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Land surface phenology provides crucial information for plant monitoring and reflects the responses of ecosystems to climate change. The
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Moderate Resolution Imaging Spectroradiometer (MODIS) phenology product (MCD12Q2) provides global LSP
information, but it has large spatial gaps in many regions, especially in ecosystems where rainfall influences
phenology more than temperature. This study aimed to improve spatial coverage of LSP retrieval in these eco-
systems. To do so, we used a regionally modified threshold algorithm for LSP retrievals, which were tested over
continental Australia as it includes diverse landscapes of arid, mesic, and forest environments. We generated LSP
metrics annually from 2003 to 2018 using satellite Enhanced Vegetation Index (EVI) time series at 500 m res-
olution, including the start, peak, end, and length of growing seasons, the minimum EVI value prior to and after
the peak date, the seasonal maximum EVI value, the integral EVI value during the growing season (an
approximation of productivity), and seasonal amplitude (maximum EVI value minus minimum EVI). Our
regionally optimised algorithm improved the spatial coverage of LSP information in Australia from only 26 % of
the continent to 70 % averaged across 16 years. Our results showed that the growing season amplitude was low
(EVI < 0.1) over arid/semi-arid shrublands and savannas, tropical and subtropical savannas, and temperate
evergreen forests, whose LSP metrics were captured by our regional algorithm and not by the global product.
Some ecosystems, such as arid/semi-arid shrublands and savannas, showed more irregular phenology with low
seasonal dynamics, and the growing seasons could skip a year or occur more than once in a year depending on
climate conditions. Our algorithm was more sensitive to ecosystems with low seasonal amplitudes. We found that
the detectability of LSP increases as the growing season amplitude increases, regardless of vegetation cover.
Evaluation of the LSP metrics using eddy covariance flux tower measurements of gross primary productivity
(GPP) demonstrated the reliability and accuracy of the algorithm. These improved LSP retrievals provide a
greater understanding of the vegetation phenology across diverse ecosystems, especially savanna, shrubland, and
evergreen forest ecosystems that cover more than 30 % of the land globally. The LSP provides essential infor-
mation for ecological and agricultural studies such as quantifying bushfire fuel accumulation and forest carbon
cycling, whilst enhancing our capacity for quantifying ecological responses to climate change.
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1. Introduction

Vegetation phenology is defined as the occurrence of vegetation life
cycle events, including bud break, flowering, or leaf senescence
(Henebry and de Beurs, 2013). Phenology dynamics affect the exchange
of water, carbon, and energy in ecosystems (White et al., 2009; Puma
et al., 2013; Delbart et al., 2015), therefore phenology can provide an
indicator of global carbon exchange and the impact of climate change on
ecosystems (Myneni et al., 1997; Huete et al., 2006; Linderholm, 2006;
Richardson et al., 2013; Xu et al., 2019). Vegetation phenology can also
support the observation and modelling of biosphere processes, agricul-
tural management, and detect changes in land cover and land use
(Lymburner et al., 2011; Wang et al., 2017). The use of satellite-based
observations allows us to apply plot-based plant observations across
much larger scales in order to explore land surface phenology (LSP) at
the global scale (Helman, 2017). LSP serves as a bio-indicator of ongoing
climate change impacts (Ren et al., 2020), and LSP parameters are also
important for biosphere models, which need an accurate representation
of phenological variation (Richardson et al., 2012). Satellite remote
sensing estimates of LSP can also greatly improve estimates of produc-
tivity, carbon sequestration, and climate change impacts at large scales
(Baldocchi et al., 2001; Keenan et al., 2014; Wu et al., 2016; Piao et al.,
2019; Ma et al., 2022). With the rapid development of remote sensing
technologies, there is an ever-increasing archive of satellite LSP data
with global coverage, such as the Moderate Resolution Imaging Spec-
troradiometer (MODIS). These have greatly benefited LSP research (Piao
et al., 2019), but are limited by their technical and scientific approaches
and resulted in retrieval failure or low accuracy in many ecosystems
including arid/semi-arid, evergreen, and urban areas (Li et al., 2017;
Bolton et al., 2020; Xie et al., 2022a).

LSP is typically retrieved from vegetation index (VI) time-series
measurements such as the enhanced vegetation index (EVI) and the
normalized difference vegetation index (NDVI) (Baumann et al., 2017;
Peng et al., 2017a) or canopy structure measurements like leaf area
index (LAI) (Bornez et al., 2020). Ground-based measurements are
commonly used to validate or cross-compare with satellite LSP esti-
mates, including eddy covariance (EC) flux tower time-series measure-
ments (Peng et al., 2017b; Zhang et al., 2018) such as OzFlux towers
(Beringer et al., 2022), multispectral images from phenocams mounted
on flux towers (Richardson et al., 2018) and observations provided by
citizen science (Delbart et al., 2015).

The two major approaches used to determine LSP metrics from time-
series data are threshold-based methods and curve-fitting methods (Cao
et al., 2015). Threshold-based approaches define LSP metrics based on
the date when a VI reaches a predefined absolute threshold or specific
percentage (e.g., 20 %) of its annual amplitude (i.e. maximum VI minus
minimum VI) (Lloyd, 1990; White et al., 1997). On the other hand,
curve-fitting approaches commonly focus on changing characteristics in
the time series data, with the assumption that the vegetation growth
curve follows a relatively well-defined temporal pattern and can be
fitted by a predefined mathematical function (e.g., sigmoid function)
(Zhang et al., 2003, 2006). The effectiveness of curve-fitting algorithms
depends on the assumption that vegetation growth follows a well-
defined S-shaped temporal profile, which would suffer in arid and
semi-arid ecosystems where irregular phenological cycles may not
follow this curve (Cao et al., 2015). In contrast, threshold-based algo-
rithms must be able to account for larger variation in phenology timing,
length, amplitude, and reoccurrence interval to suit a wide variety of
growing cycles (Eamus et al., 2016).

