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Abstract

1. Quantifying ecosystem condition consistently across space and time is a central challenge in
biodiversity monitoring, ecosystem accounting, and ecological restoration. Earth observation
(EO) data provide extensive coverage, but translating remotely sensed ecosystem characteristics
into ecologically meaningful measures of condition requires approaches that account for ecological
context, and natural variability across space and time.

2. The Habitat Condition Assessment System (HCAS) addresses this challenge through a
reference-based benchmarking framework that evaluates ecosystem characteristics relative to
ecologically comparable high-integrity reference ecosystems. However, the absence of a general,
reproducible implementation has limited broader application of this approach across regions and
datasets.

3. Here, we present a scalable workflow that formalises the HCAS framework as an analytical
system, in which the ClassicHCAS R package implements core ecosystem condition calculations.
The workflow integrates remotely sensed ecosystem condition variables, environmental covariates,
and reference ecosystem data within a benchmarking framework. Ecological context is addressed
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through reference ecosystem modelling, while ecosystem condition is inferred by benchmarking
observations against multiple ecologically comparable reference ecosystems. The modular
workflow supports alternative modelling approaches, analytical configurations and calibration
strategies while maintaining consistency within a common reference-based framework.

4. We demonstrate the workflow using a continental-scale application for Australia (Supporting
Information), generating spatially explicit ecosystem condition estimates and multi-decadal
time series from Landsat data aggregated at 90 m resolution. Results capture broad gradients
of ecosystem modification, fine-scale spatial structure and temporal dynamics relative to a
consistent long-term reference framework. By providing open-source implementations of the
HCAS workflow, including the ClassicHCAS R package and accompanying workflow code, we
provide a reproducible and scalable approach to ecosystem condition assessment from EO data
that can be readily adapted to di!erent regions, datasets and applications.

KEYWORDS: biodiversity monitoring, ecosystem accounting, ecosystem characteristics, ecosys-
tem integrity, large-scale analysis, open-source software, remote sensing, reproducible workflow

1- INTRODUCTION

Quantifying ecosystem condition consistently across space and time is central to biodiversity
monitoring, ecosystem-based management, natural capital accounting, and restoration planning
(Luxton et al. 2026). Earth observation (EO) data provide unprecedented spatial and temporal
coverage for monitoring ecosystem characteristics (Ustin & Middleton 2021), yet translating these
observations into ecologically meaningful measures of ecosystem condition remains a persistent
challenge (Pettorelli et al. 2018). Interpretation of EO-derived ecosystem characteristics requires
approaches that account for ecological context, natural variability and human-driven modification
(Anderson 2018; Senf 2022).

The Habitat Condition Assessment System (HCAS) was developed to address this challenge by
linking EO-derived ecosystem characteristics to ecologically comparable high-integrity reference
ecosystems (Harwood et al. 2016). Within this framework, ecosystem condition is inferred through
reference-based benchmarking, where observed ecosystem characteristics are evaluated relative
to the range of characteristics exhibited by ecologically comparable high-integrity reference
ecosystems. This approach explicitly recognises that ecosystem condition is context-dependent
and that high-integrity ecosystems may exhibit multiple valid expressions of structure, function
and composition across common environmental settings.

HCAS was originally proposed as a general conceptual framework rather than a fixed analytical
method, integrating EO time-series, environmental covariates and reference ecosystem information
within a reference-based benchmarking approach (Harwood et al. 2016). Despite its conceptual
strengths and demonstrated applicability, broader application of HCAS has been constrained
by the absence of a general, reproducible computational workflow. Early applications were
tailored to specific datasets, modelling decisions, and processing workflows, limiting transparency,
extensibility, and comparability across regions and analyses (Harwood et al. 2016; Williams
et al. 2021). This reflects a broader challenge in computational ecology, where translation of
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conceptual frameworks into accessible, reproducible software is critical for uptake and cumulative
methodological development (Sandve et al. 2013; Lowndes et al. 2017).

Here we describe an extensible workflow that operationalises the HCAS framework as a modular
and reproducible analytical system, with ClassicHCAS, an open-source R package, implementing
the core benchmarking, time-series estimation and calibration functions (Figure 1). The work-
flow explicitly separates reference ecosystem modelling component from ecosystem condition
benchmarking, enabling alternative modelling approaches, data inputs and calibration strategies
to be implemented within a consistent reference-based framework.

By formalising HCAS into a transparent and scalable workflow, with ClassicHCAS at its core, we
provide a generalisable foundation for integrating EO data, environmental covariates and reference
ecosystem data within a consistent benchmarking framework. The modular workflow can be
applied across whole regions or stratified ecosystem assessments, with ecosystem characteristics
modelled individually or jointly, providing flexibility for di!erent applications while maintaining
conceptual consistency. Full implementation of the workflow enables repeated, spatially explicit
estimation of ecosystem condition across regions and through time, supporting applications in
biodiversity monitoring (e.g. Mokany et al. 2022; Ward et al. 2024), restoration planning (e.g.
Murphy et al. 2025), and ecosystem accounting (e.g. Giljohann et al. 2025).

In presenting the workflow, we clarify which components are implemented within ClassicHCAS
and which are external to the package (Figure 1). Throughout, we refer to the Supporting
Information, which demonstrates application of the workflow across continental Australia.

Figure 1: Diagrammatic workflow showing the main stages from input data and reference
ecosystem modelling through benchmarking and calibration. Components implemented within
the ClassicHCAS R package are indicated with blue labels.

2- WORKFLOW OVERVIEW AND DESIGN PRINCIPLES

The HCAS workflow is designed to address a set of ecological challenges inherent to estimating
ecosystem condition from Earth observation data. These challenges shape the structure of
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the workflow, the input data required, and the analytical procedures used to infer ecosystem
condition. This section outlines the ecological rationale underpinning the workflow, focusing
on their conceptual roles and relationships rather than their computational implementation.
The workflow comprises a modular sequence of stages—data preparation, reference ecosystem
modelling, condition benchmarking, time-series estimation, and calibration—each addressing a
distinct aspect in ecosystem condition inference (Figure 1).

While the sequence and functional roles of these stages are fixed, the workflow is designed to
be modular and analytically flexible (Figure 2). Alternative data inputs, reference ecosystem
modelling approaches and condition-calibration strategies can be implemented within a consis-
tent reference-based benchmarking framework. For example, analyses may be applied across
entire regions or stratified by ecosystem type, and variables representing observed ecosystem
characteristics may be modelled individually or jointly within a multivariate framework. This
flexibility allows adaptation to di!erent datasets and applications—such as ecosystem accounting
(Czúcz et al. 2021b; United Nations et al. 2024)—without altering the underlying inferential
logic of the workflow.

Figure 2: Flexible analytical pathways. The HCAS workflow can be applied across whole
regions or stratified by ecosystem types, with condition variables modelled individually or
jointly. This modularity enables adaptation to di!erent data and contexts while maintaining a
consistent benchmarking framework.

The following sections describe the ecological challenges that motivate the workflow (Section
2.1), the data required to implement it (Section 2.2), and the analytical architecture through
which ecosystem condition is inferred. Computational procedures underpinning each stage are
described in Section 3.
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2.1 Ecological application challenges confronting ecosystem condition estima-
tion using Earth observation data

HCAS estimates ecosystem condition by evaluating how closely the observed characteristics of
an ecosystem align with those of ecologically comparable high-integrity reference ecosystems.
Earth observation data provide measurements of ecosystem characteristics, representing aspects
of ecosystem structure, function and composition, which are translated into condition variables
(sensu Keith et al. 2020). Ecosystem condition is inferred within a reference-based benchmarking
framework rather than measured directly. Implementing this framework requires addressing
several interdependent ecological challenges (Harwood et al. 2016).

Ecosystem condition is inherently dependent on ecological context: similar observed ecosystem
characteristics may indicate di!erent levels of integrity in di!erent environmental settings. For
example, vegetation cover or productivity that is characteristic of a high-integrity ecosystem
in a dry upland environment may indicate reduced condition in a more productive valley-
bottom environment. Conversely, high-integrity ecosystems can exhibit a range of characteristics
within comparable environmental settings, including those associated with alternative ecological
states (Beisner et al. 2003). Condition assessments must therefore accommodate the range of
characteristics exhibited by high-integrity ecosystems in an ecologically comparable setting. In
addition, ecosystem characteristics vary through time in response to natural processes such as
seasonal cycles, disturbance and recovery, requiring condition assessments to distinguish transient
ecological dynamics from persistent ecological change. Finally, high-integrity reference ecosystems
are often unevenly distributed or scarce across environmental space, creating challenges for the
selection of representative benchmarks and increasing the risk of bias if limitations in reference
data are not explicitly managed.

These ecological application challenges have shaped the structure of the HCAS workflow (Fig-
ure 1). Ecological context is addressed through reference ecosystem modelling, which models
how remotely sensed characteristics of reference ecosystems are expected to vary as a function
of spatial variation in environmental covariates (climate, soil, terrain) thereby informing the
selection, and weighting, of reference ecosystems used to assess condition at any given location
of interest. Alternative high-integrity ecosystem expressions and natural temporal variability
are accommodated by benchmarking observations against multiple reference ecosystems within
comparable environments, allowing condition to be evaluated relative to the range of characteris-
tics exhibited by these ecosystems over both space and time. Limitations in the availability and
representativeness of reference ecosystems are addressed by weighting benchmark reference sites
according to their ecological comparability with the target site, ensuring that the most relevant
available reference sites exert the greatest influence on condition estimates. Calibration then
transforms benchmarked estimates onto a consistent scale that is interpretable and comparable
across space and time.

5



2.2 Required input data

The HCAS workflow is underpinned by three core input data components that define the empirical
basis for ecosystem condition estimation: (i) reference ecosystem and highly modified sites, (ii)
remotely sensed ecosystem condition variables, and (iii) abiotic environmental covariates.

These components provide complementary information required for reference-based inference.
Remotely sensed ecosystem condition variables describe observed ecosystem characteristics;
environmental covariates define the abiotic settings in which these characteristics are expressed;
and reference and highly modified sites provide the empirical bounds for interpreting ecosystem
condition along a continuous scale.

2.2.1 Reference ecosystem sites and highly modified sites

Reference ecosystem sites are contemporary locations that approximate the dynamics of high-
integrity ecosystem states across the environmental heterogeneity represented within the study
domain. They provide the empirical basis for assessing ecosystem condition relative to high-
integrity reference ecosystems and represent the upper range of ecosystem condition within the
framework. Identification of reference sites typically integrates multiple data sources, including
land-use and land-cover information, remnant vegetation mapping, on-ground observations and
expert ecological knowledge (see Section S2.2 for the continental Australia implementation).

Reference ecosystems are intended to represent the range of high-integrity states observable under
contemporary environments. When combined with Earth observation and environmental data,
reference ecosystem sites provide the empirical basis for interpreting ecosystem characteristics
relative to the range expressed by high-integrity ecosystems (Harwood et al. 2016).

Two complementary sets of reference sites are used within the workflow. Training reference sites
are selected to represent the full range of environmental gradients, enabling robust prediction of
ecosystem characteristics across the study domain. Benchmark reference sites are selected to
represent variation in both environmental gradients and observed ecosystem characteristics, and
provide the basis for benchmarking against multiple plausible reference states. The representa-
tiveness and distribution of reference sites strongly influence both reference ecosystem modelling
and condition benchmarking.

Highly modified sites represent ecosystems substantially altered by sustained human activities
such as intensive agriculture or urbanisation. These sites are used to anchor the lower end of the
calibrated condition scale, support model evaluation, and improve interpretability of outputs.

2.2.2 Remotely sensed ecosystem condition variables

Remotely sensed ecosystem condition variables are proxies for ecosystem characteristics derived
from Earth observation (EO) data, providing consistent measures of ecosystem structure,
composition, and function across space and time (Graetz 1990; Czúcz et al. 2021a; Senf 2022).
These variables form the observable component of ecosystem condition estimation within the

6



workflow.

Variables are selected to capture multiple dimensions of ecosystem characteristics while remaining
ecologically meaningful, sensitive to ecosystem modification, robust to noise and data gaps,
and consistently derivable at large spatial scales (Levick et al. 2025; Álvarez-Martínez et al.
2026). EO-derived variables may include spectral, structural, and functional metrics describing,
for example, vegetation cover, productivity, phenology, and disturbance-response dynamics
(Kooistra et al. 2024).

Long, temporally consistent EO time series are essential for distinguishing transient ecological
dynamics from persistent ecosystem change. Multi-decadal satellite archives such as Landsat
(Verbesselt et al. 2010; Kennedy et al. 2014; Hemati et al. 2021) provide the temporal depth
required for this purpose. Although the HCAS framework is conceptually independent of any
particular sensor, its application depends on the availability of EO data with su"cient temporal
consistency and spatial coverage (Bathiany et al. 2025).

Two sets of ecosystem condition variables are derived from the same EO source data. One set
represents long-term ecosystem characteristics by summarising observations across multi-decadal
time series, while the other applies the same statistical summaries to shorter temporal periods
to define assessment epochs. The long-term variables establish the condition inference process,
while the short-term variables provide the basis for time-series condition estimation (Section
3.3). The Landsat-derived variables, long- and short-term aggregations, data-gap treatment and
z-score standardisation used for continental Australia are described in Section S2.3.

2.2.3 Abiotic environmental covariates

Abiotic environmental covariates describe relatively stable gradients, such as climate, soils,
landform, and hydrology, that influence the distribution and diversity of reference ecosystem
characteristics over the region of interest. Their primary role is to characterise ecological context
and support identification of ecologically comparable reference ecosystems.

Within the workflow, environmental covariates are used as predictors in the reference ecosystem
model (Figure 1), enabling observed ecosystem characteristics to be interpreted relative to
context-specific reference expectations. This reduces the risk that environmentally driven
variation is misinterpreted as ecosystem modification and supports consistent comparison across
heterogeneous landscapes.

Covariates are selected to capture major environmental gradients influencing reference ecosystem
distribution and diversity while minimising direct representation of anthropogenic modification,
thereby reducing circularity in condition inference. The environmental covariate selection process
and final covariate sets used for continental Australia are described in Section S2.4 and Appendix
A (in the Supporting Information). Environmental covariates also guide selection of reference
site subsets for both model training and benchmarking, helping ensure adequate representation
of environmental space (see Section S2.5 for the continental Australia sampling procedures).
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2.2.4 Data preparation and alignment

Prior to analysis, remotely sensed ecosystem condition variables and environmental covariates
are z-score standardised. The z-score statistics derived from the long-term remotely sensed
variables are applied to all short-term variables so that both long-term and short-term variables
can be represented within a consistent multivariate space during benchmarking. Standardising
environmental covariates ensures stable reference ecosystem model fitting (Section 3.1).

All input datasets should be aligned within a common spatial and analytical framework prior to
analysis. This includes harmonisation of coordinate reference systems, spatial resolution, and
grid geometry, ensuring that reference and highly modified sites, remotely sensed ecosystem
condition variables and environmental covariates correspond to the same spatial units of analysis.
Appropriate quality control procedures should also be applied to ensure reliability of inputs,
including treatment of missing data where appropriate. The analysis extent, grid resolution and
spatial alignment used for continental Australia are documented in Section S2.1.

2.3 ClassicHCAS implementation architecture and workflow execution

Within the broader HCAS workflow, data preparation, reference ecosystem modelling, input-data
selection and workflow orchestration are external to the ClassicHCAS R-package (Figure 1). This
separation enables alternative approaches to these components while maintaining consistency in
ecosystem condition inference through a common benchmarking framework.

The core computational functions of ClassicHCAS—construction of the inferential reference
surface, condition benchmarking and calibration—are implemented in C++ via Rcpp (Eddelbuettel
& Francois 2011) and parallelised using OpenMP (Dagum & Menon 1998), enabling e"cient
processing of large spatial datasets. The package supports both raster and tabular inputs,
facilitating application across a range of spatial scales and use cases (Figure 2). This design
allows individual workflow components to be configured, executed, and evaluated independently,
supporting methodological flexibility and reproducibility.

Integration with geospatial processing frameworks such as the terra package (Hijmans et al. 2026)
enables e"cient handling of large raster datasets. In particular, out-of-memory processing allows
data to be partitioned into manageable chunks rather than loaded entirely into memory, reducing
computational constraints when working with high-resolution, continental-extent datasets.

Application of the HCAS workflow at large spatial scales requires execution strategies that extend
beyond the core ClassicHCAS implementation. Large Earth observation datasets are typically
partitioned into smaller spatial units (e.g. raster tiles) that can be processed independently,
supporting execution within available memory and enabling parallel processing across multiple
computing resources. The degree and configuration of parallelisation depend on the computational
infrastructure within which the workflow is deployed. The tiled, distributed implementation
used for continental Australia is described in Section S5.1.

Several workflow components may be computed once and subsequently reused across spatial
subsets and temporal analyses. These include the reference ecosystem model (external to
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ClassicHCAS), inferential reference surface, benchmarking parameters and calibration functions.
Reuse of such invariant components reduces computational cost, promotes consistency among
analyses, and enables ClassicHCAS to be embedded within a wide range of external processing
pipelines as a transparent and repeatable foundation for ecosystem condition assessment. The
complete workflow configuration and version-specific ClassicHCAS settings for the continental
Australia implementation are summarised in Section S3.3.

