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ABSTRACT

Vegetation phenology refers to the time of periodic events in vegetation life cycles, such as the start of
green-up and flowering. For semi-arid rangelands, where the cloud cover is persistent during rainy seasons
and vegetation life cycles are relatively short (approximately three to four months), satellite-based phenology
monitoring requires temporally dense images. Moreover, fine-resolution images can provide more spatial
details for heterogeneous landscapes. PlanetScope (PS) is a promising constellation that provides daily global
observations at 3m resolution with about 170 CubeSats (small satellites), and as such may have more options
to provide more frequent optical cloud-free imagery with finer spatial resolution as compared to other
satellites like Sentinel-2 or Landsat. The objective of this study is to evaluate the potential of PS imagery for
retrieving vegetation phenology in semi-arid rangelands in comparison to alternative data sources, including
RGB field camera photography, Sentinel-2 images, and MODIS images. The study area is a semi-arid
rangeland site in Kenya, where the dominant vegetation communities are open grass, shrubs, mixed shrubs
and grass, and trees with understory grass. Before phenology estimation, the clouds and cloud shadows in
PS images were detected based on a monthly threshold-based decision tree. The overall accuracy of the
cloud and cloud shadow detection was 83.63%. Four phenological metrics, i.c., the start of season (SOS),
end of season (EOS), maximum vegetation index value, and integral vegetation index from the start of
season to the end of season, were then retrieved from satellite-based NDVI and camera-based greenness
chromatic coordinate time series after fitting to a double hyperbolic tangent model. PS-derived SOS and
EOS were on average within eight days and 15 days of camera-derived SOS and EOS. Due to higher
temporal resolution (~daily), there was a better density of cloud-free observations in PS-based NDVI time
series than Sentinel-2-based NDVI time series, as a consequence of which PS-based phenology retrievals
were less impacted by the persistent clouds during rainy seasons. Moreover, due to the finer spatial
resolution (3m), PS-derived phenology maps showed more spatial details than phenology maps derived from
commonly used coarse-resolution sensors like MODIS. Overall, the results demonstrate the potential of
using PS images for fine-scale phenology analysis in semi-arid rangelands. The spatially-detailed vegetation
phenology derived from PS at the local scale can provide useful input for understanding the response of
semi-arid rangelands to environmental factors. Further investigation of using PS images as supplementary
and/or validation data for the phenology analysis base on other free satellite datasets, such as Sentinel-2,

can be a way of using PS images for the analysis of vegetation phenology at the global scale.

Keywords: NDVI time series, CubeSat, cloud and cloud shadow detection, Sentinel-2, MODIS, digital
repeat photography
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1. INTRODUCTION

11.  Background

Rangelands cover about 40% of the global land area and play an essential role in the global sustainability by
providing foods and habitats to wildlife and livestock (Reeves et al., 2014). Vegetation productivity of
rangelands strongly relates to temperature and precipitation, both of which influence the water availability
for plants (Ouled Belgacem & Louhaichi, 2013). In the arid or semi-arid lands (ASALs), such as in Eastern
Africa, the rangeland dynamics are sensitive to rainfall variability (Grossiord et al., 2017; Hovenden et al.,
2004). Many climate change projections in Eastern Africa show that temperatures will continue to increase
and rainfall will become more variable, leading to more frequent and intense extreme events, such as
droughts and floods (IPCC, 2013). To improve the resilience of rangeland ecosystems and prevent the loss
of livestock caused by drought-driven forage scarcity, the monitoring of rangeland dynamics in ASALs is
very important. Vegetation phenology is an essential element of rangeland dynamics.

Vegetation phenology refers to the time of different stages in plant life cycles, such as sprouting, flowering,
and ripening (Schwartz, 2013). Most phenology studies in rangelands aim to understand how climate change
will impact changes in vegetation phenology. Climate drivers such as elevated atmospheric CO»
concentration (Zelikova c, 2015; Hovenden et al., 2008), temperature (Shen et al., 2011; Yu et al., 2003),
precipitation (Prevéy & Seastedt, 2014; Shen et al., 2011), and extreme climate events (Jentsch et al., 2009)
have been found to strongly relate to early green-up and flowering. Other studies predict phenological shifts
and changes in rangeland productivity under projected climate change (Chang et al., 2017; Hermance et al.,
2015; Bloor et al., 2010). For the semi-arid rangelands in Eastern Africa, no spatially and temporally detailed
phenology assessments have been performed at the landscape scale. As a result, the phenological variations
of different vegetation communities as a response to rainfall variability are still poorly understood (Cho et
al., 2017; Dahlin et al., 2017).

The traditional method used to monitor vegetation phenology relies on human observations. However,
observers can only visually inspect distinct phenological phases such as flowering (Sparks & Menzel, 2002).
Vegetation indexes (VIs) are a straight-forward quantifiable measure of vegetation growth status, and can
serve as an alternative method to retrieve threshold-based phenological metrics, such as the start of season
(SOS) and the end of season (EOS) (Vrieling et al., 2017; Zhang et al., 2014; Keenan et al., 2014). VI time
series can be generated from multi-temporal optical images, as obtained by field cameras or satellite
platforms (Adole et al., 20106).

Digital repeat photography (Richardson et al., 2007) refers to the ground-based method for collecting multi-
temporal optical images. Digital cameras with at least three channels (i.e., red, green, blue) are installed at
fixed positions in the field and take one or more pictures every day. Resulting photograph series are a
substitute for direct field observations by humans. In addition, they can be used to calculate canopy
greenness from RGB values followed by retrieving phenological metrics (Crimmins & Crimmins, 2008;
Richardson et al., 2007, Abu-Asab et al., 2001). Digital repeat photography has been widely used for
phenology assessment of forest systems (Keenan et al., 2014) and grassland systems (Inoue et al., 2015).
However, to monitor vegetation phenology at the landscape scale with digital repeat photography, a large
number of cameras would be required, which may not be the most cost- and time-efficient option.
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Satellite-based remote sensing provides a cost-effective method to retrieve vegetation phenology at the
landscape scale (Guan et al., 2014). Given the requirement of frequent observations on vegetation phenology
monitoring, most satellite-based phenology studies used coarse-resolution images captured by sensors with
a daily revisit time, such as the Moderate Resolution Imaging Spectroradiometer (MODIS) (250 m — 500m)
(Gong et al., 2015) and the Advanced Very High Resolution Radiometer (AVHRR) (1km) (Jolly & Running,
2004). However, in most cases, vegetation cover is spatially heterogeneous, resulting in multiple vegetation
species in a single image pixel. Therefore, coarse-resolution images are not effective for extracting
phenological metrics at species-level for heterogeneous land covers (Vrieling et al., 2018), such as semi-arid
rangelands in Fast Africa that are characterized by a mixture of woodland and grassland. Fine-resolution
images (=30 m) may provide a better data source for this purpose.

The main problem in using fine-resolution images is the long revisit time. For example, the revisit time of
Landsat-8 is 16 days. This can lead to an insufficient number of cloud-free observations to accurately
represent the within-season vegetation dynamics, especially in tropical areas with persistent cloud cover. To
solve this problem, Fisher et al. (2006) proposed to combine Landsat imagery of multiple years to create a
single synthetic year. This method can be used to retrieve an average phenology over multiple years, which
can subsequently be adjusted by observations of a specific year to estimate phenological metrics for that
year (Melaas et al., 2016; Melaas et al., 2013). However, this method requires a reasonably stable phenology
from year to year. Therefore, for semi-arid rangelands in Eastern Africa with significant annual variations in
phenology, multi-year data integration is not a good option (Gachoki, 2018). To retrieve single year
vegetation phenology at fine resolution, 10m resolution Sentinel-2 images with a relatively short revisit time
of ~5 days have been used for a Dutch barrier island where vegetation has a long annual cycle (Vrieling et
al., 2018). In the semi-arid rangelands of Eastern Africa vegetation has shorter greening cycles and significant
cloud cover during parts of the year (Gachoki, 2018), which may require a shorter revisit time to accurately
describe the seasonal changes of vegetation.

PlanetScope (PS) images (Planet Team, 2017) could provide a potential alternative to Sentinel-2 images. PS
images are captured by the PS constellation, which consists of approximately 170 4-kg CubeSats (small
satellites). Due to the large number of CubeSats in the same orbit, the constellation achieves a short revisit
time (~1 day), which possibly allow for temporally denser observations than Sentinel-2 particulatly during
months of relatively persistent cloud cover. The high spatial resolution of PS images (3m) may allow for
assessing phenology at the species level. However, because the launch of the CubeSats in PS constellation
started in 2013 and its data are commercially available with limited free availability for research purposes,
none of the existing studies that use these data is related to phenology. Cooley et al. (2017) used PS images
to generate a VI time series to determine changes in dynamic surface water on the Yukon Flats. They
discussed an important limitation of the application of PS images, which is the lack of an applicable cloud
and cloud shadow mask products and automated cloud and cloud shadow detection algorithms. Effective
masking is needed however to avoid using contaminated vegetation index values that do not relate to the
vegetation status when estimating phenology (Champion, 2016; Tseng et al., 2008).
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1.2,

Research questions

The main aim of this study is to evaluate the utility of PS images for retrieving vegetation phenology for

semi-arid rangelands in Eastern Africa. To achieve this aim, the research objectives and linked research

questions are as follows:

©)

2

)

)

to develop and assess a cloud and cloud shadow screening algorithm for PS images;
Q1.1. What is the accuracy of the cloud and cloud shadow detection algorithm?

to assess if PS images can be used to accurately retrieve phenological metrics;

Q2.1. What is the accuracy of PS-derived phenological metrics when compared to camera-derived ones
at the camera locations?

Q2.2. What is the influence of image availability of PS on the accuracy of phenological metrics?

to map the vegetation phenology derived from PS images and to analyse spatial and temporal patterns;
Q3.1. Are there any spatial artefacts on PS-derived phenology maps? If yes, what causes those artefacts?
Q3.2. Do different vegetation communities show significant differences in vegetation phenology?
Q3.3. Do these differences vary across different seasons?

to compare PS-derived phenological metrics with Sentinel-2- and MODIS-derived ones.

Q4.1. What is the difference in the temporal density of cloud-free observations between PS and the
other two satellite images?

