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ABSTRACT

Savannas are characteristically heterogenous and are driven by factors such as rainfall,
herbivory, fire, and soil nutrients. All these factors interact differently at different spatial and
temporal scales. Savanna phenology is highly unpredictable and is influenced predominantly
by rainfall among other environmental factors. Climate change is therefore likely to alter
phenological responses which emphasises the need for monitoring. However, the
heterogeneous nature of savanna phenology makes it difficult to monitor as savanna tree-
grass ratios are unpredictable and are not comparable across spatial scales. This similarly
applies to the use of remotely sensed data sources used to estimate phenological events,
which have different spatial and temporal properties, thus phenological observations are
limited to the scales they were derived from. Many studies have made use of the Normalised
Difference Vegetation Index (NDVI) to estimate both vegetation biomass and phenological
metrics from a variety of different satellite products. However, no studies were found that
explicitly investigated how spatial scale influences phenological metric and vegetation
biomass estimates in a southern African savanna setting. Therefore, this study aimed to
explore the influence of spatial scale on phenology and biomass estimates derived from
remotely sensed products in a semi-arid savanna. A spatially nested data collection process
was followed from which in situ biomass and remotely sensed NDV|1 products were
collected. Results suggest that finer scale NDVI products are better predictors of herbaceous
biomass and, on average, phenological metrics occurred later at coarser scale and earlier at
finer spatial scales (~17 days). The conclusions from this study highlight the need for
monitoring programs to carefully consider the use of coarse scale NDVI products as a proxy
for biomass, particularly in heterogeneous landscapes, and the need to use a multi-scale

approach when estimating phenological processes.
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CHAPTER ONE: General introduction

1.1. Rationale

Savanna ecosystems cover close to 20% of terrestrial land globally (Kutsch et al.,
2008) and up to 50% of Africa, making them highly valuable from an economic and
ecological perspective (Osborne et al., 2018). Savanna ecosystems contribute to people’s
livelihoods as they provide food, grazing land, and materials such as firewood (Marchant,
2010). Savannas also provide many regulating ecosystem services such as carbon storage and
regulation, as well as water and energy flows (Marchant, 2010).

Savannas consist of mainly woody plants and grasses, both of which vary in their
composition and distribution across temporal and spatial scales (du Toit, 2003). The
phenology of savanna vegetation functional types also varies. Grass green-up is closely
linked to water availability (February et al., 2013), whereas some tree species can flush new
leaves before the first seasonal rainfall (Whitecross et al., 2016) due to a response to

photoperiod (Borchert and Rivera, 2001).

African savanna phenology has been described as highly unpredictable due to the
inconsistency in seasonal rainfall that subsequently results in variable seasonal green-up
events (Whitecross et al., 2016). The influence of climate change is also likely to shift
phenological responses over the next 30 years (Hoegh-Guldberg et al., 2018), resulting in the
‘mistiming’ of seasonal activities between species that respond to phenological shifts at
different rates (Visser et al. 2004). This food web disengagement between species will result
in biodiversity loss (Visser et al. 2004). Changes in phenology could potentially lead to
ecological divergence (Borcherding et al., 2010), which is the reproductive isolation of a
population due to ecological changes that eliminate or reduce gene flow between populations
(Coyne and Orr, 2004). For example, Sherry et al. (2007) demonstrated how warming
temperatures resulted in reproductive divergence in plant phenology, which could bring about
clashes in the reproductive periods of different species. This would lead to greater
competition for pollinators and over time could result in species replacement, affecting higher
trophic levels (Ackerly, 2003). According to Ibafiez et al. (2010), continuous shifts in
phenology will influence the duration of the growing season which is of great ecological
importance for biological communities. For instance, an increase in the growing season leads

to higher accumulations of biomass due to the extended photosynthetically active period



(Moyo et al., 2015) which can increase the likelihood of fires (van Wilgen et al., 2000),
potentially influencing vegetation structure (Gandiwa and Kativu, 2009). For example,
Higgins et al. (2007) found that the biomass and structure of savanna trees were influenced

by fire, which could affect the carbon sequestration potential of African savannas

The reliance and subsequent impacts humans have on land has a major impact on the
composition and diversity of vegetation (Tylianakis et al., 2008). Wolf et al. (2017) suggest
that human induced changes to vegetation composition and diversity affect ecosystem
function and diversity loss, which directly impinge on phenology. Land use change and
climate change both alter phenology independently; however, the integration of these two
drivers intensifies the effects on phenology. According to De Chazal and Rounsevell (2009),
biodiversity studies should incorporate both climate change and land use change as drivers of

influence to adequately assess impacts.

Given that human activities and climate change both influence phenology
independently and interdependently (De Chazal and Rounsevell, 2009), monitoring
programmes need to incorporate land use processes and monitor their impacts on vegetation
structure and composition (Wessels et al., 2011). For example, communal rangelands have
significantly less woody cover due to human utilisation for grazing and fuel wood collection,
compared to the woody cover of conservation areas (Wessels et al., 2011). This highlights the
importance of considering a land use gradient when evaluating factors that contribute to
spatial and temporal shifts in phenological dynamics. Within an area of open canopy where
land use processes are present (resource collection, grazing), tree-grass ratios are skewed to a
more homogenous grass and herbaceous vegetation layer, however, this can also occur as a
result of natural variation (Wessels et al., 2011) This is an crucial aspect when it comes to
monitoring savanna regions as these patches of homogenous vegetation can alter savanna

variability at different spatial scales.

Many studies that investigate the human impacts on savanna landscapes are often
localised to small areas and do not encompass the spatial heterogeneity representative of
larger areas, especially in savanna landscapes (Asner et al., 2009). This is problematic for
holistic understandings of system behaviour as the alterations of vegetation structure and
composition influence ecosystem processes at various spatio-temporal scales, which are not
transferable across different scales of observation (Levick and Rogers, 2011; McCleery et al.,
2018). This suggests that changes at one scale would not necessarily translate to changes at a



different scale, essentially showing the non-linearity between scales (Chandola et al., 2010).
In addition to human influences on vegetation structure and function, biophysical factors also
play a pivotal role in determining ecosystem processes (Fisher et al., 2012). These two realms
of influence make vegetation change trajectories non-linear, scale dependent, and thus

difficult to predict at unmeasured scales (Chase et al., 2018).

The Normalised Difference Vegetation Index (NDVI1) is one of the most used
vegetation indices (VIs) for phenology based research as it can be derived from satellite
sensors with a long temporal range, various spatial resolutions, and is easily accessible. The
NDVI provides information regarding relative vegetation greenness, which can be used to
infer green biomass (Santin-Janin et al., 2009) and vegetation productivity. Furthermore,
Wessels et al. (2006) demonstrated that there is a strong correlation between total seasonal
NDVI, biomass and rainfall. Given that the NDVI can be used as a means of measuring
vegetation greenness or healthy vegetation productivity, it can be used to derive phenological
metrics such as Start of Season (SOS), End of Season (EOS), Length of Season (LOS), and
Peak of Season (POS) (Zeng et al., 2020). By monitoring temporal changes of these
phenology metrics, it is possible to infer the impact of climate change and human activity on
vegetation phenology. However, given the variety of data products available at differing
spatial resolutions (Anderson, 2018), it is imperative to understand the effect of monitoring
across different scales of observation.

Remotely sensed data are widely used as a tool for measuring and monitoring large
scale vegetation structure and function as well as identifying trends. Data products with
coarse spatial resolution are widely used as these often have a more consistent and continuous
temporal range. Many studies have used coarse resolution imagery derived from the
Moderate Resolution Imaging Spectroradiometer (MODIS) (250 m) and Advanced Very
High Resolution Radiometer (AVHRR) (1 km) to measure phenological metrics, which is
ideal for homogeneous landscapes where there is little variation over a large area (Zhang et
al., 2003; Heumann et al., 2007; Gray et al., 2014). However, in heterogeneous landscapes,
the interpretation of phenological metrics becomes difficult as mixed canopies and species-
specific phenological periods are not captured at coarse spatial scales (White et al., 2009).
For savanna ecosystems, which show a larger degree of heterogeneity both spatially and
temporally, the use of coarse scale NDVI data is limited in its ability to represent the true

structure and function of a savanna landscape at the finer patch scale.



In this respect, finer scale sensors such as Landsat (30 m) and Sentinel (10 m) are
particularly useful. They provide improved spatial resolutions which are better suited in
describing heterogeneity associated with savanna landscapes as they are able to capture
multi-scale patches such as fire burns, grazing lands, and various vegetation distributions (Liu
et al., 2017). Furthermore, the subtle differences in the spectral response between vegetation
are not accurately captured by coarse scale sensors, particularly in mixed vegetation
ecosystems. For instance, the physiological, structural and phenological differences between
C3 and C4 grasses (Duckworth et al., 2000; Slaton et al., 2001) result in subtle differences in
their interactions with incoming radiation (Ustin and Gamon, 2010). These differing
interactions of incoming radiation between C3 and C4 grasses influences the accuracy of
remotely sensed vegetation dynamics, such as biomass estimation and phenology (Shoko et
al., 2016). However, finer scale sensors like Sentinel-2 with wider spectral ranges can be
used to disentangle the reflective differences between C3 and C4 grasses, allowing for more
accurate estimates of biomass and phenological cycles (Shoko et al., 2016). Since savanna
heterogeneity manifests itself at multiple spatial and temporal scales, comparing open and
closed canopy cover areas may provide insights as to how NDVI signals differ between
contrasting vegetation covers as tree-grass ratios differ between the two. Looking at both
fine and coarse scaled NDVI measurements, | will investigate how spatial scale influences
the relationship between NDVI and collected in situ biomass, and NDVI derived

phenological metrics, in both Closed and Open canopy covers.

1.2. Aim and Objectives

The aim of this study was to investigate the influence of spatial scale on vegetation
greenness estimates and phenology metrics derived from different remotely sensed products
and in situ measurements on two structurally contrasting vegetation cover types (Open and

Closed canopy cover) in a semi-arid savanna.

Obijective 1: To assess and compare satellite derived NDVI and in situ biomass
estimates from field measurements, and how spatially aggregated NDV|1 data correlate
from fine to coarse scale between sensors within Open and Closed canopy savanna

vegetation.



Obijective 2: To determine how phenological metrics and NDVI time series datasets
from 2016-2021 compare at different spatial scales, and how precipitation and
temperature influence phenological metrics at different spatial scales in Closed and
Open canopy vegetation in a semi-arid savanna landscape.

1.3. Literature Review

Approximately 50% of Africa’s terrestrial surface is occupied by the savanna biome
(Scholes and Archer 1997). Savannas in the southern hemisphere are characterised by highly
seasonal climates with hot summer periods with high precipitation, and warm and dry winters
(Huntley and Walker, 2012). Savannas consist of a variable assortment of a discontinuous
tree and continuous grass layers which are driven by wet and dry seasonal cycles (Scholes
and Archer, 1997; Huntley and Walker, 2012). Other factors influencing savanna vegetation
dynamics include the underlying geology, fire regimes, herbivory, and soil moisture (du Toit,
2003). For example, fire regimes influence savanna structure by altering the ratio between
trees and grasses (Smit et al., 2010). This ratio between trees and grasses has a significant
ecological role as it influences nutrient recycling, water infiltration and seedling
establishment (Facelli and Brock, 2000). Savannas also provide essential resources for

millions of people, such as fuelwood, and traditional medicines (Twine, 2005).

Plant phenology is the study of episodically recurring patterns of plant growth and
development (Lieth, 1975). Several mechanisms influence phenology, such as temperature,
rainfall, and photoperiod (Tang et al., 2016). These mechanisms differ in importance at
different scales, based on biomes, species, and environmental constraints (Tang et al., 2016).
During each growing season, plant phenology changes throughout the season which changes
the composition, structure, and total biomass (Gibson et al., 2016). The changes in plant
phenology are used as environmental cues for many animals’ life cycle processes such as

reproduction (Gibson et al., 2016).

Evidence regarding anthropogenic influences on phenology is mounting, and several
studies (e.g., Root et al., 2003; Wolkovich et al., 2012; Buitenwerf et al., 2015; Gallinat et
al., 2021) have suggested that human induced climate change has shifted phenology by

several days in some areas, and by weeks in others. This temporal change of phenology



affects animals by creating a phenological mismatch, shifting key life-cycle indicators and

resulting in disconnects between species (Miller-Rushing et al., 2010).

It may however be difficult to understand the spatio-temporal influence that climate
change has on phenology in certain biomes, particularly savannas. Deciduous vegetation
within African savannas displays highly unpredictable phenological patterns since their
phenology is closely linked to water availability governed by highly variable rainfall
(Whitecross et al., 2016). This non-linearity of phenological cycles within savanna
landscapes demonstrates the need to monitor long-term phenology trends in savannas to

separate the influence of climate change from the natural phenological variation.

Over the past 40 years, the advancement of Remote Sensing (RS) techniques has
increased our ability to study surface vegetation at a regional and global scale (Piao et al.,
2019; Gallinat et al., 2021). Through the advancement of RS techniques, interest in plant
phenology has increased with peer-reviewed journal articles on the subject increasing 10-fold
since the 1980s (Tang et al., 2016). Many plant phenology studies make use of data from the
AVHRR and MODIS sensors due to their long availability period and frequent revisit periods
(e.g., Gray et al., 2014; Heumann et al., 2007; Zhang et al., 2003). These sensors, along with
many others, can capture different wavelength ranges of the electromagnetic spectrum (Xue
and Su, 2017). Typically, the multispectral bands used for surface vegetation research include
Red (630-690 nm), Green (510-580 nm), Blue (450-510 nm), and Near Infrared (NIR, 770-

895 nm). These bands are used to calculate vegetation indices (VIs).

One of the most widely used Vs is the NDVI, which looks at the difference between
Red and NIR since healthy vegetation absorbs Red and reflects NIR (Tucker, 1979). The
NDVI provides information regarding relative vegetation greenness, which can be used to
infer green biomass and vegetation patterns (Santin-Janin et al., 2009). Using remotely
sensed NDVI, phenological phases of vegetation can be tracked through a time series
analysis. These phases (alternatively, ‘phenology metrics’) consist of key events that occur
during a phenological cycle that include: Start of Season (SOS), Peak of Season (POS), End
of Season (EOS), and Length of Season (LOS) (Zhang et al., 2003). This assists in regional
and global scale phenology monitoring by analysing the inter-annual temporal changes of

these metrics.

One of the main challenges with regards to remotely sensed phenology monitoring is

scaling up from species level to landscape level, depending on the type of vegetation cover of



the area (Piao et al., 2019). It has been established that ecological events are scale dependent
as events at one scale cannot be assumed to occur at another (Crawley et al., 2001). This is
particularly relevant in savannas which exhibit high spatial heterogeneity, thus the influence
of the scale of remotely sensed observations on phenological metrics is expected to be greater
in savannas, compared to a more homogenous landscape such as a deciduous forest (Wang et
al., 2005). While the MODIS and AVHRR sensors, with a spatial resolution of 250 m and 1
km respectively remain popular for phenology research, this coarse spatial resolution is not
suitable in capturing the complex vegetation mosaic associated with savannas (Nijland et al.,
2013). This has brought about the need for finer spatial resolution phenology studies to
capture fine-scale heterogeneous dynamics within savannas (Walker et al., 2014). Over the
past decade, new RS sensors with finer spatial resolutions have become active (Gallinat et al.,
2021) such as Sentinel-2 (10 m), Landsat-8 (30 m) and PlanetScope (3 m). In this respect,
these sensors are better suited to obtain fine scale NDVI measures, relative to the coarser
scale measure one would derive from AVHRR and MODIS sensors. However, the choice of
an appropriate sensor often also depends on the temporal scale of surface vegetation studies,
as data products with finer temporal resolution often have courser spatial resolution and vice
versa. For example, the daily acquisition rate of AVHRR allows for detailed incremental
changes in vegetation to be observed, however, its coarse spatial scale generalises the
changes of all vegetation within its spatial resolution and does not allow for species-specific
changes to be observed. This makes decisions about ‘acceptable’ spatial versus temporal
trade-offs fundamental in determining the most appropriate RS data product to use relative to
the biome and/or phenomenon under investigation (e.g., Anderson et al., 2018). Similarly,
even though Sentinel-2 and Landsat-8 provide finer spatial resolution in comparison to other
traditionally used sensors, there will often still be variation within these scales at the ground
surface owing to vegetation distributions, which is why in situ data are needed in order to

validate remotely sensed measurements (Anderson et al., 2018).

Several studies have used handheld NDVI sensors to monitor the changes of in situ
vegetation health (Zhang et al., 2019) and to upscale VIs to larger areas (Tang et al., 2016).
Handheld NDV1 sensors are active sensors making them particularly useful in gathering field
data as they are not affected by atmospheric conditions and the angle of incidence of solar
radiation (Verhulst and Govaerts, 2010), however, these devices are developed mainly for

crop monitoring.



It is difficult to directly correlate such field measurements with remotely sensed data.
For instance, remotely sensed data does not account for below canopy cover, which is instead
measured by handheld sensors. However, when taking field measurements, it is important to
consider that savanna grasses cannot be treated uniformly due to the varying green-up and
growth rates between ‘below canopy’ grasses and ‘between canopy’ grasses (Whitecross et
al., 2017). It is also difficult to apply an area-averaged NDVI from fine to coarse scales as
this causes an aggregation effect which makes ecological patterns appear more predictable
than they actually are (Wiens, 1989).

Given the above limitations of upscaling in situ NDVI measures to larger areas,
ground sampling techniques can provide useful insights regarding vegetation biomass at local
scales (Ali et al., 2016). As a cost-effective method for correlating NDV1 across scales, the
disc pasture meter is a simple tool used to determine yield estimates of forage and is regularly
used for biomass estimates (Ali et al., 2016). However, this method is time consuming and
often requires calibration to account for the compressive strengths of vegetation sampled.
Thus, a more efficient technique that can cover large areas is needed.

1.4. Study Area

The study area was located centrally within the Lowveld region that stretches across
the Limpopo and Mpumalanga provinces in the north-eastern part of South Africa (31.10038,
-24.56402, Figure 1.1). Situated within the Lowveld region on the western side of the Kruger
National Park (KNP), the Wits Rural Facility (WRF) covers 315 ha of conserved semi-arid
savanna. Directly south of WRF are 370 ha of communal rangelands, referred to as the
Timbavati Communal Rangeland (TCR), utilised by the Tintswalo and OkkernootBoom-A
communities within the Acornhoek ward (Estimated Population-33,530). These two sites
have contrasting land uses and governance approaches, which represent different levels of

savanna utilisation.

The WREF is a privately owned research facility that takes a conservation-management
approach. The area is occupied by dense vegetation and has several herbivores such as
greater kudu (Tragelaphus strepsiceros), impala (Aepyceros melampus), and giraffe (Giraffa
camelopardalis). Controlled fires are conducted in the area every 5 to 10 years, depending on
the fuel load (NeSmith et al., 2021). In contrast, TCR is managed under tribal authority with



communal use as its primary function. The area is sparsely vegetated and is heavily utilised
for cattle grazing as well as firewood and building material collection (Twine, 2005). These
two sites represent continuums of natural semi-arid savanna between a densely vegetated
Closed canopy (WRF) and a sparsely vegetated Open canopy (TCR). Based on these
differences in land use and vegetation composition between these two sites, WRF and TCR

are hereon referred to as Closed canopy and Open canopy, respectively.

