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Abstract— Earth observation (EO) data have shown promise
in predicting species richness of vascular plants (α-diversity),
but extending this approach to large spatial scales is chal-
lenging because geographically distant regions may exhibit
different compositions of plant species (β-diversity), resulting in
a location-dependent relationship between richness and spectral
measurements. In order to handle such geolocation dependence,
we propose Spatioformer, where a novel geolocation encoder is
coupled with the transformer model to encode geolocation context
into remote sensing imagery. The Spatioformer model compares
favorably to state-of-the-art models in richness predictions on a
large-scale ground-truth richness dataset harmonized Australian
vegetation plot (HAVPlot) that consists of 68 170 in situ richness
samples covering diverse landscapes across Australia. The results
demonstrate that geolocational information is advantageous in
predicting species richness from satellite observations over large
spatial scales. With Spatioformer, plant species richness maps
over Australia are compiled from the Landsat archive for the
years from 2015 to 2023. The richness maps produced in
this study reveal the spatiotemporal dynamics of plant species
richness in Australia, providing supporting evidence to inform
effective planning and policy development for plant diversity
conservation. Regions of high richness prediction uncertainties
are identified, highlighting the need for future in situ surveys to
be conducted in these areas to enhance the prediction accuracy.

Index Terms— Biodiversity, geolocation encoder, mapping,
species richness, transformer, vascular plant.

I. INTRODUCTION

AUSTRALIA is home to a large and diverse range of
plant species, with over 21 000 known native species

of vascular plants and 93% of these being endemic [1], [2].
The richness of plant species, also known as α-diversity,
is highly important in maintaining the functioning of ecosys-
tems, such as habitat provision, carbon sequestration, and
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water cycling [3], [4], [5], [6]. However, anthropogenic inter-
ference, such as deforestation, overgrazing, and urbanization,
has resulted in a decline in plant species richness [7], [8].
In response, conservation activities have been initialized and
conducted across the country aiming to preserve plant diver-
sity [9], [10], [11]. Accurate and up-to-date maps of plant
species richness will strongly support effective planning and
policy-making for these activities [12], [13].

Earth observation (EO) data provide rapid and near-real-
time estimates of changes in land surface conditions across
large regions [14], [15], [16], [17]. This makes remote sensing
imagery a favorable data source for plant species richness
modeling compared with another widely adopted approach
where environmental variables, such as temperature, precip-
itation, soil texture, and topographic heterogeneity, are used
as richness predictors [18]. The reason is that environmental
variables drive mainly the environmental potential of plant
habitats (i.e., the capacity to sustain a certain level of richness),
rather than represent the actual conditions on the ground like
those observed by remote sensing satellites. For example,
deforestation, floods, and bushfires could cause a reduction in
richness [19], but such reduction might not be reflected by
environmental variables. Therefore, environmental variables
are often aimed at predicting the natural patterns in diversity
in a preintensification reference state, while remote sensing
data are more valuable for monitoring actual changes in those
patterns.

Australia covers an area of over seven million square
kilometers. As a result of the relatively large geographical
extents, versatile types of plant habitats are found across the
country, differing in their inventories of plant species present,
which have been shaped by a variety of factors such as
biogeographic history, climate, and geography [20]. To under-
stand the spatiotemporal distribution of plant species richness,
perseverant in situ field surveys have been conducted over the
past several decades. Via various survey campaigns, a wealth
of 219 552 richness samples have been gathered across the
country as of the year 2022 [18]. These samples represent a
broad range of landscapes across the continent and, therefore,
present a unique opportunity to unravel the potentially intri-
cate relationship between richness measurements and satellite
observations. Nevertheless, geographically distant regions may
exhibit distinct assemblages of plant species with differed
compositional properties (i.e., β-diversity [21]), making it
challenging to model richness over large spatial scales. Due
to spatial variations in plant species composition, a location
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with a set of plant species would be expected to display quite
different spectral features in remote sensing imagery from
another location with a dissimilar plant composition, even if
the two locations sustain the same richness of species [22],
[23]. Through statistical regression analysis for two regions
in southeast Australia, previous studies [13], [24] suggested
that the relationship between plant species richness and
hyper/multispectral satellite observations is region-specific.
To account for the location dependence, we need a model that
is capable of taking in geolocation context when mapping plant
species richness over large spatial scales.

The transformer model, first introduced in [25], is built
upon the self-attention mechanism [26]. The model attends
effectively to information of high importance in the input
data, as the self-attention module is capable of capturing
intricate data structures and dependencies [26], [27]. Initially
proposed for language tasks, the transformer model has shown
promise for image understanding due to its superior ability
over convolutional neural networks (CNNs) in capturing global
dependencies between different regions of an image [28].
As a seminal work on applying transformer to image data,
the vision transformer (ViT) model [28] first divides an
image into nonoverlapping patches, followed by projecting
each patch into a feature vector, which is then fed into
the self-attention module, with state-of-the-art performance
being achieved on benchmark datasets. Given remote sensing
imagery captures rich features in the spectral dimension,
the SpectralFormer model [29] was developed to effectively
embed the spectral information. Recently, FactoFormer [30]
developed a self-supervised factorized spectral–spatial trans-
former, where attention is computed by individually focusing
on spectral and spatial dimensions in each transformer. These
studies have demonstrated the effectiveness of transformer
in processing remote sensing images (e.g., [29], [30]), but,
to advance the model’s application to remote sensing images
recorded over large spatial scales, geolocational information
could be leveraged. Unlike many types of imagery whose
semantics are independent of the location where they are
recorded, remote sensing images are intrinsically associated
with geolocations [31], [32]. Considering that the composition
of plant species is location-specific, incorporating geolocation
context could be helpful in modeling the location-dependent
relationship between richness and remote sensing imagery.

