereas, fullycovered cloudy areas, all of the layers were replaced by the average NDVI. It is therefore understood that an
area with higher cloud coverage, was assigned a higher “weight factor”.
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Figure 4.3 A graph showing the procedure of replacing the cloud-covered pixels with new NDVI values (the overall average values
on specific dates)

Figure 4.4 The procedure of removing cloud covers (replacing partial values with overall average NDVI values) from NDVI maps
of the Hupsel Brook Catchment on 6th May, 23rd September and 13th October, accomplished with Raster Calculator tool in ArcGIS
(Examples of naming strategy: ① Input data in map algebra expressions: “S2NDVI_0923” – “S2NDVI” means Sentinel-2 derived
NDVI map of corn parcels in the Hupsel Brook Catchment, “0923” refers to the sensing date of the corresponding Sentinel-2 image,
which is 23rd September 2017 in this case; ② Output rasters: “Layer1_RemoveClouds_S2NDVI_1013” – “Layer 1” means the first
output layer out of a stack of rasters in which pixels influenced by cloud effects were replaced with overall average NDVI value,
“RemoveClouds” means the status of clouds being removed, S2NDVI means the same with before, 1013 still means the date
(MM/DD))

4.2.2 Estimation of corn biomass production
1) Using NDVI to estimate corn biomass production
In order to estimate corn biomass production with a feasible model, the method proposed by Bolton and Friedl
(2013) was adapted for this study. They have used spectral indices, which were adjusted according to
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phenological rules, in yield prediction models. They matched rough prediction values of biomass production
(derived from NDVI) to the specific timing (stages) of corn phenology. Final prediction of biomass production
is hypothesized to be affected instantaneously by the variability from the start of growing season in each corn
field (Nikolaos 2015).
According to several previous researches (Liu, Cheng et al. 2017, Lumbierres, Méndez et al. 2017, Coelho,
Rosalen et al. 2018), there is a linear relationship between the NDVI and biomass for different crops. One piece
of fieldwork data of biomass production in the catchment was available. We applied a method which
incorporated NDVI time series and the measured value of biomass production for estimating the biomass
production. Firstly, the relative value of biomass production was derived from the total area between the
average NDVI curve and x-axis from approximately the beginning to end of the growing season, as can be
seen from the colored areas in Figure 4.5. We assumed a linear regression between the enclosed area and corn
biomass production. Thus, the enclosed area was considered as the relative biomass production value.
Secondly, the numeric values of the measured biomass production and the above-mentioned relative biomass
production of Field-50 (52.06886°N, 6.64346°E) were compared. A scaling factor was calculated and then
applied to the relative biomass production of all corn parcels. The estimation of corn biomass production on
parcel level was acquired accordingly. As for pixel level, Raster Calculator in ArcGIS was run for estimating
biomass production from relative values, by applying the same scaling factor as above, to all pixels.

Figure 4.5 A demonstration of showing how to calculate relative biomass production from NDVI time series

2) Using other vegetation indices to estimate corn biomass production
Considering the saturation problem of high NDVI values, other vegetation indices were included for exploring
the potential of replacing NDVI to estimate corn biomass production. NDVI is based on the differences of
light-absorbing for vegetation in bands of Red and NIR (Near Infrared). It is non-linear, especially in the period
close to its climax, and it results in the so-called “saturation problem”. This can be regarded as a dynamic range
expansion problem, which linearizes the non-linear problem (Seedahmed 2015).
The low concentration of chlorophyll is generally not saturated in the red band, while middle to high
concentration of chlorophyll content is saturated in this band. It can partly explain the saturation problem of
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NDVI. The reflectance responds distinctly in the “red edge” and green band, which makes it easier to
distinguish ground features. Green NDVI was then introduced into this study for comparing it with the
performance of the original NDVI. Its calculation can be checked from Formula 1. However, the research from
Peng (2017) revealed that the saturation problem could still exist for crops. Suppose the threshold of NDVI
started to saturate from crop’s greenness of 2, then the threshold for Green NDVI would be 3. The saturation
phenomenon did not disappear. It was just postponed to a certain extent. Hence, the saturation problem was
not solved by selecting unsaturated bands. The real reason behind that was the normalization of NDVI. For
medium to high concentrations of chlorophyll, the near-infrared reflectivity was constantly rising, while the
reflectance in the red band was instead decreasing slowly. The difference between the changing speed in NIR
band and red band was more than 10 times, so this also resulted in the saturation of NDVI. The solution is to
add a coefficient to NIR band in the original NDVI formula, so that the magnitude of “contribution” in NIR
band could be reduced to the same order of red band (Peng 2017). This is how the index of WDRVI (Wide
Dynamic Range Vegetation Index) was initiated, referred to in Formula 2.
Green NDVI = (NIR – Green) / (NIR + Green)

1)

WDRVI= (α×NIR – Red) / (α×NIR + Red); 0< α <1; α = 0.1 or 0.2 usually

2)

