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High spatio-temporal resolution optical remote sensing data provide unprecedented opportunities to monitor
and detect forest disturbance and loss. To demonstrate this potential, a 12-year time series (2000 to 2011)
with an 8-day interval of a 30 m spatial resolution data was generated by the use of the Spatial and Temporal
Adaptive Reflectance FusionModel (STARFM)with Landsat sensor observations andModerate Resolution Imag-
ing Spectroradiometer (MODIS) data as input. The time series showed a close relationship over homogeneous
forested and grassland sites, with r2 values of 0.99 between Landsat and the closest STARFM simulated data;
and values of 0.84 and 0.94 between MODIS and STARFM. The time and magnitude of clearing and re-clearing
events were estimated through a phenological breakpoint analysis, with 96.2% of the estimated breakpoints of
the clearing event and 83.6% of the re-clearing event being within 40 days of the true clearing. The study high-
lights the benefits of using these moderate resolution data for quantifying and understanding land cover change
in open forest environments.

© 2014 Elsevier Inc. All rights reserved.
1. Introduction

Globally, forest loss and degradation is the second largest contributor
to the post-industrial revolution increase in atmospheric carbon dioxide
(CO2; van derWerf et al., 2009).Whilst much of the conversion from for-
est to non-forest (e.g., agriculture, urban areas, and infrastructure) over
the past four decades has been observed using satellite sensor data, losses
associatedwith degradation have been less discernable and consequently
underestimated (Asner et al., 2005). Uncertainties also remain regarding
the contribution to carbon emissions. Quantifying the extent and also
magnitude of degradation is therefore important, particularly given that
affected areas often do not recover or are eventually cleared.

Many studies investigating ways to map forest disturbance have fo-
cused on changes in the biophysical properties of forests, with these de-
termined largely through the use of spectral data or derived indices
such as the Normalised Difference Vegetation Index (NDVI; Tucker,
1979). For this purpose, and primarily because of the high temporal
(near daily) coverage, coarse (~1 km) spatial resolution Advanced Very
High Resolution Radiometer (AVHRR) and SPOT-VEGETATION or Terra-
1 Moderate Resolution Imaging Spectrometer (MODIS; 1 km to 250 m)
have been used (Running & Nemani, 1988; Schöttker, Phinn, & Schmidt,
2010; Verstraete & Pinty, 1996). In particular, these data allow for the de-
tection of a) seasonal change (e.g. phenological behaviour influenced by
temperature and rainfall pattern), b) gradual change (e.g. impacts of
long term climatic or land management changes) and c) abrupt changes
and disturbances (e.g. land clearing or fire), as shown by Verbesselt,
Hyndman, Newnham, and Culvenor (2010). Finer (~30m) spatial resolu-
tion data from the Landsat sensors have allowed detection of specific
events, such as vegetation clearing, selective logging or fires (Kennedy
et al., 2009). These data have not though been widely used for process
monitoring because of the low temporal frequency (16 days for Landsat),
which has been reduced further by cloud cover, adverse atmospheric con-
ditions and sensor problems (Baumann et al., 2011; Kennedy et al., 2009).
However, the release of the Landsat archive at no cost (Wulder, Masek,
Cohen, Loveland, & Woodcock, 2012) has provided new opportunities
for assessing historical changes in landscapes.

To provide the option of high spatial resolution and high temporal
frequency, a number of data fusion techniques have been developed
that link MODIS and Landsat sensor data (e.g., Gao, Masek, Schwaller,
& Hall, 2006; Roy et al., 2008; Zhu, Chen, Gao, Chen, & Masek, 2010).
Of note is the Spatial and Temporal Adaptive Reflectance Fusion
Model (STARFM), which has been applied successfully for a range of
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studies and purposes (Gao et al., 2006; Hilker, Wulder, Coops, Seitz,
et al., 2009; Watts, Powell, Lawrence, & Hilker, 2011). For example,
Walker, de Beurs, Wynne, and Gao (2012) demonstrated the usefulness
of the STARFM algorithm for phenological studies in the drylands of Ari-
zona by using 12 STARFM predicted images. Schmidt, Udelhoven, Gill,
and Röder (2012) used STARFM to predict 333 Landsat sensor images
over a 7.5 year timeperiod,with these thenused to study regional ecolog-
ical and phenological processes in a heterogeneous Northern Australian
savanna. ESTARFM (Zhu et al., 2010) and mESTARFM (Fu, Chne, Wang,
Zhu, & Hilker, 2013) have been successfully applied as an improvement
on STARFM, although findings of Emelyanova, McVicar, van Neil, and
van Dijk (2013) are inconclusive in establishing whether this improve-
ment is evident for all environments (e.g., with a dominant temporal var-
iance, STARFM gave a superior performance). Hence, the less complex
STARFM algorithm was applied here. Hilker, Wulder, Coops, Linke, et al.
(2009) used a STARFM-based fusion model (STAARCH) for mapping for-
est disturbances. This algorithm computes aDisturbance Index (DI) based
on a Tasselled Cap (Kauth&Thomas, 1976) transformation andNDVI data
for each simulated image. A regionally adapted mask of mature forest is
then used to scale and empirically threshold the DI time series. The
pixel neighbourhood is included to reduce DI noise.