Most LSP studies to date have focused on the Northern Hemisphere,
where LSP is primarily driven by seasonal changes in temperature and
day length (Thompson and Paull, 2017; Zhang et al., 2018; Bolton et al.,
2020; Peng et al., 2021; Zhou et al., 2022), whilst vegetation phenology
in many southern ecosystems is highly associated with rainfall, e.g. arid
and semi-arid areas in Australia and Africa (Brown et al., 2010; Morton
etal.,, 2011; Xie et al., 2022a). The MODIS land cover dynamics product
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MCD12Q2 provides global LSP metrics, first generated using a curve-
fitting approach in Collection 5 product (Zhang et al., 2003, 2006),
then updated to Collection 6 product using a threshold-based method
(Gray et al., 2019). But both approaches in the MCD12Q2 fail to retrieve
LSP in ecosystems with a highly variable and unpredictable climate or
low seasonal amplitudes.

LSP retrieval is challenging in ecosystems where the vegetation does
not show strong seasonal cycles, such as in arid and semi-arid ecosys-
tems, evergreen forests, and tropical savannas, which comprise over 30
% of global terrestrial ecosystems. The absence of vegetation phenology
information in these ecosystems has significantly impeded our under-
standing of global ecosystem productivity and climate change impacts
on terrestrial ecosystems. The Australian continent in particular pos-
sesses a range of different climate zones with aseasonal or low amplitude
cycles (Hughes, 2011). Many Australian ecosystems also experience
irregular and extreme events including fire, flooding, and drought,
which can alter the structure, functioning, and composition of ecosys-
tems just as much as seasonal climate (Moore et al., 2016). Therefore,
Australia is an ideal study region for developing better LSP retrievals,
which is the primary aim of this research. To achieve this aim, the ob-
jectives of this paper are to: (1) evaluate phenology retrieval of a new
AUStralian Land Surface Phenology (AUS LSP) that improves spatial
coverage of LSP information across the full range of Australian climate
zones; (2) determine how phenology cycles differ among major vege-
tation types and over difference climatic years, including shrublands,
grasslands, savannas, evergreen forests, deciduous and mixed forests;
and (3) explore the potential ecological and agricultural application of
the LSP metrics at a landscape scale.

2. Methods
2.1. Study area and materials

Based on a modified Koppen classification (Stern et al., 2000) and
topography, land cover and land use, Australia was classified into six
broad climate classes of equatorial, tropical, subtropical, arid, semi-arid,
and temperate (Fig. 1). Within these climate classes, Australia supports a
diverse range of land cover types including shrublands (58.0 %),
grasslands (23.6 %), savannas (8.7 %), croplands (3.6 %), evergreen
forests (3.4 %), deciduous and mixed forests (0.1 %). These land cover
types were derived from the MCD12Q1 International Geosphere-Bio-
sphere Programme (IGBP) land cover classification (Sulla-Menashe and
Friedl, 2018) (Fig. 1 b). In general, the arid and semi-arid areas were
dominated by shrublands, grasslands, and savannas, whilst equatorial,
tropical, and subtropical areas were dominated by grasslands and sa-
vannas and temperate areas were covered mostly by grasslands, crop-
lands, and forests.

We used EVI as the input data to extract LSP metrics, similar to the
global product MCD12Q2 Collection 6 (Zhang et al., 2006), hereafter
referred to as the global product. EVI is a normalized ratio of reflectance
bands with a practical range of 0 to 1. Higher values result from ab-
sorption in the visible red band of the electromagnetic spectrum. The
index correlates strongly with chlorophyll content and photosynthetic
activity (Huete et al., 2002). The AUStralian Land Surface Phenology
(AUS LSP) was extracted from the 16-day composite MODIS vegetation
index data MYD13A1 at 500 m resolution EVI time-series for each pixel.
The nineteen MYD13A1 tiles that cover the Australian landmass
(h27v11, h27v12, h28v11, h28v12, h28v13, h29v10, h29v11, h29v12,
h29v13, h30v10, h30v11, h30v12, h30v13, h31v10, h31v1l1, h31v12,
h31v13, h32v10, h32v11) were downloaded from NASA (https://e
4ftl01.cr.usgs.gov/). AUS LSP metrics were extracted annually from
2003 to 2018 at 500 m resolution.

2.2. LSP extraction

Before extracting the LSP metrics from the EVI time series, we
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Fig. 1. (a) Australian climate classification maps. ACT: Australian Capital Territory; NT: Northern Territory; NSW: New South Wales; QLD: Queensland; TAS:
Tasmania; VIC: Victoria; WA: Western Australia; (b) Land cover map of Australia and locations of 14 OzFlux sites. Legend shows major plant types according to the
IGBP map in 2018. Evergreen forests are Evergreen Needleleaf Forests and Evergreen Broadleaf Forests; Deciduous and mixed forests are Deciduous Needleleaf
Forests, Deciduous Broadleaf Forests, and Mixed Forests; Shrublands are Closed Shrublands and Open Shrublands; Savannas are Woody Savannas and Savannas.

performed quality control on the EVI data using the quality assurance
(QA) flags provided along with the EVI data. We discarded low quality
observations defined by the QA flags, which included cloudy conditions,
pixels not produced, pixels indicated as not useful, and pixels with high
aerosol, mixed clouds present, or adjacent cloud detected (Didan et al.,
2015). We then gap-filled the low quality data using climatology values
from 2002 to 2019 (Dougherty et al., 1989). Despite the 16-day com-
posite MYD13A1 images being nominally equidistant in time (one image
every 16 days), EVI values can be acquired on any day within each 16-
day compositing period. To mitigate the influence of such uncertainty of
temporal resolution on the extraction of phenological metrics, we
adjusted the MODIS EVI time series with actual acquisition dates pro-
vided by the “Composite day of the year” band in MYD13A1 so that the
EVI data was interpolated to the periodic 16-day timestamp provided.
Finally, we smoothed the EVI time series using the Savitsky-Golay (SG)
method to further reduce any remaining noise using a window size of 11
input data composite periods and a 3rd order polynomial (Savitzky and
Golay, 1964).

