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Abstract

Biodiversity is declining globally at an unprecedented rate.
Managers urgently need to allocate limited resources to con-
trol pest species where interventions have the highest eco-
logical impact. However, many species are hard to detect,
and data collection is often expensive, irregular, and incom-
plete, thus posing significant challenges for machine learning
models that traditionally require large and regular datasets.
We present a novel deep learning architecture that estimates
the spatiotemporal abundance of hard-to-detect species from
sparse, zero-inflated, and irregular data. Our method com-
bines Graph Convolutional Networks (GCNs) to model spa-
tial dependencies across monitoring sites with Recurrent
Neural Networks (RNNs) to capture long-range temporal dy-
namics explicitly addresses the challenges of data sparsity,
heterogeneity, and irregular sampling. We apply our model
to the Crown-of-Thorns Starfish (COTS) on Australia’s Great
Barrier Reef, a species with devastating impact on coral reefs
and a major target of pest control programs. Our method
significantly outperforms baseline approaches and the cur-
rent resource-intensive approach, manta-tow surveillance, in
both accuracy and detectability. Simulations indicate a 20%
increase in starfish removal efficiency over a year, enabling
more effective coral protection. This work demonstrates how
tailored deep learning methods can overcome ecological data
limitations and substantially improve conservation outcomes.

Code — https://github.com/zahidcseku/STZipN
Datasets — (CodeURL)/tree/main/data
Supplementary info. — (CodeURL)/tree/main/SI

Introduction

Worldwide, pest invasions threaten biodiversity and agricul-
tural production, accelerating extinction rates and causing
a significant economic burden (Diagne et al. 2021; Cuth-
bert et al. 2021). Between 1970 and 2017, damages in-
creased six-fold each decade to an average of US$18.6 bil-
lion per year, while management investments increased by
less than two-fold over the same period (Diagne et al. 2021).
This widening gap highlights the urgent need for more ef-
fective, data-driven pest management strategies. However,
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when pests are hard to detect, poorly mapped, or spread
unpredictably, collecting reliable spatial data is challenging
due to cost, logistical difficulties, remote locations and inten-
sive labor requirements. These efforts divert resources away
from active management (Britton, Pegg, and Gozlan 2011;
Larson et al. 2011). Yet, because rapid action is critical for
effective pest control, managers must make decisions about
where and when to intervene even when they have limited
information (Chades et al. 2011; Ahmed et al. 2025).

The case of the Crown-of-Thorns Starfish (COTS) con-
trol program on Australia’s Great Barrier Reef (GBR) exem-
plifies these challenges. The GBR, a UNESCO World Her-
itage site and global biodiversity hotspot, is under increasing
threat from ocean warming, intensifying cyclones, and out-
breaks of COTS (Pratchett et al. 2014). Between 1984 and
2013, COTS were responsible for 42% of all coral lost on
the GBR (De’Ath et al. 2012). Of the major threats facing
the GBR, they are the most directly manageable driver of
coral decline. In response, the Australian government has
committed SAUD160M to COTS control efforts between
2018-2030 (Matthews et al. 2024). In practice, COTS are
culled at a series of 10 hectare sites distributed around a
reef. A COTS control effort, or a voyage, includes surveil-
lance and culling activities. Sites with the highest estimated
COTS densities are prioritized for culling, as removing indi-
viduals from these locations minimizes coral loss. To iden-
tify these priority sites, managers use a broad-area surveil-
lance method called manta-tow (Miller, Jonker, and Cole-
man 1964). Although manta-tow has relatively low accu-
racy, managers consider that it is sufficient for detecting
high-density aggregations over large areas (Fernandes et al.
1990). COTS densities fluctuate over time due to culling
and natural processes, including the emergence of hidden
individuals and movement between sites. Approximately ev-
ery 50-60 days, manta-tow surveys are conducted to up-
date reef-wide information and reprioritize culling opera-
tions. While manta-tows are vital for targeting efforts, they
are resource-intensive, diverting effort that could otherwise
be invested directly in culling.