Geo-coordinates provide geographical priors that supple-
ment geolocation context to the image data [31], [32], [33],
[34], [35], [36], [37]. While a straightforward way to utilize
geolocational features is to concatenate the original longitude
and latitude coordinates into the model, this approach has been
shown to yield almost no gain in performance [34]. To deal
with this problem, a geo-feature extraction approach was
proposed in [34] for CNN models, where the geo-coordinates
were projected into a higher dimensional feature space with
a geolocation encoder, whose outputs were then merged into
those of a CNN-based image network. It was observed that by
leveraging geolocation context, a 7% increase in accuracy was
achieved for an image dataset spanning over the continental
United States [34]. This geo-encoded CNN model was later
applied to global-scale vegetation canopy height mapping

with satellite imagery [38], where the geolocations served
as a prior. Other state-of-the-art geolocation encoders include
Space2Vec [39], Sphere2Vec [40], PE-GNN [41], and a more
recent algorithm that is based on the spherical harmonic basis
functions [42]. Multiscale sinusoidal functions are favored in
building these encoders (e.g., [39], [42]), thanks to their merits
of being bounded in value, infinitely extended in space, and
possessing multiresolution scalability. Geolocation encoding
is demonstrated to be effective in many large-scale geospatial
problems, such as animal species categorization [38], [40],
water quality prediction [43], event/activity recognition [44],
and remote sensing scene classification [31], [40].

In this study, we aim to predict the spatiotemporal distribu-
tion of plant species richness in Australia from EO imagery
with geolocation context being taken into account. Considering
that the relationship between plant species richness and remote
sensing imagery varies from one location to another due to
differences in vegetation composition, we propose Spatio-
former, where a novel geolocation encoder is coupled with
the transformer model in order to incorporate the geolocation
context. The performance of Spatioformer in richness mapping
is compared with a CNN model, a ViT model, and the
FactoFormer model where the geolocational information is not
encoded. Through quantitative analyses, we seek to address
primarily the following important questions.

1) Does Spatioformer perform better than state-of-the-art
algorithms in predicting plant species richness over large
spatial scales?

2) What are the spatial patterns of plant species richness
in Australia inferred from remote sensing evidence?

3) Where should future in situ surveys be conducted as
suggested by the mapping results?

The rest of this article is organized as follows. Section II
describes the study area and the datasets used for modeling,
including the ground-truth samples of plant species richness
and satellite imagery. Section III introduces the methods with
a focus on the proposed Spatioformer model. This model is
developed with the aim of capturing the location-dependent
relationships between plant species richness and remote sens-
ing imagery over large spatial scales. Section IV describes
the experimental settings for training and validation of the
Spatioformer model. Section V presents the results of applying
Spatioformer to plant richness mapping across Australia and
discusses the implications of these findings for biodiversity
conservation and future research directions. Finally, Section VI
concludes this article.

II. STUDY AREA AND DATASETS

A. Study Area

This study was focused on natural and near-natural func-
tioning terrestrial ecosystems within the Australian continent
and nearby islands, as shown in Fig. 1. The ecosystems
considered include natural lands (e.g., conservation reserves,
managed resource protected areas, and lands of minimal use)
and lands utilized for production purposes from near-natural
environments (e.g., native grasslands and forests for produc-
tion purposes) (see Fig. 1). We excluded heavily modified



GUO et al.: SPATIOFORMER: GEO-ENCODED TRANSFORMER FOR LARGE-SCALE PLANT RICHNESS PREDICTION 4403216

Fig. 1. Map of the study area. This work was focused on natural and
near-natural functioning terrestrial ecosystems within the Australian continent
and nearby islands, as colored in dark gray in the figure, while heavily
modified landscapes and water bodies colored in light gray were excluded
from our analysis.

landscapes from our analysis, including agricultural lands
(e.g., croplands, horticultural lands, and plantation forests),
urban regions (e.g., industrial and residential lands), and water
bodies (e.g., lakes, rivers, and reservoirs) (see Fig. 1). Those
areas were excluded because vegetation surveys, which pri-
marily aim to gather information for the preservation of native
plant species, have been rarely conducted in heavily modified
landscapes. The focused and excluded areas were identified
with the Catchment Scale Land Use of Australia dataset in
50-m spatial resolution (updated in December 2018) [45].

B. Plant Species Richness Samples

The ground-truth samples of plant species richness were
obtained from the harmonized Australian vegetation plot
(HAVPlot) dataset [18], [46], where each sample represented a
plot area of 400 m2 (20 × 20 m). Out of the 219 552 samples
in the HAVPlot dataset, 68 170 samples were selected for mod-
eling in this study. These samples were collected via various
field campaigns as a perseverant effort spanning the years
from 1986 to 2020 (please refer to the acknowledgment section
for details on the custodians of these samples). As detailed
in [18], efforts have been made to harmonize the samples
from different field campaigns, with the aim of minimizing
the temporal and spatial variations among samples arising
from discrepancies in experimental design. The rest samples in
the HAVPlot dataset were removed from our analysis because
they consisted of less than 70% native Australian species or
were collected before the year 1986 and were unable to be
matched with a Landsat observation (as described later in
Section II-C). Fig. 2 shows the spatial locations of the selected
species richness samples, colored by the richness values (in
the unit of the number of species per 400 m2) [see Fig. 2(a)]
and by the years of survey [see Fig. 2(b)]. These samples
cover diverse landscapes across Australia. Scattered pockets of
natural or near-natural areas among heavily modified lands are
also represented by samples (see the insets of Fig. 2). Regions
of easier human access, such as the southeast and southwest

Fig. 2. Locations of ground survey samples colored by (a) species richness
values (in the unit of the number of species per 400 m2) and (b) years of the
survey. The insets provide zoomed-in views of a region in southeast Australia.
A total of 68 170 samples from the HAVPlot dataset [18], [46] were used
for modeling in this study. These samples were collected via various field
campaigns as a perseverant effort spanning the years from 1986 to 2020
(please refer to the acknowledgments section for details on the custodians
of these samples).

coastal areas, generally show a higher sample representative-
ness than the less habitable inland of arid or semiarid climate.
In particular, the arid/semiarid western interior has low or no
coverage of plots.

