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Abstract

Ley fields’ dynamics can be spatially heterogeneous, and an understanding of within-field yield
variability is important for improving fertiliser efficiency leading to sustainable forage production.
This thesis assessed spatial variability in Swedish ley fields by comparing field-based dry matter
yield estimates with Sentinel-2-derived yield-zone classifications, spectral indices, soil properties,
meteorological data and topographic features. High- and low-yield zones had been pre-selected
using multi-year Sentinel-2 Normalized Difference Vegetation Index (NDVI) medians. The results
showed that the NDVI-based classification was mostly supported by estimated yield in ley fields.
Most fields yielded higher than average yields in expected high-yield zones. However, the
potential of this yield-classification varied between fields and was less effective in some cases.
Other spectral indices showed plausible relationships with estimated yield depending on the farms’
location and forage growth stages. Soil properties, topography and meteorological conditions
provided useful field-specific context, but no single factor consistently explained the observed
yield patterns across all sites. Overall, the study suggests that NDVI-based yield-zone
classification can be a useful starting point for expected spatial productivity patterns in ley fields
but should be combined with repeated field measurements and environmental data for more
reliable interpretation. In addition, more advanced multivariate or machine-learning regression
methods could be a better option for measuring within-field biomass variability.

Keywords: Temporary grassland, spatial yield variability, spectral vegetation index-based yield
zones, Sentinel-2
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1. Introduction

1.1 Scientific Context

Grasslands represent one of the most widespread terrestrial ecosystems, covering
approximately one-third of the global land surface (excluding Antarctica) and
playing a crucial role in supporting food production, biodiversity and key
ecosystem processes (White et al. 2000; Suttie et al. 2005; Blair et al. 2014;
Vitousek 2015). Beyond their ecological importance, grasslands are central to
agricultural systems, particularly in livestock-based production systems, where
they provide the primary source of forage. At the same time, grassland systems
are subject to increasing pressures from land-use change, fragmentation,
intensification, desertification, invasive species and climate change, which can
inhibit their functioning, carbon storage potential and the ecosystem services they
provide. Among the most important ecosystem services are erosion and flood
control, carbon storage, biodiversity, water purification and recreation (Gibson
2009; Conant et al. 2017; Reinermann et al. 2020).

Within agricultural landscapes, grasslands can be broadly divided into
permanent and temporary systems. Permanent grasslands are typically located in
less favourable areas for agriculture, such as regions with, among other factors,
challenging topography, soil conditions or climatic constraints and are often
managed extensively. They are usually not part of a crop rotation and are
maintained for more than five years (Milazzo et al. 2023). These systems are
associated with high biodiversity and provide important ecosystem services,
contributing to their high natural value (Peyraud & Peeters 2016).

Temporary grasslands, often referred to as ley fields, are sown with grass or
grass-legume mixtures that are integrated into crop rotations for a limited period.
Ley farming systems are widely used in temperate regions, including Northern
Europe, where they contribute to forage production. Temporary grasslands can
improve soil structure, enhance nutrient cycling and support soil organic matter
accumulation (Hoeffner et al. 2021). In particular, the inclusion of legumes in ley
mixtures can increase nitrogen availability through biological fixation, thereby
reducing the need for mineral fertilisers and contributing to more sustainable
production systems. In addition, legume-based systems seem to be better at
storing soil organic carbon and produce less nitrous oxide (N20), a potent
greenhouse gas (Drinkwater et al. 1998; Hayes et al. 2025).

Ley systems, like any field-based agricultural system, are not spatially uniform
in their productivity or ecological functioning. Variability in soil properties such
as texture, organic matter content, nutrient availability and pH can lead to
substantial differences in biomass production within fields (Brady & Weil 2016).
This spatial heterogeneity is particularly relevant for precision agriculture



approaches where identifying high- and low-yielding zones can support more
targeted management strategies (Robert 2002; Souza et al. 2025). Fertilisation is
often applied uniformly, although soil properties, water availability and plant
growth conditions vary considerably at small spatial scales (Robert 2002). In
grassland systems, variable-rate nitrogen application has been investigated as an
alternative to equal spatial distribution of fertiliser with the potential to reduce
local nitrogen surplus or depletion within fields (Oenema et al. 2024). Improving
the understanding of spatial yield variability is therefore essential for more
efficient and sustainable grassland management.

To monitor grassland dynamics, destructive sampling of forage properties,
particularly yield and quality, is limited in space and time. Remote sensing offers
an alternative, providing high temporal and spatial resolution data covering a vast
geographic area. By using spectral reflectance data from satellite sensors,
vegetation properties can be assessed over large areas with a repeated spatial
coverage at resolutions suitable for field- to landscape-scale analysis. This allows
for cost-efficient, objective and reproducible data collection. Multispectral optical
sensors (e.g. AVHRR, MODIS, Landsat, Sentinel-2) provide information on
vegetation greenness, vitality and density, while hyperspectral sensors enable
more detailed retrieval of biochemical and biophysical vegetation properties due
to their higher spectral resolution compared to multispectral sensors. In addition,
radar data acquired by sensors such as Sentinel-1 satellites, are sensitive to
structural characteristics such as vegetation height, canopy structure and soil
properties independent of cloud cover. Overall, remote sensing allows for large-
scale analysis of both the quantity and quality of grasslands with high temporal
and spatial resolution (Reinermann et al. 2020). It can be particularly valuable for
detecting spatial and temporal variability in grassland systems, including changes
driven by management and environmental factors However, remote sensing
products often indirectly estimate biomass, and their interpretation can be
influenced by various factors (Reinermann et al. 2020; Peng et al. 2023; 2024;
Persson et al. 2024). Combined with field measurements and meteorological
analyses, remote sensing methods can enable a more comprehensive
understanding of yield variability within and between fields.

This thesis is implemented in a larger project dedicated to understanding yield
variabilities in Swedish ley fields. The project is run under the name
“GadslingsOptimering i Vall: Detecting the causes of variability in ley fields to
increase the efficiency of fertiliser management” and comprises the collaboration
between the Department of Crop Production Ecology at SLU, Lantménnen, Yara
and DataVixt. Several Swedish study sites have been chosen to be examined in
regard to this topic.
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1.2 Objectives

The objectives of this thesis were to analyse estimated yield variability as a
function of soil properties, including textural and chemical composition, optical
satellite-derived indices, meteorological data and Digital Elevation Model (DEM).
This exploration aims to assess whether expected high- and low-yield zones
exhibited different biophysical characteristics and whether these differences could
be explained by any of the investigated factors.

This thesis is structured as follows: First, the theoretical background introduces
the main concepts underlying yield variability, remote sensing indices, soil and
topography influences and meteorological analysis. The Materials and Methods
section then describes the study sites, field sampling design, laboratory analyses,
satellite data processing, meteorological data and DEM-derived terrain variables.
The Results section presents the estimated yields and evaluates differences
between expected high- and low-yield zones using spectral indices, soil
properties, topographic indices and meteorological conditions. Finally, in the
discussion section, these findings are interpreted in relation to the classification of
yield zones, the explanatory value of the different datasets and the limitations of
the study.

1.3 Theoretical Background

Ley agriculture is a major sector in Sweden. Leys are commonly used for forage
production and grazing and are often included in crop rotations with cereals and
oil crops. They account for almost half of the country’s cultivated agricultural
area (Meurer et al. 2019). Ley seed mixtures are commonly used to increase yield
stability, as different species vary in their strengths, limitations and responses to
environmental conditions with timothy (Phleum pratense L.) and meadow fescue
(Festuca pratensis L.) being the main grass species (Huss-Danell et al. 2007;
Parsons et al. 2024). In Sweden, ley management usually involves three or more
harvests per growing season, also in higher latitudes. Harvest strategies are
complex and need to consider several factors, such as region of cultivation, plant
species and plant maturity, as well as harvest timing and frequency. However,
within a given site and growing season, earlier harvests, generally produce forage
with higher crude protein concentration, lower fibre content and higher
digestibility. Leys grown for forage production generally require fertilisation to
maintain sufficient productivity. In Swedish ley systems, nitrogen, phosphorus
and potassium are the main nutrients considered in fertilisation management.
Nitrogen is particularly important for grass-dominated leys. Other nutrients, such
as sulphur, magnesium and boron, may also be relevant depending on soil
conditions, species composition and nutrient imbalances. Furthermore, the type of
fertiliser can influence both nutrient availability and ley response (Parsons et al.
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2024). Mineral fertilisers generally provide more directly plant-available nutrients
in the short-term, whereas fertilisation with manure may maintain higher long-
term levels of soil carbon, nitrogen and microbial activity in ley fields (Shi et al.
2022).