We retrieved the LSP metrics in each year by including the second
half of the previous year, current year, and the first half of the next year.
Among current algorithms as mentioned in the introduction, threshold
algorithm suits the irregular phenological patterns in Australia the best
(Broich et al., 2014). For each pixel in the EVI time-series, we retrieved
eight LSP metrics using a modified threshold algorithm that could
further improve phenological retrieval in Australia over the global
MCD12Q2 algorithm (Xie et al., 2022a). These metrics were the start,
peak, end and length of each growing season, the minimum EVI value
prior to and after the growing seasons, and the seasonal maximum and
integral EVI values. For this study, “growing season” refers to the
growing cycle of vegetation, rather than the climatological seasons such
as spring and summer. The peak of growing season (PGS) was defined as
the date when the EVI reached its peak value during the growing season.
The start of growing season (SGS) was defined as the date when EVI
reached the value that equals the minimum value prior to the PGS (min-
prior) plus 20 % of the amplitude (peak EVI value minus min-prior).
Similarly, the end of growing season (EGS) was defined as the date
when EVI reached the value that equals the minimum value after the
PGS (min-after) plus 20 % of the amplitude (peak EVI value subtracted
by min-after). The length of growing season (LGS) was the period from
SGS to EGS. The minimum EVI value prior to/after the growing season
and the seasonal peak EVI value were also reported. Integrated EVI was

calculated as the sum of all EVI values between SGS and EGS. These
metrics also allowed us to calculate the seasonal amplitude (peak EVI
value minus the average of min-prior and min-after). We accounted for
up to two growing seasons per year and discarded those seasons with
maximum EVI values that were below the average value of the entire EVI
time series to avoid spurious peaks (peaks that are too low to be wide-
scale growing seasons). A second season may occur for some ecosystems,
which can be driven by a mixture of cool season and warm season
grasses, rainfall driven growth of shrubs, forest understories, or double
cropping (Broich et al., 2015; Xie et al., 2022b). Here, we primarily
demonstrate and evaluate the first season as usually it is the major
growing season, here the first and second season were names based on
chronology. Fig. 2 summarizes our workflow for the AUS LSP retrieval,
including input data, data preprocessing, LSP extraction, and output
data (LSP metrics images at 500 m resolution).

2.3. Evaluation of the AUS LSP

2.3.1. Demonstration of the AUS LSP maps and cross-comparison with the
global product

Using the global product as a benchmark, we compared the 2016
maps from both the global product collection 6 of MCD12Q2, referred to
hereafter as the global product, and our AUS LSP maps. This year was
chosen because it was one of the wettest years between 2003 and 2018
with high rainfall totals at the national scale (https://www.bom.gov.
au/), and therefore yielded the best spatial coverage from the global
product that as mentioned previously, often fails to detect dryland
vegetation that may lie dormant in dry years (Ma et al., 2013). The
success rate of retrieval of phenological metrics, defined as the per-
centage of pixels with phenological information, was calculated to
evaluate the performance of AUS LSP. We calculated the success rate of
retrieval for both AUS LSP and the global product for each of the
vegetation type (Fig. 1 b), based on the proportion of pixels that yielded
LSP retrievals among all pixels within the same vegetation type.

2.3.2. Demonstration of the AUS LSP at selected sites and cross-comparison
with seasons derived from eddy covariance data

To evaluate our algorithm, we used 14 sites within the OzFlux
network (Beringer et al., 2022) which provide continuous observation of
ecosystem carbon, water and energy fluxes and climate using the eddy
covariance (EC) method. The 14 sites chosen represented major
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Fig. 2. Workflow of the AUStralian Land Surface Phenology (AUS LSP) retrieval process.

vegetation types across different climate zones in Australia, including six
sites in arid and semi-arid areas and eight sites in tropical, subtropical,
and temperate areas (Table 1, Fig. 1 b).

EC flux towers yield valuable in situ observations on the seasonal
dynamics and inter-annual variations of net ecosystem exchange (NEE)
between the land surface and the atmosphere (Baldocchi et al., 2001),
which can be partitioned into its major fluxes of gross primary pro-
ductivity (GPP, i.e., the sum of the net photosynthesis by all leaves
measured at the ecosystem scale) and ecosystem respiration (ER) (Isaac
et al.,, 2017) and used to evaluate satellite vegetation functional

Table 1

products including land surface phenology (Chapin et al., 2006). Indi-
vidual site setup, including detailed vegetation descriptions and
instrumentation can be found via the corresponding site reference pro-
vided in Table 1. The EC data were obtained from the OzFlux data portal
(Beringer et al., 2022), which supplies data that are quality checked and
quality assured (level 3 standard) by the respective site leader. Once
obtained for this study, these data were processed to obtain a complete
time-series of GPP using the PyFluxPro tool that was developed by the
OzFlux community as describe in detail by Isaac et al (2017). In brief,
the meteorological data provided with each site file were gap filled using

Names, locations, land cover, climate zone, annual mean temperature (AMT) and annual precipitation (AP) averaged from 2003 to 2018, and gross primary pro-

ductivity (GPP) data coverage of the OzFlux sites shown in Fig. 1.

Site name Lat(°S) Lon(°E) Site description Land cover % of land Climate AMT AP GPP data Reference
cover (§O] (mm)

Great Western 30.191 120.654  Temperate Savannas 8.7 % arid 20 343 2013-2019  (MacFarlane,
Woodlands [AU- Eucalypt woodland 2013)
GWW]

Alice Springs Mulga 22,275 133.225  Acacia woodland Shrublands 58.0 % semi-arid 23 390 2011-2019  (Cleverly,
[AU-ASM] & hummock 2011)

grassland

Calperum [AU-Cpr] 34.003 140.588 Mallee woodland Shrublands 58.0 % semi-arid 18 270 2011-2019 (Tech, 2013)

Yanco 34989 146.291  Grassland Grasslands 23.6 % semi-arid 17 418 2013-2019  (Beringer,
[AU-Ync] 2013a)

Sturt Plains [AU-Stp] 17.151 133.350 Mitchell grassland Grasslands 23.6 % semi-arid 27 730 2009-2019 (Beringer,

2013b)

Dry River [AU-Dry] 15.259  132.371  Open forest Grasslands 23.6 % semi-arid 27 991 2009-2019  (Beringer,

savanna 2013c)

Howard Springs 12,494 131.152  Tropical savanna Savannas 8.7 % tropical 28 1715 2002-2019  (Beringer,
[AU-How] 2013d)