Motivated by the need to increase program efficiency by
improving COTS abundance estimation and site prioritiza-
tion (Westcott et al. 2020), we propose a deep learning
model called Spatio-Temporal Zero-Inflated Poisson Net-



work (STZipN). STZipN predicts pest abundance at prede-
fined locations based on sparse and irregular historical abun-
dance data. Our approach explicitly tackles three key chal-
lenges common in ecological datasets: spatial and temporal
sparsity (Liu, Zhao, and Song 2025), zero inflation (Kong
et al. 2021), and irregular sampling (Liu, Zhao, and Song
2025; Ahmed et al. 2025). The proposed model includes an
RNN-based temporal information encoder and a GCN-based
spatial information encoder and is trained with a custom
zero-inflated Poisson loss function. We show that STZipN
can estimate the spatiotemporal distribution of COTS abun-
dance using historical cull data alone, significantly improv-
ing the efficiency of control efforts. We also derive valuable
insights into the dispersal of COTS from the learned graph
in our model, demonstrating that our approach can be use-
ful to other spatio-temporal ecological problems. Our work
makes three key contributions:

* We address a critical pest management problem affecting
a globally significant ecosystem, the Great Barrier Reef
of Australia, underexplored by the Al community.

* We introduce a novel deep learning model that combines
GCNs and RNNs under a zero-inflated Poisson loss to
learn from sparse, irregular ecological data.

* Our approach outperforms current best practices and of-
fers strong potential for deployment in collaboration with
field managers.

Related Work

Deep learning models can effectively process large tempo-
ral datasets enabling opportunities to predict pest abundance
in real-time to guide day-to-day decision-making (Capinha
et al. 2021; Fulton et al. 2019). However, it is nontrivial to
design high performing spatiotemporal deep learning mod-
els for pest abundance estimation (Martinez-Minaya et al.
2018; Nielsen et al. 2014; Strebel et al. 2022; Vanhatalo,
Hosack, and Sweatman 2017; Deneu et al. 2021). In applied
ecology, most deep learning approaches are built on the suc-
cesses of computer vision and Convolution Neural Networks
(CNNs). Applications include coral reef monitoring (Nunes
et al. 2020), fish species classification (Siddiqui et al. 2017)
and species abundance estimation (Hgye et al. 2021; Deneu
et al. 2021; Norouzzadeh et al. 2018). However, CNNs usu-
ally operate on spatial grid structures that limit the scales at
which they can track spatiotemporal dependencies. This is
an important limitation for many pest management systems
that experience rare long-distance dispersal events and ex-
hibit complex spatiotemporal dynamics (Fletcher and West-
cott 2013) that are not suitable to represent as grid structures.

Zero-inflated count data with excess zeros are ubiqui-
tous in ecological datasets (Morley et al. 2018; Martin et al.
2005; Kong et al. 2021). Traditional regression approaches
tend to underestimate zeros and overestimate non-zeros in
such data, while mixture models like zero-inflated Pois-
son can better address both the excess zeros and overdis-
persion. Gaussian process-based approaches have been pro-
posed for zero-inflated data (Hegde, Heinonen, and Kaski
2018; Neelon 2019), offering flexible Bayesian alternatives,
though they face computational challenges for large-scale
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spatiotemporal applications and require careful handling of
the zero-inflation mechanism.

In species abundance estimation, data collection sites are
not distributed on regular spatial grids and observations are
not made at fixed intervals. This spatial and temporal spar-
sity can be addressed by combining Graph Convolution Net-
works (GCNs) and Recurrent Neural Nets (RNNs) (Wilson,
Tan, and Luo 2018; Jin et al. 2023). GCNs are able to learn
spatial patterns from non-grid structures (Kipf and Welling
2017). RNNs are able to embed long-term temporal corre-
lations from irregular time series (Elman 1990). Crucially,
these deep learning methods can accommodate zero-inflated
observations without requiring explicit mixture modeling or
complex likelihood specifications, instead learning appro-
priate representations directly from data. GCNs and RNNs
can infer latent structures from real-world empirical data and
leverage the structures to learn complex spatiotemporal de-
pendencies in observations without requiring complex fea-
ture engineering, or knowledge of the underlying ecological
processes (Zhao et al. 2020; Yan, Xiong, and Lin 2018; Yu,
Yin, and Zhu 2018; Wilson, Tan, and Luo 2018).