Maps of the above-mentioned indices were calculated from the raw bands of Sentinel-2 data. The coefficient
α was tested with three values: 0.1, 0.2 and 0.3. Time series of these indices during the growing season (and
neighboring days) were then plotted together with NDVI time series for checking the difference between them.
Since the saturation problem of NDVI in this study was only visible on the date of 14th August, when the corn
had reached full growth, I also plotted the variation of all the adopted vegetation indices based on all corn
pixels on that date.
4.2.3 Comparing Sentinel-2 and airborne derived NDVI maps
Since the airborne imagery from DRO Remote Sensing was provided without providing metadata, no
information about spectral-band division was found from the data folder. DN values were the only useful
information to be derived from the spectral properties of the images. Available bands were visible bands (red,
blue and green), NIR and TIR. NDVI map of corn parcels in the Hupsel Brook Catchment on 31st May 2017
from airborne data was calculated from band values of NIR band and Red band (Band 3 in RGB (visible)
bands). Then, airborne derived NDVI map was resampled to the same resolution as Sentinel-2 derived NDVI
maps. Since there is no available Sentinel-2 satellite image on the same date, we eventually compared the
airborne NDVI map with Sentinel-2 NDVI map on the nearest date, which was 26th May 2017. A correlation
diagram (between airborne and Sentinel-2 NDVI) was plotted to see whether NDVI values from the two
different sources were comparable.
4.2.4 Relating physically influencing factors to corn biomass production
Spatial variation of the possible influence of physical factors such as, soil types, groundwater characteristics,
farmer’s knowledge, etc., of corn biomass production were correlated with biomass production’s spatial
pattern. Comparisons were conducted in several pairs (influencing factors ~ biomass production).
1) The correlation between surface elevation and biomass production
Since the map of corn biomass production and map of surface elevation were both in rasters, it was possible to
correlate them. Before that, the map of surface elevation (clipped from AHN) had been resampled to the same
spatial resolution as the biomass production map, from 5 meters to 10 meters, to help realizing the comparison
on pixel level. Apart from pixel-level correlation, biomass production data and surface elevation were also
linked to each other on parcel (field) level. For both of the levels, the comparison work was conducted twice,
once applied to the extent of all of corn parcels in the catchment, the other time only for corn parcels without
the influence of cloud covers. Due to the high resolution of elevation data, the step of spatial correlation was
repeated several times for individual corn parcels. The area of corn parcels is distinctively different from each
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other; thus, it may exert impact on the degree of correlation between biomass production and elevation. From
this point of view, I used the correlation diagrams for demonstrating the correlation between variables A&B
(A: the coefficient of determination (R2) of the linear regression between estimated corn biomass production
and surface elevation, B: area of corn parcels), on the basis of corn parcel level.
2) The relationship between soil types and biomass production
For representing the spatial variation of soil properties in the catchment, the map of soil physical units produced
by Alterra was used as a reference. The original data type was a vector. Then, it was transformed into a raster
file by processing in Polygon to Raster in ArcGIS. The soil type numbers were preserved as values of the raster
pixels. To make rasters of soil types and biomass production comparable, the spatial resolution of soil-type
raster was resampled to 10 meters, which was in the same resolution as the raster of biomass production. For
joining the biomass production data to maps of soil types, there were two solutions been tried: 1) Utilizing the
tool of Sample in ArcGIS and choosing the raster files of biomass production and soil physical units as input
rasters; selecting points generated out of either raster of soil physical units or raster of biomass production by
Raster to Point tool as input location point features. Resampling technique was set as Nearest. 2) Changing the
data format of both soil physical units and biomass production from raster to point, then joining attributes from
one to the other. Afterwards, the output table showing the values of cells from rasters for defined locations was
exported as Excel files. The relationship between biomass production and soil physical units was revealed by
plotting boxplots. Categorized soil physical units were tagged with unique codes, which was displayed on the
X-axis. The variation of biomass production within single soil physical units was reflected from vertical boxes
and whiskers. The difference of biomass production between soil physical units was clearly read from the
discrepancy between boxes.
3) The relationship between groundwater level/depth and biomass production
The digitized map of groundwater depth (the Netherlands nationwide) also produced by Alterra was adopted
to recognize the groundwater conditions in the Hupsel Brook Catchment. Groundwater depth was proved to be
one of the key factors influencing crop biomass production from previous researches (Gui, Zeng et al. 2013,
Karki, Elsgaard et al. 2014). The groundwater depth was closely related to the oxygen supply to crop roots,
which exerted significant influence on crop’s nutrient absorption and crop growth condition. However, the
available data sources of the spatial variation of groundwater conditions in the Netherlands were quite limited.
Additionally, there was no such maps showing the average groundwater depth of calendar years, which had
been my original idea of how the potential data source could be like. In reality, the inspection work of key
groundwater features was based on hydrological years. In the adopted groundwater-depth map, the historical
groundwater depth was initially reflected from two parameters, which were GHG (average highest groundwater
level) and GLG (average lowest groundwater level). The above-mentioned terms were translated from the
official documentation by Alterra. There was no English version available. The values of the GHG and GLG
data referred to, was not groundwater level, but groundwater depth instead. The elevation difference between
ground surface and groundwater table in different seasons was taken as GHG and GLG. Detailed explanations
can be found in Figure 4.6. Different situations of (the combination of) GHG and GLG were sort into
categories. Category IDs can be found from the provided geo-data of groundwater depth.
The groundwater depth map in vector format was converted into a raster file by using the tool of Polygon to
Raster in ArcGIS, too. The corresponding categories to pixels were preserved as values of the raster pixels.
For comparing rasters of groundwater depth and biomass production, the spatial resolution of groundwaterdepth raster was resampled from 50 meters to 10 meters. For completing the comparison in plots, the same
procedure as last section (comparing soil types and biomass production) was followed. Firstly, rasters were
sampled according to point locations, output to one table. Then, the table was converted into an excel file.
Lastly, we listed the biomass production values into columns by categorizing with different groundwater depth
classes and plotted it with boxplots.
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Figure 4.6 A graph depicting the steps of concluding GHG and GLG values

4.2.5 Exploring the potential relationship between (evapo)transpiration and corn biomass
Without sufficient experiment data, we decided to relate reference crop evapotranspiration (ETref) to NDVI for
indicating the relationship between transpiration and corn biomass. The process of transpiration is partially
dependent on the water absorption of plants from their roots. Under suitable water conditions, plants can be
led to better growing situations, which can contribute to higher biomass. Thus, the dynamic of transpiration is
indirectly correlated to the biomass of plants. One of the research questions was aiming to find the potential
relationship between them. However, transpiration data was not available since we did not conduct field
experiments within corn fields in the research area. Transpiration is commonly estimated by applying the
weighing method. Daily transpiration amount can then be derived from the measured transpiration rate. The
most accessible data, which includes transpiration, is ETref from KNMI meteorological stations. The trend of
transpiration curve is nearly the same with that of evapotranspiration. So, it is reliable to use ETref for indicating
the variation of transpiration within the year of 2017. As for the accumulation of corn biomass, we missed
fieldwork data for showing the temporal variation of biomass in different growing stages. To compensate for
this missing parameter, NDVI time series was referred to for partially representing the accumulation process
of biomass. For the above, the cumulative ETref was believed to be closely linked to the temporal variation of
NDVI (of corn). NDVI time series derived from Sentinel-2 data was eventually compared to the cumulative
ETref from the KNMI meteorological station in the Hupsel Brook Catchment.
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5 | Results
5.1 NDVI time series from Sentinel-2
Referring to Figure 5.1, we clearly witness the rise and fall of NDVI values on the catchment scale for the
identified corn fields. At the start of May, the majority of corn fields were still out of the growing season. Only
two neighboring fields (Field 46 and Field 47, can be checked from Appendix B) located on the northwest of
the catchment show high NDVI values distinctly. After looking up (agricultural) land-use types from
boerenbunder.nl, I found that those two fields had been grasslands before 2017. Grasses were being removed
to leave space for growing corn before the growing season in 2017 (between May 6th and May 26th). The spring
of season (SOS) starts in between May 26th and June 22nd, as is seen from the great color contrast between
NDVI maps of those dates. On August 14th, all of the corn fields are covered with very high NDVI values and
little difference between pixels exists. Afterwards, green fields and senescing fields were present
simultaneously in the catchment, which means that several fields partially stepped out from the growing season
or were harvested earlier than other fields. Before October 13th, most of the fields drew to the end of growth
season. However, a few corn parcels on the southeast had not reached the end of growing season until late
Autumn (Field 37 and Field 57).

Figure 5.1 A series of NDVI maps of corn fields in the Hupsel Brook Catchment in 2017

After summarizing NDVI values statistically upon the parcel level and removing records influenced by clouds,
we acquired line charts depicting the trends of NDVI attributes (Average, Maximum, Minimum and Standard
Deviation), which can be read from Figure 5.2 and Appendix A. As can be seen from Figure 5.2, the majority
of corn parcels had the parcel-average NDVI values between 0.2 and 0.4 in the beginning of May. When
verified with the standardized stages of corn growth, most corn parcels were in between Stage 1 (Emergence)
and Stage 4 (Early Whorl). Several high values were observed to remain, with two extreme values higher than
0.9 included, which were grasslands at that moment (as just mentioned in the previous paragraph). The numbers
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remain fairly stable in the end of May, between 0.25 and 0.45. Then, most of the parcels witnessed a drastic
increment of NDVI to 0.65~0.75 before the end of June, referring to Stage 5~8 in corn phenology (Mid-whorl,
Late-whorl, Tassel, Silk). Two parcels where grass had grown were still low in NDVI at this moment (0.36
and 0.48). Apart from these two, corn in a few other parcels had a delayed growing stage. In the middle of
August, all of the corn parcels reached their peak growing stage-Stage 9 (Physiological maturity). Not much
difference in NDVI values between parcels can be seen from the graph. Afterwards, corn parcels reached
towards the end of the growing season with varying pace. Over half of the parcels were remain relatively high
in NDVI (0.63~0.82) on September 23rd. The other less-than-half parcels showed NDVI values to lower than
0.5. Twenty days after, the majority of corn fields finished their growing season in 2017, with NDVI values of
more or less 0.37 (±0.15).