Under favourable growing conditions, such as under adequate nutrient and
water availability, nitrogen can be taken up quickly by the crop. However, when
ley-growth is limited, unused nitrogen may be lost to the environment (Van ’T
Hull et al. 2025). Nitrogen losses from agriculture can have various negative
impacts on human health and the environment, such as through eutrophication,
ammonia emissions into the atmosphere or nitrate contamination in drinking
water (Cameron et al. 2013; Johnson et al. 2024). Therefore, efficient fertilisation
management is important to reduce nutrient losses and limit environmental and
potential health impacts.

Spatial yield variability in ley fields results, among others, from interactions
between plant growth, soil conditions, water availability, topography and weather.
Differences in soil texture, organic matter, pH and nutrient availability can
influence water retention, nutrient uptake and root development, thereby affecting
biomass production (Brady & Weil 2016; Habib-ur-Rahman et al. 2022). At the
same time, topographic variation and soil properties may govern local water
distribution. Depressions may show higher soil moisture content, due to water
accumulation from areas of higher elevation, and due to the accumulation of
sediments from eroded soils from higher elevation, soil properties may be more
beneficial for crop growth (Habib-ur-Rahman et al. 2022). Studies on corn and
soybean, for example, have shown higher within-field biomass in topographic
depressions due to favourable hydrological and soil-related conditions in these
areas (Kravchenko & Bullock 2000; Beehler et al. 2017). However, while
topography may contribute to within-field yield variability, its effect is strongly
context dependent. Kravchenko et al. (2003), for example, found that other
factors, such as precipitation or soil organic matter, can impact the effect of
topography on yield variability.

To obtain and analyse topographic information, digital elevation models
(DEMs) are commonly used. DEMs can be derived from different data sources,
including light detection and ranging (LiDAR), aerial photogrammetry, stereo
satellite imagery and radar-based methods such as interferometry. DEMs are
usually a raster dataset, meaning it is made of pixels. A raster dataset contains a
grid of pixels with each cell or pixel containing one or multiple values. In the case
of a DEM, each pixel represents an elevation value, thereby creating a digital
representation of the land surface topography (Florinsky 2016).

Satellite remote sensing uses sensors to measure electromagnetic radiation
reflected from the Earth’s surface. In optical remote sensing, this mainly refers to
reflected solar radiation in the visible, near-infrared and shortwave-infrared parts
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of the electromagnetic spectrum. These measurements are commonly expressed as
surface reflectance. Since vegetation, soil, water and other land-cover types
absorb and reflect radiation differently across the electromagnetic spectrum,
satellite reflectance data can be used to assess surface properties (Horning 2019).
The satellite images used in this thesis were obtained from the Sentinel-2 mission,
launched by the European Space Agency in 2015. Sentinel-2 is an Earth
observation mission consisting of polar-orbiting satellites. The mission was
designed as a constellation of two satellites, phased at 180° to each other,
providing a revisit time or temporal resolution of approximately five days at the
equator. The Sentinel-2 satellites carry multispectral sensors, which record
reflected radiation in 13 spectral bands from the visible to the shortwave-infrared
region. These bands have different spatial resolutions, with four bands at 10 m,
six bands at 20 m and three bands at 60 m spatial resolution (European Space
Agency 2024). Spatial resolution describes the ground area represented by the
smallest image unit, usually a pixel (Zhang & Li 2023). Smaller pixel sizes
therefore correspond to higher spatial resolution and allow smaller-scale spatial
variation to be captured. Each spectral band records reflectance within a specific
wavelength range of the electromagnetic spectrum. Spectral resolution describes
the ability of a sensor to distinguish between different wavelength regions and is
determined by the number and width of its spectral bands (Pradham et al. 2008).
Sensors with higher spectral resolution can capture more detailed differences in
spectral information. In agricultural applications, this combination of repeated
freely available observations, multiple spectral bands and relatively high spatial
resolution makes Sentinel-2 satellites suitable for monitoring vegetation patterns
and changes across fields and landscapes.

Remote sensing indices (i.e. mathematical combinations of reflectance values
at different wavelengths) provide an indirect measure of vegetation properties
because plant canopies interact with incoming radiation in characteristic ways.
Healthy vegetation strongly absorbs red radiation through chlorophyll and reflects
near-infrared radiation due to canopy structure, forming the basis for indices such
as the Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation
Index (EVI). Both regions, the near-infrared and red-spectral region, account for
around 90% of vegetation information (Tucker 1979; Huete et al. 2002; Li et al.
2021). Red-edge indices, such as the Normalized Difference Red Edge index
(NDRE), are more sensitive to chlorophyll-related variation and may remain
informative under denser vegetation conditions (Gitelson et al. 2003; Delegido et
al. 2011). Moisture-related indices such as the Normalized Difference Moisture
Index (NDMI) use shortwave infrared reflectance, which is influenced by
vegetation water content (Gao 1996). Soil-related indices such as the Bare Soil
Index (BSI) are based on the contrast between the spectral reflectance
characteristics of bare soil and vegetation. While vegetation strongly absorbs red
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radiation and reflects near-infrared radiation, bare soil exhibits relatively higher
reflectance in the red and shortwave infrared regions (Mzid et al. 2021). Together,
these indices can provide complementary information on vegetation biomass,
chlorophyll status, bare soil presence and water-related stress.
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2. Method and Materials

2.1 Study Sites

The study sites were selected across Sweden to diversify the climatic and farming
practices variabilities from south to north: Varberg, Limmared, Tumba and
Robacksdalen (RBD).

Figure 1 illustrates (a) the locations of study sites in Sweden together with the
Koppen-Geiger climate classification and (b) field delineations with sampling
points classified as expected high- or low-yield zones (further explanation can be
found in the Ground Truth Measurements section).

Climate

According to the K&ppen-Geiger climatic classification, illustrated in Figure 1,
the selected farms in Limmared and Tumba are classified as having a warm-
summer humid continental climate (Dfb), characterized by warm to hot summers
and freezing winters. Precipitation can have drier and wetter periods but is usually
distributed throughout the year. The Rébicksdalen study site is located at the edge
between warm-summer humid continental (Dfb) and subarctic climate (Dfc). A
subarctic climate is characterized by short, cool summers and long, cold winters.
Precipitation is spread through the year, generally scarce and mostly occurring
during summer months. Finally, Varberg falls under the temperate oceanic
climate (Cfb). This climate is characterized by warm summers, mild winters and a
narrow annual temperature range. Frequent and moderate precipitation is common
(Beck et al. 2023).

According to the Swedish Meteorological and Hydrological Institute (SMHI)
report from 2024, the annual average temperatures for 1991-2020 for the weather
stations closest to the study sites were: 8.3 °C (Varberg for Varberg), 6.8 °C
(Ulricehamn for Limmared), 6.5 °C (Tullinge for Tumba) and 3.9 °C (Umea
Flygplats for Robacksdalen). The annual cumulative gauged precipitation for
1991-2020 was: 853.3 mm (Varberg for Varberg), 942.9 mm (Kindsboda for
Limmared; 1993-2020), 575.6 mm (Tullinge for Tumba) and 634.7 mm
(Robécksdalen for Robacksdalen). Due to inconsistencies in data availability
across meteorological stations, the nearest available stations differed between
temperature and precipitation datasets in some cases (SMHI 2024).

Management

Availability of management data was variable and partly incomplete across the
study sites. For Varberg, records showed fertilisation with cattle manure and a
nitrogen fertiliser NS 27-4 (27% nitrogen and circa 4% sulphur) in 2023, as well
as at least two recorded harvests. In Limmared, field 23A was fertilised at least
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twice in 2023, whereas field 12B was fertilised at least once; no harvest records
were available for these fields. In Robicksdalen, both fields were fertilised twice
with YaraLiva Kalksalpeter (60% nitrogen, 0 % phosphorus and potassium) and
twice with liquid manure in 2025. For Tumba, no management records were
available.

Although the available management information was incomplete, the recorded
fertilisation and harvest activities indicate that the studied ley fields were
managed as production-oriented forage systems. Based on the available records
and the general management context of the project, the fields were assumed to
represent relatively intensively managed ley systems, characterised by fertilisation
and multiple cuts per growing season.
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Figure 1: (a) Location of the selected study sites with Koppen-Geiger climate classifications (Beck et al. 2023). (b) Field delineations for selected study sites together with sampling points
classified as expected high- or low-yield zone.
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2.2 Data Collection

2.2.1 Ground Truth Measurements

The sampling was conducted prior to this thesis, and the author was not involved
in the field sampling work. Sampling locations were pre-selected based on a time
series of the Normalized Difference Vegetation Index (NDVI), derived from
Sentinel-2 optical satellite data. Low- and high-yield areas were defined using
median NDVI values calculated for the growing-season period from 15 May to
the end of August in both 2023 and 2024.