The study area has hot, wet summers and warm, dry winters with a mean annual
rainfall of 651 £ 123 mm which occur primarily during summer months (October to May).
Temperatures generally range between 20-31°C during summer and 8-26°C in winter
(Shackleton and Scholes, 2011; Mograbi et al., 2019). Dominant tree species include
Combretum zeyheri, Terminalia sericea, Senegalia nigrescens and Dichrostachys cinerea
(Mucina and Rutherford, 2006), with the grass layer comprised of mostly C4 perennial
grasses, predominantly, Panicum maximum and Hyperthelia dissoluta. The underlying
geology consists mainly of granite with Timbavati gabbro intrusions (Mucina and Rutherford,
2006). Soils are deep and clayey with the presence of sodic soils being delineated by the

occurrence of Terminalia sericea in seep zones (Mucina and Rutherford, 2006).
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Figure 1.1: Map of the study area showing (a) the contrast between the Wits Rural Facility (north of
the road) and the Timbavati Communal Rangelands (south of the road) located within the central
lowveld between (b) Mpumalanga and Limpopo provinces to the (c) west of the Kruger National Park
within South Africa.



1.5. Methods

1.5.1. Satellite Data Collection

The NDVI, from four different satellite sensors (MODIS v6, Landsat-8, Sentinel-2C,
and PlanetScope) was used in this study for the period between January 2016 and April 2021
(Table 1A APPENDIX A). | acquired and pre-processed all data, apart from PlanetScope,
using Google Earth Engine (GEE) which is a cloud-based geospatial analysis platform that
allows users to access publicly available geospatial datasets from a variety of imaging
systems (Gorelick et al., 2017). I clipped all datasets to the study area extent. Pre-processing
included atmospheric corrections for all Sentinel-2C data using the ‘Sen2Cor’ which converts
Top of Atmosphere products to Bottom of Atmosphere products, allowing for comparable
surface reflectance products (Main-Knorn et al., 2017). | applied cloud and shadow masking
based on the quality assessment band associated with each sensor and set ‘Nodata’ pixel
values to 0 (GEE Code in Appendix B). Thereafter | created NDVI surfaces using the Red

and NIR bands associated with each sensor (Equation 1).

NIR-RED
NIR+RED

NDVI =

(Equation 1)

All datasets acquired were downloaded in GeoTIFF file format using the WGS 84
(EPSG:4326) projection. | acquired PlanetScope data for the period from September 2020 to
June 2021, a period analogous to the field data collection dates. The cost of post-processing
by a third party did not allow for the same temporal range as the other sensors. PlanetScope
images were calibrated for surface reflectance analysis, converted to NDVI surfaces, and
were also reprojected to WGS 84 (EPSG: 4326). The details of the individual sensors used

are as follows:

MODIS

The MODIS-Terra MOD13Q1 (hereon referred to as MODIS), provided by the Land
Processes Distributed Active Archive Centre (LP DAAC), is a 16-day composite dataset with
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a spatial resolution of 250 m available from February 2000 to present. MODIS NDVI
products are atmospherically corrected surface reflectances which have been masked for
water, clouds, and cloud shadows (Huete et al., 2002). Each composite is created using a
maximum value compositing (MVC) algorithm which selects MODIS tiles with the best
quality pixel values within the 16-day period. The selection of these tiles is based on criteria
such as low view angle, low cloud cover and maximum NDVI value (LP DAAC, 2020). A
total of 23 composites are produced each year, providing two composites per month, barring
October and November which alternate from two to one composite respectively every four
years, due to leap years. This dataset has the coarsest resolution of all sensors used in this

study and was therefore used as the ‘sampling footprint” for the other sensors.

Landsat 8

Landsat 8 OLI Surface Reflectance Tier 1 (hereon referred to as Landsat), provided
by the United States Geological Survey, has a spatial resolution of 30 m. Bands 4 and 5,
which provide red and NIR respectively, were used to calculate NDVI. The Landsat satellite
has a near-polar, sun-synchronous orbit, with data acquired in 185 km swaths, with a 16-day
repeat cycle (Roy et al., 2014). The Landsat product is therefore more susceptible to noise
such as cloud cover and shadows due to its lower acquisition rate than the other sensors used

in this study.

Sentinel-2C

Sentinel-2C (hereon referred to as Sentinel) provides global coverage of land surfaces
(56°N - 84°S) with images comprising 13 spectral bands at spatial resolutions of 10, 20, and
60 m, depending on the spectral band of interest (Languille et al., 2015). Band 4 and 8
provide Red and NIR respectively, at 10 m spatial resolution, thus allowing NDVI surfaces to
be created at the finest, publicly available, spatial resolution for this study. Sentinel has a
revisit period of five days which allows for a maximum of three Sentinel images to be

acquired within the 16-day acquisition period of one MODIS and Landsat image.
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PlanetScope

PlanetScope (launched March 2016) satellite data, provided by Planet Labs, consists
of a constellation of more than 150 CubeSats which are small, low-cost satellites (Woellert et
al., 2011). This large constellation of CubeSats allows PlanetScope to image all of earth land
surfaces every day (Ghuffar, 2018). PlanetScope imagery is captured in four bands which
include Red, Blue, Green, and NIR, at a spatial resolution of 3 m (Kaab et al., 2017). Planet
Labs provided access to the imagery (Planet Team, 2017) through a research/educational
license (Subscription ID-502979) where imagery was downloaded using the Planet Explorer
user interface for the period that matched that of the in situ data collection (September 2020 —
April 2021).

1.5.2. Sampling Design

Several key aspects were considered when linking in situ and ex situ data. The date of
field data and remotely sensed data were collected in similar time periods, samples were
selected randomly, and Global Positioning System (GPS) coordinates were used to
georeference field and remotely sensed data (Ali et al., 2016). Field data collection points
were stratified according to the spatial location and extent of the MODIS 250 m? pixels. The
selection of MODIS pixels was determined by their accessibility via roads and being
completely within the boundaries of the Closed or Open canopy site (Figure 1.2). | accounted
for spatial autocorrelation by omitting all MODIS pixels that were directly adjacent to each
other. However, due to the spatial limitations, i.e., ensuring all pixels were contained within
the study site boundaries and the need to sample the same number of MODIS pixels in each
land cover type, several MODIS pixel vertices are adjacent to each other. This was necessary
as it ensured that sampled pixels were accessible by roads and were not influenced by
riparian zones. Sampled pixels were however at least 160 m apart, which is a distance
threshold previously used in this particular landscape to avoid spatial autocorrelation
(Mograbi et al., 2017; 2019). Based on these criteria, a total of 12 MODIS pixels were
selected, six in the Closed canopy site and six in the Open canopy site. Thereafter, a spatially

nested sampling design was undertaken.

Within each MODIS pixel, | randomly selected 20 Landsat pixels and within each

Landsat pixel, | randomly selected one Sentinel pixel. For each Sentinel pixel, | extracted the
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centre coordinates as the locations for the field data collection and the PlanetScope pixel
locations (Figure 1.2). For each of the 12 MODIS pixels and their associated Landsat
(n=240), Sentinel (n=240) and PlanetScope (n=240) pixels, | created polygons using the
‘Raster pixels to polygon’ tool in QGIS v3.10.2 (GQIS Development Team, 2020). To allow
for accurate NDVI and seasonality extraction, I then assigned row and column identifications

to these polygons based on the row-column extent of the downloaded NDV1 rasters of the

various satellites.
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Figure 1.2: Illustration of the (a) location of sampled MODIS pixels within Closed and Open canopy
and (b) the spatially nested data collection structure whereby in situ data were captured within the
spatial extent of PlanetScope pixels that were located within Sentinel pixels, which occurred in
Landsat pixels, all of which are present in one MODIS pixel. Field data were collected from fixed
locations within the extent of the PlanetScope pixels.
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The field data collection took place from 14" September 2020 to 16" April 2021.
Field data collection was done on the 2" and 4™ week of each month to match every other
16-day composite period of the MODIS satellite. Field data from 3-4 MODIS pixel footprints
were collected per day from Closed and Open canopy, alternating between morning and
afternoon collection times to avoid temporal bias (Zhang et al., 2015). The centre of each
target Sentinel pixel within the selected MODIS tile was located using a Garmin ETrex 10
GPS and marked with a visual marker for re-location purposes. In instances where the centre
of a target Sentinel pixel could not be marked (trees, thick bush) a permanent marker was
placed as close as possible to the intended centre. The coordinates of these marked locations
were recaptured every second week of the field data collection period to obtain standard
errors on GPS readings, which were necessary to ensure that field measurements were
recorded within sampling pixels (GPS error: WRF =0.93 m; TCR = 0.40 m; see APPENDIX

B for calculations).

1.6. Dissertation Structure

Chapter 1 comprises a general introduction with details regarding the rationale for this
study and a literature review of previous works and some concepts related to vegetation
phenology. Chapter 1 also details the study area, data collection and sampling design
methods which are used in chapters 1 and 2. Chapters 2 and 3, the two data chapters, are
compiled in a publication format, with their own introduction, methods, results, discussion,
and references. For this reason, there are some instances of repetition which | have tried to
keep to a minimum where possible. Tables and figures are shown at the end of each chapter,
while supplementary details can be found in appendices A and B. Chapter 2 assesses the
relationship between NDVI and in situ biomass (objective 1), while chapter 3 focuses on how
phenological metrics differ between spatial scales (objective 2). These two chapters are
synthesized in chapter four, where key conclusions are drawn, and recommendations are

made.
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CHAPTER TWO: The relationship between herbaceous biomass and NDVI
across a range of spatial scales in contrasting savanna landscapes, South
Africa

2.1. Abstract

Monitoring vegetation biomass through the use of satellite remote sensing is critical to
our understanding of large scale ecosystem dynamics. Many studies have used coarse scale
NDVI products such as AVHRR (1 km) and MODIS (250 m) to monitor vegetation biomass
with constructive results. However, in heterogeneous environments such as savannas, the
spatial scale of NDVI products can influence the accuracy of biomass estimates. Here, |
compared the relationships between NDVI at various spatial scales, and in situ biomass
estimates from both Closed and Open canopy cover areas in a semi-arid savanna. A spatially
nested data collection process was followed, allowing for NDVI-Biomass relationships to be
established across spatial scales using regression models. The NDVI variability across spatial
scales was calculated to compare the degree of variability different spatial scales capture. The
results indicated that Sentinel (10 m) was the best predictor of herbaceous biomass in both
Closed (R? = 0.53) and Open canopy (R? = 0.63). The relationship between MODIS (250 m)
NDVI and biomass showed a weak relationship (R? = 0.4) and did not differ between Closed
and Open canopy cover. | concluded that both NDVI-Biomass relationships, and NDVI
variability are influenced by spatial scale in both Closed and Open canopy vegetation, which
should prompt monitoring programmes to carefully consider the use of coarse scale remote

sensing products.

Keywords: Biomass, Canopy cover, Heterogeneity, Land use, Monitoring, NDVI, Spatial scale
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2.2. Introduction

Savanna ecosystems are characterised by the coexistence of trees and grasses with
strong relations between these two plant guilds (Scholes and Archer, 1997; Sankaran et al.,
2005). These ecosystems cover up to one-fifth of the earths’ terrestrial surface and support
large herds of ungulate herbivores, whilst sustaining the livelihoods of human populations in
these areas (Scholes and Archer, 1997). The socio-economic and ecological significance of
savanna ecosystems highlights the importance of monitoring the impacts of climate change
and anthropogenic influences. However, savanna systems are particularly difficult to monitor
as they are naturally heterogeneous, both spatially and temporally, with savanna structure
being generally influenced by precipitation, herbivory, fire, and nutrient availability (Frost et
al., 1986). Climate change and anthropogenic influences further complicate our ability to
forecast changes and patterns in savanna landscapes (Staver, 2018). The complexity and
interactions between determinants of savanna structure and composition operate differently at
different spatio-temporal scales (Levick and Rogers, 2011), advocating for multi-scale

approaches to savanna monitoring.

Before the advent of satellite remote sensing techniques, vegetation monitoring
methods mainly involved in situ sampling methods such as visual observations (Catchpole
and Wheeler, 1992), cuttings (Nordh and Verwijst, 2004), and compressed vegetation heights
(Hakl et al., 2012). However, these methods are labour intensive and expensive, especially
for large landscape scale analyses (Ali et al., 2016). Remote sensing technologies provide
global vegetation coverage via Vegetation Indices (VIs). There are about 118 different VIs
used as expressions of vegetation greenness (Xue and Su, 2017). One of the most commonly
used VI is the Normalised Difference Vegetation Index (NDVI) which captures the
absorptance of red light, and the reflectance of Near Infrared (NIR) light, characteristic of
photosynthetically active vegetation (Tucker, 1979). Frequently used satellite sensor data
sources for vegetation analysis include the Advanced Very High Resolution Radiometer
(AVHRR), Moderate Resolution Imaging Spectroradiometer (MODIS), Landsat, Sentinel-2,
and PlanetScope (Matongera et al., 2021). The spatial and temporal resolutions (‘scales’) of
these data sources differ between satellite sensors, with spatial resolutions ranging from 1 km
to 3 m, and temporal resolutions ranging from 16 days to daily acquisition rates. The
availability (time series) of these satellite sensors ranges from 1972-present (Landsat) and

more recently 2016-present (PlanetScope). The selection and use of satellite sensor data
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products often involve trade-offs between the spatial and temporal resolutions and the time
period for which data from a particular sensor are available. For example, sensors such as
AVHRR and MODIS can detect detailed temporal changes and trends in vegetation
productivity due to their frequent revisit period and extended availability going back in time.
The low spatial resolution of these sensors, however, cannot detect finer spatial differences in
vegetation (Shen et al., 2015).

The NDVI has often been used in ecological studies as a proxy for vegetation
productivity (Pettorelli et al., 2005; Tian et al., 2016), with studies using this proxy to relate
NDVI to vegetation biomass (Hobbs, 1995; Tucker et al., 1986), vegetation patterns (Lobo et
al., 1998) and vegetation pattern responses to climate change (Guo et al., 2008).
Understanding the link between NDVI and vegetation biomass can assist in improved
monitoring efforts which in turn can inform conservation management decisions, such as fire
management (Wessels et al., 2006) landscape carrying capacity (Long et al., 2010), and land
degradation monitoring (Pollard et al., 2003; Wessels et al., 2004). In southern Africa,
several studies have established significant relationships between NDV1 and biomass (Du
Plessis 1999; Wessels et al., 2006), however, these studies used coarse spatial resolution
products which were insufficient in capturing landscape heterogeneity (Levin, 1992).
Mutanga et al. (2012) used high spatial resolution WorldView-2 NDVI data (2 m spatial
resolution) to estimate biomass in a homogenous forest landscape in northern Kwa-Zulu-
Natal and were able to capture local spatial heterogeneity. No studies in southern Africa have
used high spatial resolution data to relate NDVI to biomass in heterogenous landscapes such
as savannas or compared NDVI-Biomass relationships across spatial scales to better

understand the scale effect.

In heterogenous landscapes, coarse spatial resolution VIs are a source of uncertainty
and bias, given that they record VI values that come from mixed composition vegetation (i.e.,
a mix of trees and grasses) within their spatial footprint (Zhang et al., 2017; Park et al.,
2021). This calls for the use of finer spatial resolution satellite products in spatially
heterogenous landscapes which are more likely to capture fine scale vegetation variability

(Zeng et al., 2020), thus being more representative of vegetation composition and structure.

Another consideration in establishing a relationship between VIs and biomass is the
use of an appropriate regression approach for biomass estimation (Eisfelder et al., 2012). The

coefficient of determination (R?) between coarse spatial resolution VIs and biomass in semi-
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arid areas have been shown to range between 0.32-0.95 (Eisfelder et al., 2012). One of the
reasons for this variation is that different studies have used different regression approaches.
In addition, the performance of the different regression models is site-specific. It has
therefore been suggested that a multi-scale approach (Wu, 2004) to estimating biomass may

provide more accurate results (Eisfelder et al., 2012).

Establishing a relationship between biomass and NDV1 in a savanna environment is
challenging for several reasons. Besides the heterogeneous nature of savanna ecosystems
(Scanlon et al., 2005), other factors that play a role are soil reflectance (Montandon and
Small, 2008), limited availability of field data (Zeng et al., 2020), and temporal limitations of
satellite derived vegetation products (Pettorelli et al., 2005). In savanna ecosystems, canopy
cover also plays an important role in NDVI-Biomass relationship. Open canopy areas are
comprised of mainly herbaceous biomass and bare ground, which are more predictive and
homogenous (Sala et al., 2012), relative to Closed canopy areas that represent the tree layer,

which is highly unpredictable and structurally heterogenous (Staver et al., 2017).

While it was outside the scope of this study to evaluate the effect of all these
variables, the aim was to compare the NDVI-Biomass relationship, as well as NDVI
variability, across a range of different spatial scales. Specifically, | set out to (1) investigate
the relationship between herbaceous biomass and NDVI at different spatial scales within
Closed and Open canopy vegetation, (2) establish the relationship between NDVI estimates
across a range of different spatial scales, (3) understand how NDV1 variability differs across
spatial scales. | expected the strength of the relationship between biomass and NDVI to
increase at finer scales as they are less likely to capture mixed vegetation composition signals
(trees, grasses, and bare ground). I also anticipated the relationship between NDVI from
different sensors to be stronger in the more homogenous Open canopy site than in the more
heterogeneous Closed canopy site. Lastly, | expected NDVI spatial variability to be greater at
finer scales, with variability being noticeably higher in the more heterogenous Closed canopy

site than in the Open canopy site.
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2.3. Methods

2.3.1. Data Collection

Extracting NDVI from sensors

| identified 14 MODIS NDVI scenes that were available for my study period which
corresponded with the field data collection dates (14 September 2020-16 April 2021). Both
Sentinel and PlanetScope NDVI scenes closely coincided with MODIS dates, however, for
Landsat, there were only 8 usable scenes in the Closed canopy site and 9 scenes in the Open
canopy site that corresponded with MODIS dates. Sentinel provides a maximum of three
images within the period that one MODIS composite is acquired. From these three Sentinel
images, | used the highest quality image i.e., the image with the least amount of cloud cover.
In instances where there was full cloud cover in all three images, | would then use the closest
image to that 16-day period (4 of these instances occurred). Due to the download quota of
PlanetScope data and processing costs, | only acquired PlanetScope data at the spatial extent
of Sentinel pixels (10 m). Between 9 and 12 PlanetScope pixels fit within the spatial extent of
one Sentinel pixel. This was done to make sure that the correct PlanetScope pixels were
selected in instances where GPS coordinates did not accurately capture the true position of

field data collection points.

In situ NDVI measurements

To evaluate in situ NDVI measurements, | used the SpectroSense2+ (hereon referred
to as SS2) 4 Channel sensors (Skye Instruments LTD, Powys, UK). The sensors were
calibrated to match the MODIS sensors with each channel being calibrated as follows;
Channel 1-459-479 nm, Channel 2-545-565 nm, Channel 3-620-670 nm, and Channel 4-841-
876 nm. Channels 3 and 4 were used to calculate NDVI as they acquire Red and NIR
wavelengths, respectively. The sensors are attached to an extension pole which allows for the
height of the sensors to be adjusted, and subsequently determines the instantaneous field of
view. | set the height of the extension pole to 1.8 m (maximum height) which provided an
area of measurement of 0.50 m2. At each field data collection point (Figure 1.2, Chapter 1) |
recorded one NDVI reading directly on marked locations with a further three readings within

2 m of the marked area to account for NDV1 variation within the sampled area. In areas with
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dense canopy cover, NDVI readings were captured where incident light was sufficient for the
sensor to capture a stable reading (no more than 5 m from marked locations), as canopy cover
affects the sensors’ ratio of incoming reflected and incident light when calculating vegetation
indices. | captured all data between 8:30 and 13:00 to reduce the effects of morning humidity
and shadows (Zhang et al., 2015). Unfortunately, due to the impacts of Covid-19 lockdown
and slow customs processing on equipment imports, the SS2 and extension pole were only
received in time to capture the last five weeks of the field data collection period. This setback
did not allow for in situ NDVI trends to be analysed, but the scaling of NDVI and

NDVI/Biomass correlations could be explored.