An environment where the STARFM algorithm has had limited eval-
uation is woody change in the open forests and woodlands of northern
Australia (Bhandari, Phinn, & Gill, 2012; Schmidt et al., 2012). Neverthe-
less, temporal comparisons of Landsat imagery have beenundertaken to
allow detection of forest loss. In particular, the Queensland Department
of Science Innovation Technology and the Arts (DSITIA) developed a
program to monitor vegetation change using Landsat data; the State-
wide Landcover and Trees Study (SLATS). In this program, annual
state-wide maps of Foliage Projected Cover (FPC) have been generated
using empirical relationships between ground-based estimates from a
range of vegetation types and both Landsat data and climate variables
(Armston, Denham, Danaher, Scarth, & Moffiet, 2009; Danaher et al.,
2010). From these data, forest losses have been reported annually
since 1999 and over longer time intervals between 1988 and 1999
(Danaher et al., 2010). The scale of the Landsat scale imagery has also
proved adequate for describing the complex and spatially heteroge-
neous landscapes occurring across the state (Danaher et al., 2010). In
this case, images captured duringQueensland's dry season are preferen-
tially selected, as these give best differentiation between the dry ground
cover layer and the non-deciduous woody vegetation.

To evaluate the potential application of the STARFM algorithm for
determining undisturbed forest phenology and detecting and spatially
differentiating the date and magnitude of forest change, a 12-year
time series (2000 to 2011; with an 8-day interval) of Landsat and
STARFM simulated images was used. The study was conducted in the
Injune Landscape Collaborative Project (ILCP) research area west of
Injune in central southeast Queensland. A major benefit of using this
area was that large scale (b1:4000) true colour aerial photography
and Light Detection and Ranging (LiDAR) data were acquired in 2000
and 2009 over a well-defined grid of 150 500 m × 150m Primary Sam-
pling Units (PSUs), with 4 km between each in the north-south and
east-west directions. Hence, these data could be used to establish refer-
ence sites that had experienced limited change as well as disturbance
and regeneration at the stand level over the period of the time-series.
The study sought to establish whether a) a baseline of vegetation phe-
nology over the 12 year period could be described for undisturbed
natural vegetation based on the NDVI, b) time-series analysis could be
used to indicate the timing and magnitude of disturbance events, and
c) an increasing trend in NDVI metrics (e.g., dry season minima) could
be associated with the regeneration of forests.

2. Study area

The study focused on the ILCP research area, which is located ap-
proximately 100 kmwest of the township of Injune in central southeast
Queensland (Fig. 1a, b). The landscape can be described as a southern
savanna region characterised as having variable rainfall and an eco-
system that is generally water limited. The majority of the landscape
consists of forests and agricultural lands, with some abandoned to
regrowth. Scattered buildings (primarily farmhouses) and unsealed
roads are the main urban infrastructures occurring. The 37 × 60 km
area was selected for the initial study as extensive tracts of vegeta-
tion were being cleared in the late 1990s and the open forests and
woodlands (wooded savannas) contained structural formations typ-
ical to many occurring in Queensland. The study area was divided
into a large sample grid of 150 (10 columns × 15 rows) Primary
Photo Plots (PPPs; Fig. 1c) over which large-scale 1:4000 aerial pho-
tographs were acquired in 2000. Within these, 500 m × 150 m PSUs
(Fig. 1d) were located in the stereo overlap. Each PSU was further
divided into 30 secondary sampling units (SSU) of 50 m × 50 m.
The original study area was chosen to be at the centre of the Landsat
satellite swath (Tickle, Lee, Lucas, Austin, & Witte, 2006), but was
extended south by 20 km to include areas where a range of land
clearing activities were occurring.

Between 2000 and 2011, changes in the structure, biomass and spe-
cies composition of forests occurred within the study area. Changes
were caused by natural events such as fires, and human activities in-
cluding stock grazing, selective and complete tree clearing by land-
holders (primarily for agricultural purposes) (Goodwin & Collett,
2014). Changes in climatic conditions (e.g., drought and flooding) also
impacted on the structure and composition of forests. For example, in
2006, many large and mature rough barked apple (Angophora floribun-
da) trees died as a consequence of a prolonged period of drought, but
smooth barked apples (A. leiocarpa) were unaffected (Lucas, Bunting,
Paterson, & Chisholm, 2008). Regrowth following clearing for agricul-
ture or fires was also commonplace.

3. Data and methods

3.1. Spaceborne, airborne and field data

For the ILCP study area, 97 Landsat sensor data with a cloud cover of
less than 20%, acquired from December 1999 to September 2011 were
obtained, with 69 and 28 acquired by the Landsat Thematic Mapper
(TM) and Enhanced TM (ETM+) respectively (Table 1a). The Scan
Line Corrector (SLC)-off effect (which results in missing data in alter-
nate groups of lines at the edge of the image) was evident within 11
ETM + scenes (Pringle, Schmidt, & Muir, 2009). For the same period,
525 MODIS images were available from which the MODIS Bidirectional
Reflectance Distribution Function (BRDF) model parameters
(MCDS43A1) and the BRDF/Albedo quality product (MCD43A2) had
been derived. The latter is a quasi-roll-on version of the 16-day
MODIS composites and is produced every 8 days (Roy et al., 2008).

