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Accurate quantiﬁcation of land degradation is a global need, particularly in the world’s dryland areas. However,
there is a well-documented lack of ﬁeld data and long-term observational studies for most of these regions.
Remotely sensed data oﬀers the only long-term vegetation record that can be used for land degradation assessment at a national, continental or global scale. Both the rainfall and vegetation datasets used for land degradation assessment contain errors and uncertainties, but little work has been done to understand how this may
impact results. This study uses the recently developed Time Series Segmented RESidual TREND
(TSS-RESTREND) method applied to six rainfall and two vegetation datasets to assess the impact of dataset
selection on the estimates of dryland degradation over Australia. Large diﬀerences in the data and methods used
to produce the precipitation datasets did not signiﬁcantly impact results with the estimate of average change
varying by < 4% and a single dataset being suﬃcient to capture the direction of change in > 95% of regions. On
the other hand, the vegetation dataset selection had a much greater impact. Calibration errors in the Global
Inventory Monitoring and Modeling System Version 3 NDVI (GIMMSv3.0g) dataset caused signiﬁcant errors in
the trends over some of Australia’s dryland regions. Though identiﬁed over Australia, the problematic calibration in the GIMMSv3.0g dataset may have eﬀected dryland NDVI values globally. These errors have been addressed in the updated GIMMSv3.1g which is strongly recommended for use in future studies. Our analysis
suggests that using an ensemble composed of multiple runs performed using diﬀerent datasets allows for the
identiﬁcation of errors that cannot be detected using only a single run or with the data quality ﬂags of the input
datasets. A multi-run ensemble made using diﬀerent input datasets provides more comprehensive quantiﬁcation
of uncertainty and errors in space and time.

1. Introduction

2017; MEA, 2005), current estimates of the scale of the problem have
been described as “highly unreliable and spurious” because they depend heavily on small scale ﬁeld studies as well as low spatial and
temporal resolution expert opinions (Higginbottom and Symeonakis,
2014). Over Australia, which is well studied by global standards, spatial
data products provide information about a range of environmental
parameters including land cover (Lymburner et al., 2011), vegetation
climate zones (BoM, 2012), land use (Australian Bureau of Agricultural
and Resource Economics and Sciences, 2015) and soil acidiﬁcation
(State of the Environment 2011 Committee, 2011) (for a full list see
Lawley et al. (2016)). None of these products are suitable for change
detection or time series analysis, as most are a snapshot of a single point
in time or are produced using inconsistent methods (Caccetta et al.,
2012) from sparse and infrequent ﬁeld data (Ludwig et al., 2007). This
lack of a long term monitoring program and the problems with existing
programs for land degradation detection has been extensively

Drylands cover about 41% of the land surface and are characterised
by low annual precipitation (Ruppert et al., 2015) and large interannual
climate variability (Broich et al., 2014; Khishigbayar et al., 2015) which
result in signiﬁcant natural variation in vegetation productivity (Broich
et al., 2014). Dryland degradation poses a serious threat to international food security and has been identiﬁed by the United Nations (UN)
as an issue of global concern (MEA, 2005). At the 12th Conference of
the Parties to the UN Convention to Combat Desertiﬁcation, nations
were called upon to implement plans to reach land degradation neutrality which they deﬁned as “a state whereby the amount and quality of
land resources necessary to support ecosystem functions and services and
enhance food security remain stable or increase within speciﬁed temporal
and spatial scales and ecosystems” (Orr et al., 2017).
Despite the importance of dryland degradation monitoring (IPCC,
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changes that violate the key assumptions that underpin a standard
RESTREND (Burrell et al., 2017; Wessels et al., 2012). If a signiﬁcant
breakpoint is found in either the VPR or the VPR-Residuals, TSS-RESTREND uses multivariate regression with an additional variable to account for the breakpoint. When applied to Australia, TSS-RESTREND,
was able to improve the detection of degraded areas compared to
RESTREND alone as well as to accurately detect both the timing and the
direction of change in two regions with known histories of degradation
(Burrell et al., 2017).
One of the main advantages of automated analysis of remotely
sensed data using methods like TSS-RESTREND, RESTREND or BFAST,
is that the analysis is easy to replicate. This is particularly true for
methods like TSS-RESTREND and BFAST, where the methods are
available as R packages that can be freely downloaded and implemented (http://cran.rproject.org/package=bfast and (https://cran.
r-project.org/package=TSS.RESTREND). This facilitates the direct
comparison of diﬀerent studies over diﬀerent timescales and regions
which allows for the discussion of global dryland trends (Higginbottom
and Symeonakis, 2014). Inherent in the intercomparison of studies is
the assumption that any changes in vegetation and precipitation are
larger than the noise present in the datasets used to capture them
(Verbesselt et al., 2010b). That is, the signal to noise ratio is high enough that it is possible to separate real variations in the vegetation from
those caused by the systematic errors and uncertainties in the datasets
(Scheftic et al., 2014; Verbesselt et al., 2010b).
A study by Ibrahim et al. (2015) in the Sub-Saharan region of West
Africa over the time period 1982–2012, found that using datasets with
diﬀerent signal-to-noise ratios can have a substantial impact on the
results. The results of a RESTREND analysis between GIMMSv3.0g and
CRU3 were compared with one performed between GIMMSv3.0g and
the Soil Moisture Index produced by the Climate Prediction Centre. It
was found that the estimated vegetation trends diﬀered across the entire study area with RESTREND applied to a soil moisture dataset detecting land degradation with greater consistency than the rainfall/
NDVI RESTREND. In addition, two other studies have examined the
impact of vegetation datasets on RESTREND analysis by comparing
NDVI to Enhanced Vegetation Index (EVI) (John et al., 2015) and the
passive microwave based Vegetation Optical Depth (VOD) (Andela
et al., 2013) over a common time period. All three studies found that
dataset selection signiﬁcantly impacted results, but because the datasets
tested were not measuring the same things, it is impossible to know
how much of the diﬀerence is caused by errors in the datasets.
Climate controlled dryland vegetation trend analysis depends on
two datasets: a vegetation dataset (usually NDVI) and a climate dataset
(Wessels et al., 2007). The only globally consistent NDVI datasets with
more than 20 years temporal coverage are derived from NOAA Advanced Very High Resolution Radiometer (AVHRR) data (Yengoh et al.,
2015). Two versions of the AVHRR derived Global Inventory for Mapping and Modelling Studies (GIMMS) dataset (Pinzon and Tucker,
2014) are used in this study (GIMMSv3.0g and GIMMSv3.1g). GIMMS
NDVI is derived from multiple sensors and there are documented inconsistencies across sensor transitions (see Section 2.2 for details).
Climate variability in dryland regions is often linked to multidecadal
climate processes like the El Niño–Southern Oscillation (ENSO) (Broich
et al., 2014) which operate on multiannual through multidecadal cycles. This gives the GIMMS datasets a large advantage over shorter
temporal and higher spatial resolution products like those derived from
MODIS (Moderate Resolution Imaging Spectroradiometer). This is one
of the main reasons it remains in widespread use today in both vegetation assessment (Fensholt et al., 2009; Fensholt and Proud, 2012), as
well as in the testing and validation of land surface climate models
(Anav et al., 2013; Zhu et al., 2016).
Unlike vegetation datasets, there exists a range of global and national precipitation datasets that have been created using diﬀerent data.
These datasets diﬀer in spatial and temporal resolutions, data sources,
spatial coverage, temporal latency and design objective (Beck et al.,