Q4.2. Is the accuracy of PS-derived phenological metrics higher than Sentinel-2- and MODIS- derived
ones when both compared to phenological metrics derived from field camera photographs?
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2. STUDY AREA

More than 80% of the Kenya land area is rangeland, providing important natural resources to wildlife,
livestock, and millions of pastoralists and agro-pastoralists (Mathu, 2009). Most of these rangelands are
located on ASALs, which are vulnerable to recurring droughts. Kapiti Farm is a semi-arid rangeland site in
southern Kenya. It is owned by the International Livestock Research Institute (ILRI) and used as a research
station to conduct research on sustainable livestock and rangeland management. The farm covers
approximately 128 km? and is located in the south of Machakos County (Figure 7). On the farm, about 2,500
head of beef cattle, 1,200 sheep, and 250 goats are maintained by 80 ILRI staffs for research purposes. As
one of the few rangelands without serious landscape fragmentation in Kenya, it also serves as an important
habitat for large numbers of wildlife. The wild animals in Amboseli National Park regard Kapiti Farm as a
transitory territory during the rain seasons. Taking advantage of location, Kapiti Farm is also a critical
ecological corridor for the migration of mammals (International Livestock Research Institute (ILRI), 2018).

Based on a field survey conducted by Gachoki (2018) in 2017, the dominant vegetation communities in
Kapiti Farm are open grass, Acacia shrubs, mixed shrubs, and trees. In general, there are two wet seasons
in a year. Based on in-situ records of daily precipitation from 1 January 2001 to 3 October 2018 (Figure 2),
the “short rain” (SR) season is approximately from October to January and the “long rain” (LR) season is
approximately from March to June. The average precipitation during the last 18 years (2001-2018) is 195.60
mm for SR and 252.72 mm for LR. Precipitation characteristics and grazing intensity are the most important
controls on the dynamics of vegetation life cycle and productivity in Kapiti Farm. The seasonal vegetation
responds therefore strongly to the timing and quantity of rainfall.
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Figure 2: Precipitation characteristics in Kapiti Farm based on mannal in-situ daily rain gauge data. Daily and monthly precipitation are
shown from 1 January 2017 to 3 October 2018. The average monthly precipitation was calculated based on precipitation in the past 18
years (Janunary 2001- October 2018).
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3. DATA

Four sources of optical images were used in this study, i.e., digital repeat field camera photographs, PS,
Sentinel-2, and MODIS images. Camera photographs were used to understand vegetation dynamics at the
vegetation community level. Moreover, the camera-derived phenological metrics were used as a form of -
sitn measurements to evaluate satellite-derived phenological metrics and to assess if important changes in
greenness may be missed by satellites. PS, Sentinel-2, and MODIS images were used to retrieve phenological
metrics for the entire study area and to analyse the influence of spatial and temporal resolution on the
estimates of phenological metrics. Vegetation survey and precipitation records collected in Kapiti Farm were
used to analyse the potential environmental driving forces of phenological variations. Due to data
availability, the timeframe considered in this study is from 1 March 2017 to 1 October 2018, which covers
three rain seasons and is related to three vegetation seasons: 1 March 2017 — 1 October 2017 (named
LLR2017), 1 September 2017 — 1 March 2018 (SR2017), 1 February 2018 — 1 October 2018 (LR2018). Table
7 shows an overview of the datasets used in this study.

Table 1: Overview of datasets

Acquisition time Resolution  Revisit time Cloud mask?
(m) (days) (Yes/No)

Optical images
PlanetScope 3/3/2017 - 1/10/2018 3 1 No
(Analytic Ortho Scene) (LR2017, SR2017 and LR2018)
Sentinel-2 6/9/2017 -1/10/2018 10 5 Yes
(Sentinel-2A, Sentinel-2B) (SR2017 and LR2018)
MODIS 6/3/2017 -1/10/2018 250 1 Yes

(MOD13Q1, MYD13Q1)

Camera photos

Other datasets

(LR2017, SR2017 and LR2018)

5/10/2017 to 1/10/2018
(SR2017 and LR2018)

Vegetation samples

Daily Precipitation records

Collected in October 2017
1/1/2001 to 31/10/2018

3.1.  PlanetScope-derived NDVI time series

PS is a satellite constellation consisting of 170+ CubeSats (small satellites) operated by Planet Labs
(Houborg & McCabe, 2018). The number of CubeSats in this constellation is still increasing. The majority
of CubeSats are in a sun-synchronous orbit with an equator crossing time between 9:30 and 11:30 (local
solar time) (Planet Team, 2017). Other CubeSats are in the International Space Station orbit with a varying
equator crossing time. The inconsistent acquisition time in a day may result in variations in VI time series
that are not due to changes in the land surface (Houborg & McCabe, 2018). With all CubeSats combined,
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the PS constellation is able to capture more than 346 million km? of land surface every day. PS images have
four spectral bands, i.e. blue (455 — 515 nm), green (500 — 590 nm), red (590 — 670 nm) and near-infrared
(NIR) (780-860 nm). The spatial resolution is 3 m, which is resampled from 3.5 m — 4 m nadir sample
distance using a Cubic Convolution resampling kernel.

Planet Labs provides three types of PS products corresponding to three different pre-processing levels. The
product used in this study is the PS Analytic Ortho Scene Product (Surface reflectance product), for which
the 4-band image (GeoTIFF format) has been geometrically and atmospherically corrected. After the
geometric correction, the positional accuracy of these images is less than 10 m Root Mean Square Error
(RMSE). The atmospheric correction is based on the 6S radiative transfer model with ancillary data from
MODIS (Planet Team, 2017). The image quality is indicated in an XML metadata file. The images with sun
altitude greater than or equal to 10 degrees, off-nadir view angle less than 20 degrees and saturated pixels
fewer than 20% are classified as good quality (Planet Team, 2017). Apart from 4-band image files and XML
metadata, each PS product also contains an Unusable Data Mask (UDM). The UDM only provides a very
rough cloud mask, and was deemed not useful for this study.

A total of 460 PS Analytic Ortho Scene products between 3 March 2017 and 1 October 2017 were
downloaded from Planet Explorer (Planet Labs Inc., 2018). Images with bad quality as indicated in the
corresponding XML metadata file were excluded from the database. PS images acquired in the same day
from the same orbit were merged and clipped to the study area extent. This resulted in 208 merged PS
images. The normalized difference vegetation index (NDVI) was then calculated for each PS image. In
satellite-based phenology studies, the NDVI and enhanced vegetation index (EVI) are the two most
commonly-used VIs. In high biomass areas, such as dense forests, EVI has a better performance as
compared to NDVI, because the signal saturates less quickly (Huete et al., 2002). In low biomass areas, such
as semi-arid rangelands, the saturation effect of NDVI is not a major issue and NDVI can show a broader
dynamic range than EVI (Huete et al., 2002). However, NDVI is sensitive to wet versus dry soil (Huete et
al., 2002), which may impact on the change detection of vegetation greenness. Nevertheless, in this study, it
was chosen to focus on using NDVI to assess vegetation dynamics for Kapiti Farm. The PS-derived NDVI
time series are named in this thesis as NDVIp (the subscript P referring to PS).

3.2. Sentinel-2-derived NDVI time series

The Sentinel-2 mission consists of two satellites, Sentinel-2A and Sentinel-2B, which were launched on 23
June 2015 and 7 March 2017, respectively. They are in the same orbit with similar zenith angles (5.2 vs 7.8°)
and opposite azimuth angles (104.4 vs 288.6°). With two satellites, Sentinel-2 can revisit the same point on
the earth surface in five days with the same observation geometry. The revisit time is less than five days
towards the poles where satellite orbits overlap, but this is not the case for Kapiti Farm. Sentinel-2 images
have 13 bands, of which four bands have a 10 m resolution, i.e. blue (492 — 558 nm), green (559 — 595 mm),
red (664 — 695 nm), and NIR (832 — 938 nm).

All 62 Level-1B products (tile code 37MBU) were downloaded from the Copernicus Open Access Hub
(European Space Agency (ESA), 2018). There are no available Sentinel-2B images before June 2017 for
Kapiti Farm, and because of the limited amount of Sentinel-2A images for LR 2017, Sentinel-2-based
phenology analysis focussed only on the period 6 September 2017 to 1 October 2018, i.e. covering only
SR2017 and LR2018. The Level-1B products were atmospherically corrected using the Sen2Cor processor
(version 2.5.5). One of the outputs from Sen2Cor is a scene classification file; pixels classified as cloud
shadow, cloud, and thin cirrus were masked. In addition, to filter out cloud shadows that are not included
in the scene classification file, pixels with less than 0.01 reflectance in the blue band were also masked out.
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The NDVI was then calculated for each Sentinel-2 image. The Sentinel-2-derived NDVI time series are
named in this thesis as NDVIs (the subscript S referring to Sentinel-2).

3.3. MODIS-derived NDVI time series

MOD13Q1 and MYD13Q1 Version 6 250m resolution vegetation index products (Didan, 2015a; Didan,
2015b) were accessed through Google Earth Engine (GEE). MOD13Q1 and MYD13Q1 were generated
using atmospherically corrected images from MODIS/Terra and MODIS/Aqua satellite. Each product
includes 16-day composite NDVI and EVI. There is an 8-day shift between MOD13Q1 and MYD13Q)1,
so the combination of these two products results in an average eight-day interval for the combined VI time
series. The information of quality reliability and acquisition time of each pixel are also given along with
NDVI and EVI layers. In this research, only the NDVI layer was used and pixels flagged as poor
observations (code 3 and 4) were removed from the NDVI time series. The MODIS-derived NDVI time
series are named in this thesis as NDVIy (the subscript M referring to MODIS).

3.4.  Field camera photos

To monitor the vegetation phenology, three Bushnell Trophy Cam Essential (model 119730) trail cameras
(with identifiers KEO01, KE02, KE03) were installed in Kapiti Farm (Figure 7) in October 2017. Table AT in
the Appendix shows the basic information about the three camera locations. Each of these three cameras is
set up to take one RGB photo (JPG format) every 30 minutes from 8:00 to 17:30 using Eastern Africa Time
(EAT). Table A2 in Appendix shows the properties of cameras and photographs. Figure 3 shows sample
photos captured by each camera.

Camera photos captured between 5 October 2017 and 1 October 2018 were used in this study. The photos
that are blurred, overexposed or underexposed, or covered by non-vegetated obstructions (e.g. animals)
were visually identified and discarded from the database. Subsequently, VI time series were generated from
the camera photo series. One of the commonly-used Vs in camera-based phenology studies is Greenness
Chromatic Coordinate (GCC) (Migliavacca et al., 2011; Richardson et al., 2007). It is calculated by dividing
the brightness of the green channel by the sum of brightness of the red, green and blue channels (Eq. 1)
(Gillespie et al., 1987). This nonlinear transformation can mitigate the influence of scene illumination on the
brightness levels (Sonnentag et al., 2012; Woebbecke et al., 1995; Gillespie et al., 1987).

