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Abstract.

Long-term, reliable datasets afatellitebasedvegetation condition aressential for understanding
terrestrial ecosystem responses to global environmental change, particularly in Awghiahais
characterised by diverse ecosystems and stiaiegannualclimate variability.We comprehensively
evaluate several existing global AVHRR NDVI products for their suitability for-kemg vegetation
monitoring in Australia. Comparisons with MODIS NDVI highlight significant deficiencies, particularly
over densely vegetated regions. Elver, altheassessed products failed to adequately reproduce inter
annual variability in the pr&#ODIS era as indicated by Landsat NDVI anomalies. To addresg the

' i mitations, we propose a new approach to cali
AVHRR NDVI to MODIS MCD43A4 NDVI for Australia using a gradiebhbosting decision tree
ensemble method. Two versions of the datasets are developed, oneratouypdimate data in the
predict or s-c( bAudralighErbOpwital NDVI-climate) and another independent of climate
dat a ( 6 ArucscEINIDvE ) . These d2013atsaespatal resslytienroin0.0&igl 1 9 ¢
monthly time stepexhibit strong correlatiofr?= 0.89-0.94) and lowmeanerrors compared to MODIS
MCD43A4 NDVI (MAE =0.0140.028 RMSE= 0.0210.046), accurately reproducing seasonal cycles

over densely vegetated regions. Furthermore, they closely replicate the interannual variability in
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vegetation condition in the pMODIS era. A reliable method for gafilling the AuseENDVI record is

also developed that leverages climagmosphericCO, concentration, and woody cover fraction
predictors. The resulting synthetic NDVI dataset shows excellent agreement with obse(/atiorg2

0.95 MAE =0.0160.029 RMSE=0.0390.04). Finally, we provide a complete 4fear dataset where

gap filled AusENDVI from January 1982 to February 2000 is seamlessly joineWM®IlS MCD43A4

NDVI from March 2000 to December 2022 nalysing 40year pep i x e | trends i n Al
maximum NDVI reveadincreasing values across most of the continéhtfts in the timing of annual

peak NDVI arealsoidentified, underscoring the dataset's potential to address crucial questions regarding
changingvegetation phenology and its drivers. The AusENDVI dataaet be usedor studying
Australia's changing vegetation dynamics and downstream impacts on terrestrial carbon and water cycle
andprovides a reliable foundation for further research into the drivers of vegetation chasgélDVI

is open access and availabténttps://doi.org/10.5281/zenodo.108021B4rton, 2024)

1 Introduction

Australiais undergoing longerm changes tds climatethat are impactingerrestrial vegetatignwith
attendantseriousimplications for ecosystenfunctioning carbon and water cycles, and agrigrét
(Hoffmann et al., 2019; Canadell et al., 2021; Head et al., 2014; Hughes, 2011; Steffen et al., 2011; Rifa
et al., 2022; Ukkola et al., 2016; Donohue et al., 200®ng-term, reliable datasethat chart the land
surfaceresponse to climate change are cruidiale are toidentify, understangdand respond tongoing
terrestrialecosystem chand&iglio and Roy, 2020; Piao et al., 201@ne of theprimary means Earth
System Science has to trace ldegnm vegetation change is tNermalisedDifferenceVegetationndex
(NDVI), a widely used satellitelerived indicator of vegetation condition owing to its close relation to
vegetation productivity NDVI provides an efficient means for mapping and monitoring vegetation
condition at continental scalda Australia, the need for very long records of NDVI to understand change
is amplifiedby strongvariability at bothinterannual and interdecadathe scalesandecosysterathat are
often driven by periodic, but neseasonal phenological drivefl§loore et al., 2016; Chambers et al.,
2013; Ma et al., 2013; Beringer et al., 2022)
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The MODerateresolution Imaging Spectroradiometer (MODIS) NDVI record (NId4is) is

generally considered the most reliable global scale dataset due to its high quality radiometrics and accura

georeferencingUnfortunatelytheMODIS record only begins in March 20Q@ermote et al., 2002)The
Advanced Very HigkResolution Radiometer (AVHRR) NDVI record (NDAfkrR) is the longest
contiguous series of satellite data, starting in July 1981, but has severahowfi problems owing to a
lack of onboard calibration for visible wavelengths, sensor orbital drift, and sensor degradation, making
it unreliable fordetectingrelatively subtle trends over multiple deca@€scker et al., 2005; Privette et
al., 1995; Gorman and Mcgregor, 199&gveralprominentglobal NDVIavirr productsattempt to
amelioratetheseissues For examplethe Global Inventory Modelling and Mapping Studiession 3
(NDVlcimmssg) appliesBayesian analysisvith SeaViewing Wide Fieldof-View Sensor NDVlas
evidence informatiorto reduce sensor transition discontinuitisd increase the dynamic range of
NDVIavurr (Pinzon and Tucker, 2014yhile theNOAA Climate Data RecorNDVIcpr) applies a suite
of corrections tareate a consistestirface reflectance produétranch et al., 2017among othergTable
1). However, despitesubstantialprogres, errors and biases these NDVI products fave led to
inconsistent findingon global greeningWang et al., 2022; Wang et al., 2021; Cortés et al., 2021,
Frankenberg et al., 2021; Fensholt and Proud, 2@li&)repanciesn vegetation seasonality between
dataset (Ye et al., 2021)and persistent temporal inconsistencidsan et al., 2015; Giglio and Roy,
2020) Recently, Li et al. (2023)developeda new global NDViavirr product, 6iGIMMS-PKUG
(NDVlgimms-pku), Which effectively calibratesthe NDVIcimvsag archiveto the Landsat recordsing
machine learning techniquesnd 6GIMMS-PKU-consolidated (NDVI pku-consolidate) Which harmonges
NDVIlcimms-pku to NDVImopis (Tablel), but which has yet to extensively assessedthe literaturgLi
et al., 2023)

As much as possiblany NDVI product that exploits the AVHRR and MODIS record to acquire
an accurate >4@ear record of vegetation conditishould attempt totegratethe twoseamlesslyvhile
also performing well in the pi1IODIS AVHRR era (19822000). Performance should be judged on
how well seasonal cycles are represented along with interannual and interdecadal vaaakdth
seasonal and longéerm fluctuations in vegetation conditions have important ramifications for carbon

and water cycle@Ma et al., 2015)An effectively calibrated, harmonised, and d#lped dataset can form
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the basis for studying the biogeophysical impacts of global change and meteorological variability on
Australiads t ewithteasin mindté objectvgseot tlastsiudy are as follows:

1 Toinvestigateexisting NDVhvnrr datasets to determine their suitability for letegm vegetation
monitoring in Australia byooth comparing their consistency with NDiWdois during the 200-
2013overlapperiod andwith Landsat NDVI NDVIandsg) anomaliedrom 19882000

1 Having established limitations with the existidgtasetscalibrate and harmose NDVIavHrr tO
NDVIwmopis solelyoverAustraliaat the highest spatial resolution possifilee finaldataseshould
contain theharmonised NDVAvnrr from Januaryl982to February2000, where it seamlessly
joinswith the superioNDVIwopis timeseriesresulting in aeliable41-year record of’fegetation
condition for Australia We will call this time serie§AUSENDVI0 (for Australian Empirical
NDVI; NDVlaus)

1 To developa reliable method for gap filling theNDVIaus recordcaused bysensor transitions
issues andlong periods of missing or suspect data acquisition.

