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Abstract

The carbon accounting model FUllCAM is used in Australia’s National Greenhous Gas
Inventory to provide estimates of carbon stock changes and emissions in response to
deforestation and afforestation / reforestation. FullCAM-predicted above-ground woody
biomass is heavily influenced by the parameter M, which defines the maximum upper limit to
biomass accumulation for any location within the Australian continent. In this study we
update FUllCAM’s M spatial input layer through combining an extensive database of 5,739
site-based records of above-ground biomass (AGB) with the Random Forest ensemble
machine learning algorithm, with model predictions of AGB based on 23 environmental
predictor covariates. A Monte-Carlo approach was used, allowing estimates of uncertainty to
be calculated. Overall, the new biomass predictions for woodlands, with 20-50% canopy
cover, were on average 49.5+1.3 (s.d.) t DM ha™, and very similar to existing model
predictions of 48.5 t DM ha™. This validates the original FullCAM model calibrations, which
had a particular focus on accounting for greenhouse gas emissions in Australian woodlands.
In contrast, the prediction of biomass of forests with a canopy cover >50% increased
significantly, from 172.1t DM ha, to 234.4+5.1 t DM ha™. The change in forest biomass
was most pronounced at sub-continental scales, with the largest increases in the states of
Tasmania (166 to 351+22 t DM ha™), Victoria (201 to 333+14 t DM ha™), New South Wales
(210 to 28749 t DM ha'), and Western Australia (103 to 264+14 s.d. t DM ha™). Testing of
model predictions against independent data from the savanna woodlands of northern
Australia, and from the high biomass Eucalyptus regnans forests of Victoria, provided
confidence in the predictions across a wide range of forest types and standing biomass. When
applied to the Australian Government’s National Inventory land clearing accounts there was
an overall increase of 6% in continental emissions over the period 1970-2016. Greater
changes were seen at sub-continental scales calculated within 6° x 4° analysis tiles, with
differences in emissions varying from -21% to +35%. Further testing is required to assess the
impacts on other land management activities covered by the National Inventory, such as
reforestation; and at more local scales for sequestration projects that utilise FUllCAM for

determining abatement credits.

Keywords: Forest biomass; Random forest; Carbon accounting; national greenhouse gas

inventory.
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1. Introduction

FullCAM (Full Carbon Accounting Model) is a freely available software system for tracking
greenhouse gas emissions and changes in carbon stocks associated with land use and
management in Australian agricultural and forest systems (Richards 2001; Richards and
Brack, 2004; Richards and Evans 2004; Brack et al. 2006; Waterworth et al. 2007). It is
applied at the national scale for land sector greenhouse gas emissions accounting (Australian
Government 2018), and at the local scale for monitoring and reporting carbon sequestration

projects, such as revegetation and the management of regrowth (Paul et al. 2015a,b).

FullCAM predicts the accumulation of above-ground biomass (AGB) in woody vegetation
using a hybrid of empirical and process-based modelling via the implementation of the Tree
Yield Formula (TYF; Waterworth et al. 2007). The process-based modelling component
utilises the forest growth model 3-PG (Landsberg and Waring, 1997) to derive a
dimensionless index (the Forest Productivity Index, or FPI) that summarises potential site
productivity for any given location based on the Normalised Difference Vegetation Index
(NDVI), soil fertility, vapour pressure deficit, soil water content, and temperature (Kesteven
and Landsburg 2004). The empirical component is a statistical relationship between field-
based observations of AGB (from minimally disturbed stands) and the FPI (Richards and
Brack 2004). This relationship is used to calculate the parameter M (the predicted maximum

AGB for a given FPI), and is given by

M = (6.011 x VFPI — 5.291)". Equation 1

Parameter M is constant for any location in Australia, and is embedded within the FullCAM
database as a spatial input layer with a resolution of 0.0025 degrees (or approximately 250
m). Computationally, M exerts a strong influence on forest growth, affecting the rate of AGB
accumulation, as well as defining the upper maximum biomass limit. M is also an important
ecosystem property, with links to environmental productivity as well as a being a key

indicator of ecosystem structure.

Over recent years evidence has accumulated that predictions of M for some vegetation types
were biased, particularly for higher-biomass temperate forests, with lower M than
observations would suggest (Montagu et al. 2003; Waterworth et al. 2007; Wood et al. 2008;
Lowson 2008; Keith et al. 2010; Roxburgh et al. 2010; Fensham et al. 2012; Preece et al.
2012). The presence of such bias may be due to the initial focus during FUllCAM
development on estimating carbon emissions and sequestration within Australia’s woodland

ecosystems, due to their ongoing active management. The forest types represented in the
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original field-based biomass estimates used in the relationship to predict M (Equation 1) had
a strong representation of woodlands, but with <10% of observations from higher-biomass (>
250 t DM ha™) temperate forests.

Since the development of FUllCAM there has been a large increase in the availability of
forest biomass data from across Australia, including from relatively undisturbed high biomass
temperate forests. It was therefore timely to explore how these new data can be used to
improve the estimation of M. The aim of this study was to use these new datasets to update
FullCAM’s M layer, and thus improve the accuracy of predictions of woody biomass growth
for Australian woodlands and forests, and hence, Australia’s National Greenhouse Gas

Inventory.

