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A B S T R A C T

Substantial declines in biodiversity over the past century demonstrate an immediate need to preserve ecosystems 
and further mitigate habitat loss. Monitoring changes in ecosystem condition at region thru continental to global 
scales can provide important information about biodiversity declines and help facilitate targeted intervention. 
Efforts to use satellite imagery to map ecosystem condition change have experienced challenges with dis
tinguishing observed changes from the natural variation of ecosystems. In this study we use an innovative deep 
learning architecture to pair time series satellite imagery with locations of known on-ground condition. Our 
model was developed using 209,041 on-ground records of native species present in the landscape, as a surrogate 
measure of ecosystem condition, coupled with Landsat time series data and topographic and climatological 
datasets. We predict ecosystem condition across the Australian continent for several years (2010, 2015, 2020, 
2021, 2022) at 100 m. Arid regions in Australia's interior had predicted condition scores close to reference 
condition (1) for all years. Comparatively, highly modified landscapes in Australia's southeastern and south
western regions had predicted condition scores closer to fully degraded (0). Mean predicted ecosystem condition 
across Australia was greater than 0.65 for all years, suggesting greater overall presence of native species rather 
than absence, however this was spatially variable. Our results demonstrate that using deep learning techniques 
and time series data can provide quantitative information on ecosystem condition, accounting for temporal 
variability of vegetation phenology and spatial variability across bioregions. Ongoing efforts to collect essential 
biodiversity variables from space must consider integrating with deep leaning approaches that have capacity for 
context driven spatial modelling. This will help ensure mapping products can support policy and inform inter
vention strategies.

1. Introduction

Global declines in biodiversity have been observed over the past 
century and are directly linked to sustained anthropogenic pressures on 
ecosystems (Ceballos et al., 2015; Díaz and Malhi, 2022; Jaureguiberry 
et al., 2022; Johnson et al., 2017). Biodiversity is important for 
ecosystem function, providing key ecosystem services for society (IPBES, 
2019). There is an immediate need to reduce losses in biodiversity and 

preserve existing biodiverse landscapes, particularly given projected 
changes in the global climate (Loreau et al., 2022; Pereira et al., 2024). 
Losses in biodiversity are often linked with landscape change and 
reduction in suitable habitat extent (Hooper et al., 2012; Jaureguiberry 
et al., 2022). These losses in suitable habitat can occur at varying spatial 
and temporal scales, from smaller acute ecosystem extent loss to larger 
slow degradation of ecosystem condition (Krauss et al., 2010; Watson 
et al., 2016).
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Changes in ecosystem condition are linked to habitat loss and quality 
of habitat for biodiversity (Chase et al., 2020; Hooper et al., 2012). The 
condition of an ecosystem can provide an important indicator of changes 
that manifest in global biodiversity declines (Chase et al., 2020). 
Monitoring changes in ecosystem condition can also inform identifica
tion of drivers and pressures on ecosystems to understand the response 
of biodiversity in landscapes (McNellie et al., 2020; Nicholson et al., 
2021). Ecosystem condition can be defined as the structure, function and 
composition of a given instance of an ecosystem relative to that expected 
if the ecosystem were in reference condition (Nicholson et al., 2021; 
SEEA-EA, 2024). However, the interpretation of characteristics such as 
structure, function and composition, as well as ecosystem reference 
states requires a clear framework to enable identification of ecosystem 
condition change (McNellie et al., 2020).

Measuring ecosystem condition and identifying changes in 
ecosystem condition over time requires a clear definition of ‘condition’ 
(Tierney et al., 2009; Wurtzebach and Schultz, 2016). Measures of key 
characteristics of ecosystems such as structure, function or composition 
are often used as proxies for ecosystem condition (McNellie et al., 2020; 
Nicholson et al., 2021). Ground-based measures, such as vegetation 
plots or transects, are very useful for site specific indicators of ecosystem 
condition (Tierney et al., 2009; Yen et al., 2019). Repeated measures at 
these locations can provide high confidence of identifying changes over 
time (Karan et al., 2016). However, ground-based measures are usually 
resource intensive to collect, particularly in remote locations which are 
often most valuable for identifying long term ecosystem condition 
change with limited acute anthropogenic pressures. Broad scale ap
proaches, such as those derived from remote sensing, are also valuable 
to provide consistent spatial and temporal snapshots of ecosystem con
dition and its change over time retrospectively, where no on-ground 
data are available (Harwood et al., 2016; Williams et al., 2024).