C. Satellite Imagery

The satellite data were queried within CSIRO’s imple-
mentation of the Open Data Cube [47] known as the Earth
analytics science and innovation (EASI) platform. Landsat
images were extracted from the Geoscience Australia Landsat
Geometric Median (Geomedian) and median absolute devi-
ation (MAE) collection 3 product (version 3.10) [48]. The
Geomedian Landsat-5 and Landsat-8 images with a spa-
tial resolution of 30 × 30 m were downloaded for years
from 1986 to 2011 and 2013 to 2023, respectively. Each pixel
in the Geomedian imagery represented the statistical median
of all observations for that pixel from the given calendar
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year [49], [50]. The Geomedian observations provided a
summarized representation of annual habitat conditions for
Australia’s landscapes, considering that vegetation in the vast
arid and semiarid regions revives after each rainfall and
exhibits no definite phenological cycles. These Geomedian
images were analysis-ready surface reflectance data, with a
series of preprocessing steps having been applied, including
atmospheric correction, terrain correction, and bidirectional
reflectance distribution function (BRDF) adjustment. The six
spectral bands shared by Landsat-5 and Landsat-8 were
selected for analysis, namely, blue, green, red, near-infrared,
and short-wave-infrared 1 and 2. For each richness sample,
we matched it with a Geomedian Landsat image from the same
year in which the sample was collected. The image consisted
of 9 × 9 pixels with the center pixel aligned to the location of
the survey plot. We supplied spatially adjacent pixels neighbor-
ing the plot for modeling, along with the center pixel itself,
because plants often live as a community where each plant
interacts with its spatial neighbors in a close relationship. For
example, the variation in spectral patterns among neighboring
pixels, known as the spectral diversity or optical diversity [51],
is related to plant species diversity via the spectral variation
hypothesis [52]. The spatially neighboring pixels, thus, may
provide supplementary information to assist in the richness
prediction.

III. METHODS

A. Overview

To encode geospatial information into remote sensing
imagery for large-scale plant species richness mapping,
we propose the Spatioformer model that integrates the
transformer with a geolocation encoder. In the following,
we first introduce our approach to geolocation encoding in
Section III-B, followed by detailing the Spatioformer structure
in Section III-C. Theoretical analysis of Spatioformer is given
in Section III-D. Finally, plant species richness mapping with
Spatioformer is described in Section III-E.

B. Geolocation Encoder

We choose multiscale sinusoidal functions, i.e., sine and
cosine with different frequencies, for geolocation encoding.
This choice is supported by previous studies (e.g., [39], [42])
that demonstrated the advantages of employing multiscale
sinusoidal functions for geolocation encodings, such as their
bounded values, infinite spatial extension, and multiresolution
scalability. For a given geolocation (xi , yi ) with xi and yi being
the longitude and latitude coordinates, its geolocation token is
encoded as

g(xi ,yi ) =

[
g(xi ,yi )

1 , g(xi ,yi )

2 , . . . , g(xi ,yi )

j , . . . , g(xi ,yi )

d

]T
(1)

where d is the dimension of geolocation token and T denotes
the transpose. The j th element in g(xi ,yi ), g(xi ,yi )

j , is calculated
as follows:

g(xi ,yi )
j =


sin

(
xi

w j

)
+ sin

(
yi

v j

)
, if j is even

cos
(

xi

w j

)
+ cos

(
yi

v j

)
, if j is odd

(2)

Fig. 3. Graphic illustration of geolocation encoding for two example locations
(x1, y1) and (x2, y2). The geolocation encoding vectors for these two locations
were constructed with values referenced from the corresponding positions on
the encoding layers.

where w j = a ·c( j/d) and v j = a ·c((d− j)/d), with a and c being
preset constants, determine the spatial frequencies of encoding
layers. The constants a and c need to be set such that each
pixel within the mapping area is provided with a sufficiently
distinctive geolocation token by the encoding layers.

A graphic illustration of the proposed geolocation encoder
is shown in Fig. 3 for two example locations. The geolocation
encoding vectors for these two locations are constructed with
values referenced from the corresponding positions in a total
of d encoding layers. This geolocation encoder could provide
geo-gradient information not only in the cardinal directions but
also in various diagonal directions (as shown in Section V-A).
The d, a, and c values configured in this study for plant species
richness mapping are described in Section IV-B.

C. Spatioformer Structure

The Spatioformer structure is shown in Fig. 4. The input of
the model is an image in two spatial dimensions (i.e., longitude
and latitude) and the spectral dimension. The image is first
spatially divided into separate pixels or image patches and
then flattened, before being fed into a linear forward layer that
projects the pixels/patches into the embedding space. For each
pixel/patch, its embedding ei is added by its geolocation token
g(xi ,yi ), which is calculated from its geo-coordinates (xi , yi ) (as
described in Section III-B)

e′

i = ei + λg(xi ,yi ) (3)
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Fig. 4. Graphic illustration of the Spatioformer structure. An image is first spatially divided into separate pixels or image patches and then flattened,
before being fed into a linear forward layer which projects the pixels/patches into the embedding space. For each pixel/patch, its embedding is added by its
geolocation token. The geolocation-encoded embeddings are then fed into the transformer encoder, together with a geolocation-independent token to account
for geolocation-independent components in the input–output relationship. A fully connected layer is set as the output layer to produce the predicted value or
class.

where λ is a learnable parameter balancing the relative con-
tribution between pixel values and geolocational information,
given that these two different types of data may differ in
their magnitudes. The geolocation-encoded embeddings e′

i are
then fed into the transformer encoder, together with a learn-
able geolocation-independent token at the pixel/patch level
to account for geolocation-independent components in the
input–output relationship. A fully connected layer is set as the
output layer to produce the predicted value or class, depending
on whether the problem to be solved is a regression or classi-
fication problem. The configuration of Spatioformer for plant
species richness mapping is described in Section IV-B. The
geolocation encoder in Spatioformer integrates geolocation
context into the images, enabling the model to leverage this
information in modeling plant species richness distribution in
this study.

D. Theoretical Analysis

At the core of standard transformer models lies the self-
attention module. For a single-head self-attention module [53],
with an input length of n tokens, its output for the i th input
token xi can be expressed as

zi =

n∑
j=1

exp
(
αi j

)∑n
j ′=1 exp

(
αi j ′

)(
x j W V )

αi j =
1

√
d

(
xi W Q)(

x j W K )T
(4)

where W Q , W K , and W V are trainable weights for the query,
key, and value matrices, respectively.