1 To demonstrate the utility of thisew dataset byexploring NDVI phenologytrend analysis
including longterm trends inthe value and timing ofinnual maximum NDVI across the

Australian continent.

2 Material sand Methods
2.1 Datasets

Specificationsof all datasets usdor either the intercomparison of NDVI productsiothe modelling
frameworkare listed in Table.1For comparisons between NDVI datasets, finer resolution datasets were
resampled to match t he ore8kmaverdustragarAvedagirfgresangpling G |
techniques were usddr downsamplingfiner-resolution datasstwhile nearesneighbourtechniques

were usedvhen datasets hawesimilar spatial resolution but either different projections or slightly
different grid extentsWherever datasets are compargata gaps are matched between all datdmets
creatinga mask that identifies all missing pixels, and then that common mask is applied to every dataset
This ensures a fair and valid comparisédfe chose Landsat's TM and ETNfable 1) as the sensfar
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comparison in the pr®ODIS era owingo the international efforts to produce a relatively high geometric
and radiometric accuracy for its generatiandits lack of sensor transitioms thepre-MODIS era from
19821999(Beck et al., 2011)Thechosen surface reflectance Landsatpraddictgi t al Ear t h
(DEA) Landsat NBAR (Nadir-corrected BRDF Adjusted Reflectance, where BRDF stands for
Bidirectional reflectance distribution functipproductis calibratedt)Au st r al i a 0 gsingghev i r C
MODTRAN 4 radiative transfer modahdBRDF shape functions derived from MOD(d et al., 2010;

Byrne et al., 2024)

For the development dlie Australian NDVI dataset,we relied on théeNOAA NDVIcpr product
(Franch et al., 2018s the input datasethis was principallypecausef its higher spatial resolutidhan
theotherdatasets~5 km), itslack of gagfilling , extensiveatmospheric correcti@nand itsBRDFbased
correction ofview-angle effect (Ma et al., 2019) As the targetdataset we derived NDVI fromthe
MODIS MCD43A4 surface reflectance NBAR produDVIwmcpazas). This reflectanceproduct was
chosen because of its similar setatthospheric correctionshen compared withNDVIicprandD E A6 s
Landsat NBARand its use of both the Terra and Aqua instrumesiish extends & temporalextent
back to March 200(Schaaf and Wang, 2015)

All additionalinput dataused in NDVI estimatiomvere temporally aggregated to monthly values
by calculatingmediasand spatially reprojected dnnatlddiondao c on
filtering based on the quality assurance bémefilteredfor clouds, cloud shadowandinvalid BRDF
andchannel valuesadditional criteria were appligd minimise the impact of temporal discontinuities in
the NDVIcpr record that may arise from orbital decay or sensor degradation. MonthlycdhXalues
based orfewer than two observations per month were discarded, along withadugs for which the
coefficient of variation in daily retrievals for a given month was greater than 50 %. Anomalies in NDVI,
solarzenithangle, and tim@f-acquisition that were greater than 3.5 standard deviations alsve
discarded (based on a 198213 climatology).Following the advice ofian et al. (2015)datafor several
problematic sensotransition periods werediscarded(September 1984 April 1985, July 1988-
September 1989, and July 199Becember 1994 After filtering, the continental average fraction of
available data is 0.79, meaning on average 79 % of the monthlystiaps between 198013 are

preservedFig. Al).



Table 1: Details ofthe datasets usedn, and producedby, this study.

Dataset Abbreviation

Native gatial resolutiontemporalresolution &range

additionaldetails

Data Source & Reference

AVHRR Climate Data Record
NDVI and Surface Reflectance
NDVIcpr

0 . OOmily,January 1982 to December 2088rface
reflectance product usédr the timeof-day and solar

zenith angle

Version 5 downloaded from
Google Earth EngindFranch et al.,
2017)

MODIS MCD43A4 NDVI;
NDVImcpasaa

~500m,16-day,March 2000 to December 2022alculate
from the ©ombined Terra and AqUdCD43A4 surface
reflectanceNBAR product.

Version 61 downloadedrom
Google Earth EnginéSchaaf and
Wang, 2015)

AVHRR GIMMS3g NDVI;
NDVIcimmsag

1/ 1Half-month 19822013 AVHRR NDVI with sensor
transition discontinuitieseducedvith Bayesian analysis.

Version 1.0 downloaded from
Google Earth EnginéPinzon and
Tucker, 2014)

AVHRR GIMMS PKU NDVI;
NDVI PKU, NDVI PKU-consolidated

1/ 1Half-month,19822022. Two variationsGIMMS-
PKU-s o | and@BIMMS-PKU-consolidated , lattenie
harmonisd with MODISMOD13C1 For GIMMS-PKU-
solelyweloadedp i x el s | abgl dleidt s
For GIMMS-PKU-consolidated wéoadedpixels labelled
AV HRjRu6a laintdy 6MyC
where the harmonisation was run by the randorast

as Oogualdi ty

model

Version 1.2 downloaded from
https://zenodo.org/records/825397
(Li et al., 2023)

Digital Earth Australié kandsat
NDVI (NBAR);
NDVI Landsat

30m,8-day,19872012,NDVI calculatedrom an
AustralianspecificLandsat 5 & &urface réectance
NBAR product.

Collection3,

https://docs.dea.ga.gov.au/data/pr

uct/deasurfacereflectancenbar
landsat5-tm/ (Li et al., 2010)

AusENDVI-clim and
AusENDVI-noclim;
NDVI AusE-clim, NDV|AusEnocIim

0 . OMwonthly,19822013.Calibrated and harmonide
NDVI for Australiausing machindearning techniques.
The

in

6cl i mbé v e rinsludes climatefvariables

the feature sdeasnot. t he 0O

This study

Synthetic NDVI,
NDVIsyn

0 . OMwonthly,19822022. A machindearning derived
synthetic NDVI built using climate, CQand landscape

features, and trained on NDA/ecim and NDVcpazaa.

This study



https://zenodo.org/records/8253971
https://docs.dea.ga.gov.au/data/product/dea-surface-reflectance-nbar-landsat-5-tm/
https://docs.dea.ga.gov.au/data/product/dea-surface-reflectance-nbar-landsat-5-tm/
https://docs.dea.ga.gov.au/data/product/dea-surface-reflectance-nbar-landsat-5-tm/

ANU Climate: ~1 km Monthly, 19822022. Griddedclimate products ANUCIlimate,
1 Average Air TempTavg

1  Vapour Pressure DeficiVPD
1 Incoming Shortwave of weather stations. atalogs/gh70/catalog.html

Radiation srad (Hutchison et al., 2014)
1  Total Precipitationrain

based on topographically conditional spatial interpolatiol https://dapds00.nci.org.au/thredds.