Mapping ecosystem condition over regional thru continental to 
global scales has been achieved using a variety of data sources 
(McFarlane and Wallace, 2019; Nagendra et al., 2013). Approaches 
using land cover (Venter et al., 2022), land use (Gomes et al., 2021), or 
anthropogenic impact such as human footprint or night-time lights 
(Venter et al., 2016; Zhao et al., 2019) have been used as a proxy for 
identifying ecosystem condition change. However, these approaches 
often rely on inference of human pressures to ecosystem condition 
change rather than direct observations of ecosystem state. Earth 
Observation (EO) data such as satellite imagery have been used to 
provide observations of ecosystem condition change over such large 
spatial extents, with the capacity to provide high temporal frequency of 
change (Hansen et al., 2021; Pelletier et al., 2019). Approaches to 
mapping ecosystem condition using EO have developed relationships of 
observations to locations in known reference condition (e.g. Habitat 
Condition Assessment System (HCAS) (Harwood et al., 2016; Valavi 
et al., 2025; Williams et al., 2024)). Due to the complexity of the re
lationships between ecosystem condition, vegetation attributes and 
environmental covariates, machine learning algorithms to identify 
pixels in reference condition or degraded states has also been demon
strated (Kocev et al., 2009; Lawley et al., 2016; Love et al., 2020; 
McNellie et al., 2021). These approaches highlight the challenges of 
identifying changes in ecosystem condition over space and time, such as 
bioregional variation in ecosystem states within and between bioregions 
and vegetation phenology. Distinguishing observed changes in 
ecosystem condition from the natural variation of ecosystems using EO 
data requires new approaches that can integrate information on the 
spatial and temporal context of observed change.

Deep learning may offer a useful approach to overcoming challenges 
in mapping and monitoring ecosystem condition from EO data. Deep 
learning techniques can accommodate data from different modalities, at 
various scales, and across multiple geographical regions, while main
taining good generalisation performance. For example, convolutional 
neural networks (CNNs) are a type of deep learning model that use 
multiple convolutional layers to learn and represent complex patterns in 

data (O'Shea and Nash, 2015). CNNs are particularly useful as they have 
the capacity to use data in the context of other data, such as image 
interpretation (Chauhan et al., 2018). In computer vision tasks, a con
volutional operation involves moving a kernel filter over the input 
image to obtain a new representation of the data that should be relevant 
for classification. These techniques have translated to remote sensing 
applications, providing contextual data to classification of satellite im
ages (Zhang et al., 2021; Zhu et al., 2017). CNNs may be well suited to 
the challenges of modelling and mapping ecosystem condition as they 
can consider complex interactions between variables, adjusting for the 
complexities of environmental context thereby estimating ecosystem 
condition.

A time series CNN architecture was proposed for EO by Pelletier et al. 
(2019) and has been used in a variety of applications for identifying land 
cover (Lucas et al., 2021), land use (Wang et al., 2021) and fuel moisture 
content (Miller et al., 2022; Zhu et al., 2021). This approach utilises the 
contextual information of a pixel's time series observations to determine 
classification or estimation outputs. Similar deep learning workflows 
have demonstrated capacity to accommodate the temporal aspect of 
seasonality for vegetation phenology (Miller et al., 2024). Indeed, these 
workflows have demonstrated to provide greater accuracy than more 
traditional machine learning algorithms such as Random Forest and 
Support Vector Machine (Miller et al., 2024; Pelletier et al., 2019). 
Moreover, recent CNN approaches have incorporated geographical 
context through input layers of soil, climate, geology and land use 
(Miller et al., 2023). This provides greater generalisation of deep 
learning models across wide geographic extents to examine a pixel's time 
series observations in context of environmental conditions. To enable 
approaches using EO data that capture changes in ecosystem condition 
over time we need to capture phenological and environmental variation 
within the context of the broader landscape.

The aim of this study was to develop a consistent and continent-wide 
ecosystem condition mapping approach using EO data and innovative 
deep learning techniques. More specifically, we mapped the proportion 
of native species present in the landscape as a surrogate measure of 
ecosystem condition at 100 m resolution utilising the Landsat imagery 
archive for Australia and its territories. We use a deep learning archi
tecture to pair time series EO information with locations of known on- 
ground condition, accounting for spatiotemporal variation of vegeta
tion. We focus on evaluating this approach for delineating observed 
changes in ecosystem condition from the natural variation of ecosystems 
by generating several annual maps (2010, 2015, 2020, 2021, 2022).

2. Methods

2.1. Study area

The focus of this study was the Australian continent, which spans 7.7 
million km2 with a latitudinal range from 10◦41 ́S to 43◦38 ́ S. Australia 
encompasses six major climate groups (Beck et al., 2018, 2023), 
including tropical regions in the north, extensive arid areas inland, and 
temperate zones in the south. Despite only 18% of the land being desert, 
up to 70% of the mainland receives less than 500 mm of rainfall annu
ally, varying greatly with elevation, latitude, and interannual climate 
fluctuations such as El Niño–Southern Oscillation. Australia exhibits 
complex and varying landscapes, with over 80 distinct bioregions sup
porting a range of ecosystem types (National Land and Water Resources 
Audit, 2001). Reported changes in ecosystem condition across Australia 
include a continual trend of native vegetation removal for agriculture 
and urban expansion (Cresswell et al., 2021; Harwood et al., 2016; 
White et al., 2020) as well as climate impacts on vegetation cover and 
productivity (Donohue et al., 2009; Lamchin et al., 2020; Xie et al., 
2019).