In Spatioformer, the pixel embeddings are added together
with their respective geolocation encoding tokens, before being

fed into the self-attention module. Compared with concate-
nating longitude and latitude coordinates directly to pixel
embeddings, the geolocation encoding is able to project geo-
coordinates into a higher dimension (i.e., the pixel embedding
space) as a better feature descriptor. As a result, the calculation
of αi j is different from that shown in (4)

αi j =
1

√
d

[
(xi + λgi )W Q][

(x j + λg j )W K ]T
. (5)

By expanding (5), we get

αi j =
1

√
d

(
xi W Q)(

x j W K )T

︸ ︷︷ ︸
(1)

+
1

√
d

(
xi W Q)(

λg j W
K )T

︸ ︷︷ ︸
(2)

+
1

√
d

(
λgi W

Q)(
x j W K )T

︸ ︷︷ ︸
(3)

+
1

√
d

(
λgi W

Q)(
λg j W

K )T

︸ ︷︷ ︸
(4)

.

(6)

The four terms in the right-hand side of (6) correspond to
the pixel-to-pixel (Term 1), pixel-to-geolocation (Term 2),
geolocation-to-pixel (Term 3), and geolocation-to-geolocation
attention (Term 4), respectively. Therefore, training Spatio-
former is equivalent to joint optimization of pixel embedding
and geolocation encoding by taking into account their respec-
tive self-correlations and the correlations between each other.

E. Plant Species Richness Mapping

In this study, the Spatioformer model was trained with
ground-truth richness samples and their corresponding Landsat
images. With the trained model, plant species richness maps
were compiled by inferring richness values from Landsat
images. Mapping results were demonstrated for the years
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from 2015 to 2023. Compared with older years, maps for these
recent years can better inform current and future conservation
activities and policy making. We then aggregated these annual
maps to compile the mean richness map across the nine years
in order to study plant species richness with enhanced spatial
patterns. We also calculated the standard deviation map of
richness over the nine years to identify places where predicted
plant species richness showed high temporal variations. The
size of input images ranged from 1 × 1 to 9 × 9 pixels in
order to examine how mapping accuracy varied when different
spatial scales of plant community were taken into account.

The uncertainty map for richness predictions was pro-
duced with the Monte Carlo dropout approach [54]. For each
predicted richness value, its uncertainty was calculated as
the coefficient of variation over multiple additional model
predictions under a dropout rate of 0.5 that randomly drops
50% of model parameters as follows:

ε =

√∑n
i=1(yi − ȳ)2

n − 1

/
ȳ, ȳ =

∑n
i=1 yi

n
(7)

where ε is the uncertainty metric, yi is the predicted species
richness under the dropout mode, and n is the number
of additional model predictions. In this study, n was set
to 100.

IV. EXPERIMENTAL SETUP

A. Dataset Partition

In this study, the in situ samples across all years were
used to build a model under a training/validation/test data
splitting scheme, followed by applying the model to make
mapped predictions for each year. A random data splitting
scheme for accuracy assessment in large-scale mapping was
cautioned by [55], [56], and [57], as randomly sampled hold-
outs of validation and test data may spatially autocorrelated
with the training samples, leading to an overestimation of
accuracy. Data splitting schemes based on spatially blocked
hold-outs were, therefore, recommended to mitigate this
problem [56], [57].

In our work, a block-based training/validation/test scheme
was adopted. We first divided the Australian territory into
958 tiles of 100 × 100 km based on a geographical zon-
ing scheme provided by Geoscience Australia, as shown in
Fig. 5. Among them, we randomly selected 766 training tiles
(approximately 80%), 96 validation tiles (approximately 10%),
and 96 test tiles (approximately 10%) (see Fig. 5). Ground-
truth richness samples located within the training, validation,
and test tiles were assigned into the respective sets (see Fig. 5).
As a result, the training, validation, and test sets consisted of
55 159, 6753, and 6258 samples, respectively. In addition to
mitigating the spatial autocorrelation problem, having training,
validation, and test sets spatially separate from each other
could also help the Spatioformer avoid overfitting to local data
anomalies, which would otherwise generate hotspot artifacts
(i.e., extreme values at local scales due to overfitting) in the
predicted richness maps.

Fig. 5. Partition of ground samples into training, validation, and test
sets based on geographical tiles. The Australian territory was divided into
958 tiles of 100 × 100 km, with 766 tiles (approximately 80%), 96 tiles
(approximately 10%), and 96 tiles (approximately 10%) being randomly
selected as the training, validation, and test tiles. Samples located within the
training, validation, and test tiles were assigned to the respective sets.

B. Spatioformer Model Setup and Hyperparameter Selection

The input images of 9 × 9 pixels, with each pixel being
of 30 × 30 m spatial resolution, were embedded into a 16-D
feature space using a linear feedforward layer. In cases where
input images have irregular edges, a patching strategy can
be implemented by applying zero-padding along the edges
to standardize the input dimensions. A geolocation token of
16-D was added to the embedding of each pixel, where the
embedding feature dimension of 16 was determined based on
multiple test runs. The geolocation-encoded pixel embeddings
were fed into three layers of eight-head self-attention module
with each layer followed by a 64-D feedforward network.
A fully connected network with a hidden layer of 1024 nodes
was set as the output layer. The mean square error (MSE)
between model-predicted and ground-truth richness values was
employed as the loss function. The Adam optimizer was
employed for network optimization.

Model hyperparameters were determined with multiple test
runs. The learning rate and weight decay were set to 1 × 10−3

and 1 × 10−4, respectively. A cosine annealing scheme with a
warm start was scheduled for the learning rate. A dropout rate
of 0.1 was applied. The constants a and c in the geolocation
encoder were set to 1 and 100, respectively. The initial value
for the learnable parameter λ balancing the relative contribu-
tion between pixel values and geolocational information was
set to 1 × 104.