documented (Day et al., 2007; Eyre et al., 2011; Fisher and Kutt, 2006;
Healy et al., 2016; Ludwig et al., 2004; McAlpine et al., 2014; Pickup,
1998). Remotely sensed datasets oﬀer the only viable way to assess
dryland degradation at national, continental or global spatial scales,
and over multi-decadal time periods.
There are two types of methods used to assess ecosystem changes in
dryland regions; those that analyse changes in the seasonal phenology
of vegetation, and those that look for changes in the relationship between vegetation and climate variables such as precipitation (Burrell
et al., 2017; Higginbottom and Symeonakis, 2014). The most widely
used method to assess changes in vegetation phenology with respect to
time is the Breaks For Additive Seasonal and Trend (BFAST) (Verbesselt
et al., 2010a, 2010b). BFAST decomposes the vegetation phenology
signal present in remotely sensed Vegetation Index (VI) time series data
into its seasonal, trend, and remainder components. This allows the
method to detect abrupt changes in both the trend and seasonal components of the vegetation phenology (Kuenzer et al., 2015). In ecosystems with low interannual climatic variability, the vegetation phenology is relatively stable. This means that breakpoints detected in the
phenology cycle using BFAST can be attributed to ecosystem disturbances (Hutchinson et al., 2015; Verbesselt et al., 2010a, 2010b). In
regions with high interannual climate variability, drought and ﬂood
years can cause signiﬁcant natural changes in the phenological cycle.
This makes the separation of natural variability from environmental
change problematic (Burrell et al., 2017; Fensholt et al., 2015; Kuenzer
et al., 2015; Watts and Laﬀan, 2014).
The second approach to dryland degradation analysis is to look at
changes in the relationship between climate variables and a VI such as
the Normalized Diﬀerence Vegetation Index (NDVI), which is a measure
of vegetation greenness and a proxy for ecosystem productivity. The
most widely used method based on this relationship is the Residual
Trend (RESTREND) method proposed by Evans and Geerken (2004).
RESTREND works by ﬁrst performing an Ordinary Least Squares (OLS)
linear regression between annual peak NDVI and the relevant climate
variables (Reeves et al., 2015; Wang et al., 2012a; Wessels et al., 2007).
RESTREND is able to estimate the change in ecosystem productivity
that is not caused by interannual climatic variability (Evans and
Geerken, 2004; Wessels et al., 2007, 2012). Which climate variables are
used in RESTREND analysis varies regionally. In Australia and Africa,
where water is the primary limiting factor (Broich et al., 2014; Guan
et al., 2014; Zhang et al., 2018), a vegetation-precipitation relationship
(VPR) is calculated (Burrell et al., 2017; Evans and Geerken, 2004;
Wessels et al., 2012). In cold drylands like Mongolia, temperature also
plays a major role and, as such, is included as an additional climate
variable (Keenan and Riley, 2018; Liu et al., 2013). A trend analysis is
then performed on the VPR residuals, with a negative trend indicating
land degradation (Andela et al., 2013; Li et al., 2012). An example of a
RESTREND analysis is included in supplementary material.
Two of the three key assumption of the RESTREND method are that
there is a statistically signiﬁcant VPR, and that this VPR remains
comparable for the entirety of the time series (Burrell et al., 2017;
Wessels et al., 2012). This means that in regions where a degradational
process is introduced or removed, leading to rapid ecosystem change,
RESTREND can fail to detect the change (Wessels et al., 2012). The
third assumption is that any trend in the residuals remains monotonic
for the entire time series. In a previous study of dryland degradation
over Australia, Burrell et al. (2017) found that at least one of the key
assumptions of the RESTREND method was violated in approximately
15% of pixels. In areas with documented examples of rapid ecosystem
change, RESTREND analysis alone was unable to capture the extent of
the changes. Similar problems with RESTREND were found in a study
over Kyrgyzstan (Eddy et al., 2017).
To address these problems, Burrell et al. (2017) proposed the Time
Series Segmented Residual Trends (TSS-RESTREND) method.
TSS-RESTREND is an extended version of RESTREND incorporating a
modiﬁed version of the BFAST method to look for rapid ecosystem
23
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(Moderate Resolution Imaging Spectroradiometer), SPOT (Satellite
Pour l'Observation de la Terre) VEGETATION and Landsat have shown
that the datasets produced by the Global Inventory for Mapping and
Modelling Studies (GIMMS) group are consistently the most accurate
(Fensholt et al., 2012) particularly at inter-sensor transitions (Scheftic
et al., 2014). This is why the GIMMS datasets have been the mostly
widely used dataset for dryland degradation assessment (Fensholt et al.,
2009; Fensholt and Proud, 2012; Marshall et al., 2016; Zhu et al.,
2016).
In 2014, Global Inventory for Mapping and Modelling Studies
published the third version of their AVHRR derived NDVI dataset, referred to in this paper as GIMMSv3.0g. GIMMSv3.0g is a global nonstationary NDVI dataset which has bi-monthly values starting in July
1981 and running through to December 2013 at a 1/12° (∼8 km at the
equator) spatial resolution. Details on the pre-processing, creation, calibration and correction methods used to generate the GIMMSv3.0g
dataset are provided in Pinzon and Tucker (2014).
Despite being the most reliable AVHRR derived NDVI dataset,
GIMMSv3.0g has some documented problems that can aﬀect values in
some dryland regions. These problems arise as a result of factors like
atmospheric contamination, orbital drift (Tian et al., 2015) as well as
geometric, spectral, and radiometric calibration errors (Huang et al.,
2013). Especially problematic for trend and breakpoint analysis are the
errors introduced by the transitions between the diﬀerent National
Oceanographic and Atmospheric Administration (NOAA) satellites
which carry the AVHRR sensors. Whilst these problems are apparent at
every sensor change (Burrell et al., 2017; Tian et al., 2015), three
transition periods are particularly problematic (Burrell et al., 2017): (i)
the shifts in September 1994 and January 1995 after the unexpected
failure of NOAA-11; (ii) the transition from the AVHRR-2 sensor to the