The deep learning model presented in this paper was developed 
using over 30 years of on-ground data (Mokany et al., 2022) coupled 
with the Landsat imagery archive (Wulder et al., 2016). Five calendar 
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years (2010, 2015, 2020, 2021, 2022) were selected to apply and 
evaluate the proposed approach for continental scale ecosystem condi
tion mapping. These years represent the range of climatic conditions 
common to the Australian continent; 2010 was one of the wettest years 
on record (records commenced in 1900) with mean rainfall well above 
the long-term average (2010, 690 mm yr− 1; 1961–1990 average, 465 
mm yr− 1) with this attributed to a significant La Niña event (BOM, 
2012). 2015 represented a particularly warm and dry year, with mean 
temperatures 0.83 ◦C above the 1961–1990 average, coinciding with 
below average rainfall (2015, 444 mm yr− 1; BOM (2016). Three recent 
years (2020,2021,2022) were also selected to apply and evaluate this 
approach for demonstration of temporal and spatial consistency of 
proportion native species predictions as a surrogate measure of 
ecosystem condition across the continent.

2.2. Data

2.2.1. Ground data
Input data to the deep learning model consisted of information on the 

proportion of native species present in the landscape and was collated 
from a variety of sources and timespans. For the purpose of this study, 
systematically collected vegetation plot data were used as the basis for 
estimating a binary measure of intact or degraded natural systems for 
training. It was assumed that all plots where proportion of native species 
recorded was greater than 90% likely constituted a condition score at or 
near reference (1), and a complete absence of these species indicating a 
likely condition score of degraded (0) (Fig. 1). Whilst it is possible that 
plots could lose a large number of native species due to habitat degra
dation without non-native species being introduced, this was assumed to 
be a rare case. Ecosystem condition input data at or near reference were 
obtained using the harmonised Australia vegetated plot (HAVPlot) 
dataset (Mokany et al., 2022).

Further input data considered as fully degraded condition (0) were 
obtained by using features such as roads, parking lots and buildings from 
Open Street Map (OpenStreetMap contributors, 2017), plantation and 
vineyard locations (AARSC, 2021; ABARES, 2021), cultivated areas 

(Owers et al., 2022), and where HAVPlot data indicated less than 10% 
proportion of native species (Mokany et al., 2022). A selection of input 
data considered as degraded were subsampled through random strati
fication based on Köppen major climate groups to facilitate spatial 
representativeness across Australia and at least match proportionally the 
input data with a condition score of 1 (i.e. at least same number of re
cords for full degraded condition as at or near reference selected per 
major climate group). Minor additional input data were generated with 
expert interpretation for areas of very low representativeness. There 
were 209,041 records with a location, date and ecosystem condition 
score input to the deep learning model (fully degraded condition =
138,483; at or near reference = 70,558).

2.2.2. Earth observation data
Earth observation (EO) data were accessed using the CSIRO Earth 

Analytics Science and Innovation (EASI) platform. EASI builds upon the 
Open Data Cube framework to store, access and analyse EO data using 
cloud computing services (Woodcock et al., 2018). For this study, the 
Landsat archive was accessed through EASI in analysis-ready format 
(Dhu et al., 2017; Lewis et al., 2017) combining Landsat 5, 7 and 8 data 
where available. To enable consistent analysis over space and through 
time, Landsat data were pre-processed to surface reflectance and 
adjusted for solar angle, terrain illumination, as well as removal of cloud 
and cloud shadow (Byrne et al., 2024; Lewis et al., 2017; Li et al., 2012; 
Zhu and Woodcock, 2012). Spectral reflectance values of 6 reflectance 
bands (Blue, Green, Red, NIR, SWIR1, SWIR2) were extracted for each 
observation in specified calendar years and 17 common spectral indices 
were generated relevant for landscape and vegetation characteristics 
relating to ecosystem condition (NDVI, EVI, LAI, SAVI, MSAVI, TCG, 
NDWI, MNDWI, TCW, BUI, NBI, NDBI, TCB, BAI, NBR, BSI, NDMI; see 
Table S1). Additional nationally available spatial data layers were also 
used to provide topographical and climatological context. These 
included a digital elevation model (Farr et al., 2007) and topographic 
wetness index (Gallant and Austin, 2015), latitude and longitude, as well 
as climatology datasets including mean annual potential evaporation, 
mean annual precipitation, mean maximum temperature of the warmest 

Fig. 1. Distribution of ground-based ecosystem condition scores across Australia (showing states and territories) used as input data in the deep learning model. Blue 
indicators have a condition score of 1 (at or near reference condition), grey indicators have a condition score of 0 (degraded).
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month, and mean minimum temperature of the coldest month (Harwood 
et al., 2018).