Our STZipN by design prioritizes simplicity, while more
recent architectures including adaptive GNNs such as (Wu
et al. 2020; Bai et al. 2020) and diffusion-based GCNs such
as (Li et al. 2018) offer promising future improvements.
Our use-case presents a novel application of spatial tem-
poral GNNs which have been widely applied to traffic net-
works (Yu, Yin, and Zhu 2018; Bai et al. 2020; Li et al. 2018;
Zhao et al. 2020; Jin et al. 2023) and action recognition (Yan,
Xiong, and Lin 2018).

Problem Definition

We formulate the problem as a multi-target Poisson re-
gression task where the objective is to estimate the abun-
dance of a species at a set of m sites represented by S :=
{(lony, laty ), (lony, laty), - - - (lon,,, lat,, )}, where lon; and
lat; denote the longitude and latitude of site ¢. With a slight
abuse of notation, we also use S to denote a m X 2 ma-
trix of the site locations. We create a training set (X,Y)
consisting of ¢ time steps of observations across m sites,
where X € R**™* ig the input features and Y € Nixm
is the corresponding abundance counts used as target val-
ues. N is the set of positive integers including 0. In this
paper, the features are abundance counts and the time differ-
ence between observations. The time difference is set to O at
the start (before any culling) and updated continuously as a
running count of days since the previous cull. For an index
i€t]:={1,2,...,t}, X; € R™*4 s a matrix of observed
features at the ith time step, and Y; € N’ is a vector of
abundance counts observed at time step ¢ + 1.

We assume that species observations at a site are con-
ditionally independent and distributed from a Zero-Inflated
Poisson distribution with parameters 7 € (0,1) and A > 0,
where 7 is the probability of zeros and A is the expected
Poisson count. We use Y € R™ to represent the random
estimated abundance through the Zero-Inflated Poisson net-
work. If X is observed until time step ¢, then Y is the pre-
diction for time step ¢ + 1.
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Figure 1: STZipN model architecture. (1) The input encoder transforms the input X into higher-dimensional latent feature
representations. (2) The temporal encoder captures temporal context from these latent feature representations. (3) Spatial in-
formation is incorporated through two components: a static feature encoder that encodes site locations, and a spatial encoder
that uses a GCN to aggregate temporal features from neighbouring sites. (4) The output decoder combines the spatiotemporal
features to estimate the parameters 7 and log X of the STZipN model, which are used to predict abundance at time ¢ + 1.

Spatio-Temporal Zero-Inflated Poisson
Network

Our proposed Spatio-Temporal Zero-Inflated Poisson Net-
work (STZipN) model has four main modules (Fig. 1).
Input Encoder. The input encoder is a Multi-Layer Percep-
tron (MLP) consisting of two layers of Exponential Linear
Units (ELU) (Clevert and Hochreiter 2016), with H units
per layer. It encodes the raw input features X to a higher
dimensional latent space (similar to Tran et al. 2021). For
simplicity, we use H ELU units for all the hidden layers.
The output of the input encoder is given by:
Zi, = LU (ELU (X - W) +b()) - W2 + b))

where Wl(i) € R¥>H and bi(i) € RH are the weights and bi-
ases corresponding to the input to the first hidden layer. Sim-

ilarly, W2 e RE*H and b'?) € R¥ are associated with
the first hidden layer to the output layer. Z;, € R™*txH
corresponds to the H dimensional embedding of the d di-
mensional input features.

Temporal Information Encoder. The temporal information
encoder captures temporal dependencies using a single layer
recurrent network that takes Z;,, as input and produces a new
temporal representation:

Ztemp =TE (Zin ' Wtemp + btemp)

where Wienm, € RUHXH gpd btemp € RIH are the learn-
able parameters of the temporal encoder (TE). For LSTM,
parameters of the TE are Wicm,, € R+HXH and btemp €
R*H correspond to the input, forget, output and candidate

cell gates. Similarly, for GRU, Wiey,, € R¥TXH and
btemp € R3H correspond to the reset, update and candi-
date cell gates. The output Ziemp € R™***H s a temporal
encoding of Z;,. To obtain the representation for timestep
t + 1, the hidden state from ¢ is fed back to TE that even-
tually retains the trends in the observations until ¢ — 1 to
generate representations for timestamp .