For each farm, two fields were selected with four pixels of 10 x 10 m per field:
two pixels with expected high yield (dark green circles in Figure 2) and two pixels
with expected low yield (light green circles in Figure 2). This resulted in 8
sampling pixels per farm. Each sampling point corresponded to the centre of a
Sentinel-2 pixel. The sampling occasions were planned to be just before the
second harvest of the ley fields. In Robécksdalen, an additional sampling
campaign was also performed before the third harvest. Field work was conducted
around solar noon (* 2 hours) to ensure optimal illumination and consistency of
measurements. In addition, field work was conducted shortly before the second

® Soil sample
® Center of pixel
# Yara-N sensor measurement

[(Josx05m quadrat
() Low production area

@ High production area

Figure 2: Sampling scheme developed for the sampling protocol. Two low-yield and two
high-yield areas were selected per field. Within each area, ten soil samples were
collected, along with vegetation samples from three quadrats per sampling area. Yara N-
sensor measurements were taken from multiple angles around the quadrats (source:
Gadslingsoptimering i Vall project).
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harvest of the ley fields, apart from Robédcksdalen where samples were also taken
before the third harvest.

The centre of each pixel was marked using an RTK Emlid GPS sensor
providing spatial positioning with centimetric accuracy. Within the pixel, three
metallic quadrats of 50 x 50 cm were placed at less than 5 m radius of the centre
(Figure 2). The botanical composition was visually estimated for the vegetation
within each quadrat. Ley fields were dominated by grasses, which covered 60 -
97% of the quadrat surface, while white and red clover covered 1 - 40%.

For dry matter estimation, the vegetation within the quadrat was cut at
approximately 8 cm height. The wet weight of the samples was measured. The
samples were dried at 60°C for 48 hours. Dry weights were subsequently
measured, and samples were sent to the laboratory for chemical plant composition
analysis. Chemical plant composition was not considered for this thesis.

For soil analysis, for each pixel, a composite sample was collected in 10
different locations, dotted in red in Figure 2, at 20 cm depth. The combined
samples were sent to a laboratory for standard chemical and textural analysis.
Additionally, the Nitrogen content around the quadrats was quantified using Yara-
N sensors. These measurements will not be considered for this thesis.

Yield Data

Yield data were computed from the weights of vegetation samples. For each pixel,
the dry weights (DW, g) of the vegetation samples were averaged to obtain the
average DW (g) per pixel, and this value was subsequently converted to an
expected point-based yield (kg ha!). The yield (Y, kg ha!) was calculated
according to the following equation:
_ average DW
~ 1000 - 0.25

This conversion accounted for the sampling area (0.25 m?) and the
transformation from grams to kilograms and from square metres to hectares. The

x 10000

range of yield values per farm was: Varberg before second harvest (2160 — 2880
kg ha'!), Limmared before second harvest (1507 — 3227 kg ha!), Tumba before
second harvest (1591 — 2616 kg ha!), Robicksdalen before second harvest (2368
— 3202 kg ha'') and Robécksdalen before third harvest (3418 — 4625 kg ha™!).

Soil Properties

Soil samples collected at each pixel were analysed by a commercial laboratory.
The following properties were determined: soil pH, plant-available phosphorus
(P-AL, mg 100 g!), plant-available potassium (K-Al, mg 100 g'!), plant-available
magnesium (Mg-Al, mg 100 g*!), calcium (Ca-Al, mg 100 g!), aluminium (Al-Al,
mg 100 g, iron (Fe-Al, mg 100 g!) and acid-extractable nutrients including
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potassium (K-HCI, mg 100 g!), phosphorus (P-HCI, mg 100 g-") and copper (Cu-
HCI, mg kg™).

In addition, soil texture was assessed, including, clay, silt and sand content
with humus (%).

2.2.2 Sentinel-2 Satellite Data

Satellite data used in this study were obtained from the European Space Agency
Sentinel-2 mission. Sentinel-2 (S-2) satellites provide multispectral imagery with
a spatial resolution of 10-60 m and a revisit time of approximately 5 days,
covering a wavelength spectrum between 443 nm and 2202 nm. For this study, S-
2 Level-2A surface reflectance data, processed using Google Earth Engine (GEE),
were used, which had been atmospherically corrected. The use of GEE allows
efficient satellite data filtering and spectral indices calculation without the
requirement of image downloads, consequently, the requirement of data storage
space. The S-2 collection “Harmonized Sentinel-2 MSI: MultiSpectral Instrument,
Level-24 (SR)” was used (European Union/ESA/Copernicus 2021). The analysis
focused on spectral bands in the visible, near-infrared (NIR), red-edge, and
shortwave infrared (SWIR) regions, which are relevant for vegetation, soil and
moisture indices. Specifically, bands B2 (blue, 493 nm), B3 (green, 560 nm), B4
(red, 665 nm), B5 and B7 (red-edge, 704 and 783 nm, respectively), B8 (NIR, 833
nm) and B11 (SWIR, 1614 nm) were utilised (European Space Agency 2024;
2025).

The used S-2 images were selected to be temporally as close as possible to the
field sampling dates (see Table 1). Images were filtered by location, time and with
the condition of cloudy pixel percentage < 20%. Finally, additional manual
filtering of the images was done to avoid that less than 20% of cloudy pixels
cover the study sites.

Table 1: Sampling and S-2 image acquisition dates, as well as the number of selected S-2
images per farm.

Sampling date S-2 Image date | Number of selected
Farm Name (DD.MM.YY) (DD.MM.YY) S-2 images
Varberg 23.06.25 19.06.25 2
Limmared 12.06.25 20.05.25 3
Tumba 23.06.25 13.06.25 2
Robacksdalen
(before 2nd
harvest) 11.07.25 09.07.25 2
Robacksdalen
(before 3rd
harvest) 27.08.25 13.08.25 1
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2.2.3 Meteorological Data

Meteorological data (temperature and precipitation) were obtained from the
Swedish Meteorological and Hydrological Institute (SMHI 2025). The data
provided were generated using the Precipitation Temperature Hydrologiska
Byrdns Vattenmodell (PTHBV; translated as Hydrological Bureau Water Balance
Model) model, which was applied at a grid-scale of 4 x 4 km. A geostatistical
interpolation method is used by SMHI to calculate grid data based on, among
other factors, data from nearest weather stations. Further info about the
interpolation techniques used can be found in Johansson (2000); Alexandersson
(2003); Johansson & Chen (2003; 2005).

In this study, the temperature and precipitation data used were from 01 March
to 31 October for the year 2025 and masked to the individual farms. Raster values
were extracted for each farm polygon, considering only pixels intersecting the
farm boundaries. For farms spanning multiple grid cells, values were averaged
across the corresponding pixels.

2.3 Spectral Indices

Vegetation-related indices

Vegetation-related indices play a crucial role in understanding the composition
and dynamics of vegetation. In this work, several indices were selected to better
understand yield dynamics. One of the most widely used indices is the
Normalized Difference Vegetation Index (NDVI) (Huete et al. 2002; Delegido et
al. 2011). The NDVI was first proposed by Rouse et al. 1973:

PNIR — Pred
PNIR T Pred

NDVI =

Where py;r and p;..4 correspond to spectral reflectance in the near-infrared (S-
2-B8, 842 nm) and red (S-2-B4, 665 nm) bands, respectively.

NDVlI is a simple and widely used index for estimating vegetation greenness
and serves as an indicator of vegetation growth. However, NDVI is limited by its
sensitivity to atmospheric conditions and soil background effects, as well as by
influences from canopy structure. Additionally, it tends to saturate at high
biomass levels and exhibits nonlinear behaviour (Van Der Meer et al. 2001;
Huang et al. 2021; Huete et al. 2002). To alleviate some of the problems of NDVI,
the Enhanced Vegetation Index (EVI) was chosen, which was first proposed by
Huete et al. (2002):

PNIR — Pred

EVI =G -
Pnir + C1 - Prea — C2 " Ppiue + L
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Where G = 2.5 is the gain factor, C; = 6, C, = 7.5 are coefficients of the
aerosol resistance term and L = 1 is the canopy background adjustment. pp ;e
corresponds to the reflectance in the blue band (S-2-B2, 490 nm). The reflectance
values of the used S-2 images were scaled by a factor of 0.0001 to convert
integer-based Sentinel-2 data to physically meaningful reflectance values (0-1).
EVI is optimized to enhance the vegetation signals in high biomass regions while
improving its sensitivity to atmospheric influences and canopy background effects
(Vélez et al. 2023).

The Normalized Difference Red Edge index (NDRE) was used as a proxy for
vegetation chlorophyll content:

PNnIR — PRE
Pnir + PRE

Where py g and pgp correspond to the near-infrared (S-2-B8A, 865 nm) and
red edge bands reflectance (S-2-B5; NDRE (B5) or S-2-B7; NDRE (B7),
corresponding to 705 and 783 nm, respectively). The red edge band information is

NDRE =

highly sensitive to chlorophyll content in plants, even in dense vegetation.
Therefore, NDRE is suitable for detection of subtle variations under dense
vegetation cover (Gitelson et al. 2003; V¢élez et al. 2023).