Across the PSU grid, discrete return LiDAR (using an OPTECH
ALTM1020) and 1:4000 scale colour aerial photographs had been ac-
quired in 2000, with a repeat coverage colour aerial photographs and
full waveform (RIEGL LMS-Q560) LiDAR obtained in 2009. Flight height
and pulse densities were 150 m and 1 pulse per m2 in 2000 and 400 m
and 4 pulses per m2 in 2009. Both LiDAR datasets were processed to a
1 m spacing. These data were used to obtain estimates of height and
cover for each PSU for the years 2000 and 2009 based on the methods
outlined in Tickle et al. (2006). A comparison of these data allowed
areas that had remained undisturbed or otherwise to be identified.
Through interpretation of the 2000 aerial photography, forest types
were delineated and assigned with a community code, with these
representing the primary dominant, co-dominant and/or sub-dominant
tree species or genera. The interpretation of these data was assisted by
forest inventory data collected in 2000 from selected (34) 50 m × 50 m
SSUs located within the PSU grid (Tickle et al., 2006), with this including
measures of vegetation structure (cover, height and diameter distribu-
tions) and species type. More limited field campaigns were conducted
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Fig. 1. a) and b) The location of the Injune study area in Queensland, the dotted lines in c) indicate approximately the centre of the Landsat ETM+ swath unaffected by the SLC-off effect.
d) The arrangement of the Primary Photo Plot (PPP), Primary Sampling Units (PSU) and Secondary Sampling Units (SSU) and the layout of the sampling grid.
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in July 2006 (to collect information on species composition from a range
of SSUs) and April 2009 (duringwhich forest inventory datawere collect-
ed from 6 SSUs that had been inventoried in 2000 and from additional
sites within selected SSUs).
Table 1
The temporal characteristics of a) theMODIS and Landsat sensor data available for the ILCP
area and b) STARFM simulated data.

Dataset Temporal resolution Start date End date

a) MODIS (MOD43) 8 day interval, 525 images 18/02/2000 22/09/2011
Landsat TM/ETM+ 97 over 12 years 05/12/1999 30/09/2011

b) STARFM 8 day interval, 525 images 18/02/2000 22/09/2011
3.2. Data pre-processing

To guarantee the radiometric consistency of the Landsat sensor data,
the algorithmoutlined by Flood, Danaher, Gill, andGillingham (2013) to
derive standardised surface reflectance for Landsat TM and ETM+ im-
agerywas applied and BRDF-adjusted reflectances were then calculated
based on a solar-zenith angle of 45o. All Landsat sensor data were
screened for cloud and cloud shadow using an automated masking ap-
proach (Zhu & Woodcock, 2012) with manual refinement. MODIS
BRDF-adjusted reflectances, also with a solar zenith angle of 45o, were
derived using the Ross-Thick Li-Sparse reciprocal BRDF model and the
parameters derived from the MCD43A1 model. The MODIS quality
product (MCD43A2) was applied rigorously such that only those pixels

image of Fig.�1
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Fig. 2. The distribution of Landsat TM (black) and ETM+ (grey) images available for the
ILCP area and used as input to the STARFM simulations.

159M. Schmidt et al. / Remote Sensing of Environment 158 (2015) 156–168
associatedwith a ‘good’ or ‘very good’ BRDF inversionwere used in sub-
sequent analyses.

3.3. Generation of time series datasets

For each date ofMODIS image acquisition, a prediction of reflectance
at moderate spatial resolution was made using the STARFM algorithm
(Gao et al., 2006). The STARFM algorithm simulates pixel values based
on spatial weights determined by regional statistics between spectrally
similar medium resolution Landsat and coarse resolution MODIS image
pairs. Changes in reflectance in the coarse resolution MODIS images are
applied to the fine resolution Landsat image. The algorithm produces a
synthetic image from base pairs of Landsat and MODIS images at the
time t0 and a MODIS image at the prediction time tk. STARFM was run
in the mode of using two base pairs at t0 and tk + tx. By applying the
algorithmover the period 2000–2011, an 8-day temporal series ofmod-
erate (i.e., 30 m) spatial resolution BRDF adjusted reflectance data was
generated (Table 1b). The Landsat 7 ETM + data were for the time
period December 1999 to May 2003 but, thereafter, Landsat 5 TM data
were used in preference as data line drop outs associated with the
SLC-off effect reduced the reliability of predictions using the STARFM
algorithm. To avoid spatial data gaps, no two consecutive Landsat 7
ETM+ images with the SLC-off effect were used (Fig. 2).

NDVI time series data of the simulated dataset and MODIS were
compared to the Landsat sensor data acquired. To confirm the
a) Landsat 5 - 20110707 b) MODIS - 20110712 c) S
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Fig. 3. July, 7 2011 data (red band reflectance) of the ILCP research area: a) Landsat TM; b)MOD
Cover and TreeS (SLATS) map of clearing by year. The PSU grid is overlaid in a), in b) are two h
consistency of the time series datasets for different ecological situations,
NDVI trajectories for two homogeneous regions at the MODIS scale
were calculated and compared. The regionswere a 1.5 km× 1.5 km for-
ested area (R1) and a 1 km× 1 km formerly cleared (between 1988 and
1997) grassland area (R2; identified in Fig. 3b). The time series of NDVI
was smoothed using the Savitzky–Golay filter with a length of 5 to re-
duce noise but still expose abrupt change events that might occur in
the series (Jönsson & Eklundh, 2004). Fig. 3(a–c) depicts the spatial de-
tails of a Landsat 5 image (a) and MODIS image (b) used to simulate a
STARFM image (c) for the date of the MODIS image. Fig. 3(d) displays
spatially the SLATS clearing eras. A reference grid showing the PSUs is
also overlain (Fig. 3a).