Spatial Information Encoder. The spatial information en-
coder consists of a single-layer GCN and a two-layer MLP.
The GCN processes site features by aggregating features
from the nearby sites and outputs Zy oy € R™***H. The
MLP maps the site locations S into a latent space Zg, €
R™>1xH The two encodings Z{, -y and Zs, are combined
and passed through an ELU layer to produce the spatiotem-
poral feature encoding Zgcn € R™*E<H,

Unique to our problem as well as many species abundance
estimation problems is that the observations are not explic-
itly structured as graphs which is required by the GCN. We
construct the graph from the site locations S following (Yu,
Yin, and Zhu 2018) where each site is a vertex and the edges
are determined based on the distance between sites D;;. We
construct the graph using a kernel width learned form the
observation data. We compute the weight A;;(7,¢€) corre-
sponding to sites 7 and j in our graph A := (A;;)mxm using
distance D;;, kernel width 7 and cut-off threshold e:

D2 D2,
A (T,€) :=exp (‘Z;) . |lexp <— ;J> > 6" ,
T T

where [expression] is 1 if the expression is true, 0 otherwise.
The adjacency matrix defines the graph connectivity where
A;;(1,€) > 0.In STZipN, 7 is a hyperparameter depending
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on how fast the species move. The threshold € governs the
sparsity of matrix A. We found that e = 10~° is a good em-
pirical value and use it throughout. We compute the distance
between sites ¢ and j using the Haversine formula (Robusto

1957) as:
lat; — lat;
.2 1 J
sin (2 )—i—

lon; —1
cos(lat;) cos(lat;) sin ( Oni Onj>

D;; := 2arcsin

All pairwise site distances are represented by a matrix D :=
(Dij)mxm- Note that our graph representations such as
A (7, €) and the corresponding degree matrix Deg(7, €) de-
pend on 7 and e. For simplicity, we denote A := A(T,¢)
and Deg Deg(r,¢). We normalize A as A

A+1,is

Deg™ TA/ Deg™ % for numerical stability. A’ :=
the adjacency matrix with self-loops, Deg = diag{A’-1,,}
where 1,, denotes a m dimensional vector of 1 and the
diag(.) function constructs a diagonal matrix from the re-
sult of the operation A’ - 1,,, (Kipf and Welling 2017).

In our model, the GCN aggregates the temporal encoding
of the m sites Ziemyp USing A and the output of the GCN can
be expressed as:

A . Ztemp : WGCN +1H - b+

VAYSING

Zaen == ELU
GoN ELU(S - W) 4 15 - BOT) . W)

)

Zop

where Wgon € RPXH g Jearnable weights in the GCN
submodule. The static encoder is a two-layer perceptron net-
work i.e., Zg, = MLP(S). The output of the static en-
coder is a matrix Zs, € R™*H representing static features.
The shape of Zgcons is m X t x H. The parameters of the
static enocoder network are Wéll)) € R2xH, Wég) e REXH
béll)) € R and b(2) € RY. Bias terms corresponding to
the GCN layer and the second layer of the static encoder is
represented by b.

Output Decoder. The output decoder uses the spatiotempo-
ral encoding Zgcn and estimates two parameters (per site)
7 € R™ and log A € R™ of a Zero-Inflated Poisson distribu-
tion (Boone, Stewart-Koster, and Kennard 2012) denoted by
Pr(Y | m, A). For asite 4, the prediction for next time step is
Yi ~ Pr(Yi|n?, A") where Y%, %, and A are the observation
and parameters of the Zero-Inflated Poisson distribution cor-
responding to site i. Pr(Y? = 0|7%, \') = 7 + (1 —7t?)e™>'
and Pr(Y? = y|7%,\)) = (1 — 7%)e " (\)¥/y! where
y > 0. The output decoder consists of a MLP network i.e.,

[log A, 7] :=

ELU (ELU (ZGCN w4+ bl

) : Wout + bout)
b(”l)

out

Wb

out

where the number of layers nl is a hyperparameter. The pa-

rameters W', € REXH and b)) € RH correspond to lay-
W(nl)

ers| = {1,2,..., ot € RHXx2

nl — 1} and parameters
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and b") € R2 correspond to the ni™ layer. From the
STZipN model, the estimated abundance is computed as
E(Y) = (1—o(m)) ©\, where o is the sigmoid function, E
is the expectation w.r.t Pr(Y |, A), and © is element-wise
product.