3- CENTRAL ANALYTICAL WORKFLOW

This section describes the four analytical stages used within HCAS to infer ecosystem condition:
reference ecosystem modelling, condition benchmarking, time-series condition estimation and
calibration (Figure 1). Reference ecosystem modelling is undertaken externally to ClassicHCAS,
whereas reference-surface construction, condition benchmarking and calibration are implemented
within the package; time-series estimation applies the established long-term configuration to
epoch-specific observations of ecosystem characteristics.

3.1 Reference ecosystem modelling

Reference ecosystem modelling is conducted externally, and the resulting spatial predictions
applied to every location in the study region are provided as inputs to ClassicHCAS (Figure 1).
The objective is to characterise relationships between abiotic environmental covariates and
the summarised, long-term remotely sensed ecosystem condition variables using representative
training observations from high-integrity reference ecosystems. These modelled relationships are
used to predict the remote sensing distance expected between any given pair of sites—either
between two training reference sites, or between a target location and a benchmark reference
site—if both those sites were in reference condition. These predictions play three key roles
when addressing ecological context in the benchmarking part of the HCAS workflow (Section
3.2). They contribute to construction of the inferential reference surface (Section 3.2.1), support
identification of ecologically comparable benchmark reference sites for each target location, and
provide the basis for weighting selected benchmark reference sites according to their expected
ecological di!erences from the target location (Section 3.2.3).

The HCAS workflow is not tied to a specific modelling approach. Example implementations
have employed flexible methods such as Generalised Additive Models (GAMs; via the mgcv R
package; Wood 2011), which allow smooth responses to environmental predictors and can provide
estimates of model uncertainty (Pedersen et al. 2019). The chosen modelling framework should
accommodate large spatial datasets and complex, non-linear relationships between ecosystem
characteristics and environmental gradients (see Section S2.6 for the continental Australia
implementation).

Models are fitted using training data from reference ecosystem sites (Section 2.2.1). A separate
model is fitted for each long-term remotely sensed ecosystem condition variable, enabling flexible
representation of di!erent ecological responses to environmental gradients, and supporting both
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univariate and multivariate implementations of the workflow (Figure 2).

3.2 Condition benchmarking

Condition benchmarking is the core analytical component of the HCAS workflow and is im-
plemented within ClassicHCAS. Ecosystem condition is inferred by comparing the observed
characteristics of a target location with those of multiple ecologically comparable high-integrity
reference ecosystems (Figure 3). Rather than benchmarking observations against a single
expected value for each remotely sensed ecosystem characteristic, HCAS evaluates condition
relative to the range of remotely sensed characteristics exhibited by comparable reference ecosys-
tems. This enables ecosystem condition to be inferred while accommodating ecological context,
alternative high-integrity ecosystem expressions and natural temporal variability.

Figure 3: Conceptual interpretation of observed versus predicted remotely sensed (RS) distances
in HCAS condition benchmarking. (a) Predicted RS distance is the di!erence in remotely
sensed characteristics expected if both sites were in reference states, given their environmental
di!erences. Departure of the observed RS distance from this prediction indicates ecosystem
modification. (b) For ecosystem in reference state, observed RS distances remain close to their
predicted distances from benchmark reference sites. (c) For modified ecosystems, observed RS
distances depart from predictions, with greater departures indicating greater modification.
Shading represents the expected reference relationship.

The inferential reference surface that supports this comparison is described in Section 3.2.1,
followed by the procedure used to select benchmark reference sites and estimate condition for
individual locations (Section 3.2.2).

3.2.1 Establishing the inferential reference surface

The inferential reference surface is constructed using observed remotely sensed ecosystem
condition variables from training reference sites and corresponding predictions from the reference
ecosystem model. Observed and predicted multivariate distances are calculated between pairs
of training reference sites to characterise the remotely sensed empirical relationships among
high-integrity reference ecosystems.
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Let pi and pj denote two reference sites, with Oi, Oj , and Pi, Pj , their vectors of observed
and predicted ecosystem condition variables respectively. The predicted and observed distances
between the sites are:

d
pred
ij = →Pi ↑ Pj→1 as Eq. 1, and

d
obs
ij = →Oi ↑ Oj→1 as Eq. 2.

where →•→1 denotes the L1 norm, or Manhattan distance. These distances are calculated for
every unique pair of training reference sites within a specified geographic radius.

The resulting pairs
(
d

pred
ij , d

obs
ij

)
are processed to form a two-dimensional empirical probability

density surface, H

(
d

pred
, d

obs
)
, representing the frequency distribution of predicted and observed

distances among representative reference ecosystems. The resolution of this surface is controlled
by two parameters: bin width and bin number. The surface is then trimmed to remove poorly
supported regions, smoothed to fill gaps and reduce edge e!ects, and normalised with respect to
predicted distance to ensure comparability across analyses, resulting in the inferential reference
surface. The corresponding construction steps and ClassicHCAS settings for the continental
Australia implementation are documented in Section S3.1.1.

3.2.2 Selecting benchmark reference sites

Benchmarking begins by identifying a candidate pool of benchmark reference sites within a
specified geographic search radius of a target location. Ecological comparability is evaluated
subsequently using predicted target–reference distances.

We will denote benchmarks that are known to be in reference condition as pi for some index i,
while sites with unspecified condition will be denoted as qj . In particular, a site that is being
assessed by the method (“the target location”) will be denoted as qt. Note that qt may itself be
a known benchmark, but that does not a!ect the treatment.

Let Xt, Xi denote the spatial coordinates of qt and pi, and R0 > 0 be a specified spatial search
radius (e.g. R0 = 200 km). Candidate reference sites are first restricted to the set:

C
0
t = {pi : →Xi ↑ Xt→2 ↓ R0 and pi ↔= qt} as Eq. 3,

where →•→2 denotes Euclidean geographic distance. Note that qt is explicitly excluded from being
its own candidate reference site.

Let Pt, Pi be the vectors of predicted remote sensing variables for sites qt and pi. For each
candidate benchmark reference site pi ↗ C

0
t , the predicted remotely sensed distance from the

target location is therefore:
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d
pred
it = →Pi ↑ Pt→1 as Eq. 4.

That is, d
pred
it is a target–reference pairwise distance in predicted reference ecosystem distance-

space. This predicted distance establishes the level of ecological comparability between the
target location and its available candidate benchmark reference sites.

Prior to candidate benchmark reference site selection, an optional spatial penalty can be applied,
calculated as:

git =
∥∥∥X̂i ↑ X̂t

∥∥∥
1

as Eq. 5,

where X̂i and X̂t are the standardised geographic coordinates of pi and qt. This term (Eq. 5)
complements Equation 6 by favouring geographically nearer benchmark reference site candidates,
where available.

Candidate benchmark reference sites are ranked using the combined geographic selection param-
eters (from Eqs. 4 and 5):

ait = d
pred
it + µgit as Eq. 6,

where µ ↘ 0 controls the influence of spatial separation. Higher values of µ penalise the selection
of geographically distant reference sites. For a selected integer k1 > 0, let Tk1 be the k

th
1 smallest

value of ait. Then

C
1
t = {pi ↗ C

0
t : ait ↓ Tk1} as Eq. 7

is the set of k1 sites with the smallest values of ait (for example k1 = 50). This second stage
restricts candidate benchmark reference sites to the most geographically proximal and ecologically
comparable reference ecosystems relative to the target location.

For each retained candidate benchmark reference site in C
1
t , the observed remotely sensed

distance to its target location is:

d
obs
it = →Oi ↑ Ot→1 as Eq. 8,

where Ot, Oi is the observed remotely sensed variables at qt and pi.

Using d
obs
it and d

pred
it (from Eqs. 4 and 8) for target location qt and candidate benchmark pi,

an estimate of the likelihood that qt is drawn from the global population of sites in reference
condition is assigned from the inferential reference surface using H(dpred

it , d
obs
it ). For each

candidate benchmark reference site in C
1
t , this measures how well the predicted remotely sensed

distance from the target location matches the observed remotely sensed distance under the
assumption that the target location represents a site in reference condition.
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Next, sort and relabel the benchmark sites in C
1
t so that they are ranked by decreasing

H(dpred
it , d

obs
it ), and so that now, H

(
d

pred
1t , d

obs
1t

)
↘ H

(
d

pred
2t , d

obs
2t

)
↘ . . . ↘ H(dpred

k1t , d
obs
k1t).

For a chosen k2 with 0 < k2 ↓ k1, let:

C
2
t = {p1, p2, . . . pk2} as Eq. 9

That is, C
2
t is the set of k2 candidate sites from C

1
t with the highest likelihood that the target

location, qt, is drawn from the global population of sites in reference condition (for example
k2 = 10).

The above describes the nested sets C
2
t ≃ C

1
t ≃ C

0
t , representing the stages of benchmark selection,

with C
2
t the final set of candidates to be used for benchmarking qt.

3.2.3 Assigning pre-calibration condition scores

The likelihoods, H(dpred
it , d

obs
it ), from benchmark reference sites in C

2
t are weighted according to

their predicted remotely sensed distance to the target location using a Gaussian kernel. For a
benchmark reference site pj , with predicted distance to the target location d

pred
jt and selected

scale parameter ω > 0, the unnormalised kernel weight is:

w̃jt = exp



↑



d
pred
jt

ω




2

 as Eq. 10.

The scale parameter ω controls how rapidly the benchmark reference site influence declines with
decreasing ecological comparability to the target location.

This weighting scheme allows all selected k2 benchmark reference sites to contribute to condition
estimation while ensuring that ecologically more comparable reference ecosystems exert greater
influence on the final condition estimate for the target location. ClassicHCAS also supports a
Cauchy kernel as an alternative weighting function.

The benchmark reference site p1 (with the largest likelihood H

(
d

pred
1t , d

obs
1t

)
from Eq. 9) is given

additional influence through a boost parameter ε ↘ 1. This prevents the strongest empirically-
supported target–reference analogue from being diluted by averaging across less comparable
k2 benchmark reference sites to target location, particularly where multiple plausible reference
ecosystem expressions are present. The adjusted weights are defined as:

wjt =


εw̃jt, j = 1,

w̃jt, j > 1.
as Eq. 11.

Values of ε > 1 increase the influence of the highest reference-density benchmark, whereas ε = 1
gives the ordinary kernel-weighted mean. By default, ε = k2. The weights of remaining k2 ↑ 1
benchmark reference sites are unchanged.
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The weights, after boost adjustment, are then normalised so that their relative contributions
sum to one:

ϑjt = wjt

k2

ω=1
wωt

as Eq. 12.

The pre-calibration condition index for target location qt is the weighted mean of inferential
reference surface values across its k2 benchmark reference sites, calculated as:

h (qt) =
k2

j=1
ϑjtH(dpred

jt , d
obs
jt ) as Eq. 13.

Larger values of h indicate stronger alignment between the observed ecosystem characteristics of
the target location and the distribution of characteristics exhibited by comparable high-integrity
reference ecosystems. The continental Australia implementation and software-version-specific
settings for this benchmarking procedure are documented in Section S3.1.2.

The parameters settings for R0 (Eq. 3), µ (Eq. 6), k1 = size(C1
t ) (Eq. 7), k2 = size(C2

t ) (Eq.
9), ω (Eq. 10), and ε (Eq. 11) are chosen through the parameter-selection process described in
Section 3.2.4.

3.2.4 Choosing benchmarking parameters

Parameter choices in the benchmarking stage influence how benchmark reference sites are
selected, weighted and represented for each target location. Key parameters include the spatial
search radius, the number of candidate and retained reference sites, and the weighting function
used in condition estimation. Selection of these parameters is external to ClassicHCAS because
it depends on the available data and application context.

In the absence of independent ecosystem condition data (e.g. ecological field surveys), parameter
selection can be guided using mapped land-use classes representing increasing levels of ecosystem
modification (e.g. Hirsh-Pearson et al. 2022; Zhou et al. 2025; Venegas-Li et al. 2026), together
with reference and highly modified sites to approximate the upper and lower ends of the
condition gradient (Section 2.2.1). Parameter tuning can be conducted using random or grid
search approaches (Bergstra & Bengio 2012), with performance evaluated using the area under the
receiver-operating characteristic curve (AUC; Fawcett 2006) based on the ability of the condition
estimates (pre-calibration) to discriminate among classes along the modification gradient.

Under this approach, AUC is calculated for pairs of modification classes (e.g. reference versus
moderately modified, moderately versus highly modified), and the optimal parameter set is
selected by maximising mean discrimination across these pairs (see Section S3.1.3 for a worked
example). The condition index is then assessed for its ability to preserve the expected ordering
of ecosystem modification across these classes, with reference sites exhibiting the highest values
and highly modified sites the lowest. The AUC quantifies the probability that a randomly
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selected site from a less-modified class is assigned a higher condition value than a site from
a more-modified class. To capture performance across the full modification gradient, AUC
is calculated for adjacent class-pairs, and the optimal parameter set is defined as that which
maximises mean sequential AUC across all pairs (see Section S3.1.3 for the continental Australia
worked example).

3.3 Time-series condition estimation

Time-series condition estimates are derived by replacing the long-term observed remotely sensed
ecosystem condition variables used in benchmarking with equivalent variables summarised over
shorter temporal periods (e.g. annual or multi-year epochs), while retaining the long-term
reference ecosystem model and inferential reference surface. Benchmarking is then applied as
described in Section 3.2 for each temporal epoch, using the inferential reference surface and
benchmarking parameters established for the long-term epoch. This results in epoch-specific
pre-calibration condition estimates that can be interpreted consistently through time (see Section
S3.4 for the continental Australia temporal implementation).

This approach ensures that temporal variation in condition estimates can be interpreted relative
to a consistent long-term reference framework rather than artefacts arising from changing model
expectations.

3.4 Calibration

Calibration in ClassicHCAS uses a monotonic Hermite spline (Fritsch & Carlson 1980; Dougherty
et al. 1989), implemented with splinefun in the R stats package (R Core Team 2026), to
transform the pre-calibration condition score into a standardised and interpretable measure of
ecosystem condition on a continuous 0–1 scale. This non-parametric transformation preserves the
relative ordering of sites. Calibrated values approaching 1 correspond to ecosystems consistent
with high-integrity reference condition, and those approaching 0 correspond to highly modified
ecosystems. Because pre-calibration values are aligned with ecologically comparable high-integrity
reference ecosystems, they di!er in range and distribution with variation in input data and
model configurations. Therefore, calibration supports comparability among implementations.

Calibration coordinates are determined external to ClassicHCAS. The calibration coordinates
used for continental Australia, including the provenance of the upper and lower internal coordi-
nates, are documented in Section S3.2.

To describe the calibration process, let R be the set of pixels in reference condition and let H be
the set of highly modified pixels. Recalling that h (Eq. 13) is the function that maps a point in
the study area to its pre-calibrated score, let HR = {h(q) : q ↗ R} be the set of all pre-calibrated
scores over the set R and, similarly, HH = {h(q) : q ↗ H} be the set of pre-calibrated scores
over the set H.

A corresponding ecosystem condition value on the 0–1 scale is assigned that represents an
empirically-derived median value or expert estimate for each of these sets, say, CR and CH.
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Denote the median values of the pre-calibrated scores over these regions as med(H
R

) and
med(H

H
). The calibration curve, ϖ is a monotonic Hermite spline fitted to selected knots.

Since ϖ is monotonic, it will preserve the rank ordering of the pre-calibration scores and
therefore preserves their median values. By including the two knot points (med(H

R
) , CR) and

(med(H
H

), CH) we can be assured that:

med (ϖ (HR)) = ϖ (med(H
R

)) = CR as Eq. 14

and

med (ϖ (HH)) = ϖ (med(H
H

)) = CH as Eq. 15.

The median values of reference and highly modified areas will therefore match the empirical
or expert-determined estimates after calibration. To anchor the calibration at the lower end,
the knot point (0, 0) is included. At the upper end, the maximum of the pre-calibration scores
should be calibrated to 1, but cannot be the sole tie point, because the maximum is sensitive to
the exact choice of k2 benchmark reference sites.

Let hmax be the maximum pre-calibrated score over the entire study area, and hq be a very
large quantile of the pre-calibrated score (for example the 99.99th percentile, with q = 0.9999).
The two additional knots (hq, q) and (hmax, 1) are included in the calibration curve to provide
a robust transformation from pre-calibration scores to the interval [0, 1]. Table 1 provides a
summary of the knot points used in the calibration curve and their purpose.

Table 1: Summary of the spline knots used in the calibration curve.

Pre-calibrated value Calibrated value Description

0 0 Lower anchor
med(H

H
) CH Expert-assigned median highly modified

condition
med(H

R
) CR Expert-assigned median reference condition

hq 0.9999 Robust upper anchor
hmax 1 Upper anchor

Calibration coordinates derived from the long-term epoch used to establish the parameters for
condition benchmarking are applied consistently across all long- and short-term epochs. To
maintain temporal consistency, where required, gain scaling can be applied to short-term epoch
pre-calibration condition estimates before calibration (see Section S3.4).