Figure 5.2 Sentinel-2 derived NDVI time series of corn parcels in the Hupsel Brook Catchment
Dates with available data: 2017/05/06, 2017/05/26, 2017/06/23, 2017/08/14, 2017/09/23 and 2017/10/13, Colorized thinner lines——Time series of average NDVI
values per corn parcel, Dark grey thick line——Time series of average NDVI values out of all of the corn parcels in the Hupsel Brook Catchment

The line charts of time series of maximum/minimum/standard deviation of NDVI values are listed in Appendix
A. As for the maximum of NDVI values, disordered lines are witnessed in the 1st, 2nd and the last intervals of
time in Figure A.1. Significantly different maximum-NDVI values (not following the same distribution of
maximum-NDVI values on dates during the growing season) between parcels on the dates of 6th May, 27th
May , 13th October resulted from outliers in parcels. In this case, those outliers mostly refer to very few raster
pixels misclassified as corn on the borders of fields, which in reality should be a mixture with other crop types
or different land-use types. Thus, it is meaningless to focus on maximum-NDVI data on these dates. During
the growing season, the overall average maximum-NDVI of all corn parcels develops as a 0.76-0.93-0.82 series,
which stands for a healthy growing period of corn. Speaking of the minimum-NDVI values, Figure A.2
illustrates a similar trend to the above-mentioned two graphs. Before the onset of greenness (around the middle
of June in the Hupsel Brook Catchment in 2017), the overall average minimum-NDVI stayed stable at around
0.22. The colorized lines indicate that most of the lowest-value pixels in parcels were embellished with quite
sparse vegetation in May. A few records point out that there are still some bare soil pixels in this period (NDVI
lower than 0.1). Later on, what we can conclude from the graph is that all pixels in most of the parcels had
NDVI values higher than 0.75 in their prosperity stage. A minority of corn parcels partially senesced (or were
harvested) before the end of September. Remaining parcels went through this period later, before the second
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half of October. Lastly, the variation of NDVI values within separated fields can be reflected from Figure A.3.
During late vegetative growth stages and whole reproductive development stages (lately in June to the middle
of August), STD (per parcel) estimations were very low, especially during the peak season. For the rest of
periods in the growing season, STD was generally higher due to the different changing speeds from stage to
stage within corn fields. Since there were also several parcels having relatively consistent low STD throughout
the whole growing season, it means that these parcels had uniform tempo in developing from beginning to end.
5.2 The comparison between Satellite NDVI and other vegetation indices
To figure out to what extent the saturation effects influenced on value-interpretation, two vegetation indices
were introduced to this study, which were Green NDVI and WDRVI. We have tested three α values (0.1, 0.2
and 0.3). As can be seen from Figure 5.3, the direction of broken lines of NDVI and Green NDVI are
comparable. Value of Green NDVI is higher than NDVI before and at the beginning of the growing season,
plus, has higher descending speed and tends to break through the line of NDVI after the end of growing season.
For the maturity stage (around in the middle of August), Green NDVI provides a lower average value of all
parcels’ pixels. As for WDRVI lines, which apply three different α values, much more remarkable difference
is witnessed in between growing stages and “the borders” of the growing season. The gaps between maximum
and minimum reach 1.06, 1.09 and 1.03, for α=0.1, 0.2 and 0.3 respectively, which made it easier to have
insights throughout all stages of corn growth. We focused on 14th August and plotted the variation of VIs
(Vegetation Indices) between pixels within the extent of corn fields in the catchment. The lowest variation
exists in NDVI and that of Green NDVI is relatively higher than NDVI. Surprisingly, WDRVI clusters show
us much larger variation ranges. The variation is even more obvious with adjusting α to lower values. Besides,
white histograms inside “beans” tell us that the centrality of values is less significant in WDRVI with lower α
values. Thus, it would be feasible to apply WDRVI to monitor crop growth without worrying about saturation
effects.
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Figure 5.3 The time series of different vegetation indices, derived from Sentinel-2 satellite images, based on data of all corn parcels
in the Hupsel Brook Catchment
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Figure 5.4 Beanplot showing the comparison of performances of different vegetation indices, applied to corn parcels in the Hupsel
Brook Catchment on 14th August 2017

5.3 Airborne NDVI maps and comparison to satellite-based NDVI
The spatial resolution of airborne data provided by DRO Remote Sensing is much higher than Sentinel-2
satellite data. For comparing their performance in sensing corn growth, it would be more convenient to
resample the cell size from one to the other. However, we only put emphasis on checking the spatial variation
of values. The simple way of visual check was applied. The accurate band values from those two sources are
not comparable since their corresponding spectral range could be different to some extent, without having
access to the metadata of DRO Remote Sensing airborne images. Spatial pattern of values is free from the
above-mentioned problem. Additionally, nearest dates with available images to the other data source were
chosen, because there were no matching dates from airborne and Sentinel-2 data source.
Firstly, let’s zoom to images from NIR band on 31st May (for airborne data) and 26th May (for Sentinel-2 data).
On the top left corner, we can see several pixels owning higher values than neighboring cells on the middleupper part. The counterpart in Sentinel-2 data also gives distinctive higher values (in yellow ~ orange color),
but in a larger area. Besides, a brighter green stripe is faintly visible from the top left corner to the bottom right
corner in Airborne data, which can be clearly seen in Sentinel-2 NIR image. Furthermore, slightly higher values
are witnessed close to left and right boundaries in Airborne NIR and paralleled orange pixels (higher values)
are clearly visible in Sentinel-2 NIR, too. But it is hard to tell whether some of the orange pixels are outliers,
judging that the coarse resolution of Sentinel-2 data may result in mixed spectral signature with neighboring
pixels of other land-use types. Turning the spotlight to the top right part, the spatial distribution of Red-band
values is still similar between data from two sources. A concentration zone of high values is located on the
middle-upper region. Additionally, several scattered lonely high values also share the same location in both
sources.
The story was different when it went to the next pair of comparison. For both NIR and Red bands from DRO
airborne image and Sentinel-2 satellite data, the spatial patterns were not that similar. As for comparing NIR
band, we do see lower values on the middle-right part. However, the low-value area is much bigger in Sentinel2 data. Furthermore, the high-value zones in Sentinel-2 image can only be reflected indistinctly with relatively
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different edges in airborne image. Besides, the difference was even more significant of Red band. The
comparable high peaks in airborne data differentiate remarkably in Sentinel-2 tile.
To summarize the comparison based on Field-21 (discussed in the previous two paragraphs), we can say that
the overall spatial patterns of band values are generally not lost in Sentinel-2 derived images, although quite
many details are lost because of its lower resolution than airborne data from DRO Remote Sensing. However,
quite a few records cannot match for the selected data in September. This could point to different performance
of sensing ground features, but may have also resulted from different growing status of corn between dates (3
days different between sources), which lied in band values.
The spatial correlation between airborne derived NDVI on 31st May and Sentinel-2 NDVI on 26th May was
plotted in Figure C.1 in Appendix C. The distribution range of airborne NDVI is around -0.4 to 0.7, which is
quite abnormal. Besides, the majority of points fall into the range from -0.2 to 0.2. For such a catchment with
dominant agricultural land-use (many crop parcels), corresponding NDVI values should not be this low, even
just before the start of growing seasons. Values close to zero generally correspond to barren areas of rock, sand
or snow.
As for the correlation, expected linear regression cannot be found at all. A cluster of points is found in the
lower-middle part of the graph. For the range from -0.4 to 0.3 of airborne NDVI, the majority of the
corresponding Sentinel-2 NDVI data points gather in a shorter interval between 0.15 to 0.35. The remaining
fraction is scattered in the space above (the cluster). There were no clouds existing in Sentinel-2 data on 26th
May, thus, the scattered points cannot be attributed to the cloud cover.