Zero inflated Poisson Loss Function

The parameters of deep neural networks are estimated
by minimizing a loss function such as the negative log-
likelihood. To fit to our problem, we develop the negative
log-likelihood of our zero inflated sparse targets including
two independent distributions — a Bernoulli distribution to
model the binary outcome of a target being zero and a Pois-
son distribution to model the positive occurrences of the tar-
get (Kong et al. 2021; Bai et al. 2025). Consequently, the
zero values in the model are generated by the Bernoulli pro-
cess and also by the Poisson process due to zero occurrences.
The log-likelihood L for zero and nonzero occurrences is:

Z log (ﬂ'i +(1- wi)e_)‘i) +

m j:Y;:O
L= - )\Z vi SN ,
=1 Z log [ (1 — 7%) ——r— 7
E:Yi>0 k:

where j : Y’ = 0 and k : Y}, > 0 represents the zero and
non-zero observations at site ¢ respectively.

Training

STZipN outputs are functions of © (includes all the parame-
ters stated above), X and Si.e., (0, X, S) and A(6, X, S).
We estimate © by minimizing —£ using Adam (Kingma
and Ba 2015). We remove sites with missing observations
from loss calculations. The hyperparameters of the STZipN
model include 7, nl, H and the learning rate. We use a multi-
step decaying learning rate policy starting at an initial value,
and then decrease the learning rate by 0.2 every 50 epochs.
In the search space, we vary 7 from 800 to 1300, nl from 1 to
6, H from 16 to 256 and the learning rate from 0.0001 to 0.01
(see supplementary information Hyperparameter search).
We use early stopping to prevent overfitting.

To preserve the temporal dependencies in our observa-
tions, we split the validation and test data from the tail. First,
we split the dataset into two parts - for training (75%) and
testing (25%). Then, we optimize £ on a validation set of
20% of the training set in our hyperparameter search.

Experimental Results
Experiment Settings

Datasets and evaluation. We assessed the daily estimates
of our model based on real-world past COTS culling history
across 144 reefs against the cull dataset span over 982 days
collated into 190 voyages from November 5, 2018 through
July 14, 2021. We use the culled COTS number as a proxy
for the true number of COTS at a location, which is not di-
rectly observable. Because our data is zero-inflated, standard
RMSE and MAE are not appropriate for evaluation. Follow-
ing (Kong et al. 2021), we adapt the RMSE and MAE to



Model zMAE zRMSE
Historical average 37.48 54.77
Per site historical average = 34.48 52.93
Last seen 31.63 53.05
ExpertR 40.54 133.03
CatBoost 34.56 77.41
ZINB 42.21 77.07
IDW 42.89 103.08
OK 43.62 88.48
STZipN 24.50 42.73

Table 1: Comparison of STZipN model predictions with
baseline COTS estimation models.

measure the models’ performance on zero-inflated data by
considering the zero and nonzero outputs separately in our
evaluation. We define

W= [ yi2 4 (1=a) i )2
> w2 @)+ X (W)
ZRMSE = ¥ J€00 Jel0
Ntest ’
Nt @ Z :L}; (1-a) . > yzig;
J€Iy + ji€lso
MAE — =0 [To] [T>o0]
7z = s
Ntest