2017b). Six of these datasets cover Australia for the GIMMSv3.0g era
(1982–2013) and have a spatial resolution of 0.5° or less. The limitations of individual datasets as well as the discrepancies between different datasets have been extensively documented (Beck et al., 2017b;
Maggioni et al., 2016; Wu et al., 2018a). Despite the availability of
multiple rainfall datasets, no study has attempted to quantify how dataset selection impacts land degradation assessment.
This study has two aims. The ﬁrst is to assess the impact of input
rainfall and vegetation dataset choice on the estimation of dryland
degradation. The second is to assess whether using an ensemble of runs
made using multiple equivalent datasets over a common time period
improves the robustness of the estimate of Australia’s dryland degradation by quantifying the errors introduced by the input datasets.
2. Study area and data
2.1. Study area
The study area covers Australia, an area of approximately
7,692,000 km2 of which about 80% can be characterised as drylands
(Broich et al., 2014; Burrell et al., 2017). The climatic zones in Australia
range from equatorial and tropical in the north, through sub-tropical,
semiarid and arid in the centre, to temperate in the south (BoM, 2012)
as shown in Fig. 1.
2.2. Vegetation datasets
2.2.1. GIMMSv3.0g NDVI
Comparisons between diﬀerent AVHRR derived NDVI datasets and
shorter temporal but high spatial resolution records like MODIS

Fig. 1. Map of the climate vegetation zones of Australia based on a modiﬁed Köppen climate classiﬁcation (BoM, 2012). Australia’s drylands cover all of the
subtropical, grassland and desert regions as well as the non-coastal temperate and tropical areas.
24
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Beck et al. (2017a)
Frequently

Monthly

0.5° Global

0.05° quasi-Global
(50°S–50°N)
0.25° Global

1901–2015; Monthly

1901–2014; Monthly

1981–2017; Monthly

1979–2015; 3-hourly

0.5° Global

1901–2013; Monthly

Global Precipitation Climatology Centre
monthly precipitation Full data reanalysis
V7 (GPCC)
University of East Anglia Climate Research Unit
TS v. 4.00 (CRU4)
University of Delaware Precipitation V4.01
(UDel)
The Climate Hazards group Infrared
Precipitation with Stations v2.0 (CHIRPS)
Multi-Source Weighted-Ensemble Precipitation
(MSWEP)

Rainfall estimates created from CCD-based satellite data based on
regression models blended with station data.
Weighted averaging of P anomalies produced using two interpolated
gauge datasets, three satellite remote sensing datasets and two
atmospheric model reanalysis datasets.

0.5° Global

1900–2017; Monthly
Australian Water Availability Project (AWAP)

Station data gridded using a spherical version of Shepard’s algorithm

Infrequent

Harris et al. (2014), Harris (2017),
and New et al. (2000)
Matsuura and Willmott (2007) and
Willmott and Matsuura (2001)
Funk et al. (2014, 2015)
∼Annual (Harris, 2017)

∼3–4 years (Schneider
et al., 2016)

0.05° Australia

Temporal range and
frequency
Dataset

Table 1
Overview of the precipitation datasets.

Spatial resolution and
coverage

Studies that have compared diﬀerent precipitation datasets have
found that the accuracy of gridded precipitation datasets is strongly
aﬀected by station density (Contractor et al., 2015) as well as factors
like elevation, the season and the climate region (Zhu et al., 2015). The
spatial resolution of analysis can also impact results with resolutions of
1° and ﬁner resulting in larger interproduct spread (Herold et al., 2017).
Determining which gridded dataset most accurately captures actual
precipitation is diﬃcult because large areas of the world including parts
of Africa, South America and Asia, have limited availability of highquality observational data (Yin et al., 2015). Rainfall in dryland regions
is often dominated by a small number of extreme events and it is large
rainfall events where datasets have been shown to diﬀer most signiﬁcantly (Contractor et al., 2015; King et al., 2013; Sylla et al., 2013).
See Beck et al. (2017b) for further examples.
Six precipitation datasets (5 global, 1 national) were selected for
intercomparison with the VI datasets (See Table 1 for details). Those
datasets with sub-monthly temporal frequency were aggregated to
monthly by taking the sum of the values on a per pixel basis. All datasets where then regridded using a First-order Conservative Remapping from their native grids to the 1/12° grid of the GIMMSv3.0g and
GIMMSv3.1g datasets.
Because of the maximum accumulation period (12 months) and
maximum oﬀset period used (3 months) in this study some pixels use
precipitation data from as early as October 1980. This is a problem for
the CHIRPS dataset which starts in January 1981. For the < 1.25% of
pixels that needed 1980s data to calculate the accumulated rainfall, it
was found that the rainfall in those regions had a near 1:1 correlation
with AWAP data and that the October-November-December values
from 1980 would only have a small impact on the total accumulated
rainfall for the ﬁrst year (< 10% versus just using 1981 months). For
this reason, 3 months of AWAP data were appended to the start of the

Station data gridded using Angular Distance Weighting (ADW)

2.3. Precipitation datasets

Station data gridded using a modiﬁed SPHEREMAP interpolation

Gridding data and Method

2.2.3. MODIS NDVI
To aid the interpretation of the diﬀerences between GIMMSv3.0g
and GIMMSv3.1g, the MODIS-Terra derived MOD13Q1 NDVI product
(Didan, 2015) was used for the period 2000–2013. Data over Australia
is available from http://www.auscover.org.au/purl/lpdaac-mosaicmod13q1-v5 (Paget and King, 2008). The data was aggregated from
its 16-day temporal resolution to a monthly time series using the mean
of the values and then interpolated from its native 250 m resolution to
the 1/12° grid of the GIMMSv3.0g and GIMMSv3.1g datasets using the
First-Order Conservative Remapping (Jones, 1999) in CDO (CDO,
2018).

Monthly

Update Schedule

2.2.2. GIMMSv3.1g NDVI
In 2016 the GIMMS group released an updated version of their
GIMMSv3.0g NDVI dataset which they refer to as GIMMS NDVI 3g.v1
and is referred to in this paper as GIMMSv3.1g. GIMMSv3.0g has a
known error in the cross calibration with SeaWIFs data that tends to
exaggerate variability in bare-grass areas (Pinzon, 2017, pers.comm.).
As well as extending the temporal record, GIMMSv3.1g also addresses
this issue. In this study, the twice monthly GIMM3g (1982–2013) and
GIMMSv3.1g (1982–2015) datasets were aggregated into monthly data
using the mean of the values. Pixels with less than 85% valid data
points (‘Quality ﬂag 1–2’ for GIMMSv3.0g and ‘Quality ﬂag 0’ for
GIMMSv3.1g) were excluded (Detsch et al., 2016).