5- DISCUSSION

The HCAS workflow provides a scalable and reproducible implementation of a reference-based
approach to ecosystem condition assessment from Earth observation (EO) data. By formalising
the HCAS framework as a modular analytical workflow, the approach provides a transparent
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and flexible foundation for large-scale ecosystem condition assessment. The continental-scale
Australian application presented in the Supporting Information demonstrates that these concepts
can be operationalised using multi-decadal EO datasets to generate spatially explicit and
temporally consistent condition estimates.

Supporting evidence for the continental Australia application includes evaluation of the inferred
reference-site dataset (Section S4.1) and comparison with an independently developed regional
condition product (Section S4.2).

The HCAS workflow addresses several longstanding challenges associated with inferring ecosystem
condition from EO data, including those relating to ecological context, alternative high-integrity
ecosystem expressions, and benchmarking against ecologically comparable reference ecosystems.
However, interpretation of condition estimates should still take into consideration ecological,
implementation and data-related limitations, as well as uncertainty arising throughout the
workflow. These considerations, and opportunities for future methodological development, are
discussed below.

5.1 Limitations of the HCAS approach

Several limitations arise from the inherent challenges of defining and inferring ecosystem condition
using remotely sensed data. As outlined in Section 2.1, ecosystem condition is context-dependent
and must be interpreted relative to ecologically comparable high-integrity ecosystems. Although
HCAS addresses ecological context through reference ecosystem modelling and benchmarking,
no model can fully represent all abiotic and biotic drivers influencing ecosystem characteristics.
Therefore, ecological context may be incompletely represented, particularly in complex or highly
heterogeneous landscapes.

High-integrity ecosystems can also exhibit multiple valid expressions of structure, composition,
and function within similar environmental settings. HCAS accommodates this challenge by
benchmarking observations against multiple ecologically comparable reference ecosystems rather
than a single reference state. Nevertheless, the range of high-integrity ecosystem expressions
represented in any assessment is constrained by the available reference ecosystem sample and
the ecosystem characteristics captured by the selected Earth observation variables. As a result,
some valid reference ecosystem expressions may remain underrepresented.

Natural temporal variability presents a further challenge. Ecosystem characteristics vary through
time in response to processes such as seasonal cycles, disturbance and recovery. While HCAS
seeks to distinguish transient ecological dynamics from persistent ecological change, complete
separation of these processes is inherently di"cult. Temporal variation in condition estimates
may therefore reflect some combination of natural variability and sustained ecological change,
particularly where long-term reference information is limited.

The availability and representativeness of high-integrity reference ecosystems also constrain
ecosystem condition inference. Reference ecosystems are often unevenly distributed across
environmental space, and some environmental settings may have few suitable reference ecosys-
tems. Although HCAS accommodates this challenge through benchmarking and ecological-
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comparability weighting, uncertainty increases where benchmark support is limited or where
available reference ecosystems incompletely represent the range of high-integrity ecosystem
expressions.

More broadly, attribution of observed variation to ecosystem modification remains uncertain.
Remotely sensed ecosystem characteristics integrate responses to both natural processes and
human influences, and similar ecosystem responses may arise from multiple interacting drivers.
Ecosystem condition estimates should therefore be interpreted as measures of alignment with the
characteristics exhibited by ecologically comparable high-integrity reference ecosystems, rather
than as direct evidence of specific ecological mechanisms or causes of change.

These challenges are not confined to HCAS alone but are instead shared by all e!orts to
assess ecosystem condition using Earth observation data. Condition estimates should therefore
be interpreted as relative measures of ecosystem condition rather than absolute measures of
ecosystem state.

5.2 Limitations of the ClassicHCAS implementation

Several limitations arise from the current implementation of ClassicHCAS. Benchmarking is
based primarily on high-integrity reference ecosystems, with highly modified sites used to anchor
the calibrated condition scale. While this ensures that condition is defined relative to ecologically
meaningful reference states, it does not explicitly incorporate the full gradient of ecosystem
modification during condition inference, which may limit discrimination among intermediate
condition states. Yet Harwood et al. (2016) originally described the broader HCAS framework
as integrally using both high-integrity reference ecosystems and highly modified ecosystems.

Calibration introduces an additional implementation dependency. The calibrated condition scale
relies on assumptions regarding the ecological interpretation of reference and highly modified
sites, and these assumptions may di!er among regions. In landscapes where few high-integrity
reference ecosystems remain, contemporary reference ecosystems may fall below the theoretical
reference state, requiring expert-informed adjustment of upper calibration bounds.

Condition estimates are also influenced by the representativeness and density of reference site data.
Under-representation of particular environmental settings or ecosystem expressions may reduce
the performance of both reference ecosystem modelling and benchmarking. The continental
Australia implementation incorporated model-based uncertainty quantification using bootstrap
resampling of reference sites to generate confidence intervals around condition estimates (Section
S3.5).

Parameterisation of the benchmarking process introduces an additional source of variability.
Choices relating to neighbourhood definition, number of candidate and benchmark reference sites,
weighting functions and associated tuning parameters influence condition estimates and may a!ect
comparability among applications if not consistently selected and documented. Benchmarking
parameter selection for the continental Australia implementation is described in Section S3.1.3.

The current implementation assumes that reference ecosystems retain high levels of integrity and
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fluctuate within the range represented by the long-term reference framework. While this supports
consistency in interpretation, it does not explicitly account for temporal variability in reference
ecosystems. Reference ecosystems themselves may be subject to persistent environmental
pressures (e.g. Bergstrom et al. 2021; Wu et al. 2026), and such changes may not be represented
within the benchmarking framework.

These limitations are specific to the current implementation of ClassicHCAS, rather than to
the HCAS framework itself, and represent areas for continued methodological development and
evaluation.

5.3 Limitations of Earth observation and environmental data

HCAS workflow implementations are necessarily constrained by the characteristics and quality
of both Earth observation (EO) data and environmental inputs. Remotely sensed ecosystem
condition variables provide an indirect representation of ecosystem state, capturing surface
and near-surface properties but not local or fine-scale attributes of ecosystem integrity, such
as species composition, understorey structure, soil condition, or faunal interactions. Condition
estimates should therefore be interpreted as proxy-based indicators rather than comprehensive
measures of ecosystem state.

Interpretation of EO-derived variables is also scale-dependent. Ecosystem condition is an
emergent property that is most meaningful at spatial scales integrating ecosystem structure,
function and composition (Parkes et al. 2003; Eyre et al. 2011). At finer resolutions, EO variables
may reflect local heterogeneity rather than system-level properties, a!ecting interpretability.

Temporal consistency of EO data is critical for reliable condition estimation. Data gaps, uneven
observation density and persistent cloud cover can introduce bias, particularly in short-term
condition estimates. Similarly, the quality and completeness of environmental covariates influence
the performance of reference ecosystem modelling and the extent to which ecological context
can be represented in condition assessments.

5.4 Quantifying uncertainty in condition estimation

Uncertainty in ecosystem condition estimates arises from multiple sources, including reference
site selection, reference ecosystem modelling, benchmarking procedures and input data quality.
Uncertainty is not uniform across space or time, with higher uncertainty generally expected in
ecologically heterogeneous regions and areas with limited benchmark support. Model uncertainty
propagates through benchmarking, while variability in the selection and weighting of benchmark
reference ecosystems influences local condition estimates. Additional uncertainty may arise when
estimating condition from short-term observations, particularly where Earth observation data
quality is variable.

Quantitative approaches such as bootstrap resampling can be used to characterise uncertainty
(Lehmann et al. 2025). The continental Australia implementation quantifies the model-based
uncertainty in the estimated ecosystem condition due to reference site resampling using the
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bootstrap analysis described in Section S3.5. However, interpretation of condition estimates
should consider the combined e!ects of multiple sources of uncertainty (Williams et al. 2025).

5.5 Opportunities for future development

Several avenues exist to extend both the HCAS framework and its implementation in
ClassicHCAS. Potential methodological developments include improved representation of the
full condition gradient, enhanced treatment of alternative ecological states, and exploration
of alternative benchmarking formulations and distance metrics. For example, a future
temporal-benchmarking extension could compare contemporary target observations with the
historical dynamics of selected contemporary high-integrity benchmark ecosystems over a defined
baseline period, testing whether target location change is consistent with or departs from the
temporal variation observed at those benchmarks. Future implementations may also revisit the
incorporation of both high-integrity reference ecosystems and highly modified ecosystems within
condition inference, consistent with the broader framework proposed by Harwood et al. (2016).

Data-related improvements include expansion of reference ecosystem datasets, integration of
multiple Earth observation sensor sources to improve temporal coverage in cloud-dominated
regions, and incorporation of complementary data sources such as field observations to support
empirical calibration and accuracy assessment. Improved environmental covariates may further
enhance representation of ecological context.

From a computational perspective, development of standardised parameterisation protocols,
diagnostic-visualisation tools and workflow orchestration would support more repeatable and
scalable application across regions and platforms.

6- CONCLUSIONS

The ClassicHCAS R package was developed to support reproducible and scalable HCAS workflows
for ecosystem condition assessment using Earth observation data. By formalising the relationships
between ecological context, reference ecosystems and observed ecosystem characteristics within
a modular workflow, the approach enables consistent inference of ecosystem condition across
space and time.

A key contribution of this work is the explicit separation of ecological application challenges
and computational implementation. The workflow translates the core elements of HCAS—
including those addressing ecological context, variation among high-integrity reference ecosystems,
benchmarking, time-series estimation and calibration—into a transparent and flexible analytical
system. This modular design enables alternative data sources, reference ecosystem modelling
approaches, calibration strategies and analytical configurations to be implemented within a
consistent benchmarking framework.

The repeated continental-scale applications across Australia (Supporting Information; e.g. Valavi
et al. 2025; Williams et al. 2025) demonstrate the capacity of ClassicHCAS, when embedded
in an operational workflow, to generate spatially explicit and temporally consistent ecosystem
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condition estimates from multi-decadal EO data. These outputs capture broad gradients of
ecosystem modification and temporal dynamics relative to a consistent long-term reference
framework, supporting applications in biodiversity assessment, restoration planning, ecosystem
accounting and environmental reporting. Because the required input datasets are increasingly
available globally, the workflow is readily adaptable to other regions and jurisdictions.

By providing an open, modular, and extensible workflow, with ClassicHCAS at its core, we
establish a foundation for continued methodological development and more consistent large-
scale ecosystem condition assessment. The flexibility of the workflow enables adaptation to
diverse ecological contexts and applications while maintaining a common inferential framework,
supporting future implementation in emerging initiatives such as ecosystem accounting under
the System of Environmental-Economic Accounting – Ecosystem Accounting framework (United
Nations et al. 2024) and other large-scale environmental assessment and reporting programs.

Code and data availability

The ClassicHCAS R package is openly available on GitHub at https://github.com/csiro/C
lassicHCAS, with a stable release planned for CRAN upon publication.

Published data collections and associated reports and application examples are listed on the
project website (https://research.csiro.au/biodiversity-knowledge/projects/hcas/).
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Summary statement

This Supporting Information provides a worked example of the HCAS workflow applied at
continental scale in Australia using HCAS v3.3. It documents the preparation of input datasets,
reference ecosystem modelling, implementation of condition benchmarking and calibration using
ClassicHCAS, and generation of spatially explicit and temporal ecosystem condition estimates.
The worked example provides the application-specific data, configuration and parameterisa-
tion needed to understand and reproduce the Australian implementation, complementing the
conceptual and methodological description provided in the main manuscript.

S1.0 Introduction

This worked example documents the continental Australian application of the Habitat Con-
dition Assessment System (HCAS) workflow used to generate HCAS v3.3. It describes the
application-specific data preparation, reference ecosystem modelling, condition benchmarking,
calibration, temporal estimation and uncertainty analysis used to generate spatially explicit
ecosystem condition estimates from Earth observation (EO) data. ClassicHCAS provides the
core computational functions for condition benchmarking and calibration within this broader
workflow. The conceptual and methodological basis of HCAS is described in the accompanying
manuscript (Valavi et al. 2026); this Supporting Information focuses on its implementation for
continental Australia.

S1.1 Scope of the workflow demonstrated

The Australian application comprises data preparation, reference ecosystem modelling (REM),
condition benchmarking, calibration, temporal condition estimation and uncertainty quantifica-
tion. ClassicHCAS implements the core condition benchmarking and calibration functions; data
preparation, reference ecosystem modelling, derivation of calibration coordinates and uncertainty
analysis are undertaken externally (Table 1). This distinction is important for interpreting the
role of ClassicHCAS within the broader HCAS workflow.

Table 1 Components of the HCAS workflow implemented externally and within ClassicHCAS for the
continental Australia HCAS v3.3 application.

Workflow component Process Implementation

Data preparation Preparation of remotely sensed ecosystem condition
variables

External to
ClassicHCAS

Preparation of environmental covariates External to
ClassicHCAS

Reference system Identification of inferred reference and highly modified
sites

External to
ClassicHCAS

Sampling of reference sites for training and
benchmarking

External to
ClassicHCAS

Reference ecosystem
modelling

Development of reference ecosystem models External to
ClassicHCAS

3



Continental ecosystem condition estimation

Workflow component Process Implementation

Calibration preparation Derivation of calibration coordinates External to
ClassicHCAS

Inferential reference
framework

Derivation of the inferential reference surface ClassicHCAS

Condition benchmarking Benchmarking of target locations against ecologically
comparable reference ecosystems

ClassicHCAS

Calibration Calibration of pre-calibration condition estimates to a
standardised 0–1 scale

ClassicHCAS

A schematic overview of the broader HCAS workflow and the functions implemented within
ClassicHCAS is provided in Figure 1 of the main text, with the conceptual and methodological
basis described in Sections 2–3.

Uncertainty quantification for HCAS v3.3 was undertaken partly externally and partly internally
to ClassicHCAS, using bootstrap resampling of training and benchmark reference-site samples.
The associated ClassicHCAS reference ecosystem modelling, condition estimation and calibration
steps were repeated to quantify variability in ecosystem condition estimates arising from reference-
site sampling (Section S3.5).

S1.2 Summary of the approach to the worked example

The Australian implementation presented here follows the general HCAS workflow, adapted to a
continental-scale dataset:

• remotely sensed ecosystem condition variables are derived from Landsat observations

• environmental covariates are used to model variation in ecosystem characteristics among
inferred reference ecosystems

• inferred reference sites support reference ecosystem modelling and benchmarking, while
independently derived ecosystem modification classes inform parameter tuning and cali-
bration

• benchmarking and calibration are implemented using ClassicHCAS, with calibration
informed by empirical interpretation of the condition gradient

• temporal ecosystem condition estimates were generated by applying the same reference
ecosystem models, reference data and condition benchmarking configuration across all
temporal epochs.

The resulting outputs comprise the HCAS v3.3 data collection for continental Australia (Valavi
et al. 2025b; Williams et al. 2025b). Section S2 describes data preparation and reference
ecosystem modelling, Section S3 documents the ClassicHCAS implementation and temporal and
uncertainty analyses, Section S4 presents evaluation of the Australian HCAS v3.3 application,
and Section S5 describes additional implementation considerations.
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S1.3 Continental Australia

Australia is an island continent in the Southern Hemisphere and the world’s smallest continent,
covering approximately 7.69 million km2. Across the continent, climates range from humid
tropical and monsoonal conditions in the north and along parts of the coast, through subtropical
and temperate regions, to winter-rainfall climates in the south-west and an extensive arid and
semi-arid interior. Strong gradients in rainfall amount and seasonality, temperature and water
availability occur with latitude, distance from the coast and topography (Stern et al. 2000).

Vegetation includes tropical rainforests, tropical savannas, eucalypt forests and woodlands,
temperate grasslands, shrublands and extensive arid grasslands and shrublands. At continental
scale, the distribution and expression of these vegetation types reflect interactions among water
and nutrient availability, temperature, soils, geomorphology and disturbance, particularly fire
and flooding (Keith 2017). These patterns occur across predominantly old and generally subdued
landscapes, although geomorphic histories and rates of landscape change vary substantially
among regions (Bishop & Pillans 2010). Hydrological settings range from large internally draining
basins to drainage systems flowing to the coast (Stein et al. 2014; Bureau of Meteorology 2023).
Variation in these interacting environmental attributes creates markedly di!erent ecological
contexts that must be represented in continental-scale ecosystem condition assessment.

Human land use adds a further spatial gradient. Higher-intensity agriculture—including cropping,
horticulture and grazing on sown or otherwise modified pastures—is concentrated mainly in the
southern, eastern and south-western farming regions and in smaller irrigated districts inland
(Williams et al. 2021b; ABARES 2024). By contrast, extensive livestock grazing occurs across
much of the interior and northern rangelands, often within native vegetation, while large areas
are managed primarily for conservation or are subject to other relatively low-intensity uses (Foran
et al. 2019). Australia’s population is concentrated in a small number of coastal metropolitan
centres, and continuing expansion at their urban fringes creates pronounced gradients of urban
and peri-urban land-use modification (McFarland 2015; Dühr 2024). Land-use intensity and
ecosystem modification therefore vary within as well as among climatic and biogeographic
regions.