GCC = Green (1)

Red + Green + Blue

To generate GCC time series for camera photos, the average GCC value within a region of interest (ROI)
was calculated for each photograph. Figure 3 shows the ROIs in the field of view of each camera. Each ROI
represents a dominant vegetation community or the same vegetation community in a different condition.
For example, ROI1 in camera frame KE01 (KEO01-1) represents open grass. KE02-1 and KE02-2 represent
shrubs and grasses, KE03-1, KE03-2 and KE03-3 represent tree canopy, grass under the tree and grass. In
the case of more than one vegetation community in the field of view, such as for camera KE02 and KEO03,
another ROI that contain most of the field of view (KE02-0 and KE03-0) was also created to represent the
mixture of multiple vegetation communities as would be also observed from a satellite view. To further
reduce the influence of different scene illumination on GCC, the 90 percentile of all GCC values within a
non-ovetlapping three-day window (GCC90) was extracted and assigned to the centre day. This moving-
window approach for generating GCC time series was proposed by Sonnentag et al. (2012).
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Figure 3: Sample photos taken by the three cameras in Kapiti Farm. (a) the installation of field cameras in Kapiti Farm. (b) — (d) sample
photos taken by cameras KEOT, KEOZ2, and KEO3 at 12:00 on 19 November 2017. The red polygons in b-d indicate the region of
interest (ROI) used for extracting averaged GCC. ROIT in KEOT and ROI0 in KEO2 and KEEO3 are at the landscape scale. ROIT in
KEO07, ROIT and ROI2 in KE02, ROIT, ROI2 and ROI3 in KEEO2 are at the vegetation community scale.

3.5.  Vegetation cover records

Based on the field survey, the vegetation communities in Kapiti Farm can be categorized into four groups:
- Grass: only herbaceous vegetation;

- Acacia shrub: Acacia drepanolobinm shrubs mixed with herbaceous layer;

- Diverse shrub: multiple shrub types mixed with herbaceous layer;

- Woodland: tall trees (>2m) and understory shrubs and herbaceous vegetation.

A total of 24 sample points, i.e., six samples for each vegetation community, were collected by Gachoki
(2018) in October 2017 by using the global Land-potential Knowledge System (LandPKS) (Herrick et al.,
2017). Figure 1 shows the distribution of sample points. Table A3 in Appendix shows the components of
each vegetation community summarized from the information of all samples. These data were used to check
if different vegetation communities had a distinct phenology.
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3.6. Tools and platforms

Most image processing, data analysis and data visualization were implemented in Jupyter Notebook, which
is a popular integrated development environment (IDE) for Python. Table 2 shows all tools, platforms and
important python packages used in this study.

Table 2: The list of tools, platforms and Python packages

Name Version Usage

Jupyter Notebook 5.5.0 Python IDE
PyCharm Community Edition 2018.1 Python IDE

QGIS 3.2.3  GIS data preview
ArcGIS 10.6.1  Shapefile editing
MATLAB 2018b  Statistical analysis
Google Earth Engine (GEE) Image processing
Google Cloud Platform Cloud computation
Google Drive Cloud storage

Python 3.6.5 packages

GDAL 2.2.2  Image processing

rasterio 0.36.0  Image processing

earthengine-api 0.1.146  Image processing

pandas 0.23.0 Data manipulation

NumPy 1.14.3  Data manipulation

pickle 4.0.0 Data serializing and de-serializing

netCDF4 1.4.1 Multi-dimension data serializing and de-serializing
xarray 0.10.9  Multi-dimension data serializing and de-serializing
matplotlib 2.2.2  Data visualization

seaborn 0.8.1 Data visualization

scikit-learn 0.20.0 Machine learning

SciPy 1.1.0  Statistical analysis and curve fitting

Imfit 0.9.11 non-linear optimization and curve fitting

Google drive APIs 3.0.0 File uploading and downloading
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4.  METHODS

Figure 4 provides an overview of the methods used in this thesis. The pre-processing and VI time series
generation have been described in Chapter 3. The cloud and shadow detection for PS images were
conducted by using Random Forest- and monthly threshold-based supervised classification. The
observations flagged as clouds or shadows were removed from VI time series before using the double
hyperbolic tangent function to fit curves. The mapping comparison of the phenological metrics focussed
on four phenological metrics that were retrieved from the fitted curves, and included the start of season,
end of season, maximum VI value, and integral VI from the start of season to the end of season.
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Figure 4: Overview of methods
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41.  Cloud and cloud shadow detection for PlanetScope images

Clouds and cloud shadows can block or contaminate the radiation reflected from the land sutface to the
sensor, which will cause abnormal values in VI time series used to retrieve phenological metrics (Champion,
2016; Tseng et al., 2008). Therefore the detection of clouds and cloud shadows is an essential step before
analysing VI time series. However, there are no applicable cloud and cloud shadow masks or automated
cloud and cloud shadow detection algorithms for PS images (Cooley et al., 2017). In most PS-based studies,
clouds and shadows were manually digitized (Cooley et al., 2017), or only cloud-free images were used (Shi
et al., 2018; Kéib et al., 2017).

In this study, clouds and cloud shadows were both classified based on thresholds of specific features (i.e.,
measurable properties of pixels in satellite images). The widely used features in existing cloud and cloud
shadow detection algorithms, such as the cloud mask algorithm for MODIS (MOD35; Ackerman et al.,
1997), the Automated Cloud Cover Assessment (ACCA) for Landsat-7 Enhanced Thematic Mapper (ETM)
(Irish et al., 20006) and the Function of Mask algorithm (Fmask) (Zhu & Woodcock, 2012), are spectral
features and temperature feature when thermal bands are available. The spectral features refer to the
reflectance in spectral bands or the combination of reflectance in multiple spectral bands. The usually used
spectral features include NIR, short-wavelength infrared (SWIR), the ratio of NIR to SWIR, NDVI, and the
ratio of NIR to Green. Recently, spatial features quantified by grey level co-occurrence matrices
(GLCM) were also found to be useful for cloud detection ( Ghasemian & Akhoondzadeh, 2018; Bai et al.,
2016). Table A4 in Appendix lists all 124 potentially useful features for cloud and cloud shadow detection
that were considered to be further investigated in the next step.

To assess which of the 124 features has the potential to assist in detecting clouds or cloud shadows for PS
images, the relative importance value of each feature was derived using a Random Forest (RF) classifier. RF
was selected because it can easily handle data with large dimensions and is not seriously impacted by the
collinearity (Belgiu & Drigut, 2016). The RF-based feature importance analysis has three steps: feature
generation, sample data extraction, and RF training. To generate sample data to feed the RF classifier, 12
images captured in different months were manually digitized into three groups of polygons, i.e. cloud
shadow, cloud, and clear. In other words, each pixel in these 12 images was given a label. To reduce spatial
autocorrelation, only a limited number of pixels were randomly selected in the extent of each polygon. The
number of samples was proportional to the area of each polygon. This resulted in a total of 2,963 shadow
pixels, 2,949 cloud pixels and 5,979 clear pixels. These pixels that had one label and 124 features were fed
to RF classifier to calculate the feature importance. The RF classifier was iterated for 100 times with the
settings of 300 trees, one minimum samples leaf, and all features, as recommended by Belgiu & Drigut,
(2016). Each time 70% of training data were randomly selected, and the remainder 30% of data were used
for validation. Figure A7 in the Appendix shows the relative importance rank and relative importance value
of each feature in each run. The feature importance is a relative value scaled from 0 to 1, and the higher
values represent more contribution to discriminating clouds or cloud shadows. For cloud detection, the sum
average of reflectance in Band 2 (b2_savg) and reflectance in Band 2 (b2) had relatively higher importance
than other features. Regarding cloud shadow detection, the two most important features were the sum
average of reflectance in Band 4 (b4_savg) and reflectance in Band 4 (b4). The GLCM-based “sum average”
value of each pixel was calculated by dividing the sum of normalized grey tone values by the number of
pixels within a 9x9 window (Bai et al., 2016). This texture feature that considers the reflectance value of
surrounding pixels can identify contaminated pixels on the edge of thick clouds, which may be ignored when
only based on spectral features.
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The thresholds of b2, b2_savg, b4, and b4_savg were derived from cloud-free images by interpreting the
image histograms. The values of cloud shadows are actually reduced reflectance of land surface, which can
vary due to the change of land surface over time, so a choice was made to use monthly thresholds derived
from cloud-free images in each month instead of one fixed scene-based threshold. To extract the monthly
thresholds of b2, b4, b2_savg, and b4_savg, the histogram of each feature was generated for all cloud-free
images per month (Figure 5e-f). Given the existence of noise in the cloud-free images, instead of using the
maximum and minimum value, the 15t and 99.9% percentile in each histogram were set as the monthly
thresholds of each feature for clear pixels. Table A5 in the Appendix lists the exact values of each threshold.

The decision tree (Figure 6) for the classification of clear, clouds, and cloud shadows was generated by
logically combining monthly thresholds of b2, b2_savg, b4 and b4_savg. Figure 5a-d shows that pixels
labelled as cloud shadows in the sample image had lower values for b4 and b4_savg than clear pixels. In
contrast, cloudy pixels had higher values for b2 and b2_savg. All 208 merged PS images were classified into
three classes based on the decision tree. To further reduce the edge effect of clouds and cloud shadows, a
buffer of three pixels was created around identified cloud and shadow pixels. A Python script
(bttps:/ [ gist.github.com] Y anCheng-go/ 6f692136ab05¢1/2345892d0abb03de) was developed to automate the
cloud and cloud shadow detection process for PS images.

Another group of manually labelled pixels, which also includes 2,963 shadow pixels, 2,949 cloud pixels and
5,979 clear pixels and differs from the sample data fed to RF classifier, were used as reference data to assess
the accuracy of cloud and shadow detection at the pixel level. Despite the uncertainty of the process of
labelling, the result can still reflect the relative accuracy of cloud and cloud shadow detection (Zhu &
Woodcock, 2012). To evaluate if this algorithm is also effective for detecting clouds and shadows in other
areas with different land covers as compared to Kapiti Farm, a number of PS images over an agricultural
and a forest area in Aberdare National Park in Kenya were classified using monthly thresholds of b2,
b2_savg, b4 and b4_savg derived from cloud-free images in the testing areas.
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Figure 5: Histograms of surface reflectance and sum average surface reflectance in b2 and b4. (A) - (D) was extracted from a sample PS
image captured in 24 June 2017. (E) and (F) shows the histograms of b2, b2_savg, 4, and bd_savg extracted from clond-free PS images
per month.
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Figure 6: Decision tree using monthly thresholds of the surface reflectance in Band 2 (b2), the sum average of the surface reflectance in Band
2 (b2_savg), the surface reflectance in Band 4 (b4) and the sum average of the surface reflectance in Band 4 (b4_savg). The monthly
thresholds for clear class for Kapiti Farm is shown in Table A5 in Appendix. UTlm refers to the upper threshold in month m and L' Tm
refers to the lower threshold in month m.
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4.2.  Double hyperbolic tangent function-based phenological metrics estimation

Many fitting models have been used to interpolate VI time series based on limited observations and resulting
in a smooth VI time series. The most commonly-used models are Fourier transformation (Jakubauskas et
al., 2001), asymmetric Gaussian function (Jonsson & Eklundh, 2002), Whittaker smoother (Eilers, 2003),
and double-logistic algorithm (DL) (Beck et al., 2006). Atkinson et al. (2012) found phenological metrics
estimated based on the four fitted models had less than one week difference, based on a study with Level 3
Medium Resolution Imaging Spectrometer images (spatial resolution ~4.6 km) across India.