Station data gridded using the WaterDyn model

Data References & key papers

AVHRR-3 sensor November 2000 (Fan and Liu, 2016; Tian et al., 2015);
and (iii) the change in January 2009 which came within 4 years of the
end of the time series and also corresponded to an El Niño in 2009 and
La Niña in 2010 which impacted calibration (Tian et al., 2015). These
problems do not impact all ecosystem types and regions equally being
particularly problematic for arid areas in the southern hemisphere
(Fensholt and Proud, 2012).

Raupach et al. (2012, 2009) and
Jones et al. (2009)
Schneider et al. (2015, 2016,
2014)
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the Total Change (TC) values produced using AWAP and the other
datasets within the same ensembles as AWAP is expected to produce the
most accurate results.
To compare the diﬀerent NDVI datasets, the diﬀerences between the
total change of the matching G3.0 & 3.1 runs are investigated. The
intra-run mean and range was calculated on these diﬀerence values. To
aid the interpretation of the diﬀerences in spatio-temporal trends between G3.0 and G3.1 ensembles, the root-mean-square error (RMSE)
was calculated between the GIMMS datasets and the MODIS derived
NDVI product for the period 2000–2013.
To be able to draw meaningful conclusion from TSS-RESTREND
studies, three criteria need to be met:

CHIRPS dataset. CHIRPS and MSWEP are collectively referred to as
“merged” datasets because they combine remotely sensed and in-situ
based data (Contractor et al., 2015) compared to AWAP, GPCC, CRU
and UDel which only use station observations.
3. Methods
3.1. TSS-RESTREND
The TSS-RESTREND method used in this study is divided into two
parts. The ﬁrst uses the complete time series of the VI to develop a list of
potential breakpoints on a per pixel basis. These breakpoints are locations where ecosystem degradation or restoration may have violated
one of the key assumptions of standard RESTREND analysis. The second
part tests if these breakpoints, which are statistically signiﬁcant in the
complete time series, have a signiﬁcant impact on the annual maximum
growing season NDVI (NDVImax) time series. It then uses that information to calculate the Total Change (TC) in ecosystem productivity.
Total Change (TC) is the change in expected VI between the start
and end of the time series given mean accumulated rainfall. TC is calculated by ﬁnding the change in the VPR residuals between the beginning and end of the time series with adjustment of any structural
changes in the VPR. It allows for the comparison of the changes in
pixels with breakpoints to those without. An overview of the individual
steps of the TSS-RESTREND method is included in supplementary material section 1. For the full details of the method as well as assessments
of the method’s accuracy see Burrell et al. (2017).
Both the GIMMSv3.0g and GIMMSv3.1g datasets used in this analysis are composed of data from multiple sensors which has been shown
to cause breakpoint detection in BFAST analysis (Burrell et al., 2017; de
Jong et al., 2011; Tian et al., 2015). The total complete time series VPRbreakpoints for the GIMMS NDVI datasets are shown in Fig. 2. The
sensor transitions from NOAA-11 to NOAA-9 then to NOAA-14 (Sep
1994–Jan 1995) and the change from NOAA-17 to NOAA-18 (Jan 2009)
coincided with signiﬁcant spikes in the total number of breakpoints in
the GIMMS derived datasets. To account for these sensor transitions,
breakpoints detected in the two months either side of a sensor transition
were excluded from the analysis.

1. The direction of trend should not vary signiﬁcantly because of dataset choice. This is the most import criteria;
2. The range of total change (TCrange) values for a given pixel should
not vary considerably both in absolute terms and as a portion of the
mean of total change (TCmean);
3. The timing of breakpoints should be the same between runs;
3.2.2. Current trend assessment runs
The current trends in vegetation were then assessed with the full
temporal range of GIMMSv3.1g (1982–2015) (run no. 13–16 in
Table 2). It was calculated using the four precipitation datasets that
extend to the end of 2015 (AWAP, CRU4, CHIRPS, MWESP). As with the
G3.0 and G3.1 ensembles, the total change was calculated taking the
mean of the four 2015 runs. For comparisons between the 2015 ensemble (G2015) and G3.1, only the AWAP, CRU4, CHIRPS and MWESP
runs were used (runs 7, 9, 11 & 12 in Table 2).
4. Results
4.1. The impact of precipitation datasets
The per pixel mean TC for both the G3.0 and G3.1 ensembles show a
general positive change over much of eastern Australia (G3.0:46.75%
increasing, 5.68% decreasing, 47.58% no change; and G3.1:59.54%
increasing, 5.28% decreasing, 35.18% no change). The ensemble means
for G3.0 and G3.1 are shown in Fig. 3a and b respectively. Inter-ensemble range shows excellent correspondence with 86.01% of G3.0
pixel and 92.20% of G3.1 pixels having an NDVI total change
range < 0.05. When expressed as a percentage of the per pixel mean of
total change (TCmean), 62.94% of G3.0 pixels and 61.92% of G3.1 pixels
had a TCrange that was < 50% of the per pixel TCmean. As with range and
mean, both G3.0 and G3.1 show good inter-ensemble TC direction
consistency with 61.61% of G3.0 pixels and 66.22% of G3.1 pixels had
complete agreement in both direction and signiﬁcance (MD (Matching
Directionality)). Less than 3.81% of G3.0 and 4.45% of G3.1 pixels had
signiﬁcant runs with opposite directionality (DI - Direction Inversion)
and the spatial patterns of direction agreement are shown in Fig. 3c and
d. In places with contradictory results, 80% of G3.0 and 85% of G3.1
pixels had a max (TCmax) and min (TCmin) total change < ± 0.05
NDVI. This indicates that these areas may be regions with noisy input
data and small changes in vegetation.
Comparing the impact of the individual precipitation datasets, the
average diﬀerence between the TCmean estimates for the entire study
area was 3.76% for the G3.0 and 3.44% for the G3.1 ensembles. TC
values produced using AWAP were compared to the other runs in the
same ensemble using the Pearson’s Correlation Coeﬃcients. GPCC had
the strongest correlation in both the G3.0 and G3.1 ensembles (0.888,
0.893) followed by Udel (0.884, 0.885), MSWEP (0.876, 0.880),
CHRIPS (0.850, 0.859) and CRU4 (0.824, 0.836). Breakpoints show less
agreement than TC. 67.2% of G3.0 pixels and 60.7% of G3.1 pixels have
complete run agreement about the presence or absence of a breakpoint.
For pixels where three or more runs that found signiﬁcant breakpoints
in the NDVImax time series, 61.89% of G3.0 pixels and 58.96% of G3.1