Fire regimes also vary widely. Frequent, predominantly grass-fuelled fires characterise much
of monsoonal northern Australia, whereas very high-intensity, low-frequency fire regimes occur
particularly in some high-biomass forests of southern and eastern Australia (Murphy et al.
2013). In arid and semi-arid systems, fire activity is often limited by discontinuous fuels but
can increase episodically after above-average rainfall promotes herbaceous biomass and fuel
continuity (Bradstock 2010). Other disturbances, including drought and flooding, further
influence ecosystem dynamics and remotely sensed ecosystem characteristics. Interactions among
climate, water and nutrient availability, land use and disturbance create a complex mosaic of
natural variability and ecosystem modification, making persistent anthropogenic change di"cult
to distinguish from natural ecological dynamics.
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S2 Data preparation

The continental Australian HCAS v3.3 application required three primary data inputs: (i)
environmental covariates describing the abiotic characteristics that define ecological context; (ii)
remotely sensed ecosystem condition variables representing observed ecosystem characteristics;
and (iii) inferred reference-site data used for reference ecosystem modelling and condition
benchmarking. Additional data representing ecosystem modification were used for parameter
tuning and calibration. This section describes the preparation and organisation of these inputs
for the Australian application.

Input datasets were also required to support open and unrestricted reuse, with licensing compat-
ible with release of HCAS outputs under a Creative Commons Attribution 4.0 licence.1

S2.1 Analysis extent

The analytical extent comprised continental Australia with a 3 km bu!er to ensure complete
processing coverage of coastal and intertidal areas (Liu et al. 2025b). At the 90 m analysis
resolution, this extent comprised approximately 967 million pixels. Final outputs were clipped
to the authoritative national coastline.

A spatial resolution of 90 m was selected to align with the national Soil and Landscape Grid of
Australia, which provided many of the environmental covariates used in the workflow (Malone
et al. 2025).

All spatial data were processed using the Australian Albers equal-area projection (GDA94;
EPSG:3577)2 and aligned to a common analysis grid. Extent masks defined valid data regions and
maintained spatial alignment among workflow components. Source datasets and preprocessing
procedures are described in Liu et al. (2025b), with the resulting HCAS v3.3 datasets documented
in Williams et al. (2025b).

S2.2 Reference and highly modified sites

Inferred reference sites and highly modified areas were identified through separate rule-based
workflows integrating multiple lines of spatial evidence (Giljohann et al. 2025) (Figure 1 – left).
The reference site dataset provided candidate locations for reference ecosystem modelling and
condition benchmarking (Sections S2.5–S3.1). Because direct field observations were not available
consistently across continental Australia, these locations are designated as inferred reference
sites. Particular attention was given to improving representation of coastal–intertidal and inland
water ecosystems, for which suitable reference locations were comparatively sparse (Williams
et al. 2025b).

Ecological evidence was also used to refine the inferred reference-site dataset where mapped
locations were unlikely to represent high-integrity ecosystems. For example, recent fires a!ected

1https://creativecommons.org/licenses/by/4.0/
2https://epsg.io/3577
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fire-sensitive Gondwanan rainforests in Lamington National Park that are characterised by very
long fire-return intervals (e.g. Godfree et al. 2021). Recently burnt rainforest areas were therefore
excluded from the inferred reference-site pool (Giljohann et al. 2025). This example provided an
ecologically interpretable test of reference site selection and subsequent condition estimation
(Williams et al. 2025a), although comparable ecological evidence was not available consistently
across all Australian ecosystems.

Reference and highly modified areas were delineated using source data at their highest available
spatial resolution and subsequently aligned to the 90 m HCAS v3.3 analysis grid. A temporal
dimension to reference-site identification was investigated but was not implemented because
available source datasets were insu"ciently consistent through time for continental application
(Giljohann et al. 2025).

Figure 1 Reference areas and ecosystem modification classes used in the continental Australian HCAS
v3.3 application. Left: conservatively mapped inferred reference ecosystems used to identify structured
samples of reference sites for reference ecosystem modelling and condition benchmarking (Giljohann et al.
2025). Right: ordinal ecosystem modification classes derived from inferred reference and highly modified
areas (Giljohann et al. 2025) with a background of 2020–21 National Land Use Map categories (2020–21
NLUM version 7.0; ABARES 2024) assigned to ‘Modified’ or ‘Transformed’ classes of the Vegetation
Assets, States and Transitions (VAST) framework (Thackway & Lesslie 2006; Thackway & Lesslie 2008)
by Giljohann et al. (2024). Data and methods are described in Giljohann et al. (2024); Giljohann et al.
(2025); Valavi et al. (2025b); Williams et al. (2025b). The modification classes subsequently used for
HCAS v3.3 benchmarking parameter tuning and calibration used only the inferred reference sites with
the 2020–21 National Land Use Map categories (2020–21 NLUM version 7.0; ABARES 2024) assigned to
the VAST framework by Giljohann et al. (2024).

Reference site delineation was intentionally conservative and reflects the sensitivity of the HCAS
workflow to the validity of reference sites. Locations likely to contain mixtures of high-integrity
and modified ecosystem states were excluded, reducing the likelihood that modified locations
were included in the reference pool but also reducing reference site coverage in environments
where high-integrity ecosystems are scarce. At 90 m resolution, the resulting dataset comprised
approximately 256 million inferred reference pixels.

Highly modified areas were identified separately using contemporary land-use, infrastructure and
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other evidence of ecosystem modification (Giljohann et al. 2025). At 90 m resolution, this dataset
comprised approximately 53 million pixels. The combined pattern of conservatively identified
inferred reference and highly modified sites with a background of other modification classes is
shown in Figure 1 (left). This inferred highly modified dataset was distinct from the ecosystem
modification classes subsequently used for HCAS v3.3 parameter tuning and calibration.

For parameter tuning and calibration, national land-use mapping for 2020–21 (ABARES 2024)
was cross-walked to the Vegetation Assets, States and Transitions (VAST) framework (Thackway
& Lesslie 2006; Thackway & Lesslie 2008), following Giljohann et al. (2024), to derive ordinal
classes representing increasing ecosystem modification. These classes, combined with the inferred
reference site dataset, were used in benchmarking parameter selection (Section S3.1.3) and
calibration of the ecosystem condition scale (Section S3.2).

S2.3 Remotely sensed ecosystem condition variables

Remotely sensed ecosystem condition variables provide spatially explicit proxies for ecosystem
characteristics associated primarily with structure and function. For HCAS v3.3, these variables
were derived from Landsat Collection 3 Analysis Ready Data (Commonwealth of Australia
2021) Derivative Products version 4.0.0, including GeoMedians, GeoMADs and Fractional Cover
(Geoscience Australia 2024; Lymburner 2024; Mueller et al. 2024). The original annual data at
30 m resolution were aggregated to 90 m to align with the HCAS v3.3 analysis grid and reduce
sensitivity to fine-scale sensor artefacts and spatial variability (Levick et al. 2025).

A set of 36 candidate variables was initially derived from these datasets. Fourteen ecosystem
condition variables were subsequently selected based on ecological relevance and exploratory
analysis to reduce dimensionality while retaining complementary information about ecosystem
characteristics (Table 2). The selected variables comprise fractional-cover metrics for photosyn-
thetic vegetation, non-photosynthetic vegetation and bare soil; spectral indices associated with
vegetation productivity, fire response, canopy moisture, surface water and soil exposure; and
measures of intra-annual spectral and fractional-cover variability.

Two temporal aggregations were generated for each variable. Long-term summaries were cal-
culated over 1988–2024 and provided the ecosystem characteristic data used to establish the
long-term HCAS v3.3 condition inference configuration. Short-term summaries were calculated
using overlapping 3-year windows to represent temporal variation in the same ecosystem char-
acteristics. Spatial and temporal aggregation also reduced sensitivity to observation gaps and
residual contamination (e.g. due to cloud, smoke, or smog) in the underlying satellite data.

Some spatial gaps remained where persistent cloud cover resulted in insu"cient observations
for the intra-annual fractional-cover percentile variables. These gaps were filled using local
neighbourhood averaging followed by global mean imputation to provide spatially complete
inputs (Levick et al. 2025). A parallel workflow retained information on the location of gap-filled
observations to support evaluation of data quality and interpretation of HCAS v3.3 outputs.

Each long-term ecosystem condition variable was mean-centred and scaled by its standard
deviation (z-score standardisation). The same variable-specific means and standard deviations
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were then applied to the corresponding short-term variables, ensuring that long- and short-term
observations were represented within the same standardised multivariate feature space.

These variables provide the observed ecosystem characteristics used in condition inference.
Reference ecosystem models generate corresponding predictions of these characteristics for
inferred reference ecosystems based on environmental covariates (Section S2.6). The observed
and reference ecosystem model predictions are subsequently used to construct the reference
information required for condition benchmarking in ClassicHCAS (Section S3.1).

Table 2 Remotely sensed ecosystem condition variables derived from Landsat observations and used to
represent ecosystem characteristics in HCAS v3.3. Ecosystem Condition Typology classes follow Czúcz
et al. (2021) and Table 5.1 of United Nations et al. (2024). Data derivation and variable selection are
described in Levick et al. (2025) and Williams et al. (2025b).

Label Description Relevance Ecosystem
Condition
Typology

kNDVI Kernel Normalised Di!erence
Vegetation Index

Vegetation productivity and
photosynthetic activity – ecosystem
function

B3

NBR Normalised Burn Ratio Vegetation recovery-response to fire
and disturbance – ecosystem function

A1/B3

NDMI Normalised Di!erence Moisture Index Vegetation and canopy moisture
status – ecosystem function

B3

NDWI Normalised Di!erence Water Index Surface-water and vegetation-water
status – ecosystem function

A1/B3

BSI Bare Soil Index Bare-ground and soil exposure –
ecosystem structure

A1/B2

SDEV Spectral distance median absolute
deviation (SMAD)

Multivariate intra-annual spectral
variability – ecosystem diversity

B3

EDEV Euclidean distance median absolute
deviation (EMAD)

Multivariate intra-annual spectral
variability – ecosystem diversity

B3

BCDEV Bray-Curtis distance median absolute
deviation (BCMAD)

Multivariate intra-annual spectral
variability – ecosystem diversity

B3

PV10 10th percentile of intra-annual
photosynthetic vegetation cover
fractions

Lower percentile of photosynthetic
vegetation cover – ecosystem structure

B2

PVrange Inter-percentile range (10th – 90th

percentile di!erence) of intra-annual
photosynthetic vegetation cover
fractions

Intra-annual range in photosynthetic
vegetation cover – ecosystem
dynamics

B3

NPV10 10th percentile of intra-annual
non-photosynthetic cover fractions

Lower percentile of
non-photosynthetic vegetation cover –
ecosystem structure

B2

NPVrange Inter-percentile range (10th – 90th

percentile di!erence) of intra-annual
non-photosynthetic vegetation cover
fractions

Intra-annual range in
non-photosynthetic vegetation cover –
ecosystem dynamics

B3

BS10 10th percentile of intra-annual bare
soil cover fractions

Lower percentile of bare-soil cover –
ecosystem structure

B2
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BSrange Inter-percentile range (10th – 90th

percentile di!erence) of intra-annual
bare soil cover fractions

Intra-annual range in bare-soil cover –
ecosystem dynamics

B3

S2.4 Environmental covariates

Environmental covariates represent abiotic characteristics used to describe ecological context
for reference ecosystem modelling (REM). For HCAS v3.3, more than 125 candidate covariates
were generated at 90 m spatial resolution or compiled from national datasets (Liu et al. 2025b).
Principal sources included the Soil and Landscape Grid of Australia (Grundy et al. 2015; Malone
et al. 2025) and associated environmental covariate stacks developed for digital soil mapping
(Searle et al. 2022), from which candidate covariates relevant to major continental environmental
gradients were identified.

Candidate covariates were selected to represent relatively stable abiotic characteristics rather
than contemporary disturbance or land use. These included long-term climate variables based
on 30-year climatologies centred on 1990 (Xu & Hutchinson 2011; Xu & Hutchinson 2013),
together with soil, lithological, topographic and hydrological variables that collectively influence
ecosystem distribution and variability; consistent with established approaches in correlative
ecological modelling (Guisan & Zimmermann 2000; Williams et al. 2012).

An important consideration was minimising dependence between environmental covariates
used to represent ecological context and the remotely sensed ecosystem condition variables
subsequently used in condition inference. Some modelled soil, lithological and geophysical
datasets incorporate remotely sensed predictors that may also contain information represented in
the remotely sensed ecosystem condition variables (Grundy et al. 2020; Kidd et al. 2020; Wilford
& Roberts 2021; Wilford et al. 2023a; Wilford et al. 2023b). Where necessary, selected soil
attribute and geophysical covariates were rederived without remotely sensed predictors (Searle
2023; Liu et al. 2025b).

Additional environmental covariates were developed for coastal–intertidal systems and episodic
inland-water environments, where standard continental datasets provided limited representation
of relevant environmental gradients (Liu et al. 2025b). All covariates were aligned to the common
analysis grid, small data gaps were filled, and selected datasets were extended across the bu!ered
coastal analysis extent. The resulting environmental covariate datasets were published at 250 m
and 90 m spatial resolutions (Liu et al. 2025a; Liu et al. 2025b).

Exploratory analysis and expert review were used to reduce redundancy while retaining com-
plementary covariates representing climate, soil properties, lithology, topography and surface
hydrology (Liu et al. 2025b). This process resulted in 58 covariates for HCAS v3.3, of which 46
were retained for final reference ecosystem modelling following exploratory modelling (Section
S2.6). Four additional covariates were retained where required for sampling benchmark reference
sites (Section S2.5). The membership of each covariate set is identified in Appendix A (Table 6).
All covariates used within each analytical component were z-score standardised before analysis.
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S2.5 Sampling of training and benchmark reference sites

The inferred reference site dataset (Section S2.2) is unevenly distributed across geographic
and environmental space and is too large to use directly in reference ecosystem modelling and
condition benchmarking. HCAS v3.3 therefore used two independently sampled subsets of
inferred reference sites (Section S2.2): training reference sites for reference ecosystem modelling
(REM) and benchmark reference sites for condition benchmarking.

Training reference sites were sampled to represent the environmental gradients occurring across
inferred reference ecosystems and thereby support REM prediction across the range of environ-
ments represented in the study domain. For HCAS v3.3, training sites were selected using a
feature-space coverage sampling approach (Brus 2019). Given the approximately 256 million
inferred reference pixels at 90 m resolution, a staged implementation based on k-means clustering
was used to approximate optimal coverage of the environmental feature space represented by 48
environmental covariates (Appendix A, Table 6). This resulted in 488,619 training reference
sites. The sampling methodology and testing framework are described in Valavi et al. (2025a).

Benchmark reference sites were sampled separately because condition benchmarking requires
representation of variation in both environmental covariates and remotely sensed ecosystem
characteristics. A principal components analysis (PCA) was applied to a combined feature set
comprising the 48 environmental covariates used for reference site sampling and the 14 long-
term ecosystem condition variables (Section S2.3; Table 2). The first 20 principal components,
accounting for 90% of the variance in the combined feature set, were used for benchmark
reference site sampling. Four supplementary environmental covariates were included to improve
representation of complex terrain, riparian zones, coastal–intertidal environments and areas
a!ected by seasonal snow (Appendix A, Table 6).

A staged clustering procedure was used to generate the initial benchmark reference site sample.
Preliminary inspection of condition estimates subsequently identified areas where low condition
estimates coincided with limited representation of local reference ecosystems. The benchmark
sample was therefore augmented to improve representation of wetland ecosystems (Macfarlane et
al. 2024b; 2024a) and protected areas (DCCEEW 2025a; 2025b). The final benchmark reference
dataset for HCAS v3.3 comprised 590,342 sites, improving representation of environmental
gradients and variation in ecosystem characteristics across continental Australia (Williams et al.
2025b).

S2.6 Reference ecosystem modelling (REM)

Reference ecosystem modelling (REM) models relationships between environmental covariates
and ecosystem characteristics observed at training reference sites, enabling those ecosystem
characteristics to be predicted across the study domain. The resulting predictions provide an
input to condition benchmarking (Section S3.1).

For HCAS v3.3, the REM was fitted using 488,619 training reference sites, each attributed with 46
environmental covariates (Section S2.4; Appendix A, Table 6) and 14 long-term remotely sensed
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ecosystem condition variables (Section S2.3; 2). These data represent ecosystem characteristics
observed at inferred reference ecosystems and the environmental contexts in which they occur.
The z-score-standardised environmental covariates and ecosystem condition variables were used
for REM fitting and subsequent condition inference analyses.

The REM was implemented using the mgcv R package (Wood 2011), with one generalised
additive model (GAM) fitted for each of the 14 ecosystem condition variables. GAMs provide
a flexible framework for representing potentially nonlinear ecological relationships between
response variables and environmental predictors (Pedersen et al. 2019). Each model related an
observed ecosystem characteristic at the training reference sites to the environmental covariates,
and the fitted models were subsequently used to predict that characteristic across the study
domain. Models were fitted using the bam() function with fast restricted maximum likelihood
estimation, discrete approximation and parallel processing to accommodate the large training
dataset (Marra & Wood 2011; Li & Wood 2020; Valavi et al. 2025a).