The Normalized Difference Moisture Index (NDMI) first proposed by Gao in
1996, is used as a proxy for vegetation water content. NDMI and the following
NDWI are sometimes used interchangeably in the literature; for this thesis,
indices were defined as follows.

NDMI = PNniR — Pswir

PniR T Pswir
Where py;r and psyr correspond to the reflectance in the near-infrared (S-2-
B8, 842 nm) and shortwave infrared (S-2-B11, 1610 nm) bands. pgyr 18
strongly influenced by leaf water content due to high absorption of radiation by
liquid water, while near-infrared reflectance (py;z) is primarily controlled by leaf
structure (Gao 1996).

Open-water related indices

The Normalized Difference Water Index (NDWI) was first proposed by
McFeeters in 1996, and used to detect open water features:
Pgreen — PNIR

NDWI =
pgreen + PNIR

Where pgreen 18 the reflectance measurement in the green (S-2-B3, 560 nm)
band. py;r corresponds to S-2-B8, 842 nm. The index takes advantage of the low
reflectance in the NIR range and the high reflectance in the green band for water
bodies (McFeeters 1996).
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Soil-related indices

To separate bare soil from vegetation, the Bare Soil Index (BSI) was calculated
using this equation:

_ (Pswir t Prea) — (Pnir T Pbiue)

~ (pswir + Prea) + (Pnir + Phiue)

Where psyir, Pnirs Prea a0d ppre are the reflectance measurements in the

shortwave infrared (S-2-B11, 1610 nm), near-infrared (S-2-B8, 842 nm), blue (S-
2-B2, 490 nm) and red bands (S-2-B4, 665 nm), respectively (Mzid et al. 2021).

BSI

2.4 Digital Elevation Model (DEM)

Digital elevation data was obtained from Lantmiteriet, the Swedish governmental
authority responsible for mapping, geospatial data and land registration. The
spatial resolution of the downloaded terrain model (“Markhdjdmodell”) was 1 x 1
m, above-ground objects such as vegetation and buildings had already been
removed (Lantméteriet 2026). Using the DEM, two topographical indices were
computed: the Topographic Wetness Index and the Topographic Position Index.

Topographic Wetness Index (TWI)

The Topographic Wetness Index (TWI) was calculated using the SAGA (ver.
9.11.3) implementation in QGIS (ver. 3.44.9), which derives TWI from the local
slope (PB) in radians and the specific catchment area (SCA) according to the basic
TWI formula:

SCA

TWI = I

)

The index originates from TOPMODEL, a hydrological model, and expresses
the tendency of a location to accumulate water as a function of upslope
contributing area and slope gradient (Beven & Kirkby 1979). Higher TWI values
indicate areas with greater potential for soil moisture accumulation, while lower
values generally indicate drier, more draining locations. The use of DEM-derived
terrain attributes for hydrological and environmental applications is further
described by Moore et al. (1991), while the SAGA implementation follows
methods described by Bohner & Selige (2006).

For the calculation of the Topographic Wetness Index (TWI), a 100 m buffer
was first created around each field and applied to the digital elevation model
(DEM) in order to reduce edge effects in subsequent flow accumulation analyses.
To prepare the DEM for hydrologic analysis, surface depressions (sinks) were
filled using the QGIS implementation of the Wang & Liu (2006) algorithm that
can jointly determine flow paths and the spatial partition of watersheds.
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Slope was derived from the processed DEM using the SAGA algorithm “Slope,
Aspect, Curvature”, applying the 9-parameter second-order polynomial method
(Zevenbergen & Thorne 1987). The upslope contributing area (catchment area)
was calculated using the SAGA “Flow Accumulation (Top-Down)” algorithm
with the multiple flow direction method.

The resulting slope and specific catchment area layers were then combined to
compute the Topographic Wetness Index using the SAGA “Topographic Wetness
Index (TWI)” algorithm with default settings (i.e. no area conversion, no
transmissivity variable and the TWI formula, as mentioned above, as method).

Topographic Position Index (TPI)

The Topographic Position Index (TPI) is a terrain-based metric that describes the
relative elevation of a location compared to its surrounding neighbourhood. It is
calculated as the difference between the elevation of a cell and the mean elevation
of surrounding cells, allowing the identification of landscape positions such as
ridges, slopes and valleys. Positive TPI values indicate locations that are higher
than their surroundings, negative values indicate lower-lying positions and values
close to zero indicate relatively flat areas (Weiss 2001).

For the calculation of the TPI, the DEM with the 100 m field buffer was used
as input to the SAGA algorithm “Topographic Position Index (TPI)”. In contrast
to the TWI calculation, sink filling was not applied. The neighbourhood radius,
also referred to as bandwidth in SAGA, was set to 50 m.

2.5 Data Processing and Statistical Analysis

Data processing and visualisation were mainly performed in RStudio (ver. 4.6.0)
using R. For estimated yields, vegetation samples (see Yield Data) were averaged
for each sampling location, resulting in 4 vegetation data points per field, 2 for
each expected yield zone (high or low). Estimated yields were then calculated
using the previously mentioned equation (see Yield Data) for each vegetation data
point. Field estimated yields were calculated by averaging all 4 estimated yield
data points. When distinguishing between high- and low-yield zones, averages
were calculated for each of the 2 high- and low-yield zones per field. Farm-level
yield estimates were calculated the same way, but by averaging all available
vegetation sampling points within each farm rather than within individual fields.

The same approach of averaging between high- and low-yield sampling
locations was used for the Soil Analysis section.

Field-level spectral index values were averaged over the whole field,
considering all index values within a field. When low- and high-yield zones were
considered, index values were averaged only for the corresponding sampling
locations and the expected yield zone (high or low).
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Within-field differences between high- and low-yield zones were calculated by
subtracting the low zone average from the high zone average for both estimated
yield and spectral index. Positive values therefore indicate higher values in the
high-yield areas compared to the low-yield areas. On the other hand, negative
values indicate higher values in the low-yield areas than in the high-yield areas.
Values close to 0 indicate that differences between high (low) areas are minor.

Pearson correlation coefficients were calculated to assess linear relationships
between estimated yield and spectral index values. Calculations were performed
in Microsoft Excel (ver. 2604) using the PEARSON function. Correlations were
calculated for the field averages (not considering yield zones) and, separately, for
high- and low-yield zone averages. The Pearson correlation coefficient (r) was
used to describe the strength and direction of the relationship. A correlation
coefficient ranges from -1 to +1. Values between 0 and +1 indicate a positive
correlation, with values closer to +1 indicating a stronger positive relationship.
Values between -1 and 0 indicate a negative correlation, with values closer to -1
indicating a stronger negative relationship. Values close to 0 indicate little or no
linear correlation. Furthermore, to assess statistical significance, the number of
paired observations (n) was used to calculate the degrees of freedom as n - 2. The
t-statistic was then derived using the equation:

r-vn—2
v1-—r?
Finally, two-tailed p-values were calculated with the TDIST function using the

t-statistic and the corresponding degrees of freedom. Correlations were considered
statistically significant at p < 0.05.

t =
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Estimated Yield (kg ha™)

3. Results

3.1 Estimated Yields

Figure 3 illustrates the estimated yield during the sampling year 2025 in the four
selected farms: Limmared, Varberg, Robicksdalen (RBD) and Tumba. Points are
coloured according to farm and shaped according to the expected yield zone (high
and low) at the initial selection. Individual sampling points are visualised together
with expected yield zone means. Error bars represent the standard deviation of
samples around the mean. The highest yields were observed before the third
harvest in RBD, exceeding 4000 kg ha ! in field 12. The lowest yields were
observed in Limmared, field 23A, varying between 1507 and 2773 kg ha .

The average yield per farm, regardless of yield zones, was lowest for Tumba
(2040.67 kg ha™), followed by Limmared (2212.33 kg ha!), Varberg (2526.67 kg
ha'!), Robicksdalen before second harvest (2747.05 kg ha™') and Rébécksdalen
before third harvest (3922.35 kg ha™!).

According to Figure 3, most of the expected high (low) yield zones, initially
identified using Sentinel-2 images, are overlapping with high (low) yields in
2025.

4000 Farm
Limmared
RBD (2nqd)

RBD (3rd)
b4 Tumba
3000 Varberg
{ % X Expected
i High/Low
Zones
% X High
. ® Low
([ ]
L ]
1000 ) T £y T
I oF N R N N of o G o
v ) & & & & & ) & o
& & & & & L) & &S ‘&\% &
& & 9 o ) 9 § P & &
o 5 & & & & < 3 X

Y Y
Field
black « = mean value for low-yield zones, black X = mean value for high-yield zones, black error bars show mean + standard deviation.