Biomass sampling

| used a Disc-Pasture Meter (DPM) to take biomass measurements at each marked
field collection point (Figure 1.2, Chapter 1). The DPM comprises a pole and sliding disk
attached. The pole is placed on the ground and the sliding disk is dropped from the top of the
pole. The height at which the sliding disk lands is recorded in length measurements (cm)
located on the pole. | collected a total of 3360 DPM readings over the 14 week data collection
period (240 per week). | then converted these measurements to biomass (kg/ha) using an
allometric equation developed for the neighbouring Kruger National Park (Equation 2;
Zambatis et al., 2006).

Kg ha ' =[31.7176(0.3218 1/,) x02834]2 (Equation 2)

| used the measurements of biomass, derived from the DPM to establish the
relationship between NDVI measurements from all sensors and ground biomass, and if these

relationships differed between Closed and Open canopy.

Photographs and canopy cover estimates

At each field data collection point, | took five RGB format digital photographs
(Canon PowerShot SX60 HS camera) with a pixel resolution of the 4608 x 3456, one directly
above the sampled area, and four in the north, east, south, and west directions. The top of the
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photograph frame was roughly aligned to match the borders of Sentinel pixels ~5 m to
capture the representative vegetation within the sampled Sentinel pixel. Field data was
captured in the middle of each Sentinel pixel, thus 5 m in all directions would represent the
spatial borders of one Sentinel pixel. | recorded the canopy cover percentage at each sample
site based on visual estimates, at 0%, 25%, 50%, 75% and 100% intervals. The photographs
were used in this study to improve the accuracy of canopy cover estimates and assisted with
the interpretation of results, particularly the timing of green-up and senescence of vegetation.
A total of 16800 photographs were captured during the data collection period which will be
archived for future studies in this area. An example demonstrating the contrast in vegetation

composition between the Closed and Open canopy sites is provided in Figure 2.1.

2.3.2. Data Analysis

Biomass and NDVI comparisons

| calculated the mean and standard deviation (SD) of NDVI for each satellite pixel
(MODIS 250 m, Landsat 30 m, Sentinel 10 m, and Planet 3 m) and the weekly biomass
measurements over the 14 week period. | then calculated the average weekly mean value for
Closed and Open canopy, respectively (Figure 2.2). To determine if there were differences
between mean pixel biomass in Closed canopy, | used a non-parametric Kruskal-Wallis test
as the data were significantly different from a normal distribution even after logarithmic
transformation. Thereafter, | used the Games-Howell test to determine which pixels were
significantly different. To test for differences in mean biomass between pixels in Open
canopy, a parametric ANOVA followed by Tukey’s ‘Honest Significant Difference’ test, was
used as data showed a normal distribution with no evidence of unequal variance. | used the
Pettitt test, which is a nonparametric test that can identify the probable point at which there is
a significant shift in the central tendency of a time series (Pettitt, 1979), to identify
statistically significant breakpoints in the distributions of mean biomass, biomass SDs, and
the mean NDVI from each sensor. To determine if there were differences in the NDVI ranges
between sensors in each canopy cover type, | used the Kruskal-Wallis test as the NDVI data
from all sensors in both canopy cover types were significantly different from a normal
distribution and contained outliers. I then followed up with a Dunn’s test to determine which

sensors’ NDVI were significantly different from each other. I used the Kruskal-Wallis test to
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determine if there were differences in weekly NDVI between all sensors and a pairwise rank

sum test to identify which sensors’ NDVI was significantly different for each week.

Relationship between biomass and NDVI at different scales

| tested the relationship between biomass and NDVI from MODIS, Landsat, Sentinel
and PlanetScope using exponential regression models as they are better suited to biomass and
NDVI relationships, compared to linear models (Fan et al., 2009; Umarhadi and Syarif,
2017). Coefficients of determination (R?) derived from regression models tell us how much
variation in the data is accounted for by the regression model (Bewick et al., 2003). For
example, an R? of 0.5 suggests that 50% of the total variation in y is accounted for by the
model, and the remaining 50% variation is caused by an unknown variable. For the SS2
(Handheld NDVI reader) | tested the relationship between SS2 NDVI and biomass using an
exponential regression. Linear regressions were used to determine the relationship between
SS2 NDVI and the mean weekly NDVI of MODIS, Landsat, Sentinel, and PlanetScope. Only
data that corresponded with the availability of SS2 data (5 weeks) were used.

Relationship between MODIS NDVI and aggregated Landsat and Sentinel NDVI

To determine how NDVI from Landsat and Sentinel relate to MODIS NDVI, all the
pixels of Landsat and Sentinel that occurred within the spatial extent of each MODIS pixel
were aggregated to the MODIS extent (i.e., an average of all pixels within one MODIS
pixel). These aggregated NDV1 values of Landsat and Sentinel were then used in linear

regression models to determine the relationships to the MODIS pixel values.

Comparing NDVI variation between different sensors

To determine how NDVI1 varies between sensors, | calculated the weekly mean SD of
Closed and Open canopy for each sensor. The SD details how vegetation varies in the
landscape and captures savanna heterogeneity, which changes at different spatial scales. To
calculate the mean NDV1 SD for MODIS, | averaged the NDVI SD of the 6 pixels for each
week in both Closed and Open canopy. For the remaining sensors, the mean SD of the 20

sampled pixels within a MODIS pixel were then averaged to create a weekly mean SD for
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both Closed and Open canopy. | used a one-way ANOVA to determine if there is a
significant difference between the mean SD of all sensors, followed by a Tukey’s ‘Honest
Significant Difference’ test to determine which sensor’ mean SD was significantly different.
To identify significant breakpoints in the mean SD of each sensor, | used the Pettitt test. All
data analyses were conducted in R version 1.4.1106 (R Core Team, 2020, APPENDIX B).

2.4. Results

Biomass comparison and distribution

Biomass varied significantly between Closed and Open canopy (t s =9.04, p =
<0.001). Mean biomass in Closed canopy ranged between 954.8 to 1900.8 kg/ha with the
highest biomass occurring in week 10 (1900.8kg/ha) and the lowest in week 3 (954.8 kg/ha).
Mean biomass in Closed canopy showed statistically significant differences between sampled
pixels (H ) = 35.3, p = 0.001), however only pixel 2 had significantly lower biomass than all
the other pixels (Figure 2.4 a). Mean biomass in Open canopy ranged between 265.2 kg/ha to
745.7 kg/ha with the highest mean biomass occurring in week 11 (745.7 kg/ha) and the
lowest in week 3 (265.2 kg/ha). Mean biomass per pixel in Open canopy was consistently
low and significantly different between pixels (F (s, 78y = 9.8, p = 0.001), with the mean
biomass of pixel 6 being significantly lower than all other pixels, and pixels 1 and 5
significantly higher than pixel 3 (Figure 2.3 b). Visual canopy cover estimates ranged
between 38% - 59% in Closed canopy and between 8% - 17% in Open canopy.

Mean biomass was 1438 kg/ha in Closed canopy and 500 kg/ha in Open canopy,
showing a mean difference of 938 kg/ha between the two canopy cover types (Figure 2.4 a -
b). There was a significant change point in mean biomass at week 7 in both Closed and Open
canopy (p=0.014). Mean biomass SD in Closed canopy was 348 kg/ha and 136 kg/ha in Open
canopy, showing higher biomass variation in the Closed canopy site (Figure 2.4 ¢ - d). There
were significant change points in mean biomass SD at week 7 (p=0.014) in Closed canopy

and at week 6 (p=0.026) in Open canopy.
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Sensor NDVI distribution and changes through time

The distribution of NDVI samples recorded over the 14 week collection period of
each sensor in Closed and Open canopy cover shows how sensor specific NDVI ranges
across spatial scales (Figure 2.5). The Kruskal Wallis test showed there were significant
differences in mean NDVI in both Closed canopy (H 3) = 7.4, p = 0.05), and Open canopy (H
@) = 7.3, p = 0.05), with the Dunn test indicating that in both canopy cover types, Sentinel
NDVI was significantly lower than for MODIS and PlanetScope, but not different to Landsat
NDVI values. The NDVI SD was higher in Closed canopy (MODIS =0.146; Landsat =
0.174; Sentinel = 0.165; PlanetScope = 0.172) for all sensors compared to Open canopy
(MODIS =0.112; Landsat = 0.133; Sentinel = 0.122; PlanetScope = 0.133). In both canopy
cover types, Landsat had the largest NDV1 range when outliers were removed, with an NDVI

range of 0.52 in Closed canopy and 0.35 in Open canopy.

The range of weekly sampled NDV1 values between sensors in both canopy cover
types shows how NDVI values rapidly increased in the first 5 weeks and how NDVI variation
increased between week 6 to week 8 (Figure 2.6 a-b). There were significant differences in
sensor specific NDVI for all weeks in Closed canopy. In Open canopy, only weeks 10 (H 3) =
1.4,p=0.067) and 11 (H (3) = 1.6, p = 0.16) showed no significant difference in NDVI
between sensors. The pairwise rank sum comparisons (Table 2A, APPENDIX A) showed that
in Closed canopy there were significant differences between all sensors from week 1 to 5,
thereafter only Sentinel was significantly lower than other sensors in most weeks. This
pattern was similar for the weekly NDV1 in Open canopy, however, the NDVI variation was
higher for all sensors in Open canopy between weeks 8 to week 14 compared to those in

Closed canopy.

The average weekly NDVI values of each sensor as well as the rate at which NDVI
increases showed clear differences between the Open and Closed canopy types (Figure 2.7).
MODIS had the highest average NDVI in both canopy covers at 0.66 in the Closed canopy
and 0.53 in the Open canopy. Sentinel had the lowest average NDVI in both canopy covers
with 0.56 and 0.44 for Closed and Open canopy, respectively. PlanetScope and Landsat
NDVI values were intermediate with respect to the MODIS and Sentinel NDVI values. The
change points in the 14 week time series differed between sensors in both canopy covers. In
Closed canopy, both MODIS and Landsat (p = 0.014) had probable change points at week 7
(p = 0.16), while Sentinel (p = 0.032) and PlanetScope (p = 0.026) had earlier change points
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at week 5 and 6 respectively. In Open canopy, MODIS had the earliest change-point at week
6 (p = 0.018), with both Landsat and Sentinel having change points at week 8 (p = 0.018) and
PlanetScope at week 7 (p = 0.014).

Relationship between satellite sensor NDVI and biomass

Exponential regressions with MODIS as the predictor variable in Closed and Open
canopy was statistically significant, with a moderately positive relationship in both canopies
(Closed canopy: F (1, 12) = 8.03, R = 0.4, p = 0.015; Open canopy: F ¢, 12) = 9.49, R = 0.44, p
= 0.0095, Figure 2.8 a-b), showing only a 4% difference in the coefficient of determination
between canopy covers. The relationship between Landsat and biomass was statistically
significant, with a moderate positive relationship in both canopies (Closed canopy: F (1,5 =
10.07, R? = 0.67, p = 0.024; Open canopy: F 1,7y = 11.65, R = 0.62, p = 0.011, Figure 2.8 c-
d), showing a 5% difference in the coefficient of determination between canopy covers. The
NDVI-Biomass relationship for Sentinel was statistically significant, with a moderate
relationship in both canopies. (Closed canopy: F (1,12) = 13.76, R? = 0.53, p = 0.003; Open
canopy: F (1,12 = 20.24, R? = 0.63, p = 0.0007, Figure 2.8 e-f), showing a 10% difference in
the coefficient of determination between canopy covers. Lastly, the PlanetScope NDVI-
Biomass relationship was statistically significant, with a moderate positive relationship in
both canopies (Closed canopy - F ¢, 12 = 14.12, R? = 0.54, p = 0.002, Open canopy-F (1, 12) =
18.32, R? = 6, p = 0.001, Figure 2.8 g-h), with a 6% difference in the coefficient of

determination between canopy covers.

Relationship between in situ NDVI (SS2), biomass and satellite sensors

The relationship between in situ NDVI and mean biomass in Closed canopy was
significant (F (1, 3) = 41.89, R? = 0.92, p = 0.007), whereas this relationship was not significant
in Open canopy with a lower coefficient of determination of 0.54 (Figure 2.9 a-b). The
comparison between in situ NDVI and satellite sensor NDVI showed that in Closed canopy,
the NDVI values for all sensors, except for Sentinel (t ) =-0.4, p = 0.7), were significantly
higher than in situ NDVI. In Open canopy, only MODIS (t .7) = -2.5, p = 0.04) and
PlanetScope (t (7.1) = -3.0, p = 0.01) were significantly higher than in situ NDVI. The

relationships between in situ NDVI and the various satellite sensor’s NDVI (Figure 2.10 a-h)
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showed that there were significant relationships between MODIS (F (1,3 = 22.09, R?> = 0.88, p
=0.01, Figure 2.10 a) and Landsat (F (1,3 = 22.04, R? = 0.88, p = 0.01, Figure 2.10 b) in
Closed canopy. The relationship between finer scale NDVI (Sentinel and PlanetScope) and
MODIS NDVI in Closed canopy was not significant for both Sentinel (R? = 0.13) and
PlanetScope (R? = 0.06). Similarly, there was a significant relationship between in situ NDVI
and MODIS (F @1, 3 = 16.4, R? = 0.85, p = 0.02, Figure 2.10 e) and Landsat (F (1,3 = 18.17, p
=0.02, Figure 2.10 f) in Open canopy, with this relationship deteriorating for Sentinel (R? =
0.35) and PlanetScope (R? = <0.01). The difference in coefficient of determination between
in situ NDVI and Sentinel NDVI in Closed and Open canopy indicated that this relationship
was substantially higher (~0.20) in Open canopy, whereas there was no relationship at all
between in situ NDVI and PlanetScope NDVI.

Relationship between MODIS NDVI and aggregated Landsat and Sentinel NDVI at MODIS

scale

The linear regression with aggregated Landsat as the predictor variable in Closed and
Open canopy was statistically significant, with a moderate positive relationship in Closed
canopy, and a strong positive relationship in Open canopy (Closed canopy: F (1,6 = 11.54, R?
=0.66, p = 0.014, Figure 2.11 a; Open canopy: F 1,7y = 19.31, R? = 0.73, p = 0.003, Figure
2.11 b). The linear regression with aggregated Sentinel NDVI as the predictor variable in
Closed and Open canopy was statistically significant, with a very strong relationship in both
canopies (Closed canopy: F 1,12 = 108.2, R = 0.9, p = 0.001, Figure 2.11 c¢; Open canopy: F
.12 = 79.6, R? = 0.87, p = 0.001, Figure 2.11 d).

Comparison of NDVI variability between different satellite sensors

In both canopy types, MODIS had the lowest mean SD of 0.020 in Closed canopy and
0.028 in Open canopy (Figure 2.12). The SD of NDVI between Landsat, Sentinel, and
PlanetScope ranged between 0.040-0.053 in Closed canopy, with a range of 0.050-0.056 in
Open canopy, indicating similar variations in both sites. There was a significant difference in
the NDVI SD between sensors in both Closed canopy (F @, 52) = 15.4, p<0.001) and Open
canopy (F 3,52 = 7.86, p<0.001). Post hoc comparisons indicated that the NDVI SD of
MODIS in both Closed and Open canopy sites was significantly lower (p < 0.01) than the

35



NDVI from the other sensors. In Closed canopy only the SD of Landsat had a significant
change point at week 5 (p = 0.03), whereas the insignificant but probable change points of
MODIS, Sentinel, and PlanetScope occurred at week 2, week 3, and week 3 respectively. The
change points of NDVI SD in Open canopy were noticeably later than for Closed canopy,
with significant change points for MODIS and Landsat occurring at week 6 (p = 0.02) and
week 8 (p = 0.01) respectively. Insignificant but probable change points for Sentinel and
PlanetScope NDVI SD in Open canopy occurred at week 4 (p = 0.1) and week 3 (p =0.2)

respectively.

2.5. Discussion

This study aimed to determine the scaling relationship between in situ biomass and
NDVI in Closed and Open canopy savanna vegetation, and the scaling relationship between
the NDVI and NDVI SD of the different sensors, respectively. | found that herbaceous
biomass was, as expected, significantly higher in Closed canopy owing to reduced grazing
pressure and longer fire revisit period, but herbaceous biomass variability was similar in both
canopy cover types. The average NDV1 value range was low at the MODIS scale and as
expected, increased toward finer scales, with all NDVI ranges being higher in Closed canopy.
MODIS NDVI had the weakest relationship with herbaceous biomass with only a slight
difference between canopy cover types, while Landsat NDV1 had the strongest relationship
with herbaceous biomass in both canopy cover types. There was a strong relationship
between in situ NDVI and coarse resolution MODIS and Landsat NDVI. The relationship
between MODIS and aggregated Landsat and Sentinel NDV1 was overall stronger for
Sentinel, with both sensors having stronger relationships in Open canopy. NDVI variability
was significantly lower at MODIS spatial scale compared to all other sensors, with overall

variability being slightly higher in Open canopy.

Herbaceous biomass differed significantly between Closed and Open canopy
vegetation and between several sampled MODIS pixels. Mean pixel herbaceous biomass was
significantly higher in Closed canopy vegetation (1438 + 348 kg/ha) compared to that of
Open canopy (500 + 136 kg/ha) indicating a 187% difference in mean herbaceous biomass

between the two canopy cover types. This large difference could be attributed to several
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factors, including 1) tree-grass ratios between sites (Dantas et al., 2015), 2) grazing intensity,

and 3) land use type (Higgins et al., 1999).

Tree-grass ratios differed between these two sites with peak season canopy cover
being 59% in Closed canopy and 17% in the Open canopy site. These differences in canopy
cover (tree cover) can influence herbaceous biomass either negatively or positively. For
instance, positive influences such as increased soil nutrient levels below tree canopies
(Belsky et al., 1994), reduced evapotranspiration (Ludwig et al., 2004), and deterring grazing
via low hanging thorny canopies (Riginos et al., 2009) all facilitate increased below-canopy
biomass productivity. However, high canopy cover densities can also negatively impact
below-canopy biomass by limiting light access to below-canopy herbaceous (Belsky, 1994),
and increasing competition for water and nutrients (Scholes and Archer, 1997). Depending on
the interaction between these limiting or enabling factors associated with canopy cover,
biomass can either increase (Riginos et al. 2009) or decrease (Whitecross et al, 2016) below-

canopy cover.

Disturbances such as fires, human utilisation and feeding by herbivores also influence
tree-grass ratios (Scholes and Archer, 1997). In the Closed canopy site, these disturbances are
limited to mainly browsing by the few free-ranging herbivores found here. In contrast to this,
lower herbaceous biomass in the Open canopy site is a result of disturbances linked to
utilisation, such as grazing and fuel wood collection which impact not only the tree-grass
relationships (Scholes and Archer, 1997) but also the abundance of unpalatable vegetation
present through woody plant encroachment (Roques et al., 2001). The low number of
ungulates present in the Closed canopy site (WRF) relative to the large quantity of livestock
in the Open canopy site (TCR), where average cattle and goat herd sizes in this area are 19.8
and 5.6 per livestock owning household respectively (Dovie et al., 2006), which further

explains the large difference in herbaceous biomass between the two sites.