All 46 environmental covariates were included in each of the 14 models. Smoothness selection
and penalisation allowed flexible non-linear relationships while controlling model complexity.
Model predictive performance was evaluated using five-fold cross-validation (Valavi et al. 2025a).

Predictive performance varied among ecosystem condition variables (Figure 2). Several spectral
indices, including kNDVI, NBR, NDMI and NDWI, showed relatively high predictive performance,
with R

2 values generally exceeding 0.80. Fractional-cover and bare-ground variables also showed
strong to moderate performance: PV10, BSI and BS10 had relatively high R

2, whereas NPV10
was more moderately predicted. Prediction error showed a somewhat di!erent pattern, with
NDWI having particularly low RMSE, while some variables with high R

2, including NBR and
NDMI, retained comparatively larger errors in standardised units.

Variables representing intra-annual variability generally showed lower explanatory power. The
inter-percentile range metrics PVrange, NPVrange and BSrange, together with the multivariate
spectral variability metrics EDEV and SDEV, had comparatively low R

2 values, with BSrange
among the poorest-performing variables. BCDEV was an exception among the variability metrics,
showing substantially higher explanatory performance. RMSE did not follow the same ranking
as R

2 across all variables, although BSrange combined relatively low explanatory power with
comparatively high prediction error. The weaker performance of several variability metrics
may reflect their greater sensitivity to seasonal conditions, weather and episodic disturbance,
which are not explicitly represented by the relatively stable abiotic covariates used in the REM.
In contrast, the stronger performance of many spectral indices and fractional-cover variables
is consistent with these variables responding more directly to broad environmental gradients
represented by the REM covariates.

The fitted REMs provide spatial predictions of the 14 ecosystem characteristics conditional on
the environmental relationships represented by the training reference sites. These predictions are
subsequently used with observed ecosystem characteristics in condition benchmarking (Section
S3.1).
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Figure 2 Predictive performance of the 14 reference ecosystem models fitted for HCAS v3.3, evaluated
using five-fold cross-validation. Panels show the coe"cient of determination (R2) and root mean square
error (RMSE) for each remotely sensed ecosystem condition variable (Table 2). RMSE values are
reported in standardised units following z-score standardisation of the response variables. Source: Valavi
et al. (2025a).

S3 ClassicHCAS implementation

HCAS v3.3 was generated using ClassicHCAS version 0.2.0; this Supporting Information reports
functions and arguments using the current ClassicHCAS API (version 2.0.0), with correspondence
to the original production terminology given in the workflow/settings table (Table 5, Section
S3.3), and does not imply that HCAS v3.3 was regenerated with the current software.

S3.1 Condition benchmarking with ClassicHCAS

Following data preparation and reference ecosystem modelling (Section S2), the reference surfaces
and condition estimates for HCAS v3.3 were generated using ClassicHCAS. The conceptual and
mathematical basis of condition benchmarking is described in Section 3.2 of the manuscript;
this section documents the inputs, software functions and settings used for the HCAS v3.3
continental Australia application.

Condition benchmarking for HCAS v3.3 used four inputs:

1. Training reference sites: 488,619 sampled inferred reference sites (Section S2.5) used to
construct the reference density surface and inferential reference surface.

2. Benchmark reference sites: 590,342 independently sampled inferred reference sites (Section
S2.5) used to select ecologically comparable reference ecosystems for each target location
during condition benchmarking.
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3. Observed ecosystem condition variables: aligned raster layers containing the 14 long-
term remotely sensed ecosystem condition variables used to represent observed ecosystem
characteristics (Section S2.3; Table 2).

4. Reference ecosystem model predictions: aligned raster layers containing REM predictions
corresponding to the same 14 long-term remotely sensed ecosystem condition variables
(Section S2.6). These predictions were used to calculate predicted pairwise distances
between locations, representing di!erences associated with ecological context.

Observed and predicted remotely sensed ecosystem condition variables were ordered consistently
and represented within the same standardised multivariate feature space. Training and benchmark
reference sites were attributed with their spatial coordinates and the corresponding observed
and REM-predicted values for the 14 long-term ecosystem condition variables.

3.1.1 Construction of the reference surfaces

Two processing steps generated the reference surfaces used during HCAS v3.3 condition bench-
marking.

1. Reference density surface

The reference density surface was constructed using the ref_density() function in ClassicHCAS.
Pairwise comparisons were calculated among the 488,619 training reference sites within a spatial
search radius of 1,000 km (radius_km = 1000 for HCAS v3.3). For each site pair, Manhattan
(L1) distances were calculated separately across the 14 REM-predicted variables and the 14
observed variables.

The resulting predicted and observed pairwise distances were aggregated into a two-dimensional
reference density surface. The horizontal axis represents predicted remote-sensing distance, the
vertical axis represents observed remote-sensing distance, and each cell records the number
of training-reference pairs within that distance combination. For HCAS v3.3, bin_width =

0.05 and bin_num = 650 were selected following visual comparison of alternative bin widths
(Figure 3).

2. Inferential reference surface

The reference density surface was processed using normalise(). For HCAS v3.3, Gaussian
smoothing was applied across neighbouring cells, the surface was restricted using trim_size

= 400 and offset = 0, and cell values were normalised within each predicted-distance class
(Figure 3). The resulting inferential reference surface represents the empirical distribution of
observed pairwise distances associated with each predicted pairwise distance among the training
reference ecosystems

The inferential reference surface was subsequently used during condition benchmarking to assign
a relative surface value to each retained target–benchmark reference-site pair. Construction of
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the surface is distinct from the process of selecting and weighting of benchmark reference sites
described in Section S3.1.2.

3.1.2 Benchmarking against reference ecosystems

For each target location, ClassicHCAS benchmark() selects and weights a target-specific set of
benchmark reference sites and then combines the associated inferential reference surface values
to produce a pre-calibration condition estimate (Figure 4). The conceptual and mathematical
basis of condition benchmarking is described in Section 3.2 of the manuscript; the subsections
below document the process and settings used for HCAS v3.3.

A. Selection and weighting of benchmark reference sites

The benchmark-reference sample used for each target location was derived through three
sequential filters.

1. Spatial candidate selection. Candidate benchmark reference sites were drawn from the
independently sampled set of 590,342 benchmark reference sites (Section S2.5). For HCAS
v3.3, sites within a 200 km benchmark-candidate search radius of the target location
were considered (radius_km = 200 in benchmark()). This setting di!ers from the 1,000
km training-reference pair search radius used to construct the reference density surface
(Section S3.1.1).

2. First-stage selection using predicted pairwise distance. Predicted pairwise distances were
calculated between the target location and the spatial candidate reference sites using the 14
reference ecosystem model predictions. Up to 70 sites with the smallest adjusted predicted
distances were retained (k1 = 70). A geographic-distance penalty (xy_penalty = 30)
was applied during this first-stage ranking to favour geographically nearer reference sites
among sites with otherwise similar predicted distances.

3. Second-stage selection using the inferential reference surface. For each of the retained
target–reference pairs, the predicted and observed pairwise distances identified a position
on the inferential reference surface. The surface value at that position quantified how
strongly the pair was represented in the empirical distribution derived from training
reference ecosystems. Up to 10 pairs with the highest inferential-reference-surface values
were retained as the final target-specific benchmark reference site sample (k2 = 10).

The final benchmark reference sites were then weighted according to their predicted pairwise
distance from the target location. HCAS v3.3 applied a Cauchy-type weighting function
with lambda = 2, assigning greater influence to retained reference sites with smaller predicted
distances.
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Figure 3 Reference surfaces generated using candidate bin widths of 0.03, 0.04 and 0.05 for the HCAS
v3.3 continental Australian application. The left panels show the reference density surfaces constructed
from predicted and observed pairwise remote-sensing distances among training reference sites. The right
panels show the corresponding inferential reference surfaces after Gaussian smoothing, trimming and
normalisation within predicted-distance classes. A bin width of 0.05 was selected for HCAS v3.3
following visual assessment of surface stability and consistency with earlier HCAS implementations (e.g.
Williams et al. 2021a; Williams et al. 2025a).

16



Continental ecosystem condition estimation

Figure 4 Sequencing of HCAS v3.3 benchmarking starts with benchmark reference site selection and
weighting (left panel), followed by calculation of a single pre-calibration condition estimate for each
target location (right panel). Current ClassicHCAS parameter names are shown with the original HCAS
v3.3 production settings. Current API: confidence = 0.5 remains supported with boost = NULL (or
NA). Default boost = k2 is an alternative; HCAS v3.3 did not use boost. Current kernel = "Cauchy"

di!ers from the historical Cauchy-type weighting. HCAS v3.3 was generated with ClassicHCAS v0.2.0.
Current API labels do not imply regeneration. AI-assisted schematic prepared under author supervision
using OpenAI image-generation tools.
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B. Calculation of the pre-calibration condition estimate

Each target–reference pair in the final benchmark-reference sample contributed an inferential-
reference-surface value and an associated predicted-distance weight. ClassicHCAS combined
these values across the retained reference sites to produce one pre-calibration condition estimate
for the target location. For HCAS v3.3, confidence = 0.5 controlled the relative contribution
of the maximum retained inferential-reference-surface value and the predicted-distance-weighted
mean of the retained values to this calculation.

The resulting pre-calibration condition estimate represents the target location’s relative alignment
with ecologically comparable high-integrity reference ecosystems. Higher values indicate greater
alignment with the empirical relationships between predicted and observed pairwise distances
represented by the training reference ecosystems. The pre-calibration estimates were subsequently
transformed to the 0–1 ecosystem condition scale described in Section S3.2.

3.1.3 Parameter selection, tuning and diagnostic inspection

HCAS v3.3 production settings were established through sequential AUC-based parameter tuning
supported by diagnostic inspection (Figure 5).

A subset of benchmarking parameters for HCAS v3.3 were selected using a sequential AUC-based
search across alternative combinations of ClassicHCAS arguments (Figure 6) (Valavi et al. 2025a).
The tuning analysis varied the benchmark-reference candidate and retention settings (k1 and k2),
geographic-distance penalty (xy_penalty) and confidence setting. The benchmark-candidate
search radius was fixed at radius_km = 200 for the analysis shown in Figure 6. The Cauchy
distance-weighting setting was also held constant at lambda = 2.0 and was not included in the
tuning search.

The tuning data comprised inferred reference sites and 2020–21 National Land Use Map classes
cross-walked to ordinal ecosystem modification classes based on the VAST framework (Section
S2.2). The two most modified classes (‘removed’ and ‘replaced-managed’) were combined,
resulting in four classes used in the tuning analysis.

Area under the receiver-operating characteristic curve (AUC) was used to evaluate separation
among the ordinal ecosystem modification classes for each parameter combination considered
during the sequential search. Candidate settings were preferred where pre-calibration condition
estimates showed clearer separation among classes and generally decreased with increasing
ecosystem modification. The modification classes provided an ordinal tuning criterion rather
than independent observations of ecosystem condition; the analysis therefore supported selection
of operational benchmarking settings but did not constitute validation of HCAS condition
estimates.
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Figure 5 Schematic distinguishing the HCAS v3.3 sequential AUC-based tuning process, the
production-run settings selected, the constant weighting setting, and the separate diagnostic role of the
inspection tool. Current API: confidence = 0.5 remains supported with boost = NULL (or NA).
Default boost = k2 is an alternative; HCAS v3.3 did not use boost. Current kernel = "Gaussian" is
the default; kernel = "Cauchy" is optional and di!ers from v3.3 Cauchy-type weighting. HCAS v3.3
was generated with ClassicHCAS v0.2.0. Current API labels do not imply regeneration. AI-assisted
schematic prepared under author supervision using OpenAI image-generation tools.

Figure 6 Sequential AUC-based evaluation of ClassicHCAS version 0.2.0 benchmarking settings for the
HCAS v3.3 continental Australia application. Points show AUC values for parameter combinations
evaluated during the sequential search using four ordinal ecosystem modification classes derived from
inferred reference sites and 2020–21 National Land Use Map classes cross-walked to the VAST framework.
The horizontal axis shows k1 (denoted ‘Num ENV samples’), point size represents xy_penalty (denoted
‘Geo-dist penalty’), point colour represents k2 (denoted ‘Num RS samples’), and panels represent values
of confidence (denoted ‘LDC’). The benchmark-candidate search radius was fixed at radius_km =

200 for the analysis shown, and the Cauchy distance-weighting setting was held constant at lambda =

2.0. Source: Valavi et al. (2025a).
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The selected HCAS v3.3 production settings (summarised in Table 5) were:

• Benchmark-candidate search radius: radius_km = 200

• first-stage benchmark-reference retention: k1 = 70

• final benchmark-reference retention: k2 = 10

• geographic distance penalty: xy_penalty = 30

• Cauchy distance-weighting setting: lambda = 2.0

• Condition-calculation setting: confidence = 0.5.

An interactive inspection tool was also used during development of HCAS v3.3 to examine
how alternative benchmarking settings a!ected target-specific reference-site selection and pre-
calibration condition estimates (Figure 7). The tool displayed the target location, spatial
candidate sites, retained benchmark reference sites and the positions of target–reference pairs on
the inferential reference surface. It provided a complementary diagnostic for inspecting individual
locations but was separate from the sequential AUC-based parameter-selection analysis (Valavi
et al. 2025a).

Figure 7 Interactive inspection of condition benchmarking for an example target location during
development of HCAS v3.3. The map shows the target location, benchmark reference sites within the
selected benchmark-candidate search radius and the final target-specific benchmark-reference sample
retained using k2. The inferential-reference-surface panel shows the positions of the retained
target–reference pairs in predicted and observed pairwise-distance space and the resulting pre-calibration
condition estimate. In the example shown, xy_penalty = 0 (denoted ‘Distance penalty’), and
self-assessment was enabled for diagnostic illustration, placing the target–self pair at the origin of the
inferential reference surface. Self-assessment was excluded from HCAS v3.3 production condition
estimation (exclude_slef = TRUE). Historical parameter labels are retained, as for Figure 6. Source:
Valavi et al. (2025a).
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S3.2 Calibration with ClassicHCAS

Calibration transformed the HCAS v3.3 pre-calibration condition estimates to a continu-
ous 0–1 ecosystem condition scale. The transformation was applied using the ClassicHCAS

calibrate() function and a monotone Hermite spline fitted through four calibration coordinates:
minimum and maximum endpoints and two internal coordinates. The spline was implemented
using splinefun (method = "monoH.FC") in R (R Core Team 2026), following the monotonic
interpolation method of Fritsch and Carlson (1980). The calibration curve was derived from
the HCAS v3.3 long-term epoch for 1988–2024 and subsequently applied to the HCAS v3.3
condition estimates.

Software-version note: To improve calibration robustness in future implementations of
ClassicHCAS, an upper limit x–y coordinate (99.99th percentile, 0.9999) was introduced to
support the end point (absolute maximum, 1), as outlined in the manuscript.

Each calibration coordinate comprised:

• an x-value representing an HCAS v3.3 pre-calibration condition estimate; and

• a corresponding y-value representing its assigned ecosystem condition score on the 0–1
scale.

The two internal x-values were derived from the distributions of pre-calibration condition
estimates within mapped extents representing relatively high and low levels of ecosystem
modification (Figure 8; Figure 9). The corresponding y-values were derived separately from
expert-assigned ecosystem condition scores associated with conceptually aligned VAST classes
(Table 3). Table 4 summarises the four coordinates used to calibrate HCAS v3.3.

Upper internal coordinate

The upper internal x-value was the median HCAS v3.3 pre-calibration condition estimate across
the inferred reference-site extent compiled by Giljohann et al. (2025). This produced an x-value
of 0.0207154.

The corresponding y-value of 0.8827 was derived from the expert-assigned condition score for the
VAST Residual class reported by Giljohann et al. (2024). The Residual class was used because its
description of unmodified natural regenerative capacity provided the closest conceptual alignment
with the inferred high-integrity reference ecosystems used in HCAS. The x- and y-values therefore
have related ecological interpretations but were derived from di!erent evidence sources.

Lower internal coordinate

The lower internal x-value was derived from the pre-HMOD calibration dataset used in the HCAS
v3.3 production workflow. This dataset combined inferred reference sites with categories from the
2020–21 National Land Use Map (ABARES 2024) cross-walked to ordinal ecosystem modification
classes based on the VAST framework (Thackway & Lesslie 2006; Thackway & Lesslie 2008;
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Giljohann et al. 2024). It was distinct from the separately derived highly modified-site dataset
described by Giljohann et al. (2025).

Selected NLUM categories assigned to the VAST Replaced-Managed and Removed classes defined
the lower calibration extent. The median HCAS v3.3 pre-calibration condition estimate within
this combined extent produced an x-value of 0.0016073.

The corresponding y-value of 0.0641 was calculated as an area-weighted combination of the
expert-derived scores for the VAST Replaced-Managed and Removed classes. The weights were
derived from the respective proportional mapped extents of these classes in the pre-HMOD
2020–21 NLUM dataset cross-walked to VAST by Giljohann et al. (2024).