2.3. Deep learning workflow

For each ground data point to be input into the deep learning model, 
all Landsat observations were extracted for the calendar year of the 
ground data survey (e.g. for a survey completed on 14 May 2009, all 
observations were extracted for 2009). Spectral indices were then 
generated for each observation. Landsat observations of each variable (i. 
e. spectral reflectance, spectral indices) were grouped as bimonthly and 
monthly data due to a) variability in number of reoccurring Landsat 
observations across the continent, and b) model architecture for the 
kernel to operate over time series data of the same length. For bimonthly 
and monthly data, the minimum, maximum and median of the grouped 
observations were calculated. For bimonthly and monthly data, 6 or 12 
observations respectively may not have been generated for a ground 
data point, due to issues of cloud cover or no observation. In this case, 
where one observation was missing with valid observations before and 
after, the missing data were linearly interpolated, however where 
consecutive observations were not record, this data were not used as 
input data to the model. For each ground data point, contextual data 
were extracted from relevant topographical and climatological datasets, 
as well as latitude, longitude and survey year. Finally, input data were 
normalised for each variable based on global 2nd and 98th percentile 
normalisation as recommended for models with similar architecture 
(Pelletier et al., 2019; Zhu et al., 2021).

Our deep learning model architecture was inspired by the temporal 
convolutional neural network proposed by Pelletier et al. (2019), and 
our deep learning workflow considered input from other applications 
using similar model architecture (Miller et al., 2023; Wang et al., 2021; 
Zhu et al., 2021) (Fig. 2). Our model included three temporal convolu
tional layers (64 units) used for time series data (Fig. 2). To avoid model 
overfitting this architecture implemented regulation mechanisms 
including dropout and batch normalisation after each convolutional 
layer (Pelletier et al., 2019; Zhu et al., 2021). The convolutional layers of 
the time series data were concatenated with the context data as a flat
tened layer into a fully connected neural network (dense) layer (256 
units). A final dense layer was used to produce outputs of the probability 
of ecosystem condition being at our near reference condition (1) as 
opposed to being degraded (0).

The model was generated using the Adam optimiser with default 

parameters (Kingma and Ba, 2017), implemented with the Keras library 
(Chollet et al., 2015) using the Tensorflow backend (Abadi et al., 2016). 
Model architecture design from Keras is provided in Fig. S1. Several 
model iterations were generated with varying input data. This included 
using monthly or bimonthly data, using minimum, maximum or median 
aggregates of time series observations, and varying combinations of 
contextual data. Over 50 models were generated using the same model 
architecture. The final model selection was based on lowest validation 
loss, highest validation accuracy and the lowest number of input data 
layers (see Section 2.4).

The selected final model was applied to make predictions across the 
Australian continent for the calendar years 2010, 2015, 2020, 2021, 
2022. EO time series data were generated using the same approach as 
input data for model training, including normalisation of data variables 
and interpolation of values where required in time series observations. 
The model was applied to Landsat data resampled to 100 m spatial 
resolution. This resampling from 30 m (approximate native Landsat 
resolution) to 100 m was deemed appropriate due to computational 
requirements of generating a continental scale ecosystem condition map 
to demonstrate this approach. Model application was parallelised using 
Dask (Rocklin, 2015), whereby this model can be applied at 30 m res
olution based on future user requirements.

2.4. Model evaluation and validation

To evaluate the performance of our models, input data (n = 209,041) 
were randomly split into training (60%; n = 125,424), testing (20%; n =
41,808) and validation (20%; n = 41,809) datasets, where no input data 
were of both the same location and time period. Training data were used 
to perform the initial training of the model, initialising the weights of the 
neural network. Validation data were used for tuning the neural net
works hyperparameters and comparing how these changes affect the 
predictive capacity of the model. Testing data were used to evaluate the 
predictive accuracy of the neural network on data that had not been 
used to train or validate the model. Model assessment was based on the 
convergence of training and validation accuracy and training and vali
dation loss parameters. Considerations were also made for selecting a 
suitable model based on model complexity, including training time and 
number of covariate input data. Distribution of ecosystem condition 
values from model predictions based on input data were also analysed to 
evaluate model output. To identify variable importance of input time 
series covariate data, shapely additive explanations (SHAP) analysis was 

Fig. 2. Deep learning workflow used in this study to model ecosystem condition for a specified year. Note the convolutional layers are the shape of 6 time series (t) 
stacked on each other for all 23 variables (6 x 23 = 138 variables total). For full model architecture see Figure S1.
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undertaken, which provides insight into variable importance of complex 
machine learning models (Lundberg and Lee, 2017).

2.5. Model sensitivity

Spatial and temporal sensitivity of the model was evaluated across 
the Australian continent for the five calendar year maps. Spatial varia
tion was mapped, stratified on bioregions, where mean absolute error 
(MAE) of predicted and actual ecosystem condition values were sum
marised. Temporal variation was mapped to evaluate predicted 
ecosystem condition values over time. This was achieved by mapping 
the standard deviation of each pixel for all years mapped. Predicted 
ecosystem condition values were summarised for each year to provide a 
continental and state and territory summary of mean ecosystem condi
tion. Similarly, distribution of predicted values from model outputs for 
each year were summarised. Furthermore, predicted ecosystem condi
tion in this study was compared with the Habitat Condition Assessment 
System (HCAS; (Valavi et al., 2025)) across Australia for years 2010, 
2015, 2020, 2021 and 2022. This included a difference image for each 
year as well as kernel density estimates to compare the distribution of 
ecosystem condition values for the two datasets (Figs. S3 and S4).