Atmospheric CQconcentration N/A., Monthly, 19822022. Extracted from the Cape Grir CSIRO Environmenand the
Baseline Air Pollution Station in Tasmania, Australia- De Australian Bureau of Meteorology
seasonalised using a-b@nth running mean. (Kennaook/ Cape Grim Baseline

Air Pollution Station).

https://capegrim.csiro.au/

Woody Cover FractionVCF 25m,Annual,19822022.A per-pixel estimate ofvoody https://dapds00.nci.org.au/thredds,

cover fractionacross AustralisAnnual producfor 1990 atalog/ub8/au/LandCover/DEA_AL

2022. A fiveyear averagbéom 19901995wasused to Clcatalog.html
extend the product back to 1982. (Liao et al., 2020)

140
2.2 Assessment of existing NDVI products

We comparée NDVlavirr datasetsvith NDVImvcpasas for the overlappingperiodfrom March 2000 to
December 2013 Per-pixel Pearson correlatiofr) and coefficient of variationGV; root mean square
error divided bythe longterm mearNDVIwmcpa3as) describehe agreement between datasetsddition
145 to comparisonof the long-term seasonal cycleNext, NDVIavirr datasetsvere comparedto rolling
annualmeano6 -8 ¢ o stamdardised anomali@$ NDVI andgsatfor 19882000 to asses$ow well each
product reproduceinter-annual variability invegetation conditionin the preMODIS era.Z-score
standardised anomalies are calculategkagl) / 0 where x is a monthly NDVI observationjs the long
term mean NDVI for the given month, adds the longterm standard deviation in NDVI for the given
150 month.Differences in spectral sampling between MODIS and Lamdsatt in differences in mean NDVI
so we use Landsat only for validating irt@nnual variability in the pr&1ODIS era since mean
differences in NDVI between sensors are removed by anom#fescompared NDVI anomalies in
NDVI LandsatWith NDVIwmcpazas during an overlap period from 20@012 to ensurédDVI andsacould


https://dapds00.nci.org.au/thredds/catalogs/gh70/catalog.html
https://dapds00.nci.org.au/thredds/catalogs/gh70/catalog.html
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https://dapds00.nci.org.au/thredds/catalog/ub8/au/LandCover/DEA_ALC/catalog.html
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https://dapds00.nci.org.au/thredds/catalog/ub8/au/LandCover/DEA_ALC/catalog.html

155

160

165

170

175

provide a consistent evaluation of interannual variability in thev@®I1S era and found good agreement
between the twproducts (FigA2).

2.3 Calibration and harmonisation

During extensive preliminary testirgradientboosting decision tree ensembles (GBM), random forest,
and generalised additive models were assessed for their abdaificate and harmonise NDyAr with
NDVIwmcpazas. The GBM outperforradthe otherapproachesTwo classes of models and datasets were
built: one that utikkes climate data (hereafter referred t@das | monheds) in the feature set to achieve the
best possible agreement between NE»land NDVliwvcpazas. The second excludes climate features
(hereafterp n o crhodefy @hilestill achieving satisfactory result§yhenexamining drivers of change,
users of these datasets may prefer to use tltimate model to limit potential circularities in attribution

of the drivers of change. During testing, climate variables were identified as useful features for both
improving predictions in the heavily forested regions whbege was little to n@agreement beeen
NDVIwmcpazas and NDViavirr, and for capturing interannual variabilittthedod i mddels used the
following features: solazenithangle (SZEN), timeof-acquisition (TOD), monttof-year, latitude, and
NDVImcpazas summary percentiles (0.05, 0.5, and 0.99PVIwmcpazas Summary percentiles were
calculated per pixel over the 202022 periodT he o6 cl i mé model s,plusneoming h e
solar radiation, rainfall, temperaturand vapour pressure deficiFractional anomalies of the climate
features are also included, along with cumulative treed sixmonth rainfall. Testing revealed the best
results were obtained by generating three separate miodedseas with high and low woody cover
fraction (WCF), and for the desert bioclimatic regiorg(Eaand Fig. 2a The longterm mean of WCF

was extracted from Liao et al. (2020) and a thresholWGF=0.25 was used to separate regions with a
high woody canopy cover. This threshold was chosen as it approximately delineated those regions witl

the poorest correspondence between Nd3¥andNDVIwvcpazas (Figure3e-h).
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Figure 1: Flowchart describing the calibration and harmonisation methods (a), and the development of a synthetic NDVI (b) foap
180 filling (c). a) Shows the method for the écli mdé modelemdvedp e,
from the covariables anddocliméis not gap filled. Red coloured boxes denote datasets, blue boxes denote processing steps, and

green boxes describe the response variables and covariables used for modelling.
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Owing tothe differing volumes ofjoodquality data across the conting(fitig. A1) and thearge
difference inland areaof each bialimatic region, we implemented a stratified, equalised random
sampling approach for the training and validation santplesduce bias) the sample allocationk the
high and low WCF region80,000training and testingamples were extracted in equal measure from the
five remaining bioclimatic regions after excluding the desert 6,600 samples per region). Bioclimatic
regions were identical to those definedHbgverd et al. (2013)Fig. 2b). In the desert region, samples
were drawn using a simple random approakhall modelling domains, samples were drawn from any
point in time across the overlap period, and 5,000 samples were randomly separated as an independe
validation set, leaving 25,000 samples for trainifige calibration and harmonisatioprocessare

summarised ithe flow chart ofFigure B

E e ﬁ 1(0) N 9%

2010

2008

ar

2006 ¥

2004

2002

Cool Temperate

Desert

Mediterranean

Savanna

Tropics

@ Warm Temperate
T

B WCF=0.25 & non-desert
WCF<=0.25 & non-desert
Desert

2000

Figure 2: a) Regionsdelineating thespatial extent of the threemodelling domains desert, lowwoody cover fraction (WCF) and high
WCF. b) The distribution of all independentvalidation points usedto assess thenodel fits acrossthe three modellingdomainsin
(a); points are coloured by the year tey are drawn from. Figure is overlad with outlines ofthe six bioclimatic regions used tdoth
stratify training points and for aggregating trends in later analysis.

Cross validation for model hyperparameter optimization was conducted using a nested cross
validation approachwith five outer splits and three inner spli(f€awley and Talbot, 2010%he
hyperparametegrid search parameters diged in Table A1 Meanabsoluteerror (MAE), root mean
square error (RMSERNd the coefficient of determinatiorf)(are reportecs indicator®f the goodness

of fits. To understand which explanatory variables most impagutedictions feature importance plots

10
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were produced using the Shapley Additive Explanations (SHAP) Python liranglberg and Lee,
2017)

2.3Gapfilling

At times there aréong gapsn AVHRR data acquisitiorover Australia For example1994is entirely
missing and during sensor transition periods the data becomes unreliable for severalbeforthad

after the transition§Tian et al., 2015)Furthermoregowi ng t o t he nature of Aus
systemssuch as the tropical monsqatis notuncommon to have whole geographic regiomnssingfor

a given month This undermines thgypical approaches to gap filling that work well when either the
temporal gap is shore(g.,temporalinterpolationmethodausing linear or polynomial fijs or the spatial
pattern of gaps amguastrandomsuch as from scattered cloud coygpatial interpolatiormethodssuch

as nearest neighboukriging etc) (Bessenbacher et al., 2022; Shen et al., 20&ap-illing with a
climatology can often mask important interannual variability at key timesuch as anomaloushigh
rainfall periods associated with Lafidis when enhanced cloud cover mdsakge-scalegreening events
across Australiabs navoidtinssve usediwellcegtablshed mashne leannma .
approaches that have been developed to fill gaps in univariat@aateer et al., 2018; Zeng et al., 2014)
Here, we develop two-stageprocessfor gapfilling (summarised in Figlb-c). Firsty, to fill short
temporal gapsthe time seriesis split into a climatology and anomgl seriesand linear temporal
interpolaton is applied to theanomaliesfor a maximum of one timetep (i.e., onanonth) Longer
temporalgapsare replacedwith a syntheticNDVI dataset generated using a simi&BM machine
learningmethod as the harmaationandis described further belaw