Figure 5.5 An example of showing the spectral difference (with the variation of band values) between airborne data and Sentinel-2
satellite data on nearest neighboring dates, the selected corn parcel is Field-21 (the same one as Figure 5.8)
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5.4 The feasibility of using Sentinel-2 data for estimating corn biomass production
Referring to Table A.1 in Appendix A, we have a clear overview of the availability of Sentinel-2 images
covering Hupsel from May to October in 2017. The number of available images was fewer in May and June
(6 and 7 available images, respectively), compared to other months. From July to October, there were 12, 13,
10 and 12 images, respectively. The frequency of sensing image was acceptable for this research. There would
be around 60 images to analyze if the percentage of cloud coverage was zero for all. The percentage numbers
refer to the cloud covers of the whole Hupsel region. Our actual research area – the Hupsel Brook Catchment
only forms a small area of this region. As for the 6 selected dates (used in this study), the cloud-cover
percentage goes to 19%, 0%, 99%, 2%, 16% and 31%. All of adopted dates were not covered with many clouds
(less than 35%) except the date of 22nd June. After checking the open-data hub, it was found that the cloud
layers were quite thin (silky) on that day. But, the corresponding image could still not be used under this
circumstance. The real reason which I overlooked was hidden behind the product type. The product I ordered
was Level-2A (Bottom-of-atmosphere reflectance in cartographic geometry) product. The pre-processed
atmospheric correction may diminish the cloud effects, in this case remarkably.
Judging from the low columns in the left area of Figure 5.6, we can conclude that the availability of cloud-free
images or images with a few clouds is low from Sentinel-2 database. For the dates when Sentinel-2 images
were available, the ground features were covered with cloud layers in more-than-half of the area on most of
the dates. Totally cloud-free images were not found in the months of June, July and September. There was one
day with a cloud-free picture in the months of May, August and October.

Figure 5.6 Statistical results for checking the cloud-cover percentage of Sentinel-2 images, compared by months
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5.5 Estimation of corn biomass production from NDVI
The estimated corn biomass production is higher on the southeast of the Hupsel Brook Catchment and partially
on the northwest of the catchment, as can be seen in Figure 5.7. A corn parcel is observed with significantly
lower production than others, which located in the center to the up-left. Another conspicuous corn parcel with
distinctive values is on the middle-upper region, where the biomass production is one of the highest among all
fields. For most of corn parcels, values of the estimated biomass production do not follow uniform distribution
inside parcels. High values and low values co-exist in many fields. Only a handful of the parcels can be seen
with equi-distribution of production within the extent of a single field.
To have clearer insights to the spatial distribution of corn biomass production, we are now focused on the
situation of Field-21 on the Midwest of the catchment (Figure 5.8). Higher biomass production values gather
in the middle-upper zone of the parcel. Lower estimated values are located at the uppermost corner and the
lower region. From the elevation map (Map 2 in Figure 5.8), moderate correlation of spatial pattern is
noticeable compared to that of biomass production data. Moving to Map 3, we can say that Class VIo
approximately matches the low biomass production. For the rest of classes, their borders in this corn parcel
cannot be linked to the spatial variation of production data. Since Field-21 falls within a single soil physical
unit, the spatial pattern of production is free from the soil type. It may be explained by other influencing factors.
The above-mentioned interpretation is an intro to the next section. In the following section, we are going to
demonstrate in details of the correlation between biomass production and physically influencing factors.

Figure 5.7 The spatial variation of estimated biomass production (dry weight) in 2017 from Sentinel-2 derived NDVI, the estimated
production figures all refer to dry weight
* the basemap (high-resolution satellite imagery) is contributed by ESRI

Assessing the physical background of spatial variation in biomass production of corn: a case study for the Hupselse Beek catchment

- 23 -

Figure 5.8 A representative corn parcel in the Hupsel Brook Catchment for showing different spatial patterns of factors (Biomass
production, surface elevation, groundwater depth and soil physical units)

5.6 Correlation between corn biomass production and physically influencing factors
The spatial correlation between corn biomass production and all of the adopted physical influencing factors is
not strong enough to draw firm conclusions. Next, we are going to present the results of those correlations by
the sequence of individual physical influencing factors (from surface elevation, groundwater depth to soil
physical units).
5.6.1 Correlation between corn biomass production and surface elevation
Firstly, as shown in Figure 5.9, we can see that the correlation between corn biomass production and surface
elevation is weak. The coefficient of determination is merely around 0.09, which indicates that the adopted
linear regression model cannot explain the variability of biomass production data around its mean. I suspected
that the low correlation could partly result from the process of removing cloud effects (in section 4.2.1-4)).
Since the pixel values in quite a few corn parcels were replaced with the overall average value, it may have
disturbed the original value distribution. Accordingly, the same correlation was plotted without including corn
parcels which were influenced (to different extents) by cloud covers (see Figure B.2 in Appendix B). The major
differences from this graph to the previous one were that the left cluster (in Zone 1-the left bigger red circle)
is almost faded out and the middle cluster (in Zone 2- the right circle) is becoming thinned out. The correlation
is even much lower than before. The left big cluster had a large contribution to the original correlation. This
part stands for the northwest region in the catchment where the average elevation is the lowest inside the basin
(refer to Figure 3.1 to check the elevation map) and the cloud covers also mainly influenced this part. Another
point is that the scattered data points are mostly the outliers on the parcel borders, where the spectral signature
of surrounding land-use joined it.
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I was still curious about the correlation between corn biomass production and elevation on the parcel level after
being aware of the weak correlation on the catchment level. Thus, the same comparison was conducted on all
of the corn parcels in the catchment. The results can be checked from Figure B.1 in Appendix B. Interestingly,
around half of the corn parcels in the remaining part witnessed negative correlation between production and
elevation, apart from several zero-correlation fields. The rest half followed moderate or weak positive
correlation. For only a few parcels (without cloud covers), obvious polynomial correlation was found between
variables instead of linear regression as was expected (check from Figure B.1 (b) & (c) in Appendix B). For
example, fourth-order polynomial can explain the variability of estimated biomass production scattering
around its average values better than other regression models, of which the coefficient of determination reaches
slightly higher than 0.5. The estimation of biomass production firstly goes down within the range of elevation
between 31.5 to 32.5 meters, then an increasing trend is witnessed of the predicted biomass production after
the low ebb around 32.5 meters.
I suspected that the correlation between biomass production and surface elevation may be influenced by the
size of corn parcels. The plots can be seen from Figure B.4 in Appendix B. The coefficient of determination is
just below 0.11 for the linear positive regression, with all corn parcels included. It is possible to say that
biomass production is related more to surface elevation in larger corn parcels. However, one correlation based
on another correlation may be not convincing enough, and hence this question still remains open.