3.2. TSS-RESTREND runs
The TSS-RESTREND method uses one VI and one precipitation dataset. In this paper, a total of 20 runs were performed over Australia
(see Table 2). These runs can be broken up into three groups: dataset
intercomparison runs, current trend assessment runs and trend attribution runs.
3.2.1. Dataset intercomparison runs
The dataset intercomparison runs (run no. 1–12 in Table 2) cover
the period 1982–2013 and are between the six precipitation datasets
(AWAP, GPCC, CRU4, Udel, CHIRPS, MSWEP) and the two NDVI datasets (GIMMSv3.0g & GIMMSv3.1g). These GIMMSv3.0g (1–6) and
GIMMSv3.1g (7–12) ensembles will be referred to as G3.0 and G3.1
respectively to simplify discussion. To compare the impact of precipitation, the Total Change (TC) values of the individual runs were
used to calculate ensemble mean (TCmean) and range (TCrange). In addition, the number of signiﬁcant runs (TCp < 0.05) and whether these
signiﬁcant runs had the same direction (TCinv) were calculated on a per
pixel basis.
In order to assess the performance of the diﬀerent precipitation
datasets the number of contrary results they produced was calculated. A
contrary result is deﬁned here as any ﬁnding of a run, which includes
the presence or absence of a breakpoint (BP outlier), or the direction
(TC inversion outlier) and signiﬁcance of an ecosystem change (TC
outlier), that contradicts the ﬁndings of every other run in the same
ensemble. In addition the correlation coeﬃcients were calculated on
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Fig. 2. Count of the total number of breakpoints detected in each month of the complete time series VPR-Residuals for (a) GIMMSv3.0g, (b) GIMMSv3.1g
(1982–2013) and (c) GIMMSv3.1g (1982–2015). From left to right the blue bands indicate the change of AVHRR sensors to NOAA-11, NOAA-16 and NOAA-17. Red
bands indicate particularly problematic time periods. The left red bad is the sensor shift from NOAA-11 to older NOAA-9 in September 1994 followed by the jump to
NOAA-14 in January 1995. The right red band is the change from NOAA-17 to NOAA-18. (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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Table 2
Summary of TSS-RESTREND runs performed.
Ensemble

Vi dataset

Run number and rainfall dataset

G3.0
G3.1

Dataset intercomparison runs
GIMMSv3.0g
1. AWAP
GiMMSv3.1g
7. AWAP

G2015

Current trend assessment runs
GiMMSv3.1g
13. AWAP

2. GPCC
8. GPCC

Temporal range

3. CRU4
9. CRU4
14. CRU4

4. Udel
10. Udel

5. CHIRPS
11. CHIRPS

6. MSWEP
12. MSWEP

1982–2013
1982–2013

15. CHRIPS

16. MSWEP

1982–2015

5.678% of pixels of the G3.0 ensemble. 47.578% of pixels had no
change and 46.744% were increasing. In the G3.1 ensemble 5.281% of
pixels decreased, 35.181% had no change and 59.538% increased. The
diﬀerence in TCmean between the G3.0 and G3.1 ensemble is shown in
Fig. 5a. There is good overall agreement between the G3.0 and G3.1
ensemble means with 64.363% of pixels having the same TCmean direction and signiﬁcance and only 2.930% having direction inversion.
The spatial distribution of TC direction agreement is show in Fig. 5b.
Comparing the intra-ensemble variance to the inter-ensemble variance,
70.215% of pixels had an ensemble TCrange that is smaller than the
diﬀerence between the TCmean of the two ensembles. Interestingly, for
pixels with a large ensemble TCrange, there is very little overlap between
ensembles. At a threshold of TCrange > 0.05, there are 11,487 pixels
but only 11.25% of those pixels have large range in both the G3.0 and
G3.1.

pixels had all their breakpoints within a 3-year window. There was little
to no spatial correlation between areas with TCinv or large TCrange and
areas that had large diﬀerences on breakpoint timings and disagreement between runs as to the presence or absence of breakpoint in both
the G3.0 and G3.1 ensembles. The full correlation table, as well as maps
of TCrange, breakpoint range, breakpoint numbers and breakpoint
clustering are included as supplementary material.
The number of times the diﬀerent precipitation datasets resulted in
contradictory results is shown in Fig. 4. CRU4 had the highest number
of TC and BP outliers, but produced less of the problematic TCinv outliers than AWAP and CHRIPS in both the G3.0 and G3.1 ensembles.

4.2. The impact of the NDVI dataset
Land degradation, represented by a decrease TCmean, was found in

Fig. 3. (a–b) The mean of the total change of the signiﬁcant runs of the (a) G3.0 and (b) G3.1 ensembles. Pixels with less than two signiﬁcant runs (TCp < 0.05) are
masked in white. (c-d) The Inter-run directionality for (c) G3.0 and (d) G3.1. Red indicates that runs produced signiﬁcant contradictory results (DI), light grey
indicates that some runs found a signiﬁcant result and others found no signiﬁcant change with no direction inversion (NDI), blue indicates pixels where all runs agree
about the direction and signiﬁcance (MD). The dark grey are pixels with less than 85% valid data points and are masked in all ﬁgures. (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. 4. The number of contradictory results produced by the diﬀerent precipitation datasets in the G3.0 and G3.1 ensembles. A TC outlier (light and dark red) is a
value that disagrees in direction or signiﬁcance with every other run. A TC Inversion (light and dark green) outlier is a type of TC outlier where the trend is opposite
to the one found in every other run. A BP outlier (light and dark blue) is an outlier in the detection or absence of a breakpoint in a given pixel. (For interpretation of
the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

vegetation datasets (Kaptué et al., 2015; Wang et al., 2018; Zhang et al.,
2017; Zhu et al., 2016) as well as by ﬁeld observations (Tian et al.,
2016). While the overall trends are consistent, there is considerable
variability between diﬀerent studies. In order to draw meaningful
conclusions from comparisons of studies that have used diﬀerent precipitation and VI datasets, three criteria need to be met. First, they
should not produce contradictory results for the same locations (very
little TCinv); second, the TCrange values for a given pixel should be small
both in absolute terms and as a portion of the mean of total change
(TCmean); and third, the timing of breakpoints should be consistent
between runs.