2. Methods

Whilst it is possible to create de novo a new replacement biomass layer, by e.qg. re-fitting the
existing FPI vs observed biomass relationship on which the existing estimates of M are based
(Equation 1), the approach adopted here was to update rather than replace the current M
layer. This was to maintain continuity and consistency with the existing FullCAM modelling
environment, and to allow new data to be applied only to regions with adequate data

representation.
The detailed analysis steps are shown in Figure 1, and can be summarised as follows:

1. Identify site biomass records that fulfil the criteria of being minimally disturbed,
consistent with the definition of maximum biomass, M.

2. For each record i, calculate the ratio 4,

_ M
= o

A Equation 2

where M; is the current prediction of maximum biomass (Equation 1), and O;j is the

field observation.

3. Use the Random Forest machine learning algorithm (Brieman 2001) to statistically
model and predict A across the continent, using a range of climatic and edaphic
variables.

4. Update the existing M layer to M’ by multiplying by the model-predicted A
M' =M Equation 3
2.1 Database of above-ground biomass observations

The primary source of AGB observation data was the TERN/Auscover National Biomass

Library (NBL), available at http://www.auscover.org.au/purl/biomass-plot-library. This
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library is a collation of stem inventory and biomass estimates compiled from federal, state
and local government departments, universities, private companies and other agencies. The
biomass library contains (as of December 2017) 14,453 sites, 887,639 individual tree

diameter measurements (> 5cm), and 1,467 species.

For inclusion in the analysis, the AGB estimates were required to represent predominantly
mature and undisturbed vegetation (i.e. vegetation that has been minimally impacted by
anthropogenic disturbances, and has not had a recent natural disturbance such as a wildfire or
cyclone). Because not all sites within the NBL were located in vegetation that could be
considered ‘mature’, it was first necessary to filter the database and exclude those
observations that were most likely collected from disturbed vegetation. This was achieved by
collating ancillary spatial datasets at both a national and state level that identified areas within
which forests were more likely to be undisturbed (such as conservation lands), and also to
identify areas where disturbance was more likely, for example areas subject to multiple use,
including timber harvesting (Supplementary Data: Appendix A). Information was also
gathered from the custodians of the NBL data where this indicated a measurement was
located in disturbed or undisturbed (often referred to as remnant) vegetation. Records were
also excluded if the observations were non-representative of the broader landscape, such as a
number of Tasmanian records that specifically targeted forested areas with higher than
average biomass (labelled ‘LIMA’ and ‘LIMVI’ in the database; D. Mannes pers. comm.). A
total of 5,739 site records remained following this filtering (Table 1). To provide an
additional check of the temporal continuity of forest cover, spatial forest cover mapping
(>20% cover) based on 25 Landsat images extending back to the 1970’s were used to confirm
woody vegetation cover over the period, thus indicating the absence of major disturbance
(Australian Government 2018). Forest cover was defined as the mode within a 3 x3 pixel

window (approximately 75 m x 75 m) centred on the observation.

Preliminary analyses suggested improved empirical model performance could be obtained by
stratifying the data and running separate statistical models based on two broad vegetation
types corresponding to ‘Forests’ (with canopy cover > 50%) and ‘Woodlands’ (with canopy
covers between 20-50%). The classification of sites within the database was based on forest
and woodland cover as defined by the Australian National Forest Inventory (ABARES 2014).

2.2 Vegetation classification for model prediction
Because M represents biomass at forest maturity, the spatial interpolation of the statistical
models should represent the potential vegetation that an area could support, not the current

vegetation distribution which reflects past land management, such as clearing of woody
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vegetation. The spatial interpolation was therefore based on the NVIS v4.2 1750 Major
Vegetation Subgroups (MVS) classification (NVIS 2016), which maps the extent of

Australia’s major vegetation types prior to extensive land clearing, at a 100 m resolution.

The NVIS subgroup for each of the 5,739 records was extracted, and any subgroup that was
represented by 50 observations or more was included within the extent of the revised
mapping calculation. The Forest and Woodland predictive models were applied on a
subgroup-by-subgroup basis according to Table 2. In addition to the above criteria, data
limitations restricted the extents of MVS classes 20, 27 and 45 (Table 2) to eastern Australia
only (i.e. east of 132° longitude); and a small number of ‘Forest’ areas that fell outside the
600 mm annual rainfall isocline were reclassified as “‘Woodland’, recognising that arid
‘forests’ are closer to woodlands in terms of biomass and structure. Finally, a 3x3 majority
smoothing filter was applied to the classification to remove isolated grid cells and gaps. The
final extent (Figure 2) defines the areas within which the existing M estimates were updated
(‘Included forests’, and “Included woodland’), and the areas with insufficient data and thus
where the current M estimates were retained (‘Excluded/non-woody”).