Figure 3: Scatterplot of estimated individual and average dry matter yields (kg ha™') by field
and expected yield-zone. Coloured symbols represent individual samples and black symbols
show zone-specific mean values; error bars indicate the standard deviation around the mean.
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Notable exceptions were observed in Varberg 85A, where the expected low-
yield zone exceeded the high-yield zone. A similar, though less pronounced,
pattern was found in Robédcksdalen 14 (before the second harvest).

Within-field yield variability between high and low zones differed substantially
between sites. While some fields exhibited a strong yield difference between high-
and low-yield zones, others showed only minor differences. This suggests that the
classification of yield zones was more effective in some fields than in others.

The largest within-field yield difference between high- and low zones was
recorded in Limmared 12B, where the high-yield zones exhibited an 84% higher
average yield compared to the low-yield zones. The smallest within-field
difference was recorded in Robécksdalen 14 (before the third harvest), where high
yield-zone average yields were only 2% higher than the low yield-zone
counterparts.

The largest yield variability in expected high-yield zones was observed in
Robicksdalen 12 before the third harvest (3842 — 4625 kg ha™!') and Limmared
23A (2013 — 2773 kg ha'!). On the other hand, the smallest yield variability in
these zones was observed in Limmared 12B (3174 — 3227 kg ha'!) and Varberg
84A (2680 — 2760 kg ha'').

The largest yield variability in expected low-yield zones was observed in
Robicksdalen 12 before the third harvest (3418 — 4133 kg ha'!), Varberg 85A
(2373 — 2880 kg ha'') and Tumba 73A (1591 — 2075 kg ha'!). On the contrary, the
smallest yield variability in the low-yield zone was found in Limmared 23A (1507
— 1547 kg ha'') and Tumba 329A (1685 — 1715 kg ha'!).

3.2 Spectral Indices

A visual representation of the indices for one selected farm (Limmared), namely
NDVI, EVI, NDRE (BS5), NDRE (B7), NDWI, NDMI and BSI, can be seen in
Figure 4.

In Figure 5, the calculated spectral indices, using Sentinel-2 data averaged per
field, are illustrated. Pearson correlation analysis between mean estimated yield
and mean spectral index values showed positive correlation coefficients (r) for
NDVI, EVI, NDRE (B5) and NDMI. The strongest positive relationship was
observed for NDMI (r = 0.53, p = 0.24), followed by NDVI (r = 0.49, p = 0.15)
and EVI (r = 0.41, p = 0.24). NDRE (B5) showed the weakest positive
relationship (r = 0.18, p = 0.62). On the other hand, NDRE (B7), NDWI and BSI
showed negative correlations with increasing yields with BSI (r =-0.52, p =0.13)
and NDRE (B7) (r =-0.50, p = 0.15) displaying the strongest negative
correlations, followed by NDWI (r = -0.34, p = 0.34). Farms with the lowest
estimated yields (Limmared and Tumba) were characterized by the lowest index
values for NDVI, EVI, NDRE (B5) and NDMI. The opposite is visible for indices
NDRE (B7), NDWI and BSI. The difference in index values within a farm was
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most noticeable for Limmared for all indices. The smallest difference was seen in
Robécksdalen (before third harvest) and Varberg, apart from higher differences
for EVI, suggesting higher sensitivity for this index. Varberg achieved among the
highest positive values for NDVI, EVI, NDRE (B5) and NDMI, while not having
the highest estimated yield. Robicksdalen (before the third harvest), on the other
hand, showed noticeably lower index values for the same indices while achieving
the highest estimated yield values.

In Figure 6, the calculated spectral indices, averaged for each high (low) yield
zone per field, were illustrated over the sampled farms. When distinguishing low-
and high-yield zones (Figure 6), high-yield zones were not consistently associated
with higher vegetation index values or with lower values in the case of NDRE
(B7), NDWI and BSI. In the low-yield zones, Pearson correlation analysis showed
the strongest and statistically significant correlation (p < 0.05) for NDVI (r = 0.73,
p = 0.02). The weakest positive correlation was observed for NDRE (BS) (r= 0.4,
p = 0.25). The strongest and weakest negative correlations were observed for BSI
(r=-0.52,p=0.12) and NDWI (r = -0.46, p = 0.18), respectively.

In the high-yield zones, NDMI (r = 0.26, p = 0.46) and EVI (r=0.16, p = 0.67)
marked the range for positive correlations, while BSI (r = -0.25, p = 0.48) and
NDRE (B5) (r=-0.01, p = 0.98) set the range for negative correlations. Indices in
low-yield zones generally showed stronger correlations to yields than high-yield
zones. In some fields, such as Limmared 12B and Tumba 329A for EVI,
differences between low- and high-yield zones were more clearly reflected in both
index values and estimated yield. For some farms, such as Varberg or
Robécksdalen (before third harvest), the index-yield-relation was generally much
more clustered and the variability between high- and low-yield zones was minor.

To make assessing differences between expected high- and low-yield areas
more approachable, a difference plot for indices and estimated yields per field was
created in Figure 7. Field 329A in Tumba revealed to be a strong outlier for most
of the indices, thus indicating that the difference between expected high- and low-
areas is rather high compared to other fields. Furthermore, Limmared 12B
represented a relatively high difference between indices and yields. NDRE (B7)
generally showed a much more dispersed pattern and with that a much higher
difference between the expected yield-zones than the other indices.

In summary, the indices most closely associated with estimated yield differed
depending on the spatial grouping considered. At the field level, NDMI showed
the strongest positive correlation with yield, followed by NDVI and EVI, while
BSI and NDRE (B7) showed the strongest negative correlations. When
considering high- and low-yield zones, NDVI showed the strongest and
statistically significant positive relationship with yield in the low-yield zones. In
contrast, high-yield zones showed generally weaker correlations. This suggests
that NDMI and NDVI were the most informative positive vegetation indices for
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this analysis, whereas BSI and NDRE (B7) captured inverse relationships with
yield. However, as most correlations were not statistically significant, these
results should not be interpreted as definitive evidence of index performance.
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Figure 4: Visual representation of indices for Limmared 12B (left) and Limmared 234 (right). Red and blue points indicate expected
high- and low- yield zones, respectively.
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3.3 Soil Analysis
3.3.1 Physical Properties & Humus

Figure 8 illustrates the distribution of soil texture (sand, silt and clay) and humus
content for each sampled field and expected yield zone. Individual sample values
are shown as coloured points, with colours indicating farms and point shapes
distinguishing expected high- and low-yield zones. Black symbols indicate the
mean value for each field and zone, while black error bars represent the variation
around the mean using the standard deviation.

The average soil humus content across yield zones was generally below 10%,
with the notable exception of field 12B in Limmared where the low-yield zones
exhibited a substantially higher mean humus content of 35.5%. Regarding soil
texture, the highest average silt contents were observed in Robédcksdalen (68% for
RBD before the second harvest and 71% for RBD before the third harvest),
followed by Tumba (50%), Varberg (41%) and Tumba (24%). Silt content usually
does not change over time, therefore Rébiacksdalen samples can be viewed as
replicates. In contrast, the highest sand contents (60%) were recorded in
Limmared, indicating a coarser soil texture in this area. Clay content was highest
in Tumba (23%), with particularly high variability observed in the low-yield
zones of field 73A (4-40%). Overall, low-yield zones exhibited greater variability
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Figure 8: Scatterplots of individual soil sample values for soil physical properties and
humus content by field and expected yield zone. Coloured symbols represent individual
samples and black symbols show zone-specific mean values; error bars indicate the
standard deviation around the mean.
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in soil texture parameters compared to high-yield zones, suggesting more
heterogeneous soil conditions in areas of expected reduced productivity.

3.3.2 Chemical Properties

Figure 9 illustrates soil chemical properties (pH, plant-available phosphorus (P-
AL, mg 100 g!), plant-available potassium (K- AL, mg 100 g!), plant-available
magnesium (Mg- AL, mg 100 g!), calcium (Ca- AL, mg 100 g'!), aluminium (Al-
AL, mg 100 g, iron (Fe- AL, mg 100 g!) and acid-extractable nutrients
including potassium (K-HCI, mg 100 g-"), phosphorus (P-HCI, mg 100 g'") and
copper (Cu-HCI, mg kg™ for each sampled field and expected yield zone.
Individual sample values are shown as coloured points, with colours indicating
farms and point shapes distinguishing expected high- and low-yield zones. Black
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Figure 9: Scatterplots of individual soil sample values for soil chemical properties by
field and expected yield zone. Coloured symbols represent individual samples and black
symbols show zone-specific mean values, error bars indicate the standard deviation
around the mean.
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symbols indicate the mean value for each field and zone, while black error bars
represent the variation around the mean using the standard deviation.

The average K/Mg ratio (absolute values ranging from 0.3 to 3.2) was
generally higher in low-yield zones (0.96) compared to high-yield zones (0.61),
indicating a relative imbalance between these nutrients under expected lower
productivity conditions. The variability in the low-yield zones of Tumba 73A was
high.