In this study, an equivalent of DL, the double hyperbolic tangent function (Meroni et al., 2014) was used to
fit models for VI time series generated from camera photos and satellite images, i.e., GCC90, NDVIp,
NDVIs, and ND VI The double hyperbolic tangent function can be written as:

VI(t) = ap + a; tanh[(t—;z)*a3]+1 +a, tanh[(t—ss)*a5]+1 —a, %)

where # refers to the day of year (DOY) and ay, a1, a2 a3, a4, a5, and as are the user-specified function
parameters, which are described as follows:

- ap: the minimum VI value in the green-up phase;

- ay(ay): the difference between the maximum and minimum VI value in the green-up (senescence) phase;
- az(as): the time of midterm in the green-up (senescence) phase;

- as(ag): the constant used to adjust the slope at the midterm, initial value is equal to 0.02 (-0.02).

A Python sctipt (betps:/ / gist github.com/ Y anCheng-go/ dde17831/294199443d0f7682558¢608) (Figure A9 in Appendix)
was developed to execute the curve fitting for each VI series. In the script, the Levenberg-Marquardt
algorithm (More, 1978) in Imfit Python package (Newville et al., 2014) was used to find the optimum model
parameters that minimize the sum of squared residuals between fitted values and actual values. Lower VI
values can be a result of remaining contamination of atmospheric effects and unclassified clouds and
shadows, so the fitted curves were adapted to the upper envelope based on an iterative weighing method
used by Meroni et al. (2014) and Vrieling et al. (2018). In short, if the observations (y) in original VI time
series are smaller than the corresponding fitted values (f{x;)), the weights of those observations in next curve
fitting will be decreased (Eq. 3). As a consequence, the next fitted curve will be closer to observations with
higher VI values. The initial weights of all observations were set as 1. The iteration stops when the n™ sum
of weighted absolute residuals (SWAR) (Eq. 4) is smaller than (n+1)™ SWAR or the iteration times equal to
a customized maximum threshold. The preliminary tests indicated that for PS-based NDVI time series in
more than 90% of the case less than five iterations were used before the fitting converged. To avoid infinite
iterations, the maximum iteration time was set as 10. It is worth noting that, if the number of observations
is less than the number of parameters of the user-defined function (double hyperbolic tangent function),
the curve fitting algorithm will not work.

lyi—f )l

Weight; = 1 = =D

,wheny; — f(x;) <0 (3)

SWAR = Y-, Weight; * |y; — f(x;)] @

As introduced in Chapter 3, the timeframe of this study was from 1 March 2017 to 1 October 2018, which
covers three vegetation seasons. To fit curves for each season separately, the timeframe was split into three
parts: 1 March 2017 — 1 October 2017 (LR2017), 1 September 2017 — 1 March 2018 (SR2017), 1 February
2018 — 1 October 2018 (LR2018). To make sure that dry periods were included, there were one-month
overlapping periods between successive vegetation seasons. As shown in Fjgure 2, the first rainy season in
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2017 started in April and was one month later than in 2018, so the timeframe for LR2017 set in the study
was one month later than for LR2018. For field camera series, the curve fitting was applied for both
landscape-level ROI and species-level ROIs in the field of view of three cameras (Figure 3). For satellite
images, the curve fitting was applied for all individual image pixels contained in Kapiti Farm.

Atfter fitting curves for satellite- and camera-derived VI time seties (i.e., GCC90 and NDVI), two temporal

metrics, the date of the start of season (SOS) and the date of the end of season (EOS), were estimated from

the fitted curves. This estimation can be based on four types of thresholds: absolute VI, proportions of

maximum VI, proportions of amplitude, and slopes of VI curves (Misra et al., 2018). Most phenology-

related studies extract the date (SOS or EOS) when VI values reach a specific proportion of amplitude in

VI time series. The 50% threshold of amplitude, which indicates the time of fastest green-up or senescence

(Vrieling et al., 2017; White et al., 1997), was used in this study. Apart from SOS and EOS, two NDVI-

related phenological metrics were retrieved from satellite-derived NDVI time series. maxNDVI relates to

maximum biomass levels and species richness, whereas cumNDVI is often used as a proxy for seasonal

productivity (Heumann et al., 2007; Bailey et al., 2004). This results in the following four metrics:

- SOSs0: the start of the season; the DOY when VI first reaches 50% of the difference between the
maximum and minimum VI in green-up phase;

- EOSsp: the end of the season; the DOY when VI first reaches 50% of the difference between the
maximum and minimum VI in the senescence phase;

- maxNDVI: the maximum NDVI;

- cumNDVIs: the accumulation of NDVI between SOSso and EOSs.

[ ]
05~ maxNDVI -

L ]
0.4
0.3
s
]
= cumNDVIso

b .
0.2
SOSso EOSso

0.1F
0.0 | | | | | | | |
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Date (Year-Month)

Figure 7: Llustration of four phenological metrics retrieved from a fitted curve.




RETRIEVING VEGETATION PHENOLOGY WITH PLANETSCOPE IMAGES FOR A SEMI-ARID RANGELAND IN KENYA

4.3.  Statistical analysis and comparison of phenology metrics

Based on the phenological metrics estimated from PS-, Sentinel-2- and MODIS-derived NDVI time series
and camera-derived GCC90 time series, a number of analyses were executed to 1) link satellite-derived
phenological metrics to camera-derived ones; 2) compare PS-derived phenological metrics to Sentinel-2-
and MODIS-derived ones; 3) investigate the impact of image availability on PS-based estimates of
phenological metrics. Different statistical measures were used for these analyses, including: 1) Root Mean
Squared Deviation (RMSD) for quantifying the difference across datasets, 2) Mean Signed Deviation (MSD)
for assessing the bias, and 3) R? or Pearson’s correlation coefficient (r) for evaluating the correlation between
two datasets.

To assess the performance of curve fitting, r, RMSD, and MSD were calculated for each fitted VI time series
as compared to the original VI time seties. The low values of r, RMSD or MSD do not necessarily mean a
bad performance of curve fitting because of the implementation of upper envelope fitting. Nevertheless,

the comparison of r, RMSD and MSD can indicate the relative goodness of curve fitting across data sources
(Vrieling et al., 2017).

For the comparison of satellite- with camera-derived phenological metrics, to match the field of view of
cameras as well as mitigating geometric errors, PS images were first aggregated to 10 m resolution by taking
the average of pixel values, only if the centre of the pixel falls in 10x10 m cells. The SOSso and EOSso
retrieved from the aggregated PS, Sentinel-2 and MODIS NDVI time series for the pixels corresponding to
three camera locations were then compared against the SOSsp and EOSs from the camera-derived GCC90
time series. The GCCY0 time series used in this analysis were extracted only for the landscape-level ROl in
the field of view of each camera. The RMSD and MSD between satellite-detived and camera-detived
phenological metric were used to quantify the difference.

To compare PS-derived phenological metrics to metrics derived from Sentinel-2 and MODIS, PS-derived
phenology maps were resampled to 10 m and 250 m resolution by taking the average of pixel values, only if
the centre of the pixel falls in 10x10 m and 250x250 m cells. After that, density scatterplots were generated
and the R2, RMSD, and MSD were calculated to evaluate the relationship between phenological metrics
derived from different satellite images.

To assess the impact of reduced image availability on the estimation of phenological metrics with PS, two
simulation analyses were executed. The first one mimics the reduced availability by randomly removing n%
(with n varying from 5 to 50) of observations from the original NDVI time series. The 27 NDVI time series
used in this analysis corresponded to the 24 vegetation samples and the three camera locations. A total of
100 iterations of randomly removing observations was done for each n and NDVI time series. The four
phenological metrics were then retrieved from each fitted curve. For each n and location, the RMSD for
SOSsp and EOSs and the RMSD against the value derived from full dataset (RRMSD) for maxNDVI and
cumNDVIs, were then calculated through comparing the 100 retrieved values against the value retrieved
from the original NDVI time series as the base. This resulted in 27 (R)RMSD values for each phenological
metric per season. The mean and standard deviation of those 27 (R)RMSD values were also calculated. The
(R)RMSD were used to reflect the potential “error” of phenological metrics retrieved based on a reduced
number of observations in the NDVI time series. This analysis can also indicate which metric is more
sensitive to the lack of observations.

The second simulation analysis examined in which period of the season reduced data availability would most
significantly affect phenology estimation. To achieve this, all observations in every first or second half of a
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month, ie. 1-15March, 16-31March, were iteratively removed from the NDVI time series. Remaining
observations were used to fit curves and retrieve phenological metrics. This process was also implemented
for 24 vegetation samples and three camera locations (Figure 7). (R)RMSD and MSD were used to illustrate
the deviation between phenological metrics retrieved from original NDVI time series and the modified
NDVI time series for which ~15 days of observations were removed.
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5. RESULTS

5.1.  Cloud and cloud shadow detection for PlanetScope images

The monthly threshold-based cloud and shadow detection algorithm (Section 4.1) was implemented on 208
merged PS images. Visual inspection of classification results revealed a teasonable cloud/cloud shadow
detection for most images. Table 3 summarizes the classification accuracy based on the manually labelled
reference data. Figure 8 shows examples of classified images and highlights incorrect classification areas. It
suggests that the designed cloud and cloud shadow detection algorithm tended to underestimate clouds and
cloud shadows, i.e. the omission error for clouds and cloud shadows is 33% and 26.05%, respectively. The
underestimation of clouds was mostly caused by semi-transparent clouds, such as cirrus and thin clouds on
the edge of thick clouds (Figure 8a, ¢ and d). The reason for the underestimation of cloud shadows (Figure 8a)
may be that the spectral response of cloud shadows is at times similar to clear vegetated areas. Despite the
underestimation of clouds and cloud shadows, the implementation of upper envelope curve fitting can
further mitigate the influence of those undetected clouds and cloud shadows that have lower NDVI values
in time series. However, when there are only a small number of observations in NDVI time series, the
contaminated observations can still result in biased curve fitting.