2.3 Ensemble machine learning regression modelling with Random Forest

The analysis used a machine learning regression method to model, for each of the 5,739 data
points, the difference (or ‘residual’) between the current FUlICAM estimates of M, and the
NBL biomass estimates, defined as the ratio A (Equation 2). Predictions of A were then

interpolated spatially and used to update M to M’ (Equation 3).

The highly variable nature of the biomass data precluded the use of traditional statistical
techniques, such as multiple regression, due to serious violation of the assumptions of
normality and variance homogeneity. To overcome this, the Random Forest machine learning
algorithm was used as the basis for prediction (Brieman 2001). This method is based on
random re-sampling of the data followed by the fitting of binary ‘decision trees’ that seek to
minimise the error between observations and predictions. There were 23 predictor variables
in the analysis (Table 3), comprising continental maps of soil carbon content (Viscarra Rossel
et al. 2014), elevation (Jarvis et al. 2008), and 21 “WorldClim’ v1.4 climate factors (Hijmans
et al. 2005) obtained from the WorldClim database (http://www.worldclim.org). Continuous
maps of predictor variables were required to allow spatial interpolation of the resulting
models. Latitude and longitude were also initially included as predictor variables to account
for unexplained spatial variability, however they were excluded from the final analysis as
they tended to lead to overfitting and the introduction of spatial artefacts. Model results were
spatially interpolated using the 23 predictor variables at a resolution of 0.01 degrees, or
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approximately 1km. For reporting of spatial results, all layers were first transformed into
Lamberts equal area projection prior to calculation.

Model fitting was based on 1,000 Random Forest regression decision trees, with model
predictions calculated as the median prediction over all 1,000 trees (Meinshausen 2006). As
described in Section 2.1, initial exploration of the data indicated better model performance
could be obtained by stratifying the data and running separate Random Forest models for the

Woodland and Forest vegetation types.

A Monte-Carlo approach was used to assess the prediction error of the model fits, with the
data randomly split into a 70% subset for model fitting, and a 30% subset that was excluded
and retained for independent validation (Figure 1). One hundred such data splits were made,
with separate ‘Forest” and ‘Woodland” Random Forest models fitted to each of the 100
iterations, allowing the mean and standard deviation of results across the 100 replicates to be
calculated. The data was randomly split by Constrained Latin Hypercube (Minasny and
McBratney 2006), to ensure representativeness across the predictor variable distributions

between the calibration and the validation subsets.

For both the calibration and validation datasets four fit statistics were calculated, each
summarising different aspects of the model performance. The first two summarise the main
aspects of model accuracy; bias (quantified as Mean Absolute Error (ME)), and precision
(quantified as the Root Mean Squared Error (RMSE)). In addition, model efficiency (EF,
Nash and Sutcliffe 1970) and Lin’s concordance correlation coefficient (LCC, Lin 2000)
were calculated to provide overall assessments of model performance. EF is given by

Yie.(0i—E)?

EF =1=%5e 0 07

Equation 4

where O; is the observed value of record i, E; is the predicted value for record i, and O is the
mean of the observations. A model efficiency of 1.0 indicates perfect prediction, and a value
of 0.0 indicates the predictions are no better than the global mean of the observations. LCC is
given by:

253g

Lec = S3+S2+(0-E)?

Equation 5

Where SZ and SZ are the variance of the observations and predictions respectively, S5 is the
covariance, and O and E are the mean of the observations and predictions respectively. LCC
is an index that measures the agreement between predictions and the 1:1 line, and is scaled

between -1.0 and 1.0, with 1.0 indicating complete concordance.
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Spatial autocorrelation

Because the NBL comprises a heterogeneous mixture of data collected at a range of spatial
scales, a concern for the analysis was the clustering of sample points within close proximity
to one another. Such clustering has the potential to invalidate the assumption of independence
amongst observations, leading to bias in the predictor models. To address this the spatial
correlation of sites was quantified, with the results suggesting minimal correlations (< 0.2) at
distances between sites greater than approximately 10 km (Supplementary Data; Fig. A). To
reduce the effects of spatial non-independence the data were first balanced prior to analysis
through the method of bootstrap up-sampling (Kuhn et al. 2018), thus ensuring equality in the
number of observations at the scale of 10 km x 10 km. Results from analyses conducted both
with and without spatial up-sampling showed similar overall predictive performance,

although with lower bias when the data were first spatially balanced.

All analyses were performed within the R statistical modelling environment (R Core Team
2016). Random Forest model fitting was performed using the R library ‘quantregForest’
(Meinshausen 2016); conditional latin hypercube sampling was performed using the ‘cLHS’
library (Roudier 2011), and the “caret’ library function ‘upSample’ was used to spatially
balance the data (Kuhn et al. 2018). All spatial mapping analyses were performed using the
libraries ‘raster’ (Hijmans 2016) and ‘rgdal’ (Bivand et al. 2016).