where 3 € R is the true observed vector on the i-
th timestamp where L is equal to the number of sites, Ij
and I-( represents the zero and non-zero observations in
y® respectively, and () € R'*L is the predictions of a
model. The variable « is a relative importance of the zero
part. As both zero and nonzero parts are evaluated separately
and weighted by their relative importance (o and 1 — «), the
metrics reflect true performance by not favouring the models
predicting very small values, i.e. yj@ ~0Vje{l,---,L}.
Baselines. Because manta-tow surveillance is designed for
large-scale, coarse detection, its low accuracy makes di-
rect comparison with our model predictions uninforma-
tive. Instead, we evaluate the prediction error of our model
against a suite of baseline abundance estimation approaches
including simple historical heuristics (historical average,
per site historical average, last seen), expert-guided regres-
sion (ExpertR) (S. Fletcher and Westcott 2016), CatBoost
(Prokhorenkova et al. 2018), classical statistical method like
Zero-Inflated Negative Binomial (ZINB) (Yau, Wang, and
Lee 2003) and, geostatistical methods such as Ordinary
Kriging (OK) (Cressie 1988) and Inverse Distance Weight-
ing (IDW) (Lu and Wong 2008):

 Historical average uses the average number of COTS
observed (culled) in the historical periods of recorded
data as the estimated number of COTS at the sites.

* Per site historical average uses the average number of
COTS observed at a site in the historical periods as the
estimated number of COTS at the corresponding site.

* Last seen the number of COTS observed at the site last
time as an estimate of the number of COTS.
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Figure 2: STZipN’s recommendations would have resulted
in a 20% increase in COTS removed over the first year of
the control program compared to manta-tow-guided prioriti-
zation. Assuming three sites are managed per day (m = 3).

* ExpertR estimates COTS by combining the most re-
cent observed density at that site (where available) with
a weighted set of correlated factors, selected based on
expert research opinion, including year, latitude, mean
COTS density for reefs within £100 km latitude, mean
density for the current reef, and mean densities at the
site’s immediate neighboring sites on both sides (with
neighborhood typically defined by adjacent monitoring
points or the spatial scale relevant for COTS movement
within reefs).

CatBoost is a high-performance algorithm that con-
structs ensembles of decision trees to predict continuous
numerical outcomes.

ZINB is a standard classical baseline for over dispersed
and zero-inflated count data.

OK estimates values at unobserved locations by comput-
ing a weighted average of nearby sampled values, where
the weights are determined by the spatial autocorrelation
captured in a variogram model.

IDW estimates values by averaging the values of nearby
sampled values, assigning higher weights to observed lo-
cations that are closer to the target location.

For the spatial interpolation methods and CatBoost
we used observations from the prior 56 days following
(S. Fletcher and Westcott 2016). For OK, we experimented
with linear, spherical and Gaussian variogram models.

Results

Table 1 summarizes results comparing the zZRMSE and
ZMAE for the baseline methods on the COTS dataset, high-
lighting the effectiveness of the STZipN model. Our ap-
proach consistently outperforms current practices, a conven-
tional machine learning method, and spatial interpolation
techniques in estimating COTS abundance.

While manta-tow surveillance data are a poor predictor
of absolute abundance, they are currently used to priori-
tize sites with the highest estimated COTS densities for
culling. Because this prioritization relies on relative rather
than absolute abundance, it can tolerate consistent underes-
timation but is highly sensitive to low precision. We com-
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Figure 3: Examples of STZipN’s ability to estimate COTS
abundance under sparse observations at (A) Llwellyn Reef
and (B) Broadhurst Reef. STZipN predicts COTS abundance
on a given day using only culling observations available up
to that day. The x-axis represents the timeline of the COTS
control program, and the y-axis shows the number of COTS
culled.