Figure 8 Mapped extents used to derive the two internal x-values for the HCAS v3.3 calibration. Left:
selected categories from the 2020–21 National Land Use Map (ABARES 2024) cross-walked to the VAST
Replaced-Managed and Removed classes following Giljohann et al. (2024). This pre-HMOD dataset
defined the extent used to derive the lower internal x-value and was distinct from the separately inferred
highly modified-site dataset (Section S2.2). Right: inferred reference sites compiled by Giljohann et al.
(2025), used to derive the upper internal x-value. Map colours represent HCAS v3.3 long-term
pre-calibration condition estimates and are linearly scaled from 0 to the maximum value of 0.0301316
using the HCAS colour palette (Williams et al. 2025b).

Endpoints and calibration function

The minimum endpoint mapped a pre-calibration value of 0 to an ecosystem condition score of
0. The maximum endpoint mapped the maximum HCAS v3.3 long-term pre-calibration value of
0.0301316 to an ecosystem condition score of 1.

The four coordinates—minimum endpoint, lower internal coordinate, upper internal coordinate
and maximum endpoint (Table 4)—were ordered monotonically in both x and y. The fitted mono-
tone Hermite spline therefore provided a continuous, monotonically increasing transformation
between the HCAS v3.3 pre-calibration values and the specified 0–1 ecosystem condition scale
(Figure 10). Higher calibrated values indicate greater alignment with ecologically comparable
high-integrity reference ecosystems.
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Figure 9 Distributions of HCAS v3.3 long-term pre-calibration condition estimates within the mapped
extents used to derive the internal calibration x-values. Mauve bars show estimates within selected
2020–21 NLUM categories cross-walked to the VAST Replaced-Managed and Removed classes; green bars
show estimates within inferred reference sites; and grey bars show the background distribution for the
continental sample. Vertical lines identify the median estimate for the lower calibration extent
(0.0016073) and inferred reference-site extent (0.0207154). Histograms were calculated from a 10%
random sample of valid data pixels (n = 96, 728, 199) using 100 equal-width bins over the observed
pre-calibration range of 0–0.0301316.
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Table 3 Expert-derived ecosystem condition scores and class boundaries for VAST ecosystem modification classes. Scores are from the class-as-factor analysis
reported by Giljohann et al. (2024). The HCAS v3.3 calibration used the Residual class score for the upper internal y-value and an area-weighted combination of
the Replaced-Managed and Removed scores for the lower internal y-value. The remaining classes are shown to provide context for the expert-derived condition
scale. VAST class descriptions follow Thackway and Lesslie (2006).

VAST CLASS VAST DESCRIPTION: CURRENT REGENERATIVE
CAPACITY (Thackway & Lesslie 2006; 2008)

CLASS AS FACTOR ANALYSIS

LOWER CLASS
BOUNDARY

EXPERT-
DERIVED

CLASS SCORE

UPPER CLASS
BOUNDARY

Residual Natural regenerative capacity unmodified (includes naturally bare,
ephemerals and lower plants)

→0.74 0.88 ↑1.0

Modified Natural regeneration tolerates or endures under past and or current land
management practices

→0.49 0.60 <0.74

Transformed Natural regenerative capacity limited or at risk under past and or
current land use or land management practices. Rehabilitation and
restoration possible through modified land management practice

→0.31 0.38 <0.49

Replaced-Adventive Regeneration of native vegetation community has been suppressed by
ongoing disturbances of the natural regenerative capacity; limited
potential for restoration

→0.18 0.23 <0.31

Replaced-Managed Regeneration of native vegetation community lost or suppressed by
intensive land management; limited potential for restoration

→0.09 0.14 <0.18

Removed Native vegetation community removed →0.00 0.04 <0.09

24



Continental ecosystem condition estimation

Table 4 Calibration coordinates used to transform HCAS v3.3 pre-calibration condition estimates to the
0–1 ecosystem condition scale.

COORDINATE
POSITION

PRE-
CALIBRATION

VALUE (x)

CALIBRATED
CONDITION
SCORE (y)

PROVENANCE

Minimum
endpoint

0.0000000 0.0000 Maximum HCAS v3.3 long-term
pre-calibration estimate mapped to
condition 1

Lower internal
coordinate

0.0016073 0.0641 x: median pre-calibration estimate
across selected 2020–21 NLUM
categories cross-walked to VAST
Replaced-Managed and Removed
classes. y: area-weighted
combination of expert-derived
Replaced-Managed and Removed
scores

Upper internal
coordinate

0.0207154 0.8827 x: median pre-calibration estimate
across inferred reference sites. y:
expert-derived VAST Residual class
score

Maximum
endpoint

0.0301316 1.0000 Minimum of the pre-calibration
scale mapped to zero condition

Figure 10 Monotonic calibration function used to transform HCAS v3.3 long-term pre-calibration
estimates to the 0–1 ecosystem condition scale. The curve is a monotone Hermite spline fitted through
the minimum endpoint (0, 0), lower internal coordinate (0.0016073, 0.0641), upper internal coordinate
(0.0207154, 0.8827) and maximum endpoint (0.0301316, 1). The spline was implemented
using splinefun(method = ‘monoH.FC’) following Fritsch and Carlson (1980). Curve colours follow the
HCAS colour palette (Williams et al. 2025b). Colours are consistent with related phenomena in Figure 8
and Figure 9.
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S3.3 Summary of HCAS v3.3 workflow configuration and ClassicHCAS settings

The external workflow configuration, inputs and ClassicHCAS function settings used to generate the HCAS v3.3 long-term condition estimate are
summarised in Table 5.

The resulting spatial pattern of calibrated ecosystem condition for the 1988–2024 long-term epoch is shown in Figure 11. Temporal estimation is
described in Section S3.4, and bootstrap uncertainty associated with reference-site sampling is described in Section S3.5.

Table 5 External workflow configuration and ClassicHCAS function settings used to generate HCAS v3.3, expressed using the current API (version 2.0.0). Original
production values and corresponding version 0.2.0 terminology are retained, with semantic di!erences noted. Settings or inputs determined outside ClassicHCAS

are identified explicitly.

WORKFLOW
COMPONENT

CURRENT CLASSICHCAS

FUNCTION /
ARGUMENT

HCAS v3.3
PRODUC-
TION VALUE

ROLE IN HCAS V3.3 V0.2.0 TERMINOLOGY /
VERSION NOTES

Production metadata External to ClassicHCAS:
software version

ClassicHCAS

0.2.0
Package version used for the production
condition calculation

Current repository version: 2.0.0; not
directly output-equivalent because
several algorithms and interfaces have
changed

Production metadata External to ClassicHCAS:
production identifier

HCAS v3.3;
PROD3

Internal identifier for the published
production run, combines as HCAS v3.3

External workflow metadata

Analysis grid External to ClassicHCAS: grid
resolution

90 × 90 m Resolution of the common raster
analysis grid

External workflow configuration

Training reference data;
Reference ecosystem
modelling

External to ClassicHCAS:
training reference sites

488,619 Representative sample of training
reference sites attributed with observed
remotely sensed variables and
environmental covariates for use in
reference ecosystem models (REM)

User-supplied reference data; current
full tables require x, y, predicted
variables, then observed variables

Reference ecosystem
modelling

External to ClassicHCAS:
environmental covariates

46 Environmental covariates to attribute
values in training reference sites used in
reference ecosystem models (REM)

REM remains external to ClassicHCAS
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WORKFLOW
COMPONENT

CURRENT CLASSICHCAS

FUNCTION /
ARGUMENT

HCAS v3.3
PRODUC-
TION VALUE

ROLE IN HCAS V3.3 V0.2.0 TERMINOLOGY /
VERSION NOTES

Benchmark reference data External to ClassicHCAS:
benchmark reference sites

590,342 Representative sample of candidate
benchmark reference sites used during
target-location-specific condition
benchmarking

User-supplied benchmark data

Ecosystem characteristics External to ClassicHCAS:
observed variables

14 Spatially explicit observed remotely
sensed variables, used to attribute
values in training reference sites used in
reference ecosystem models (REM), and
to calculate observed pairwise distances

User-supplied observed layers; current
rasters require predicted layers before
observed layers

Ecosystem characteristics External to ClassicHCAS:
REM-predicted variables

14 Spatially explicit predicted remotely
sensed variables, used to calculate
predicted pairwise distances

User-supplied predicted layers

Reference density surface ref_density(radius_km) 1,000 km Maximum training reference site-pair
search radius used for reference density
surface construction

histogram(radius_km); current code
counts each pair once rather than twice;
this scaling does not a!ect final result
due to normalisation

Reference density surface ref_density(bin_num) 650 The maximum dimension of the
reference-density surface specified by the
number of bins used to classify the
observed and predicted distances for
training reference site-pairs

histogram(bin_num)

Reference density surface ref_density(bin_width) 0.05 The equidistant width of each class used
to bin the predicted and observed
distances for training reference site-pairs

histogram(bin_width)

Reference density surface ref_density(drop_

features)

NULL All observed and predicted remotely
sensed variables retained during
reference density surface construction

histogram(drop_features); excluded
variables are now removed from the
active feature set rather than zeroed

Inferential reference
surface

normalise(trim_size) 400 Restricted construction of the inferential
reference surface to the selected 400 ×
400-bin extent of the input reference
density surface

normalise(trim_size); unchanged
argument
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WORKFLOW
COMPONENT

CURRENT CLASSICHCAS

FUNCTION /
ARGUMENT

HCAS v3.3
PRODUC-
TION VALUE

ROLE IN HCAS V3.3 V0.2.0 TERMINOLOGY /
VERSION NOTES

Inferential reference
surface

normalise(offset) 0 No additional near-origin bins of the
input reference density surface excluded
using this setting

normalise(offset); unchanged
argument

Inferential reference
surface

normalise(legacy) FALSE Applied the revised normalisation
method introduced in version 0.2.0 to
reduce edge e!ects during inferential
reference surface construction

normalise(legacy); FALSE still selects
the R normalisation method

Inferential-surface lookup benchmark(interpolate) TRUE Interpolated between inferential
reference-surface cells during
benchmarking

benchmark(interpolate); still
supported for bilinear surface lookup

Benchmark candidate
selection

benchmark(radius_km) 200 km Maximum target-to-reference search
radius used to identify spatial
benchmark reference site candidates

benchmark(radius_km);
geographic-distance calculations have
changed

Benchmark candidate
selection

benchmark(k1) 70 Retained up to 70 candidate benchmark
reference sites with the smallest
adjusted predicted pairwise distances

benchmark(k_pred); same first-stage
filter role

Benchmark candidate
selection

benchmark(xy_penalty) 30 Geographic-distance penalty applied
during first stage ranking of candidate
benchmark reference sites

benchmark(xy_penalty); unchanged
argument

Benchmark candidate
selection

benchmark(k2) 10 Retained up to 10 benchmark reference
sites to pair with the specific target
location

benchmark(k_obs); same second-stage
filter role

Condition calculation benchmark(lambda, kernel) 2.0 Scale setting for the Cauchy-type
predicted-distance weighting applied to
the retained benchmark reference sites
for the target

benchmark(lambda); no selectable
kernel. Current kernel = "Cauchy"

omits the production weighting's
inverse-distance factor; it is not
equivalent. kernel = "Gaussian" is
the current default
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WORKFLOW
COMPONENT

CURRENT CLASSICHCAS

FUNCTION /
ARGUMENT

HCAS v3.3
PRODUC-
TION VALUE

ROLE IN HCAS V3.3 V0.2.0 TERMINOLOGY /
VERSION NOTES

Condition calculation benchmark(confidence) 0.5 Controlled the balance between the
maximum retained inferential reference
surface value and predicted
distance-weighted mean in the condition
calculation for the observed and
predicted target location distances to
retained benchmark reference sites

benchmark(confidence); current
boost = NULL or NA activates this blend.
Default boost = k2 instead multiplies
the highest-probability site's kernel
weight; no fixed one-to-one mapping

Self-assessment control benchmark(exclude_slef) TRUE Prevents a benchmark reference site also
being a target location from
benchmarking against itself

benchmark(exclude_slef); this API
spelling is unchanged from v0.2.0.
Excludes predicted distances below the
e!ective bin_width, not only identical
sites

Alternative feature sets benchmark(drop_features) NULL All 14 remotely sensed variables retained
during benchmarking; non-NULL values
allow specified variables to be excluded

benchmark(drop_features); excluded
variables are now removed from the
active feature set rather than zeroed

Calibration-coordinate
derivation

External to ClassicHCAS:
lower internal x-value

0.0016073 Median pre-calibration estimate across
selected 2020–21 NLUM categories
cross-walked to VAST
Replaced-Managed and Removed classes

Externally derived and supplied to
calibrate()

Calibration-coordinate
derivation

External to ClassicHCAS:
lower internal y-value

0.0641 Area-weighted combination of
expert-derived scores for VAST
Replaced-Managed and Removed, using
their mapped 2020–21 NLUM categories
cross-walked to VAST
Replaced-Managed and Removed classes

Externally derived and supplied to
calibrate()

Calibration-coordinate
derivation

External to ClassicHCAS:
upper internal x-value

0.0207154 Median pre-calibration estimate across
the mapped extent of inferred reference
sites equated with the VAST-Residual
class

Externally derived and supplied to
calibrate()

Calibration-coordinate
derivation

External to ClassicHCAS:
upper internal y-value

0.8827 Expert-derived condition score aligned
with the VAST Residual class

Externally derived and supplied to
calibrate()
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WORKFLOW
COMPONENT

CURRENT CLASSICHCAS

FUNCTION /
ARGUMENT

HCAS v3.3
PRODUC-
TION VALUE

ROLE IN HCAS V3.3 V0.2.0 TERMINOLOGY /
VERSION NOTES

Calibration operation calibrate(x_values)

0;
0.0016073;
0.0207154;
0.0301316 Supplied pre-calibration coordinates

defining the minimum endpoint, two
internal coordinates and maximum
endpoint

calibrate(x_values); unchanged
argument

Calibration operation calibrate(y_values)

0;
0.0641;
0.8827;
1 Supplied condition scores corresponding

to the four x-coordinates
calibrate(y_values); unchanged
argument

Calibration operation calibrate() monotone spline Monotone
Hermite spline

Applied the supplied coordinates to
transform pre-calibration estimates to
the 0–1 condition scale; ClassicHCAS

did not derive the coordinates

calibrate() monotone spline; v0.2.0
interpolated a sampled spline curve,
whereas the current function evaluates
the fitted spline directly. interpolate

remains a benchmark() argument
Computational execution tiling() / external tiled

HPC workflow
Distributed tiled
processing

Partitioned and executed continental
benchmarking through the external
production workflow

No tiling() in v0.2.0; added in version
1.0.0. Production tiling and distributed
execution were external; current
tiling() creates tiles but does not
dispatch HPC jobs
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Figure 11 Ecosystem condition estimates for continental Australia generated from the HCAS v3.3
long-term epoch for 1988–2024. Condition scores are calibrated to the 0–1 scale described in Section S3.2.
Source: HCAS33_HCB_1988_2024.tif in the HCAS v3.3 data collection (Valavi et al. 2025b).

S3.4 Temporal condition estimation

The model configuration and parameters derived from the long-term epoch—including the
reference ecosystem model, inferential reference surface, benchmarking settings and long-term
calibration curve—are held constant (Table 5) and applied across all short-term temporal epochs.
The only part that varies is the observed remotely sensed ecosystem condition variables. These
influence the benchmark reference sites retained for each target location and their observed
target-reference distances when reading likelihood values from the inferential reference surface
for condition estimation (as illustrated in Figure 12 to Figure 15).
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S3.4.1 Gain rescaling of pre-calibration condition estimates

Prior to calibration, and external to ClassicHCAS functionality, pre-calibration condition esti-
mates for each short-term epoch are adjusted using an epoch-specific gain (multiplier). Gain
rescaling adjusts the magnitude of pre-calibration condition estimates across temporal epochs.
The need for this adjustment arises when the observed remotely sensed variables of reference
ecosystems summarised over shorter time windows (e.g. 3-year epochs) di!er in their statistical
properties from the long-term summaries used to establish the reference framework for condition
benchmarking. Gain rescaling is intended to reduce these systematic di!erences by adjusting the
amplitude of pre-calibration condition values for each short-term epoch relative to the long-term
epoch, while preserving the relative ranking of sites within each short-term epoch in a temporal
series.

This process is expressed mathematically as follows. For temporal short-term epoch j, let
HR,j = {hj(p) : p ↓ R}, where here hj is the pre-calibration condition estimate for that epoch.
Here, R is a common random sample of 200,000 VAST class-1 locations (reference sites) used
across temporal epochs. Note that R is presumed to be in reference condition for the entire
temporal series. Let HR denote the corresponding long-term pre-calibration condition estimates,
and let C denote the fixed long-term calibration function, applied to each estimate. Because of
sensor and other data-related e!ects, the mean of the calibrated condition estimate of a short-
term epoch often does not match the mean of the calibrated condition estimate for the long-term
estimate, C(HR). That is, we frequently observe that C(HR,j) ↔= C(HR). To minimise this
di!erence, we select a gain to apply to the pre-calibration condition estimates of each short-term
epoch:

ωj = arg min
0.5→ω→1.5

∣∣∣C(ωHR,j) ↗ C(HR)
∣∣∣

The gain is estimated using stats::optimise() and applied to all pre-calibration condition
estimates for that epoch as h̃j(p) = ωjhj(p). The means are calculated over available sample
values, excluding missing values.