3. Results

3.1. Model evaluation and validation

The final model provided accurate predictions for national scale 
mapping of ecosystem condition. This model was based on bimonthly 
median time series inputs from EO data. The model consisted of the 6 
spectral bands, 17 spectral indices, and 8 topographical and climato
logical layers (latitude, longitude, elevation, topographic wetness index, 
mean annual potential evaporation, mean annual precipitation, mean 
minimum temperature of the coldest month, mean maximum tempera
ture of the warmest month). The model had a batch size of 32 and was 
run for 500 epochs. This resulted in a loss function of 0.1839, an accu
racy of 0.9368, with a validation loss of 0.1336, and validation accuracy 
of 0.9553. These evaluation metrics suggest the model performs satis
factorily with relatively low loss and high accuracy on both training and 
validation sets. The similar performance of the validation set compared 
to the training set suggests the model generalises well on data that had 
not been used to train or validate the model.

SHAP analysis demonstrated the importance of topological and 
climatological contextual data when describing variance for ecosystem 
condition across the Australian continent (Fig. S2). In particular, mean 
maximum temperature of the warmest month and mean minimum 
temperature of the coldest month were the most important variables in 
the model. Latitude and longitude were also highly contributing factors, 
demonstrating the spatial variation of ecosystem condition across the 
continent. The derived spectral index of normalised burn ratio (NBR) 
was the most important variable in describing ecosystem condition 
using Earth observation time series. Other highly contributing time se
ries inputs including the normalised difference water index (NDWI), 
normalised difference vegetation index (NDVI), bare soil index (BSI) and 
the green spectral band. These indices demonstrate vegetation 
phenology and moisture are important factors for evaluating ecosystem 
condition.

The distribution of ecosystem condition values from model pre
dictions based on input data suggest the model generalises well over 
space and time (Fig. 3). Observed values of ecosystem condition for 
input data considered degraded (0) show a distribution where predicted 
values are also 0 (median = 0, 25% quartile = 0, 75% quartile = 0.1). 
Observed values for input data of ecosystem condition values considered 
in reference condition (1) also demonstrate the model capacity to pre
dict values of reference condition. However, the distribution of pre
dicted values shows areas considered high condition but lower than 
reference (e.g. greater than 0.8 proportion native species) more difficult 

to differentiate from areas of reference condition (1) (median = 0.9, 
25% quartile = 0.6, 75% quartile = 1) (Fig. 3).

3.2. Model outputs

Annual continental-scale ecosystem condition maps were produced 
for Australia for the calendar years 2010, 2015, 2020, 2021 and 2022 at 
100 m spatial resolution (Fig. 4). Predicted ecosystem condition maps 
are available and accessible on the CSIRO data access portal (https 
://data.csiro.au/collection/csiro:65931). Mean predicted ecosystem 
condition across Australia was greater than 0.65 for all years (Fig. 6a), 
however with considerable spatial variability. Arid regions in Australia's 
interior had predicted condition scores close to 1 for all years. Highly 
modified landscapes on Australia's southeastern and southwestern re
gions had predicted condition scores closer to 0 for all years. Predictions 
of ecosystem condition for 2020 differ somewhat compared to other 
years, particularly in the north of the continent and southeast of the 
continent, with lower ecosystem condition scores, potentially associated 
with severe bushfire activity (Godfree et al., 2021).

3.3. Model sensitivity and landscape variability

Spatial and temporal variability of predicted ecosystem condition 
across the Australian continent demonstrates a) the model's sensitivity 
and capacity to generalise well, and b) landscape variability across the 
Australian continent (Fig. 5). The spatial variability of the mean abso
lute error (MAE) of predicted and observed ecosystem condition values 
across Australia's bioregions (DCCEEW, 2020) demonstrates how 
diverse the Australian landscape can be. Overall, 96% of bioregions had 
an MAE value of less than 0.4, with over 40% of bioregions having MAE 
values less than 0.2, indicating strong agreement between predicted and 
observed ecosystem condition values. Areas of low MAE values were 
associated with highly modified landscapes of southeastern and south
western Australia. These highly modified landscapes, though often 
mosaicked in land cover and land use, demonstrate relative stability as 
low condition areas that the model can accurately identify (Fig. 5a). 
Regions where MAE values were slightly higher (i.e. greater than 0.3 
and below 0.5 MAE) are associated with landscapes that can experi
enced high natural variability associated with rainfall, evapotranspira
tion, and vegetation cover, that may have considerable influence on 

Fig. 3. Distribution of ecosystem condition values from model predictions 
based on input (train/test/validation) data, where 0 indicates a fully degraded 
condition and 1 indicates at or near reference condition. Volin plot statistics 
include the interquartile range (IQR; denoted by the solid grey lines at both 0.0 
and 1.0 (y-axis) for each observed ecosystem condition state (x axis)) as well as 
quartile lines (dotted grey lines; where not visible indicates quartile is at pre
dicted ecosystem condition of either 0.0 or 1.0 (y-axis)).
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vegetation phenology and landscape characteristics observed using EO 
data (e.g. savannahs of northern Australia where vegetation response is 
driven by wet and dry season dynamics (Guerschman et al., 2009) and 
around waterholes were lateral inflows drive vegetation response 
(Henriques et al., 2024)).