Cu-HCl levels were generally below 25 mg kg™, with higher average values
mainly observed in the low-yield zones of Limmared 12B (36 mg kg!), Tumba
73A (25.1 mg kg!) and Tumba 329A (29.1 mg kg'!). Tumba 73A was an
exception, showing particularly high Cu-HCI (42.5 mg kg™!) also in the high-yield
zone. Variability was greatest in Limmared 12B and the Tumba fields.

Fe-AL levels were highest in the Robédcksdalen fields compared to the other
farms, with low-yield zones (172.25 mg 100 g'") generally showing higher
average Fe-AL concentrations than high-yield zones (126 mg 100 g*"). The lowest
Fe-AL levels were recorded in Limmared 23A (17 mg 100 g!). Variability was
highest in the low-yield zone of Limmared 12B.

Plant-available Phosphorus (P-AL) levels were highest in the high-yield zones
of Limmared 23A (22.75 mg 100 g™!). This stood out as the other Limmared fields
showed comparatively low P-levels, as did Varberg 85A.

Average Aluminium (AI-AL) concentrations were elevated in Limmared (104
mg 100 g, particularly in field 12B (160 mg 100 g!), whereas Al-levels in the
other fields remained comparatively low, suggesting generally favourable
conditions outside this site. In Limmared 12B, this pattern coincided with
relatively low pH values (< 5.5), which may have contributed to increased
aluminium availability.

The Tumba fields were characterised by a high degree of variability, especially
within low-yield zones, which showed across multiple parameters (especially for
pH, K-Al Mg-Al, Cu-HCl, K-HCI). Overall, low-yield zones tended to show
greater heterogeneity in soil chemical properties compared to high-yield zones.
From the measured values, usually only K-AL and pH tend to change seasonally.

3.4 Meteorological Analysis

Meteorological data for 2025 from March to end of October were plotted in
Figure 10. According to Figure 10, Varberg received the highest precipitation
(669 mm), followed by Limmared (519 mm) and Rébacksdalen (488 mm). Tumba
received the lowest precipitation quantity of 395 mm. The wettest months were
July, September and October for all farms. Temperature peaked in August, while
precipitation was rather low for most farms during that time. Observed cumulative
precipitation values for the same time interval in 2023 were: Varberg (908 mm),
Limmared (869 mm), Tumba (476 mm) and Robécksdalen (450 mm). In 2024,
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observed precipitation sums were: Varberg (811 mm), Limmared (720 mm),
Tumba (451 mm) and Robécksdalen (542 mm).

In the periods before sampling, Varberg and Limmared showed relatively high
precipitation amounts (189 and 139 mm, respectively), while Tumba showed
rather low precipitation (56 mm). On the other hand, R6bécksdalen showed a
rather balanced precipitation distribution before the sampling dates, with a
relatively strong increase in precipitation between the two sampling dates (77 %
increase). More specifically, most precipitation (91 mm) between the two
sampling dates occurred over a period of two weeks at the end of July and the
beginning of August. A second major precipitation event occurred in mid-August,
when 22 mm of precipitation fell over a three-day period. The precipitation sums
before sampling (starting in March) were: Varberg (189 mm), Limmared (139
mm), Tumba (56 mm), Rébacksdalen before second harvest (156 mm) and
Robacksdalen before third harvest (276 mm).

Mean daily temperature during the study period (March to end of October) was
found to be highest in Varberg (12.5 °C), followed by Tumba (11.6 °C),
Limmared (11.5 °C) and Rébécksdalen (9.6 °C). Temperature-wise, Varberg,
Limmared and Tumba proved to be similar to each other, while Robicksdalen
showed a lower mean temperature. Observed mean daily temperature for the same
time interval in 2023 were: Varberg (12 °C), Limmared (12.1 °C), Tumba (10.7
°C) and Robécksdalen (8.2 °C). In 2024, observed values were: Varberg (12.6
°C), Limmared (11.7 °C), Tumba (11.6 °C) and Rdébédcksdalen (9.1 °C).

Regarding temperature, all farms showed a similar temperature pattern, except
for generally lower temperature values for Robiacksdalen. Between the first and
second sampling dates for Robacksdalen, a temperature peak can be observed,
followed by a sharp drop. The daily mean temperature values before sampling
(starting in March) were: Varberg (9.7 °C), Limmared (8.2 °C), Tumba (8.4 °C),
Robacksdalen before second harvest (6.6 °C) and Robéacksdalen before third
harvest (9.5 °C). Daily mean temperature between first (11.07.) and second
(27.08.) sampling date at Robacksdalen was 17.5 °C.
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Figure 10: Subplot of monthly cumulative precipitation (histograms in blue), daily temperature (lines in red) and sampling dates, marked in orange,
with the corresponding statistical metrics (minimum, maximum and average) for precipitation and temperature for the period March — November in

2025.



3.5 Topographic Wetness Index (TWI) & Topographic
Position Index (TPI)

Figure 11 to Figure 13 illustrate the maps of the Topographic Wetness Index
(TWI) and the Topographic Position Index (TPI) for the sampled farms.

According to Figure 11, both Varberg (fields 84A and 85A) and Robacksdalen
(fields 12 and 14) TWI values highlighted areas of potential water accumulation
with higher values generally occurring in lower-lying parts of the fields. In
Robicksdalen, these wetter zones were more clearly structured along linear
depressions, whereas in Varberg the pattern appeared more heterogeneous and
less clearly defined. Robédcksdalen showed a more pronounced micro-topographic
structure with clearer ridges and furrows indicating drainage channels. On the
other hand, Varberg shows a smoother topographic gradient with less distinct
variation in field 85A. In field 84A, topography was shaped by a stronger
elevation gradient. The distribution of expected high- and low-yield zones did not
show a fully consistent relationship with either TWI or TPI. While some high-
yield points were located in areas of intermediate moisture conditions, both high-
and low-yield zones occurred across a range of TWI and TPI values. The within-
field ranges of the digital elevation model were: Varberg (84A; 10.85 — 32.65 m),
Varberg (85A; 6.21 — 12.39 m), Robdcksdalen (12; 4.2 — 6.22 m) and
Robacksdalen (14; 5.38 — 7.04 m).

In Limmared (Figure 12), fields were characterised by small elevation
differences with only minor depressions and elevated areas. The within-field
ranges of the DEM were 12B (160.52 — 165.81 m) and 23A (166.93 — 174.87 m).
High- and low-yield points occurred in both positive and negative TWI and TPI
areas, with a slight tendency for low-yield points to be in areas of high TWI for
Limmared 12B.

In Tumba, according to Figure 13, within-field DEM ranges were: 73A (14.49
—20.72 m) and 329A (41.1 — 60.01 m), indicating a stronger elevation gradient in
329A. Expected low-yield points appeared to be closer to a small stream located
south of the field 329A compared to high-yield points. In addition, field 329A
showed more of an undulating topography, compared to the rather flat field 73A.

For all fields, the TWI generated artefacts in the form of large areas of high
TWI values. These artefacts were probably caused by low differences in elevation
in most fields.
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Figure 11: TWI and TPI for Varberg (left) and Robdcksdalen (right). DEM ranges apply to visible buffers. Red and blue points apply to
corresponding expected yield zones. Higher values indicate higher moisture for TWI and higher elevation for TPI.
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Figure 12: TWI and TPI for Limmared 12B (left) and Limmared 234 (right). DEM ranges apply for visible buffers. Red and blue points apply to
corresponding expected yield zones. Higher values indicate higher moisture to TWI and higher elevation for TPI.

41




Expected
High/Low
Zones

Tumba 73A . G Ay L Tumba 329A
TWI TWI

15.64 17.34
0.96 1.27

TPI

21.95 ] — | 17.81
53 -6.09

DEM range (m) DEM range (m)
’ 4538 ’ 82.07

974 40.79

Figure 13: TWI and TPI for Tumba 734 (left) and Tumba 3294 (right). DEM ranges apply to visible buffers. Red and blue points apply to
corresponding expected yield zones. Higher values indicate higher moisture for TWI and higher elevation for TPI.
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4. Discussion & Conclusion

4.1 Evaluation of Expected High- and Low-Yield Zones

Overall, the NDVI-based pre-selection of expected high- and low-yield zones was
partly reflected in the field-based yield estimates. In most fields, the average
estimated yield was higher in the expected high-yield zones than in the expected
low-yield zones. This confirmation suggests that multi-year Sentinel-2 NDVI
medians can capture some persistent spatial differences in ley productivity.
However, the potential of this classification varied considerably across fields. The
Sentinel-2-based yield classification was confirmed at Limmared 12B, where
there was a clear difference between the estimated yields in high- and low-yield
zones. The potential of the NDVI classification was limited or even reversed in
fields such as Varberg 85A and Robéicksdalen 14 (before the second harvest;
Figure 3). In addition, before the third harvest, at R6backsdalen 14, the difference
between expected high- and low- yield zones was negligibly small. This indicates
that NDVI-based yield-zone classification can provide a useful starting point for
identifying spatial productivity patterns, but it does not consistently predict field-
measured biomass across all sites.