2.4 Model testing

In addition to the analysis of the hold-out validation records, that provide an internal estimate
of the prediction error of the models when applied to new observations, the model predictions
were also compared against two independent datasets that were not included in the analysis.
In the first, predictions of M’ were compared with the analysis of Cook et al. (2015), who
estimated woody AGB for 23 biogeographic regions across northern Australia. This provided
the opportunity to compare estimates of M and M’ against an extensive set of biomass
estimates for arid and savanna ecosystems. The second dataset comprised 78 observations of
AGB in old-growth (> 250 year old) Eucalyptus regnans forests from the state of Victoria
(Volkova et al. 2018). These forests are among the most biomass dense globally (Keith et al.
2009), and provide an opportunity to compare model predictions with independent
observations collected within a forest type known to be under-predicted by the current

estimates of M.

The Random Forest model predictions were also compared against other published modelled
estimates of biomass for the Australian continent. Although this is a weaker test than

comparing model predictions against empirical data, such cross-model comparisons are a
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useful tool for benchmarking, and for assessing overall congruence amongst different
approaches. Four models were compared; the BiosEquil model of Raupach et al. (2001), the
VAST 2.0 model of Barrett (2002), the TMSC model of Berry & Roderick (2006), and the
BI1OS2 model of Haverd et al. (2013). For these comparisons, where necessary total living
biomass was converted to AGB assuming a root:shoot ratio of 0.25, and biomass carbon was
transformed to dry mass by multiplying by 2.0.

Results

3.1 Above-ground biomass database

Identifying biomass records that reflect potential maximum biomass, or biomass that has
been minimally disturbed, is problematic given much of Australia is subject to regular
disturbance such as fire, cyclones (in the far north), and with extensive anthropogenic
modification such as clearing, grazing, timber harvesting and prescribed burning (Raison et
al. 2003). The approach adopted here was to combine multiple lines of evidence to exclude
sites most likely affected by prior disturbance, which included querying the source metadata
and confirming with data custodians the status of particular records; the use of spatial data
quantifying known disturbances such as harvesting; the use of tenure maps to identify areas
least likely to be subject to anthropogenic disturbance; and use of the historical satellite
record to confirm continuity of vegetation cover over time. We note that none of these
methods are perfect, and that the theoretical ideal of vegetation at maximum biomass is likely
very rarely, if ever, met in reality. The result of the above filtering was a reduction of the
initial records by approximately 60%, from 14,453 to 5739.

For the development of the existing M layer, Richards and Brack (2004) determined forest
stand age from disturbances detected from 12 Landsat remotely sensed coverages collected
between 1972 and 2002. A similar analysis conducted here, based on 25 coverages spanning
the period 1972 to 2016, showed over 90% of records were classified as forest cover for more
than 20/25 of the annual coverages, with over 75% showing continuous forest cover
(Supplementary Data; Fig. B). Given the majority (>70%) of records that showed intermittent
forest cover were located in woodlands rather than forests, changes in cover classification are
likely due to temporal variability in woodland tree canopy cover. Uncertainty in the geo-
locations of the records and/or variability in satellite image quality may also contribute to this
variability, although the forest cover detection based on a 3x3 window around the target

locations was designed to minimise such errors.
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3.2 Random Forest model performance

The Random Forest model fit statistics, for both calibration (when the records were used as
part of model fitting) and validation (when records were withheld from model fitting) were
based on comparisons between observed biomass, and model predictions for each record. For
calibration, estimates for each record were based on the average over the approximately
70/100 replicates where each site was used for fitting; and for validation the average of the
approximately 30/100 replicates where each site was withheld from fitting. An alternative
analyses where a single Random Forest run utilising all 5,739 records and using the internally
calculated out-of-bag (OOB) estimates for validation yielded almost identical results;
however the Monte-Carlo approach adopted here additionally allowed spatial maps of
uncertainty for the predicted M’ layer to be readily calculated.

The overall predictions of A when records were used for model calibration were unbiased
(ME = 0.0), with a RMSE of 0.4 and high values of EF (0.93) and LCC (0.96) (Table 4), thus
indicating strong overall agreement between observations and predictions (Figure 3a). When
records were used for validation there was evidence for some bias (ME = 0.1) with lower
precision, and correspondingly lower values for EF and LCC (Table 4; Figure 3b). Note for
purposes of display the axes in Figures 3 and 4 are logarithmically transformed, but all model
fitting and the calculation of the fit statistics was based on untransformed data.

The fit statistics were also calculated for the final predicted maximum biomass estimate, M’
(Equation 3). This has the additional advantage of allowing equivalent statistics to be
calculated for the current M layer. Comparison of the current M estimates with the
observations shows an overall bias (under-prediction) of -35.3 t DM ha™, with a RMSE of
239.1t DM ha™, and with low indices for the statistics quantifying overall fit (EF = 0.14;
LCC =0.25) (Table 4). This is reflected in the scatter of observed vs predicted biomass
(Figure 4a), where the bias is particularly apparent for high biomass observations, with
observations greater than 500 t DM ha™* all predicted to be lower than 500 DM ha™ (Figure
4a). In contrast, the revised M’ modelled estimates for the calibration analysis are effectively
unbiased (ME = -0.2 t DM ha™), and the RMSE has approximately quartered, from 239 t DM
ha™* down to 62 t DM ha™, with correspondingly high values for EF (0.94) and LCC (0.97)
(Table 4). When applied to the validation data, there was evidence for a bias of -8 t DM ha™,
and a corresponding reduction in precision, with a RMSE of 200 t DM ha™. At the continental

scale, this bias equates to an error of approximately 5% under-prediction.