The overall mean herbaceous biomass in Closed and Open canopy showed a
continuous increase in herbaceous biomass starting at week 3 (early October 2020).
Vegetation in semi-arid savanna environments is closely linked to the availability of water
with the onset of vegetation green-up usually occurring after more than 15 mm of rainfall has
fallen (Archibald and Scholes, 2007; Hachigonta et al., 2008). The biomass increase (green-
up) occurrence in this study is comparable with findings by Whitecross et al. (2017), where
the mean green-up date between 2003 - 2014 for savanna landscapes in South Africa
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occurred between days 100-110 (day 100 = 9 Oct). Rainfall data from the WRF weather
station shows a total of 123.2 mm during October 2020 with 60.4 mm (49%) of the total
occurring within the first 5 days of October. This is well above the average October rainfall
compared to total rainfall occurring during October in previous years (2019-10 mm, 2018-7.6
mm, 2017-12 mm, 2016-31.6 mm) (Table 7A, APPENDIX A). This large amount of October
rainfall does not necessarily influence the green-up date but rather the end of the season is
likely to be extended. This will be discussed in chapter 3 where phenological metrics are
analysed. Notably, the change points in mean biomass occurred in week 7 (Early December)
for both Closed and Open canopy sites, suggesting that the timing of herbaceous biomass

increases were similar in both sites.

Drought events in the region are associated with climate variability (Malherbe et al.,
2016) with the last major drought occurring in 2015/2016 due to the EI Nifio—Southern
Oscillation. Savannas are resilient environments and can recover from moderate periods of
drought with herbaceous and woody plants recovering within one to two years (Swemmer et
al., 2018). Short-term droughts do not have a significant impact on trees but do impact
grasses in the Lowveld region (Swemmer, 2020). This may explain some of the variation in
mean biomass between canopy cover types but should not be considered a major factor as the
last intense drought occurred in the 2015/2016 season. Although the study area received
below average rainfall during the 2017/2018 season this can be viewed as part of the natural
rainfall variability associated with savanna environments (Knapp and Smith, 2001). Peak
biomass was reached at week 10 (January 2021) in Closed canopy and later, week 11, in
Open canopy (February 2021). This delay in peak biomass in the Open canopy site may be
due to anthropological influences such as biomass extraction via grazing and fuelwood
collection (Higgins et al., 1999), which continuously slows grass recovery and subsequently
extends the period at which peak biomass occurs. However, this assumption needs to
consider the long-term variability of phenological phases associated with savanna landscapes.
Herbaceous biomass variability was slightly higher in Closed canopy compared to Open
canopy. The average SD was 24% and 27% of the mean herbaceous biomass in Closed and
Open canopy, respectively. Variability also increased as mean herbaceous biomass increased
in both Closed and Open canopy. In a similar study, Wessels et al. (2006) measured a SD of
50% of the mean biomass across the full extent of KNP. This large variation was suggested to
be due to differences in herbivory intensity at sampling sites. This could explain why biomass

variability in the Open canopy site is slightly higher than Closed canopy biomass variability,
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as grazing intensity is more extensive in the Open canopy site compared to the Closed canopy
site. In the Open canopy site, some sampled areas did not allow access to grazers due to
fences and impenetrable bush encroachment which would also influence herbaceous biomass

differences.

The NDVI value range of each sensors’ time series increased at finer spatial scales in
both canopy cover types, except for Landsat which has the highest range of all sensors in
both canopy cover types, probably due to the lower sample size. This demonstrates the
unpredictability of savannas between spatial scales, as vegetation structure (specifically trees
layers) is unpredictable at the local scale, but predictability increases towards larger scales
(Staver, 2018) due to spatial aggregation (Wiens, 1989). The NDVI range of all sensors was
on average 27% higher in Closed canopy, reaffirming the more heterogeneous nature and
higher biomass of the Closed canopy site. Sensor specific weekly NDVI ranges show that
between week 1 and week 5 (September-November) MODIS NDVI is higher than all other
sensors in both canopy cover types, however, the rate of NDVI increases between week 1-5
differs between sensors and canopy cover types. These differences in the rate of NDVI
increase, from a canopy type perspective, could be due to ‘early-greener’ tree species which
are able to flush new leaves before the arrival of seasonal rainfall (Archibald and Scholes,
2007), compared to herbaceous vegetation (predominantly in the Open canopy site) where
green-up is strongly linked to water availability (February et al., 2013). This ‘head-start’ in
terms of green-up between Closed and Open canopy would explain why the NDVI increase
between weeks 1 and 5 is far greater in Closed canopy. In Closed canopy the finer resolutions
of Sentinel and PlanetScope showed the greatest increases in NDVI between weeks 1-5,
displaying their ability to obtain finer scale variation associated with the heterogeneous
nature of the Closed canopy site. Contrastingly, in Open canopy, coarse resolution MODIS
showed a similar percentage increase (76%) in NDVI between week 1-5, to PlanetScope

(71%), showing that the ‘scale effect’ is less influential in homogenous landscapes.

The coefficients of determination (R?) for all sensors at both sites ranged between
0.38 to 0.67, with higher values occurring in Open canopy. Wessels et al. (2006) investigated
the NDVI-Biomass relationship using AVHRR NDVI at 1-km? resolution in KNP and found
an average R? of 0.36. This is similar to the herbaceous biomass - MODIS relationship in the
Closed canopy site (R?=0.40). Interestingly, the study by Wessels et al. (2006), found that
tree cover did not have a major influence on NDVI-Biomass relationship. This may be due to

the larger 1 km spatial resolution of AVHRR which would aggregate the variations between
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Closed and Open canopy within its measured NDVI. Open canopy herbaceous biomass -
MODIS relationship (R?=0.44) was very similar to the relationship in Closed canopy
(R?=0.40), which is the lowest difference between Closed and Open canopy cover of all
sensors, suggesting that tree canopy cover does not influence the biomass-NDVI relationship
at MODIS scale (250 m), within these two sites. However, given that these data are from only
2 case study sites, further research is needed to determine if these results can be applied in
larger areas and/or other contexts. Landsat NDV1 showed the strongest herbaceous NDVI-
Biomass relationship with R% of 0.64 in Closed canopy and 0.60 in Open canopy, showing a
similar outcome to MODIS in terms of a small difference in the relationship between Closed
and Open canopy cover. However, due to the low sample size (owing to limited Landsat
scene availability), these results may be subject to Type Il errors. Chapungu et al. (2020)
used Landsat Thematic Mapper NDVI, which has a spatial resolution of 30 m, to estimate
biomass in northern Zimbabwe, and found a predictability value of R? = 0.46 based on 20
samples. This is significantly lower than the Landsat R? that | found, further suggesting that
the small sample size in this study may have influenced the outcome. At Sentinel and
PlanetScope scale there was a larger difference in R? between Closed canopy (Sentinel =
0.53; PlanetScope = 0.54) and Open canopy (Sentinel = 0.63; PlanetScope 0.60). This could
be due to finer scale observations capturing local variations. The NDVI-Biomass relationship
would be stronger in Open canopy as it is a direct measurement, whereas in Closed canopy
the NDVI is capturing measurements from the top of canopy in most instances. Given that
Landsat yielded fewer cloud free samples compared to all other sensors in this study, both
Sentinel and PlanetScope seem to be more accurate predictors of herbaceous biomass in this

study, with both having higher R? values in Open canopy.

The choice of spatial resolution depends on the type of management need, where
coarse resolution could be used for large regions undergoing rapid environmental change and
fine resolution could be used in localised areas where heterogeneity is high (Tsalyuk et al.,
2017). This speaks well to the herbaceous biomass-NDVI relationship between Sentinel and
Planet in Closed canopy (Sentinel Closed canopy, R? = 0.50, Planet Closed canopy, R? =
0.51) and Open canopy (Sentinel Open canopy, R? = 0.59, Planet Open canopy, R? = 0.58) as
these finer scales show improved predictability of herbaceous biomass. This slight increase in
herbaceous biomass predictability indicates that canopy cover may influence the reliability of
NDVI in measuring biomass at finer scales, whereas coarse resolution products such as

MODIS and AVHRR do not seem to be influenced by canopy cover in a savanna setting.
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This can also be linked to the heterogeneous nature of savanna landscapes, as coarse
resolution products are likely to capture more-or-less the same ratio of grass and trees which

can result in an ‘averaging-effect’ (Wiens, 1989).

Very fine scale NDVI measurements derived from the SS2 device showed contrasting
results in the in situ NDVI-Biomass relationship between Closed and Open canopy. There
was a very strong relationship between in situ NDVI and biomass in Closed canopy (R? =
0.92), and a moderate relationship in Open canopy (R? = 0.54). This strong relationship in
Closed canopy may be a consequence of the effect of shadows cast by tree canopies as the
reduction of incoming solar radiation can cause an increase in NDVI values (Allen et al.,
2009; de Souza et al., 2021). This would inaccurately correlate with the high herbaceous
biomass measurements in the Closed canopy site. Marin et al. (2020) found a moderate
relationship (R? = 0.48) between fine scale NDVI (using GreenSeeker handheld crop sensor)
and turfgrasses. Their results reflect a similar relationship to the NDVI-Biomass relationship
in the Open canopy site of this study (R? = 0.54), which was not influenced by the shadow
effect. For this reason, caution must be taken in the interpretation of in situ NDV1 results

derived from Closed canopy.

The relationship between in situ NDVI and satellite derived NDVI showed a strong
relationship at coarse scales in both canopy covers (MODIS and Landsat-R? >0.8). However,
at finer scaled Sentinel and PlanetScope, but especially particularly for PlanetScope
(R2<0.05), this relationship collapses. Although the SS2 device was calibrated to match the
Red and NIR bands of MODIS, this should not significantly influence these relationships as
the NDVI ranges (Figure 2.5) showed that only Sentinel was significantly different. The
strong relationship between in situ NDVI and MODIS and Landsat may be due to the
aggregation effect whereby fine scale variance is averaged out at coarser scales (Wiens,
1989), making it appear as though there is a strong relationship. Lastly, it must be noted that
only 5 weekly averaged in situ NDVI samples (due to equipment delay) for each canopy

cover type were available, thus this small sample size may result in Type Il errors.

Variability changes when the scale of measurement changes, thus averaging values
from finer scale to coarser scale should increase the strength of the relationship (Tarnavsky et
al., 2008). The strength of this relationship can provide insight into the nature of
heterogeneity within a region of interest (Levin, 1992). Aggregating NDV|1 data from Landsat
and Sentinel to the spatial scale of MODIS in Closed and Open canopy, provides insights as
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to how savanna vegetation predictability differs between tree and grass layers. It is expected
that aggregated Landsat and Sentinel NDV1 in Open canopy (predominant grass layer) will
correlate with MODIS NDVI better as grass biomass has less variation between scales
(Staver, 2018), compared to the tree layer in the Closed canopy site which is more variable
between spatial scales. The MODIS-aggregated Landsat NDVI1 relationship in Closed (R? =
0.66) and Open (R? = 0.73) canopy demonstrates how MODIS NDVI relates relatively well
with aggregated Landsat NDVI, but more so in the more homogenous Open canopy. The
MODIS-aggregated Sentinel relationship in Closed (R? = 0.90) and Open (R? = 0.87) is
significantly higher in both canopy types compared to that of aggregated Landsat. Based on
these spatially aggregated results, it is apparent that; 1) the relationship between coarse scale
observations (MODIS) and spatially aggregated observations improves when aggregated
observations are derived at fine scale and 2) the strength of this relationship can inform us
about the level of heterogeneity (e.g., the MODIS-aggregated Landsat/Sentinel is stronger in
Open canopy due to the homogenous nature of that area, and vice versa for Closed canopy).
Given that the level of heterogeneity can be inferred by establishing a relationship between
coarse scale observation and aggregated fine scale observations (High R = low
heterogeneity, Low R? = High heterogeneity) it may be possible to monitor savanna

landscapes at coarser scales whilst still accounting for fine scale variability.

The NDVI variability between sensors within Closed and Open canopy showed that
variability at coarse scale (MODIS) was significantly lower than variability at smaller scales
in both canopy cover types, as local scale effects are averaged out at MODIS scale. Both
Closed and Open canopy had relatively low NDVI variability at MODIS scale, with both
having an average NDVI variation of 0.02, which further emphasises the ‘averaging out’
effect. However, only 6 MODIS pixels were sampled in each site which may have
contributed to the low average NDVI variation. Thereafter, variability increases along a
decreasing spatial gradient in both Closed canopy (Landsat = 0.04, Sentinel = 0.05,
PlanetScope =0.05) and Open canopy (Landsat = 0.049, Sentinel = 0.056, PlanetScope =
0.056), but are very similar in terms of variability between spatial scales. Interestingly,
although very similar, the average variability in Open canopy was slightly higher compared
to Closed canopy, as it is assumed that the homogenous nature of the Open canopy site would
have lower variability. This slight difference could be attributed to the previously mentioned
impacts of extensive grazing and resource collection in the Open canopy site as

anthropogenically induced grass/tree ‘patchiness’ fluctuates through space and time (Mograbi
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et al., 2019). This highlights the importance of considering land use function as a determinant
of savanna variability. Looking at NDVI variability at finer scales (Sentinel and Planet) these
sensors showed an increase in variability up until week 6 after which variability gradually
reduced. This rapid increase in variability could be due to the difference in species-specific
green-up times, and the finer scaled sensors being able to capture this. Species such as
Termilia sericea and Combretum collinum flushed new leaves between weeks 1 and 3 (Sep
16-Oct 17), whilst other species were yet to flush new leaves (Field observation).
Interestingly, variability at fine scales in Closed canopy and Open canopy gradually
decreased after week 6, however in the Open canopy site variability started to increase from
week 10 until week 14 (end of data collection period). This may also be due to the difference
in senescence timing between species (Masia et al., 2018). Photographs and in situ visual
observations showed that in both sites, Termilia sericea, Combetrum collinum, Croton
megelobotrys and Vachelia exuvialis began senescence by week 12 (late March 2021).
Although these species-specific green-up and senescence events occurred in both Closed and
Open canopy sites, canopy cover may have influenced observed NDVI variation in the
Closed canopy site by obscuring the senescence of herbaceous biomass to the sensor.

In conclusion, | found that the relationship between NDVI and biomass was scale
dependent in these heterogenous landscapes. This relationship at MODIS scale was moderate
(R? = 0.4) and showed no clear difference in R2values between Closed and Open canopy
vegetation suggesting that NDVI-Biomass regressions at MODIS scale in heterogenous
landscapes are inaccurate as the Closed canopy site had a significantly higher average
biomass. Finer scale Sentinel and PlanetScope were better predictors of biomass and showed
an increase in R? in Open canopy. Surprisingly in situ NDVI related poorly with biomass in
the Open canopy site, however, more research is needed as only a few samples of in situ
NDVI were recorded in this study. The aggregation of fine scale NDVI to coarse scale
increased the relationship between MODIS NDVI and finer scaled Landsat and Sentinel
NDVI, as expected (Wiens, 1989), interestingly, the aggregation of Sentinel NDV1 has
enhanced capacity in capturing savanna heterogeneity as there was only a slight difference in
the relationship between Closed and Open canopy. Lastly, as expected, NDVI variability
increased at finer scale observations in both canopy covers. Unexpectedly though, NDVI
variability was slightly higher for all sensors in Open canopy. This was likely due to land use
functions such as extensive grazing and resource collection in this area, highlighting the

influence of land use functions on landscape stability.
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2.7. Tables and Figures

Closed canopy Open canopy

Figure 2.1: Progression of herbaceous biomass growth in Closed canopy (Left quadrant) and Open
canopy (Right quadrant) at weeks 1 (September), 4 (October), 8 (December), and 12 (February).
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CHAPTER THREE: Influence of spatial scale on phenological metrics
derived from remotely sensed NDVI time series in contrasting savanna

landscapes, South Africa

3.1. Abstract

Vegetation phenology plays an essential role in our understanding of land surface
processes, which are likely to be influenced by climate change at various spatio-temporal
scales, affirming the need for a multi-scale monitoring approach. The non-linearity of
vegetation phenology in African savannas makes it difficult to monitor long-term phenology
trends. Climate change is expected to further modify savanna phenology in ways that are not
yet understood. Due to its heterogeneous nature, savannas result in a system with phenologies
that differ across space and time. Earth observation satellites have been used to monitor
phenology at various spatial and temporal scales, predominantly in the temperate northern
hemisphere. Several studies have evaluated phenology in southern hemisphere savannas
using products with coarse spatial resolutions. However, these coarse products are ineffective
at capturing accurate phenology estimates due the mixed composition of vegetation types
associated with savanna environments. In this study, | used NDV1 from four different satellite
sensors to investigate how NDVI derived phenological metrics compare across spatial scales
and how precipitation and temperature influence metrics at these different spatial scales in
Closed and Open canopy cover over a seven year period (2016 - 2021). On average
phenological metrics occurred later at coarser scale and earlier at finer scale. Phenological
metrics varied significantly across years, with some metrics, with metric variation ranging
between 9 to 30 days. The timing of rainfall was both positively and negatively correlated
with different phenological metrics with the strength of these correlations differing between
spatial scales. These show that spatial scale has a significant influence on the estimation of
phenological metrics finding that support the notion that finer resolution products perform
better at estimating phenology and should therefore be preferred over coarser resolution

products to monitor savanna phenology.

Keywords: Canopy cover, Heterogeneity, NDVI, Phenology, Spatial scale, TIMESAT
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3.2. Introduction

Savanna ecosystems are generally defined as an area with a combination of an uneven
tree layer at variable densities, and a consistent grass layer (Scholes and Archer, 1997,
Huntley and Walker, 2012). Approximately 18% of the Earth’s terrestrial surface is occupied
by savanna ecosystems (Grace et al., 2006), with about 50% of savanna ecosystems covering
the African continent (Osborne et al., 2018). In southern Africa, savanna ecosystems support
an increasing human population through socio-economic services such as fuel wood
collection, traditional medicine, wild fruits, and cattle grazing (Shackleton, 2005; Twine,
2005). Savanna ecosystems also host the largest diversity of ungulates (Sankaran et al., 2005)
and provide regulating ecosystem services such as carbon storage (Grace et al., 2006). These
socio-economic and ecological functions of savanna ecosystems therefore support human
livelihoods and biodiversity of plants and animals (Lehmann et al., 2011). However, land
degradation and the effects of climate change have changed species compositions and
reduced vegetation productivity in these landscapes (Scheiter et al., 2012). These
anthropogenic influences on savanna ecosystems call for monitoring techniques that can

assist with conservation and management actions.