2.3.1 Synthetic NDVI

Training samples were extractédm NDVIausecim for 19822000 andNDVImcpasas for 20002022,
usinga similarsampling approach ased forharmonsgationonly in this instance two models are built, a
6desertd moedeér tdhd nodddserhmodel covethe same regioas the high and low
WCF models previously describétie inclusion of WCF in the features reduces the need to define a low

and high WCF modelling region\sBM modek werethen fit usingall the features previously listed for

11
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the 6 ¢ | maoad, plusdeseasonated CQ concentratiorand annualWCF. Otherwise, the modelling
framework was the same as the harremtion approachFig. 1b) The synthetic NDVIdataset
(NDVIsyn) areused togap fill the NDVI ausecim record fromJanuaryl982to February200Q The final
gapfilled, calibrated,and harmonised\NDVIausecim dataset is joined wittNDVIucpazas. Only the
NDVIausecim dataset is gap filled, theDVIausenocim datasets simply joined with theNDVIvcpazas
record.This ensures théhoclimbdataset does not contain any climate information in the reconstructed

time series.
2.4Trends in peak-of-seasorphenology

Annual, perpixel NDVI land surfacegp henol ogy statistics were ext
Pyt hon functi-tomolf s @ (padasé & al. gRa2é&)Bhis analysis focusethtwo metrics,
the NDVI value at the peak of the season (VPOS), and thefdasar the peak occurs (POShe input
time-series was the gdpled 6 c | dataset, and the tirrseries was first linearly upampled from
monthly to tweweek intervals to increase the temporal resolution ofittiasets beforthe timeseries
was smoothed using a Savitstplay filter with a window length of 11 and a polynomial ordethoée
Though we reporday-of-yearas the unit for POShe actual POS could have occurred anytime withing
a givenbi-monthlytime step soDOY values should be considered an approximation

To avoid applying phenology trend analysisregions that do not experience regular seasonal
variation we creatda mask t hat r emov e s-seasomgpiusng the defidittomstandf i e
methods defined bivloore et al. (2016) Broadly, the mask is created using three inpils:standard
deviation in NDVI anomalies, lonterm mean NDVI, and the standard deviation in the mean seasonal
cycle. These three inputs are used to identify regiuatsexperienceitherlow seasonal variability and
low NDVI, or low seasonabariability and highinterannual variabilitywhichlargely coincide with the
desert bioclimatic region.

Perpixel linear trends in these phenology metrics were extracted using theS€herobust
regression approach, and significance was determined using a Mann Kendsiljtéftance definet
=0.09. Trends summased over bioclimatic regions were extractgdfirst calculatingperpixel robust

12



regressioron the phenology statisticend then summarisirtge trends within a bioclimatic region with

kernel density estimatiofKDE) plots.

260 3 Results

3.1 Quality of existing datasets.

The quality of theNDVIavirr productswere compared againstDVIvcpaszas for the overlapping years
2000-2013 All datasetsexceptNDVIpku-consolidatedperform poorly overegions with perennially high
vegetationcover including wetcoastal and highland forest ecosystems, where correlations between
265 NDVIavirr andNDVImcpazas are close to zenm some regiongFig. 3e-g). NDVIcpr and NDVisimmvsag
also poorly represent the @etgegionwith R valuesareas low as-0.4- 0.5. NDVI pku-consolidatedcOrrelates
very well with NDVImcpasas over most of the continentyith the excepion of western Tasmania (Fig
3h). Coefficients of variation are also high for tNBVIcimmssg andNDVIpku datasetsacross much of
the continentith average valuesf 0.33and0.18 respectively(Fig. 3b-c).
270 To demonstrate how the discrepancies a@rsely vegetategicosystems would impadgigure
3j-k presents a zonal timeseries of the woodlands of seesh Western Australia. These woodlands have
been identified as a region of high endemic biodiver@ityers et al., 2000; Hopper and Gioia, 2004)
arevulnerable to the effects of loftgrm climate changendareundergoing longerm shifts in climate
(O'donnell et al., 2012; Hughes, 2011; Pitman et al., 2004; Hope et al., Z2B@IYIODISera interannual
275 variability of these forest@@reshownthrough a rolling twelvenonth mean timeseri€bgig. 3j) and reveal
that all products capture interannual variability of the MOBi& reasonably well, though tleng-term
meanNDVI value varies substantially between produdike mean seasonal cycle, shown in Figke
(calculated from2001-2013), reveals that the seasonal cycle of the forest ecosystem is very poorly
represented ithree of the four products, whidDVI pku-consaiidatedracks the overall shape of the seasonal
280 cycle well Discrepancies in seasonality are further highlighted ipém@ i x el cl i matobl ogi
ma x i mumo NBg/A3). [Edtimates oé\en this relatively straightforward metric of seasonality
are impacted byhe choice of datasewith desert, savanna, and forested regions varying substantially

between datasets, sometimes by as much as several months in the case of forested regions in Tasma

13
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and soutkeast Australia. The Australiamvide seasonal cycles likewise reveal substantial variation
between products (Fid\3g).

To assess the quality &fDVIavhrr products in the prMODIS era, Figureda compares the
twelve-month rolling mean standardised anomalie®lDV | andsatin the 19882000 period (based on a
19882012 climatology) withNDVIavhrr anomalies No product accurately tracks NDMddsat
anomalies across the whole 198800 period Only theNDVIpxu product captures the amplitude of the
La Nifia driven positive anomaly of NDVI in 2000t recall thatNDVIpku is trained on th&IDVI Landsat
archive).In Australia,annual minfall and NDVI anomalies are strongly correlated across the majority of
Austral i abs.4t)aembnstrating thate@effatiog growth across the continent is strongly
waterlimited (Peters et al., 2021; Poulter et al., 2014; Broich et al., 2Qtlidxhereforeour expectation
thatsimilarly largenegative angbositive rainfall anomalies should result in similar NDVI anomalies in
the preMODIS and MODISeras. Taking the best of the products identified in the comparison with
NDVIwmcpazas, Figure 4b shows thawelve-month rolling mean standardised anomalieNGVI pku-
consolidatedfrom 19822022. In the MODIS era,NDVIpku-consolidatedr€Sponds strongly to anomalies in
rainfall (background shading shows the continental average standardised rainfall anontalees) the
preMODIS era significantiroughts (e.g., 19823) and widespread rainfall events (e.g., 2000) produce
comparativelflittle effect in NDVI, suggesting a lack of rainfadlriven variability over Austig in the
preMODIS era.We develop the statistical relationships betwaenualmean standardised rainfall and
NDVI anomalies, averaged across Australaa the NDVIucpazas and NDVI pku-consolidatedProductsto
guantifytheir sensitivity to watesupply. Consideing the slope of the linear relationship between rainfall
and NDVI to be a approximation of the sensitivity of NDVI to water supplyenNDV | pku-consolidatedN
the 20002022 period displays a similar sensitivifglope = 1.36Fig. 4f) and correlatior(r’=0.56) as
NDVIwmcpasas does in thesameperiod Elope=1.13,r>=0.54, Fig. 4d). Contrast thiswith NDVIpku-
consolidatedin the 19822000 periodwvhere the apparent sensitivitydpproximately halthat of the 2000
2022 period glope=0.65Fig. 4e). While we may expect some changes in watgply sensitivity over
the decades due to effects such as CO
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Figure 3: Comparisons betweerMNDVI mcpasas and four versions of NDVlavirr . a-d) The coefficient of variation (CV) between NDVI
mcpasas and NDViavirr Where RMSE is divided by the 2002013 mean ofNDVIwmcpasas. eh) Pearson correlation ¢) between
NDVI mcpazas and NDVlavkrr . i) Woody cover fraction (WCF) of the forests in southwest Western Australia indicating the location

of the zonal timeseries of (j) and (k). j) Twelvemonth rolling mean NDVI timeseries of the forests of soutlwest Western Australia.
k) Mean seasonal cycle of the forests of southest Western Australia calculated over the 20062013 period.

fertilisation (Donohue et al., 2013; Ukkola et al., 201&)doubling of watesupply sensitivity is highly
unlikely. Thus, weargue that no current NDWirr productcurrently satisfie®ur criteria of a product
that both agrees well withDVImcpazas While also producing satisfactory results in the[di@DIS era.