Figure 9 shows the average number of valid observations per pixel per month. When comparing to Figure 2,
it is clear that in drier months the number of valid observations was larger than during wet months. The
statistical analysis also revealed that there was a strong correlation (r = 0.62, p = 0.004) between the average
number of cloud-free observations per month and monthly precipitation.

To test if the designed cloud and cloud shadow detection algorithm is effective in areas with other land
cover types, an agricultural and a forest area outside the Kapiti Farm in Kenya were also classified by the
same algorithm. Specifically, a number of images within the boundary of testing areas were classified using
monthly thresholds of b2, b2_savg, b4, and b4_savg derived from cloud-free images in the testing areas.
The classified images are shown in Fjgure 70. Overall, the designed algorithm seems to be effective for
various land covers, including agriculture and dense forest areas that are not found in Kapiti Farm.

Table 3: Confusion matrix of image classification

Classified Cloud shadow Cloud Clear Total Omission error (%)  Producer accuracy (%)

Reference
Cloud shadow 2191 0 772 2963 26.05 73.95
Cloud 40 1976 933 2949 33.00 67.00
Clear 50 153 5776 5979 3.40 96.60
Commission error (%) 395 719 228
User accuracy (%) 96.05 92.81 77.20

Opverall accuracy: 83.62%
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Figure 8: Examples of classified images. The first row shows false colour composite images (NIR, red and green bands). The second row
shows classified images. The red circles highlight locations for which the classification did not produce accurate results. (al) undetected haze
area. (a2) undetected shadow area. (b1) shadow detection in clear area. (c1) clond detection in clear areas. (d1) undetected cirrus.
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Figure 9: Average number of cloud-free observations per pixel and per month. The vertical line on the top of each bar indicates the standard
deviation.
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Figure 10: Examples of classified images in (a) agricultural and (b) forest areas in Aberdare National Park in Kenya. The second and
third columns show false colonr composite images (NIR, red and green bands).
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5.2.  Satellite- versus camera-derived phenological metrics

Figure 11 compares the GCCI0 time series of different vegetation types in the field of view of KEO01, KEO02
and KEO3. As illustrated in Table A3 in Appendix and Figure 3, the dominant vegetation communities at
these three locations are open grass, mixed grass/shrubs (Acacia drepanolobinm) and grass/trees (acacia
species), respectively. The phenological metrics estimated from GCC90 time series were different across
vegetation communities. The EOSso of shrubs and trees in two seasons are both later than for grass. The
time lag was varying along with the increase of precipitation from SR2017 (281.5 mm) to LR2018 (656.5
mm). On average, after the grass entered senescence phase, the shrubs and trees maintained the leaf canopy
for about one more month. The SOSsy of grass was later than that of shrubs while earlier than trees in both
seasons. Overall, grass has shorter growing seasons and is more sensitive to precipitation variations than
shrubs and trees. This difference was also found in a prior camera-based phenology study for semi-arid
lands (Liu et al., 2017). It is worth noting that the trees and grass in the field of view of KEO03 had a short
secondary green-up phase after the main green-up phase in SR2017 and LR2018 (Figure 717), which was
respectively caused by a dry period in December 2017 followed with substantial rainfall in January 2018 and
a light rainfall in 31 July 2018 (Figure 11d). However, the open grass in the field of view of KEO1 and the
mixed grass /shrubs in the field of view of KEE02 have no apparent secondaty green-up phases. Moreovet,
the speed of green-up for the grass/understory grass in the field of view of KEO03 is faster than the grass in
the field of view of KEO1 and KE02. This can be explained by that the trees in KE03 may contribute to
reducing the evaporation in the understory vegetation (Akpo, 1997). In short, the camera-based analysis
indicates that vegetation phenology in Kapiti Farm is spatially and temporally heterogeneous, for which the
complex composition of vegetation and rainfall variability may be the main factors.

Figure 12 compares satellite-derived NDVI time series with camera-derived GCC90 time series for the three
camera locations. The camera-derived GCC90 time series were calculated for the entire field of view to
simulate the landscape scale as in satellite images. Because of the larger amount of precipitation during
LR2018 as compared to SR2017, the maximum satellite NDVI values were larger in LR2018. However, for
KEO1 the maximum GCC90 is smaller for LR2018, which may be explained by experienced problems with
overexposure during that season. Despite these problems, a clear seasonal signal is still visible. The PS-
derived NDVI time series show noisier temporal patterns as compated to Sentinel-2 and MODIS-derived
NDVI. Reasons for this difference could be: 1) the cloud and cloud shadow screening for PS images is not
of the same quality as for Sentinel-2 and MODIS images, partially due to missing dedicated spectral bands
for, e.g., cirrus detection; 2) the PS images were captured at different local solar time; 3) the quality of PS
surface reflectance products is not as good as Sentinel-2 and MODIS. Nevertheless, the denser NDVI time
series derived from PS images could be potentially better in capturing vegetation variations in short terms
than other two sparse NDVI time series derived from MODIS and Sentinel-2 images. Table 4 compares
satellite- with camera-derived SOSsp and EOSso. On average, the difference (RMSD) between satellite- and
camera-derived SOSsp was ~6 to ~9 days. MODIS-based SOSs retrievals were more similar to those from
the camera series, as compared to PS and Sentinel-2. Moreover, PS- and Sentinel-2-based SOSs retrievals
were usually later than those from the camera series. MODIS-based SOSs retrievals were earlier than
camera-derived in SR2017 ones while later than camera-derived ones for LR2018. The RMSD for EOSs is
approximately twice as large as for SOSsp. PS-based EOSs retrievals were closer to those from the camera
series, as compared to MODIS and Sentinel-2.
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Table 4: Comparison of satellite-derived SOS sy and EOS'so with camera-derived ones.

SOS50 EOS50
PS Sentinel-2 MODIS PS Sentinel-2 MODIS
RMSD 9.56 9.44 6.38 17.26 19.82 21.64
MSD 6.33 6.17 0.67 7.00 5.00 12.50
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Figure 11: Time series of GCCI0 for each vegetation community in the field of view of KEO1, KEO2 and KEO3. In panel a-c, the lines
are fitted curves and the vertical lines near x-axis indicate the SOS'sy and EOS sy retrieved from each fitted curve. Panel d shows the daily
precipitation in SR2017 and 1.R2018. The four plots use the same x-axis.
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Figure 12: Time series of satellite-derived NDV'I and camera-derived GCC90 at three camera locations (KEOT, KEO2, and KEO3) in
SR2017 and 1.R2018. GCCI0 were extracted for the entire field of view at each camera locations.
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5.3.  PlanetScope-derived phenology maps

The curve fitting process was implemented for PS-derived NDVI time series for each pixel within Kapiti
Farm boundary. Figure 13 shows the maps of SOSs), EOSsp, maxNDVI and cumNDVIs for the three
seasons considered. Various maps clearly show a spatial resemblance to differences in land surface (Figure
7), although the spatial patterns of each metric are different across three seasons. It is worth noting that,
there is an apparent artefact in Figure 73/, i.e. a clear north-south linear pattern can be discerned with later
EOSs5o dates west of the imaginary line. Further examination revealed that this was caused by the 17 July
2017 image, which only covered the north-western part. As shown in Fjgure 74, after removing the
observation on 17 July 2017 from the time seties of the west of the imaginary line, the difference of EOSs
decreased from ~10 to ~2 days. This suggests that, even though there are many valid observations in PS-
derived NDVI time series, a single observation can have an important influence on the curve fitting and
phenological metrics estimation.

The mean and standard deviation of each phenological metric are shown in Figure 13. The average time of
the first start of season in 2018 (81 * 4.66) is more than one month earlier than in 2017 (121 £ 7.49). This
can be explained by the variation of precipitation. As shown in Figure 2, the first rains of the LR season in
2017 were approximately one month later than in 2018. In addition, the amount of precipitation in LR2018
was greater than in LR2017, as a consequence of which the date of the first end of season in 2018 (191 *
11.47) is later than in 2017 (182 £ 10.73). The relatively high maxNDVI and cumNDVIs in LR2018 as
compared to other two seasons is also a result of the large amount of precipitation in March and April in
2018 (Fignre 2).

Table 5 summarizes the four phenological metrics for the 24 sample points that were categorized into four
vegetation groups. The composition of each vegetation group is shown in Tablk A3 in the Appendix. The
one-way ANOVA analysis indicates that the four phenological metrics are not significantly (significance
level = 0.1) different between the vegetation communities. The reason could be that: 1) each vegetation
group only contains a small number of samples; and 2) multiple vegetation types exist within a group,
whereby mostly grass is the dominant signal. But the comparison of the average values of each metrics can
still provide some information. For example, except the cumNDVIsy for LR2017, the maxNDVI and
cumNDVI; for the group of mixed acacia trees and grass (group D) is slightly higher than other groups.

Table 5: Phenological metrics retrieved from PS-derived NDVI time series for sample points and per rain season. SOS sy and EOS'sy are
expressed as Day of the Year (DOY). Group A, B, C and D refer to four vegetation communities. A = Diverse shrubs, B = Acacia
trees with grass, C = Open grassland, D = acacia shrubs with understory grass. Each vegetation group contains six sample points. The
phenological metrics are reported as the average of six observations.