3.4. Establishing reference data

The floristic composition of the landscape was determined by
summarising the occurrence of species within each of the 4500 SSUs, as
determined from aerial photograph interpretation (Tickle et al., 2006).
Tickle et al. (2006) developed a system of three-letter symbols for species
description in the region,whichwas adopted in this study. Themajor spe-
cies in the region were Brigalow (Acacia harpophylla; BGL), Cyprus pine
(Callitris glaucophylla; CP-), Poplar Box (Eucalyptus populnea; PBX),
Rough-barked Apple (Angophora floribunda; RBA), Silver-leaved Ironbark
(Eucalyptus melanaphloia; SLI), Smooth-barked Apple (Angophora
leiocarpa; SBA), Sandalwood Box (Eremophila mitchellii; SWB), Tumble-
down Gum (Eucalyptus dealbata; TDG), Gum-topped Box (Eucalyptus
dura; GTI) and various Eucalyptus species (EUS). Approximately 70% of
the dominant species were CP-, SLI, SBA and EUS. However, pure stands
of particular species were rare, and these same species were also co- or
sub-dominant. The most frequent associations (representing 31% of the
total) were PBX and SWB communities (termed PBXSWB) and CP- and
SLI or SBA with either dominating (i.e., CP-SLI, SLICP-, CP-SBA, SBACP-).

For each of the SSUs, estimates of maximum stand height (m) and
cover (%) were generated from the LiDAR data acquired in 2000 and
2009 and using the algorithms outlined in Tickle et al. (2006) and Lee
TARFM - 20110712 d) SLATS clearing eras

1988-1997
1997-1999
1999-2000
2000-2001
2001-2002
2002-2003
2003-2004
2004-2005
2005-2006
2006-2007
2007-2008
2008-2009

IS, July, 12 2011; and c) STARFM simulated image also July, 7 2011. d) The Statewide Land
omogeneous forest (R1) and grassland sites (R2) marked.
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Fig. 4. Scatterplots of bands 3 and 4 for Landsat 5 TM and STRAFM image of the same date:
June 1, 2004. The Landsat image was withheld from the utilisation in the STARFM predic-
tions. The dotted red line represents the 1:1 line, the data points are a 10% random sample
across the study area. (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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and Lucas (2007). SSUs that had experienced changes (or otherwise)
were identified by comparing these LiDAR-derived products. SSUs associ-
ated with minimal change (i.e., b20% of both median height and cover)
were assumed to be comparatively ‘stable’. In each case, this was con-
firmed by referring to the aerial photography acquired in the same two
years,with these being of sufficient spatial resolution to resolve individual
tree crowns and the growth and loss of individual plants or clusters of
vegetation. SSUs that had experienced more than a 20% change in height
and cover were assigned to a change category (degradation, clearing or
regrowth) with the causes and nature (i.e., natural or anthropogenic) of
change events and processes (e.g., fire, clearing for agriculture, selective
logging, grazing) also established through reference to the time series of
aerial photography and other imagery available for the ILCP area. Where
regeneration occurred between 2000 and 2009, the species composition
of the regenerating forests was observed (in the field) to be different (in
some cases) from that of the pre-cleared/degraded vegetation. Hence, a
species code was unable to be assigned with confidence except in the
case of BGL which was distinguishable in the 2009 aerial photography
by its visual appearance (typically silver-blue in crown colouration) and
spatial arrangement (a high density of individuals on previously cleared
land).

3.5. Time series data analysis

NDVI time series values were extracted from the STARFM data and
spatially averaged for each SSU. A time series break-point analysis was
performed by applying the Breaks for Additive Seasonal and Trend
(BFAST) algorithm (Verbesselt et al., 2010), with this used to establish
where vegetation disturbance (e.g., through clearing for agriculture,
logging or fire) occurred. The BFAST algorithm integrates an iterative
decomposition of the additive components of trend (T), seasonality
(S) and remainder components (noise; e), with abrupt, gradual, and
seasonal change detected. Therefore, BFAST separates temporal vari-
ability from phenological change and performs a phenological change
detection (Verbesselt et al., 2010). The model fits a piecewise linear
trend and seasonal model and is of the form:

Yt ¼ Tt þ St þ et ð1Þ

where the time-steps t range from 1 to n. Through this approach, the
most significant change event in the time-series is located.

3.6. Temporal data validation

To validate the timing and magnitude of the clearing events, refer-
ence was made to the SLATS annual forest clearing data layers. These
raster layers, which report clearing annually since 1999, were segment-
ed into spatially coherent clusters, whichwere then assigned a time and
magnitude of the clearing event as identified using BFAST (based on the
most significant breakpoint in the time-series). The confidence interval
around the clearing date was also assigned.

Further validation was performed using the full time-series, includ-
ing imagery that were not used within the STARFM algorithm or sup-
ported variable amounts of cloud cover. Using these data, the clearing
events that occurred were interpreted visually for each SSU that
intersected the SLATS clearing layers. Each SSU was then associated
with the last image date before clearing and the first thereafter. The
same procedure was applied for areas of potential re-clearing. The con-
fidence intervals around the breakpoint estimates of BFAST were com-
pared and intersected with the “true” clearing interval to obtain a
validation for the temporal clearing estimate.