Plant phenology is the study of cyclic plant stages such as budburst, leaf emergence,
and senescence (Lieth, 1974). The timing and drivers of phenological stages are seen as
proxy indicators of climate change, climate variability and vegetation growth (Running and
Hunt, 1993). Thus, monitoring vegetation phenology is an valuable component of land
surface change research (Ma et al., 2013). Phenological cycles in southern African savannas
are unpredictable as vegetation phenology is strongly linked to the onset of the first
substantial precipitation events (Whitecross et al., 2017), which are highly variable across
spatial and temporal scales (Lehmann et al., 2011). Coupled with the unpredictable
phenological cycles, is the intrinsically heterogeneous nature of savanna ecosystems. The
tree-grass ratios in savannas are influenced by several other factors such as fire, herbivory,
soil moisture, nutrient availability, and topography (Scholes and Walker, 1993; Lehmann et
al., 2014). Furthermore, many tree species flush new leaves before the onset of the first
substantial precipitation events (Higgins et al., 2011; Whitecross et al., 2017), allowing them
to develop when there is reduced competition from grasses (Scholes and Walker, 1993), thus
further complicating the prediction of savanna phenology. These heterogeneous

characteristics of savannas make it difficult to monitor savanna phenology.
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Ground based phenological studies are useful as they record accurate timings of
phenological stages and can differentiate these stages between different species (Piao et al.,
2019). However, ground-based techniques are labour intensive and expensive, making them
impractical for regional and continental scale phenological studies. The advancement of
remote sensing technologies has provided an effective method of monitoring long-term
phenology on a global scale (Davis et al., 2017; Gallinat et al., 2021). Unlike ground-based
observations, satellite sensors observe all ground features within the field of view of the
satellite sensor (Matongera et al., 2021). The spatial resolution (instantaneous field of view),
temporal resolution (frequency of data acquisition) and spectral resolution (wavelength range
that a sensor can capture) differ between satellite sensors. Some of the most commonly used
sources of satellite data for phenology research are the Advanced Very High Resolution
Radiometer (AVHRR) (Fontana et al., 2008), Moderate Resolution Imaging
Spectroradiometer (MODIS) (Gong et al., 2015), Landsat (Tomaszewska et al., 2020), and
Sentinel-2 (Vrieling et al., 2018).

Vegetation phenology studies use specific wavelengths to derive Vegetation Indices
(VIs), which are measures of vegetation state and condition (Vrieling et al., 2018). One of the
most frequently used VIs is the Normalised Difference Vegetation Index (NDVI) which
measures the photosynthetic activity of vegetation by quantifying the amount of reflected
Near Infrared (NIR) light, and absorption of Red light (Tucker, 1979). The NDVI has been
used for phenology characterisation in numerous studies, however, given that spatial and
temporal resolutions differ between satellites sensors, the choice of satellite products needs to
be considered. The spatial resolution of the data source used requires careful consideration in
phenological studies, particularly in heterogeneous environments where the phenological
stages differ between species (White et al., 2009). Similarly, the temporal resolution of data
sources can influence the accuracy of the estimation of phenological stages (Piao et al.,
2019). For instance, AVHRR provides daily imagery at a spatial resolution of 1 km, which
allows for incremental changes to be identified, but the low spatial resolution generalises
vegetation development and does not capture species-specific development (Shen et al.,
2015). Alternatively, Landsat has a spatial resolution of 30 m, making it better suited in
capturing species-specific changes, however, its 16-day temporal resolution is not adequate
enough to capture accurate changes in vegetation development (Robinson et al., 2017). More
recently, high spatial resolution Sentinel-2 (10 m) and PlanetScope (3 m), with temporal

resolutions of 5 days and 1 day respectively, make these sensors ideal for monitoring local
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vegetation processes (Matongera et al., 2021), however, their recent deployments do not

allow for analysis of long-term phenological trends.

Phenology studies classify vegetation stages, known as phenological metrics, into
distinct events which include Start of Season (SOS), Peak of Season (POS), and End of
Season (EOS). These phenological metrics are derived from VI time series data (Zeng et al.,
2020). The methodologies used to identify phenological metrics from a VI time series are
either threshold-based (e.g., 50% of the VI time series amplitude), or change detection based
(e.g., where the largest increase/decrease occurs) (Zeng et al., 2020). The method used to
extract phenological metrics can result in big differences (up to 100 days), thus phenological
comparisons should only be drawn where similar methods are used (Beurs and Henebry,
2010).

Phenological metrics derived from course spatial resolution sensors are comprised of
a variety of different plant species, thus capturing a mixed spectrum of vegetation activity
(Zhang et al., 2017), which limits the representativeness of species-level phenology (Delbart
et al., 2005). This is particularly relevant in heterogenous event-driven ecosystems such as
savannas (Parrini and Erasmus, 2009). Many phenological studies are based on a single
spatial and/or temporal scale, thus the findings are limited to those scales (Wiens, 1989;
Levin 1992). Several studies have characterised South African savanna phenology using
coarse spatial scale products such as AVHRR (e.g., Wessels et al., 2011) and MODIS (e.g.,
Archibald and Scholes, 2007; Whitecross et al., 2017). Considering the heterogeneous
structure and event-driven nature of savanna ecosystems, the use of these coarse products
makes it challenging to accurately monitor phenological behaviours, which differ between
spatial scales. To the best of my knowledge, no studies have to this day used a combination
of coarse and fine spatial resolution products to characterise savanna landscapes in South
Africa. Utilising a multi-scale approach to derive phenological metrics can provide better

insights into the spatially explicit phenology relationships in savanna landscapes.

This study, therefore, assesses how coarse spatial resolution (hereon referred to as
‘coarse scale’) and fine spatial resolution (hereon referred to as ‘fine scale’) NDVI products
influence phenological metrics in Closed and Open canopy vegetation in a semi-arid savanna.
In the Closed canopy site, | predicted that phenological metrics would vary across spatial
scales due to the heterogenous tree-grass ratios and presence of early green-up tree species. In
the Open canopy site, | expected that phenological metrics would be similar across spatial
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scales due to its homogenous composition of mainly grasses and herbaceous vegetation. |
further predicted that NDV1 variability between sampled pixels would be larger at finer
scales compared to coarser scales and to a greater extent in the Closed canopy site compared
to the Open canopy site.

3.3. Methods

3.3.1. Data Collection

Time series preparation

| used TIMESAT version 3.3 (Eklund and Jonsson, 2017) to extract seasonal
phenological metrics from fitted NDVI time series data. TIMESAT uses time series data from
satellite derived vegetation indices, which allows for seasonal analysis of vegetation
phenology (Eklund and Jonsson, 2017). Phenological metrics derived from TIMESAT
included Start of Season (SOS), Peak of Season (POS), Length of Season (LOS) and End of
Season (EOS) (Figure 3.1). The use of TIMESAT requires time series data to have a
consistent number of vegetation index values (or images) per year throughout the full
analysis period for accurate comparisons within sensors across years. All MODIS data were
used as its time series dataset consists of 16-day Maximum Value Composites (MVC), which
reduces the impact of cloud cover and subsequent data gaps in the NDVI time series. For
phenology extraction, data gaps are undesirable as they reduce the accuracy in capturing the
onset/offset of phenological metrics, making the selection of quality data crucial. Since the
MODIS product is the least affected by cloud cover, this allowed for 23 MODIS images per
year throughout the analysis period between 2015 and 2021 (n=161). In comparison, Landsat
and Sentinel are more prone to data gaps: of all the satellites used, Landsat has the longest
revisit period (one scene every 16 days) which makes it highly susceptible to cloud cover and
subsequent data gaps, especially during the summer months. TIMESAT only estimates
phenological metrics from the second complete time series (second year) and onwards.
Duplication of the first years’ time series is described in the TIMESAT manual (Eklundh and
Jonsson, 2017) to artificially complete missing data, allowing for phenological metrics to be
extracted for that year. Since Sentinel data are available from November 2015, | duplicated
data from 2016 to create a complete 2015 time series, thereby forcing the TIMESAT program
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to output the 2015/2016 seasons phenological metrics. To remedy the issue of data gaps due
to cloud cover in both Landsat and Sentinel datasets, | used the year with the lowest number
of available ‘clean data’ (cloud free) as the standard number for all years within that sensor’s
time series (MODIS n=23/year, Landsat n=12/year, Sentinel n=20/year). The total number of
NDVI raster images for MODIS, Landsat, and Sentinel across the full temporal extent of the
analysis were 161, 84 and 140 respectively. Although the total number of images differed
between the satellites, the aim was to ensure a consistent number of images per year for each

satellite, allowing comparisons of phenological metrics between years, within sensors.

To ensure that annual time series data were evenly distributed within sensors, | used
linear interpolation as a method to fill in ‘gaps’ between data (Pan et al., 2017) using the
things package in R (Baumgartner and Wilson, 2021). For example, if the Landsat raster for
February was absent due to high cloud cover (high precipitation occurs between January and
February in the study area), the Landsat raster of January and March would be used to create
a linearly interpolated Landsat raster for February. Given the temporal extent restriction of
the PlanetScope data (only data from September 2020-June 2021 was acquired), | used data
from 2021 to complete the missing data from the corresponding months in 2020, thereafter |
used linear interpolation to create raster scenes for July and August. After filling in data gaps,
the average temporal distribution of images (i.e., the number of days that occur between each
image) for MODIS, Landsat, Sentinel and PlanetScope were, 15.8 days, 30.41 days, 18.25
days, and 15.8 days, respectively.

Extracting phenology metrics

Before extracting phenological metrics, | smoothed the raw NDVI time series data
using a moving average filter (Savitzky-Golay), due to its superior ability in minimising noise
and maintaining the original time series trajectory (Pan et al., 2017). Smoothing of the data
reduces the influence of outliers and discrepancies at different time intervals, allowing for
more accurate phenological metric outputs (Eklund and Jonsson, 2017). The SOS and EOS
values were based on the seasonal amplitude of the time series, which was set at 50% for both
SOS and EOS (Figure 3.1). | used the Seasonal Trend decomposition by LOESS (STL)
method which further smooths the time series using a locally weighted regression smoother
(Cleveland et al., 1990). Once | defined and processed all parameters, | extracted
phenological metrics and fitted NDV1 time series values based on row and column identity,
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ensuring that extracted data corresponded with sampled pixels. For both phenological metrics
and fitted NDVI time series data, | calculated the mean and standard seviation (SD) of
sampled pixels (Figure 3.2), with the average of these mean values being used as overall
values for Closed and Open canopy sites. Finally, | acquired monthly precipitation and
temperature data from the WRF weather station (Davis Vantage Pro 2) between 2015 to June
2021 in order to determine if precipitation and temperature trends correlated with the trends
of the phenological metrics (Table A4 and A5, APPENDIX A). As a point of clarification,
the austral summer occur across separate years (December to March), therefore 2015/2016
refers to the 2016 season, 2016/2017 refers to the 2017 season, and so on until 2020/2021.

3.3.2. Data Analysis

NDVI time series trends and comparisons between sensors

| used the minimum, maximum, mean, and standard deviation of the NDVI values
from the fitted time series for each sensor for the duration of the study period (apart from
PlanetScope, with only one season available) to calculate differences between Closed and
Open canopy sites and between sensors. Due to the differing number of samples per sensor
for these comparisons, | used MODIS values that closely matched the acquisition date of
Landsat, Sentinel and PlanetScope. To determine if there were long-term changes in the
NDVI time series of all sensors in both canopy cover types, | used the seasonally adjusted
Mann-Kendall test. I used Sen’s slope estimator to determine if the overall time series trend
was increasing or decreasing. | used the Pettitt test method to determine if there were any
abrupt change points in the NDVI time series. Change points indicate when there is a
significant change in the measurer of central tendency of the time series (Bornez et al., 2021).
The comparisons of the NDVI time series of all sensors and their associated Sen Slope and
change points may show how observations and different spatial scales influence the estimated
rate of annual change in NDV1 and probable change points. To test for differences in NDVI

time series between sensors in the same canopy cover type, | used an unpaired students t-test.
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Cross-correlation of time series NDVI

To establish whether there was a time delay between sensor time series, | performed a
cross-correlation (tseries package in R, Trapletti and Hornik, 2020) to compare different time
series datasets and identify how they matched up at different time intervals or lag intervals
(Bourke, 1996). This is essential when comparing phenological metrics from different time
series datasets as it ensures that phenological metrics are comparable since the number of
days between images differs between all sensors used. Before performing cross-correlations,
| standardised the NDVI time series of each sensor in both Closed and Open canopy,
allowing for a mean of zero and a SD of one, which ensured that coefficients were on the
same scale (Burnham and Anderson, 1998). Thereafter, | used the Dicky-Fuller test to
determine if data were stationary, and normality was tested using the Shapiro-Wilks test. The
lag interval identified in the cross-correlation was applied to the extracted phenological
metrics to allow for improved accuracy in comparisons between sensors/scales. For example,
if the correlation between MODIS and Landsat was strongest at a lag interval of -1, then the
number of days between each Landsat composite (30.4 days) was subtracted from the

phenological metrics derived from the Landsat NDVI time series.

Phenological metric comparison between different sensors in Closed and Open canopy

For this part, | compared the phenological metrics from the 2020/2021 season when
all sensors had phenological metrics present. This was followed by a comparison of the
average phenological metric values between 2015/2016 and 2020/2021 for MODIS, Landsat,
and Sentinel sensors only. 1 used a repeated measures ANOVA to identify if there were
significant differences in phenological metrics between sensors. Thereafter | did a pairwise
comparison test to establish which sensor/s recorded significantly different phenological
metrics. | used an independent samples t-test to verify if there was a significant difference in
phenological metrics between Closed and Open canopy cover. Following the technique used
by Fisher and Mustard (2007), I used linear regression models to test the relationship of
phenological metrics between the sensors, using the phenological metrics from each growth
season, excluding PlanetScope (n=6), for both Closed and Open canopy covers. Finally, |
produced phenology maps depicting the mean value for each phenology metric over the study
period to visually display the difference between Closed and Open canopy, and to show the

mix-pixel effect at finer scales (Code in Appendix B).
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Precipitation and temperature influence on phenology

Using the precipitation and temperature data collected from the WRF weather station,
| calculated the total precipitation for each year. | created 5 climatic variables for each
season, which included Early precipitation (Total October and November precipitation), Mid
precipitation (Total January and February precipitation), Late precipitation (Total March and
April precipitation), Total annual precipitation, and Average annual temperature. To interpret
how precipitation and temperature influence phenological metrics, | evaluated the correlation
between the Day of Year (DOY) for each phenological metric, and climatic variables, using a
Pearson correlation test. Lastly, | used a repeated measures ANOVA to determine if there is a

significant difference in precipitation and average temperature between years.

3.4. Results

NDVI time series comparison

Mean MODIS and Landsat NDV1 values were not significantly different in both
Closed (t (166) = 0.91, p = 0.360) and Open canopy (t (66) = 0.82, p = 0.820) (Figure 3.3).
Sentinel NDVI was significantly lower than both MODIS and Landsat in both Closed
(MODIS: t 275y = 5.40, p = 0.001; Landsat: t (165) = -5.27, p = 0.001) and Open canopy
(MODIS: t 275y = 4.50, p = 0.001; Landsat: t 165y = -5.97, p = 0.001). The NDVI signal from
all sensors in Open canopy showed a lower amplitude compared to the NDVI signal in
Closed canopy (Figure 3.4). Mean SD for all sensors was significantly higher in Closed
canopy (t @) =6.93, p =0.002) compared to the NDVI of sensors in Open canopy. For both
sites, Landsat NDVI had the highest maximum and Sentinel NDV1 the lowest maximum
values (Table 3A, APPENDIX A).

The comparison of Mann-Kendall and Seasonal Sen’s Slope results between the
NDVI time series (2015/2016-2020/2021) of all sensors (except PlanetScope) in both canopy
cover types showed no monotonic trends (Table 3.1) for all sensor time series in both canopy
cover types. The Seasonal Sen’s Slope value indicates the annual average change in NDVI
for each sensor. All sensors in both canopy covers showed an increase in average annual
NDVI over time, with the average annual NDV1 increase in Open canopy being significantly
higher than the annual NDVI increase in Closed canopy (t 3) = 3.38, p = 0.040). MODIS had
the greatest annual NDVI change difference between Closed and Open canopy covers with a
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difference of 0.006. Landsat had the lowest difference in annual NDVI change between

canopy covers, with a difference of 0.001 between Closed and Open canopy.

The time series of MODIS had significant change points in both canopy cover types
(Closed canopy: k = 113, p = 0.020; Open canopy: k = 113, p = 0.001) with change points
being detected on 17 November 2019 (k values represent the NDVI composite number) in
both canopy types (Figure 3.4). There were no significant change points detected for Landsat
(p>0.05) in both Closed and Open canopy. Lastly, Sentinel had significant change points
detected in both canopy cover types (Closed canopy: k = 80, p = 0.040; Open canopy: k =80,
p = 0.002) with change points occurring on 05 December 2018 in both canopy cover types.

Cross-correlation of time series NDVI

There was a lag of -1 composite between MODIS and Landsat, and MODIS and
Sentinel in both sites (Table 3.2, Figure 1A, APPENDIX). Therefore, the number of days that
one MODIS composite represents (15.80 days) was subtracted from the phenological metric
values for Landsat and Sentinel. The correlation between Landsat and Sentinel, and MODIS
and PlanetScope NDVI time series was strongest at a lag of zero, thus no correction was

applied to the phenological metrics of these sensors.

Phenological metric comparison

In Closed canopy there was a significant difference in LOS between sensors (F (2, 15y = 4.50, p
= 0.020), where Sentinel was significantly lower than MODIS (p = 0.030, Figure 3.5). In Open
canopy, both POS and LOS were significantly different between sensors (POS: F 2, 15) = 4.20,
p =0.03; LOS: F (2, 15) = 4.20, p = 0.030) with Sentinel being significantly lower than MODIS
for both metrics (Figure 3.5). There were no significant differences in phenological metrics
between Closed and Open canopy across all sensors (t (142) = -0.089, p = 0.920, Figure 3.5).
Generally, there was a larger gap between the 25 and 75 percentiles in Open canopy compared
to Closed canopy. Interestingly, nearly all outliers occurred in the 2015/2016 and 2020/2021

seasons (Figure 3.5).
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Average phenological metrics between 2015/2016-2020/2021 season

The average DOY that the phenological metrics occurred across all seasons between
2015/2016 and 2020/2021 (Table 3.3) were considerably different when compared to the
DOY that the metrics occurred in the 2020/2021 season only (Table 3.4) (See Table 4A and
5A for metrics of each year, APPENDIX A). LOS, POS, and EOS were all longer/occurred
later at MODIS scale compared to the other sensors scales in both Closed and Open canopy
cover. The SOS occurred earlier in Closed canopy than on Open canopy for Landsat and
Sentinel, while there was no difference in SOS between Closed and Open canopy for
MODIS. Looking at all available sensors during these 6 years, the DOY at which each metric
occurred decreased on a coarse to fine spatial scale gradient (i.e. from MODIS to
PlanetScope) for all metrics, except for SOS where only Landsat SOS in Open canopy had a
higher DOY than MODIS (Table 3.3). The average SD of each phenological metric in Closed
and Open canopy showed large variations in the metric DOY between years (Table 3.5).
These variations ranged from 9.5 to 29.0 days across all sensors. There were no obvious
patterns in the SD for all metrics except for POS, which had a lower SD in Open canopy for

all sensors compared to Closed canopy.

Phenological metrics for the 2020/2021 season

For all sensors, SOS, POS, and EOS occurred earlier in Closed canopy than Open
canopy, with LOS being longer in the Closed canopy site compared to the Open canopy site
(Table 3.4). POS occurred on average 9.3 days later in Open canopy compared to Closed
canopy, with MODIS having the highest difference (24.2 days). For SOS, LOS, and EQS, the
difference (SD) in DOY between Closed and Open canopy only varied between 2.2-2.6 days.
There was no consistency in terms of phenological metrics occurring earlier or later as a
function of scale. POS and EOS were captured at a later DOY at coarse scale (MODIS and

Landsat) compared to finer scales (Sentinel and PlanetScope).