C. Benchmarking With State-of-the-Art Models

The performance of Spatioformer was compared with a
CNN model [58], a ViT model [25], and the FactoFormer
model [30]. The CNN model consisted of three convolutional
layers, with each layer followed by an ReLU activation layer
and a batch normalization layer. Each convolutional layer
consisted of eight filters with a kernel size of 3 × 3. Following
the convolutional layers were a flattened layer and a fully
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Fig. 6. Geolocation encoding layers for plant species richness mapping in our study. These layers were generated with the proposed geolocation encoder.
The first few layers (from g1 to g4) highlight the longitudinal gradients, the last few layers (from g13 to g16) highlight the latitudinal gradients, and the middle
layers (from g5 to g12) show smoother spatial pattern in diagonal directions.

connected network. For the ViT model, each pixel was first
embedded into a 16-D feature space via a linear feedforward
layer, which was then fed into three layers of an eight-head
self-attention module. Each self-attention layer was followed
by a feedforward network of 64-D. A flattened layer and a
fully connected network were set as the output layers. For
the FactoFormer model, each input image cube was first
split into nonoverlapping tokenized patches along spectral
and spatial dimensions, followed by processing them with
two transformers simultaneously. Then, the outputs of each
transformer were flattened, concatenated, and passed to a fully
connected network.

These benchmark models were optimized on their perfor-
mance in the same way as the optimization of Spatioformer
structure, i.e., grid search of the optimal model hyperpa-
rameters via multiple test runs. The same as the setting for
Spatioformer, 9 × 9 image pixels over each richness sample
were supplied to CNN, ViT, and FactoFormer as input. Seven
evaluation metrics were calculated and compared for these
models, including coefficient of correlation (r), coefficient
of determination (r2), mean absolute error (MAE), relative
absolute error (RAE), MSE, relative square error (RSE), and
root MSE (RMSE) between model-predicted and ground-
truth species richness (in the unit of the number of species
per 400 m2).

V. RESULTS AND DISCUSSION

A. Geolocation Encoding

The 16 geolocation encoding layers adopted in our study for
plant species richness prediction are shown in Fig. 6. By com-
paring the spatial patterns of these layers, it was observed that
the first few layers (from g1 to g4) highlighted the longitudinal
gradients of different spatial frequencies, while the last few
layers (from g13 to g16) highlighted the latitudinal gradients.
The middle layers (from g5 to g12) showed smoother spatial
patterns that presented diagonal gradients in various directions.
The differed spatial patterns rendered by these layers were
capable of providing adequate discriminating power to identify
the encoding of one location from that of another.

In richness prediction, each geo-location was encoded as
a 16-D token whose elements were referenced from the
corresponding positions in the encoding layers shown in Fig. 6.
These tokens could project the geo-coordinates into a higher
dimensional feature space, given that utilizing the original
longitude and latitude coordinates as features was shown
to yield almost no gain in performance [34]. As observed
from the figure, the high-dimensional encoding could provide
geo-gradient information not only in the cardinal directions
but also in various diagonal directions. The encoding layers
with information of varied spatial frequencies also made it
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Fig. 7. Predicted annual maps of plant species richness distribution in Australia from 2015 to 2023 (a)–(i). These maps were compiled by applying the
proposed Spatioformer model to Landsat observations from the respective years over the Australian territory. Richness values are in the unit of the number
of species per 400 m2.

possible to distinguish geo-information at different spatial
scales.

The geolocation tokens in richness prediction aimed at
providing sufficient geolocation context such that the location
dependence in the relationship between plant species richness
and remote sensing imagery could be accounted for. Consider-
ing the continental scale of plant species richness mapping that
this study aimed to handle, the geolocation context might help
the model distinguish locations with dissimilar plant compo-
sitions, with the potential to increase the richness prediction
accuracy across large spatial scales.

B. Annual Richness Distributions

Fig. 7 shows the annual maps of plant species richness dis-
tribution in Australia from 2015 to 2023, which were compiled
by applying the trained Spatioformer model to Landsat obser-
vations from the respective years. It was observed that the

spatial patterns of Landsat-derived richness as displayed in
these maps were consistent with the ground-sampled richness
values displayed in Fig. 2(a).

From the annual maps shown in Fig. 7, it was seen that
the Jarrah Forest bioregion near the southwestern coast of
Western Australia showed the highest plant species richness
within Australia, with values generally higher than 60 species
per 400 m2. The high species richness in this region could
be evidenced by the high richness samples recorded in field
surveys [see Fig. 2(a)]. With a Mediterranean climate, this
region harbors a biodiverse ecosystem with a distinctive
composition of native vascular plants including the endemic
Eucalyptus species Eucalyptus laeliae, making it a region of
high conservation value.

The eastern and southeastern coastal areas of Australia
showed a medium-high richness of plant species with values
ranging from 30 to 60 species per 400 m2 (see Fig. 7). These
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TABLE I
COMPARISON BETWEEN THE PROPOSED SPATIOFORMER AND BENCHMARK MODELS IN PREDICTING PLANT SPECIES RICHNESS. EVALUATION METRICS

INCLUDE COEFFICIENT OF CORRELATION (r), COEFFICIENT OF DETERMINATION (r2 ), MAE, RAE, MSE, RSE, AND RMSE
BETWEEN MODEL-PREDICTED AND GROUND-TRUTH PLANT SPECIES RICHNESS

areas cover mostly the pristine ecosystems within the Great
Dividing Range, where the climate varies from temperate to
subtropical. Many vascular plant species of high conservation
importance have been identified in these areas. For example,
the Snowy Mountains region, located to the southwest of
Canberra, is home to 212 species of vascular plants, of which
21 are endemic [59]. Another example is the Southern Table-
lands region to the southwest of Sydney, where out of the
approximately 1200 species of vascular plants, 30 have been
listed as threatened due to a high degree of human interference
and habitat alteration [60].