3.7. Identification of vegetation regrowth

After a clearing event, an increase in the NDVI might be expected as
foliage and canopy cover increases over time. To establish whether this
occurred, the time series data were divided into annual cycles starting
with the end of the dry season (determined as November 1st) to the
onset of the wet season in the following year (October 31st). For each
cycle, a dry season minimum NDVI map was generated, with this typi-
cally associated with the driest conditions where all remaining green-
ness in the deciduous savannah was attributable to woody vegetation
(i.e., the non-grass layer). Trend lines in the minimum value of the
NDVI for the duration of the time series were then used to establish
trends in relation to forest growth.

4. Results

4.1. 8-day STARFM generated data

The STARFM data generated from coarse spatial resolution MODIS
and Landsat sensor data provided a similar representation of the spatial
characteristics of the forest and agricultural elements within the land-
scape (Fig. 3a–c). Comparisons of the red and near infrared reflectance
recorded by the Landsat sensor (1st June 2004) and simulated using
the STARFM algorithms also indicated a close correspondence (Fig. 4);
the Landsat image was not used in the STARFM data simulations.

In general, the time series behaviour of the NDVI between the MODIS
and the STARFM predictions showed a close correspondence (Fig. 5) for
the two test regions R1 and R2, with these representing the forest and
grassland site respectively. In Fig. 5, it is evident that a very different phe-
nology and trend would be provided if Landsat sensor data alone were
used (examples within the dotted lines). This is particularly the case
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regions with rainfall limited vegetation growth e.g. in savanna regions
where vegetation phenology is driven by highly variable rainfall.

In some cases, NDVI values derived from the original Landsat data
tended to be higher or lower during periods of seasonalminima ormax-
ima respectively compared to MODIS NDVI values, particularly for the
grassland site (e.g., in 2001). These differences were most likely due to
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Fig. 6. Residual plot for R1 a) and R2 b) of all Landsat (TM/ETM+)NDVI data and the clos-
est simulated STARFM NDVI image. The dotted line represents one standard deviation.
the coarser spatial resolution of the MODIS data and the sampling pro-
cedure within the STARFM, which can result in removal of extreme
values and alterations of averaged values at the Landsat scale. Some
gaps were evident in the MODIS data (one for R1 and two for R2),
which were identified as ‘bad’ values in the MODIS quality flag files.
The correlations (r) between theMODIS and STARFM time series for Re-
gions 1 and 2were 0.92 and 0.96 respectively (r2=0.84 and 0.94), with
root mean square error (RMSE) values of 0.026 and 0.031. The correla-
tions between the Landsat and the closest STARFM simulated data
were 0.996 for both the forested and grassland site (r2 of 0.992), with
an RMSE of 0.006 and 0.011 respectively. The residuals of this compari-
son (NDVILandsat–NDVISTARFM) are shown in Fig. 6; the closed
STARFM image date closest to the respective Landsat scene was
Table 2
Selected PSUs experiencing limited change as determined through time series comparison
of LiDAR data acquired in 2000 and 2009, with the dominant species indicated.

Second dominant

First dominant CP- SLI SBA PBX

CP- – 24, 61, 107, 145, 146 67
SLI 107 – – 54
SBA 32,75,126,55 – –

PBX 142a, 146a, 69b 122 – 134
EUS 61 – – –

Non-forest 141, 69, 31

a With SWB.
b With TDG.
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Fig. 7. The processes of clearing and regrowth observed by comparing LiDAR height data acquired in 2000 and 2009 (for PSU 108) both a) in plan view and b) in profile. The dashed white
line in the 2009 image plots the transect of the profile data.

Table 4
Variation in mean dry season FPC for stable species for all available FPC images (1999,
2001, 2004, 2005, 2006, 2007 and 2008).
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selected. It is noticeable that the RMSE is higher for Region 2 despite the
correlation being similarly quite highwith this attributable to the higher
range of the NDVI.

A few outliers were observed with these being mainly associated
with smoke plumes caused by bush-fires that were not included in
the cloud masks.

4.2. Forest and land cover dynamics within the ILCP

Comparison of the LIDAR data from 2000 and 2009 indicated that
58% of PSUs experienced no significant changes in height or cover and
Table 3
SelectedPSUs experiencingdeforestation and regrowth asdetermined through time series
comparison of LiDAR data acquired in 2000 and 2009, with the dominant species
indicated.

PSU with deforestation Species prior deforestation Regrowth species

59 GTIBRIEUS PBX
108 CP-SLIEUS –

88 Cleared prior to field work in
Sept. 2000

PBX
131 BGL
53 –

99 PBX
68 CP-SBAEUS PBX
were regarded as relatively stable over this period. These communities
included those dominated or co-dominated by CP-, SLI, SBA, PBX,
SWB, TDG or EUS (i.e., codes CP-SLI, CP-SBA, SLICP-, SBACP-, PBXSWB
and PBXTDG and EUS); Table 2. Increases in both median height and
cover of N20% were evident within 12% of the PSUs, with losses occur-
ring in 8%. Areas of regrowth were associated with PSUs where at
least 20% of the contained SSUs showed more than a 20% increase in
Dominant/co-dominant species Foliage projective cover (%)