Figure 5.9 The spatial correlation between estimated biomass production and surface elevation, based on pixels within corn fields

5.6.2 Correlation between corn biomass production and groundwater depth
Referring to Figure 5.10, we can see the variation of estimated biomass production with different classes of
groundwater depth. The average seasonal fluctuation of the groundwater level can be characterized with two
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variables: the mean highest and the average lowest groundwater level (GHG and GLG), expressed in meters
below ground level (m-mv). For the X-axis, the average groundwater depth is still increasing from left to right
on the whole, but the growth from one class to the next one is non-linear. This is because the class of
groundwater depth is defined by GHG and GLG together as mentioned above. There is no clear trend observed
from this boxplot, for the relationship between production and groundwater depth. The median value of
biomass production for each groundwater-depth class generally stays stable around 20 ton/ha (dry weight),
some variation exists in two classes with much smaller sample size (Vao and Vbd). The average value is also
held steady approximately 20 ton/ha (except from the classes of Vao and Vbd, too), slightly lower than the
median value. Judging from roughly the same interquartile range (box length in Figure 5.10), around half of
area in each class (also exclude Vao and Vbd) witnesses the estimated biomass production in the fluctuation
between approximately 19 ton/ha to 21 ton/ha, unaffected by the variation of groundwater depth. The
overwhelming majority of the estimated biomass production for each class of groundwater depth (not for Vbd)
is ranging from roughly 16 ton/ha to 23 ton/ha, influenced little by the shifts between classes. Noticeable
outliers appear on the classes of Vbo, VIo, VId and VIId.

Figure 5.10 (Left) Map of classes of groundwater depth in the Hupsel Brook Catchment, clipped from Grondwatertrappenkaart
provided by GeoDesk
(Right) The relationship between estimated biomass production and groundwater depth (no accurate data of groundwater depth is
available from Grondwatertrappenkaart (the map of groundwater depth/level in the Netherlands), historical data of groundwater
depth has been divided into classes according to the combination of GHG and GLG: 1)IIIa – GHG<25cm & 80cm<GLG<120cm,
2)IIIb – 25cm<GHG<40cm & 80cm <GLG<120cm, 3)Vao – GHG<25cm & 120cm<GLG<180cm, 4)Vbo – 25cm<GHG<40cm &
120cm <GLG<180cm, 5)Vbd – 25cm<GHG<40cm & GLG>180cm, 6)VIo – 40cm<GHG<80cm & 120cm<GLG<180cm, 7)VId –
40cm<GHG<80cm & GLG>180cm, 8)VIId – 80cm<GHG<140cm & GLG>180cm)

5.6.3 Correlation between corn biomass production and soil physical units
As can be seen from Figure 5.11, the map of soil physical units is shown on the left and the change of estimated
biomass production with different soil physical units is plotted on the right. Moderate variation of production
is present between soil types. The extent of the Hupsel Brook Catchment is majorly covered with sandy soils.
Based on the composition and thickness of the topsoil (loamy or sandy) and the presence of deviating layers
in the subsurface (coarse sand or gravel), the sandy-soil region is classified into several sub-classes.
Black loamy (podol-) grounds (304) merely exist on the upper-right corner of the catchment, which does not
contribute enough sample size. Soil physical units of 305, 311, 315 and 316 are all covered with loamy sandy
soils. The average estimated biomass production is around 20 ton/ha for units except 311 (higher than that),
independent from soil properties. Around half of the area in Unit 305 and Unit 315 is predicted to have corn
production between 19.5 ton/ha to 20.5 ton/ha. In the meanwhile, more outliers than other units are found in
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these two soil physical units. Without outliers, the interquartile range of Unit 319 is broader, which starts from
approximately 19.8 ton/ha to 21 ton/ha. Joining Unit 312 into comparison, we found that the range of estimated
biomass production for overwhelming majority of pixels within the extent of Unit 319 is smaller than that of
Unit 312, where loamy grounds can be found, instead of many layers of sub-soils. The soil physical unit of
312 is mainly located on the surrounding area of the Hupsel Brook, where the surface elevation is relatively
low. Its lower quartile is lower than others, around 18.5 ton/ha only. The lowest predicted biomass production
values also go to this unit (excluding outliers). There are quite a few data points falling within the range
between 16 ton/ha to 17.5 ton/ha.

Figure 5.11 (Left) Map of soil physical units in the Hupsel Brook Catchment, clipped from BOFEK2012 provided by Alterra
(Right) The relationship between estimated biomass production and soil physical units (based on the map of BOFEK2012), the codes
of soil physical units can be referred to: 304 - Black loamy (podol-) grounds (Original class name in Dutch: Zwarte lemige (podol-)
gronden, 305 - Black loamy sandy soils with coarse sand in the subsoil (Zwarte lemige zandgronden met grof zand in de ondergrond),
311 – Weak loamy sandy soils with a thick “cultuurdek” (Zwak lemige zandgronden met een dik cultuurdek (enkeerdgronden)), 312
– Loamy (podzol-) grounds (Lemige (podzol-) gronden), 315 – Loamy sandy soils with boulder clay in the subsoil (Lemige
zandgronden met keileem in de ondergrond), 319 – Loamy sandy soils with a cultivated cover and boulder clay in the subsoil (Lemige
zandgronden met een cultuurdek en keileem in de ondergrond)

5.7 Comparison of NDVI time series and cumulative evapotranspiration
Time series of meteorological variables (precipitation, reference crop evapotranspiration and temperature) in
2017 is plotted in Figure 5.12 as shown below. The reference crop evapotranspiration is observed during a
period of significantly high values from DOY(Day-Of-Year) of around 135 to 255, which corresponds the
seasons from Spring to early Autumn. Daily average temperature also rises up and maintains high values during
this period. Higher temperature corresponds with higher evapotranspiration in this region. After checking the
meteorological data, we are now moving forward to the comparison of cumulative ET to NDVI (or biomass).
A distinctive stage of the increment of cumulative ETref is witnessed between DOY of 80 to 285 (Figure 5.13).
From the limited Sentinel-2 derived NDVI data, we see NDVI of corn parcels is increasing drastically from
DOY of 140 to 226. NDVI is generally highly correlated to biomass of crops. Thus, we may use the same trend
of NDVI for predicting the variation tendency of corn biomass. It is highly possible that corn biomass also
reaches its peak on the neighboring dates of DOY of 226, which is around 60 days earlier than the “saturation”
of cumulative ETref in 2017.
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Figure 5.12 Time series of meteorological data (daily mean temperature, daily precipitation amount and reference crop
evapotranspiration) in 2017 from the KNMI meteorological station in the Hupsel Brook Catchment