4.3. Extending the record through 2015
Overall there are similar trends observed in the G2015 (runs 13–16
in Table 2) and matching runs in the G3.1 ensemble (runs 7, 9, 11 & 12
in Table 2) with 57.496% of pixels in the G2015 ensemble showing a
positive TCmean, 37.643% stable and 4.861% decreasing compared to
53.976% increasing, 42.22% no change and 3.80% decreasing in match
G3.1 runs. The TCmean for the G2015 ensemble is shown in Fig. 6a and
the diﬀerence between the annual average Total change (TCmean/year)
of the G2015 and matched G3.1 ensembles is shown in Fig. 6b.
The runs in the G2015 ensemble had an average of 35,727 pixels
with signiﬁcant breakpoints in the NDVImax timeseries compared to
28,544 for the matched G3.1 ensemble. The number of average
breakpoints per year for the matched runs in the G3.0, G3.1 and G2015
ensembles is shown in Fig. 7. For the period where all three ensembles
are able to detect breakpoints (1987–2008), there is little diﬀerence
between the number of breakpoints detected by G2015 and G3.1, except in 2005 and 2007 where G2015 detected signiﬁcantly fewer
breakpoints than G3.1. Almost all of the additional breakpoints in the
G2015 ensemble come from 2009 and 2010. While new breaks are
present over all of Australia, the largest cluster is over Central
Queensland. This same region had a signiﬁcant number of breakpoints
change from 2005–2007 in G3.1 to 2009–2010 in G2015.

5.1. Comparing the rainfall dataset ensembles
In land degradation detection simulation analysis, it has been found
that detecting small changes is problematic because of the noise in the
climate and vegetation datasets (Wessels et al., 2012). For vegetation
trend analysis studies to be used to inform land management policy and
to be meaningfully compared to other studies, any changes in vegetation and precipitation must be larger than the noise inherent to the
datasets used to capture them (Scheftic et al., 2014; Verbesselt et al.,
2010b). For both the G3.0 and G3.1 run ensembles, there was good
overall agreement, with < 4.5% of pixels having runs that produced
contradictory results. Of these pixels with direction inversion (TCinv),
the TC was generally very small with ∼60% of both G3.0 and G3.1
having maximum absolute total change (|TCmax|) in the bottom quartile.
As with trend directionality, the range of the TC values within the
ensembles also showed good correspondence, with 86% of G3.0 and
92% of G3.1 pixels with a TCrange < 0.05. However, there are clusters
in both the G3.0 and G3.1 ensembles that have much higher TCrange
values. It was hypothesised that if the primary cause of areas of large
variation in the TC values was large variations in the precipitation
datasets alone, then there would be signiﬁcant overlap between areas of
high total change range in the G3.0 and G3.1 ensembles. It was expected that such areas would correlate to areas of low rainfall station
density where gridded precipitation datasets are known to diﬀer the
most (Contractor et al., 2015; Herold et al., 2017; King et al., 2013; Zhu

5. Discussion
Every run in this study found positive vegetation changes over more
than 55% of Australia. This greening trend has been observed in previous studies that have looked at Australia (Andela et al., 2013; Burrell
et al., 2017; Chen et al., 2014a; Gao et al., 2016; Zhang et al., 2017), as
well as other arid and semi-arid regions of the world including the Sahel
bioregion in northern Africa (Boschetti et al., 2013; Brandt et al., 2017;
Dardel et al., 2014; Fensholt et al., 2013, 2009), Asia (Chen et al.,
2014a, 2014b; Gao et al., 2016; He et al., 2014; John et al., 2015;
Keenan and Riley, 2018; Liu et al., 2013; Qiu et al., 2017; Wang et al.
(2012b)), North America (Chen et al., 2014a; Tang et al., 2015), and
South America (Baeza and Paruelo, 2018; Gao et al., 2016). This global
greening trend has been observed in multiple remotely sensed
29

ISPRS Journal of Photogrammetry and Remote Sensing 146 (2018) 22–37

A.L. Burrell et al.

Fig. 5. Comparing the G3.0 and G3.1 ensembles. (a) The mean of the diﬀerence between matched runs. The red box over central Australia highlights an area of large
disagreement and is discussed in the text below. Regions with no diﬀerence are masked in white. (b) The agreement in the TCmean Inter-ensemble directionality. Red
indicates that ensemble means had signiﬁcant contradictory results (DI), light grey indicates that one ensemble found a signiﬁcant result and other found no
signiﬁcant change (no direction inversion (NDI)), blue indicates pixels where both ensembles agree about the direction and signiﬁcance (MD). The black box over
central Queensland highlights an area of large disagreement and is discussed in the text below. The dark grey are pixels with less than 85% valid data points and are
masked in all ﬁgures. (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. (a) Mean of the total change (TCmean) of the G2015 ensemble. Regions with no signiﬁcant change are are masked in white. (b) The diﬀerence between the
G2015 TCmean per year and the matched G3.1 TCmean per year. Regions with absolute rate diﬀerence < 0.00025 are masked in white. The dark grey are pixels with
less than 85% valid data points and are masked in all ﬁgures.

pixels with an |TCrange/TCmean| > 0.5 present in both ensembles. This
unexpected result indicates that the variations in the precipitation datasets alone cannot account for the large TCrange values, the cause of
which is discussed further in section 5.5.

et al., 2015). Less than 5% of pixels with a large ensemble range
(TCrange > 0.1) are present in both ensembles. This low spatial correspondence is present even after controlling for the diﬀerences in the
mean of the total change on a per pixel basis, with < 19.75% of the
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Fig. 7. Breakpoints per year per run in the annual max NDVI time series of the G3.0, G3.1 and G2015 ensembles.

agreement between the G3.0 and G3.1 ensembles, with only 2.93% of
pixels experiencing direction inversion. The mean per pixel TCmean
diﬀerence between the two ensembles was only 0.00015 units NDVI.
There are notable exceptions in Central Australia, where G3.0 has large
positive change and G3.1 found no signiﬁcant change, as well as over
much of central Queensland, where the G3.0 had lower TC values.
These areas also correspond to regions where there was the greatest
disagreement between the presence or absence of breakpoints between
the G3.0 and G3.1 ensemble.
BFAST, which is used to look for breakpoints in the TSS-RESTREND
method, uses a detection window (Verbesselt et al., 2010b) and as such
it cannot detect a breakpoint near the end of the timeseries (Verbesselt
et al., 2012). It was observed in this study (Fig. 2a and b) and by Burrell
et al. (2017) that TSS-RESTREND applied to the period 1982–2013
resulted in a large spike in breakpoints at the end of the time series.
Burrell et al. (2017) attributed this to the AVHRR sensor transition near
the end of the time series. It was hypothesised that extending the
temporal record would preserve the observed trends and reduce the
number of breakpoints. Extending the temporal record through to 2015
increased the total number of pixels with signiﬁcant breakpoints
(Fig. 2a–c) which indicates that the spike in breakpoints is not the result
of the sensor transition alone. The cause of this, as well as the merits of
G3.0 vs G3.1 are discussed in Sections 5.4 and 5.5.