Mean SD

CP-SLI 48.0 1.0
EUSCP- 40.8 2.0
SBACP- 39.6 2.2
RBAECH 39.4 1.0
CP-SBA 38.8 1.0
PBXSLI 37.9 1.2
BGLPBX 37.3 1.7
PBXTDG 36.3 1.4
PBX 35.4 1.8
TDGSBA 30.6 1.7
PBXSWB 30.4 1.4
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Fig. 8. a) Time-series of the NDVI for stable vegetation (determined through interpretation of high resolution airborne sensor datasets) showing the mean and standard deviation for the
period 2000–2012. A general increasewithmonthly rainfall (mm) is evident. b) Anomalies of the NDVI from themean trajectory of stable vegetation as a function of different forest types
with different species dominating (7 examples). The black line represents two standard deviations from the mean.
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median height and cover. As an example, in PSU 108, an area of about
3 ha experienced an increase of 2–6 m in height between 2000 and
2009, as determined through time series comparison of LiDAR data
(Fig. 7). Within the regrowth communities, PBX and BGL were domi-
nant although in the former case, a greater mix of other species
(e.g., SWB) occurred. Forests that were cleared between 2000 and
2009 included those dominated by PBX and co-dominated by CP- and
SLI (CP-SLI; 1 SSU) whilst more areas had regenerated following exten-
sive clearing in the period leading up to 2000 (Table 3). A further 12%
had experienced some level of change (whether positive or negative)
and 10% remained deforested through the period.
4.3. NDVI Trajectories

4.3.1. Stable forests
For relatively stable forest areas, defined using the time-series of

LIDAR data, differences in the magnitude of mean Landsat-derived FPC
varied as a function of species mix (Table 4), ranging from 30.4 to 48.0;
the deviation over the period 1999 to 2008 was, at most, 2.2%. This indi-
cated that the majority were in the open forest category. Furthermore,
trends in NDVI were similar for the communities considered, with these
mainly differing in magnitude, as illustrated in Fig. 8a and b. The low
points in the time series were associated with a comparative lack of
rainfall.

Despite comparatively lower canopy cover (as reflected in the FPC
values), the highest values in the NDVI were associated with forests
co-dominated by TDG and SBA. The lowest trending NDVI was
associated with communities co-dominated by CP- and SLI, with the
needle-like leaves of the former being of low greenness despite a high
FPC.

In all cases, the NDVI rarely varied by more than 0.2 overall and no
more than 0.1 from the mean value. Whilst the NDVI trends for
PBXTDG and EUSCP-werewithoutmajor deviation from the time series
mean, those associatedwith SBACP- and CP-SBA exhibited some anom-
alies with deviations greater for CP-SBA in January–February in 2004,
2008 and particularly in 2010.

4.3.2. Clearing of forests
For disturbed vegetation, a rapid decrease in the NDVI was observed

immediately following the disturbance event. Two examples are given
in Fig. 9a) relative to the stable vegetation trajectory, where a clearing
event occurred in PSU 108 in late 2000 in an area containing a mix of
CP-, SLI and EUS (CP-SLIEUS), and PSU 68 in 2002 (dominated by
PBX). Fig. 9b) and c) illustrate the automatic breakpoint detection in
the STARFM-based NDVI time series. Estimates of the date of clearing
as well as the confidence interval and the magnitude of the event are
displayed graphically in Fig. 9b) and c). Prior to the clearing events,
the mean temporal signature was similar to that of vegetation that
had experienced minimal disturbance. After the event, the behaviour
changed dramatically, initially following a trend more typical of grass-
lands (high NDVI amplitude and narrow low frequency). However, as
the regrowth matured towards 2011, the signature became more simi-
lar to that of stable vegetation. The slopes of the fitted trend line after
the clearing events were 0.015 for PSU 108 and 0.022 for PSU 68 (over
~10 year period). As a consequence of clearing forest vegetation, a
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Fig. 9. a) NDVI time series for stable vegetation and for two areas (PSUs 108 and 68), which were originally occupied by C. glaucophylla, E. melanaphloia and other Eucalyptus species (CP-
SLIEUS) and by E. populnea (PBX) respectively, but then cleared in 2000 and 2002. Trends in the difference between the mean NDVI for all vegetation types combined and for the two
disturbed areas are shown for a) PSU 108 and b) PSU 68. The break points in the time series indicate the clearing event and themagnitude of change in the NDVI, the confidence interval
is indicated in red. (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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drop in NDVI from 0.61 to 0.26 and from 0.44 to 0.28 was observed for
these PSUs respectively. In both cases, the change event was detected
with BFAST (Verbesselt et al., 2010; Fig. 8b and c) and was estimated
to be 16th November 2000 and 29th August 2002 respectively.
4.3.3. Regenerating vegetation
In several areas, vegetation clearing occurred prior to the earliest

date of the study period. The comparison of NDVI values for non-
forest and forested areas, estimated for the date associated with
the seasonal minima, indicated relative stability. However, the
seasonal minimum NDVI for regrowth areas progressively increased
for PSUs 68 and 108 (Fig. 10). In most areas, regrowth was dominat-
ed by BGL or PBXmixed with other species (e.g., SWB, SLI) within the
community.
4.4. Temporal validation

All clearing events could visually be identified towithin amaximumof
60 days of any two consecutive Landsat acquisitions (using all available
images). Fig. 11 visualises the clearing and re-clearing data. The first date
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Fig. 10. Time series of the seasonal minimum of NDVI for a stable forest (PSU 67), a stable
non-forest (PSU 141) and the two different regrowth areas (PSU 68 and 108). Note that
PSUs 141 and 68 were cleared of forest prior to 2000.