Figure 5.13 Comparison between cumulative reference crop evapotranspiration and Sentinel-2 derived NDVI time series in the
calendar year of 2017
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6 | Discussion
6.1 The feasibility of using Sentinel-2 data for estimating corn biomass production
We assessed the feasibility of adopting Sentinel-2 data for estimating corn biomass production by focusing on
two major aspects: 1) To what extent the cloudiness of Sentinel-2 data may influence the data availability (the
number of cloud-free images); 2) Whether the spatial resolution of Sentinel-2 data is high enough for
identifying the spatial variation of corn in parcels. The first point is emphasized since it corresponds to the
second research question (refer to Table A.1 in Appendix A as supplementary materials).
Biomass production can be estimated with a variety of methods. One option by Mathan, Bhattacharya et al.
(2016) was to include the initial crop developmental features in crop fields, which were closely related to crop
growth conditions. Developmental features include architectural traits, leaf and vasculature morphology, which
determine plant physiology predominantly. The perception of light, photosynthesis and other physiology
effects together determine crop biomass. Similarly, it was widely adopted to measure biochemical criteria in
fields, as part of input parameters for building up crop growth models. Hence, crop production was correlated
to field measurements of key indicators. With remote sensing techniques widely applied to crop monitoring,
biomass production can also be retrieved by building up remote-sensing based models that use factors
influencing biomass production as key parameters.
In this study, corn biomass production was estimated based on optical remote sensing data. NDVI was used as
the key indicator of estimating biomass production. Normally, successful predictions of biomass production
from vegetation indices are on the basis of a complete time series of the selected vegetation index throughout
crop’s growing season. However, spectral images from Sentinel-2 are not available for every day. Apart from
the reason of revisit period, the unneglectable cloud coverage also influences the building up of the time series
of vegetation indices by restricting the number of useable images. The low temporal resolution of vegetation
indices will result in low prediction accuracy of production.
It is time-consuming to check the percentage of cloud covers in Sentinel-2 data by looking through all the
available images one by one in Copernicus Open Access Hub. ESA has developed an archive to help users to
access the complete and daily updated Sentinel-2 remote sensing data. The user-friendly graphic interface is
handy for users to check cloud coverage with no need to go through images one by one. We checked the data
availability, from the beginning of May to the end of October in 2017, which covers the whole growing season
of corn and the adjacent time periods.
The feasibility of using Sentinel-2 data was evaluated by checking the percentage of cloud-free data in the
above-mentioned representative time period. Available Sentinel-2’s EO (earth observation) data of Hupsel was
found on 60 days out of 184 consecutive days from the start of May to the end of October in 2017. Most of the
images were unusable due to cloud covers above the core research area. On average, nearly 70% of the area on
the Earth is covered by clouds at every moment. It is hard to acquire totally cloud-free images. Some of the
images with cloud covers are still useable, unless the research area is covered with clouds completely. To sum
up, Sentinel-2 satellite imagery is not suitable for the accurate estimation of biomass production, if one needs
to correlate Sentinel-2 derived vegetation indices to crop biomass production.
6.2 Using NDVI for estimating corn biomass production
Many methods based on optical remote sensing data can be used for estimating crop biomass production.
Estimation from NDVI is one of the most extensively adopted methods. The linear relationship between NDVI
and crop production determines its widespread use in estimating crop production. Claverie, Demarez et al.
(2012) integrated optical data from Sentinel-2, Formosat-2 and Venµs and debugged the crop growth model
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of SAFY by several sensed vegetation indices from one satellite to each other, for estimating corn and
sunflower production in large agricultural areas. Formosat-2 NDVI time series played an important role in
calibrating the algorithm of SAFY model. A recent research from Richter, Agostini et al. (2016) concluded
that on-farm productivity for established crops ≥ 5 years after planting can be well-assessed from NDVI. Its
precision for biomass estimation could be improved by joining information from underlying characteristics of
crop growth dynamics. It is clear that the influence of NDVI in estimating crop production can be optimized
with in-depth knowledge of crops.
According to Foody, Cutler et al. (2001), problems of estimating biomass production by NDVI time series
should be paid attention to. Firstly, the saturation problem exists in the peak season of crop growth and areas
with high percentages of vegetation cover. Secondly, accurate radiometric correction is crucial to dataprocessing. Thirdly, the relationship between NDVI and estimated crop biomass production is sensitive to the
difference of environmental conditions. Lastly, only two spectral bands (Red and NIR) are utilized in NDVI.
No information in other spectral bands is reflected. Multivariate regression analysis can be referred to for
retrieving crop biomass production, regard as the above-mentioned problems of using NDVI or other
vegetation indices (Lu 2006).
6.3 Using vegetation indices other than NDVI for estimating corn biomass production
The saturation problem of NDVI exists in the period when vegetation reaches its highest greenness. It is highly
possible that NDVI of corn plants in the Hupsel Brook Catchment went through its saturation problem on 14th
August. This could be explained in two ways: Firstly, the corn plants were in the stage of maturity at that
moment and had achieved or were going to approach the maximum greenness in the growing season. Secondly,
the variation of NDVI between parcels decreased drastically when compared to that of 22nd June. Furthermore,
the growth rate of WDRVI from 22nd June to 14th August did not decrease much, when compared to the last
period of 26th May to 22nd June. Whereas, the growth momentum of NDVI witnessed a slowed down
significantly. Saturation problem of NDVI resulted in the underestimation of corn production. Hence,
vegetation indices free from saturation problem can contribute to more accurate estimation of corn production.
Yue, Yang et al. (2017) estimated the above-ground biomass of winter wheat in China using a series of UAV
derived vegetation indices. They applied three PLSR (Partial Least Squares Regression) models to estimate
wheat biomass. NDVI and WDRVI were both included in all of the PLSR models. However, it was found that
the estimation accuracy of VI-based models was lower than that of simple models constructed from single
spectral bands. In this research, there was no measured biomass data available, so it was not possible to compare
the estimated biomass production to actual data.
6.4 The insufficient knowledge of corn phenology
The time series of satellite-derived vegetation indices has good correspondence to crop phenology (Nikolaos
2015). In different crop growth stages, the corresponding vegetation indices have specific value range and
change rate. In this research, time series of NDVI with irregular equidistantly spacing was utilized. It was hard
to reconstruct the completeness of NDVI time series, which also made it harder to match corn phenology.
However, we could still try utilizing historical NDVI data for referencing. Additionally, near-ground daily
optical data from UAV in the growing season of corn can provide sufficient data of corn growth, such as plant
height/stem length, stem diameter and leaf area index. Complete corn phenology in the research area can be
derived from the above-mentioned corn growth indicators. Then, we may categorize satellite-derived NDVI
by referencing local corn phenology in the same research area. The stages of corn growth will be also ensured
with UAV-derived corn phenology.
6.5 The role of airborne data in this research
Airborne data from DRO Remote Sensing was not utilized to build up NDVI time series, because of its limited
number of available images in 2017. It was eventually only compared with Sentinel-2 derived NDVI in
different scales. We could have tried downloading several Sentinel-2 (or other satellites) historical images on
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the same day in previous years and assigning Sentinel-2 derived NDVI to the corresponding pixels in the
airborne image, after resampling airborne data to the same resolution as Sentinel-2 data.
6.6 The spatial distribution of corn biomass production
As is discussed before, the map of corn biomass production in the Hupsel Brook Catchment was based on
roughly estimated corn production. The spatial distribution of corn production was closely related to the time
series of NDVI. Any adjustment of NDVI time series would result in different spatial pattern of estimated corn
production. Since Sentinel-2 optical data was the only data source for estimating corn production, the
estimation was fully dependent on the data quality of Sentinel-2 data. Without measured production data in the
fields, we could not calibrate the correlation. Additionally, the value replacement on locations with cloud