Phenological maps at sensor specific scale

At coarser scales, the SOS of nearly all sampled pixels occurred between 4 December
(DOY-338) and 11 December (DOY-345), with all the finer scale pixels SOS occurring
between 26 November (DOY-330) and 11 December (DOY-337) (Figure 3.6). POS derived
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from MODIS imagery ranged between 5 March (DOY-64) and 15 March (DOY-74) in most
sampled pixels, while Landsat derived POS was mostly between 22 February (DOY-53) and
04 March (DOY-63), and Sentinel derived POS showing a wide combination of dates (Figure
3.7). Canopy cover influence on LOS was not consistent across scales. MODIS for example
had a LOS between 166-176 days in Open canopy, and 177-187 days in Closed canopy, but
the difference was not as obvious with the other sensors (Figure 3.8). The EOS at Landsat
scale ranged between 11 June (DOY-527) and 18 June (DOY-534) in most sampled pixels,
while EOS at MODIS and Sentinel scale was between 3 June (DOY-519) and 10 June (DOY-
526) for the majority of the pixels (Figure 3.9). Note that EOS DOY precedes into the

following year.

Linear regressions of phenology metrics from different sensors

In Closed canopy, none of the Landsat and Sentinel phenology metrics showed
significant relationships (Figure 3.10). Relationships between MODIS and Landsat were
stronger for LOS and EQS, whereas the relationships of SOS and POS was stronger between
MODIS and Sentinel, all of which were statistically significant. In both canopy cover types,
LOS had the largest and POS had the lowest R? difference between sensors. In Open canopy,
MODIS and Landsat metrics had the strongest relationships (Figure 3.11). This contrasts with
Closed canopy where MODIS and Sentinel derived POS and SOS were the most closely
related.

Influence of precipitation and temperature on phenological metrics

The average annual rainfall was 470.0 mm, with below average rainfall occurring in
the 2015/2016 season (141.5 mm) and the 2017/2018 season (314.0 mm) (Figure 3.12). The
average annual temperature was 21.0°C with December having the highest average monthly
temperature of 24.5°C (Figure 3.12). The summer period had the highest rainfall with an
average total of 434.0 mm between October and April (Figure 3.12). Monthly precipitation
during winter from June through to September was low, with an average of only 3.8 mm.
January and February received the highest total amount of rainfall with an average of 95.3
mm and 94.8, respectively. Monthly precipitation varied greatly in October, January, and

February ranging between 33.3+48.5 mm, 95.3+53.0 mm, and 94.8+46.6 mm respectively.
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There was a significant difference in average monthly precipitation between years (H
) = 23.21, p = 0.003). Precipitation in the 2015/2016 season was significantly lower than all
other years, and 2016/2017 was significantly higher than the 2017/2018 season (Figure 2A,
APPENDIX A). There was also a significant difference in average monthly temperatures
between years (H (11)=61.41, p = 0.001), with the average monthly temperature of the
2017/2018 season being significantly lower than the monthly average of the 2018/2019
season (Figure 3A and 4A, APPENDIX A).

Mid precipitation (total January and February) correlated positively with LOS at MODIS (r =
0.94) and Landsat scale (r = 0.76), (Table 3.6). Mid precipitation was also positively
correlated with EOS in both canopy cover types at MODIS and Landsat scales, while there
was no correlation at Sentinel scale in Closed canopy (Table 3.6). Late precipitation (Total
March and April) was positively correlated with EOS at all scales in Open canopy and only at
MODIS scale in Closed canopy. Late precipitation was also positively correlated with LOS at
Sentinel scale (r = 0.81) in Open canopy only (Table 3.6). Early precipitation (Total October
and November) had a negative correlation with SOS at all scales in both canopy types
(negative correlation means that the onset of SOS is observed earlier), and a positive
correlation with LOS at MODIS (r = 0.92) and Landsat (r = 0.90) scale in Closed canopy, and
only MODIS (r = 0.86) in Open canopy (Table 3.6). Interestingly, Early precipitation only
correlated negatively with POS at Sentinel scale in both canopy types. Total seasonal
precipitation correlated negatively with SOS at MODIS and Landsat scales in both canopy
types, with LOS positively correlated at all scales in both canopy types. Lastly, there were no

significant correlations between average seasonal temperature and phenological metrics.

3.5. Discussion

The aim of this study was to determine how the spatial resolution of different satellite
products influenced the scaling relationship of phenological metrics in Closed and Open
canopy sites of a semi-arid savanna landscape. The results showed that Sentinel derived
NDVI was significantly lower than that derived from MODIS and Landsat. As predicted, the
average NDVI and the average NDVI variability of each sensors’ time series was higher in
Closed canopy than in Open canopy. The average SD between pixels of each sensor was

similar in both canopy cover types; however, variability increased at finer scales.
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Phenological metrics at Sentinel scale were significantly different to those at MODIS and
Landsat scales: the LOS was shorter in Closed and Open canopy and POS occurred earlier in
both canopy types. In both canopy cover types, SOS, POS, and EOS occurred later, and LOS
was longer at coarser scales (MODIS) compared to the finer scales of the other sensors.
Phenology between the 2015/2016-2020/2021 seasons varied with metric variability ranging
from 9.5 days to 29.0 days. There appeared to be no pattern regarding variability at different
scales, however, POS and EOS had the highest variability at Sentinel scale, while SOS and
LOS had the highest variability at Landsat and MODIS scale respectively. The relationship of
phenological metrics between sensors showed that LOS had the largest and POS had the
smallest difference in R? between sensors. The relationship of phenological metrics between
Landsat and Sentinel was weak and insignificant for all metrics. There was a strong
correlation between precipitation and the onset/offset of phenological metrics. Interestingly,
the strength of these correlations varied at different scales, with the timing of precipitation

(Early, Mid, and Late) influencing the onset/offset of metrics at different scales.

The average NDVI time series of Sentinel was noticeable lower than that of MODIS
and Landsat. This may be attributed to the inclusion of bare-ground and individual tree-grass
patches that fine scale observation capture, whereas ground cover features were aggregated at
coarser spatial resolutions. This is known as the modifiable areal unit problem (MAUP)
which essentially relates to how spatial analysis results change when the scale of observations
changes (Jelinski and Wu, 1996). This phenomenon occurs even in homogenous
environments (Levin, 1992), which further emphasises the importance of spatial scale
considerations in heterogeneous environments. In terms of average NDV| variability between
sampled pixels, variability increased at finer scales, which again, is likely due to the patchy
nature of savannas that coarser scale observations do not capture. Although the spectral
resolution of each sensor differs slightly (Table 3.1), which may affect the calculated NDVI
of each sensor (Huete et al., 1997), previous studies have established that there is still a
strong relationship between the NDVI of different sensors (Steven et al., 2003). The NDVI
time series of all sensors in both canopy cover types increased across years, which may be
due to the low base level of the 2015/2016 season as a result of the drought that occurred in
that season (Swemmer et al., 2020). However, the average annual NDVI increase was higher
in Open canopy for all the sensors, PlanetScope excluded. This difference could be due to
trees being more resilient to drought conditions compared to grasses (Swemmer, 2020), thus

higher grass recovery rates would result in a bigger annual NDV1 increase in Open canopy.
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Additionally, extensive cattle grazing and its subsequent promotion of bush encroachment
(O’Connor et al., 2014), and rapid coppice regrowth due to wood harvesting (Mograbi et al.,
2015) in the Open canopy site are also likely causes of higher annual NDVI increases
compared to the Closed canopy site. Significant change points were detected in the MODIS
and Sentinel NDVI time series which occurred in November 2019 and December 2018
respectively. These change points could indicate the recovery of the Closed and Open canopy
systems from the effects of the 2015/2016 drought or they could simply indicate periods
where the systems had remained stable and had not been adversely affected by variable
rainfall. However, for this research, these change points provide an indication as to when
these Closed and Open canopy systems remained relatively stable, and how phenological

metrics behaved within this period.

The average phenological metrics between the 2015/2016 and 2020/2021 seasons
showed significant differences in LOS, POS, and EOS between sensors. Interestingly, there
was no substantial difference in MODIS SOS in both canopy cover types. The average SOS
was the same in both canopy cover types (341 DOY-7"" December) which is surprising as it
was expected that early greening of trees in the Closed canopy site would result in an earlier
SOS. At finer Landsat and Sentinel scale, SOS occurred earlier (Landsat - 5 days, Sentinel-2
days) in Closed canopy, showing that even with a small sample size, finer scales observations
are better suited to capturing early greening. However, early greening varies across years due
to natural rainfall variability in southern Africa (Lehmann et al., 2011), temperature (Campo-
Bescds et al., 2013) and day length (Higgins et al., 2011) among many other environmental
cues. This variation suggests that focusing on the average SOS in savanna landscapes can be
misleading. For example, SOS in the 2020/2021 season occurred 30+ days earlier and in the
2015/2016 season 20+ days later than the average due to the early rainfall and drought events
occurring in those seasons respectively. Furthermore, the temporal gap between observations
can result in different SOS inferences, with one study suggesting SOS can differ by 30 days
between temporal resolutions (Xie and Wilson, 2020). SOS in this study had the highest
variability (22 days) in both canopy cover types compared to other metrics, making it tough
to establish any trend, patterns, or differences between sites. Instead, a study in a similar
landscape found that the dependence of grasses on rainfall contributed to a large variation in
grass SOS, compared to small SOS variation for trees which can store water and nutrients
(Archibald and Scholes, 2007).
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The influence of scale was more pronounced on LOS, POS, and EOS in both canopy
cover types. The average LOS decreased from coarse to fine scale in both canopy cover types
with an average difference of 34 days between MODIS and Sentinel. Canopy cover did not
influence the average LOS for all sensors with the largest difference being only one day at
Sentinel scale. Interestingly, LOS of the 2020/2021 season showed the same pattern of a
decrease in LOS from coarse to fine scale, however, at very fine PlanetScope scale LOS
increased (20 days longer than Sentinel) in both canopy cover types. This increase at
PlanetScope scale also occurred for POS and EOS, demonstrating a non-linear relationship
between phenological metrics and spatial scale. The average POS occurred earlier in Closed
canopy for all sensors. The average difference in POS between canopy cover types increased
from fine (1 day-Sentinel) to coarse (8 days - MODIS scale). This delay in POS between
canopy types was likely due to the timing of mid-season precipitation, and the constant and
extensive grazing pressure exerted on the Open canopy site. Interestingly this rainfall
variability and possibly the grazing pressure, were more pronounced at coarser scales,
whereas there was almost no difference at finer scales. This could be due to ecological time
lags associated with increased spatial scale observations (Wiens, 1989). Lastly, like LOS and
POS, the average EOS occurred later at coarse scale and earlier at finer scales with no
considerable difference between canopy cover types. As is the case with LOS and POS at
PlanetScope scale, EOS also increased at this very fine scale. Owing to only one season's
worth of PlanetScope NDV1 being used, it cannot be certain if this later occurrence of POS,
LOS and EOS is a function of scale as more samples are needed to confirm if this is a

consistent trend.

The visual representations of phenological metrics clearly show how phenology varies
between spatial scales. The SOS at MODIS scale occurred between 4 (DOY-338) and 11
(DOY-345) December for all sampled pixels in both canopy cover types, however, at finer
scales SOS occurred between 18 (DOY-322) November and 11 (DOY - 345) December,
demonstrating how coarser scales cannot capture the finer scale variation in the onset of SOS.
Interestingly, the LOS and EOS phenology maps at Landsat and Sentinel scale clearly show
the presence of a riparian zone which significantly increased the LOS of vegetation in these
areas due to increased water availability. However, this was not captured by coarse scale
MODIS, which further demonstrates how coarse scale observations do not accurately capture

landscape characteristics that can influence phenological metrics.
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In addition, | tested the relationship between the annual metrics of the different
sensors, which informs on whether metrics remain stable through all scale comparisons. |
predicted that the relationship between phenological metrics at different scales would be
more strongly related between coarser scales (MODIS and Landsat) as they aggregate a
mixture of species-specific phenology within their coarser pixels. | also expected a stronger
relationship in the Open canopy site due to its homogenous nature. Indeed, all MODIS and
Landsat phenological metrics had strong relationships (except EOS in Open canopy), with the
strongest relationship being found in Open canopy for all the metrics (except LOS). SOS had
a similarly strong relationship in both canopy cover types. Fisher and Mustard (2007) also
found a strong SOS relationship (R? = 0.60) between MODIS (500 m) and Landsat (30 m)
from deciduous vegetation. My results indicate a weak relationship between coarse and fine
scale derived phenological metrics, and that vegetation composition can further influence

these relationships.

Environmental cues such as precipitation and temperature may also influence not only
annual phenological metric variability but also the relationship of metrics between sensors as
vegetation responds differently to environmental cues at different scales (Tang et al., 2016).
The correlations between phenological metrics and climatic variables (precipitation and
temperature) suggest that the timing of rainfall influenced the onset of metrics differently, at
different scales (Table 3.6). It is well known that savanna phenology in southern Africa is
primarily driven by water availability (Scholes and Archer, 1997). However, the impact of
water availability on phenology at different scales is less understood. Higher amounts of
Early rainfall resulted in an earlier onset of SOS in both canopy cover types, and longer LOS
particularly at MODIS scale. Interestingly, Late rainfall extended EOS significantly in Open
canopy at all scales, however in Closed canopy the strength of this correlation weakened at
finer scales. This could be due to the reliance on water availability by grasses in Open
canopy, whereas the greater density of trees in Closed canopy would reduce
evapotranspiration (Ludwig et al., 2001), thus extending the water availability period.
Surprisingly, Mid rainfall did not have a significant impact on POS, instead Early rainfall
reduced the onset of POS significantly only at Sentinel scale in Open canopy but at both
MODIS and Sentinel in Closed canopy, suggesting that Early rainfall enabled grasses to peak
earlier at fine scales. Temperature had no influence on phenological metrics in this study,
although a study in the savanna biome southwest of the study area, found that temperature

increases contributed to the onsets of SOS (Barrett and Brown, 2021). The use of annual
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average temperature likely resulted in an absence of correlations between temperature and
phenological metrics, as it does not represent the inter-seasonal changes in temperature which

are a stronger determinant of savanna phenology (Campo-Bescés et al., 2013).

To conclude, my study sought to assess the trends of NDVI time series captured at different
spatial scales, how phenological metrics are influenced by these spatially different time
series, and how precipitation and temperature impact phenological metrics at different scales.
| found that the average time series NDVI decreased from coarse to fine scale, and NDVI
variability increased at finer scales. Spatial scale had a significant influence on LOS, POS,
and EOS with the onset/length of these metrics decreasing at finer scales. Only POS was
different between canopy cover types as its onset occurred later in Open canopy. Early, Mid
and Late rainfall influenced various phenological metrics with the strength of this influence
differing between scales and canopy cover type. Results thus suggest that fine resolution
sensors should be used in future savanna phenology studies as they are better suited to

capturing fine scale variability associated with savanna systems.
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3.7. Tables and Figures

Table 3.1: Summary of Mann-Kendall and Seasonal Sen’s Slope results for all sensors in both canopy

cover types.
Sensor Mar_m?KendaII Kendall's Variance p _ Seasonal
statistic Tau (S) value Interpretation Sens's Slope
MODIS Closed Canopy 137 0.28 1019.6 0001 RejectHo  0.0063
MODIS Open Canopy 193 0.40 1019.6  0.001 Reject Ho 0.0120
Landsat Closed canopy 78 0.31 532.0 0.001 Reject Ho 0.0093
Landsat Open Canopy 90 0.35 532.0 0.001 Reject Ho 0.0104
Sentinel Closed Canopy 118 0.28 886.6 0.001 Reject Ho 0.0078
Sentinel Open Canopy 170 0.40 886.6 0.001 Reject Ho 0.0110

Table 3.2: Results of cross-correlation between sensors in both Closed and Open canopy, where
bolded values indicate the strongest correlation.

Closed Canopy
e RO R? at lag intervals between t -3 and 3 Days bet_ween
between Sensors (y-x) Composites
-3 -2 -1 0 1 2 3
MODIS - Landsat 029 | 0.69 | 091 | 0.88 | 0.61 | 0.22 | -0.19 MODIS-15.8
MODIS - Sentinel 063 | 0.84 | 095 | 093 | 0.79 | 0.58 | 0.34
Landsat-30.4
MODIS - PlanetScope | 0.60 | 0.79 | 0.93 | 0.98 | 0.89 | 0.72 | 0.52
Landsat - Sentinel 0.01 | 040 | 0.75 | 092 | 0.86 | 0.55 | 0.12 :
- Sentinel-18.2
Sentinel - PlanetScope | 0.52 | 0.74 | 0.81 | 0.95 | 0.83 | 0.49 | 0.28
Open Canopy
MODIS - Landsat | 0.28 | 0.68 | 0.91 | 0.89 | 0.65 | 028 | -011 | " anetScope-158
MODIS - Sentinel 0.60 | 0.80 | 0.93 | 091 | 082 | 0.63 | 04
MODIS - PlanetScope | 0.61 | 0.81 | 0.94 | 0.99 | 0.92 | 0.76 | 0.56
Landsat-Sentinel -0.10 1 039 | 0.73 | 092 | 0.86 | 0.58 | 0.17
Sentinel - PlanetScope | 0.05 | 0.41 | 0.77 | 091 | 0.80 | 0.33 | 0.19
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Table 3.3: The average DOY each of the phenological metrics occurs within Closed and Open canopy
vegetation between the 2015-2021 season, for all sensors. The difference in DOY between canopy
cover types is also shown.

SOS LOS POS EOS
Sensor Closed Open diff Closed Open diff Closed Open diff Closed Open diff
MODIS | 341.8 341.8 0.0 183.1 183.8 -0.7| 4328 4414 -86| 525.0 526.8 -1.8
Landsat | 341.1 346.1 -5.0 1541 153.7 04| 4252 4286 -34| 517.2 519.7 -25
Sentinel | 340.2 3421 -1.9 149.7 148.4 1.3| 4149 416.1 -1.2| 508.2 508.8 -0.6
Table 3.4: DOY each of the phenological metrics occurs within Closed and Open canopy vegetation
for the 2020-2021 season, for all sensors. The difference in DOY between canopy cover types is also
shown. The SD of all sensors for each metric shows the variation between sensors.
Sensor SOS LOS POS EOS
Closed Open  diff | Closed Open diff | Closed Open diff | Closed Open diff
MODIS | 301.0 3078 6.8 217.2 2164 -08 | 401.3 4255 242 5185 5240 55
Landsat | 3079 3149 7.0 183.7 178.0 -5.7| 4075 4102 2.7 5221 5233 1.2
Sentinel | 304.8 3154 10.6 152.3 1483 -40| 3754 3838 84 4754 4819 6.5
Planet 296.8 3011 43 1715 1699 -1.6| 4023 417.7 154 498.4 501.0 26
SD 4.8 6.8 2.6 27.3 284 22 | 144 18.1 9.3 215 202 25

Table 3.5: The average standard deviation in phenological metrics between the 2015/2016-2020/2021
seasons in Closed and Open canopy sites, shown as the number of days.

Sensor SOS LOS POS EOS
Closed Open Closed Open Closed Open Closed Open
MODIS 222 187 26.0 29.2 165 143 120 173
Landsat 28.9 2838 194 176 147 133 95 128
Sentinel 20.0 155 156 19.9 226 17.1 185 20.9
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Table 3.6: Correlation between total precipitation in Jan - Feb, March-April, October-November, total
seasonal, and phenological metrics between sensors in Closed and Open canopy cover. Bold font
indicates a statistically significant relationship (p < 0.05).