Table 5
Number of SSU intersecting with the validation interval and breakpoint confidence inter-
val (in percent), for clearing and re-clearing eventswith differing interval length. Buffering
the confidence interval by +1 or +2 time steps (8-days) increases the number of
matches.

Interval intersection BFAST
and validation (%)

Number of
SSUs

Mean interval length
[days]

Plus 1
(8 days)

Plus 2
(16 days)

Validation
int.

Confidence
int.

Clearing 0.658 0.949 1.000 79 42.1 32.3
Re-clearing 0.812 0.925 0.959 121 32.6 50.6
All 0.740 0.935 0.975 200 36.3 43.4
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of the validation interval (i.e. before clearing) is plotted as base value
(zero) and the other data points relative to this: clearing validation inter-
val, the BFAST breakpoint estimate and confidence interval for each SSU.
Clearing and re-clearing were evaluated separately in Fig. 11a) and b).

The differentwidth on the data population of the validation intervals
and breakpoint confidence intervals is visible as are the events where
the intervals are not intersecting (as difference in days).

The one large outlier (N200 days) in Fig. 11b) could be identified as a
gully that did not burn in a fire in September 2003 (like the other data
points of this PSU) so that a later, non-clearing event was attributed as
the event with the most significant change in BFAST.

The number of SSUs (%) where the breakpoint confidence interval
intersected with the validation interval is show in Table 5, with this
being 65.8% for clearing and 81.2% for re-clearing. As the NDVI time se-
ries was filtered using a Savitzky–Golay filter, the analysis was repeated
but increasing the confidence interval by one time step (8 days). In this
case, 94.9% and 92.5% of the intervals intersected for the clearing and re-
clearing states respectively. This indicated that themajority of the clear-
ing dates were estimated as being close to the actual clearing event. In
the case of awell-defined, sharperNDVI drop in the time series, the con-
fidence interval was generally smaller (see also Fig. 9). The confidence
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Fig. 11. Comparison of estimated (BFAST breakpoint) intervals (blue) and reference clear-
ing internals (cyan) for a) clearing and b) re-clearing. The breakpoint confidence intervals
were computed by BFAST, and the reference intervals were established with all available
Landsat imagery. The first date in the reference interval is plotted as base value (zero)
on the y-axis. The dashed red line shows a 40 day interval. (For interpretation of the ref-
erences to colour in this figure legend, the reader is referred to the web version of this
article.)
intervals for the primary clearing were substantially smaller than for
the re-clearing events (Table 5).

As a clearing event can be at either end of the validation interval
(1st day after the interval start or the last day before the interval
end), a “best case” and a “worst case” was calculated as a minimum
and maximum time difference between the interval end points (val-
idation interval and breakpoint confidence interval). The median of
the minimum absolute difference between the intervals (best case)
is 1 time step or 8 days; the maximum is 8 time-steps or 64 days.
For the worst case, 96.2% of the estimated breakpoints of the clearing
event and 83.6% of the re-clearing event were within 40 days of the
true clearing (Table 6).
4.5. Spatio-temporal visualisation

The time and magnitude of the clearing events are visualised in
Fig. 12. Fig. 12a) shows the date of the first significant breakpoint be-
tween February 2000 and September 2009 for each clearing and po-
tential re-clearing area as mapped in the SLATS clearing eras. The
associated magnitude of change (in NDVI units) is provided in
Fig. 12b) for comparison.
5. Discussion

5.1. 8 day STARFM data

As shown also by Schmidt et al. (2012) and Bhandari et al. (2012),
the STARFM algorithm was found to produce good interpolated time-
series (8 day frequency over a 12 year period) of the NDVI, with these
representing the vegetation dynamics in this Australian environment.
Spatial averages of Landsat, MODIS and STARFM data over homoge-
neous forest and grassland sites at 1.5 km× 1.5 km and 1 km× 1 km re-
spectively were also similar (see Fig. 5). However, high and low NDVI
values in the time series were lower within the MODIS data compared
to the Landsat and STARFMdata. This wasmost evident in the grassland
area and the forested site during the wet season of 2000/2001 and may
be related to the spatial scale difference of the MODIS 500 m and the
Table 6
Percentages of breakpoint estimateswithin themaximum interval difference between the
breakpoint and the validation interval with increasing temporal difference (see text for
further explanation).

Interval difference [days] Breakpoints within validation int. [%]

Clearing Re-clearing All

8 0.215 0.231 0.225
16 0.253 0.645 0.490
24 0.481 0.669 0.595
32 0.848 0.802 0.820
40 0.962 0.818 0.875
48 0.975 0.860 0.905
56 1.000 0.860 0.915
64 1.000 0.868 0.920
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Fig. 12. a) The clearing date determined using the BFAST breakpoint detection and b) themagnitude of NDVI change at the time of clearing for all clearing and re-clearing areaswithin the
study region.
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30 m Landsat data as high and low values are often averaged when
moderate spatial resolution data are fused with coarser resolution data.