Daly River Uncleared 14.159  131.388  Woodland Grasslands 23.6 % tropical 28 1233 2008-2019  (Beringer,
[AU-DaS] savanna 2013e)

Gingin 31.376 115.714 Banksia woodland Savannas 8.7 % subtropic- 19 609 2012-2019 (Silberstein,
[AU-Gin] al 2015)

Samford [AU-Sam] 27.388  152.884  Pasture Savannas 8.7 % subtropic- 20 1158 2011-2017  (Rowlings,

al 2011)

Cumberland Plain 33.615 150.724  Dry sclerophyll Evergreen 2.9 % temperate 18 758 2013-2019  (Pendall, 2015)
[AU-Cum] forest Broadleaf Forest

Tumbarumb-a [AU- 35.657  148.152  Wet sclerophyll Evergreen 29 % temperate 14 901 2002-2019  (Woodgate,
Tum] forest Broadleaf Forests 2013)

Warra 43.085 146.656  Eucalyptus obliqua Evergreen 2.9 % temperate 8 1641 2013-2019  (Phillips, 2015)
[AU-Wrr] forest Broadleaf Forests

Wombat [AU-Wom] 37.422  144.094  Eucalyptus obliqua Evergreen 2.9 % temperate 12 783 2010-2019  (Arndt, 2013)

forest Broadleaf Forests
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the SOLO (self-organising linear output) neural network model (Hsu
et al., 2002), available in PyFluxPro, which was trained with gridded
surface layer ERA5 data (ECMWF Reanalysis 5th Generation) from the
European Centre for Medium Range Weather Forecasting (ECMWF)
(Hersbach et al., 2017) and weather data from nearby Australian Bureau
of Meteorology stations. For NEE, water and energy, the data were
filtered using a site and year specific friction velocity threshold (u*),
which is standard practice used to remove fluxes during low turbulence
(Barr et al., 2013). The data were then gap filled using the SOLO model
with meteorological variables as inputs to create complete time-series of
carbon (i.e. NEE), water and energy fluxes (Isaac et al., 2017). Lastly, to
partition NEE into GPP and ecosystem respiration (ER), night-time NEE
fluxes (ER only) were used to apply a nocturnal temperature response
function (Lloyd and Taylor, 1994) using the SOLO model to determine
ER. GPP was then calculated as NEE subtracted by ER. To keep the
temporal resolution consistent between the EVI and GPP data, daily GPP
was averaged using a 16-day window that corresponded to the 16-day
resolution MODIS EVI observations. For each OzFlux site, we used the
same algorithm as used for EVI data to extract phenological timing
metrics (SGS, PGS, and EGS) from the GPP time series. We then
compared these LSP timing metrics generated using satellite EVI data
and EC GPP data, which is a common practice to evaluate satellite-
derived LSP (Peng et al., 2017a; Kato et al., 2021; Zhao et al., 2022).
This approach allowed us to confirm whether growing seasons gener-
ated from EVI data were real/widescale seasons rather than spurious
seasons, as well as the percentage of growing season number confirmed
by those shown from GPP was calculated as an indicator of accuracy.

2.3.3. Phenology of major vegetation types in Australia using the AUS LSP

We explored the phenological patterns of the major vegetation types
in Australia using our AUS LSP generated from MODIS EVI data. SGS,
PGS and EGS histograms in each year were calculated for each vegeta-
tion type, i.e., shrublands, grasslands, savannas, croplands, evergreen
forests, and deciduous and mixed forests, respectively. Then the histo-
grams were averaged across 16 years from 2003 to 2018 to show the
climatology of growing seasons.

To show the contrast of phenology in extremely wet and dry years,
we calculated the histogram of integral EVI, an approximation of pro-
ductivity, for shrublands and grasslands in a wet year (2011) and in a
dry year (2018) according to annual rainfall provided by the Australian
Bureau of Meteorology. Total productivity of shrublands and grasslands

Ecological Indicators 147 (2023) 110000

across Australia was calculated by adding up the integral EVI value of all
shrubland and grassland pixels, respectively.

3. Results

3.1. Demonstration of AUS LSP and cross-comparison with the global
product

Fig. 3 demonstrates the three phenological timing metrics start,
peak, and end of growing season (SGS, PGS, EGS), shown for the first
season in 2016 (one of the wettest years) generated from the global
product (Fig. 3 a—c) and the AUS LSP (Fig. 3 d-f). For both the global and
the AUS LSP retrievals, growing seasons generally started and ended
earlier in the north where the climate is warmer, compared to the south
where the climate is cooler. Through visual comparison, the global
product (Fig. 3 a-c) showed a high consistency with the AUS LSP (Fig. 3
d-f) in areas where both the global product and our algorithm retrieved
LSP values, whilst the AUS LSP provided more retrievals in arid/semi-
arid areas covered by shrublands, grasslands and temperate areas
covered by evergreen forests (cf. Fig. 1) where the global product
showed missing values.

For each of the six major vegetation types (Fig. 1 b), shrublands
showed the lowest seasonal amplitude according to AUS LSP metrics
(Fig. 4 a), followed by evergreen forests, savannas, grasslands, decidu-
ous forests and croplands. These generally agree with the patterns of
success rate of retrieval for the global product and AUS LSP as shown in
Fig. 4 b, i.e., both the global product and AUS LSP showed the lowest
success rate of retrieval in shrublands, and the highest in croplands. This
pattern was confirmed by the significant correlation between the
average amplitude of each vegetation type and the success rate (Fig. 4 c),
with the success rate of the global product significantly associated with
the amplitude (r = 0.88, p = 0.02), and a similar, though not significant,
association for AUS LSP (r = 0.80, p = 0.06). On the other hand, the AUS
LSP showed higher overall success rate of retrieval (Fig. 4 a, b), partic-
ularly for vegetation with low seasonal amplitudes (EVI < 0.1),
including shrublands (9 % success rate for the global product and 74 %
for AUS LSP), evergreen forests (21 % success rate for the global product
and 75 % for AUS LSP), and savannas (32 % success rate for the global
product and 86 % for AUS LSP). And across 16 years from 2003 to 2018,
AUS LSP provided information that covers 70 % of Australia on average,
which was a significant improvement compared to the 26 % success rate

(b) Global product PGS

4 e
W (c) Global product EGS Aug

(d) AUS LSP SGS

(e) AUS LSP PGS

previous

k| (f) AUS LSP EGS ] e

Fig. 3. SGS, PGS, and EGS of the first season in 2016 from the global product and the AUS LSP. White pixels represent areas without detectable vegetation growth.