Total January and February Precipitation

Total March and April Precipitation

Sensor SOS LOS POS EOS Sensor SOS LOS POS EOS
Closed Canopy Closed Canopy
MODIS -0.73 | 094 | -0.52 | 0.69 MODIS -0.10 | 0.47 | 0.07 | 0.85
Landsat -0.76 | 0.76 | -0.66 | 0.82 Landsat -0.55 | 0.24 | -0.49 | 0.63
Sentinel -0.48 | 0.58 | -0.72 | -0.02 Sentinel 0.28 | 0.32 | -0.08 | 0.57
Open Canopy Open Canopy
MODIS -0.79 | 0.95 | -0.37 | 0.79 MODIS -0.46 | 0.60 | -0.15 | 0.90
Landsat -0.70 | 0.69 | -0.69 | 0.80 Landsat -0.53 | 0.36 | -0.38 | 0.90
Sentinel -0.66 | 0.84 | -0.67 | 0.30 Sentinel 0.02 | 0.81 | 0.06 | 0.79
Total October and November Precipitation Total Seasonal Precipitation
Sensor SOS LOS POS EOS Sensor SOS LOS POS EOS
Closed Canopy Closed Canopy
MODIS -0.91 | 092 | -0.78 | 0.32 MODIS -0.77 | 0.95 | -0.58 | 0.64
Landsat -0.71 | 0.90 | -0.63 | 0.70 Landsat -0.81 | 0.78 | -0.73 | 0.82
Sentinel -0.83 | 0.55 | -0.88 | 0.44 Sentinel -0.49 | 051 | -0.74 | -0.10
Open Canopy Open Canopy
MODIS -0.82 | 0.86 | -0.56 | 0.39 MODIS -0.85 | 0.96 | -0.45 | 0.76
Landsat -0.67 | 0.75 | -0.75 | 0.50 Landsat -0.75 | 0.73 | -0.75 | 0.82
Sentinel -0.92 | 0.53 | -0.93 | -0.18 Sentinel -0.68 | 0.80 | -0.69 | 0.25
Average Seasonal Temperature
Sensor SOS LOS POS EOS
Closed Canopy
MODIS -0.01 | 0.10 | 0.09 | 0.32
Landsat 0.09 0.06 | 0.13 | 0.47
Sentinel 0.14 | -0.06 | 0.13 | 0.09
Open Canopy
MODIS -0.09 | 0.17 | 0.02 | 0.24
Landsat 0.09 | -0.22 | 0.03 | 0.14
Sentinel -0.06 | 0.22 | 0.02 | 0.16

Statistically significant correlations (p-value < 0.05) denoted by bold font
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Figure 3.1: Conceptual principle of phenological metric extraction from time series data. The blue
line represents a hypothetical NDVI time series, where the Start of Season (SOS) and End of Season

Time

(EOS) are determined based on a defined percentage of the seasonal amplitude. The Length of Season
(LOS) is the time between SOS and EOS while the base level indicates the average minimum value of

the time series.
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Figure 3.2: Data collection process showing how phenological and fitted NDVI time series data were
processed to determine values for Closed and Open canopy sites.
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deviation between the 2015/2016-2020/2021 season. Solid dots represent Closed canopy and hollow
dots represent Open canopy. Note PlanetScope values are for the 2020/2021 season only.

92



MODIS Closed Canopy Time-Series MODIS Open Canopy Time-Series

0.8' 08‘
5 - e S e e T o e 5
N Ia)
Z 041 \/ U \/ %04
0.2‘ 02<
2016 2018 2020 2022 2016 2018 2020 2022
Year Year
Landsat Closed Canopy Time-Series Landsat Open Canopy Time-Series
0.8 i
| AT = A /\ ~
N )
= ~
1 U \/ \-/ . __-w_ \f \/ \/ \/
0.2 Wi
2016 2018 2020 2022 2016 2018 2020 2022
Year Year
Sentinel Closed Canopy Time-Series Sentinel Open Canopy Time-Series
0.8' 08‘
0.6 /\_\ m 0.6
= \,\ ) \ [ B
a | 1 7% Y v oy ¥ et ool ool ol T A
z [\ z
SRR VAV VAV i =W i
0.2 0.2 \'/ \/ \/
2016 2018 2020 2022 2016 2018 2020 2022
Year Year

Figure 3.4: NDVI time series (Solid black line) from 2015 - 2021 of MODIS, Landsat, and Sentinel in Closed canopy (Left column) and Open canopy (Right
column), with change points (red star) and Sen’s slope (solid blue line).
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Figure 3.6: The average Start of Season (SOS) between 2016-2021 in Closed canopy (solid squares) and Open canopy (dashed squares) at MODIS (250 m),
Landsat (30 m), and Sentinel (10 m) scales.
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Figure 3.7: The average Peak of Season (POS) between 2016-2021 in Closed canopy (solid squares) and Open canopy (dashed squares) at MODIS (250 m),
Landsat (30 m), and Sentinel (10 m) scales.
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Figure 3.8: The average Length of Season (LOS) between 2016-2021 in Closed canopy (solid squares) and Open canopy (dashed squares) at MODIS (250
m), Landsat (30 m), and Sentinel (10 m) scales.
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Figure 3.9: The average End of Season (EOS) between 2016-2021 in Closed canopy (solid squares) and Open canopy (dashed squares) at MODIS (250 m),
Landsat (30 m), and Sentinel (10 m) scales.
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Figure 3.10: Linear regression models of phenological metrics between sensors in Closed canopy
vegetation, where rows 1-4 show the regressions of SOS, LOS, POS, and EOS respectively with the
regression equation and correlation value shown within each model.
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Figure 3.11: Linear regression models of phenological metrics between sensors in Open canopy
vegetation, where rows 1-4 show the regressions of SOS, LOS, POS, and EOS respectively with the
regression equation and correlation value shown within each model.
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CHAPTER FOUR: Synthesis

It is well established that the spatial and temporal scale of observations in ecological
ecosystems directly influences both patterns and variance of an observed variable (Wiens,
1989; Levin, 1992; Jelinski and Wu, 1996; Wu, 2004), such as phenology (Zhang et al.,
2015; Cole and Sheldon, 2017). This is particularly evident in heterogeneous savanna
systems, where vegetation is characterised as being highly variable at both spatial and
temporal scales (du Toit, 2003) in both tree (Staver, 2018), and herbaceous vegetation layers
(Augustine, 2003).

In savanna ecosystems, this phenomenon emerges for several reasons. Firstly,
changing the spatio-temporal scale of observation will change the average and the variance of
the observation due to statistical aggregation. Secondly, environmental drivers which shape
savanna structure and productivity such as precipitation, vary across space and time (Good
and Caylor, 2011), particularly in African savannas (Lehmann et al., 2011). And thirdly, the
response of individual species to such environmental drivers differs between species (Inouye
et al., 2019). Furthermore, climate change is expected to intensify precipitation events
(O'Gorman and Schneider, 2009) which, along with the influence of anthropogenic activities
(Osborne et al., 2018) is expected to further influence phenological processes in savanna
ecosystems (Ma et al., 2013) at different spatio-temporal scales (Park et al., 2021). All these
factors make it challenging to identify long-term phenological trends and differentiate natural

variability from anthropogenically-induced variability.

The use of remotely sensed satellite products has been considered the most effective
method in monitoring large scale vegetation phenology (Zhang et al., 2006). However, the
spatial and temporal resolutions of these remotely sensed products differ between sensors,
thus phenological metrics derived from different sensors are not interchangeable in these
heterogeneous environments. This highlights the importance of multi-scale phenological
comparisons which can provide better insights into the spatially explicit phenological
relationships in savanna landscapes. Acknowledging the above considerations, in this study, |
investigated how spatial scale influenced sensor derived NDV|1 estimates of biomass
(Objective 1-Chapter 2) and phenological metrics (Objective 2-Chapter 3) in contrasting
vegetation covers. This study followed the assumption that the biomass samples and satellite

derived NDVI products used in this study are representative of the landscape. The main
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conclusions found in this study demonstrated that the strength of the relationship between
NDVI and herbaceous biomass is influenced by the spatial scale of observations, with
Sentinel at 10 m spatial resolution having the strongest relationship, while MODIS at 250 m
spatial resolution had the weakest relationship. Phenological metrics differed significantly
between spatial scales and between canopy cover types. Phenological metrics were highly
variable across all sensors with metrics varying by 9 to 30 days across seasons. There were
strong correlations between the timing of rainfall and phenological metrics with the strength
of correlations differing between spatial scales and canopy cover. Here | discuss the
significance of these findings and suggest both ecological and monitoring considerations and

implications based on the results found in this study.

4.1. Monitoring Implications

Biomass estimates

In chapter 2, | found that finer scaled products Sentinel (10 m) and PlanetScope (3 m)
were better predictors of herbaceous biomass compared to MODIS (250 m) and Landsat (30
m). This could be attributed to both the spatial and temporal properties of these different
products. For example, the finer spatial scales of Sentinel and PlanetScope represent the
measures of herbaceous biomass more accurately, whereas coarser scale NDVI measures
aggregate a variety of different herbaceous biomass densities, which do not accurately reflect
what was measured on the ground. However, in the establishment of relationships between
NDVI and biomass, finer spatial scale does not necessarily mean stronger linear relationships.
For example, Cunliffe et al. (2020) found a weak relationship (R? = 0.23) between NDVI and
dry biomass at a very fine spatial scale of 0.2 m in a shrub tundra landscape. Additionally, the
presence of non-photosynthetic plant tissues (woody branches) and bare ground patches,
which are prominent features in savanna landscapes, can alter the reflectance readings of the
NDVI instruments (Cunliffe et al., 2020). This supports the need to use non-linear models
when constructing relationships between NDV1 and field measurements (Santin-Janin et al.,
2009), as NDV1 also tends to saturate at very fine scales i.e., high amounts of green biomass
(Hobbs, 1995). However, further studies are needed to accurately determine at what fine

spatial scale threshold/s, NDVI saturation occurs in savanna landscapes.
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Another important consideration in NDVI-herbaceous biomass relationships, is the
influence of canopy cover. In this study, it was clear from ground-based measurements, that
the average herbaceous biomass was higher in Closed canopy, yet MODIS derived NDVI
estimates of biomass did not differ between canopy covers. Wessels et al. (2006) similarly
found that the relationship between the coarse-scale AVHRR (1 km) NDVI1 and herbaceous
biomass did not differ between Closed and Open canopy. This reinforces the need to consider
spatial scale when monitoring herbaceous biomass estimates when using NDV1 as a proxy of
biomass. Additionally, the temporal resolution of NDV1 products should also be considered,
as this study found that 16-day revisit period of Landsat resulted in comparatively fewer
Landsat NDVI samples (n = 9) which limited the accuracy of comparisons with all other
sensors. This was due to the high amounts of cloud cover that occurred in this study area,
particularly during the rainy season. This suggests that biomass monitoring assessments
conducted during the rainy season should consider using an NDVI product with a frequent
acquisition rate. My results suggest that the use of NDVI as a proxy for herbaceous biomass
in savanna landscapes needs careful consideration of the spatial scales of products, as the
accuracy of biomass estimates derived from NDVI may be significantly reduced.

Phenology estimates

In chapter 3, | found that the onset and length of phenological metrics occur earlier at
fine and later at coarser spatial scales, respectively. This supports the notion that conclusions
drawn from phenological studies are limited to the spatial scale they were derived from, i.e.,
restricts their transferability to other contexts (Chase et al., 2018; Park et al., 2021). In this
study, | used herbaceous biomass measurements to validate the strength of the NDVI-
Biomass relationships at different spatial scales. However, this in situ method is time-
consuming and cannot provide samples for large areas. Zhang et al. (2017) similarly suggest
that in heterogeneous environments, coarse spatial resolution products can result in skewed
phenological metrics and do not relate well with in situ observations (Fu et al., 2014). Yet, in
South Africa, there are currently very few alternative methods that can be used to validate
satellite derived phenological metrics. The development of a phenocam network i.e.,
vegetation time-lapses captured using digital cameras over long periods (Brown et al., 2016)
and a further extension of the carbon flux tower (measure greenhouse gas emissions) network

in South Africa would allow for site-level analysis of phenology and could be used to

104



develop more accurate phenology models derived from satellite sensors (Vrieling et al.,
2018).

This study also found that all phenological metrics were highly variable across all
sensors, with phenological metrics varying by 9 to 30 days across scales. Surprisingly, no
consistent pattern was observed in terms of phenological metric variability differing across
scales throughout the study period. African savanna phenology is strongly related to the
wet/dry seasonal cycles (Higgins et al., 2011), which is highly variable across spatial and
temporal scales (Lehmann et al., 2011), leading to unpredictable and irregular phenological
events in African savannas (Whitecross et al., 2017). This high variability makes it difficult
to identify any long-term phenological patterns, particularly with fine spatial scale products,
which have limited data availability. To address this issue, several studies have used sensor
fusion techniques which involves the joining (fusing) of images from multiple sensors which

have different spatial and temporal properties (Filgueiras et al., 2020).

Liao et al. (2017) for example, developed a NDVI data fusion model which was
effective in generating high spatial and temporal resolution NDVI images in heterogeneous
environments. This would be beneficial in analysing long-term phenological metrics at fine
spatial scales, in heterogenous savannas. However, this model is not compatible across all
environments as the calculation of coefficients between the images of ‘fused’ sensors differs
based on site-specific weather conditions (Liao et al., 2017), thus future studies should adopt
a sensor fusion model that can be applied in southern African savannas. Such a model, in
conjunction with multi-scale phenological observations, could provide a powerful method for
characterising phenology derived from satellite sensors with different spatial and temporal

properties (Piao et al., 2019).

4.2. Ecological Implications

It was expected that NDVI variability would be lower in Open canopy due to its
homogenous vegetation structure and composition relative to Closed canopy. Results from
this study showed that NDV| variability increased from coarse to fine scale and was similar
in both canopy cover types. This similar NDVI1 variability in both Closed and Open canopy
suggest that the influence of land use practices in savanna ecosystems need to be considered,

as these activities can alter landscape patterns either deliberately or inadvertently (Hobbs,
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1997). For example, Higgins et al. (1999), suggest that land use processes such as grazing,
reduce woody plant species richness, biomass, and vegetation regeneration capacity. This
study found that herbaceous biomass was significantly lower in Open canopy (where
extensive grazing occurs), but contrary to Higgins et al. (1999), biomass was increasing
annually at a higher rate than the Closed canopy site based on the NDVI time series from
2015 to 2021. This could be due to fuel wood collection by local communities, which has
previously been linked to vertical canopy biomass increases due to rapid coppice regrowth
(Mograbi et al., 2015), and the encroachment of unpalatable woody biomass (Wiegand et al.,
2006). This implies that extractive land use practices have a paradoxical impact on savanna

landscapes, by both increasing and decreasing vegetation biomass.

Interestingly, this study found that on average POS occurred earlier in Closed canopy
compared to Open canopy for all sensors. However, this difference decreased from coarse to
fine scale (MODIS-8 Days, Landsat-3 Days, Sentinel-1 Day). This not only implies a
difference in seasonal peaks of trees versus grasses but also shows how spatial scale
influenced the level of difference between the two sites. This effect is likely due to spatio-
temporal scale variation, as increases in spatial scale can cause time lags in the ecological
processes (Wiens, 1989). For all other phenological metrics, there was no clear difference in
the onset or length of metrics between Closed and Open canopy. However, there were year-
to-year differences in all phenological metrics across all scales between Closed and Open

canopy.

4.3. Recommendations for Future Studies

This study provided a unique insight into the influence of spatial scale on NDVI
derived biomass and phenological metric estimates in a South African savanna landscape.
However, many studies have highlighted the complexity and incompatibility when comparing
phenological metrics across spatial scales (Tian et al., 2020; Zhang et al., 2017). This has
advocated the need for multi-scale approaches to improve our understanding of phenological
processes (Zeng et al., 2020), as these processes are influenced by several environmental cues
(precipitation, photoperiod, and temperature), which interact differently at different spatio-
temporal scales (Wiens, 1989), especially in heterogeneous savanna systems. However,
remotely sensed based phenology estimates need to be validated, which is challenging,
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particularly in South Africa where the most commonly used means of validation are in situ
biomass estimates (Wessels et al., 2006; Higginbottom and Symeonakis, 2019; Berger et al.,
2020). To accompany this validation method, the development of a phenocam network with
accompanying carbon flux towers in South Africa would provide a valuable means of
validating satellite derived phenology. This will allow for better insights into species-specific
phenology as the high resolution images gathered by a phenocam network could facilitate
differentiation between species. Furthermore, data fusion models developed for southern
African savannas could allow for long-term phenological trends at fine spatial scales to be

observed, which are currently limited to ~10 years.

It is also important to acknowledge the limitations that emerged from this study,
which may assist in designing improved methodologies for future studies. For example, due
to the spatially nested sampling design of this study, samples were subject to
pseudoreplication. Additionally, I was not able to measure the NDVI from the top-of-canopy
vegetation as the handheld NDVI reader was not long enough to reach these areas. This
compromised the comparison between satellite derived and in situ derived NDVI measures of
top-of-canopy vegetation. It is also important to consider that only one season of PlanetScope
data were used in this study, which would limit the findings of this study. Furthermore,
biomass samples were not collected at the same time of day throughout the study. If feasible,
future studies should consider using unmanned aerial vehicles (drones) with multispectral
capabilities. Additionally, results from this study may not apply to neighbouring areas due to
the relatively small sample size, which does not represent the tree-grass ratio complexity
expressed at larger spatial scales in savanna environments. Thus, increasing the sample size
will provide results more representative of savanna heterogeneity. Given the above
considerations, a combination of approaches such as multi-scale phenology analysis with data
fusion models, phenocam imagery and carbon flux tower data, could provide a
comprehensive spatially explicit understanding of savanna phenology which may assist in
distinguishing between natural and human induced phenology variability.
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APPENDIX A

Table 1A: Details of satellites and associated data used for this study. Note the narrow bandwidth
ranges of Red and NIR of Sentinel, with NIR not overlapping any of the other sensors’ NIR ranges

Satellite Terra Landsat 8 Sentinel-2C PlanetScope
Sensor MODIS Operational Land | Multispectral PS2.5D. PSB.SD
Imager Imager
Surface TOA Reflectance Surface
Product MOD13Q1 (Atmospherically
Reflectance Reflectance
Corrected)
Spatial resolution (m) | 250 30 10 3
Temporal resolution 16 day MVC 16 days 5 days Daily
Red (band 1) Red (band 4) Red (band 4) Red (band 3)
Wavelength (um) 620 - 670 636 - 673 664.4 - 665 590 - 670
gth NIR (band 2) NIR (band 5) NIR (band 8) NIR (band 4)
841 - 876 851 - 879 833 -835.1 780 - 860
Bandwidth (um) Red-50 Red-37 Red - 0.6 Red - 80
NIR - 35 NIR-28 NIR - 2.1 NIR - 80
Tile Reference H20v11 Path 169, 168, | 13677 NA
Row 77
. NASA LP :
Provider DAAC USGS Copernicus PlanetLabs
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Table 2A: Weekly comparisons of sensor NDVI in Closed and Open canopy. Note that sensors
sharing the same letter are Not significantly different

Closed canopy

Week Kruskal Wallis test

<0.001
<0.001
<0.001
<0.001
<0.001
<0.005
<0.001
<0.001
<0.005
<0.005
<0.005
<0.005
<0.001
<0.001
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Open canopy

Week Kruskal Wallis test

<0.005
<0.001
<0.001
<0.001
<0.005
<0.001
<0.05
<0.005
<0.05
>0.05
>0.05
<0.005
<0.005
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Table 3A: Results of the t-test comparisons between mean, minimum, maximum, and SD of NDVI
between MODIS, Landsat, and Sentinel in Closed and Open canopy sites. Note the NDVI of
PlanetScope only captures one season (2020-2021), making it not directly comparable, but the values
show the range of its time series.