Of the 23 predictor variables, soil organic carbon was the most important explanatory
variable for the Woodlands model, and precipitation of the driest month for the forest model

10
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(Supplementary data; Fig. C). Variable importance was quantified as the percent increase in
the model fit error following the removal of the target variable.

3.3 Model testing against independent data

For much of northern Australia the revised estimates of maximum biomass (M”) were lower
than predicted by the current M (Figure 5). This reduction is consistent with the data of Cook
et al. (2015), that also showed generally lower biomass compared with existing M. Overall,
the estimates of revised M’ are now closer to the values reported by Cook et al. (2015), with
the average of the revised estimate (31+1 t DM ha™) falling between the estimates based on
the two calculation methods of Cook et al. (2015) (25 — 33 t DM ha™). This contrasts with the
current M estimate of 37 t DM ha™. At the scale of individual analysis regions there were
some discrepancies, with M’ predictions ranging from -57% to 43% of observations,

depending on the region (Figure 5b).

For the high biomass Eucalyptus regnans forests of Victoria the current mean biomass
predicted by M is 266 t DM ha™ (and never predicted to exceed 500 t DM ha™), with a
relatively narrow range of values and a large peak in the frequency distribution in the 250 —
350 t DM ha™ class (Figure 6b). This is well below the observed biomass, with a mean of 886
t DM ha™*, and with some individual observations exceeding 1500 t DM ha™*. The revised M’
estimates show a frequency distribution that has shifted to overlap with those of the
observations, with the mean biomass increasing from 266 t DM ha™* to 656 t DM ha™, and
with predictions up to 1500 t DM ha™ (Figure 6). Although the frequency distribution of M
and M’ closely align up to approximately 1200 t DM ha™* (Kolmogorov-Smirnoff test: P =
0.061), across the full range of site biomass there are significantly fewer very high biomass

records than observed (Kolmogorov-Smirnoff test: P < 0.001).

When compared against four alternative continental-scale modelled estimates of biomass, M’
was within the reported range for the broad forest and woodland vegetation classes depicted
in Figure 4 (Table 5). The mean M’ continental Forest biomass of 234 t DM ha™ compares
with 210-278 t DM ha™ across the four models, and the mean woodland estimate of 50 t DM
ha* compares with 49-54 t DM ha™.

3.4 Spatial prediction of above-ground biomass
A comparison of the original above-ground biomass layer (M, Figure 7a) with the revised
layer (M’, Figure 7c¢) shows the major differences to be in the temperate forest ecosystems,

11
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particularly in Western Australia, Eastern Tasmania, Victoria and New South Wales where
there have been significant increases in predicted AGB. Areas where M’ has declined relative
to M include much of northern Australia and far north Queensland (Figure 7b; see also Figure
5).

These trends are more apparent when summarised on a state-by-state basis, either through
comparison of the mean biomass across the 5739 records used in the analysis, which shows
M, M’, as well as the field observations (Figure 8), or through comparison when averaged
spatially (Figure 9).

At the continental scale there was a slight bias in the predictions of the independent
validation subset of the data, in the order of 5% under-prediction, driven by the higher-
biomass ‘forests’ (Figure 8a). Overall, there was a significant improvement in the agreement

between the model predictions and the observations compared to the current M estimates.

Discussion

Woody biomass growth within FUllCAM is strongly influenced by the parameter M, which
defines the maximum upper limit to biomass accumulation at a given location. As noted in
the introduction several analyses have suggested M currently under-predicts biomass in some
forest types, particularly temperate forests. For example, Waterworth et al. (2007) had to
apply growth modifiers to increase the biomass predictions of FUIICAM for plantation
forests. Similarly, for mallee and environmental plantings Paul et al. (2015a, b) addressed
FullCAM’s biomass under-prediction through modifying FullCAM parameters other than M
directly. Here we provide a more general solution by developing an updated biomass layer,

M’, that can be applied to any location within Australia.

Overall, the Random Forest statistical modelling and the resulting updated biomass layer M’
improved the current maximum biomass predictions, with bias at the continental scale
reducing from -35 t DM ha* down to negligible levels for the fitted model, and down to -8.0 t
DM ha™* (or approximately 5% error on average) when the model is applied operationally to
new data (Table 4). The source of this remaining bias is uncertain, but is possibly due to
over-fitting of the Random Forest algorithm to the calibration data. Precision in the biomass
predictions improved from 239 t DM ha™ down to 62 t DM ha™* for the calibration data, and
down to 201 t DM ha™* when applied to new data (Table 4). The improvements in model

prediction were particularly marked for forests with AGB biomass > 500 t DM ha™.
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At the continental scale, and for the lower-biomass woodland vegetation with a canopy cover
20-50%, there were minimal differences in predicted biomass between the new M’ (49.5+1.3
t DM ha, mean and s.d.) and the existing M (48.5t DM ha) (Figure 9a). This provides
strong support for the original FUllCAM calibrations, where the focus was primarily on
woodland ecosystems due to their active management, and thus importance for national
greenhouse gas accounting. In contrast, predictions of forest biomass (with canopy cover
>50%) greatly increased between M and M’, from a continental average of 172 t DM ha™ to
234+5.1 t DM ha™* (Figure 9a). For individual states, increases in predicted maximum forest
biomass were typically much greater; the original M for Western Australia was 103 t DM ha’
! compared with 264+14 t DM ha™ under the revised analysis. Similar increases were found
for Tasmania (166 to 351+22 t DM ha™), Victoria (201 to 333+14 t DM ha™) and New South
Wales (210 to 28749 t DM ha™).