This aligns, as closely as possible, the mean calibrated condition score over the common sample
of inferred reference sites (from Section S2.2) between each short-term epoch and the long-term
epoch used to establish the condition benchmarking framework, using a common calibration
curve. This adjustment was applied to the HCAS v3.3 pre-calibration condition estimates across
all short-term temporal epochs (Valavi et al. 2025a; Williams et al. 2025b).

S3.4.2 Calibration and temporal comparability

Following gain rescaling, the calibration curve derived from the long-term epoch (Section S3.2;
Table 5) is applied consistently to all short-term epochs. Applying the same calibration curve
maintains a common 0–1 reporting scale across epochs, allowing temporal di!erences in condition
estimates to be interpreted relative to a consistent calibration framework. This improves compa-
rability among epochs but does not remove residual e!ects associated with sensor characteristics,
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seasonal variability or other temporal artefacts in the underlying observations.

S3.4.3 Temporal patterns of condition estimates

The HCAS v3.3 short-term epochs provide repeated estimates of ecosystem condition gener-
ated using the fixed long-term reference ecosystem models, reference surfaces, benchmarking
configuration and calibration curve described in Sections S3.1–S3.4.2. Variation among epochs
arises from changes in the remotely sensed ecosystem characteristics summarised within each
overlapping 3-year period. This variation may include the residual e!ects of responses to weather,
disturbance and recovery, as well as observational artefacts, and does not by itself demonstrate
persistent or statistically supported change (Williams et al. 2025b).

Figure 12 shows variation in the continental mean HCAS v3.3 condition estimate across the
overlapping 3-year epochs, together with the mean of the long-term 1988–2024 condition product.
Variation among the short-term continental means is relatively small. This continental summary
is descriptive and may mask stronger, spatially restricted changes or o!setting patterns among
regions. Persistent directional change can be evaluated separately using methods designed for
serially correlated time series (Lehmann et al. 2023), while statistical comparison of selected
epoch means can be undertaken using the method described by (Lehmann & Williams 2025).
Broader limitations a!ecting temporal interpretation are discussed in Section 5 of the manuscript.

Figure 12 Continental mean ecosystem condition estimated from overlapping 3-year HCAS v3.3 epochs,
compared with the mean of the long-term 1988–2024 condition product. Each short-term epoch is
commonly referred to by the final year of its 3-year period. The truncated vertical axis highlights the
relatively small variation among the plotted continental means and should be considered when
interpreting the apparent magnitude of change. The figure provides a descriptive continental summary
and does not show the results of formal trend or epoch-comparison testing. Sources: HCAS v3.3 data
collection and Product Guide (Valavi et al. 2025b; Williams et al. 2025b).

Individual short-term epochs retain spatial variation in condition at the 90 m analysis resolution,
as illustrated for 2022–2024 in Figure 13. Fine-scale spatial patterns are also evident in the long-
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term product, including riparian corridors and remnant ecosystems within modified landscapes
(Figure 14). Figure 14 illustrates spatial detail in the long-term condition product and is not
itself an analysis of temporal change.

Local time series can show substantially greater temporal variation than the continental mean.
In the example landscape north of Perth, condition estimates were relatively stable during the
earlier epochs and were followed by a sharp and sustained decline that corresponds spatially
and temporally with urban expansion visible in the accompanying imagery (Figure 15). This
correspondence supports interpretation of the mapped pattern but does not, by itself, establish
causation. Because adjacent epochs summarise overlapping 3-year periods, abrupt changes are
smoothed across successive estimates and their full expression may be delayed; epoch labels
should not therefore be interpreted as exact dates of change.

Figure 13 Ecosystem condition estimated for continental Australia from remotely sensed ecosystem
characteristics summarised over the 2022–2024 short-term epoch. Condition scores are reported on the
common 0–1 calibration scale described in Section S3.2. This map represents one overlapping 3-year
epoch and should be interpreted in conjunction with the temporal and observational qualifications
described in Sections S3.4.2–S3.4.3. Sources: HCAS33_HC_2022_2024.tif in HCAS v3.3 data collection
and Product Guide (Valavi et al. 2025b; Williams et al. 2025b).
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Figure 14 Fine-scale spatial pattern in the HCAS v3.3 long-term ecosystem condition product for an
example landscape in central Victoria, Australia. Left: ecosystem condition estimates for the 1988–2024
long-term epoch, with lower values shown in dark purple and higher values in green. Middle:
corresponding Landsat imagery. Right: location of the example landscape within Australia. Sources:
HCAS condition data, HCAS33_HCB_1988_2024.tif, in Valavi et al. (2025b); Landsat imagery: ;
location-map basemap: .
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Figure 15 Temporal ecosystem condition estimates for a rapidly urbanising example landscape north of
Perth, Western Australia, from 1990 to 2024. HCAS condition estimates are derived from overlapping
3-year epochs and show a sustained decline corresponding spatially and temporally with urban expansion
visible in the accompanying imagery. Because adjacent epochs share two years of observations, abrupt
changes are smoothed across successive estimates and their full expression may occur after the initial
landscape change. Sources: HCAS v3.3 short-term ecosystem condition
rasters, HCAS33_HC_1988_1990.tif, HCAS33_HC_1989_1991.tif, . . . , HCAS33_HC_2022_2024.tif
in Valavi et al. (2025b); imagery: .
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S3.5 Bootstrap uncertainty from reference-site resampling

We evaluated the uncertainty in HCAS v3.3 ecosystem condition estimates due to the reference-
site samples used in reference ecosystem modelling and condition benchmarking using a bootstrap
resampling approach (Efron & Tibshirani 1994). One hundred bootstrap replicates were generated
by resampling, with replacement, the training reference sites used to fit the reference ecosystem
model and the benchmark reference sites used for target-specific condition estimation (Lehmann
et al. 2025). The two reference site sets were resampled from their respective production samples
(Section S2.5). These bootstrap processes were statistically independent of each other (Lehmann
et al. 2025). For an N -out-of-N bootstrap sample, approximately 63% of the sampled reference
site locations are expected to be unique, with the remaining draws comprising repeated selections
of those locations.

For each replicate, the reference ecosystem model was refitted using the resampled training
reference sites. The reference-density distribution and inferential reference surface were then
reconstructed, condition benchmarking was rerun using the resampled benchmark reference sites,
and the resulting condition estimates were calibrated using a replicate-specific calibration curve.
The HCAS v3.3 input rasters (remotely sensed variables and environmental covariates), variable
definitions, calibration method and other production settings were otherwise treated as fixed.
This procedure generated one calibrated ecosystem condition estimate at each grid cell for each
bootstrap replicate (Figure 16).

At each grid cell, the 2.5th and 97.5th percentiles of the 100 calibrated bootstrap estimates
were used as the lower and upper limits of a 95% bootstrap percentile interval. Bootstrap
interval width was calculated as the upper limit minus the lower limit. Figure 17 presents the
long-term calibrated ecosystem condition estimate from the full HCAS v3.3 production run and
the corresponding bootstrap interval width. The production run estimate is not the mean of the
bootstrap replicates, but rather the HCAS output corresponding to the full (non-resampled)
set of training and benchmark site data. Bootstrap resampling was also applied to selected
temporal epochs and included in the HCAS v3.3 data collection (Valavi et al. 2025b; Williams
et al. 2025b).

The bootstrap distribution quantifies the model-based uncertainty in the estimated ecosystem
condition due to resampling the training and benchmark reference sites and to the e!ects
of that resampling propagated through the refitted or recalculated workflow components. It
should not be interpreted as a comprehensive estimate of uncertainty in ecosystem condition.
In particular, the procedure does not independently propagate Earth observation measurement
error, uncertainty in environmental covariates, model structural or functional-form uncertainty,
assumptions embodied in the calibration method, residual temporal or sensor-related artefacts,
or uncertainty in other fixed inputs and production settings. These sources may a!ect the
condition estimates but are not represented as distinct uncertainty components unless their
e!ects vary as a consequence of reference site resampling.
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Figure 16 Bootstrap workflow for HCAS v3.3 uncertainty products. The 95% confidence interval width
summarises uncertainty due to resampling the training and benchmark reference sites through the rerun
of the HCAS workflow; it is not a comprehensive propagation of all uncertainty sources. AI-assisted
schematic prepared under author supervision using OpenAI image-generation tools.
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Figure 17 The long-term calibrated ecosystem condition estimates (left), and the 95% confidence interval
(CI) width derived from 100 rounds of bootstrap resampling of training and benchmark reference sites.
Data: HCAS33_HCB_1988_2024.tif (left) and HCAS33_HCB_CIW_1988_2024.tif in Valavi et al.
(2025b)

S3.5 Benchmarking support diagnostic

When requested, ClassicHCAS benchmarking also returns the support diagnostic: SU t =
log

(∑mt
j=1 w̃jt

)
, which is calculated from the original, unboosted kernel weights resulting from

the condition estimation (see Eq. 10 in the manuscript). This diagnostic summarises the
availability and ecological proximity provided by the k2 benchmark reference sites for each target
location but is not a calibrated confidence interval (see Section S3.5). It is referred to as an
index of benchmark reference site coverage in the HCAS v3.3 Product Guide (Williams et al.
2025b) and provided as a dataset in the data collection (Valavi et al. 2025b).

S4 Evaluation of the Australian HCAS v3.3 application

This section presents two complementary evaluations relevant to the continental Australian
HCAS v3.3 application. First, the inferred reference-site dataset used in reference ecosystem
modelling and condition benchmarking is assessed against independent field-based floristic
observations. Second, HCAS v3.3 ecosystem condition estimates are compared with Queensland
Spatial BioCondition v2, an independently developed regional vegetation-condition product.
General limitations and sources of uncertainty a!ecting the HCAS workflow are discussed in
Section 5 of the main manuscript (further details are provided in Williams et al. 2025b).

S4.1 Evaluation of inferred reference sites

The suitability of inferred reference sites a!ects both reference ecosystem modelling and condition
benchmarking. Giljohann et al. (2025) evaluated the Australian inferred reference-site dataset
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against independent field-based floristic observations from the Harmonised Australian Vegetation
Plot dataset (HAVPlot). HAVPlot is a continental collation of more than 200,000 vegetation
survey plots compiled from major Australian vegetation-data custodians (Mokany et al. 2022a;
Mokany et al. 2022b).

Regression analyses considered native-species proportion, survey year, plot size and species
richness. Inferred reference sites were preferentially associated with vegetation plots exhibiting
higher relative naturalness. This result provides independent supporting evidence that the site-
inference method preferentially identifies relatively natural vegetation. It does not demonstrate
that every inferred reference site is in reference condition, establish equivalent coverage of all
Australian ecosystems, or independently validate the HCAS v3.3 ecosystem condition estimates.

National evaluation of HCAS condition estimates remains constrained by the limited availability
and comparability of field-based ecosystem condition observations. Earlier HCAS implemen-
tations were compared with compiled field observations and structured expert assessments
(Williams et al. 2021a; Williams et al. 2023), but di!erences in variables, reference concepts,
assessment methods and spatial support among datasets restrict their consistent application
at continental scale. Structured expert assessments collected using the Habitat Condition
Assessment Tool provide a potential source of site-level evidence for future evaluation of HCAS
condition estimates and inferred reference ecosystems (White et al. 2019; White et al. 2023;
Munroe et al. 2025; Munroe et al. 2026). These data were not used to evaluate the HCAS v3.3
application reported here.

S4.2 Comparison with Queensland Spatial BioCondition

Queensland Spatial BioCondition version 2 is an independently developed modelling and mapping
framework that predicts vegetation condition for biodiversity relative to Regional Ecosystem
specific reference or ‘best-on-o!er’ states (DES 2021). The version used here provides predictions
for 2021 across the Brigalow Belt, Central Queensland Coast and Southeast Queensland product
regions on a 0–100 scale (DESI 2024a; DESI 2024d; DESI 2024b). For comparison with HCAS
v3.3, the Spatial BioCondition predictions were rescaled to 0–1 and paired with the HCAS v3.3
short-term epoch summarising 2019–2021.

The comparison covered the common mapped extent of Brigalow Belt North, Brigalow Belt
South, South East Queensland and Central Queensland Coast (Figure 18). The two Brigalow
Belt IBRA bioregions were represented within the single Queensland Spatial BioCondition
Brigalow Belt product. Locations masked or lacking estimates in either product were omitted
from the paired comparison.

Correspondence between paired pixel values was evaluated using Type II major-axis regression
implemented in R with lmodel2 (Legendre & Oksanen 2026). Type II regression was used because
both axes contain modelled estimates and neither product provides an error-free independent
observation of ecosystem condition (Figure 19; major-axis slope = 0.88, intercept = 0.12, RMSOE
= 0.13). The major-axis relationship was treated as the primary product-comparison model; an
ordinary least-squares line is shown in Figure 19 only as descriptive context.
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Figure 18 Comparison of mapped ecosystem condition estimates from HCAS v3.3 and Queensland Spatial
BioCondition v2. Left: HCAS v3.3 ecosystem condition estimates for the 2019–2021 short-term epoch.
Right: Queensland Spatial BioCondition v2 predictions representing vegetation condition for biodiversity
in 2021 (mean predicted values per pixel). The comparison covers Brigalow Belt North, Brigalow Belt
South, South East Queensland and Central Queensland Coast; the two Brigalow Belt IBRA bioregions
are represented within the Queensland Spatial BioCondition Brigalow Belt product. Spatial
BioCondition scores were rescaled from 0–100 to 0–1. White areas indicate locations for which Spatial
BioCondition estimates were masked or unavailable. Sources: HCAS33_AHC_2019_2021.tif in Valavi
et al. (2025b); Queensland Spatial BioCondition v2 datasets (DESI 2024a; DESI 2024d; DESI 2024b).
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The products showed closer correspondence at higher condition values and greater divergence
towards the lower end of the condition scale, where Queensland Spatial BioCondition generally
assigned higher values than HCAS v3.3 (Figure 19). With HCAS v3.3 plotted on the horizontal
axis and Queensland Spatial BioCondition on the vertical axis, the fitted major-axis relationship
had a slope of 0.88 and an intercept of 0.12. These results indicate broad correspondence between
two independently developed condition products while also identifying a systematic di!erence in
their representation of the lower condition range. Di!erences may reflect contrasts in input data,
spatial resolution, model structure, reference frameworks, mapped exclusions and calibration.
The comparison does not establish that either product provides the more accurate estimate of
ecosystem condition.

Queensland Spatial BioCondition was also evaluated independently against field-based BioCon-
dition assessments from 270 sites (DESI 2024c); reproduced in Figure 20. The Queensland
evaluation reported R

2 = 0.70 and a mean absolute error of 13.4 BioCondition score points on
the original 0–100 scale. This Type I ordinary least-squares regression treated all field-assessment
scores as the predictor and therefore as measured without error. This field-based evaluation pro-
vides context for the predictive performance and limitations of Spatial BioCondition. It provides
useful context for interpreting the divergence between HCAS v3.3 and Spatial BioCondition.
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Figure 19 Pixel-level comparison of HCAS v3.3 and Queensland Spatial BioCondition v2 over their
common mapped extent. HCAS v3.3 ecosystem condition estimates for the 2019–2021 short-term epoch
are plotted on the horizontal axis and Queensland Spatial BioCondition v2 predictions, rescaled from
0–100 to 0–1, are plotted on the vertical axis. Blue hexagons show the density of paired pixel values,
with darker shading indicating greater density. The solid line shows the Type II major-axis regression
and the dashed line shows the 1:1 relationship. The ordinary least-squares regression (Type I) is shown
in green for descriptive context and was not the primary product-comparison model (for purposes of the
ordinary least-squares model, Queensland Spatial BioCondition v2 scores are treated as the predictor and
therefore as measured without error). Sources: HCAS33_AHC_2019_2021.tif in Valavi et al. (2025b);
Queensland Spatial BioCondition v2 datasets – mean predicted values per pixel (DESI 2024a; DESI
2024d; DESI 2024b).
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Figure 20 Independent Queensland evaluation of Spatial BioCondition v2 predictions against field-based
BioCondition assessments from 270 sites. The published evaluation reported R

2 = 0.70 and a mean
absolute error of 13.4 BioCondition score points on the original 0–100 scale. The fitted line is the
ordinary least-squares regression (Type I) and the dotted line is the 1:1 relationship. For purposes of the
ordinary least-squares model, field-assessment scores are treated as the predictor and therefore as
measured without error; this is a statistical model assumption and does not imply that the field
observations were collected without measurement error. This Queensland analysis is reproduced to
provide context for interpreting Spatial BioCondition and was not used to evaluate HCAS v3.3 directly.
Source: DESI (2024c).
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S5 Implementation considerations

The relationship between the broader HCAS workflow and the functions implemented within
ClassicHCAS is described in Section 2.3 and Figure 1 of the manuscript. This section documents
computational and software-configuration considerations relevant to the continental Australian
HCAS v3.3 application.