LR2017 SR2017 LR2018

A B C D A B C D A B C D
SOSso 120 119 118 118 317 320 319 320 80 80 82 80
EOSs5 188 176 183 187 362 374 357 365 189 188 193 193
maxNDVI 0.50 0.56 0.48 0.49 0.47 0.52 0.47 0.47 0.65 0.69 0.67 0.65
cumNDVI;5, 32.2 29.2 28.1 30.4 19.3 25.8 16.0 19.1 68.0 71.2 67.6 69.2
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Figure 13: Phenology maps derived from PS images. The mean and standard deviation are reported for each map. SOS'so and EOS sy maps
are visualized by showing the difference (in days) from the spatial mean for each season. Red colours indicate that the date is before the mean,
and biue colonrs indicate that the date is after the mean.
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Figure 14: Llustration of the linear artefact in PS-derived EOS'sy map (Figure 13f). Panel a is the enlarged map that is oomed in to the
artefact. The EOSsg map is visnalized by showing the difference (in days) from the spatial mean for each season. Red colours indicate that
the date is before the mean, and blue colonrs indicate that the date is after the mean. In panel b, the green and blue lines are fitted curves for
pixel A and B, which are highlighted in frame a. The red curve is the fitted curve after removing the observation on 17 July 2018. SOS'sy
and EOS'sg derived from each fitted curve are indicated as vertical lines near x-axis. Images (2) in panel b is the PlanetS cope image acquired
on 17 July 2018 and displays by false colour composite (red, NIR and blue bands).
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5.4.  PlanetScope- versus Sentinel-2- and MODIS-derived phenological metrics

Table 6 compares the image availability and the fit statistics of PS, Sentinel-2 and MODIS. The average
number of cloud-free observations for PS images in SR2017 and LR2018 are almost twice as many as the
number of cloud-free observations for Sentinel-2 and MODIS images. The maximum gap (in days) between
two sequential observations is also smaller for PS as compared to than Sentinel-2- and MODIS for LR2017
and SR2018. However, for LR2018, this difference was negligible due to the very persistent cloud cover in
May 2018. More valid observations and shorter temporal gaps facilitate the ability to reveal larger temporal
NDVI variations, which may not be due to noise only but also due to real within-season variability. Both a
stronger noise and capturing of more natural variation may cause the smaller r value for PS. For example,
in SR2017, there was a short secondary green-up after the main growing season (Figure 12¢) caused by a dry
period in December 2017 followed by substantial rainfall in January 2018. The double hyperbolic tangent
function-based curve fitting can only model one peak per season, as a consequence of which the PS-derived
r value in SR2017 was lower than in LR2018. For Sentinel-2, this second peak was not apparent, resulting
in similar r values for SR2017 and LR2018.

Figure A4-A7 in Appendix compare the spatial pattern of each phenological metric derived from PS, MODIS
and Sentinel-2. Overall, the phenology maps derived from three satellite images have similar spatial patterns.
However, Sentinel-2 derived SOSso map in LR2018 (Figure A45 in Appendix) shows apparent artefacts. The
reason for these artefacts could be the lack of observations from March until the beginning of April in 2018
as illustrated in Fjgure 15, while a single image in that time-frame contains clouds, but for the non-cloudy
areas strongly influences the fitting. Although MODIS-derived phenology maps do not have apparent
artefacts, they show fewer details than PS- and Sentinel-2-derived phenology maps due to the coarse spatial
resolution.

Figure 16 compares phenological metrics from Sentinel-2 and MODIS to phenological metrics from PS at
the pixel level. The PS-derived phenological metrics were aggregated by taking the average of values within
10x10m and 250x250m cells for Sentinel-2 and MODIS; respectively. The maxNDVI and cumNDVIsy
shows a stronger correlation than SOSsp and EOSso. The negative MSD of SOSsyo means that on average
SOSso derived from Sentinel-2 and MODIS is later than SOSso detived from PS. The MSD for Sentinel-2-
derived SOSsp in LR2018 is an exception, which could be caused by the large area of artefacts in the Sentinel-
2 SOSso map (Figure 15a). The MSD values for EOS50 in SR2017 are negative while positive in LR2017.
This difference could be caused by the apparent secondary green-up in SR2017. The RMSD values reported
in Figure 16 for SOSsp and EOSs indicate that on average Sentinel-2-derived SOSso and EOSso had ~9 and
~12 days difference from PS-derived ones. For MODIS, the difference is similar to Sentinel-2. The negative
MSD of SOS50 means that on average SOSso derived from Sentinel-2 and MODIS is earlier as compared to
PS. This finding matches the analysis by Vrieling et al. (2017) and Zhang et al. (2017).

33



RETRIEVING VEGETATION PHENOLOGY WITH PLANETSCOPE IMAGES FOR A SEMI-ARID RANGELAND IN KENYA

Table 6: Comparison of image availability and fit statistics among PS, Sentinel-2 and MODIS. 1, MSD and RMSD calculated from
fitted and original NDV'T values measure the goodness of fit. nlmages refers to the average number of cloud-free observations in ND1'T
time series. maxGap indicates the maximum difference (days) between two continnous clond-free observations in NDV'T time series. Mean
and standard deviation are reported for each measurement.

LR2017 SR2017 LR2018

PS MODIS PS Sentinel-2 MODIS PS Sentinel-2 MODIS
r 0.85+0.08 0.95+0.05 0.86+0.07 0.95£0.03 0.96+0.04 0.93+0.03 0.96+0.04 0.96£0.03
RMSD 0.054+0.02 0.03£0.02  0.046%0.01 0.55£0.19  0.031£0.01  0.034+0.01 0.03+0.01 0.05£0.02
MSD -0.003+0.0  -0.012+0.0  -0.002%0.0 0.015£0.0  -0.012£0.0  -0.004£0.0 0.007£0.0  -0.017£0.0
nlmages  29.69%2.49 18.09f1.61 39.37X278 20.93%2.20 17.24%1.58 41.02£328 22.17+2.48 20.93%2.03
maxGap  25.64£5.78  30.67t4.77 14.00£4.97 21.48+6.25 20.50+2.87 32.32+7.86 34.14+8.45 30.37%06.11

(a)

Mean: 2018-03-28

Std.: + 6.52
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Figure 15: Illustration of the artefacts in Sentinel-2-derived SOS'sy map for LR2018 (Figure A4h in Appendix). Panel a is the enlarged
Sentinel-2-derived SOS'sy for LR2018. Panel b compares the NDVI time series for location A and location B. As indicated in panel a,
location A is a pixel inside the artefact and location B is a pixel near but outside the artefact. In panel b, the vertical lines near x-axis
indicate the SOSsp and EOS 5 retrieved from each fitted curve.
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Figure 16: Density scatterplots for SOS'so, EOS s, maxINDV'T and cumINDV Ty per season. The x-axis is the PS-derived phenological
metric that had been resampled to 10 or 250 m to match the spatial resolution of the data source indicated on y-axis. The y-axis is the
phenological metric derived from Sentinel-2 or MODIS. Blue to red indicates the increase in the frequency. The black line in each plot is
the linear regression model. RMSD, MSD and R? are reported in each plot.
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5.5.  Robustness of phenological metrics estimation

Figure 17 illustrates the impact of reduced number of available images on the phenological metric estimates
as compared to using the full PS dataset. Unsurprisingly, the increase in the number of observations left out
resulted in larger (R)RMSD values for all metrics. The average (R)RMSD had almost a linear relationship
with the percentage of missing observations. Specifically, removing 5% of the observations resulted in <4
days difference in SOSso and EOSsp as compared to the metrics retrieved from the full NDVI time series.
The RMSD increased to ~9 days for SOSso and ~11 days for EOSsy when 50% of observations were
removed. For cumNDVlIs, the value of RRMSD was from ~0.06 to ~0.23 with the increase of missing
observation from 5% to 50%. The missing observations caused smaller RRMSD in maxNDVI (< 10%) as
compared to cumNDVIs.

Figure 18 shows the impact of missing observations in a certain period on the estimation of phenological
metrics. The lack of observations at the beginning and the very end of the growing seasons both resulted in
relatively great impacts on SOSs, e.g. in the second half month in March 2018 (LR2018) (RMSD = 14.21
days) and in September 2017 (LR2017) (RMSD = 6.89 days). However, the lack of observations in most
periods had great impacts on EOSsp and the greatest impact was caused by the omission of observations at
the very end of the growing season, e.g., in the second half of September 2017 (LR2017) (RMSD = 19.44
days). Overall, the impact (RMSD) of missing observations on the estimation of SOSsp and EOSso were less
than 20 days. The MSD values for SOSsp and EOSs indicate that the omission of observations could cause
cither later or earlier SOSsp and EOSsp as compared to the estimates derived from full dataset. Reduced
image availability will hide or exaggerate some spatial variabilities of SOSso and EOSsg as indicated in Figure
713. Nevertheless, the impacts (RRMSD) on maxNDVI were usually very small (<15%). The RRMSD values
for cumNDVIsp were on average larger than for maxNDVI. In other words, the estimation of cumNDVIs
was less robust to the reduced image availability than maxNDVI.
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Figure 17: The impact of reduced image availability on the estimation of phenological metrics as compared to using the full PlanetScope
dataset. The x-axis shows the percentage of observations that are randomly selected and removed from the original NDV'T time series. There
were 27 original NDVT time series generated for 24 vegetation samples and three camera locations. Per percentage removed, the random
selection of observations and curve fitting were repeated 100 times for each sample NDV'T time series. (R)RMSD values were calenlated by
using the phenological metrics retrieved from original NDV'T time series as the base. The point indicates the mean RMSD and the shade
around each line indicates the corresponding standard deviation of (RIRMSD for 27 samples.
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estimates as compared to the metrics derived from the full PlanetScope dataset.
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6. DISCUSSION

The results showed that PS-images are effective to retrieve fine-scale patterns of vegetation phenology for
semi-arid rangelands. As compated to camera-based in-sitn measurements, PS-derived SOSsp and EOSs
were on average within eight days and 15 days of camera-derived SOSso and EOSs, respectively (Table 4).
Many phenology-related studies show that the satellite-based temporal phenological metrics have ~10 to 30
days difference from camera-based or visual ground observations (White et al., 2014). These differences can
be partially explained by the use of different vegetation indices (Vrieling et al., 2018; Liu et al., 2017). Unlike
RGB-based GCC, NDVI uses the reflectance of NIR band, which not only captures the change of
chlorophyll but also other signals of green-up and senescence, such as the changes of cell structure. The
different viewing angles can also contribute to the inconsistency between satellite- and camera-based
phenological metrics. Specifically, the vegetation greenness observed from oblique camera view can be
different from the satellites’ more nadir view, given that non-photosynthetic elements like stems and grass
heads are more dominant in the oblique view (Vtieling et al., 2018). Sentinel-2- and MODIS-derived SOSso
and EOSsy were also linked to camera-derived equivalents. As Table 4 summarized, the accuracy of PS-
derived SOSsy and EOSs was similar to Sentinel-2- and MODIS-derived SOSso and EOSsp. Nevertheless,
PS-derived NDVI time series show more consistent change patterns with camera-derived GCC time series

and daily precipitation records due to the better density of observations (Figure 12).