3.2 Calibration and harmonisation performance

|l ndependent wvalidation statistics for all S i

WCF) reveal a high degree of agreement in all model types@®r. 91 f or t h &MSEc | |

00.039,and MAEOO0.028 (Fig.5&c ) . The 6cl i md model types tend:ée
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Figure 4: a) Twelve-month rolling mean standardised anomalies of Landsat, CDR, GIMMS3g, GIMMSPKU, and GIMMS -PKU-
consolidated NDVI, based on a common 1988012 climatology. Background shading represents twelw@onth rolling mean
standardised rainfall anomalies. Al datasets, besides rainfall, have matching data gaps. b) Twelmonth rolling mean standardised
anomalies of the NDVbku-consolidated product (19822022 climatology). ¢) Pearson correlations between annual NDWpssas
anomalies and annual rainfall anomales, shown here to demonstrate the strongly water limited naturef Au st r al i ads vege
f) Relationships between twelvenonth standardised rainfall and NDVI anomalies averaged across Australia for different periods
and different products. In (d) NDVIwmcpasas and rainfall anomalies have been calculated against a 202022 baseline. In (€) rainfall

and NDVIpku-consolidated @NOmalies have been calculated against a 198022 baseline. The relationships y=mx+c denotes the linear
regression slope between rainfall and NDVI anomalies where y is NDVI anomalies, x is rainfall anomalies, and m is thepel
coefficient. The slope coefficient can be considered an approximation of the sensitivity of NDVI to anomalous water supply
aggregated over the continent.

than their6 n o c dountarpartsKig. 5d-f). SHAP feature importance plots indicate NI@M as the
most important variable (Figure A3), but in the high WCF regions the relative importance otHDVI
diminishedand NDVIwmcpa3as SUmmary statistics, solar radiation, and cumulative rainfall substantially
impacting predictions (Figure4b,c).
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Figure 5: Validation scatter plots for the calibration and harmonisation between NDVtor and NDVImcpasas. (a-C) show the results
for the 6cifi)im& hmoovdelt he(dame but for the 6noclimé model type.

Per pixel agreements between NRMEandNDVIvcpazasfor both thed ¢ | @anddbo ¢ Imodald
types reveal a very high degree of correlation across the continent (note that pixels witieanhong
average NDVI00.11 are masked for this analysis). Correlations betW&il mcpasasand NDVlause in
Australiads f bavebeen geedtly inpravedyesagirgPearsork = 0.85 (Fig. 6a)in the
&limdmodel @veragePearsorR in the CDR= 0.48). Areas of lower correlation persist in places that
experience ephemeral or periodic water inundation such as mangroves and inland lake Redtgives.
error has been reduced universally across the continent, with a continental average CV of=gl0 % (
6b). Areas of greatest relative error occur in the chaonelunt ry i n Australiads
irrigated regions of the northern Murray Darling Basin. ®he o c rhodehgerforms similarly, though
correlations and relative error are universally worse thaid tbd moae Eig. 6¢-d). Residual NDVI
values after subtracting NDVAvirr from NDVlimcpasas before and after the calibration and
harmonsationshow the GBM model has entirely removed the residual seasonal signal present in the CDR
product, resulting in residuals that closely track the zero line. Some small bias remains in th@12011

period particularlyfor theé n o c rhodef) &when anomalously large rainfall related to a major La Nina
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event resulted in anomalous greening in the savanna and desert biomes. This is further illustrated i
Figure A5 where NDVI timeseries before and after the adjustment have been summarised over six
bioclimatic regions (extents in Fig2b). Differences in the Austrahaide timeseries between
NDVImcpazas and NDViayse are largely attributable to ND\Wise underestimating peak NDVI during
201212012 in the desert and savanna bionkeég. A5f-g).
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Figure 6: Results of the calibration and harmonization between NDVIcor and NDVIwcpazas. @) shows the per pixelPearson
correlation, betweenNDVImcpazas and & | i NI ause. b) showsthe same aga) but for the coefficient of variation. c-d) the same
as (a-b) but for the 6 n o ¢ inadehtype.e) The residual NDVI valuewhen subtracting NDVIavirr from NDVIwmcpasas before and
after the calibration and harmonization. Residuals are calculated per pixel and then averaged over Australia. Shading indieatthe
standard deviation in residuak across the continenfor the NDVI cor product.

Improvements in the alignment between NGB andNDVIwmcpasas from this regional calibration and
harmonisation are further demonstrated in Figdravhere timeseries are summarised over two

challenging forest ecosystems in southwest Western Australia and Tasmaesn skhsonal cyde
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between the two NDVI datasets are now in very close agredfigntc, f) and the NDVAuseciim time-

series from 1982000 can effectively integrate with ttNDVIwucpasastime-series without introducing

major discontinuities Hig. 7b, e). Note also that the GBMcalibration has ameliorated thsetrong

increasingtrend inNDVIcpr from 19822000 (Fig. 7b, e)that isalmost certainlydue toartificial step

changes between sensor transitions and poor calibration over these. fegibesappendixye replot

Figure7d-f with the inclusion oNDVIcimms3g to demonstratéhat the trendin NDVIcpr is an artefactof
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Figure 7: Results kefore and after the calibration and harmonisation of NDVkEor for two examplehigh woody canopy coveregions
previously identified ashaving the worstagreementwith NDVImcpasas. b-c) Three-month rolling mean 19822022NDVI timeseries
and the mean seasonal cycléaverageal over the 20012013 period, respectively,for the forests of southwest Western Australia e-
f) Same agb-c) but for Tasmanian forests. Time series are the spatial average of the regions their left.