S5.1 Computational implementation at continental scale

The HCAS v3.3 production workflow partitioned the continental analysis grid into spatial
tiles and distributed condition benchmarking across high-performance computing resources.
Tiling and parallel execution were managed by the external production workflow rather than by
ClassicHCAS version 0.2.0. Tiling enables large spatial datasets to be processed as independent
subsets and supported workload distribution across the continental domain (requiring between 1
and ~10 minutes to complete; Valavi et al. 2025a)

The tiled workflow allowed target locations to be processed as separate spatial subsets using the
same reference surfaces, benchmarking settings and calibration curve. For temporal estimation,
the reference ecosystem model predictions, training- and benchmark-reference data, reference
surfaces, benchmarking configuration and calibration curve established for the long-term epoch
were retained across short-term epochs. Target-specific condition inference was repeated for
each spatial tile and temporal epoch using the observed ecosystem characteristics for that epoch.
Outputs from the independently processed tiles were subsequently assembled into spatially
continuous continental products. Further optimisation of tiling strategies could improve load
balancing and reduce overall computational cost.

S5.2 Alternative feature-set configurations

ClassicHCAS can construct reference surfaces and estimate condition using specified subsets
of the remotely sensed ecosystem characteristic variables, including individual variables where
appropriate. The selected variables define the multivariate feature space in which predicted
and observed pairwise distances are calculated. The same feature set must therefore be used
consistently during reference surface construction and condition benchmarking.

HCAS v3.3 used all 14 ecosystem characteristics described in Section S2.3; no alternative
feature subset or univariate condition products were generated as part of this application.
Condition estimates derived using di!erent feature sets may di!er because the underlying
distance space has changed and should not be assumed to be directly comparable with the HCAS
v3.3 production estimates. Alternative feature set configurations may also require separate
evaluation of benchmarking settings and calibration.
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S6 Conclusions

This worked example documents implementation of the HCAS workflow at continental scale using
multi-decadal Earth observation, environmental and inferred reference-ecosystem data. The
Australian application generated spatially explicit ecosystem condition estimates and repeated
temporal estimates on a common 0–1 reporting scale, capturing broad gradients of ecosystem
modification, fine-scale spatial pattern and temporal variation across a large and environmentally
heterogeneous domain.

The application also documents reference ecosystem modelling, condition benchmarking and
calibration, independent supporting evidence for the inferred reference-site dataset, comparison
with an independently developed regional condition product, and bootstrap sensitivity to
resampling training and benchmark reference sites. Broader interpretation, limitations and
implications of the HCAS workflow are discussed in Section 5 of the manuscript.

Appendix A – Environmental covariates selected for use in HCAS

v3.3

All environmental covariates listed in Table 6 are 90 m Cloud Optimised GeoTIFFs (COGs)
in Australian Albers projection (EPSG:3577, GDA 1994). The full list of 127 environmental
covariates published in Liu et al. (2025a) and selection process can be found in Liu et al. (2025b).
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Table 6 The 58 environmental covariates selected to represent long-term, stable abiotic gradients across Australia, used in developing HCAS v3.3 (Liu et al. 2025a;
Liu et al. 2025b). Covariates subsequently excluded from use in the reference ecosystem modelling step are indicated by an asterisk ‘*’, and covariates additionally
included to support benchmark reference site sampling are indicated by a hash ‘#’.

COVARIATE
GROUP

DATASET NAME DESCRIPTION UNITS CITATION

Climate Clim_EAAS Annual total actual evapotranspiration modelled using terrain-scaled
water holding capacity, using Budyko framework: 1975-2025
(ANUCLIM version 6.1 derived - Xu & Hutchinson 2011) using
3-second SRTM DEM (Gallant et al. 2009)

mm Harwood et al. (2018)

Climate Clim_EPA Total annual potential evaporation: 1975-2025 (ANUCLIM version
6.1 derived - Xu & Hutchinson 2011) using 3-second SRTM DEM
(Gallant et al. 2009)

mm Harwood et al. (2018)

Climate Clim_EPRX Rate of seasonal change in potential evaporation - maximum
di!erence between successive months: 1975-2025 (ANUCLIM version
6.1 derived - Xu & Hutchinson 2011) using 3-second SRTM DEM
(Gallant et al. 2009)

mm/day Harwood et al. (2018)

Climate Clim_EPX Maximum monthly potential evaporation: 1975-2025 (ANUCLIM
version 6.1 derived - Xu & Hutchinson 2011) using 3-second SRTM
DEM (Gallant et al. 2009)

mm Harwood et al. (2018)

Climate Clim_PTI Minimum monthly precipitation: 1975-2025 (ANUCLIM version 6.1
derived - Xu & Hutchinson 2011) using 3-second SRTM DEM
(Gallant et al. 2009)

mm Harwood et al. (2018)

Climate Clim_PTRX Rate of seasonal change in precipitation - maximum of di!erences
between successive months: 1975-2025 (ANUCLIM version 6.1
derived - Xu & Hutchinson 2011) using 3-second SRTM DEM
(Gallant et al. 2009)

mm/day Harwood et al. (2018)

Climate Clim_RSI Short-wave solar radiation - monthly minimum (SRAD data):
1975-2025 (ANUCLIM version 6.1 derived - Xu & Hutchinson 2011)
using 3-second SRTM DEM (Gallant et al. 2009)

MJ/m2/day Harwood et al. (2018)

Climate Clim_RSRI Rate of seasonal change in short-wave solar radiation - min di!erence
between successive months (SRAD data): 1975-2025 (ANUCLIM
version 6.1 derived - Xu & Hutchinson 2011) using 3-second SRTM
DEM (Gallant et al. 2009)

MJ/m2/day Harwood et al. (2018)
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COVARIATE
GROUP

DATASET NAME DESCRIPTION UNITS CITATION

Climate Clim_RSRX Rate of seasonal change in short-wave solar radiation - max di!erence
between successive months (SRAD data): 1975-2025 (ANUCLIM
version 6.1 derived - Xu & Hutchinson 2011) using 3-second SRTM
DEM (Gallant et al. 2009)

MJ/m2/day Harwood et al. (2018)

Climate Clim_RSX Short-wave solar radiation - monthly maximum (SRAD data):
1975-2025 (ANUCLIM version 6.1 derived - Xu & Hutchinson 2011)
using 3-second SRTM DEM (Gallant et al. 2009)

MJ/m2/day Harwood et al. (2018)

Climate Clim_TNRI Rate of seasonal change in minimum temperature - minimum
di!erence between successive months: 1975-2025 (ANUCLIM version
6.1 derived - Xu & Hutchinson 2011) using 3-second SRTM DEM
(Gallant et al. 2009)

°C/day Harwood et al. (2018)

Climate Clim_TNRX Rate of seasonal change in minimum temperature - maximum
di!erence between successive months: 1975-2025 (ANUCLIM version
6.1 derived - Xu & Hutchinson 2011) using 3-second SRTM DEM
(Gallant et al. 2009)

°C/day Harwood et al. (2018)

Climate Clim_TRI Minimum monthly mean diurnal temperature range: 1975-2025
(ANUCLIM version 6.1 derived - Xu & Hutchinson 2011) using
3-second SRTM DEM (Gallant et al. 2009)

°C Harwood et al. (2018)

Climate Clim_TRX Maximum monthly mean diurnal temperature range: 1975-2025
(ANUCLIM version 6.1 derived - Xu & Hutchinson 2011) using
3-second SRTM DEM (Gallant et al. 2009)

°C Harwood et al. (2018)

Climate Clim_TXRX Rate of seasonal change in maximum temperature - maximum
di!erence between successive months: 1975-2025 (ANUCLIM version
6.1 derived - Xu & Hutchinson 2011) using 3-second SRTM DEM
(Gallant et al. 2009)

°C/day Harwood et al. (2018)

Climate Clim_TXX Maximum temperature - monthly maximum: 1975-2025 (ANUCLIM
version 6.1 derived - Xu & Hutchinson 2011) using 3-second SRTM
DEM (Gallant et al. 2009)

°C Harwood et al. (2018)

Climate Clim_WDI Minimum monthly atmospheric water deficit (PT-EP): 1975-2025
(ANUCLIM version 6.1 derived - Xu & Hutchinson 2011) using
3-second SRTM DEM (Gallant et al. 2009)

mm Harwood et al. (2018)
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COVARIATE
GROUP

DATASET NAME DESCRIPTION UNITS CITATION

Climate Snow_days_avg_1975_2022# Mean number of days with snow calculated from ANUClimate version
2.0 daily mean temperature and rainfall from 1975 to 2022
(Hutchinson et al. 2022) using the 'Snow Cover' tool in SAGA version
9.2.0 (Conrad et al. 2015)

Days This report

Parent
Material

PM_gravity_2019_B4_CBA* Gravity – B series terrain corrected complete Bouger anomaly grid
2019

µm/s2 Lane et al. (2020b); Lane
et al. (2020a)

Parent
Material

PM_magmap_v7_2019_1VD* Airborne-derived total magnetic intensity, 7th Edition, 2019 –
enhanced grid, 1VD

nT/m Minty and
Poudjom Djomani (2019)

Parent
Material

PM_radmap_v4_2019_
filtered_pctk_GAPFilled

Radiometric grid of Australia (Radmap) v4 2019 – predictive infilled
filtered percent natural radioactive decay of Potassium (derived from
Poudjom Djomani & Minty 2019a)

% Wilford and Kroll (2020)

Parent
Material

PM_radmap_v4_2019_
filtered_ppmt_GAPFilled

Radiometric grid of Australia (Radmap) v4 2019 – predictive infilled
filtered natural radioactive decay of Thorium (derived from
Poudjom Djomani & Minty 2019b)

ppm Wilford and Kroll (2020)

Parent
Material

PM_radmap_v4_2019_ratio_
tk_GAPFilled

Radiometric grid of Australia (Radmap) v4 2019 - predictive infilled
filtered natural radioactive decay of Thorium-Potassium ratio
(derived from Poudjom Djomani & Minty 2019c)

Ratio
(unitless)

Wilford and Kroll (2020)

Parent
Material

PM_radmap_v4_2019_ratio_
uk_GAPFilled*

Radiometric grid of Australia (Radmap) v4 2019 - predictive infilled
filtered natural radioactive decay of Uranium-Potassium ratio
(derived from Poudjom Djomani & Minty 2019d)

Ratio
(unitless)

Wilford and Kroll (2020)

Parent
Material

PM_radmap_v4_2019_ratio_
ut_GAPFilled*

Radiometric grid of Australia (Radmap) v4 2019 - predictive infilled
filtered natural radioactive decay of Uranium-Thorium ratio (derived
from Poudjom Djomani & Minty 2019e)

Ratio
(unitless)

Wilford and Kroll (2020)

Relief Relief_dems_3s_mosaic1 Elevation derived from the 3” SRTM Digital Elevation Model (DEM)
Version 1.0

metres Gallant et al. (2009)

Relief Relief_profile_curvature_3# Profile Curvature derived from 1" SRTM DEM-S and aggregated to 3” Radians/m Gallant and Austin (2012)
Relief Relief_roughness Landscape roughness quantifies topographic heterogeneity within a

neighbourhood – di!erence in elevation from a centre cell and 8
directly surrounding cells using the method of Riley et al. (1999)

metres Searle et al. (2022)
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COVARIATE
GROUP

DATASET NAME DESCRIPTION UNITS CITATION

Relief Relief_SWI_mosaic# SAGA Wetness Index derived from 3 second SRTM Derived Digital
Elevation Model (DEM) Version 1.0 (Gallant et al. 2009). This is
similar to the 'Topographic Wetness Index' (Relief_twi_3s), but it is
based on a modified

index Searle et al. (2022)

Relief Exposed_rate The annual percentage exposure rate of land between 1988 to 2016
was reclassified from the intertidal extent data (Sagar & Bala 2017)

Fraction Liu et al. (2025b)

Relief AccFlw_MFD_3s_log10# Accumulated flow using the multiple low directions (MFD) method
with the 3s DEM resampled using ‘bilinear’ method from 1s DEM-H
(Gallant et al. 2009), log10(accFlow+1)

m3 Liu et al. (2025b)

Soil SubSoil_AvailP Predicted inherent plant available soil phosphorus (P),
depth-weighted average for subsoil depths greater than 30 cm –
hole-filled non-anthropogenic version

mg/kg Searle (2023)

Soil SubSoil_BDW Predicted whole soil bulk density (including coarse fragments in mass
per unit volume by a method equivalent to the core method)
depth-weighted average for subsoil depths greater than 30 cm –
hole-filled non-anthropogenic version

g/cm3 Searle (2023)

Soil SubSoil_Clay Predicted clay soil texture (< 2 um mass fraction of the < 2 mm soil
material determined using the pipette method) depth-weighted
average for subsoil depths greater than 30 cm – hole-filled
non-anthropogenic version

% Searle (2023)

Soil SubSoil_DUL Predicted soil hydraulic properties – volumetric drained upper limit
(one-third bar) depth-weighted average for subsoil depths greater
than 30 cm – hole-filled non-anthropogenic version

mm/mm Searle (2023)

Soil SubSoil_pHWater Soil pH (1:5 water; method 4A1 in Rayment & Lyons 2011)
depth-weighted average for subsoil depths greater than 30 cm –
hole-filled non-anthropogenic version

Index Searle (2023)

Soil SubSoil_SOC Predicted total soil organic carbon content (mass fraction by weight
in the <2 mm soil material as determined by dry combustion at 900
°C) depth-weighted average for subsoil depths greater than 30 cm –
hole-filled non-anthropogenic version

% Searle (2023)

Soil SubSoil_TotalN* Predicted total soil nitrogen (N) content (mass fraction in the soil by
weight) depth-weighted average for subsoil depths greater than 30 cm
– hole-filled non-anthropogenic version

% Searle (2023)
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COVARIATE
GROUP

DATASET NAME DESCRIPTION UNITS CITATION

Soil SubSoil_TotalP Predicted total soil phosphorus (P) content (mass fraction in the soil
by weight) depth-weighted average for subsoil depths greater than 30
cm – hole-filled non-anthropogenic version

% Searle (2023)

Soil Topsoil_AvailP Predicted inherent plant available soil phosphorus (P) depth-weighted
average for topsoil depths from 0 to 30 cm – hole-filled
non-anthropogenic version

mg/kg Searle (2023)

Soil Topsoil_Clay Predicted clay soil texture (< 2 um mass fraction of the < 2 mm soil
material determined using the pipette method) depth-weighted
average for topsoil depths from 0 to 30 cm – hole-filled
non-anthropogenic version

% Searle (2023)

Soil Topsoil_DUL Predicted soil hydraulic properties – volumetric soil moisture at
drained upper limit (one-third bar) depth-weighted average for topsoil
depths from 0 to 30 cm – hole-filled non-anthropogenic version

mm/mm Searle (2023)

Soil Topsoil_pHWater Soil pH (1:5 water; method 4A1 in Rayment & Lyons 2011)
depth-weighted average for topsoil depths from 0 to 30 cm –
hole-filled non-anthropogenic version

index Searle (2023)

Soil Topsoil_SOC Predicted total soil organic carbon content (mass fraction by weight
in the <2 mm soil material as determined by dry combustion at 900
°C) depth-weighted average for topsoil depths from 0 to 30 cm –
hole-filled non-anthropogenic version

% Searle (2023)

Soil Topsoil_TotalP Predicted total soil phosphorus (P) content (mass fraction in the soil
by weight) depth-weighted average for topsoil depths from 0 to 30 cm
– hole-filled non-anthropogenic version

% Searle (2023)

Soil Depth_mean Depth of soil profile – combining A and B horizons (best estimate
including > 2m) – hole-filled non-anthropogenic version

metres Searle (2023)

Soil DepthR_mean Depth to hard rock - inclusive of all regolith – hole-filled
non-anthropogenic version

metres Searle (2023)

Soil Cond_prediction_0_4m Median predicted surface conductivity (up to 4 metres depth) from
airborne electromagnetic (AEM) conductivity surveys (Ley-Cooper et
al., 2020) – hole-filled non-anthropogenic version

S/m Wilford et al. (2023b)

Soil Al_prediction* Median predicted oxide of aluminium (Al2O3) concentration in
surface rock and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)
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COVARIATE
GROUP

DATASET NAME DESCRIPTION UNITS CITATION

Soil Ca_prediction Median predicted oxide of calcium (CaO) concentration in surface
rock and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)

Soil Fe_prediction* Median predicted oxide of iron (Fe2O3tot) concentration in surface
rock and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)

Soil K_prediction Median predicted oxide of potassium (K2O) concentration in surface
rock and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)

Soil Mg_prediction* Median predicted oxide of magnesium (MgO) concentration in surface
rock and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)

Soil Mn_prediction* Median predicted oxide of manganese (MnO) concentration in surface
rock and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)

Soil Na_prediction* Median predicted oxide of sodium (Na2O) concentration in surface
rock and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)

Soil P_prediction* Median predicted oxide of phosphorus (P2O5) concentration in
surface rock and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)

Soil Si_prediction Median predicted oxide of silicon (SiO2) concentration in surface rock
and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)

Soil Ti_prediction* Median predicted oxide of titanium (TiO2) concentration in surface
rock and regolith – hole-filled non-anthropogenic version

Log10
weight %

Wilford et al. (2023a)
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