Q. Xie et al.

0.5
a

s 27 ()
-1 0.4 1

= 5B

SHR EVE SAV

(b)

=)
T 031

=)
o 0.2 4
o

itu

0.1 A

Ampl

0.04

GRA DEC CRO

Global product
AUS LSP

100 A

[e2]
o
L

60 4

B
(=}
L

Success rate (%)

N
o
I

o

T T T T T T
SHR EVE SAV GRA DEC CRO

Ecological Indicators 147 (2023) 110000

(c)
100
80
9
g
E 60_
@
[]
o
@
40 SHR
EVE
SAV
20 1 GRA
DEC
CRO
0 : ; : ; ; : :
0.00 0.05 010 015 0.20 0.25 030 035 040

Amplitude of AUS LSP

Fig. 4. Amplitude (generated from AUS LSP) and success rate of the global product and AUS LSP in each vegetation type for the first season in 2016: SHR
(shrublands), EVE (evergreen forests), SAV (savannas), GRA (grasslands), DEC (deciduous and mixed forests), CRO (croplands). (a) Seasonal amplitude for each
vegetation type: average and standard error of all pixels within the same vegetation type; (b) Success rate of retrieval in each vegetation type from the global product
and the AUS LSP; (c) Correlation between the success rate of retrieval and amplitude (average value of all pixels within the same vegetation type) generated from

AUS LSP.

of the global product.

Further quantitative comparison in Fig. 5 confirmed the reliability of
AUS LSP as it showed a high degree of consistency with the global
product for pixels where both retrievals are available. In both mesic
(equatorial, tropical, subtropical, and temperate areas as shown in Fig. 1
a) and arid/semi-arid areas, most SGS/PGE/EGS retrievals showed a
difference within 16 days between AUS LSP and the global product
observations. The PGS retrievals from both datasets agree very well with
each other with the differences centred at 0 (Fig. 5 b). We noted that the
SGS retrievals from AUS LSP were slightly earlier than those from the
global product with the differences centred between 0 and —16 days
(Fig. 5 a), and the PGS retrievals from AUS LSP were slightly later than
those from the global product with the differences centred between
0 and 16 days (Fig. 5 c).

3.2. Illustration of the input and output data of the LSP retrieval
algorithm and validation of the LSP metrics at selected sites

We illustrated the input EVI time series (MODIS original EVI time
series and EVI time series after quality control, regularization of
acquisition dates, and SG filtering) and key output LSP metrics (SGS,
PGS and EGS) of the retrieval algorithm at the OzFlux EC sites (Fig. 6), as
well as the in situ measurement of vegetation dynamics GPP and LSP

metrics retrieved using GPP data.

Both EVI and GPP time series at the OzFlux sites showed very distinct
seasonality between different vegetation types across different climate
zones. The two semi-arid shrubland sites (Calperum, Alice Springs
Mulga) and an arid savanna site (Great Western Woodlands) (Fig. 6)
show that phenology of shrublands and savannas in arid/semi-arid areas
could be highly irregular in terms of phenological timing and EVI
amplitude; for example, at the Alice Springs Mulga site, no growing
season was extracted in 2013 whilst two growing seasons were detected
in 2017 and the seasonal amplitude in 2017 was much higher than in
other years. The other three savanna sites showed increasing seasonal
amplitude as the annual rainfall increases from the sub-tropical sites
(Gingin, Samford) to the tropical site (Howard Springs). The four ever-
green forest sites are all in temperate zones, among which two evergreen
sclerophyll forest sites (Cumberland, Tumbarumba) show high EVI
values throughout the year with low seasonal amplitude, and the other
two evergreen eucalypt forest sites (Wombat, Warra) show higher sea-
sonal amplitude with PGS in summer (December — February). The four
semi-arid grassland sites show diverse phenology, with seasonal peaks at
Sturt Plains in late summer (February) and those at Yanco in late winter
to early spring (August — September).

As shown in Table 2, for the six sites in arid/semi-arid areas, on
average, 96 % of growing seasons generated from satellite EVI matched
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Fig. 5. Differences in days between SGS/PGS/EGS observations from AUS LSP and the global product MCD12Q2 in mesic areas (blue bars) and arid/semi-arid areas
(red bars) for the first season in 2016. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. EVI/GPP time series (input data of the LSP retrieval model) and characterized
at 14 OzFlux sites that represent different vegetation types across different climate
rainfall amount with the top one having the lowest annual rainfall.

with those generated from EC GPP, i.e. GPP observations confirmed that
those growing seasons observed by satellite EVI were real/widescale
growing seasons; for the eight sites in tropical, subtropical, and
temperate areas, 90 % of growing seasons generated from satellite EVI
matched with those generated from EC GPP. Per vegetation type, on
average, 94 %, 85 %, 95 %, 98 % of the satellite EVI growing seasons
matched with those generated from EC GPP in shrubland, evergreen
forest, savanna, and grassland sites, respectively.

3.3. LSP of major vegetation types

Fig. 7 presents the frequency/number of pixels (averaged across 16
years from 2003 to 2018) of the SGS, PGS and EGS of for the growing

LSP episodes (output data of the LSP retrieval model) across from 2013 to 2018
zones. Sites within the same vegetation type were sorted according to annual

seasons of evergreen forests, deciduous and mixed forests, shrublands,
savannas, grasslands, and croplands (cf. Fig. 1). For most shrublands,
grasslands and savannas, the growing seasons started during summer
(December - February), reached PGS during autumn (March to May),
and ended during winter (June — August). In addition, grasslands con-
sisted of warm season (generally C4) and cool season (generally Cs)
grasses, and we detected two obvious periods of growing seasons
peaking in autumn (March — May) and spring (September — November),
respectively. The histograms also revealed that croplands in Australia
are dominated by winter crops, with most of cropland pixels reaching
their peak of growing season in late winter to early spring (August —
October). Evergreen forests show active growing seasons all year round.
In contrast, deciduous forests mostly reached the PGS in spring
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Table 2
Number of growing seasons (GS) extracted using EVI and GPP, respectively.