It was observed that the Australian Savanna in the north
of the continent (e.g., the northern parts of Western Australia,
Northern Territory, and Queensland) showed a range of rich-
ness from 20 to 50 species per 400 m2 (see Fig. 7). The
tropical/subtropical savanna climate in this region provides a
copious amount of rainfall in the wet season, followed by
a long dry season during the rest of the year. This unique
climatic pattern results in a landscape that is characterized
by broad grassland interspersed with small trees and shrubs.
It was identified from Fig. 7 that the Kimberley Tropical
Savanna (along the northwest coast of Kimberley), the Car-
pentaria Tropical Savanna (along the south coast of the Gulf
of Carpentaria), and the Einasleigh Uplands Savanna (in mid-
north Queensland) showed a relatively higher richness of plant
species than other areas within the Australian Savanna.

The inland areas showed a low richness of plant species with
the number of species per 400 m2 lower than 20 (see Fig. 7).
This observation is in line with the range of richness values
sampled in interior Australia [see Fig. 2(a)]. The low richness
could be mainly attributed to the arid/semiarid climate that
prevents the growth and sustenance of vascular plants, apart
from the xeromorphic species. Although most coastal regions
showed high to medium richness, the Nullarbor Plain (along
the northwest coast of the Great Australian Bight) and the
westernmost coastal region in Western Australia showed a very
low richness of less than 10 species per 400 m2. These two
coastal regions are of limited plant diversity mainly because
of the arid climate.

Compared with measuring richness via in situ ground sam-
pling, the EO-derived richness maps in Fig. 7 provided a more
complete spatiotemporal coverage. This spatially continuous
and up-to-date knowledge of richness distribution could serve

as a valuable asset to inform effective conservation strategies
and activities. It is worth noting that heavily modified land-
scapes (e.g., agricultural and urban regions) were masked out
in the annual richness maps in Fig. 7. It was because the in situ
dataset, on which our model was trained, consisted mainly of
samples from natural and near-natural landscapes; thus, our
model was not representative of heavily modified landscapes.
Water bodies were also excluded from these richness maps as
this work focused on terrestrial plants only.

C. Model Performance

Table I compares the performance of CNN [58], ViT [25],
FactoFormer [30], and the proposed Spatioformer model in
predicting ground-truth species richness from the test dataset.
It was seen from the figure that the CNN model achieved
0.52, 0.27, 10.41, 0.37, 188.69, 0.18, and 13.74 on r, r2, RAE,
MSE, RSE, and RMSE, respectively, between model-predicted
and ground-truth species richness. The ViT model achieved
0.55, 0.29, 10.37, 0.37, 182.81, 0.17, and 13.52, and the
FactoFormer model achieved 0.60, 0.35, 9.81, 0.35, 168.03,
0.16, and 12.96 on these metrics. The Spatioformer model
compared favorably to the aforementioned benchmark models,
showing 0.77, 0.59, 7.83, 0.29, 105.85, 0.11, and 10.29 on
r, r2, RAE, MSE, RSE, and RMSE, respectively. As the
location-dependent relationship between satellite observations
and on-ground richness values was accounted for in our
modeling with Spatioformer, the results shown in Table I
suggested that the geolocation context could help improve
prediction accuracy in plant species richness prediction.

Fig. 8 shows the predicted distribution of plant species
richness across Australia in the year 2020, generated by the
three benchmark models: CNN [58] [see Fig. 8(a)], ViT [25]
[see Fig. 8(b)], and FactoFormer [30] [see Fig. 8(c)]. The
relative difference of these maps to the map produced by the
proposed Spatioformer model [see Fig. 7(f)] reveals notable
discrepancies in certain regions, as shown in Fig. 8(d)–(f).
For instance, the Jarrah Forest bioregion near the southwestern
coast of Western Australia is a biodiverse region with richness
generally higher than 60 species per 400 m2, as evidenced
by the ground-truth samples [see Fig. 2(a)]. While the high
richness in this region was successfully mapped with the
proposed Spatioformer model [see Fig. 7(f)], the three bench-
mark models predicted this region to have 30∼40 species per
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Fig. 8. Predicted plant species richness distribution in Australia with (a) CNN [58], (b) ViT [25], and (c) FactoFormer [30] for the year 2020 and
(d)–(f) their relative difference to the result obtained with the proposed Spatioformer for the same year [see Fig. 7(f)]. Richness values are in the unit of the
number of species per 400 m2.

400 m2 [see Fig. 8(a)–(c)], roughly 20∼40 lower relative to
the Spatioformer predictions [see Fig. 8(d)–(f)]. The difference
in richness prediction results between Spatioformer and the
benchmark models is shown in more detail in Fig. 9 with
enlarged maps of the predicted plant species richness distribu-
tion in the Jarrah Forest bioregion. As observed from Fig. 9,
the proposed Spatioformer model predicted the richness to be
generally higher than 60 species per 400 m2 [see Fig. 9(d)],
matching better with the ground-truth evidence [see Fig. 2(a)]
than the benchmark models, which estimated roughly 30–40
species per 400 m2 [see Fig. 9(a)–(c)]. Another example is
the Nullarbor Plain along the northwest coast of the Great
Australian Bight. The extremely dry climate in this region has
resulted in poor plant diversity of fewer than 10 species per
400 m2, as supported by field surveys shown in Fig. 2(a).
While the Spatioformer model accurately predicted the very
low richness values observed in the Nullarbor Plain [see
Fig. 7(f)], the predicted richness values by three benchmark
models [see Fig. 8(a)–(c)] were not as low as those indicated
by the ground-truth samples, showing about 10∼20 higher
relative to the Spatioformer map [see Fig. 8(d)–(f)]. These
results suggested that the proposed Spatioformer model is
capable of effectively adapting to local richness characteristics,
thanks to the incorporation of geolocation context in its
modeling.

As regions with a similar level of richness may present
quite different spectral features in remote sensing imagery,
predicting plant species richness over large spatial scales

is a challenging task. Previous studies suggested that the
relationship between plant species richness and remote sensing
observations is location-specific, primarily due to differences
in the assemblages of plant species among regions, which
results from their unique biogeographic histories, climate con-
ditions, and geographical features [20]. For example, statistical
analysis showed that the Southern Tablelands and Snowy
Mountains regions differ in their relationships between spectral
data and plant species richness [13]. Therefore, geolocation
context might be useful for mapping richness across regions.
The location-dependent modeling with Spatioformer encoded
such geolocational information into the input spectral data,
which could help accommodate the location dependence in
mapping richness over large spatial scales. The results shown
in Table I, the visual comparison between Figs. 7(f) and 8,
and the enlarged comparison maps shown in Fig. 9 indicated
that it is beneficial to utilize geolocation context in large-
scale richness mapping, with a higher overall accuracy being
observed.