pared site prioritization based on current practice (manta-
tow) with prioritization based on STZipN. Due to its higher
precision and more consistent abundance estimates, STZipN
recommended the optimal culling sequence more frequently
than manta-tow. STZipN’s recommendations strongly cor-
related with ideal site rankings derived a posteriori from
actual COTS removal over 172 voyages (mean Spearman
rank correlation coefficient p = 0.69, p = 0.06). In con-
trast, manta-tow rankings correlated weakly with actual cull
rankings (p = 0.22, p = 0.34; see Supplementary Evalua-
tion). Implementing the respective cull ranks, we estimate
that 19.91% to 34.56% more COTS could have been re-
moved compared to manta-tow at the end of one year of
control, with effectiveness increasing over time (Fig. 2).
Robustness in low observations. Our model is robust in
predicting abundance even when the true observations are
scarce. We assessed the day-to-day predictions of abundance
at a site from our model using only past culling data avail-
able up to that day. Fig. 3A shows that our model correctly
predicts low COTS at site 24 at the Llwellyn reef on day 520
and beyond, despite having only a single earlier high obser-
vation. Fig. 3B shows our model’s ability to predict high and
low abundance even with no observations prior to day 667.
Manual cross-checking of the data confirms the influence
of observations at neighbouring sites in both cases: for site
24 at Llewellyn reef, the neighbouring sites have 44 observa-
tions before day 520 and for site 79 at Big Broadhurst reef,
the neighbouring sites have 18 observations preceding day
667 (see discussion on the graph construction in the Materi-
als and Methods section). These predicted estimates with no
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or few observations can be attributed to the GCN’s ability to
learn feature representations from these neighbouring sites.
We also note that in absence of prior information our
model overestimates abundance (e.g., predicting 50 COTS
where ground truth was zero). However, it correctly iden-
tifies high and low abundance levels which is essential to
planning effective control strategies.
Ablation study. To assess the contribution of spatial and
temporal components, we performed an ablation study com-
paring model variants (Table 2). The full STZipN model
which uses both the spatial and temporal encoders performs
the best among the compared models (zMAE = 24.50 COT-
S/day, ZRMSE = 42.73 COTS/day and £ = 35.46). Remov-
ing either encoder degrades performance. Without the spa-
tial encoder (Temporal model), performance declines across
all metrics (zMAE =28.49, zZRMSE =46.35, £ =39.10). Re-
moving the temporal encoder (Spatial model) further wors-
ens results (zMAE = 31.53, zZRMSE = 48.71, £ = 40.86).
Excluding temporal and spatial encoders results in the worst
performing model (Trivial model: zMAE = 37.30 COTS/-
day, zZRMSE = 55.07 COTS/day and £ = 49.66).
Sensitivity analysis. We measured how much the model’s
output at a given site changes in response to variations in
the input observations across space and time. Our model’s
predictions at a site are mostly sensitive to the input obser-
vations collected from sites within 1200 meters and within
the preceding 1 to 14 days (Fig. 4). We obtain the sensitiv-
ity plot by computing the gradients of the model’s output
with respect to the inputs because it efficiently captures lo-
cal response of model outputs to input variations (see Sen-
sitivity analysis in the supplementary for more details). This
sensitivity to observations within 1200 meters and 14 days
aligns with the operational practices of the culling program:
a new voyage begins 14 days after the last voyage. Each site
is only culled once per voyage, because it is hard to distin-
guish a live COTS from a recently culled COTS. STZipN
leverages data from nearby sites (within 1200m) on both the
current voyage (i.e. within a few days) and the most recent
previous voyage (i.e. 14 days ago). Fig. 4 also shows that
the sensitivity decreases with increasing distance in time and
space, confirming that more distant sites and older observa-
tions have no to little influence on abundance estimations.
Neighbourhood learning. Learning representations from
geographical neighbours using a GCN is a novel contribu-
tion to ecological modelling. For the COTS problem, the ob-
servations are collected from 1,368 sites. These sites consti-
tute the nodes of the graph that the GCN uses. We construct
the edges using distance and a learned spectral kernel width
from the cull data. Fig. SA shows the locations of the obser-
vation sites and Fig. 5B shows an example of the graph struc-
ture over the Lady Musgrave reef and Fairfax Islands reef.
Each site learns feature representations from its connected
neighbours. Predictions at low observation sites in the sup-
plementary reveals key structural properties of the graph.
For example, there are 133 subgraphs (connected compo-
nents) in the graph that we constructed from data collected
from 144 reefs. There are 22 isolated nodes (or sites) in
the graph. Because there are fewer connected components
than there are reefs, this information suggests that some



400

800
1200
1600
2000
2400
2800

Distance among sites (m)

1 5

10 15 20 25 30 35

Time difference among observations (day)

Figure 4: Effects of spatial and temporal information on
STZipN predictions. Model predictions are most influenced
by observations made within 15 days and from neighbouring
sites within 1,200 meters. The x-axis represents the tempo-
ral lag (in days) between cull observations, and the y-axis
shows the spatial distance (in meters) between sites.