Breakpoint timing showed greater variability than TCrange or TCinv
with complete ensemble agreement on the presence or absence of a
breakpoint in 67.2% of G3.0 pixels and 60.7% of G3.1. This indicates
that the TSS-RESTREND methodology is not fully able to resolve the
documented issues of breakpoint detection in dryland regions (Burrell
et al., 2017; Fensholt et al., 2015). The agreement about breakpoints
improved considerably if at least one run found a breakpoint in the
VPR. This, combined with the fact that there is no spatial correlation
between areas with TCinv or large TCrange and areas that have low ensemble agreement on breakpoints, indicates that large changes in ecosystems are being captured accurately and that the disagreement stems
from smaller changes in the VPR residuals. The use of ensembles provides a way to ﬁnd those breakpoints that correspond to the largest
ecological changes.
5.2. Comparing the performance of the rainfall datasets
While there was generally good ensemble agreement, the performance of individual precipitation datasets varied. In both the G3.0 and
G3.1 ensembles, GPCC had the lowest number of outlier results and the
highest correlation with AWAP (r = 0.888), followed closely by Udel
(r = 0.884) and MSWEP (r = 0.876). The performance of GPCC is unsurprising as the station data used in its creation is highly curated with
strict quality control standards (Funk et al., 2015). The largest discrepancy between two runs was between AWAP and CRU4 in the G3.1
ensemble where the average TCmean varied by 11%. This is smaller than
might be expected given the known biases in the datasets (Beck et al.,
2017b)
Despite performing the best in both metrics, the usability of GPCC in
future studies is somewhat limited because it currently only extends to
2013 and is generally only updated every 4–6 years. This means that it
cannot be used to look at the complete GIMMSv3.1g or MODIS NDVI
record. This is a problem with all the purely station based gridded
datasets which generally have multiyear latencies to allow for increased
station reporting and curation (Beck et al., 2017b; Funk et al., 2015).

5.4. Problematic regions for land degradation assessment
Most of Australia meets the three criteria for the valid intercomparison of diﬀerent studies outlined above. As mentioned in section
5.1 and 5.3, there are clusters of pixels that signiﬁcantly violate these
assumptions. The two most notable examples are in Central Australia
(Region 1 Fig. 1) and the semiarid and subtropical shrub and grasslands
of central Queensland (Region 2 Fig. 1).
5.4.1. Region 1 – Central Australia
The region with the largest diﬀerence in inter-ensemble TCmean is a
cluster of pixels located in central Australia (Fig. 5a) with most pixels
having TCmean diﬀerence > 0.3 units NDVI and some as high as 0.5.
This area of Australia also had the highest TCrange in the G3.0 ensemble,
with many pixels having a TCrange > 0.3 units NDVI. An example NDVI

5.3. Comparing the NDVI ensembles
As with the intra-ensemble comparisons, there is generally good
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Fig. 8. The NDVI time series of a characteristic pixel from Region 1 comparing GIMMSv3.0g and GIMMSv3.1g. MODIS NDVI is included for comparison.

GIMMSv3.0g record. This error is also reﬂected in the RMSE between
GIMMSv3.0g and MODIS (Fig. 9b) with many values > 0.25 compared
to a mean pixel RMSE of 0.083. GIMMSv3.1g has a much lower RMSE
over this region (∼0.03). This strongly suggests that the high NDVI
values in the GIMMSv3.0g are the result of the SEAWFIS calibration
error. The presence of this error in GIMMSv3.0g at the end of the time
series explains the large TCrange in the G3.0 ensemble. It should be
noted that time series analysis that uses linear regression is sensitive to
outliers at the end of the time series (Wessels et al., 2012).
While the large variance in the TCrange in the G3.0 ensemble in
Region 1 is an example of the impact of the calibration error in the
NDVI datasets, it also points to a potential limitation of the
TSS-RESTREND method. The large NDVI change in the GIMMSv3.0g
record at the end of the time series caused the G3.0 ensemble members
TC results to diverge considerably. If this was a real environmental
change and not a data artefact, TSS-RESTREND results would not be
able to reliably capture the change. The change in the GIMMSv3.0g
time series is the equivalent of a tropical rainforest appearing in the
middle of a desert over the space of a single month. The authors know
of no processes that would cause variation on this scale at this rate in
dryland ecosystems, so this limitation may not be a problem in detecting real change.

time series from a pixel in this region is shown in Fig. 8.
It is clear from Fig. 8 that there are diﬀerences between the
GIMMS3.0 and GIMMSv3.1g for the entire time series with GIMMS3.0
having exaggerated variability well above GIMMSv3.1g and MODIS.
This variability is probably caused by the errors is SEAWIFS calibration
that were addressed in version 3.1 (Pinzon, 2017, pers.comm.). Though
this problem is present throughout the time series it is particularly
pronounced after 2009. The 2009–2013 period is an interesting time
period for the GIMMS dataset (Poulter et al., 2014; Tian et al., 2015),
Australian vegetation in general and this region in particular.
In January 2009, there was a sensor transition NOAA-17 to NOAA18 (Tian et al., 2015) which occurred during one of the driest years of
Australia’s Millennium Drought ” (van Dijk et al., 2013). Then, starting
in November 2009, a La Niña event resulted in record breaking rainfall
which persisted though to 2012 causing widespread ﬂooding which, in
turn, caused a massive vegetation green up (Leigh et al., 2015; Poulter
et al., 2014; Renzullo et al., 2011; van Dijk et al., 2013). In Region 1
there were 14 ﬂood events between 1950 and 2016 of which ﬁve occurred between February 2009 and March 2012 (BoM (2016)).
In region 1, these ﬂooding events and the ecological response associated with it appears to have compounded the problems caused by
the 2009 sensor transition and the SEAWFIS calibration error to produce an extended period of extremely elevated NDVI in the

Fig. 9. RMSE between MODIS NDVI and (a) GIMMSv3.1g and (b) GIMMSv3.0g for the period 2000–2013.
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Fig. 10. The NDVI time series of a characteristic pixel from Region 2 comparing GIMMSv3.0g and GIMMSv3.1g. MODIS NDVI is included for comparison.