D. Cross-Year Average and Standard Deviation of Richness

The maps in Fig. 10 show the cross-year average and
standard deviation of plant species richness in Australia,
with the average map [see Fig. 10(a)] showing the spatially
enhanced long-term distribution of richness in Australia and
the standard deviation map [see Fig. 10(b)] indicating the
cross-year stability of richness across the country.
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Fig. 9. Predicted plant species richness distribution in the Jarrah Forest
bioregion near the southwestern coast of Western Australia with (a) CNN [58],
(b) ViT [25], (c) FactoFormer [30], and (d) the proposed Spatioformer for the
year 2020. Richness values are in the unit of the number of species per 400 m2.

It was observed from Fig. 10(b) that the richness val-
ues were temporally stable with a standard deviation lower
than one for most parts of the country, while higher cross-
year variations were identified for several regions. Part of
the southwestern, eastern, and southeastern coastal regions,
as well as some areas in the northern savanna, showed a
cross-year standard deviation in richness higher than one [see
Fig. 10(b)]. Due to the relatively high biomass, these regions
are susceptible to natural bushfires, such as the 2019–2020
Black Summer Bushfires. In addition to natural bushfires,
controlled prescribed burning has been practiced in these
regions aiming to reduce the risk of natural bushfires by
intentionally burning excess flammable materials (e.g., dead
wood). Floods, droughts, and human interference are also
among the reasons that may contribute to cross-year variations
in the richness levels.

With abrupt temporal variations and random noise being
reduced, the average richness map in Fig. 10(a) provided
a spatially enhanced reference for applications where the
long-term distribution of richness needs to be taken into

Fig. 10. (a) Average plant species richness map in Australia
from 2015 to 2023. (b) Standard deviation map of richness across these years
derived from annual richness maps compiled with the proposed Spatioformer
model.

consideration. The standard deviation of richness in Fig. 10(b)
provided information on cross-year richness stability for dif-
ferent parts of the country, which could serve as a reference
in conservation planning and practice.

E. Uncertainty in Richness Prediction

Fig. 11 shows the uncertainty maps for plant species rich-
ness predictions from 2015 to 2023 [see Fig. 11(a)–(f)] and the
average uncertainty map across these years [see Fig. 11(g)].
By comparing the uncertainty maps with the distribution of
in situ samples shown in Fig. 2, it was found that regions of
denser sample coverage, such as the coastal regions, tended
to have a lower prediction uncertainty than the interior of
Australia with sparse or no coverage of in situ samples.
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Fig. 11. Uncertainty maps for plant species richness predictions from 2015 to 2023 (a)–(i) and the average uncertainty map across these years (j). The
uncertainty values were calculated with the Monte Carlo dropout approach [54] under a dropout rate of 0.5 for the proposed Spatioformer model.

It was seen from Fig. 11 that the eastern, southeastern, and
northern coastal regions showed a lower uncertainty than the
middle and mid-west interior of Australia, as well as the island
of Tasmania. Compared with Fig. 2 where the locations of
ground richness samples are displayed, the high-uncertainty
regions shown in Fig. 11 mostly corresponded to places
where fewer survey samples had been collected. Therefore,
this uncertainty map could serve as a guidance as to where
future field surveys should be focusing on. While conducting
field experiments in remote locations could be considerably
arduous, samples to be collected in high-uncertainty areas
would be of high value in helping improve the overall accuracy
of plant species richness maps throughout the country.

It is worth noting that several factors could contribute to the
uncertainty in richness predictions. Areas with sparse ground
sampling, such as the interior of Australia, exhibited higher

prediction uncertainties, highlighting the model’s sensitivity to
the availability of ground-truth data. Moreover, the quality of
in situ samples used for model training may affect the accuracy
of the predictions. The model’s performance is another critical
factor, as its ability to generalize across diverse landscapes
would also influence the reliability of the predicted richness
values.

F. Impact of Input Image Size

The accuracies of plant species richness prediction achieved
with different input image sizes from 1 × 1 to 9 × 9 pixels
are shown in Table II. It was observed from the table that
when the input image size increased from 1 × 1 to 9 ×

9 pixels, improved mapping accuracies were observed, while
the improvement became marginal with more pixels being
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TABLE II
ACCURACIES OF THE PROPOSED SPATIOFORMER MODEL IN PLANT SPECIES RICHNESS MAPPING WITH INPUT IMAGE SIZE VARYING FROM 1 × 1 TO

9 × 9 PIXELS. EVALUATION METRICS INCLUDE COEFFICIENT OF CORRELATION (r), COEFFICIENT OF DETERMINATION (r2 ), MAE, RAE, MSE,
RSE, AND RMSE BETWEEN MODEL-PREDICTED AND GROUND-TRUTH SPECIES RICHNESS

added especially when the input image size was larger than
5 × 5 pixels.

The results in Table II indicated that the spatial information,
in combination with the spectral features provided by the
imagery, could be beneficial in modeling the relationship
between satellite observations and on-ground richness values.
Considering that plants usually live as a community where
each plant interacts with its spatial neighbors and surrounding
habitat conditions in a close relationship, additional spatial
information provided by the input image could better inform
the model of landscape features. Supplying more pixels as
input allowed the model to explore the spectral heterogeneity
or variability among these pixels (i.e., the spatial variability
in remotely sensed signals), considering that spectral diversity
relates closely to biodiversity according to the spectral varia-
tion hypothesis proposed by [52]. A wider spatial range of the
input image also allowed information on spatial heterogeneity
and texture to be incorporated into the model.

G. Limitations and Future Work

In this study, we used Landsat Geomedian products to
produce annual maps of plant species richness in Australia.
A novel transformer architecture, Spatioformer, which is
capable of taking in geo-coordinates, was proposed for the
modeling in order to accommodate the location-dependent
relationship between satellite observations and richness mea-
surements. The Spatioformer model outperformed state-of-the-
art models in richness prediction accuracy, as demonstrated
in Section V-B. Nevertheless, there remains potential for
enhancing the accuracy further, as discussed in the following.