3.2 Gap-filling with Synthetic NDVI

The NDVIsyn datasetecord grees exceptionallywell with the joined NDVhusecim and NDVicpazas

serieswhen aggregated acroAsistralia(Fig. 8e). The time series dfigure 8e is further disaggregated
into high and low WCF regions (as per Figure 2&igure A7 and reveals that in densely wooded regions

synthetic NDVI tends to underestimate peak seasonal growth, but otherwise captures seasonal timing

and interannual variability Fig. A7b). In the low WCF regionsHg. A7a), synthetic NDVI closely

matches observationit the pixel level, the longerm mean NDVI of both datasets is virtuatigntical
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(Fig. 8a-b). Perpixel Pearson arrelationaverages 0.85 across tbentinent Fig. 8d). Areas of poorer
correlation occur in western Tasmania, the highlands forests of-sasthAustralia all areas that
experience seasonal snow falland regions of either anthropogenic water application (irrigation) or
ephemeral, delayed water inundation (inland rivers in the arid interior). Mean relative error was also low,
averaging 11 %, but with hotspots of greater error again occurring in the regions where water inundatior
is not dependent on direct rainfall (F8c) The results before and after gap filliNDVIausecim are
presentedh Figure8f. As missing data tends to be in the higher NDVI regionstéryetiouder, forested
regions), gap filling has the tendency of increasing NDVI when agdi@ger the continent

We present validation scatter plots and feature importance plots for the desert ateseron
GBM models in the appendiFig. A8). In the nordesert region, thremonth cumulative rainfall and
VPD are the key climate drivers of predictions, while in the desert regiemaith cumulative rainfall,

VPD, and incoming solar radiation are the key climate drivers.
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Figure 8: Evaluation of the synthetic NDVI built to gap-fill the NDVI ause-cim record a-b) show the observed and synthetic lonterm
mean NDVI, respectively.c) per pixel coefficientof variation (CV) between observed NDVI and synthetic NDVId) Same agc) but

410 Pearsoncorrelation. e) Continentally averagedobserved and synthetidNDVI timeseries, where data gaps have been matchef).The
results of gap filling the mergedNDV!I ause-ciim and NDVImcpasas time series.
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3.3 Assessing interannual variability

Comparing thecalibrated,harmonisedand gagfilled NDVIausecim datasetwith rolling annualmean
NDVILandgsa@nomalieseveals good level of agreemeém both the timing and magnitude of irk@nnual
variability throughout the 1982012 period Fig. 98). NDVIpku-consolidatedS @lsoshownfor comparison
andgaps in theNDVIpku-consolidateddataset have been filled using the same synthetic data and procedure
as NDVlhusecim to facilitate a more straightforward comparison and continuousderies NDVI ause

cim consistently outperformBIDVIpku-consoiidatedthroughout the Landsat sesidAV in NDVI ausEclim IS
further assessed in FiguBb where the full time serie€ 9822022 joined with NDMwmcpazas) and
NDVI pku-consdidated@re plotted together aslling annual meastandardise@nomalies against the same
1982-2022 climatology. NDVIausecim Clearly displays greater IAV in thereMODIS era. We repeat
the same analysis as in Fig@ef butthis timeincludingNDVI auseciim. The NDVI-rainfall relationships
showthatNDVI ausecim reports a similar watesupply sensitivityand correlatiorn the 19822000 period
(slope=1.28,4=0.51, Fig 8d) as MODIS does i2000-2022 periodslope=1.13,%0.54, Fig 9c). Again,

while we may expect some changes in watgrply sensitivity over the decades due to effects such as
CO, fertilisation, water supply sensitivity ought to remain relatively stationayd we take the
correspondence betwedDV Iumcpasas sensiivity and NDVIausecim Sensitivity asan indication that

NDVI auseciim IS responding realistically imterannuabariaions in rainfall
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Figure 9: a) Twelvemonth rolling mean standardised NDVI anomalies of the gaffilled NDVI ause-cim plotted alongside Landsat
anomalies and NDVbku-consolidated @nomalies. Gaps in the NDViku-consolidated dataset have been filled using the same synthetic data

435 and procedure as NDVhusecim. All datasets are matched to Landsat data gaps. bB)welve-month rolling mean standardised
anomalies of the NDVpku-consolidated (gap-filled in the same manner as (a))and NDVIause-cim joined with NDVI mcpasas (19822022
climatology). cf) Relationships between twelvanonth standardised rainfall and NDVI anomalies averaged across Australia for
different periods and different products. Rainfall, NDVI ause-cim and NDVI pku-consolidated @NOmMalies have been calculated against a
19822022 baseline. NDMhcpssasa anomalies have been calculated against a 200022 baseline.The slope coefficient can be

440 considered an approximation of the sensitivity of NDVI to anomalous water supply aggregated over the contineridote that the
slope and intercepts forGIMMS -PKU-consolidatedare slightly different to Figure 3 owing to gap filling.
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3.4Annual averagetrends

We also evaluatedthe annuahverage NDVI trends across Austrat@m assess the performance of
AusENDVI in reproducing greening trends observedtimeo productsTrends were calculat over the
overlapping period 019822013 usingprdinary least squares regressafter aggregating NDVI data to
annual means AuseENDM closely reproduces the observable trendNDVIeimvssg (coefficients:
AusSENDVI-clim=0.000% NDVI yr, AusENDVI-noclim=0.0049 NDVI yr, GIMMS3g=0.000@
NDVI yr-; Fig. 10). Trends inNDVIucpasas overtheshorter inteval from 20002013 displayed a similar
slope to AusENDVI and GIMMS3@(00G1NDVI yr). Trends in the two GIMMSPKU products are

approximatelyhalf thoseof the otheproducts

mmm AusENDVI-clim: Slope=0.00056 yr-*
0.425 -

B AusENDVI-noclim: Slope=0.00049 yr—*
GIMMS3g: Slope=0.00062 yr—*
0.400 - ™= MODIS MCD43A4 (2000-2013): Slope=0.00051 yr-*
GIMMS-PKU: Slope=0.00027 yr-*
GIMMS-PKU-consolidated: Slope=0.00030 yr!
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Figure 10: Annual average NDVI trends summarised over Australia for the overlapping period of 1982013. All data gaps have
been matched between datasets and datasets have been reprojected to match the resolution of GIMMS@&ge that AUSENDM -

clim and noclim have both had data gaps filled to facilitatebetter annual averaging (i.e., so all years have values)rend lines have
been fitted using ordinary leastsquares regression and coefficients are expressed in terms of NDPAr year.

3.5 Trends in peak-of-season phenology

Perpixel trends in vPOS, POS and theyHar median values for these statistics are shown in Figure
Trends in vVPOS are almost universally positive across the contimachipgindicates a significant

trend), with the excepti@of inland northern Murrayparling Basin, theeasterrperiphery of the wheat
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belt in Western Australia, and the region north of Adeldklg. 11b). Positive trendebservedn the
major agricultural region of the Murrdyarling Basinand the northern half theWest Australian wheat
belt andare nonsignificant. Distributions of trends in vPQSratified by bioclimatic regiomreveal the
highest median trends are recorded in the tropics and savanna regions at 0.0013 and 0.0014,NDVI yr
respectively Fig. A9a-e). The Mediterranean region has the lowest median trend @M\ yr.

Trends in the dapf-yearthatpeak NDVI occurs (POS) anegativeacrossnuch ofthe continent
suggesting there isgenerattendency for NDVI to peak earlier in the yeaross AustraliaSignificant
negative trends occun the agriculturalzonesof the Mediterranean bioclimatic regiothe greater
western woodlandihat border theastern margin of th&A wheatbeltthewestern half of thé&lullabor
plain, parts of the Riverina agricultural regiaf southwesternNew South Wales and extending into
Victoria, andwesterrparts of thenortherntropical savanndl hesesignificantnegative trends are reflected
in the POS trend distributions iRigure A9f-j where themedian trend in the warm temperate and
Mediterranean regiorarehighest aB.4 and 2.3 days per decade, respectivgignificant psitivetrends
(peak NDVI occurring later in the year) are observedtriopical northernQueenslandand western
Tasmaniaand can be as high &sl0 days per decade
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480 Figure 11: a) The medianannual peak NDVI value (vPOS)from 1982-2022. b)Theil-Sen robust regression trends inPOS. ¢) Median
day-of-year that peak NDVI occurs (POS), 19822022 d) Theil-Sen robust regression trends in POS Hatching on trend plots
indicates significance at alpha=0.05 using a MaiiKendall test. All plots are derived from the gapf i | ¢tlimd N R bataset
Non-seasonal areas have been masked using the method described in section 2.4.