coverage also altered the distribution of corn production. However, the overall spatial pattern of corn
production was still convincing, because of the reliable Sentinel-2 optical data. Hence, the map of the estimated
corn biomass production could be partially referred to check the general spatial variation of corn production.
6.7 Elevation-biomass production relationship
The relationship between surface elevation and corn biomass production is not strong in this research. It is still
under discussion whether elevation should be joined into a series of features defining landscape position or
function as a single influencing factor of corn production. Landscape positions are categorized into summit,
shoulder, backslope, toeslope, floodplain and stream. It is also comprehensible that landscape positions are
classified by slope, curvature, aspect and elevation (Thelemann, Johnson et al. 2010, Ontl and Schulte 2012)
In the follow-up researches, the AHN elevation map can be used as an input for calculating geo-features of
slope, curvature and aspect. Weighing factors are then going to be set for elevation and the above-mentioned
three features. After multiplying all the geo-features with weighing values, the entity will be compared to corn
biomass production.
6.8 Data source of groundwater depth
The map of groundwater depth (Grondwatertrappenkaart) adopts historical groundwater data based on the
average highest groundwater level and average lowest groundwater level among consecutive hydrologic years.
It is much older than and in a different data type from other hydrologic data used in the study. It may be good
to install several automatic hydrological instruments in the catchment for monitoring real-time data, such as
evapotranspiration, precipitation, temperature and groundwater level. Therefore, on the one hand, data
consistency is guaranteed; on the other hand, it lays the foundation for applying hydrological model in this
catchment for simulating hydrological processes.
6.9 Groundwater depth-biomass production relationship
No significant relationship was found between groundwater depth and corn biomass production in this
research. However, strong correlations were revealed from many previous researches. Groundwater influences
the growth of corn’s root system directly, through which it also affects photosynthesis on the canopy level
(Wesseling 1974). Corn production is then closely related to groundwater regime. When groundwater depth is
too shallow, the oxygen supply to the roots is reduced, which limits the nutrient absorption and corn growth.
Turner (1986) studied on the corn production by adjusting groundwater depth from 0.33 m, 0.6 m, 0.9 m, 1.2
m, 1.5 m to 1.8 m under conditions of natural precipitation and artificial irrigation. It was concluded that corn
production was negatively correlated with groundwater depth. Some studies (Leonard, Knisel et al. 1987, Van
Diepen, Wolf et al. 1989, Acharya and Barbier 2000) have shown that there is an optimum groundwater depth
for the correlation between groundwater depth and crop production, which is a function of crop, soil and
regional climate.
The root system plays a very important role in the process of water absorption from crops. It determines the
water absorption rate in the soil profile. Therefore, it is possible to keep the balance between crop growth and
water use by regulating groundwater depth and artificial irrigation (Shih, Doolittle et al. 1986).
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7 | Conclusion and Recommendation
7.1 Conclusion
This study used Sentinel-2 derived NDVI for estimating corn biomass production in the Hupsel Brook
Catchment. Spatial variability of the estimated biomass production was found. No single physically influencing
factor correlated with corn biomass production significantly. Upon relating reference crop evapotranspiration
to NDVI (or biomass), we could conclude that factors other than water use also exerted influence on the growth
of corn. The conclusions following the same order of corresponding research questions are listed below:
1. It is possible to estimate corn biomass production roughly from Sentinel-2 derived vegetation indices.
Two aspects restrained the estimation accuracy of corn biomass production from Sentinel-2 data, which are
the limited revisit frequency of Sentinel-2 satellites and the large area of cloud cover in available images. The
accuracy was also restrained by the saturation problem of NDVI in the period when the corn plants reached
their highest greenness. Without worrying about the saturation effects, it would be better to use Sentinel-2
derived WDRVI for estimating corn production.
2. Obvious spatial variation of estimated biomass production was witnessed in most of the corn parcels.
As a whole, there is no clear trend of the distribution of corn production. One corn parcel on the northeast
of the catchment had the highest estimation of corn production. Relatively high corn production existed in
several corn parcels on the most southeastern and northwestern regions. Two corn parcels close to the center
of the catchment were estimated to have a distinctly low production than others.
3. The spatial variability of corn biomass production was not explained well by any of the physically
influencing factors of groundwater depth, soil type or surface elevation individually in the catchment
scale. However, more obvious association between the corn biomass production and surface elevation
was found at the parcel level. A few parcels had little correlation between corn production and elevation.
Apart from that, approximately half of the rest had more significant positive correlation and the other half was
estimated to have negative correlation.
4. Cumulative ETref correlated to NDVI to a certain extent. The difference in trend indicated that the
growth condition of corn should not only be explained by water use, but also by other factors. The
correlation between corn biomass and cumulative crop-plant-transpiration was replaced with the comparison
of NDVI and cumulative reference crop evapotranspiration, since biomass time series and plant transpiration
data were not available.
7.2 Recommendation
1. Data fusion: Remote sensing techniques can be beneficial to precision agriculture when remotely sensed
data with suitable temporal and spatial resolution is applied to certain extent of area. For small scale fields, the
spatial resolution needs to be at least 10 meters. Time interval of everyday or every two days are always the
best options, since some stages of crop growth may be missed with coarse temporal resolution. However, it is
hard to find remote sensing data which satisfies both the needs at the same time. Thus, data fusion technique
can be used to solve this problem. For example, one could conduct data fusion of Landsat data and MODIS
data if it is a medium-sized research area. Landsat has 30-meter spatial resolution and 16-day revisit cycle.
Whereas, MODIS has one or two visits per day. Its spatial resolution is much coarser than Landsat, only 250
meters to 500 meters. The advantages of high spatial resolution of Landsat data and the high temporal
resolution of MODIS can be integrated to a new dataset, generated from data fusion.
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2. Inclusion of other physically influencing factors: The comparison between surface elevation and corn
biomass production could not reflect the complexity of geographical features in fields. I would recommend to
join slope, aspect and curvature into the dataset of surface elevation. Upon integrating all of the abovementioned features, we can have a clearer view of how terrain and topography influences corn production
within fields. Furthermore, the distance from a certain point in corn fields to the nearest ditch may also be
correlated to corn production, since water availability for irrigation also plays an important role in affecting
corn growth. It is possible to set different weights to different levels of ditches. Ditches with higher discharge
may be assigned with higher weights. Besides, distribution of drainage systems, amount of precipitation and
solar radiation can also be joined into future studies as influencing factors of corn growth.
3. ET data from other sources: There were many other ways to derive evapotranspiration in the Hupsel Brook
Catchment, which were not joined into this research eventually. One option would be to calculate
evapotranspiration from the regional water balance (Precipitation = Discharge + Evapotranspiration) in the
catchment. The Hupsel Brook Catchment can be regarded as a closed catchment. Precipitation data is available
from the KNMI meteorological station in the Hupsel Brook Catchment. Discharge data is measured by the
Waterboard Rijn en Ijssel at the outlet of the catchment. Another source is the satellite evapotranspiration
product from EUMETSAT-Daily MSG Evapotranspiration (DMET), which can be downloaded from here:
https://landsaf.ipma.pt/en/products/evapotranspiration/.
From literature, thermal infrared sensor data is primarily adopted on an on-going basis (Schmidt 2012). Data
from Meteosat (10km resolution), MODIS (1km resolution), Landsat (100m resolution) etc. can be used for
evapotranspiration estimation, too. There are also many ET remote sensing algorithms which can be applied
to studies of evapotranspiration such as ALEXI, SEBAL/METRIC, SEBI/SEBS and so forth (Anderson,
Kustas et al. 2011, Schmidt 2012). High-resolution UAV data is increasingly chosen to monitor plant
transpiration, but application from unmanned aerial thermal imagery is still limited.
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Appendix | A
NDVI time series and data availability of Sentinel-2 imagery