When compared against AGB predictions from four independent continental-scale models,
the M’ estimates for all vegetation classes (forest, woodland and excluded/non-woody) fell
within the range of the published models (Table 5), noting that forests with a canopy cover
>50% were initially outside of the range prior to updating (172.1 t DM ha™, compared to
model predictions of 210 - 278 t DM ha™).

The new M’ biomass predictions also compared favourably when tested against independent
data not included in the modelling procedure. For Northern Australia the decline in predicted
biomass from the current M estimates (37 t DM ha™) to M (31+1 t DM ha™) is consistent
with the analysis of Cook et al. (2015), who gave an overall estimate of 25 - 33 t DM ha™.
The upper estimate of Cook et al. (2015) is based on an assumed stem diameter distribution
that is representative of a more mature forest structure (their ‘Plot M’ analysis), and is thus

likely to be closer to the assumed minimal disturbance assumption of the M parameter.

For the old-growth high biomass Eucalyptus regnans forests of Victoria the average AGB
across the field observations was 886 t DM ha™*, which is similar to the heartwood-decay
adjusted estimate of Sillett et al. (2015) of 935 t DM ha™ and the catchment-scale mean of
1002 t DM ha™* of Keith et al. (2009), and is within the range reported by Dean et al. (2004)
for the same forest type (840 — 1305 t DM ha, varying by site index). The revised M’
estimate increased the mean predicted biomass of the E. regnans from 266 to 656+31 t DM
ha™*, with a spatial distribution of values that shifted to be broadly consistent with the
observations, though with a tendency to under-predict the highest biomass locations in the
landscape (Figure 6b). This under-estimation likely results from the constraints imposed by

simultaneously optimising all possible forest types within Australia. Higher accuracy at the
13
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local scale could be achieved by further sub-dividing the forest and woodland classes, though
data limitations for many vegetation types would be a barrier to the general application of

such an approach.

In a study concentrating solely on the forests south-east Australia, Keith et al. (2010)
predicted a mean maximum AGB of approximately 434 t DM ha™*, which is 28% higher than
the 313 t DM ha™ predicted by M’ for the combined forests of Tasmania, Victoria and New
South Wales. Keith et al. (2010) discuss a number of sources of uncertainty that could
potentially contribute to such a discrepancy, such as differences in the allometric models
applied to estimate field biomass, the extent to which field data are representative of the
diversity across the landscape, and the methods used to spatially extrapolate the data. An
additional contributing factor could be differences in the spatial extents of the two studies.
Given the broad scope of the NBL and the wide range of contributing data sources, it is also
likely that residual impacts of historical anthropogenic disturbance are present in some of the

records, which would tend to make our estimates conservative.

FullCAM is primarily used for calculating greenhouse gas emissions from the land sector as
part of national greenhouse gas reporting requirements (Australian Government 2018).
Within this context, a thorough investigation of the impacts of updating the maximum
biomass layer can only be made by embedding M’ within the FullCAM simulation
environment, and running simulations that include not only the growth of AGB, but also the
flow-on effects to the allocation of this new growth to stems, branches, bark, leaves and

roots, and ultimately to the influence of clearing, harvesting or fire events on carbon pool
dynamics, and the production and decay of debris and soil organic carbon. An initial
investigation of the potential implications for changes in net ecosystem emissions between M
and M’ resulting from deforestation and subsequent regrowth over the period 1970-2016
showed an increase in emissions, at the continental scale, of 6%. However, at a regional level,
with emissions reported within 6° x 4° analysis tiles, the differences ranged from a 35%
increase in emissions (south-west Western Australia) to a 21% decrease (central-east
Queensland). The overall low impact of the updated M’ at the continental scale is because
most of the land clearing in Australia since 1970 has occurred in woodland ecosystems, and
these systems showed little overall change between M and M’. Much larger differences would
be expected in areas of reforestation of higher-biomass forests, or when accounts are

calculated in the higher biomass forests of Australia.