Although PS-derived phenological metrics had disagreements with camera-derived ones, phenological
metrics could be estimated for all pixels within the boundary of Kapiti Farm by using a consistent method,
which resulted in 3m-resolution phenology maps. These phenology maps (Figure 13) showed clear and
detailed spatial variations corresponding to differences in land surface (Figure 7). These spatial patterns were
different across phenological metrics and seasons. Because water availability is the main factor influencing
vegetation growth in semi-arid areas (Scholes & Walker, 1993), the spatial differences in phenology are likely
a result of variable plant water availability. More rainfall stations across the study area will be helpful for
understanding possible spatial variability of rainfall characteristics. Further study is also needed to better
understand the effect of soil condition and water-logging caused by uneven topography on the spatial
distribution of water availability. PS- and Sentinel-2-derived EOSso map for LR2018 (Figure 13e-f and Figure
A3d in Appendix) showed slight differences between the top and bottom of the hill, which is likely caused
by different vegetation cover and water availability. Unsurprisingly, MODIS-derived EOSso map for LR2018
did not show any elevation-derived spatial variabilities in the hill due to its coarse spatial resolution.

Despite the current lack of data for the assessment of driving forces of the spatial and temporal variations
of phenology, the spatial patterns of the PS-derived phenology maps are also reflected in Sentinel-2 and
MODIS-derived phenology maps (Figure A4-A7 in Appendix). Even at the pixel level, PS-derived
phenological metrics also have good agreement with Sentinel-2 and MODIS-derived phenological metrics
(Figure 16). Moreover, due to the finer spatial resolution, PS images can provide more detailed insight into
the subtle differences of phenology within a small region and can be easier linked to individual species and
ground point measurements (i.e. field camera and flux tower data) than other coarser-resolution images.
This could lead to a promising improvement in spatially detailed understanding of semi-arid rangeland
ecosystem at the local scale.
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Due to the short revisit time of the PS constellation, there was a sufficient number of PS observations over
Kapiti Farm for the extraction of vegetation phenology in the three seasons considered (March 2017 to
September 2018). However, the simulation analyses showed that if the number of PS observations would
be reduced at the beginning or the end of vegetation seasons, this can result in large RMSE values for SOSso
and EOSso of up to 20 days (Figure 18). Likewise, for Sentinel-2, the lack of cloud-free observation at the
beginning of the green-up phase caused the estimation of SOSso to be one-month later, which resulted in
apparent artefacts on SOSsp map for LR2018 (Figure 15). To mitigate the impact of sparse observations on
the estimation of phenology, more efforts can be made to improve the robustness of the curve fitting
method used in this study. Recently, Jénsson et al. (2018) proposed a so-called robust curve fitting algorithm
for Sentinel-2 and Landsat-derived NDVI time series and tested it for a forest in central Sweden. In short,
this method defines a reference curve for each pixel based on historical data. If there are no observations in
a specific time window, the fitted curve will be adapted to the pre-defined reference curve by constraining
some model parameters. Gachoki (2018) has proven the potential and limitations of generating the so-called
reference curves by combining multiple years of Landsat observations for Kapiti Farm. Future study is
needed to test if this robust curve fitting method can really improve PS-based phenology analysis.

There is also scope to further improve the proposed cloud and cloud shadow detection algorithm. First, the
semi-transparent clouds like cirrus can be separated from other cloud types by including other features in
the decision tree. For example, the cloud detection algorithm for Sentinel-2 uses Band 10 (1,358 nm-1,388
nm) to detect cirrus (Coluzzi et al., 2018). Even though PS images do not have that band, further analyses
may reveal if other integrated spectral or temporal features could be useful for discriminating these cloud
types. Secondly, the temporal variations on the series for the various spectral bands can be used to revise
the result of pixel-based cloud and cloud shadow detection, which is similar to Multi-Temporal Cloud
Detection (MTCD) algorithm proposed by Hagolle et al. (2010). Despite the potential to further improve
the cloud and shadow detection, the method developed in this thesis proved capable of accurately
eliminating a large number of low-quality observations.

PS images are currently not freely available, except for a limited free availability for research purposes.
Following a request to Planet Labs, researchers can download 10,000 km? images per month; for multi-
temporal acquisitions as needed in this study, this corresponds to a much smaller area. Despite the fact that
at present image costs are prohibitive to apply PS time series for phenology assessment for large areas, pilot
phenology analyses at the local scale can also provide useful information for understanding ecosystem
function and structure, such as the driving forces of spatial and temporal variations of phenology. The finer-
resolution phenology products derived from PS, i.e. the maps of SOS, EOS, maxNDVI and cumNDV], are
also expected to be integrated into biodiversity modelling as essential biodiversity variables (Skidmore et al.,
2015; Pereira et al, 2013). For example, the cumNDVI as a proxy measurement of gross primary
productivity is related to the species richness (Radeloff et al., 2019; Hawkins et al., 2003). Moreover, PS
images can also be used as a supplementary or validation data in the phenology analysis based on other data
source. Overall, satellite missions that offer frequent fine-resolution optical imagery, such as PS, are an
important asset for detailed spatial assessment of vegetation phenology in semi-arid rangelands.
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7. CONCLUSION

This study demonstrated the potential of using PS image time series to retrieve fine-resolution vegetation
phenology for heterogeneous landscapes with short vegetation seasons, such as semi-arid rangelands. PS-
derived SOSso was on average within eight days and EOSsy within 15 days of their camera-derived
equivalents. Due to higher temporal resolution (~daily), there was a better density of cloud-free observations
in PS-based NDVI time series than Sentinel-2-based NDVI time series, as a consequence of which PS-
based phenology retrievals were less impacted by the persistent clouds during rainy seasons. Moreover, due
to the finer spatial resolution (3m), PS-derived phenology maps showed more spatial details than phenology
maps derived from commonly used coarse-resolution sensors like MODIS. The fine-scale patterns that were
found in this study demonstrate that PS time series may provide useful inputs for understanding subtle
phenological differences and their driving forces. Overall, despite the fact that at present, image costs are
prohibitive to apply PS time series for phenology assessment for large areas, PS can achieve spatially detailed
phenology analysis for understanding ecosystem function and structure at the local scale, which can
contribute to the studies of rangeland management, biodiversity, and wildlife conservation. Still, future
efforts can be made for more accurate phenology analysis with PS, including: 1) improving cloud and
shadow detection algorithm for PS images, specifically for semi-transparent clouds like cirrus; 2) the
development of more robust curve fitting by taking historical vegetation change patterns and precipitation
dynamics into consideration.
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Appendix

Table A1: The location of field cameras installed in Kapiti Farm

ID Latitude longitude altitude  Description

KEO01 1°35'46.97"S 37°7'5791"E 1632 Grassland

KEO02 1°35'56.92"S 37°7'58.01"E 1636 Mixed grass and shrub (acacia drepanolobium)

KEO03 1°37'59.04"S 37° 8'9.88"E 1723 Grass and trees (acacia species)
Table A2: The details of field cameras and photos

Property Value

Camera

Camera maker BUSHNELL

F-stop £/2.8

ISO speed 1SO-100

Max aperture 2.8

Metering mode Average

Flash mode No flash

Light source Daylight

Exposure program

Aperture Priority

Image

Dimensions 2592 x 1944
Resolution 96 dpi

Bit depth 24
Resolution unit 2

Colour representation sRGB
Compressed bits/ pixel 1.599

Table A3: 1V egetation cover in Kapiti Farm

Vegetation community

LandPKS estimates (%0)

Grass Shrubs Trees Litter Soil
Acacia shrubland 32.83 18.08 0.00 22.43 26.66
Grassland 38.00 0.00 0.00 26.79 35.20
Woodland 20.33 1.61 24.49 19.00 34.57
Diverse shrubland 32.21 16.79 0.00 20.52 30.49

49



Table A4: Band math formulas and textural features formulas unsed for the construction of feature spaces

Name

Formula

Spectral features (RGB and NIR, 5 vegetation indices and 42 band math)

Single band

Normalized Difference Vegetation Index
Enhanced Vegetation Index

Green Leaf Index

Soil Adjusted Vegetation Index

Visible Atmospherically Resistance Index

Difference

Ratio

Depth
Index
Indexi7

Indexf

fl@=a
_ (NIR—R)
NDVI = (NIR +R)
EVI = 2.5 X (NIR —R)

(NIR+6 XR—75xB+ 1)
2%xG—-R-B)

GLl = ———F——
2%xG+R+ B)
(A+L)x(NIR—R) _
SAVI == griren - (L= 05)
_ (G -pBR
VARI_(G+R—B)
f(a,b)=a—b
f(a,b) =a/b
+b
f(a, b)—a
a—b
f(a,b)—m
—-b
f(a!bﬁcid):a—
a+b
f(abcd)——d

Spatial (texture) features (calculate for each band separately, results in 4*18 spatial features)

Angular second moment

i.e. Image uniformity

Contrast

i.e. Indicate the presence of edges and noise

Correlation

i.e. Linear correlation of spectral information.

Variance

i.e. Scattering of spectral information distribution
Sum variance

Difference variance

Entropy

i.e. Degree of randomness among pixels

Sum entropy

Difference entropy

i=1j=1
-1 L L
cont = Z(l - N? ZZ PG, j)
=0 =1 j=1
< GNP — Hetty)
cor =
i=0 j=0 Ix0y
L-1L-1
var = 3 3" - 0?PG.))
=0 7=0
20-2
svar = (i — sent)? Pyyy ()

i=0

dvar = variance of F,_,

[l
,_.