The high repeat frequency data of the STARFM application provides
new and important information on land use and vegetation dynamics
that cannot be obtained from other sources. Whilst applied to a small
study area in this case, there is the potential for application across larger
areas including the state of Queensland (88 Landsat footprints). Howev-
er, processing times and data storagemay be limiting factors and reduc-
ing the temporal frequency to 16 day or monthly time-steps should be
considered. Spatial interpolation methods (e.g., Pringle et al., 2009)
also need to be considered to account for the SLC-off effect and prevent
significant data gaps. Potential improvements to the prediction might
result from the application of improved versions of the STARFM algo-
rithm (Fu et al., 2013; Zhu et al., 2010). Whilst not considered in this
study, other standardized vegetation indices derived from fractional
cover estimates might also be used (Scarth, Roeder, & Schmidt, 2010;
Schmidt & Scarth, 2009).

5.2. Change detection

Across the ILCP, a number of PSUs were associated with stable vege-
tation, as identified by referencing time-series of LIDAR and aerial pho-
tography. Within these stable areas, the NDVI fluctuated largely in
response to rainfall, with the upward trend from the mid 2000s
onwards attributable to recovery from the intense drought of 2006. In
these evergreen environments, the dry season component is often con-
tributed by the overstorey component and so the NDVI within intact
vegetation increase may reflect the processes of woody thickening.
The recommendation is that trajectories from these stable sites be
used as reference againstwhich to assess the vegetation response in dif-
ferent ecosystems, bioregions or climate zones. Thiswould allow, for ex-
ample, investigations into management impacts on forest response and
provide a reference dataset for ecosystem functionality that may be
linked to biodiversity indicators or land cover dynamics (Bastin et al.,
2012; Carroll et al., 2012).

Outside of the stable areas, a wide range of changes has occurred
within the ILCP. These include the complete clearing of vegetation so
that land can be used for agriculture, re-clearing of regrowth and partial
clearing through selective logging (primarily of CP-). Changes induced
by natural events were largely associated with fires (e.g., in 2003,
2010 and 2011 afterwet years with sufficient understorey fuel accumu-
lation). Other processes leading to loss of forest cover include the natu-
ral competition and succession of trees, although tree dieback was also
associated with the periods of drought. Extensive areas of regrowth on
land previously cleared or subject to fire were also observed. Much of
the regrowth was dominated by one or several species (e.g., BGL,
PBX). Such changes were often not detected by comparing annual
satellite-derived maps of forest and non-forest, but the use of hyper-
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temporal actual and simulated Landsat sensor data provided an oppor-
tunity to identify specific events and/or processes relating to distur-
bance and regeneration. Seasonal minimum NDVI shows a close
correspondence to annual FPC as shown by Schmidt et al. (2012) and
thus provides the best option for quantifying land cover transitions as
the influence of ephemeral vegetation is reduced.

Whilst change is best detected when observed directly by the
Landsat sensor, either just before or after the event, the STARFM
products are beneficial. In particular, the integration of the high
temporal resolution information from the MODIS with the finer spa-
tial resolution Landsat imagery in a time-series allows a better de-
scription of the phenological changes that are occurring. Indeed,
some changes can only be identified when the temporal context is
given. The parameters of the BFAST algorithm can also be set to iden-
tify multiple change events (Verbesselt et al., 2010), with the num-
ber, time and magnitude being of particular relevance for natural
resource management. By also tracking the temporal signal, the re-
generation of forests can be observed and rates determined with dif-
ferent time segments of the seasonal minima of the NDVI being
useful for mapping different land cover transitions. The time-series
data may be used to detect clearing and clearing of regrowth; and
might assist in speeding up the compliance process and reduce un-
certainties (Goulevitch, 2012).

Maps showing the time of the clearing event and the magnitude
of the NDVI change are displayed in Fig. 12. All areas labelled as
cleared in Fig. 3d), including potential re-clearing sites, were investi-
gated. A prior knowledge of clearing was used in this approach and
BFAST allowed the most significant change event in the time-series
to be detected. The primary clearing event could be identified with
a high degree of accuracy but re-cleared areas were less able to be
detected.

5.3. Validation

For validation of change, the full time-series of Landsat sensor data
was used as ground-based data or aerial photographs for the clearing
date were not available. The maximum length of time between any
two Landsat data acquisition was 60 days. These intervals were
intersected with the confidence intervals around the breakpoint esti-
mates from BFAST.

SSUs were treated as independent observations. It could be argued
that the analysis should be performed on a PSU basis to reduce the spa-
tial dependency, but the sample appeared to be not large enough to de-
rive statistically meaningful statements based on a summarised PSU
basis. State-space models which explicitly take the spatial context into
account might overcome this, but are generally computationally quite
expensive.

6. Conclusions

An 8-day interval time series of STARFM generated data based on 525
MODIS and 97 Landsat imageswas generated for a period of 12 years and
with a time-interval of 8 days. The correlations between the MODIS and
STARFM time series were 0.92 and 0.96 (r2 = 0.84 and 0.94) for a homo-
geneous forested and grassland area respectively. The correlations (r and
r2) between Landsat and the closest simulated STARFM data were 0.99 in
all cases. The hyper-temporal NDVI time serieswere suitable for detecting
primary clearing events with 94% accuracy within 40 days of a clearing
event. The minimum NDVI within this time series was also used to
track regrowing vegetation. For stable areas of vegetation, identified
using temporal LIDAR data, the NDVI reflectance trajectories were vari-
able and different in magnitude but trends were similar. The study
highlighted the benefits of using STARFM generated data for observing
and quantifying trends in vegetation dynamics with potential applica-
tions for land management and forest conservation.
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