Applying the concept of maximum potential biomass is problematic for many Australian

ecosystems due to the ubiquitous occurrence of fire and other disturbances that can lead to
14
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mortality and the reduction of living biomass (Raison et al. 2003). This makes it difficult to
identify and validate site-based data that has been minimally disturbed; and when undisturbed
areas are identified there may be questions over how well they represent the broader
landscape, particularly when they occur as remnant patches. Here we used a combination of
different lines of evidence to filter the available database to exclude sites that were likely to
have been recently disturbed. Ideally, sites would be individually investigated in detail to
confirm their status, such as done by Raison et al. (2003) for the initial FullCAM calibrations.
However, with over 14,000 site estimates currently available such detailed site-by-site
investigations are impractical. There is thus a trade-off between including a small number of
sites where the site history has been researched in detail, with the associated risk that they
may be non-representative at the continental scale, and the inclusion of a broader sample such
as adopted here, with the risk that some sites included for analysis may have been subject to
historical disturbance, either natural or anthropogenic. The general agreement between the
independent data of Cook et al. (2015) and VVolkova et al. (2018) and M’ give us confidence
that gross errors of classification have been avoided, but an extra layer of detailed checking,
for example on a random subset of the 14,000 available records, would provide additional

confidence in the results.

Whilst the revised M’ was applicable to approximately 54% of the continent covered by
woodlands and forests (Figure 2), there was insufficient data to adequately assess the current
performance of M for the most arid regions, which includes large areas of the Australian
rangelands, such as the hummock grasslands, and the mulga woodlands in the western half of
the continent. The collation and assimilation of rangelands data, similar to the development
of the NBL for woodlands and forests, would allow the analysis described here to be
extended into these lower-biomass systems. Such an activity would provide additional
support and confidence for the development of methods for managing rangelands for

improved greenhouse gas outcomes.

Further assessment of the implications of M” when embedded within the FullCAM software
environment are required. Although application to the deforestation account within the
national greenhouse gas accounting system showed minimal impacts at the continental scale,
this was due to minimal changes between M and M’ for the woodland systems within which
most clearing and regrowth activity has taken place. The next steps for testing include similar
analyses for other areas of the national accounts, such as reforestation and the
sequestration/emissions associated with environmental plantings, and perform model re-

calibration as necessary. We further note that operationalising M” within the current
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FullCAM system has implications for vegetation that has already undergone separate
calibration, such as mallee and environmental plantings. For such cases additional
modifications to the FuUllCAM system will be required to avoid issues of ‘double calibration’.
Further work is also required to investigate the potential impacts of updating M on those
project activities under the Australian government’s Emissions Reduction Fund (ERF,
Australian Government 2014) that use FullCAM for calculating sequestration credits. This
will particularly involve activities associated with avoided deforestation, and the management

of regrowth.

Conclusions

Maximum above-ground biomass (M) is a key parameter in the Australian Government’s
land sector greenhouse gas accounting tool, FullCAM, affecting both the maximum biomass
attainable by the model, and the rate of forest growth. M is also an important ecosystem
property, with links to environmental productivity as well as being a key indicator of
ecosystem structure. Here we updated the current FUICAM M layer through combining an
extensive database of 5,739 site-based estimates of forest and woodland biomass with the
Random Forest ensemble machine learning algorithm. Key improvements were in the
prediction of temperate forest biomass, with biomass increasing continentally from 172.1 t
DM ha® to 234.4+5.1 t DM ha™, and with significant improvements in biomass prediction at
sub-continental scales (Tasmania: 166 to 351+22 t DM ha™; Victoria: 201 to 333+14 t DM
ha*; New South Wales: 210 to 287+9 t DM ha™ and Western Australia: 103 to 264+14 s.d. t
DM ha™). In contrast, the biomass of lower productivity woodlands remained largely
unchanged, from 48.5 t DM ha™ to 49.5+1.3 t DM ha™, thus validating the original FullCAM
model calibrations which had a particular focus on accounting for greenhouse gas emissions
in Australian woodlands. Comparison against independent datasets provided confidence in
the model predictions across a wide range of forest types and standing biomass. Initial
investigations into the implications of the new M layer for Australia’s national greenhouse

gas accounts are reported.
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Forest Woodland Total
New South Wales 661 791 1452
Northern Territory 193 427 770
Queensland 604 2073 2262
Tasmania 920 66 986
Victoria 101 55 156
Western Australia 64 48 112
South Australia 0 1 1
Total 2543 3195 5739

Table 1. Number of observations of above-ground biomass for each state and vegetation
class.

MVS  Forest MVS Name

Code Class

1 F Cool temperate rainforest

2 F Tropical or sub-tropical rainforest

3 F Eucalyptus (+/- tall) open forest with a dense broad-leaved and/or tree-fern understorey

(wet sclerophyll)

4 F Eucalyptus open forests with a shrubby understorey

5 F Eucalyptus open forests with a grassy understorey

6 F Warm Temperate Rainforest

54 F Eucalyptus tall open forest with a fine-leaved shrubby understorey

60 F Eucalyptus tall open forests and open forests with ferns, herbs, sedges, rushes or wet

tussock grasses

62 F Dry rainforest or vine thickets

7 w Tropical Eucalyptus forests and woodlands with a tall annual tussock grass understorey