Arid landscapes in the interior, as well as highly modified and 
populous landscapes in the southeast and southwest, demonstrate rela
tive temporal stability, with standard deviation values less than 0.3 
(Fig. 5b). In comparison, areas with higher temporal variability are 

associated with rangeland areas of mixed native vegetation and pre
dominately pastoral land use in the east and northeast of the continent. 
These landscapes had standard deviation values ranging from 0.2 to 0.5. 
Given the model generalises well spatially and temporally elsewhere on 
the continent, the temporal variability associated with rangeland land
scapes may be associated with rainfall variability and changing grazing 
pressures, where ecosystem condition may fluctuate within years and be 
difficult to estimate due to model insensitivity (as observed in other 
continental ecosystem condition products, see Fig. S3 and S4).

Fig. 4. Predicted ecosystem condition across Australia for years 2010, 2015, 2020, 2021 and 2022. Condition score of 1 indicates at or near reference condition (i.e. 
100 % proportion of native species as a surrogate measure of ecosystem condition). Condition score of 0 indicates a fully degraded condition (i.e. 0 % proportion of 
native species as a surrogate measure of ecosystem condition).

Fig. 5. Spatial and temporal model sensitivity and landscape variability. a) Mean absolute error (MAE) of predicted ecosystem condition values summarised by 
Australia’s bioregions (IBRA version 7; (DCCEEW, 2020)). b) Standard deviation of each pixels predicted ecosystem condition value over time, for all years mapped 
(2010, 2015, 2020, 2021, 2022).
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The time series of predicted ecosystem condition across Australia 
demonstrated broad scale consistency and stability (Fig. 6). The 
Northern Territory (NT) and South Australia (SA) consistently demon
strated mean predicted ecosystem condition values across the mapped 
calendar years higher than other states and territories. This is likely due 
to relatively lower human impact than other states and territories across 
Australia, as well as substantial areas of arid regions. Together with 
Western Australia (WA), all were consistently above the national mean 
(Fig. 6a). New South Wales (NSW), the Australian Capital Territory 
(ACT) and Victoria (VIC) exhibited lower mean predicted condition 
values than other states and territories.

The majority of Australia had predicted ecosystem condition values 
greater than 0.5 (Fig. 6b). All years, with the exception of 2020, exhibit 
similar distributions of predicted values of ecosystem condition 
(Fig. 6b). A broader and lower range of condition values was predicted 
for 2020 (mean = 0.64, median = 0.7, 25% quartile = 0.4, 75% quartile 
= 0.9). Greatest reductions in mean condition values for 2020 were 
predicted in with NSW, NT and SA.

4. Discussion

This study demonstrates how an innovative deep learning approach 
can overcome the challenges of remotely estimating ecosystem condi
tion dynamically across a large and diverse continent. In this study we 
assumed a direct relationship between ecosystem condition and the 
proportion of native species observed in vegetation surveys. Earth 
observation data were used with a deep learning workflow demon
strating the capacity to predict ecosystem condition across Australia at 
100 m resolution. This approach pairs time series information with 

known on ground condition data that accounts for vegetation 
phenology, with a model that generalises well over space and time. 
Evaluation of this approach for identifying changes in ecosystem con
dition within the context of natural variation of ecosystems was 
demonstrated by generating several annual maps (2010, 2015, 2020, 
2021, 2022) with a model validation accuracy of 0.9553. Mean pre
dicted ecosystem condition was greater than 0.65 for all years, however 
with considerable spatial variability. Arid regions in Australia's interior 
demonstrated predicted condition scores close to 1 for all years, 
compared to regions in Australia of highly modified landscapes in the 
southeastern and southwestern parts of the continent. Predicted values 
across the continent demonstrated temporal stability in arid and highly 
modified regions of the continent, however, areas with high rainfall 
variability and seasonal variability in land use (e.g. grazing pressures) 
often had greater temporal variation in predicted ecosystem condition. 
The results of this study demonstrate that using deep learning tech
niques and Earth observation data time series can provide quantitative 
information on ecosystem condition, where temporal variability of 
vegetation phenology and spatial variability of bioregions can be 
accounted for.

4.1. Ecosystem condition of Australia

Broad spatial and temporal patterns in predicted ecosystem condi
tion are generally consistent with previous continental modelled ap
proaches (Donohue et al., 2013; Harwood et al., 2016; Valavi et al., 
2025). Highly modified landscapes typically had very low predicted 
ecosystem condition values (near 0), including areas of southeastern and 
southwestern Australia which are more populous with higher agricul
tural intensity. For the time series presented in this study, highly 
modified landscapes demonstrate relatively consistent ecosystem con
dition values close to 0, where a trajectory of greater degradation of 
ecosystems can be observed in areas that fringe highly modified regions, 
where agriculture expansion has occurred in recent decades (McFarlane 
and Wallace, 2019; Newell et al., 2006; OEH and CSIRO, 2019; White 
et al., 2020). Areas of high predicted ecosystem condition (near 1) were 
identified in Australia's remote regions, such as Australia's interior, Gulf 
of Carpentaria, Arnhem land, and Exmouth Gulf (Fig. 4). Relatively high 
predicted ecosystem condition was also prevalent in protected areas 
such as national parks. The temporal stability of these relatively intact 
areas varied across the continent. High condition areas in WA had large 
variability in predicted condition scores over time which may be asso
ciated with vegetation response to climatological factors (Fig. 5a).