This work used remote sensing imagery as the data source
for plant species richness mapping. As demonstrated in [18]
and [61], many environmental variables, such as temperature,
precipitation, soil texture, and topographic heterogeneity, are
closely related to the spatial pattern of richness though they are
less effective than remote sensing data in capturing temporal
changes such as those caused by deforestation, floods, bush-
fires, and land use intensification. Hence, in future studies, it is
worth exploring the combination of environmental variables
and remote sensing data to enhance the accuracy of plant
species richness mapping.

Landsat’s unique long-term record allowed us to cover
a large number of historical survey samples, resulting in a

decent-sized dataset of richness versus image pairs for model-
ing. As shown in [13], both multispectral and hyperspectral
satellite data demonstrated a reasonably strong correlation
with on-ground plant species richness, with hyperspectral data
showing better performance than multispectral. The deploy-
ment of a new generation of hyperspectral satellites, such as
DESIS [62], PRISMA [63], and EnMAP [64], provides an
opportunity to map plant species richness from hyperspectral
data. However, it is important to note that the limited temporal
and spatial coverage of these hyperspectral data may pose
a major challenge in composing training datasets, as many
historical survey samples would not be able to pair with a
satellite observation.

In this study, plant species richness was predicted with
spaceborne remote sensing data, which can be acquired at a
lower cost than in situ data. However, we recognize that this
method cannot fully replace in situ sampling. Field surveying
is the gold-standard approach to richness measurement and
provides ground-truth data for model validation. With remote
sensing data as a proxy, our study aimed to extend the value
of in situ samples. We first modeled the relationship between
richness samples and satellite observations and then extrap-
olated the modeled relationship to locations where in situ
samples are absent. In this way, knowledge of the survey sam-
ples is expanded to a wider spatial and temporal range, with
satellite observations supplementing in situ measurements to
achieve the spatiotemporal resolutions required for monitoring
the richness dynamics.

While the Spatioformer model demonstrates good predictive
capabilities, understanding the geographical and ecological
mechanisms behind its predictions remains an important area
for further investigation. In subsequent research, efforts could
be made to improve the interpretability of the model by
integrating domain knowledge from ecology and geography.
Improved model interpretability would not only help explain
the spatial and temporal patterns of plant species richness,
which are related to environmental gradients, habitat fragmen-
tation, and species aggregation, but also provide insights into
the ecological processes that drive those patterns.

It is important to note that the relationship between plant
species richness and remote sensing imagery could evolve
with time due to the emergence of new influencing factors,
such as those introduced by human activities and bushfires.
Such factors may not be well represented in historical data
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that our model has been trained on. In order to generalize
the ability of our model under future conditions, it is essen-
tial to continuously update it by incorporating more recent
data reflecting emerging influences. Potential techniques for
model updating with new data, such as incremental learning,
transfer learning, and model fine-tuning, can be explored
in future studies to incorporate the influence of emerging
factors.

As our study focuses on the Australian continent, the
findings may be limited when generalizing to regions with dif-
ferent climatic, ecological, or biogeographical characteristics.
A recent study [65] revealed that Australia is distinctive in a
range of plant traits though its biotic and abiotic characteristics
still share some degree of similarity with those in other
regions of the world. Therefore, future research should explore
our model’s performance across different regions and biomes
around the world by incorporating additional data sources
that capture local ecological and environmental dynamics.
Such efforts would enhance the generalizability of the model
and its applicability for global biodiversity monitoring and
conservation efforts.

Future work could also focus on extending the Spatioformer
model for a broader range of applications. One potential
direction is to adapt the model for other biodiversity metrics
beyond plant species richness. For instance, the Spatioformer
architecture could be modified to test its capability in predict-
ing plant functional diversity [66] or spectral diversity [67],
leveraging its ability to incorporate geolocation context into
remote sensing data. Moreover, enhancing the model to inte-
grate more complex environmental variables and considering
temporal dynamics from long-term satellite observations could
improve its applicability to diverse ecological and conser-
vation challenges. Exploring these potential applications of
Spatioformer would further assist biodiversity monitoring and
management with large-scale remote sensing data.

VI. CONCLUSION

We presented a novel transformer architecture, Spatio-
former, to map the spatial distribution of plant species
richness in Australia from Landsat observations. The results
demonstrated the feasibility of applying Spatioformer to a
continental-scale in situ richness dataset (HAVPlot) for com-
piling large-scale richness maps. These maps derived from
spaceborne remote sensing data offered a more comprehensive
spatiotemporal representation of richness distribution com-
pared with the traditional approach of measuring richness via
ground sampling.

The Spatioformer model differs from standard transformer
architectures in that it allows the encoding of geolocations into
remote sensing images whose pixel values are intrinsically
associated with geolocation coordinates. With Spatioformer,
the location-dependent relationship between plant species
richness and spectral features in satellite observations was
accommodated in the modeling, with enhanced performance
being observed relative to state-of-the-art models.

With Spatioformer, plant species richness maps over
Australia were compiled from the Landsat archive for the
years from 2015 to 2023. The richness maps produced in this

study revealed the spatiotemporal dynamics of plant species
richness in Australia. The resultant richness maps provided
useful guidance for developing future conservation strategies
and decision-making processes with the aim of preserving
plant diversity in Australia. Through quantitative analyses,
we identified regions where richness predictions are of high
uncertainty. Future in situ surveys may focus on these areas
in order to improve the overall accuracy of richness mapping.
We also analyzed the impact of input image size on the
accuracy of richness prediction, showing that incorporating
spatially adjacent pixels into modeling is beneficial in richness
modeling with satellite data.

This study provided a basis for further improving the
accuracy of plant species mapping. In future studies, it is
worthwhile to explore the integration of remote sensing data
with environmental variables, the incorporation of seasonal
information provided by satellite image time series, and
the adoption of spaceborne hyperspectral data for richness
modeling.
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