Model Loss L zMAE zRMSE
Trivial 49.66  37.30 55.07
Spatial 40.86  31.53 48.71
Temporal 39.10 2849 46.35

Spatiotemporal (STZipN)  35.46 24.50 42.73

Table 2: Results of the ablation study. The models Trivial,
Spatial and Temporal refer to modifications of our STZipN
model. For both zMAE and zZRMSE, o = 0.5.

sites learn useful patterns from sites located at other reefs.
These properties are likely common in ecological moni-
toring networks, particularly for pests or species inhabit-
ing fragmented habitats with weakly connected metapopu-
lations. In such cases, GCN-based models offer a powerful
alternative to traditional regression approaches by capturing
complex spatial correlations in sparse and irregular data.

Discussion

STZipN enables improved efficiency of pest management
by leveraging deep learning to process sparse spatiotem-
poral data collected during past control efforts, and using
these predictions to guide future control efforts. Applied to
Crown-of-Thorns Starfish management on the Great Barrier
Reef (Fletcher, Bonin, and Westcott 2020; S. Fletcher and
Westcott 2016; Westcott et al. 2021), our model can serve
as a substitute for the resource-intensive manta-tow surveil-
lance currently used to guide day-to-day operations. Our ap-
proach has superior accuracy and higher detectability than
baseline approaches and manta-tow (Fig. 2 and Fig. S5).
This is critical because it enables better prioritization of high
density sites to deploy control efforts. Our results show that
our model recommendations would lead to ~ 20% more
COTS removed in one year (Fig. 2B), saving more coral and
decreasing the pressure on an already threatened ecosystem.

Once trained, our model can be deployed as a real-time
on-site decision-support tool via a web service (Singh 2021).
Our model does not require additional resources for data

Latitude
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Y% % _7& ‘90 S
Longitude

Figure 5: (A) Site locations marked by proportion of samples
(red gradient) showing the sparsity of observations. (B) A
part of the graph learned by STZipN model over the Lady
Musgrave reef and Fairfax Islands reef showing that a site
learns features from other sites within the same reef as well
as from sites at nearby reefs. An edge colour represents one
individual site’s connectivity.

collection and provides instantaneous abundance estimates.
Like many deep neural networks, our model is not easily
interpretable (Pichler and Hartig 2023). However, our sen-
sitivity analysis and graph structure analysis show how the
model correctly learns the spatiotemporal dependencies ob-
served in COTS populations (Fig. 4). Together, these two
analyses provide transparency about the model’s ecological
realism that can increase trust and understanding.

Our method tackles three key challenges in applied ecol-
ogy — sparse data, zero inflation, and complex spatiotempo-
ral dependencies (Reynolds, Thompson, and Russell 2011;
Caley et al. 1996) - by using STZipN, which is built on spa-
tiotemporal modelling principles that capture sparsity, zero
inflation, and dependence structure. This structure improves
COTS estimates by ~ 13% COTS/day (zZMAE, Table 2).
While we are still in the early stages of understanding the
superior performance of deep learning models in these chal-
lenging contexts, STZipN is naturally designed based on
core principles of spatiotemporal modeling.

Beyond COTS, our approach is generalizable to other
sparsely monitored species including koalas (Dissanayake
et al. 2019) and migratory birds (Munson et al. 2009). While
the model architecture is reusable, the graph and learned pa-
rameters must be adapted to reflect species-specific disper-
sal and habitat use (Yates et al. 2018). Future work could
explore transfer learning to support rapid adaptation across
ecological domains (Pan and Yang 2010).

Our findings contribute a generalizable framework for
species management under data scarcity, especially rele-
vant as ecological management costs continue to outpace
available resources (Diagne et al. 2021). Our model offers
a scalable, low-cost solution for large-scale, spatially dis-
persed species. More broadly, we demonstrate that deep
learning can be effective in conservation even without “big
data” (Chades and Nicol 2016), highlighting a path for-
ward for Al to support urgent biodiversity protection goals
(Tuia et al. 2022; Capinha et al. 2021; Elhamod et al. 2023;
Reynolds et al. 2025).
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