4  Discussion

485 4.1 Limitations of existing global productsand improvementsby AusENDVI

We expected tadentify differences between NDMinrr and NDVivcpasas given differences in the
spectral sampling between sensdtingir different preprocessing andtmosphericorrections methods,
spatial resolutionandtemporal compositing techniqudskewise, comparativelylower correlations in

the densely vegetated regionsre also expectedue to the dtal variancein evergeen forestdeing

26



490

495

500

505

510

515

smallerthan for seasonal vegetatifgrassland, croplandsind therefore, assuming a similar unexplained
variance(noise) correlationshouldnecessarilypeweaker Nonetheless, we were surpridgdthefairly

large inconsistencies betwelRIDVIcimvssg, NDVIcpr, and NDVEmwus-pku in representing the seasonal
dynamics of Austral i a@g FigBld.\hyethisyis the eagdederaes & greatere g i
focus of study than we devabere buts likely related tasome combination dhe presence/absence of
BRDF and watervapourcorrections varying contamination by cloudsndany gapfilling procedures
applied Regardles®f the reasons whythe intercomparisorbetween NDVAvhrr productshighlights

that global datasets, while often performing adequately when statistics are aggregated at the global c
continental scale, can mask disparities that are important at the retpolualal scale (Meyer and
Pebesma, 2022)We advocate closely examining regional and local contexts to assess how suitable a
given NDVI dataset is foa particular use case. For exampieAustraliaseasonal cycles in ND¥ibr

are highly suspect and thakould not be relied upon for phenology studies. However, NERHas a
comparatively lowelative erromwhen compared witNDV Imcpazas and displays reasonable intamnual
variability so would likely beanoresuited to longterm studies of agricultural drought frequency or the
impacts of CQ fertilisation oncanopy covefassuming sensor transitions are filteréd)Australia, he

best use of ND\Hku-consolidatediS likely the reverse, its representation of seasonal £gcepors well

with NDVIwmcpazas, While IAV is subdued in the piglODIS erawhich could lead to incorrect conclusions
regardngs hi fti ng sensitivities J{imitedveeosystemsis gepepalwg i n
urge caution in usingxistingglobalNDVIavirr productsfor studyingvegetatiortrends andgeasonality

in Australia AuseNDVI shows significant improvement over existing global dataséiss respectThe
improvedcorrespondencim seasonal cyclegetweenAusENDVI andNDVIwucpazas providesevidence
thatAusENDVI is moresuitable forexploring longetterm changes td u s t r vadetatrphenoloy.
Moreover,the addition of climate features to the calibration and harmonisation also appéanse to
improvedtherepresentation dbng-terminterannual variabilityand trends in annual average NDWius
AusENDVI-clim should likewise offer a better basis forstudyingthe shifting frequency of extreme

climate events and their impact on the terrestrial biosphere
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4.2 Synthetic NDVI

The creation of a synthetic NDVising only climate, C®concentration, and woody cover fraction as
predictors revealed a high degree of predictability in NDVI over much of Australia. Regions of lower
predictability were located where water supply is eifn@m elsewhere or delaydéphemeral inland
rivers) or from irrigation. In the absence of features that could describe water supply without rainfall,
NDVI patterns inthese zones will continue to be difficult to estimiitdirect satellite observatisrare
unavailable. Notwithstanding some spatial variability in-peel predictability, in general the high
degree of agreement between observed and synthetic NDVI presents the prospect of extending th
synthetic NDVI further back in time through the obsdional climate record, which in Australia is
reliable throughout much of the 2@entury. In land surface models dynamighenology algorithm is

an important submodel which influences the overall carbon cycle, evapotranspiration, and energy
balanceof the model(Chen, 2022) The long-term record ofsynthetic NDVI developed hereould
therefore prove useful foralidating the development of procdsased phenology models for Australia's
diverse range of vegetation and clima@r, with empirically validated NDMALAI relationships,
AusENDVI could be used as a phenology foraihging the presatellite erdor the many LSMs that do

not dynamically simulate LAI

4.3 Sources of uncertaintyand future work

There areseveralsources ofincertaintyin AUSENDVI. Firstly,the climate and landscape featunsed

are subject to their own uncertainties which will undoubtguiypagatanto both the calibration and
harmonisation, as well as the gi@png with synthetic NDVI For example, rainfall station observations

in the arid interior of Australia are relatively sparse so errors in the spatial interpolation of rainfall are
highly likely. Uncertainties in the ND\¢br product are also likely to heansmittedo our dataset. Future
work may include greatertreatment of uncertainty througimsemble modelling wheodimate features

(e.g., different rainfall and solar radiation dataset&)d model types used for fittingre iteratedo
generatean uncertainty envelopeWe alsoaim to assess how welNDVI from the Visible Infrared
Imaging Radiometer Sui®lIRS) agrees witiNDVIause and NDV lMcpasas Over Australia.Should there

be a substantial discrepantlye methods described heauld be applied to VIIRS to create an ongqing
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updated\NDVI datasefor Australia than canontinue tdorm the foundation for continentatale studies

of terrestrialecosystem changdrrespective, wargueour AUSENDVI estimates are based on thest
available datawhile the gradient boosting models have gone through extensive-valdation.
Therefore, wecontend that the resultingends should be more accurate than any alternative NDVI

dataset

44 Trends in peak of season phenology

Weidentifiedadvances in the timingof PG6c r oss much of Austr al.Ovards |
the Mediterraneanwarmtemperateandcool temperatdioclimaticregionsthe mediarpeak phenology
trends were2 to -3 days/decadeAdvances in plantaturityin the southern hemisphdrem field data

are also reported bghambers et al. (2013)here the mean rate of change in plant maturity was 14
days/decade, mostly from temperate regions (63 % of their data are frorvigreg)e This rate of change

is comparable to the pgixel rates of change in POS that are seen in parts of the Med#nrand warm
temperate regions where it is not uncommon to see negative trends ranging-ftbrdal®/decadd-{g.

11d). However,the magnitude of a trend isfluenced by the length of theme seriesso comparisons

with variablelength field data isdifficult and shorterecords are more likely to repaatlarger rate
(Chambers et al., 2013Advances in the timing of PG®uld bedue to a combination afimatedrivers.

In the northern hemisphergarminghas led to earliggeakgreeningHuang et al., 2023; Liu et al., 2021;
Park et al., 2019)Warmingcanaccelerate metabolism, sterewater is nodimiting, leaf development
canbe faster However, temperature increases also increase vapour pressure deficits which decreas
wateruse efficiencyand carreduceplant productivity, though thiseffect may be compensated for by
enhanced Cg&(Rifai et al., 2022; Dusenge et al., 201@hanges in the timingf peakrainfall mayalso
contribute to shifts in the timing of peak NDVT hetiming of peak climatological rainfall has shifted
sincel960(Fig. A10a-c), and here is some coincidence between trends in POSHaftsl in rainfall POS
(e.g.,advancement aroundidelaide). The goal of this study is not to dravenclusionson the likely
driversof seasonality change in Australiautto arguethat ourdataset provides a more reliable means

for tackling these questiong:uture work will delvanto a greater suite gbhenology metricge.g., start
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of-season, endf-season, growing season lengtie et al., 2023) and explore the drivers of
phenological change.