5.4.2. Region 2 – Queensland
The second region with large diﬀerences between the TCmean of the
G3.0 and G3.1 ensembles is in central Queensland. This also corresponds to a cluster of pixels with direction inversion which is shown in
Fig. 5b. In this region, the G3.0 ensemble found large areas of negative
or no change while G3.1 found small but positive changes (Fig. 3a and b
respectively). Despite scale diﬀerences that make direct comparison
diﬃcult, there is good correspondence between the areas with the
highest vegetation clearing rates (1988–2014) in central Queensland
(Held et al., 2015; Queensland Department of Science, Information
Technology and Innovation, 2015), a strong observed degradation
signal in the passive microwave based Vegetation Optical Depth (VOD)
(Andela et al., 2013) and the region of negative trend detected by other
studies conducted using GIMMSv3.0g or the original GIMMS datasets
(Andela et al., 2013; Bai et al., 2008a, 2008b; Burrell et al., 2017). This
makes the weak positive trend of the G3.1 ensemble surprising. An
example NDVI time series from this region is shown in Fig. 10.
Assuming that the reported rates of land clearing and associated
degradation are accurate (Queensland Department of Science,
Information Technology and Innovation, 2015), there are two possible
reasons that G3.1 did not detect it. The ﬁrst is that the new SEAWIFS
correction in 3.1 has removed too much of the variability in the NDVI
signal. There is some evidence of this in both Figs. 8 and 10 with
GIMMS31 consistently below MODIS values in high growth periods.
However, it is the low NDVI months where the largest diﬀerences between GIMMS and MODIS are apparent and at these times GIMMSv3.1g
is a better match. In addition, the RMSE for GIMMSv3.1g is lower than
the GIMMSv3.0g for almost every pixel (Fig. 9). These factors indicate
that GIMMSv3.1g is the more accurate dataset overall. As such, the
more likely explanation for the greening is that the widespread ﬂooding
that caused problems in Region 1 also caused rapid positive ecosystem
changes in region 2 that masked out the long-term negative trend
caused by land clearing (Andela et al., 2013; Queensland Department of
Science, Information Technology and Innovation, 2015). The spike in
breakpoints between 2010 and 2012 and the re-emergence of a negative trend over parts of Region 2 with active land clearing in the G2015
ensemble (Queensland Department of Science, Information Technology
and Innovation, 2015) supports this explanation.

and the publication of the study. For most studies its about 4–6 years
(Andela et al., 2013; Bai et al., 2008a; Burrell et al., 2017; Fensholt
et al., 2012; Li et al., 2012; Tong et al., 2017b; Wessels et al., 2007)
some having almost a decade lag (Huang and Kong, 2016;
Keersmaecker et al., 2017; Rishmawi and Prince, 2016). Part of the
reason for this is that they are dependent on the slow release of input
datasets. Datasets like MSWEP and CHIRPS use a limited number of
stations that report near real time data, combined with information
from satellites that have continuous global coverage (Yanto and
Rajagopalan, 2017) which means they can be updated much more
frequently (Funk et al., 2015). The results of this study indicate that, for
the purposes of vegetation trend analysis, these hybrid precipitation
datasets provide equivalent quality without the large temporal lag. This
ﬁnding is consistent with a recent precipitation data quality assessment
that looked at 22 gridded precipitation products and found MSWEP and
CHIRPS to be among the most accurate datasets (Beck et al., 2017b).
Unlike precipitation datasets, the NDVI dataset has a more signiﬁcant impact on results. This study provides clear evidence that that
the SEAWIFS calibration error on GIMMSv3.0g causes signiﬁcant issues
in some of Australia’s drylands. The authors of this paper know of no
study that has performed a per pixel comparison of the two versions of
the GIMMS dataset which means the extent of the issue is unknown.
However, there is reason to think it has had a global impact. In the
supplementary material of their recent paper, Pan et al. (2018) included
a timeseries of the global annual mean NDVI for both GIMMSv3.0g and
GIMMSv3.1g. Both the annual mean global NDVI values and the rate of
global greening varied considerably between the two datasets. This may
be a problem because most of the recently published studies continue to
use GIMMSv3.0g, despite the availability of GIMMSv3.1g (Davis et al.,
2017; Feng et al., 2017; He et al., 2017; Liu et al., 2017; Pan et al.,
2018; Tong et al., 2017a; Wu et al., 2018b).
While this study is the ﬁrst to apply an ensemble based approach to
dryland remote sensing degradation detection, ensembles are extensively used in other scientiﬁc ﬁelds like climate science (Haughton
et al., 2015), meteorology (Hagedorn et al., 2005) and hydrology
(Krueger et al., 2010) to improve accuracy and quantify errors. The
problematic regions identiﬁed above look normal in any individual run
and can only be observed by looking at the spread in the ensembles.
This, along with the growing number of regularly updated datasets like
MSWEP, CHIRPS and the newly released TerraClimate (Abatzoglou
et al., 2018) indicates future studies that want to quantify land degradation should use an ensemble approach. The biggest limitation to
this approach is that it signiﬁcantly increases the computational time

5.5. Dataset selection and the advantages of using ensembles
A limitation of many studies that look for land degradation using
trend analysis is that there is a large gap between the end of the analysis
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and cost though, given the documented importance of accurate land
degradation assessments (Bai et al., 2008a; Dudley and Alexander,
2017; Scholes et al., 2018), the expenditure seems warranted.
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6. Conclusions
This paper examines the impact of dataset selection on land degradation detection using the TSS-RESTREND method. All datasets
found a strong greening trend with NDVI increases in about 60% of
areas and decreases in about 5% of areas. While there are some differences between the TSS-RESTREND runs performed using diﬀerent
precipitation datasets, the diﬀerences were small enough that a single
run would be suﬃcient to capture the direction of change in almost all
regions. This, along with the low rate of direction inversions, supports
the validity of comparing existing studies that have used diﬀerent
precipitation datasets and increases the conﬁdence in future studies.
The fact that MSWEP and CHRIPS, which are low temporal lag hybrid
datasets, performed as well as the purely station-based datasets with
more stringent quality control is of particular note. Past land degradation studies often have multiyear delays, in part because of the
infrequent update schedules of global dataset. Use of MSWEP and
CHIRPS opens the door for accurate near real time degradation detection. The availability and accuracy of these new precipitation products
also allows for an ensemble based global estimate of land degradation.
There is more variance in the NDVI datasets however. The extreme
precipitation/ﬂood events in the last few years of the record, combined
with the SEAWIFS calibration error in GIMMSv3.0g, resulted in signiﬁcant inaccuracies in land degradation assessment for some dryland
areas. By using a multi-dataset ensemble, this study was able to identify
problematic regions and eliminate spurious trends caused by errors and
uncertainties within individual datasets. These problematic regions are
diﬃcult to detect automatically using only a single run. Future studies
should adopt an ensemble approach to quantify errors and produce
robust estimates of dryland degradation. In addition, it is strongly recommended that all future studies in dryland regions use GIMMSv3.1g
rather than GIMMSv3.0g because of the extreme outliers that result
from the calibration errors. While this study has only looked at
Australia this problem may have eﬀected dryland NDVI values globally
which in turn may have impacted many of the currently published estimates of dryland degradation.
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