Closed Canopy

Sensor Mean Minimum | Maximum Time series | Average SP P value
SD Between Pixels

MODIS (n=161) 0.544 0.272 0.783 0.166 0.016

Landsat (n=84) 0.514 0.255 0.815 0.163 0.039 >0.050
Sentinel (n=140) 0.420 0.203 0.693 0.152 0.046 <0.001*
PlanetScope (n=23) | 0.560 0.320 0.730 0.136 0.031 >0.050

Open Canopy

MODIS (n=161) 0.428 0.206 0.623 0.117 0.018

Landsat (n=84) 0.419 0.206 0.662 0.122 0.040 >0.050
Sentinel (n=140) 0.355 0.170 0.556 0.107 0.042 <0.001*
PlanetScope (n=23) | 0.470 0.300 0.610 0.109 0.022 >0.050

Table 4A: Seasonal phenological metrics in Closed canopy, showing DOY for SOS, LOS, POS, and
EOS for each sensor with the mean and SD of sensor specific phenological metrics displayed at the
bottom of the table.

Closed | MODIS Phenological Landsat Phenological Sentinel Phenological
Canopy | Metrics Metrics Metrics

Season | SOS | LOS |POS |[EOS |SOS |LOS |POS |EOS |SOS |LOS |POS |EOS
1 366.7 | 143.2 | 447.7 | 509.8 | 393.0 | 129.0 | 450.7 | 502.3 | 346.2 | 140.9 | 436.0 | 505.3
2 341.1|196.9 | 439.2 | 538.0 | 329.4 | 156.7 | 420.8 | 516.6 | 344.4 | 163.7 | 403.3 | 526.4
3 344.4 | 174.6 | 429.0 | 519.0 | 327.9 | 156.5 | 416.9 | 514.8 | 342.9 | 144.7 | 420.4 | 505.9
4 354.8 | 169.6 | 440.6 | 524.3 | 349.0 | 136.8 | 425.4 | 516.3 | 366.3 | 127.2 | 433.3 | 511.7
5 343.1|197.0 | 438.7 | 540.6 | 339.3 | 161.6 | 430.0 | 531.4 | 336.8 | 169.7 | 421.1 | 524.8
6 301.0 | 217.2 | 401.3 | 518.5 | 307.9 | 183.7 | 407.5 | 522.1 | 304.8 | 152.3 | 375.4 | 475.4
Average 341.8 183.1 432.8 525.0 341.1 1541 425.2 517.2 340.2 149.7 4149 508.2
SD 222 260 165 120 289 194 147 95 200 156 226 185
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Table 5A: Seasonal phenological metrics in Open canopy, showing DOY for SOS, LOS, POS, and
EOS for each sensor with the mean and SD of sensor specific phenological metrics displayed at the
bottom of the table.

Open MODIS Phenological Landsat Phenological Sentinel Phenological

Canopy | Metrics Metrics Metrics

Season | SOS | LOS | POS | EOS | SOS | LOS | POS | EOS | SOS | LOS | POS | EOS

1 360.4 | 134.3 | 459.3 | 501.2 | 398.3 | 129.0 | 450.5 | 494.4 | 355.3 | 120.4 | 428.5 | 494

2 348.9 [ 202.7 | 455.2 | 551.7 | 341.6 | 158.3 | 429.9 | 530.3 | 347.3 | 174.1 | 415.2 | 539.7

3 341.2 [ 175.4 | 427.9 | 516.6 | 327.3 | 163.9 | 421.8 | 521.6 | 344.1 | 137.0 [ 421.5 | 499.4

4 355.5 [ 175.0 [ 446.3 | 530.6 | 353.9 | 138.3 | 432.2 [ 522.6 | 357 | 142.8 [ 431.3 | 518.0

5 337.1 [ 199.3 | 434.0 | 536.4 | 340.7 | 155.0 | 427.1 | 526.2 | 333.8 | 167.7 | 416.2 | 519.8

6 307.8 | 216.4 | 425.5 | 524.0 | 314.9 | 178.0 | 410.2 | 523.3 | 315.4 | 148.3 | 383.8 | 481.9

Average 341.8 183.8 4414 526.8 346.1 153.7 428.6 519.7 342.1 148.4 416.1 508.8

SD 187 292 143 173 288 176 133 128 155 199 17.1 209

Table 6A: Summary of correlations of phenological metrics between sensors in Closed and Open
canopy Cover sites.
Closed Canopy Open Canopy

Metric Regression R? | Adjusted R? | p-value |R? | Adjusted R? | p-value
variable y - x
MODIS - Landsat | 0.72 | 0.65 0.030* 0.94 |0.92 0.001**

SOS | MODIS - Sentinel | 0.76 | 0.69 0.030* 0.69 | 0.61 0.040*
Landsat - Sentinel | 0.31 | 0.12 0.250 0.52 |0.40 0.100
MODIS - Landsat | 0.88 | 0.85 0.005** | 0.76 | 0.70 0.020*

LOS | MODIS - Sentinel | 0.38 | 0.23 0.100 0.64 | 0.54 0.050*
Landsat - Sentinel | 0.22 | 0.02 0.300 0.28 | 0.23 0.100
MODIS - Landsat | 0.64 | 0.55 0.050* 0.75 | 0.69 0.020*

POS | MODIS - Sentinel | 0.77 | 0.72 0.020* 0.35 | 0.20 0.200
Landsat - Sentinel | 0.59 | 0.50 0.070 0.60 | 0.51 0.060
MODIS - Landsat | 0.55 | 0.43 0.090 0.75 | 0.68 0.020*

EOS | MODIS - Sentinel | 0.47 | 0.34 0.100 0.65 | 0.56 0.050*
Landsat - Sentinel | 0.01 | -0.20 0.800 0.26 | 0.07 0.200

*Significant (<0.05) **Highly Significant (<0.01)
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Table 7A: Average monthly precipitation in the study area from 2016-2021 with total annual
precipitation and 6-year monthly averages and standard deviations.

Season Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Total
2015/2016 | 0.0 [ 1.7 |2.0 |8.0 260 |23.0 |[26.0 [240 |220|02 |84 |02 1415
2016/2017 19.2 |00 |20 |316 |714 |428 |122.0|136.0|81.4|40.7|28.6 |3.2 586.5
2017/2018 | 4.7 (85 |20 |120 |37.0 |30.4 |61.3 |483 |51.2|38.2]|204]0.0 314.0
2018/2019 104 (18 |26 |7.6 51.8 |103.0|652 |118.0/18.0(91.2|116 |0.0 471.2
2019/2020 1 0.0 |06 |6.2 |10.0 |124.0|70.0 |129.0|126.0|31.0|77.4|120 |19 587.7
2020/202113.6 |52 |146|131.0|72.6 |104.0|169.0|117.0|35.2|21.0|17.0|1.9 690.7

Average [ 30 30 79 333 637 622 953 948 398 448 163 1.2 465.3
SD 36 33 76 485 346 358 530 46.6 235 342 74 13 204.1
Table 8A: Average monthly temperatures in the study area from 2016-2021 with average annual
temperatures and 6-year monthly averages and standard deviations.
Seasonal
Season Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Ave
2015/2016 | 14.3 | 17.0 [ 21.1|224|23.8 |24.4|238|24.0|230|23.3|17.4|16.3 20.9
2016/2017 | 149 |17.0 |21.1|22.4|23.6 |24.4|23.8|24.0|23.0(220 175 |15.7 20.7
2017/2018 | 16.4 | 16.9 |20.3 |20.8 | 21.6 | 23.3 [23.3|23.2 |24.0|21.2|18.7 | 165 20.5
2018/2019 |1 15.2 | 19.1 | 22.7|20.7 | 22.6 | 259|249 | 246 | 243 |21.5|18.8 | 16.6 21.4
2019/2020 | 16.1 | 19.3 | 20.0 | 23.7 | 24.9 | 24.2 251 |24.1 | 22,9 | 20.8 | 18.5 | 16.6 21.3
2020/2021 |1 14.6 | 17.7 |19.8 |21.4|23.9 |24.9 |24.7 |24.0 |23.4|21.1|195 |17.6 21.0
Average | 152 178 20.8 219 234 245 243 240 234 216 184 16.5 21.0
SD 08 109 10 11 114 08 074 04 05 09 08 05 0.3
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Figure 1A: The cross-correlation of NDVI time series between sensors at lag intervals of -5 and 5 in
Closed (A) and Open (B) canopy.
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Figure 2A: Boxplot of the average monthly precipitation in the study area from 2015-2021 with
significant difference indicated by above bars displaying (*) significant (**) very significant, and

(***) very highly significant.

N
[&)]
L

N
o
L

Temperature (°C)

154

2015/2016 2016/2017 2017/2018 2018/2019 2019/2020 2020/2021

Year

pwc: Wilcoxon test; p.adjust: None

Figure 3A: Boxplot of average monthly temperatures in the study area from 2015-2021 with above
bar indicating significant differences (*) between years.
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APPENDIX B

Google Earth Engine Code

MODIS

#Set processing extent

var table bounds = function (image) {

return image.clip (studyarea);

bi

#Select the collection of images by date and NDVI

var collection =ee.ImageCollection ('MODIS/006/MOD13Q1" )
.filterDate('2015-01-01", '2021-06-13")
.select ("NDVI")

.filterBounds (studyarea) ;

#set image collection extent
var ndvicollection = collection.map(table bounds) ;
#apply no value mask to collection
var totalObsCount = ndvicollection
.select ('NDVI'")
.count () ;

print (ndvicollection);

#apply cloud cover mask to collection
var collectionCloudMasked = ndvicollection.map (maskClouds) ;

var batch = require('users/fitoprincipe/geetools:batch');

#Download collection (Used to Download all Data sources)
batch.Download.ImageCollection.toDrive (ndvicollection, 'MOD13Q1l-
NDVI',
{scale: 250,
crs: 'EPSG:4326',
region: studyarea,
fileFormat: 'GeoTIFF',
type: 'float',

maxPixels: lel?2
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Landsat

#Load Landsat 8 imagery and filter it

var collection = ee.ImageCollection ('LANDSAT/LC08/C01/T1 SR'")
.filter(ee.Filter.eq('WRS PATH', 169))
.filter(ee.Filter.eq('WRS ROW', 77))
.filterDate('2015-01-01"', '2021-06-13")
.set ('SENSOR ID', 'OLI')
.sort ("CLOUD COVER", false);

var count = collection.size();

print ("Collection", count);

#Clip to study extent
var collection = collection.map(function (image) { return
image.clip (WRB); });

print ("Collection filtered", collection);

#Function to cloud mask from the Fmask band of Landsat 8 SR data.
function maskL8sr (image) {
var cloudShadowBitMask = ee.Number (2) .pow(3).int();
var cloudsBitMask = ee.Number (2) .pow(5) .int ()
var ga = image.select('pixel ga');
var mask = ga.bitwiseAnd(cloudShadowBitMask) .eq(0)
.and(ga.bitwiseAnd (cloudsBitMask) .eq(0));
return image.select ('B[1-7]") .multiply(0.0001)
.addBands (image.select (['B10', 'B11l']) .multiply(0.1))
.updateMask (mask) ;
}
#Compute the Normalized Difference Vegetation Index (NDVI)
var getNDVI = function (img) {
return
img.addBands (img.normalizedDifference(['B5','B4']) .rename ('NDVI'));
bi
var ndvi = 18ndvi.select ('NDVI');
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Sentinel

#Load Sentinel imagery and filter it

var collection = ee.ImageCollection ('COPERNICUS/S2"')
.filterDate('2021-04-12"', '2021-06-10")
.filterBounds (table)
.sort ("CLOUD COVER", false);

var count = collection.size();

print ("Collection", count);

# Clip to study area
var collection = collection.map (function (image) { return
image.clip(studyarea); 1});

print ("Collection filtered", collection);

#Function to cloud mask from the S2 dataset
function maskS2clouds (image) {

var ga = image.select ('QA60"'");

#Bits 10 and 11 are clouds and cirrus, respectively.
var cloudBitMask = 1 << 10;

var cirrusBitMask = 1 << 11;

#Both flags should be set to zero, indicating clear conditions.
var mask = ga.bitwiseAnd(cloudBitMask) .eq(0)
.and(ga.bitwiseAnd (cirrusBitMask) .eq(0));

return image.updateMask (mask) .divide (10000) ;

#Apply SIAC and retrieve bottom of atmosphere (BOA) reflectance
var siac = require('users/marcyinfeng/utils:SIAC');

var senZ = siac.get sur(collection.first());

#Compute the Normalized Difference Vegetation Index (NDVI).
var getNDVI = function (img) {

return

img.addBands (img.normalizedDifference(['B8','B4']) .rename ('NDVI'));

b
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Convert Raster to Binary Format

Outputfolder<-"C:/Users/Where to Store Binary Files"

allNDVITIF<- list.files("C:/Users/ Raster NDVI Files ",
full.names = TRUE,
pattern = ".tifs$")

#Change file-format to binary for TIMESAT
for(i in 1l:length (allNDVITIF)) {
tc <- raster (allNDVITIF[i])
#NAs can cause trouble with TIMESAT. Replacing with -999
tc[is.na(tc)] <- -999
#switch filename-convention for correct sorting
flname <-
pastel (substr (basename (allNDVITIF[i]),1,20)," ",substr (basename (allNDVITIF [
i]),1,3)," NDVI-TS")
#Create Binary files
writeRaster (tc, filename=pasteO(dataPath,'/timesatPREP/', flname),
format="IDRISI", overwrite=T) }
#List new, TIMESAT-compatible files
allNDVITS <- list.files(pasteO(dataPath,"/timesatPREP/"), full.names=T,
pattern=".rst$", recursive=F)
#Create TIMESAT image-list
imglist <- c(length (allNDVITS),allNDVITS)
fileCr<-file( paste( (dataPath,'/forTIMESAT/TIMESATlist.txt"))
writeLines (imglist,fileCr)

close (fileCr)
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Creating Phenology Maps
Adopted from- (http://rstudio-pubs
static.s3.amazonaws.com/452032 a5df2d3£782444£fc830d43548a304ec5.html)

library(raster)

library(curl)

library(rgdal)

library(rts)

library(stringr)

dataPath<-("C:/Users/R/Rasters/Location of Raster Files)

TSpath <-"C:/Users/timesat33/compiled/Win64"

rasterData <- list.files(path=dataPath, pattern='.tif$', recursive=F,
ignore.case=T, full.names=T)

rasterFiles <- basename (rasterData)

hemisphere <- 0

exRST <- raster (rasterDatal[l])

if (as.numeric(ncol (exRST)) <= 28 || as.numeric (nrow(exRST)) <= 25)
DOYs <- unique (substr (basename (rasterData),10,11))

YEARs <- unique (substr (basename (rasterData),4,5))

##Function to read TIMESAT outputs using TIMESAT-tools
bintiff <- function (rast,base image) {
timesatbinobj <- file(rast, "rb")
raw_vector <- readBin(timesatbinobj, n=file.info(rast)$size, what="int",
signed=T, endian="1little",size=2)
close (timesatbinobij)
data matrix <- matrix(raw vector,nrow(base image),
ncol (base image) ,byrow=T)
tiff raster <- raster(data matrix, template=base image)

return (tiff raster)

#Reading raw TIMESAT output (Variant B; Timesat-fortran tools)

path tpaFile <-pasteO (TSpath,"/MODIS Settings TS.tpa")

#Path to TIMESAT-seas2img-tool for converting

pTSpath <- gsub ("compiled/Win64/","compiled/Win64", TSpath)

seasImg <- gsub ("compiled/Win64","timesat fortran/tools/TSF seas2img",
pTSpath)

}
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#TIMESAT will not calculate phenology for the very first season, hence the

following correction-variable

if (hemisphere == 1) {
corr <- 1
}else({
corr <- 2
}
noSeasons
noSeasons <- length(YEARs) - corr
setwd (pastel (dataPath, "/temp/"))
base image = exRST
base image
}
#Looping through season-indicators and writing output for each

for (d in 1:3){

SeasonIndicator <- d

#Peaktime is indicator #5

if (d == 3){

SeasonIndicator <- 5

if (SeasonIndicator == 1) {
descrinfo <- "SoS"
}else if (SeasonIndicator == 2){

descrinfo <- "EoS"

}else if (SeasonIndicator == 5) {
descrinfo <- "PoS"

}

noSeasons

#Loop through seasons, create output for each
for (s in l:noSeasons) {
startIX <- 1 + (23*(s))
endIX <- 23 + (23*(s))
print (pastel ("Reading/converting ", descrinfo, " ",
s,"/",noSeasons,"..."))

#Calling seas2img via command-prompt
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system(pasteO ("\"",seasImg,"\" \"",path tpaFile,"\" ",SeasonIndicator, " ",
startIX," ",endIX, " 0 0 NSE",SeasonIndicator," ",s," 2" ), wait=TRUE,

show.output.on.console = F)

#Convert binary to tiff
r <—bintiff(paste0(dataPath,"/temp/NSE",SeasonIndicator,"_",s,"_seasonl")
,base image) $%23
writeRaster (r, filename =
pastel (dataPath,"/timesat/",as.numeric (YEARs[s])+1," ",descrinfo),
format="GTiff", overwrite=T)

}
#Parsing Tiffs of Start, Peak, End of Season
timesatRasterALL <- list.files(pasteO(dataPath,"/timesat/"),
pattern=".tif$", recursive=F, full.names=T)
timesatRasterSOS <- stack(timesatRasterALL[grepl (" SoS",timesatRasterALL)])
timesatRasterPOS <- stack(timesatRasterALL[grepl (" PoS",timesatRasterALL)])
timesatRasterEOS <- stack(timesatRasterALL[grepl (" EoS",timesatRasterALL)])
timesatRasterALL
###Checking for integrity of seasonal metrics

#Filter out TIMESAT-NAS

timesatRasterSOS[timesatRasterSOS == 0] <- NA
timesatRasterPOS[timesatRasterPOS == 0] <- NA
timesatRasterEOS[timesatRasterEOS == 0] <- NA

}

#Calculation of mean Seasonal Metrics + output

meanSOS <- calc (timesatRasterS0OS, fun=mean,na.rm=T)

meanPOS <- calc (timesatRasterPOS, fun=mean,na.rm=T)

meankEOS <- calc (timesatRasterEOS, fun=mean,na.rm=T)

#Write to Raster

writeRaster (meanS0OS, filename=paste( (dataPath,'/timesat/SOS-MEAN'),
format="GTiff", overwrite = T )

writeRaster (meanPOS, filename=pastel (dataPath,'/timesat/POS-MEAN'),
format="GTiff", overwrite = T )

writeRaster (meanEOS, filename=paste( (dataPath,'/timesat/EOS-MEAN'),

format="GTiff", overwrite = T )
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GPS Calculations

Circular Error of Probability (CEP) and standard deviations of X and Y coordinates were
calculated using DNRGPS (Minnesota Department of Natural Resources, 2012). Average GPS
error was x=<0.52m, y=0.50m with CEP 98=0.93m in WRF with GPS error being significantly
lower in TCR with x=<0.17m, y=0.20m and CEP 98=0.40m. The difference in average GPS
error can be attributed to the difference in vegetation density between the two sites.
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