Our results echo previous research that identifies some areas across 
Australia with high temporal variability in ecosystem condition 
(Donohue et al., 2013; Lawley et al., 2016; Newell et al., 2006). This is 
particularly evident in our results with temporal changes that occur 
across the central QLD rangelands and into the NT towards Arnhem land 
(Figs. 4, 5b). The variation in the time series suggests that our mapping 
of ecosystem condition could be associated with a combination of 
changing rainfall patterns and variable land use patterns (e.g. rangeland 
grazing dynamics such as stocking and destocking pastures) which can 
be challenging to identify from remote sensing (Bastin et al., 2012). 
However, from an ecological perspective, within and between year 
ecosystem dynamics associated with natural or simulated natural 
disturbance regimes are generally not considered to indicate condition 
change, when these occur within an intact, inter-connected landscape 
(Richards et al., 2020). The complex and varying response of Australia's 
vegetation to landscape change in different bioregions makes evaluation 
of broad scale factors to changes in ecosystem condition challenging, 
particularly those that may be more evident at regional scales (Legge 
et al., 2023). In addition, oscillations in condition scores across the time 
series in both relatively intact and relatively degraded regions may 
demonstrate areas of low confidence in the model that coincide with 
limited input ground data for model training (e.g. central WA and cen
tral west rangelands of Tasmania). Nevertheless, our results also 

Fig. 6. Time series of a) mean predicted condition for each Australian State and 
Territory as per model outputs and b) distribution of predicted condition values 
of all of Australia for each year. Box plot statistics include the median (internal 
horizontal line), interquartile range (IQR; denoted by the box), and whiskers 
are calculated as ± 1.58 x IQR √ n.
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demonstrate broad stability of Australia's ecosystem condition at a 
continental scale, with a mean ecosystem condition across Australia for 
all mapped years of 0.65.

4.2. Earth observation time series with deep learning techniques

This study demonstrates the utility of deep learning techniques for 
environmental applications. More recently, additional environmental 
spatial covariates have been incorporated with the deep learning 
workflows to complement contextual time series data with static long- 
term contextual environmental data (Rao et al., 2020; Zhu et al., 
2021). This addition is also adopted in the workflow presented in this 
study, where Landsat time series data were coupled with spatial data on 
topographic and climatological factors, providing spatial and temporal 
context to predicting ecosystem condition. Conceptually this is an ideal 
approach as ecosystem condition can be considered as a context-driven 
quantification problem (Henrys and Jarvis, 2019; McNellie et al., 2020; 
Yen et al., 2019).

Estimating ecosystem condition from Earth observation data re
quires contextualisation. Spectral signatures of vegetation from different 
landscapes may be similar, yet diverge considerably in observed habitat 
condition (Harwood et al., 2016). For example, an open eucalypt 
woodland in a temperate location that may be considered relatively 
pristine, may exhibit a similar spectral signature measured through EO 
data as a tropical closed canopy forest in a degraded state (Williams 
et al., 2024). Providing contextual information on these spectral signa
tures, through time series deep learning approaches coupled with data 
on topographic and climatological factors, may provide greater capacity 
for accurate prediction of ecosystem condition (Ma et al., 2024). In 
addition, generating meaningful metrics of ecosystem condition, 
relating to structure, function and composition, is challenging due to the 
complex relationships between these indicators and observed ecosystem 
condition (McNellie et al., 2020; Nicholson et al., 2021). Using Earth 
observations to derive these metrics as a snapshot or mean dataset of 
generalised condition may not provide sufficient information to accu
rately determine changes in ecosystem condition. For example, vegeta
tion phenological characteristics can vary within a calendar year and it 
may be important to consider this variation in the spectral signature to 
understand natural variability and determine ecosystem condition in 
varying states of intact or degraded condition (McFarlane and Wallace, 
2019; Nagendra et al., 2013; Pettorelli et al., 2018; Schneider et al., 
2017; Yang et al., 2025). The capacity of time series CNN models align 
with a conceptual context-driven approach to identifying ecosystem 
condition (McNellie et al., 2020; Tehrany et al., 2017). This contrasts 
with previous Earth observation approaches that initially provided 
limited insight into ecosystem condition change over time (Harwood 
et al., 2016), although subsequent versions of HCAS (e.g. Valavi et al., 
2025) demonstrate capacity to provide annual time series with broadly 
similar patterns at continental scale to this study (Fig. S3 and S4). 
Moreover, the deep learning model architecture demonstrates capability 
of temporal as well as spatial contextual predictions for a pixel (Miller 
et al., 2024), without the need to benchmark relative changes in 
ecosystem condition to a reference state in close environmental prox
imity (e.g. (Harwood et al., 2016)).