One possible explanation for this could be the fact that yield zones were
defined using median NDVI time series during the ley growth seasons (2023 and
2024), whereas field sampling for this thesis was conducted on a single date in
2025 (two dates at Robacksdalen). The yield zone-classification, therefore,
represents longer-term vegetation patterns rather than an exact biomass estimation
for a sampling date. Also, weather patterns differed between the years of yield-
zone selection (2023 & 2024) and the sampling year (2025). Most study sites
received lower amounts of precipitation during the study period in 2025 when
compared to the previous years. Temperature conditions were generally cooler in
2023 than in 2025 across all farms, whereas mean temperatures in 2024 were
similar to 2025 for most study sites. Robacksdalen showed a clearer warming
pattern, with 2025 being warmer than both previous years.

In addition, forage yields can vary considerably between growth cycles. Later
growth cycles may be associated with higher biomass accumulation, where
warmer temperatures, sufficient precipitation and longer or more favourable
regrowth conditions promote plant growth (Perotti et al. 2021). As a result, the
relative difference between expected high- and low-yield zones and the estimated
yields in 2025 may change during the growing season. A zone initially classified
as high-yield zone may not necessarily show higher biomass at an early sampling
date but may still express higher productivity later in the season. This pattern may
have been observed in Robicksdalen field 14 (Figure 3), where the expected high-
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yield zones (2551 kg ha™') showed a lower estimated yield than the low-yield
zones (2718 kg ha'!) before the second harvest, but a slightly higher estimated
yield before the third harvest (3880 kg ha™! in the high-yield zones and 3801 kg
ha™! in the low yield zones). Although this observation is based on a single field
and the exact vegetation sampling points may have varied between the two
sampling dates, it might suggest that growth-cycle effects and sampling timing
could partly explain why the NDVI-based classification was not consistently
reflected in the field-measured yields. However, this interpretation should be
treated cautiously, as the estimated yield differences were small and may partly
reflect random variation.

Another factor that may have led to irregular results may have been the scale of
classification and vegetation sampling. Classification was based on Sentinel-2
pixels of approximately 10 x 10 m?, whereas vegetation was collected from three
smaller quadrats (0.25 m?) within each pixel. If biomass varied substantially
within a pixel, the quadrat samples may not have fully represented the satellite-
derived yield-zone classification.

4.2 Explanatory Value of Satellite-Derived Spectral
Indices

When evaluating all farms together, NDVI, EVI, NDRE (B5) and NDMI
generally showed positive relationships with average estimated yield, whereas
NDRE (B7), NDWI and BSI showed negative relationships (Figure 5).

The overall positive linear relationship between estimated yield and NDVI, EVI,
NDRE (B5) and NDMI is physically plausible because these indices are, among
others, related to canopy greenness, chlorophyll status, vegetation structure or
vegetation water content (Gao 1996; Huete et al. 2002; Jones et al. 2007; Jiang et
al. 2008). However, the relationship between vegetation indices and dry matter
yield was not consistent across all sites. This highlights that spectral indices
should be interpreted as indicators of canopy reflectance properties rather than
direct measurements of harvested dry matter yield. Reflectance responses may be
influenced by various factors such as greenness, vegetation structure, water
content, chlorophyll status, botanical composition or growth stage, not only by
dry biomass (Garroutte et al. 2016; Perotti et al. 2021).

NDVI showed a narrower response range than EVI (Figure 5), which may
reflect its known tendency to saturate under dense or high-biomass vegetation
conditions. EVI was developed to improve sensitivity in high-biomass regions and
to reduce atmospheric and canopy-background effects compared with NDVI
(Huete et al. 2002). The more responsive behaviour of EVI in this study,
therefore, supports its usefulness for detecting canopy differences in densely
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vegetated ley fields, although EVI also did not consistently explain yield
differences across all farms.

The positive relationship between NDMI and estimated yield may indicate that
higher-yielding areas also had higher vegetation water content. This interpretation
is consistent with the formulation of NDMI, which uses near-infrared and
shortwave-infrared reflectance and is therefore sensitive to vegetation water-
related properties (Gao 1996). In addition, Subhashree et al. (2025) included
NDMI in a pasture biomass-yield prediction framework and found it to be among
the important vegetation-index predictors. However, NDMI should not be
interpreted as a direct biomass measure, but rather as a moisture-related spectral
indicator that may be associated with biomass under certain site and growth
conditions.

The negative relationship between NDWI and estimated yield (Figure 5) can be
explained by the formulation of the NDWI, which contrasts green and near-
infrared reflectance. Because dense, healthy vegetation typically reflects strongly
in the near-infrared region, vegetated surfaces can produce low or negative NDWI
values (McFeeters 1996). Consequently, areas with more developed vegetation
and higher biomass may show lower NDWI values. The observed negative
relationship between NDWI and yield should therefore be interpreted as a spectral
response of dense vegetation.

The negative relationship observed for NDRE (B7; Figure 5) should not
necessarily be interpreted as a direct physiological relationship in which higher
yield reduces red-edge response. Instead, it may reflect the spectral behaviour of
the specific band combination used. In contrast to NDRE (utilising S-2 BS5, 705
nm), NDRE (utilising S-2 B7, 783 nm) combines two bands that are both located
close to the near-infrared plateau. As a result, the index may be less sensitive to
chlorophyll-related absorption differences and more influenced by canopy
structure or site-specific reflectance conditions. This interpretation is supported by
Clevers & Gitelson (2013), who found that red-edge indices for canopy
chlorophyll and nitrogen estimation performed best when a near-infrared band
around 800 nm was combined with a denominator band in the 700-720 nm range,
corresponding more closely to Sentinel-2 B5 than to B7. Therefore, the stronger
and more interpretable relationship of NDRE (BS5), compared with the more
dispersed or negative behaviour of NDRE (B7), may be related to the lower
chlorophyll sensitivity of the BSA-B7 combination.

The negative relationship between BSI and estimated yield is also physically
plausible because BSI enhances the spectral contrast between bare soil and
vegetation. Bare or sparsely vegetated surfaces tend to show relatively high red
and shortwave-infrared reflectance, whereas dense vegetation is characterised by
strong near-infrared reflectance and red-light absorption by chlorophyll.
Consequently, higher-yielding areas with denser vegetation cover would be
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expected to have lower BSI values, while lower-yielding or more vegetated areas
would show higher BSI values. This is consistent with the use of BSI as an
indicator of bare soil, which negatively correlates with NDVI (Mzid et al. 2021).

One possible explanation for cases with relatively low index values but high
estimated yield could be that vegetation indices mainly capture canopy greenness,
chlorophyll content and spectral canopy properties rather than biomass directly.
Nitrogen dilution during high biomass accumulation, species-specific differences
in chlorophyll content and canopy colour and saturation of standard NDVI in
dense vegetation may have therefore weakened the relationships between
vegetation indices and measured yields (Mutanga & Skidmore 2004; Reyes et al.
2015; Suter et al. 2026).

The use of more sophisticated analytical methods may also improve the
robustness of yield estimation. For example, Peng et al. (2023) used Sentinel-2
imagery to estimate dry matter yield in harvested forage fields in northern Sweden
and found that vegetation indices were useful, but that more complex modelling
approaches were needed for robust yield estimation. These may include more
advanced multivariate or machine-learning regression methods.

4.3 Soil, Topography and Meteorological Influences

Soil

The soil data suggest that soil heterogeneity may have contributed to yield
variability, but mainly in a field-specific way rather than as a consistent
explanatory factor across all study sites. This indicates that the expected high- and
low-yield zones were not controlled by one dominant soil variable. Instead,
several soil properties likely interacted, including texture, organic matter, pH and
nutrient availability. This is consistent with the broader understanding that crop
growth is affected by the combined influence of soil physical and chemical
conditions (Habib-ur-Rahman et al. 2022).

A particularly important implication is that apparently favourable soil
properties cannot be interpreted in isolation. For example, high humus content
would generally be expected to support soil fertility and water retention (Piccolo
1996), but its potential positive effect may be limited where other chemical
constraints occur, such as low pH or elevated aluminium availability (as can be
seen in field 12B, Limmared; see Figure 8 and Figure 9). High aluminium levels
combined with low pH can lead to acidity-related yield constraints, which in turn
could partly explain the low yields in these areas (Moir & Moot 2010). The
expected high-yield zone in Tumba 73A showed more favourable soil conditions,
including higher pH, higher K-AL, Mg-AL, Ca-AL and K-HCI, lower AI-AL and
a finer texture with more clay and silt. These parameters are agronomically
relevant because soil pH affects nutrient availability and aluminium mobility,
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while K-AL, Mg-AL and Ca-AL indicate the supply of plant-available base
cations. In Swedish soil testing, K-HCl is also used as an indicator of the long-
term potassium-supplying capacity of the soil and clay content can contribute to
larger potassium reserves. Therefore, the high-yield zone can be interpreted as
having both a more favourable acidity/base-cation status and a stronger potassium
reserve than the low zone (Brady & Weil 2016; Emelie Andersson et al. 2023).
On the other hand, expected high-yield zones in Tumba 329A had less favourable
values for the aforementioned parameters than the low-yield zones, while still
having higher estimated yields. This supports the fact that soil properties alone
cannot explain the yield variability observed in this study.