Site name GS generated using AUS LSP compared with those
generated using EC GPP
Years when both No. of GS % of GS confirmed
data were from AUS by those from GPP
available LSP
Great Western 5 5 100 %
Woodlands [AU-
GWW]
Alice Springs Mulga 8 8 88 %
[AU-ASM]
Calperum [AU-Cpr] 8 6 100 %
Yanco [AU-Ync] 5 4 100 %
Sturt Plains [AU-Stp] 9 9 100 %
Dry River [AU-Dry] 10 10 90 %
Howard Springs [AU- 16 16 94 %
How]
Daly River Uncleared 9 9 100 %
[AU-DaS]
Gingin [AU-Gin] 7 7 86 %
Samford [AU-Sam] 8 9 100 %
Cumberland Plain 5 5 80 %
[AU-Cum]
Tumbarumba [AU- 15 15 87 %
Tum]
Warra [AU-Wrr] 5 6 83 %
Wombat [AU-Wom] 9 8 88 %
Average of shrubland - - 94 %
sites
Average of evergreen - - 85 %
forest sites
Average of savanna - - 95 %
sites
Average of grassland - - 98 %
sites
Average of arid /semi- - - 96 %
arid sites
Average of mesic sites - - 90 %

(September — November).

The LSP metrics allowed us to explore the variation in phenology
between years with opposite climate extremes. Fig. 8 contrasts integral
EVI, an approximation of productivity, in a wet year for (2011) and a dry
year (2018) for Australian shrublands and grasslands. These are the two
vegetation types with the widest coverage among the six vegetation
types mentioned above and dominate the arid and semi-arid areas,
which are influenced by rainfall more than other mesic ecosystems. In
the wet year, not only did more shrubland and grassland pixels show
active growing seasons compared to the dry year, but also the produc-
tivity of these systems was much higher. Note that the total productivity
of shrublands in the wet year (27.5 million integral EVI) was nearly-four
times the amount of that in the dry year (7.7 million integral EVI).

4. Discussion
4.1. Evaluation of the algorithm

4.1.1. Algorithm performance

The implementation of our algorithm across Australia demonstrated
its enhanced ability to detect LSP metrics across various ecosystems that
exist on the continent. Compared to the global product, our algorithm
improved spatial coverage of the LSP retrieval in arid/semi-arid shrub-
lands and grasslands, semi-arid savannas, tropical and sub-tropical
areas, and temperate evergreen forests. AUS LSP provided retrievals
across these systems where the current global product retrieved no data,
whilst maintaining the accuracy of retrievals as shown by high consis-
tency with the global product where both provided retrieval values
(Fig. 3, Fig. 5). At 14 EC flux tower sites, around 96 % of the number of
growing seasons in arid/semi-arid areas and 90 % of the number of
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growing seasons in mesic areas from AUS LSP were confirmed by those
derived from EC tower GPP measurements (Table 2).

The difference in algorithm threshold could be a major cause of such
difference between AUS LSP and the global product. The global product
used a threshold algorithm that required the seasonal amplitude to be at
least 0.1, whilst our algorithm used a threshold algorithm that instead
required the peak EVI value to be above or equal to the average of time
series EVI across 16 years. The global product missed LSP information in
most low seasonal amplitude ecosystems including shrublands, ever-
green forests, and savannas (Fig. 4), providing LSP retrievals in<26 % of
continental Australia. Our algorithm improved the detection of LSP and
provided LSP retrievals in 70 % of the continent. For example, as shown
in Fig. 6, shrublands (as seen at Calperum and Alice Springs Mulga),
temperate evergreen forests (as seen at Cumberland Plain and Tum-
barumba), and savannas (as seen at Gingin and Great Western Wood-
lands) can have very low seasonal amplitudes; as such, these growing
seasons could be missed by the global product when the amplitude is
lower than 0.1. Shrublands and savannas in arid/semi-arid ecosystems
also showed more irregular phenology with low seasonal dynamics and
growing seasons that could skip a year or occur more than once a year.
For example, as shown in Fig. 6, Alice Spring Mulga did not show any
growing season in 2013 but showed two growing seasons in 2017 ac-
cording to flux tower GPP derived phenology. Likewise, Great Western
Woodlands showed two growing seasons in 2014 but did not show any
growing seasons in 2015 and 2016. Tropical/sub-tropical savannas and
temperate evergreen forests showed generally higher greenness (EVI)
values but low seasonal amplitude, as show at Cumberland Plain,
Tumbarumba, and Gingin (Fig. 6). These examples of low seasonal
amplitude systems pose great challenges in LSP retrieval. Thus our al-
gorithm improved LSP retrieval and provided phenological metrics for
these critical ecosystems. Such information, missed by the global
product, is key to understanding global water and carbon cycles (Clev-
erly et al.,, 2016b; Wang et al., 2019). For example, temperate areas,
particularly evergreen forests, have the highest mean net primary pro-
duction across Australia despite their relatively low proportional area of
the continent at ~ 3 %, (Haverd et al., 2013). Likewise, vegetation in
arid/semi-arid Australia has been estimated to contribute around half of
the anomalous increase in global land carbon sink observed in wet years
such as 2011 (Poulter et al., 2014; Cleverly et al., 2016a).