The pervasie positivetrendsin vPOSareconsistentvith results elsewherandarelikely due to
the impact of CQO, fertilisation, which allows agiven amount of precipitatioto sustaina greater
maximumlevel of plant production over tim@onohue et al., 2009; Donohue et al., 2013; Rifai et al.,
2022; Ukkola et al., 2016)ncreases in taimagnitude ofAustralspring and summer rainfatl northern
Australia are also likely tthavecontributel to thewidespreadncrease invPOS in tropical Australia
(Figure ALOd). It is alsolikely that improving agricultural practices has increased maximum NDVI in
therain-fed cropping regions, especially im@hAustraliaand VictoriawherepositivevPOS trends are
significant Trends in maximum NDVI ithe WA wheatbelt aralsopositive but contrast with the fact
that WA has seen avidespreadautumn drying trend (FigA10d). We speculate thaagricultural

innovationhere ha counteracted a drying trend thvabuld otherwise have reduced foliage cover.

5 Dataand CodeAvailability

AusBENDVI is openly availablet https://doi.org/10.5281/zenodo.10802 {B4irton, 2024)andconsists
of several datasetfach dataset has a description in the attributes oONEHEDFfile that definesits

provenanceA short description of eaafatasets provided below aan additionateferenceAll datasets
are in "EPSG:4326" projection, have a spatial resolution of’,Ga@8l monthly temporal resolutioA.
Jupyter notebools also providedt the above linklemonstratingnow to load, plot, mask, reprojeeind
gapfill AusENDVI datasets.

1 AusENDViclim_1982 2013Calibrated and harmonised NOAA's Climate Data ReéMHRR
NDVI data from Janary1982 to Deember2013. This version of the dataset used climate data in
the calibration and harmonisation process. The dataset has not been gap filled, and extra data h:
been filtered/removed beyond the typical QA filtering using methods describéslipabkication.

1 AusENDVinoclim_1982 2013 Calibrated and harmonised NOAA's Climate Data Record
AVHRR NDVI data from Janary1982 toDecember2013. This version of the dataset did not use
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climate data in the calibration and harmonisation process. The dataset has not been gap filled, an
extra data has been filtered/removed beyond the typical QA filtering using methods described in
this publication.

AusENDVisynthetic_1982 2027 his dataset consists of synthetic NDVI data that was built by
training a model on the joineB\usENDVI-clim6é and iMODIS-MCD43A4 NDVI6 timeseries

using climate, woodygoverfraction, and atmospheric G@s predictors.
AusENDViclim_gapfilled_MCD43A4 1982 2022This dataset consists of calibrated and
harmonised NOAA's Climate Data Record AVHRR NDVI data frdsmuary 1982 to Feluary

2000, joined with MODISVICD43A4 NDVI data from Mazh 2000 to Deember2022. This
version of the datasesed climate data in the calibration and harmonisation processlatdmet

has been gap filled usitgusENDVI-synthetic

AusENDVinoclim_MCD43A4 1982 2027 his dataset consists of calibrated and harmonised
NOAA's Climate Data Record AVHRR NDVI data from Jany 1982 to Feluary 2000, and
MODIS-MCD43A4 NDVI data from Mar. 2000 to Dec. 2022. This version of the dataset did not

use climate data in the calibration and harmonisation process. The dataset has not been gap fille

The code to conduct all analysdescribed heras available on the opesource repository:
https://github.com/cbur24/AusENDVI

6 Conclusion

We calibratd and harmonisg NDVIcpr to NDVIucpasas for Australia using awell crossvalidated
gradientboostingensemblelecision treemethod.We developed two versions of the dataset® that
utilises climatedata inthe feature set to achieve the best possible agreement betweeroNR§d
NDVImcpazaa ( 0 A u s Edinbgydnd a second dataset that does not rely on climat¢ datA u s END V |
noclimy. The resulihg dataset have a spatial resolution dd.05°and extend from 19822013 with a

monthly time stepWe alsoprovide a complete 4Jear long dataset where gap filled AusENB3Km

620 from January 1982 to February 2000 is seamlessly joined with M¥as from March 2000 to
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December 2022The advantages of AUSENDVI are thatitlglosely reproduces tidDVIwmcpazasrecord
in terms of seasonality, interannual variability, and trends in araweabge NDVI 2) It reproduces
annualanomalies in the Landsat NDVI record in the-p®DIS era (back to 1988), and shows realistic
rainfall-driven interannual variability back to 1989 We developed aeliable method for gap filling the

625 AUSENDVI recordby creating a synthetic NDVI dataset using oadlynate, CQ concentration, and
woody cover fraction as predictor§he resulting dataset showed excellent agreement with the
observations, providing confidence in its use for gap fill))dAusENDVI has a higher spatial resolution
than any of the GIMM®$aseddatasets and is built using inputs that apply the full suite of atmospheric
and BRDF correctionsand 5)The methods and code for its development are entirely-spearte. No

630 other existing product can lay claim to all these attributes which is whgrgetee AUSENDVI is an
importantaddition to the suite of NDVI products availabie contend it is highly suitable for studying

the i mpact of global environmental <c¢change on A

Appendix

Mean Fraction (before filter): 0.919 Mean Fraction (after filter): 0.791
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Figure Al: Available fractions of databefore and afteradditional filtering of NDVI cpr data. A value of one means all monthly time
steps between 1982013 are preserved.
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640 Figure A2: Standardised anomalies of the overlapping period between MODIS MCD43A4 NDVI and E A &asdsat NDVI derived
from the common baseline period of 200@012. Rainfall anomalies are derived from a longer baseline of 192022.

645

Table Al. The hyperparameter grids usedduring model optimization of the harmonisation model andthe synthetic NDVI model
During model fitting, a random grid search was conducted with 250 iterations to identify the highest performing set of

650 hyperparameters.

Model Parameter Grid

GBM 6 nu m_ |:stasvaedsn(®,50),

O0mi n_chi |:dtatscaadm{i036),s 6
O0boost i:jgbdt tdaytlp e 6
6 ma x _ dstapsranidid(5,25),
6n_est:i[30&40050 6
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Figure A3: a-f) Month that maximum NDVI occurs,averaged from 20032013 for all NDVI datasets included in the intercomparison
between NDVI products along with the AUSENDVI-clim dataset of this study.g) The climatologicalmean seasonal cyclef NDVI
655 summarised over Australia.
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Figure A5: Per bioregion (af) and Australia-wide (g) NDVI time-series before and after the calibration and harmonisation of
NDVIcor. Bioregions are defined in Figure2b. Time series have been smoothed with a threeonth rolling mean.
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Figure A6: Same ad-igure 6d-f but including NDVI cimms3g to demonstratethat the very strongincreasing trend in NDVlcor is likely
an artefact of sensor transitions and poor calibration.

Figure A7: Evaluation of the synthetic NDVI built to gapfill NDVI ause-ciim, disaggregated by high and low WCF regions) Spatially
averaged observed and synthetic NDVI timeseriesver all continental areas where WCF idess than or equal to 0.25. b) Same as (a)
but for regions where WCF is greater than 0.25.
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