Figure A.1 Time series of Sentinel-2 derived NDVI (the maximum value in each corn parcel)
of corn parcels in the Hupsel Brook Catchment
Dates with available data: 2017/05/06, 2017/05/26, 2017/06/23, 2017/08/14, 2017/09/23 and 2017/10/13, Colorized thinner lines——Time series of maximum NDVI
values per corn parcel, Dark grey thick line——Time series of maximum NDVI values taking the average out of all corn parcels in the Hupsel Brook Catchment

Figure A.2 Time series of Sentinel-2 derived NDVI (the minimum value in each corn parcel)
of corn parcels in the Hupsel Brook Catchment
Dates with available data: 2017/05/06, 2017/05/26, 2017/06/23, 2017/08/14, 2017/09/23 and 2017/10/13, Colorized thinner lines——Time series of minimum NDVI
values per corn parcel, Dark grey thick line——Time series of minimum NDVI values taking the average out of all corn parcels in the Hupsel Brook Catchment
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Figure A.3 The statistical result of Sentinel-2 derived NDVI time series (Standard deviation)
of corn parcels in the Hupsel Brook Catchment
Dates with available data: 2017/05/06, 2017/05/26, 2017/06/23, 2017/08/14, 2017/09/23 and 2017/10/13, Colorized thinner lines—— Standard deviation of NDVI
values per corn parcel, Dark grey thick line——Standard deviation of NDVI values taking the average out of all corn parcels in the Hupsel Brook Catchment

Figure A.4 An example of showing the data availability of Sentinel-2 satellite images, by emphasizing on the check of cloud covers
(all dates with available Sentinel-2 images in Hupsel are presented above, period: from 1st May 2017 to 31st July 2017)
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Table A.1 The availability of Sentinel-2 imagery, for the region of Hupsel, checked from the beginning of May to the end of October;
for those available dates, cloud-cover percentage in images is shown in different levels of colors (greener colors mean less clouds,
yellowish colors mean moderate cloud-cover, more-to-red colors mean severe cloud coverage)
(a) The check-list showing the situation from 1st May to 31st July
May

Availability
of Sentinel-2
imagery

Cloud-cover percentage
on the corresponding
date (%)

June

1

1

2

2

3

Cloud-cover percentage
on the corresponding
date (%)

July

15

2
3

4

4

4

5

5

25

5

6

6

7

7

7

8

8

8

9

9

9

10

10

10

11

11

11

12

12

13

19

96

12

13

13

14

14

14

15

15

16

48

78

15

16

16

17

17

17

18

18

18

19

19

19

20

20

20

21

21

21

22

22

23

81

99

22

23

23

24

24

24

25

25

26

99

100

25

26

26

27

27

27

28

28

28

29

29

29

30

30

31

0

Availability
of Sentinel-2
imagery

Cloud-cover percentage
on the corresponding
date (%)

1

3

6

94

Availability
of Sentinel-2
imagery

99

30
31

94

84

66

87

100

99

13

87

30

100

81

80
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(b) The check-list showing the situation from 1st August to 31st October
Cloud-cover
percentage
on the
corresponding
date (%)

September

94

1

1

2

2

2

3

3

August

1

4

Availability
of Sentinel-2
imagery

53

5
6

Cloud-cover
percentage
on the
corresponding
date (%)

15

4
5

October

3

61

5
6

7

7

7

8

8
47

10
11

8

39

10
11

12

12

12

13

13
2

31

13

14

14
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15

16

16

17

17

17
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18

18
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19

15
16

19

94

43
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20
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20
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22
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23
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37
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0
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92

84

29
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41
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56
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31
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44
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26

29
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16

24
25

Cloud-cover
percentage
on the corresponding
date (%)

9

11

14

95

100

9
10

Availability
of Sentinel-2
imagery

4

6

9

23

Availability
of Sentinel-2
imagery

28

99

100

29
100

30

11
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Appendix | B
Correlation between the estimation of corn biomass production
and surface elevation
Figure B.1 (shown below) The spatial correlation between the estimated corn biomass production (in 2017) and surface elevation
of single corn parcels in the Hupsel Brook Catchment

(a) Correlation diagrams from Field-2 to Field-18
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(b) Correlation diagrams from Field-20 to Field-37
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(c) Correlation diagrams from Field-43 to Field-60
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(d) Correlation diagrams from Field-61 to Field-74
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Figure B.2 The spatial correlation between the estimated corn biomass production (in 2017) and surface elevation of all corn parcels
free from cloud effects in the Hupsel Brook Catchment, all pixels in cloud-free parcels are joined in

Figure B.3 The spatial correlation between the estimated corn biomass production (in 2017) and surface elevation of corn parcels
in the Hupsel Brook Catchment, the average value of each corn parcel is taken as a single data point (Left: all parcels in the
catchment are joined in, Right: corn parcels which are free from cloud effects in the catchment are shown)
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Figure B.4 The correlation between variables A&B (A:the coefficient of determination of the linear regression between estimated
corn biomass production and surface elevation, B: area of corn parcels), based on corn parcel level
(Left: all parcels in the catchment are joined in, Right: corn parcels which are free from cloud effects in the catchment are shown)
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Appendix | C
-The comparison between Sentinel-2 and airborne NDVI
-Tracking codes of corn parcels

Figure C.1 The comparison between Sentinel-2 derived NDVI and airborne derived NDVI (provided by DRO Remote Sensing) of all
pixels in all corn parcels in the Hupsel Brook Catchment, on the nearest neighboring dates with available data (Date of Sentinel-2
data: 26th May 2017, date of airborne data: 31st May 2017)

Figure C.2 An overview of all corn parcels in the Hupsel Brook Catchment, whether parcels are influenced by cloud covers can also
be checked by their filled colors (purple-cloudfree, green-with cloud-cover influence)
*codes of corn parcels are presented