4.3. Considerations of deep learning models for ecosystem condition 
mapping

The approach demonstrated in this study does provide some con
siderations for further continental scale maps of ecosystem condition. 
For this study, input data to this model was labelled only as either at or 
near reference condition (1) or fully degraded condition (0). Interpre
tation of the map outputs presents the probability associated with a pixel 
being at or near reference condition (i.e. 100% native species as a sur
rogate measure of ecosystem condition). We demonstrate that the model 
generalised well, with limited overfitting identified, and overall good 

performance. For quantifying ecosystem condition using deep learning, 
we suggest this is best represented and communicated as a continuous 
attribute, as categorical approaches (e.g. pristine, fair, poor condition) 
can be difficult to interpret.

The use of EO data also presents challenges that are inherently 
difficult to resolve (Pasetto et al., 2018; Pettorelli et al., 2018). In our 
approach we observed issues with scan line error of Landsat 7; however, 
observations were utilised where required to ensure each pixel had a 
bimonthly observation to enable consistent prediction of ecosystem 
condition across the continent. In some cases, we observed considerable 
variation between some years and regions of ecosystem condition pre
dictions, and these may be due to minor variations in spectral reflec
tance associated with using all available Landsat satellite sensors for 
selected years (i.e. Landsat 5, 7, 8) (Lewis et al., 2017; Roy et al., 2016). 
Our approach reduced annual Landsat observations to bimonthly means 
(i.e. 6 time series observations per calendar year). This may seem 
reductive of the available time series data for Australia; however, sub
stantial variation in spectral signatures of time series data may be 
challenging for the model to anticipate variation within particular 
landscapes. Optimising time series information from EO data (e.g. 
landscape variation vs noise) for model predictions over large spatial 
extents requires further research.

4.4. Opportunities for continental ecosystem condition mapping

Several opportunities exist for ecosystem condition mapping at 
continental and global extents using EO data and deep learning tech
niques (Miller et al., 2024; Skidmore et al., 2021). Importantly, con
ceptual definitions of ecosystem condition must be ecologically 
meaningful and mappable across space and time (McNellie et al., 2020; 
Nicholson et al., 2021; Skidmore et al., 2021). Our approach maps the 
proportion of native species present in the landscape as a surrogate 
measure of ecosystem condition. Further, we suggest that across 
Australia, the proportion of native to non-native species have different 
spectral signatures associated with Earth observation time series. Our 
approach assumes that native species have relatively consistent spectral 
signatures throughout the calendar year due to being predominantly 
evergreen, or that native species in areas of distinct seasonality follow 
this trend, such as in the tropical wet and dry seasons and much of arid/ 
semi-arid central Australia (Donohue et al., 2009). We also assume that 
non-native species have highly variable spectral signatures or signatures 
with particular regular trends (e.g. crops), as well as potentially stable 
signatures (e.g. Pinus radiata plantations), but dissimilar to vegetation 
phenological signatures, such as artificial surfaces and water bodies. 
These assumptions may be refined for future approaches using EO data, 
and conceptual definitions might therefore need to be modified to suit 
varying temporal and spatial scales to ensure output maps are fit for 
purpose. Nevertheless, awareness of using EO measures as indicators for 
ecosystem condition, and the need to consider biophysical relationships 
of the sensor-to-landscape characteristics, are required for meaningful 
measures of quantifying ecosystem condition.

We utilised the Landsat imagery archive resampled to 100 m reso
lution to pair time series information with known on-ground condition 
that accounts for vegetation phenology. Further work should pursue 
using input data for a range of ecosystem condition values between 
0 and 1 to provide greater confidence where ecosystem condition may 
be in a partially modified state. In addition, incorporating dynamic 
climatological context layers (e.g. annual rainfall anomaly) would align 
to time series inputs that may result in a higher degree of landscape 
variability to help inform the model. This may also provide greater 
evaluation of model sensitivity and natural landscape variability over 
space and time. In particular, approaches that provide greater confi
dence for ecosystem condition predictions that identify gradual changes 
in ecosystems over time, and are able generalise over large spatial and 
temporal context, will provide greater capacity to utilise continental 
scale maps for informing potential management intervention. This may 

C.J. Owers et al.                                                                                                                                                                                                                                Ecological Informatics 94 (2026) 103639 

8 



be complemented by EO time series of greater spectral and temporal 
resolution (e.g. Sentinel-2, Planet scope).

5. Conclusion

This study presents a new approach to map continental ecosystem 
condition using time series satellite imagery and innovative deep 
learning techniques. We demonstrate that this approach can overcome 
the challenges of estimating ecosystem condition remotely, associated 
with phenological variation. Our model generalised well over space and 
time to predict ecosystem condition scores by assuming a direction 
relationship to the proportion of native species present in the landscape. 
Utilising innovative deep learning approaches, such as those that ac
count for spectral variation in time series and facilitate the integration of 
topological and climatological datasets, provide context-driven ap
proaches that align with a conceptual framework of ecosystem 
condition.
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