L-1

=SS b toglp)

j=0

ent =

M

N
P‘O

i

-2

sent = Z (D) 10g [Py (D]

dent = — x+y(l) log[Py 1y (1]

-
Il
o
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Dissimilarity

i.e. Local spectral information variations

Sum Average

Inverse Difference Moment

Information measures of cotrrection 1

Information measures of correction 2

Maximal correlation coefficient

Inertia

Cluster prominence

Cluster shade

Temporal feature

L-1L-1

dis = ) Y li=jIPG.))

i=0 j=0
2L-2
savg = iPyyy (D)
L-1L-1
idm = ;P(i b
LLiv a7
ot < TXV XYL
T S max{HX, HY} ’
-1L-1
HXY = — Zﬁ(i,j) log[P(i, )]
i=0 j=0
L-1L-1
HXY1= — P(i,)) log[B. ()P, ()]
i=0 j=0

HX and HY are entropies of P, and P,

1
_ e|—2.0(HXY2—HXY)|)E

imcorr2 = (1 ,Where
-1L-1

HXY2 = —ZZ P.(0)B,(j) log [P, ()P, ()]
i=0 j=0

1

(Secondlargesteigenvalueof Q)z where
L _NPGRPGR
2 = 5 PLPGR
VAN XOIX()

L-1L-1
inertia = (i-)N?*PG, )
i=0 j=0
L-1L-1
prom= > (i+] =~ ;) P())
i=0 j=0
L-1L-1

shade(8,T) = ZZ@' +) == ;)3 s(,),8,T)

i=0 j=0

Time

month (when the image was acquired)

* Where P is the value in normalized gray tone matrix; (7, ) is the spatial coordinate; L is the number of gray levels
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Table A5: Monthly thresholds of clear pixels in b2, b2_savg, b4, and b4_savg

Date b2 b2_savg b4 b4_savg
2017-3 661, 1474 1326, 2934 1635, 2925 3277, 5830
2017-4 789, 2732 1585, 5461 1829, 4018 3663, 8031
2017-5 413, 1681 833, 3337 1899, 3627 3808, 7237
2017-6 681, 2076 1372, 4140 2095, 4250 4203, 8483
2017-7 656, 1757 1318, 3507 1814, 3167 3635, 6318
2017-8 698, 1640 1401, 3257 1658, 3141 3323, 6262
2017-9 7506, 1782 1518, 3541 1688, 3201 3382, 6382
2017-10 648, 1725 1303, 3431 1618, 3164 3243, 6303
2017-11 623, 2581 1248, 5156 1708, 4243 3418, 8467
2017-12 719,1733 1442, 3451 1943, 3361 3892, 6708
2018-1 672,1716 1349, 3407 1592, 3356 3187, 6691
2018-2 781, 1962 1569, 3901 1668, 3411 3340, 6802
2018-3 453, 1602 943, 2918 1765, 3265 3635, 7355
2018-4 639, 1356 1280, 2669 2197, 4042 4398, 8055
2018-5 417,1688 842, 2462 2532, 5613 5080, 9532
2018-6 528, 1591 1061, 3172 25606, 5330 5144, 10650
2018-7 542, 1422 1091, 2812 2579, 5022 5175, 10038
2018-8 687, 1940 1379, 3851 2172, 4014 4355, 8014
2018-9 685, 1555 1374, 3095 1941, 3149 3890, 6287

Table A6: SOSs5p and EOS'sg retrieved from camera- and satellite-derived V' time series and per season. The highlighted values are DOY
in 2018. The rest values are the DOY in 2017. The values in the brackets are the number of days counted from 1 Jannary 2017.

SR2017 LR2018
Camera PS Sentinel-2 MODIS Camera PS Sentinel-2 MODIS
SOSsy  KEO01 311 330 309 306 75 79 84 83
KE02 308 319 306 307 80 76 86 83
KE03 307 310 314 298 70 75 89 78
EOSs KEO01 350 356 359 351 169 190 194 198
KE02 7 (372) 355 352 351 173 179 205 202

KEO03 358 24 (389) 343 11 (3706) 186 181 185 205
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Table A7: Impact of the lack of observations in the first or second balf of a month on phenological metrics estimations as compare to real
meetrics derived from original datasets. The impact were guantified by MSD, (R)RMSD. The blueish colonr means negative values and the
reddish colonr means positive values. The bigher saturation of reddish and bineish colonr indicates larger positive value and lower negative
valne. nlmages refers to the average number of observations in NDVI time series. #Images is the average number of cloud-free observations

per fit.

Season  Month  #Images MSD RMSD (days) RRMSD (%)
SOS5() EOS5Q maxNDVI cumNDVI50 SOSso EOS50 maxNDVI CumNDVL;o
LR2017  Mar. DS 074 o000z RO > 1oo% 8.86%
32 -074 063 0.0002 002 125 111 0.52% 1.90%
Apr. -1.07 376 155 1.22% 7.36%
30 -0.59 1.96 1.81% BL12%
May 30 0.19 5.42 3.80% 7.54%
233 156 620 [ 11.91% 6.93%
Jun 31 -0.81 044 1.91 0.86% 3.61%
0.59  0.70 2.90 1.46% 6.41%
Jul. 1,07 | -1.11 : 3.28 1.02% 6.26%
-0.89 [N 102 3.62 0.63% 5.77%
Aug. 31 -096 -0.81 128 172 1.20% 2.94%
[ e 115 3.86 0.97% 4.49%
Sep. 32 -0.81  -0.89 . 115 1.25 0.39% 1.88%
- 20 [Hoe A oo INCINNGEONNE 022 1146%
Oct. 32 -0.85 067  0.0003 006 117 1.09 0.32% 2.32%
SR2017  Sep. 40 004 004  -0.0001 003 043 019 0.11% 1.19%
37 045 011  0.0010 0.01 128 155 0.57% 7.14%
Oct. 37 0.04  0.0008 023 133 0.88 0.56% 3.50%
37 093 0.0006 022 140 339 0.70% 5.99%
Nov. -1.63  1.04  -0.0001 117 1.96 1.05% 7.52%
311 0.0029 4.00% 21.79%

Dec.

-0.48 2.20 2.61% 24.87%
Jan. -0.48 1.69 2.90% 18.61%
-0.11 2.06 2.35% 15.64%
Feb. 011 026 0.0001 0.07  0.64 184  0.36% 4.95%
0.30 1.81 - 2.19% 17.40%
Mar. 39 004 -133 00012 0.51 088 194  0.55% 5.31%
LR2018  Feb. 0.00  0.0000 058 224 098 0.79% 1.47%
0.59 052 0.0025 037 211 144 1.17% 1.94%
Mar. 41 011 033 00022 016 117 1.50 2.06% 1.67%
7.28% [[A271% |
Apr. 132 3.88 6.20% 2.08%
051 | 434  339% 3.74%
May 2.00 6.24% 2.96%
3.20 5.08%
Jun 40 056  -070  0.0106 032 088 148 2.28% 1.32%
40 o022 BEEN 0.0017 209 1.5 BB 3.98% 7.47%
Jul. 41 007 241  -0.0025 038 424 0.92% 3.75%
41 007 152 0.0023 0.86 1.70% 4.03%
Aug. IBEN 026 | <126 -0.0064 -0.54 058 2.74% 6.40%
41 000 -004 00012 0.04 027 259 0.51% 2.07%
Sep. 007 170 00002 [0S 038 292 0.50% 2.35%
022 | <122 0.0015 081 119 278 1.73% 3.31%
Oct. 41 007 | =119 -0.0035 076 027 236 1.20% 2.00%
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Features

(a)

(b11/(b2}
(b1)/(b3}

(b1)/(b4}
(b1+b2)/(b3)

b1+b2)/(b3+bA)}

(bl+b2)/(b4)

ib1+b3)/(b2}
b1+b3)/(b2+b4)
(b1+b3)/(ba)

ibl+ba)/(b2)
b1+bd)/(b2+b3)

(b1+ba)/(b3}

{bl-b2)/{b1+b2)

(b1-b2)i(b3-ba}
(b1-b3)/(b1+b3}
51-b3N(b2-b

(b1-bA)tb1+b4)
(b1-ba}(b2-b3}
(b2)i(b3)
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Figure A1: Ranfks and values of feature importance of 124 features used for Random Forest-based (a) clond classification and (b) shadow
classification in 100 runs. The feature importance are relative values scaled from O to 1, and the higher values represent more contribution
to the classification.
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Figure A4: SOS 5o retrieved from PS, MODIS and Sentinel-2-derived NDV'I time series for Kapiti Farm and per seasons. The mean
and standard deviation are reported beside each map. All maps are visualized by showing the difference from the mean. Red colonrs means

that the date is before the mean, and blue colonrs mean that the date is after the mean.
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Figure A5: EOSso retrieved from PS, MODIS and Sentinel-2-derived NDV'I time series for Kapiti Farm and per seasons. The mean
and standard deviation are reported beside each map. All maps are visualized by showing the difference from the mean. Red colonrs means
that the date is before the mean, and blue colonrs mean that the date is after the mean.
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Figure A6: maxINDV'I retrieved from PS, MODIS and Sentinel-2-derived NDV/T time series for Kapiti Farm and per seasons. The
mean and standard deviation are reported beside each map.
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Figure A7: cumNDV Tsg retrieved from PS, MODIS and Sentinel-2-derived NDV'T time series for Kapiti Farm and per seasons. The
mean and standard deviation are reported beside each map. Phenology maps for each season use the same legend, which is on the left side of

the map.
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ﬂ! YanCheng-go / phenology_analysis.py  secret #Edit | fiDelete | | deStar | 0

Last active 13 minutes ago

£y Code Revisions 3 Embed * | <script src="https://gist. @ [ﬂ Download ZIP

Extract phenological metrics after fitting a double hyperbolic tangent model

[ phenology_analysis.py Raw

Retrieving phenological metrics from NOVI time series after fitting a double hyperbelic tangent model
Yan Cheng

chengyan2e17@gmail.com

2a/e2/2819

Enschede, NL

The impertant functions include:

1. data_initialize(basedate_, ndvi, dateRange) # clean data

2. upper_env_fit{x,x_,v,p,imax,func, plot = nNone) # fit curve

3. phencList(t,y,t_, finaly, basedate_) # extract phenological metrics

The implementation of those functions for a specific objective:

# extract phenological metrics for one pixel

1. phenc_calc{nc_file, y, x, basedate_, daterange, n_params, ds_QA = None, ds_DOY = Mone, fit = mone, plot = wene)

# extract phenological metrics for entire image

2. phenc_map{y_start, y_end, x_start, x_end, basedate_, dateRange, n_params, nc_file, work_dir, ds_QA = None, ds_DOY = Wone,
save_arr = None, parameters = Nene, plot = None, save_plot = None)

other functions:

# for visualization

draw_map(map_arr, work_dir, cutput_dir, file_name, extension, satellite, color_scheme = Mone, save_plot = None)

impert pandas as pd
import numpy as np

ort xarray as xr
t netCDF4
m netcorF4 import Dataset

s timedelta

m datetime import timedelta

w
i

datetime import datetime
datetime import timedelta as td
ort jdcal

scipy.optimize import leastsqg
rt lmfit
import Model

import Parameters

om scipy.integrate import simps
scipy.stats import pearsonr
sklearn.metrics import mean_squared_error

math import sqrt

m multiprocessing import Pool
ort pickle

rt itertools

tqdm import tqdm_notebook

import os.path

import warnings

import matplotlib.pyplot as plt
import matplotlib.cm

import matplotlib.patches zs mpatches
m matplotlib.lines import LinezD

Zmatplotlib inline
plt.rcParams['figure.figsize'] = [7, 5]

def data_initialize(basedate_, ndvi, dateRange):

- clean data
- initialize parameter

Figure A9: Screenshot of python script. All python scripts written for this study were uploaded and shared through GitHub. Cloud and
clond shadow detection for PS images (https:/ | gist github.com/ Y anCheng-go/ 6f692136ab05¢1/2345892fd0abb03dc) and Curve fitting
and phenology estimation (hitps:/ [ gist.githnb.com/ Y anCheng-go/ dde17831/294199443d0f7682558¢608).
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