Previous studies found that phenology detectability is associated
with vegetation cover within shrubland ecosystems, i.e., higher vege-
tation cover is easier for phenology detection (Peng et al., 2021), sug-
gesting that phenology retrieval is challenging in areas with low
vegetation greenness, such as in arid and semi-areas. Retrieving LSP in
evergreen ecosystems using optical remote sensing methods is also
challenging, both technically and scientifically (Bolton et al., 2020),
because the low dynamic range of these ecosystems make it difficult to
detect the phenological cycles and the interpretation of retrieved
phenological metrics may be ambiguous. By investigating LSP across
diverse ecosystems including shrublands, savannas, grasslands, forests,
and croplands, our study revealed that the detectability of LSP increases
as the growing season amplitude increases (Fig. 4), regardless of their
vegetation cover (evergreen forests have high vegetation cover/green-
ness, whilst shrublands have low vegetation cover/greenness). In other
words, when focused on multiple ecosystems, the phenology detect-
ability is not necessarily associated with vegetation cover, contrast to
the findings of Peng et al (2021). Rather, our findings agree with Bolton
et al (2020) that LSP retrieval algorithms require technical improvement
in evergreen ecosystems in order to retrieve LSP information. Although
we successfully retrieved LSP in temperate evergreen forests and the
metrics were validated by flux tower measurements at 4 sites, the
phenological information needs further validation and careful inter-
pretation. The phenological changes could be driven by grasslands
under the tree canopy, or deciduous trees amongst the evergreen trees
within one pixel. Note that phenology detectability is also associated
with satellite image resolution. Thus for urban vegetation phenology
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Fig. 7. Start (SGS), peak (PGS), and end (SGS) of growing seasons for six major vegetation types, based on average histogram from 2003 to 2018.
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Fig. 8. Histogram of integral EVI (productivity) of the first growing season in a wet year (2011) and a dry year (2018) for shrublands, and grasslands. Total pro-
ductivity was calculated by adding the integral EVI of all pixels, as introduced in Methods.

retrieval, the main challenge is that the urban vegetation is smaller in
spatial scale and more complex in spatial pattern, which cannot be fully
captured by the 500 m MODIS data used in our study (Li et al., 2017).

4.1.2. Limitations of the algorithm
Notwithstanding its advantages, we acknowledge that the AUS LSP
poses several practical challenges. We organised the LSP metrics by

calendar year, in spite of the fact that there is no ideal twelve-month
interval for organizing phenology data in Southern Hemisphere, where
many plants start their season just before the beginning of a calendar
year (Broich et al., 2015). Fig. 7 demonstrates that growing seasons of
vegetation across Australia can occur at any time of year (e.g. evergreen
forests), start before the beginning of a year (e.g. shrublands, grasslands,
and savannas), extend across the end of a year (e.g. evergreen forests,
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deciduous and mixed forests), occur more than once in a year (e.g.
grasslands), or skip a year (cf. Fig. 6). Therefore, in a similar way that
SGS/PGS/EGS is provided by the global product, we recommend that
the derived LSP metrics in our study are best analysed in a temporally
continuous manner including the previous year and the next year, i.e., to
convert the day of year to number of days since the 1st of the
commencing year (2003). Note that in Fig. 7, we combined all Evergreen
Broadleaf Forests into one category, whilst specific application of the
LSP metrics need to be associated with more detailed land cover infor-
mation. For example, dry sclerophyll forest (e.g., Cumberland Plain site)
is more fire-prone, compared to wet sclerophyll forest (e.g., Tumbar-
umba site), as the open structure of dry sclerophyll forest contributes to
the drying out of fire fuels, and this facilitates the ignition of fires
especially during hot and dry weather (Zhang et al., 2017).

Our algorithm avoids spurious growing seasons by using a threshold
for seasonal amplitude greater than or equal to time series average EVI
across 16 years. As such, LSP metrics are not produced when the
threshold was not met. A limitation of this algorithm is that it could
result in missing values when the amplitude of a real growing season is
significantly lower than those in other years. To address this, it is
important to scrutinise the data with respect to the climatic data driving
the amplitude and within the ecological context of the vegetation type. It
may be necessary to adjust the threshold accordingly. Additionally, the
temporal resolution of our AUS LSP is limited by the temporal resolution
of the input data, i.e., the 16-day MODIS EVI time series data.

In this study, we cross-compared our AUS LSP with the global
product for evaluation of the accuracy. PGS observations from both
datasets aligned well with each other, whilst average onset of growing
season from AUS LSP was earlier than the global product observations,
with most pixels showing a difference of around 16 days. The average
EGS from AUS LSP was later than the global product observations, again
with a difference of roughly 16 days. These discrepancies could be
caused by the difference in temporal resolution of input data as the
global product used daily EVI2 data and the AUS LSP used 16-day EVI
time series data. We also compared the growing seasons generated using
satellite data with those generated using OzFlux EC GPP at 14 sites and
confirmed that most of the AUS LSP growing seasons were real growing
seasons rather than spurious ones. We did not directly compare the LSP
metrics generated using satellite data with those generated using GPP,
because studies have reported that vegetation greenness does not
necessarily represent primary production (Restrepo-Coupe et al., 2016).
Also, there is typically a time lag between phenological observations
from EVI and GPP data because EVI is a structural and greenness proxy
whilst GPP is a physiological proxy of vegetation (Walther et al., 2016).
For example, at the evergreen in situ eddy covariance sites in our study,
Tumbarumba and Wombat (Fig. 6), EVI time series peaked in winter
(June — August) whilst GPP time series peak in summer when the tem-
perature increased, i.e. not necessarily caused by increasing greenness.
It therefore is important to account for potential artefacts present in
remotely sensed data by cross-validation with in situ flux data where
possible (Restrepo-Couple et al., 2016). In addition, our results were
optimised for Australia and compared against the global phenology
product. It remains to be seen the extent to which the optimisation
performed here is applicable to other areas, including at global scale.