8 w Eucalyptus woodlands with a shrubby understorey

9 w Eucalyptus woodlands with a tussock grass understorey

10 w Eucalyptus woodlands with a hummaock grass understorey

12 w Callitris forests and woodlands

13 w Brigalow (Acacia harpophylla) forests and woodlands

14 w Other Acacia forests and woodlands

18 w Eucalyptus low open woodlands with hummock grass

20 w Mulga (Acacia aneura) woodlands and shrublands +/- tussock grass +/- forbs

27 w Mallee with hummock grass

45 w Mulga (Acacia aneura) open woodlands and sparse shrublands +/- tussock grass

47 w Eucalyptus open woodlands with shrubby understorey

48 w Eucalyptus open woodlands with a grassy understorey

Table 2. Primary classification of NVIS Major Vegetation System (MVS) vegetation classes

into Forests (F) and Woodlands (W). Additional modifications to the primary classification

are described in the text.
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Variable Description

Alt Altitude (m a.s.l)

SOC Soil organic carbon (t ha™)

tmax Mean monthly maximum temperature

tmin Mean monthly minimum temperature

Bio; Annual Mean Temperature

Bio, Mean Diurnal Range (Mean of monthly (max temp - min temp))
Bios Isothermality (BIO2/BIO7) (* 100)

Bio, Temperature Seasonality (standard deviation *100)
Biog Max Temperature of Warmest Month

Biog Min Temperature of Coldest Month

Bio; Temperature Annual Range (BIO5-BIO6)

Biog Mean Temperature of Wettest Quarter

Biog Mean Temperature of Driest Quarter

Bioyg Mean Temperature of Warmest Quarter

Bioj; Mean Temperature of Coldest Quarter

Bioj, Annual Precipitation

Bioy; Precipitation of Wettest Month

Bioy Precipitation of Driest Month

Bioys Precipitation Seasonality (Coefficient of Variation)
Biosg Precipitation of Wettest Quarter

Bioy; Precipitation of Driest Quarter

Bioyg Precipitation of Warmest Quarter

Bioyg Precipitation of Coldest Quarter

685

686  Table 3. Independent variables used in the Random Forest ensemble machine learning
687  regression modelling.

688

689

690

691

692
Scope ME RMSE EF LCC
A - Calibration 0.0 0.4 0.93 0.96
A - Validation -0.1 1.3 0.26 0.52
Original M -35.3 239.1 0.14 0.25
M’ - Calibration -0.2 62.0 0.94 0.97
M’ - Validation -8.0 200.7 0.40 0.62

693

694  Table 4. Fit statistics between observations (n=5,739) and model predictions for A, and for
695 the current (M) and revised (M) estimates for maximum above-ground biomass.

696
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709

M M’ BIOS2!  TMS?  VAST 2.0° BiosEquil®
Forest 172.1 2344 209.7 217.5 221.3 278.2
(5.1)
Woodland 48.5 49.5 52.1 53.9 49.3 50.2
(1.3)
Excluded / non-woody 16.1 - 17.0 11.2 13.8 14.5

Table 5. Predicted above-ground biomass (t DM ha™) from four continental-scale models,
and the estimates for M and M’. Values in parentheses for M’ are the standard deviations over
100 replicate analyses. No ‘Excluded / non-woody’ value is given for M’, as the current M
values are assumed for those areas. *Haverd et al. (2013); “Berry & Roderick (2006); *Barrett
(2002); *Raupach et al. (2001).
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Figure 2: Vegetation classification used to spatially map the separate Forest and Woodland

predictive models for calculating the revised maximum biomass layer M’.
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Figure 3: Observed vs. Random Forest model-predicted A for (a) the 5739 data points when

utilised for model calibration; and (b) the 5739 data points when withheld for independent
validation. Fit statistics are given in Table 4
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Figure 4: Observed vs. Predicted above-ground biomass for each of the 5739 data points, for
(@) the original FUlICAM M estimates; and (b) and (c) the revised estimates M’ for the
calibration and validation results through application of the modifier A. Fit statistics are given
in Table 4.
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Figure 5: Comparison of the original and revised maximum above-ground biomass with the

independent analysis of Cook et al. (2015). (a) the IBRA regions of Northern Australia (b).

Aboveground biomass estimates for each IBRA region.
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Figure 6. Comparison of the original and revised maximum above-ground biomass with the
independent observational database of VVolkova et al. (2018), of n=78 old-growth (>= 250
year old) Eucalyptus regnans forest biomass sites in the Central Highlands area of Victoria.
(a) Location map showing the distribution of Eucalyptus regnans in the central highlands
region of Victoria. (b) Relative frequency distribution of biomass for the 78 old-growth
observations, and for the original and revised model predictions of M.,
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Figure 7. (a) Original FullCAM maximum biomass layer (M, t DM ha™). (b) Maximum
biomass modifier layer (1) predicted from the Random Forest model (dimensionless
multiplier). (c) Revised maximum biomass layer, calculated from a x b (M’, t DM ha™). (d)
Coefficient of variation (standard deviation / mean) of M’, calculated over 100 Random
Forest model fits.
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Figure 8. Comparison of the mean above-ground biomass across the 5739 observed data
points with the mean biomass from the original (M) and revised (M’) predictions of above-
ground biomass. South Australia is excluded due to lack of data. The number of
observations for each state x vegetation type combination are given in Table 1.
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