Furthermore, the observed differences in soil chemical properties may partly
reflect differences in field history. For example, parts of the field may previously
have differed in land use, soil type or management intensity before being merged
into a single field. In Limmared 12B, such historical variation could be relevant,
as parts of the field may formerly have consisted of peat soil that has since been
mineralised, while peat remains only in some areas. This could contribute to
spatial differences in soil organic matter and related chemical properties. In
addition, nutrients such as phosphorus can accumulate in areas that historically
received higher manure inputs, for example close to former barns. Because
phosphorus is relatively immobile in soil, such legacy effects may remain
detectable long after the original management practice has ended (Brady & Weil
2016).

Overall, the soil results support the interpretation that yield variability in the
studied ley fields was multi-factorial. Soil properties provided useful context for
explaining some solitary field-specific patterns, especially where strong contrasts
in pH, aluminium, texture or nutrient status were present. However, they did not
provide a general explanation for the high- and low-yield classification or
estimated yields. Therefore, soil conditions should be interpreted as one possible
driver of spatial yield variability, rather than as the sole explanation for the
observed yield-zone differences.

Topography

The topographic analysis provided some insight into potential water redistribution
within fields, but it did not offer a consistent explanation for the expected high-
and low-yield zones or estimated yields. This suggests that terrain position alone
was not the dominant driver of yield variability in the studied ley fields. Although
TWI and TPI can theoretically indicate differences in moisture accumulation
(Kopecky et al. 2021) and relative landscape position, which can influence
biomass production (Weiss 2001; Macdonald et al. 2025) both expected high- and
low-yield points occurred across a range of topographic conditions.
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Nevertheless, topography may still have contributed to the yield variability in
specific fields. The maps suggest that some fields had clearer micro-topographic
structures than others, particularly Robédcksdalen and Tumba 329A. In such cases,
local depressions, drainage pathways or proximity to lower-lying areas may
influence soil moisture availability and thereby positively affect vegetation
development (Macdonald et al. 2025). However, the absence of a consistent
relationship between yield zones and TWI/TPI indicates that these terrain-derived
indices were not sufficient to explain yield variability on their own. In addition,
TWI derives possible soil moisture only from topography. Other factors, such as
soil texture, are not considered, which may in turn produce unrealistic results.

Another major limitation is that several fields were relatively flat, which
reduced the reliability of the TWI. Flat agricultural landscapes with small
elevation differences can strongly affect calculated flow accumulation and
produce unrealistic TWI patterns (Schmidt & Persson 2003). This was visible in
the occurrence of large areas with high TWI values (e.g. Figure 11), which likely
represent artefacts rather than actual soil moisture conditions. Therefore, TWI in
this thesis should be cautiously interpreted as an indicator of potential wetness.
Direct soil moisture measurements or drainage information would be needed to
confirm whether the mapped wetness patterns are actually realistic.

To conclude, the topographic results support the broader interpretation that
yield variability was controlled by several interacting factors rather than by one
single environmental gradient. TWI and TPI should be treated as contextual
variables that may help interpret local patterns, rather than as robust predictors of
high- and low-yield zones across the study sites.

Meteorology

Differences in precipitation and temperature before sampling may have
contributed to variation in estimated yield between farms and sampling dates.
This interpretation is supported by Perotti et al. (2021), who found that
temperature and precipitation were among the main drivers of forage yield and
quality in intensively managed grasslands and that the relative importance of these
drivers differed between growth cycles. In the first growth cycle, yield was
mainly associated with grass proportion, precipitation and temperature. During the
second growth cycle, grass proportion and temperature were the most relevant
yield-related factors, whereas in the third growth cycle, yield was primarily
associated with soil nitrogen availability, precipitation and grass proportion.
Considering the average estimated yield per farm (Figure 3), Varberg showed
the highest yield (2526.67 kg ha'!) among the June sampling sites. This may be
partly explained by the comparatively favourable pre-sampling conditions with
higher observed precipitation than for Limmared or Tumba. In contrast, Tumba
had the lowest average estimated yield (2040.67 kg ha™'), which may be related to
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the particularly low precipitation recorded before sampling. Robacksdalen before
the third harvest showed the highest overall estimated yield (3922.35 kg ha'!). As
discussed above, this is likely influenced by the later sampling date and different
growth cycle, but the relatively favourable precipitation and temperature
conditions before the third harvest may also have supported biomass
accumulation. Therefore, differences in pre-sampling weather conditions may
partly explain variation in estimated yield between farms and sampling dates.

4.4 Limitations

Limitations should be considered when interpreting the results of this thesis. First,
the number of sampling points was limited, with only two expected high-yield and
two expected low-yield pixels per field over one year. This limited the possibility
of drawing strong statistical conclusions and suggests that individual sampling
locations may have had a large influence on the observed field-level patterns.
Second, the yield-zone classification was based on Sentinel-2 NDVI medians
from 2023 and 2024, whereas field sampling was conducted in 2025.

Another limitation was the scale mismatch between satellite data and yield
measurements. Sentinel-2 pixels represent an area of approximately 10 x 10 m,
whereas vegetation samples were collected from smaller quadrats within each
pixel. Small-scale biomass variability within a pixel may therefore not have been
fully captured by either the satellite signal or the quadrat samples.

Finally, some potentially important explanatory factors were not fully available
or directly measured in some fields. These include detailed management
information, cutting history, fertilisation, drainage conditions or direct soil
moisture measurements. The topographic wetness index was also affected by
artefacts in flat fields and should therefore be interpreted only as a potential
indicator of wetness. Overall, these limitations mean that the results should be
interpreted as exploratory and field-specific rather than as a general model of ley
yield variability.

4.5 Conclusion

This thesis showed that NDVI-based high- and low-yield zones were partly
reflected in field-based dry matter yield estimates, but that the classification did
not perform consistently across all fields. While several spectral indices,
especially NDVI, EVI, NDRE (B5) and NDMI, showed plausible relationships
with estimated yield, these relationships varied between farms and growth stages.
This indicates that satellite-derived indices are useful indicators of vegetation
condition, but not direct or universally reliable measures of harvested dry matter
yield.
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Soil properties, topography and meteorological conditions provided additional
context for interpreting yield variability, but none of them explained the observed
patterns on their own, suggesting that yield variability resulted from interactions
between the analysed factors. The study therefore suggests that NDVI-based
yield-zone classification can be a useful starting point for identifying productivity
patterns in ley fields, but should be combined with repeated field measurements
and environmental data to produce reliable results. In addition, more advanced
multivariate or machine-learning regression methods could be a better option for
measuring within-field biomass variability.
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Popular Science Summary

Ley fields are grasslands that are grown for animal feed and are an important part
of Swedish agriculture. However, these fields are not always equally productive
across their whole area. Some parts of a field may produce more forage, while
others produce less. Understanding these differences can help farmers use
fertiliser more efficiently and manage their fields in a more sustainable way.

This thesis studied spatial yield variability in Swedish ley fields at four
different locations, namely Varberg, Limmared, Tumba and Robacksdalen. The
study compared field-based yield estimates (that means, the dry weight of
vegetation samples from various parts of a field) with satellite data from the
Sentinel-2 mission, soil properties, weather data and terrain information. Satellite
data is often expressed with the help of spectral indices. Spectral indices, such as
the Normalized Difference Vegetation Index (NDVI), the Enhanced Vegetation
Index (EVI) or the Normalized Difference Moisture Index (NDMI), are
mathematical combinations of satellite data that can be used to assess
environmental conditions such as plant health and water availability. Before field
sampling, so called high- and low-yield zones had been selected using satellite-
based (NDVI) values from previous years. These zones were then compared with
measured yields from vegetation samples collected in 2025.

The results showed that the selection of high- and low-yield zones using
satellite data worked in many cases. Expected high-yield zones often had higher
measured yields than expected low-yield zones. However, this potential was
limited. In some cases, the difference was small or even reversed. Spectral indices
such as NDVI, EVI, or NDMI were useful for describing plant conditions, but
they did not always directly match the measured yield. Soil conditions,
topography and weather helped explain some local patterns, but no single factor
explained yield differences across all sites.

Overall, the study shows that satellite data can be a useful starting point for
identifying productivity patterns in ley fields. However, reliable interpretation
requires combining satellite information with field measurements and
environmental data.
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