4.2. Applications of AUS LSP

Our AUS LSP metrics characterize the timing of phenological cycles,
as well as the magnitude in phenological variation in vegetation
greenness (i.e., EVI), including the start (SGS), peak (PGS), end (EGS),
and length (LGS) of growing seasons, minimum EVI value prior to and
after the growing seasons, and seasonal maximum and integral EVI
values. The quantified spatial-temporal information of vegetation
growth advances our knowledge of Southern Hemisphere ecosystems,
whilst most phenology studies have been focused on the Northern
Hemisphere and often on boreal and deciduous forests.
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The AUS LSP provides phenological information in ecosystems
where such information was not available before, especially in shrub-
lands, evergreen forests, and arid savannas ecosystems, which cover
greater than 30 % of the land globally (Loveland et al., 2000). As such,
this study will significantly enhance our understanding of ecosystem
dynamics, carbon exchanges, future climate impacts, and fire behaviour
across diverse ecosystems. These above mentioned Southern Hemi-
sphere ecosystems deviate from the predictable seasonality of temperate
and tropical deciduous biomes, and they are primarily within the arid/
semi-arid areas in the interior and in the sub-humid areas in southwest
and southeast Australia where rainfall variability is strong (Moore et al.,
2016). With its high retrieval rate across different climate zones, AUS
LSP also has the capacity to help monitor vegetation under climate
variability, along the gradients of temperature and rainfall from coastal
to interior land areas. For example, we were able to calculate the
climatology of growing seasons and quantify the year-to-year changes in
the timing and magnitude of growing seasons. The LSP metrics provide
rich information that also help track ecosystem compositions. For
example, the differences in phenology between Sturt Plains and Yanco
grassland sites (Fig. 6) reflect the contrasting grass functional types
across Australia; the grasses at Sturt Plains are dominated by warm
season grasses and the grasses at Yanco are dominated by cool season
grasses.

Applications of the phenological timing metrics provided by our al-
gorithm (i.e., SGS, EGS, PGS, and LGS) include determination of the
sensitivity of phenology to climate change, tracking shifts in phenology,
and response of vegetation to extreme climate events. The LSP timing
metrics can be analysed in a temporally continuous fashion to determine
long-term trends of vegetation phenological dynamics, and to quantify
the change in phenology with respect to the climatology (Tong et al.,
2019; Zhang et al., 2019). These LSP metrics also allow value added
information extraction, such as in-depth analysis of LSP shifts associated
with land use change as well as the climate controls of those shifts
(Penuelas and Filella, 2009; Shen et al., 2015; Piao et al., 2019; Wu et al.,
2021). Recently, Australia has experienced an increase in both the fre-
quency and severity of climate extremes (King et al., 2020), e.g. heat-
waves, droughts, and floods (Bureau of Meteorology and CSIRO, 2020).
These threats pose severe concerns for the ecosystems ability to absorb
carbon, maintain biodiversity, and support human livelihoods (Ma et al.,
2016; Portner et al., 2022). AUS LSP can help inform studies on vege-
tation responses to extreme climate events, such as ecosystem resilience
and recovery from disturbance.

In addition to the timing of phenological cycles, the magnitude of the
metrics (i.e., minimum, maximum, and seasonal integral EVI) can be
used to quantify vegetation cover and biomass, which are key to
ecosystem carbon sequestration, crop yield estimation, bushfire fuel
load estimation, etc. For example, the integral EVI can inform us about
the photosynthetic production of each component of the ecosystem.
Throughout the grasslands and shrublands that provide important
ecological services such as erosion control and climate regulation (Miller
etal., 2011), the improved quantification of productivity will contribute
to the study of carbon and water exchange. For example, our results
show that the productivity of shrublands in a wet year could be nearly-
four times the productivity in a dry year (Fig. 8), which reflects a large
inter-annual variation of carbon sinks in these shrublands (Cleverly
et al., 2016a). In addition, the seasonal timing and biomass of these
grasslands can assist in quantifying bush fire fuel load (Nolan et al.,
2022), thus providing significant information for bush fire management.
EVI integrated over a season can be used as a proxy of vegetation pri-
mary production and an indicator of crop yield (Xin et al., 2015; Ji et al.,
2022). Our findings (Fig. 7 c) detected that croplands in Australia are
dominated by winter crops with peak growing seasons from late winter
(August) to early spring (September), aligning with the crop planting
recommendations for Australia (ABARES, 2022). Besides the overall
seasonal timing and productivity of all crops, our maps of LSP metrics
enable spatially detailed tracking of how the PGS of crops is changing
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from year to year, thus improving our understanding of how crop
phenology across Australia’s major cropping regions responds to rainfall
and other climate variables.

5. Conclusion

This study presents AUStralian Land Surface Phenology (AUS LSP)
annual retrieval at 500 m resolution across diverse ecosystems including
arid/semi-arid, equatorial, tropical, sub-tropical and temperate zones.
Using a modified threshold algorithm, we improved the spatial coverage
of LSP information in Australia from only 26 % of the continent with the
global product to 70 % with AUS LSP averaged across 16 years from
2003 to 2018. Evaluation using in situ eddy covariance gross primary
productivity measurements and cross comparison with the global LSP
product demonstrated the reliability of this algorithm to detect LSP
metrics across different biomes in different climate zones. The ecosys-
tems missed by the current global LSP product are mostly shrublands,
savannas, and evergreen forests, because they have low seasonal am-
plitudes regardless of vegetation cover (shrublands and savannas in
arid/semi-arid areas showed low vegetation cover/greenness, whilst
tropical/sub-tropical savannas and temperate evergreen forest areas
showed high vegetation cover/greenness). Our method could contribute
to the LSP retrieval in these shrubland, savanna, and evergreen forest
ecosystems that cover more than 30 % of the land globally. We highlight
the role of seasonal amplitude in influencing LSP retrieval, whilst most
current studies focused on the relationship between vegetation cover
and LSP detectability, i.e., the detectability of LSP increases as the sea-
sonal amplitude increases. Our results also revealed pronounced
contrast between the productivity of the shrublands and grasslands in a
wet year and in a dry year, suggesting drastic changes in carbon and
water cycles in these ecosystems. This research meets the urgent need to
understand how diverse ecosystems adapt to environmental variability
in temperature and water availability through characterized phenolog-
ical dynamics. Whilst AUS LSP successfully retrieved LSP from
temperate evergreen forests, future validation work is planned in these
ecosystems where LSP monitoring and interpretation remains a chal-
lenge. The rich information provided by LSP metrics and extracted in-
formation for these metrics could be applied by landscape and
agricultural managers and the scientific community for analyses such as
bushfire fuel accumulation, crop yield prediction, and quantifying
ecosystem resilience to climate change. The algorithm used in this study
for deriving LSP metrics from time series satellite greenness measure-
ments provides a reference for other regions with diverse ecosystems,
particularly those ecosystems with low variation in greenness amplitude
like evergreen forests and arid shrublands and grasses and/or regions
with variable and unpredictable rainfall.
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