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Abstract
Machine learning (ML) techniques have become crucial enablers of progress in Earth ob-
servation (EO) research by providing data-driven solutions to effectively leverage the large
volumes of available satellite imagery. However, configuring ML pipelines demands sub-
stantial time and expertise, making it challenging to consistently develop robust, high-
performing ML pipelines for EO applications. Automated machine learning (AutoML),
the study of automatic configuration and design of methods and tools for ML systems,
has emerged as a solution to this problem. Key AutoML techniques, such as neural ar-
chitecture search (NAS) and hyperparameter optimisation (HPO), are increasingly applied
to EO-related problems. Developing AutoML for processing EO data is challenging, as
automation removes human interventions and domain knowledge that can ensure the de-
velopment of robust Machine Learning for Earth observation (ML4EO) models for new
applications. While both AutoML and ML for EO (ML4EO) techniques have been widely
studied and reviewed independently, no existing survey provides a systematic overview of
their intersection, including the domain-specific challenges that arise when applying Au-
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toML in an EO context. To address this gap, we present a survey of AutoML4EO through
both data-centric and model-centric perspectives, covering the application of existing Au-
toML systems to EO problems and the design of entirely new systems. Finally, we highlight
specific characteristics of EO data that are relevant to the development and evaluation of
AutoML4EO systems and provide a perspective on challenges that must be addressed to
create the next generation of AutoML4EO systems.
Keywords: AutoML, Neural Architecture Search, Satellite images, Hyperparameter
optimisation, ML4EO, Earth observation, AI for Science

1 Introduction

The growing amount of Earth observation (EO) data gathered by satellites and other remote
sensing technologies necessitates the use of machine learning (ML) to create data-driven
models to automatically process this data. ML models complement established modelling
approaches, such as physics-based models. ML models can address various subtasks in
regression or classification, from predicting missing variables in regions or periods with in-
complete data (e.g., cloud inpainting, Arp et al., 2024) to predicting phenomena without
prior assumptions about the underlying physics (e.g., anomalous ship detection, Kurchaba
et al., 2023; creating land cover maps through pixel-level classification, Li et al., 2021; ap-
plying regression to predict landslide susceptibility, Bruzón et al., 2021; or crop yield, Darra
et al., 2023; and more). However, developing performant ML models requires significant
time and expertise in ML algorithms, evaluation and interpretation of results. Furthermore,
ML for EO (ML4EO) researchers invest considerable efforts in designing ML pipelines for
processing raw EO data that often contains noise and other imperfections. These barriers
impede progress on impactful EO tasks such as greenhouse gas monitoring and disaster
forecasting. To address these challenges, automated machine learning (AutoML, Hutter
et al., 2019; Alcobaça and de Carvalho, 2025; Kim et al., 2022; Zöller and Huber, 2021;
Salehin et al., 2024; Baratchi et al., 2024), a research area focusing on the automatic design
and configuration of ML pipelines, offers a promising approach in solving EO problems, as
it simplifies and accelerates the creation of high-performing ML pipelines. Here, we review
the use of AutoML for Earth observation, surveying nearly 100 works on the topic.

Designing an ML pipeline often involves making design choices regarding components
(e.g., pre-processing or model class) and hyperparameters. For instance, we need to choose
the model type (e.g., a neural network or random forest) and set its hyperparameters (e.g.,
the learning rate of a neural network or the number of features in a split node of a decision
tree). Each new application requires a new pipeline configuration, since no single model
can a priori be assumed to perform best for all possible datasets (Wolpert and Macready,
1997), and the choice of hyperparameters significantly impacts performance on different
datasets (Hutter et al., 2014). Even ML experts often cannot anticipate the performance of a
configuration, due to the dependencies between hyperparameters and the task or data itself.
As a result, manual model design is a time-consuming, nonlinear process primarily guided
by human expertise. It is often also difficult to later explain how a set of hyperparameters
or configurations was chosen, making the process difficult to reproduce. AutoML aims to
address the problems of difficulty, extensive time requirements, and lack of reproducibility
in ML model design and configuration by studying principled, automated procedures for
designing and configuring ML models. AutoML systems find performance-optimised models
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Figure 1: There are three main types of EO data: remote sensing, in situ, and simulated
data. Additionally, reanalysis products are obtained by updating physics models to produce
data that is more similar to observational data (including remote sensing and in situ).

and hyperparameters for a given pipeline using efficient search algorithms, reducing the need
for ML expertise.

When applying ML for EO, the final goal is not necessarily to configure the model with
the best performance in terms of metrics such as accuracy, but rather to understand a
specific domain problem (Reichstein et al., 2019), reflecting the AI for Science paradigm
that emphasises scientific insight over predictive performance. At the core of this issue are
the unique properties of the data and how we can model them with ML. There are three
categories of EO data (Figure 1): (i) remote sensing, (ii) in situ, and (iii) simulated data
(Karpatne et al., 2019; Salcedo-Sanz et al., 2020). Remote sensing data is obtained by
measuring radiation emitted or reflected by an object from a distance, for instance, with
sensors onboard drones, aircraft, satellites, or ground-based measuring stations. in situ
data is collected from weather balloons, planes, ground-based measuring stations, sensors
such as anemometers measuring wind speed and direction, or data collection campaigns for
concentrations of greenhouse gases. These campaigns require collecting samples on location
(e.g., in mangroves) and often processing samples in laboratory settings. Simulated data,
often produced by physical models, are used to improve our understanding of variables and
processes driving observations (e.g., emissions). In ML4EO, simulated data is also used
when remote sensing or in situ data is hard or impossible to obtain, such as problems
related to atmospheric parameters (e.g., emulating atmospheric radiative transfer models,
Vicent Servera et al., 2023). These three data types are sometimes combined to create
harmonised data products such as reanalysis data (e.g., the Copernicus Atmospheric Mon-
itoring Service Reanalysis data, Inness et al., 2015), which is created by running historical
observations (both remote sensing and in situ) through a physics model to fill gaps and
create a consistent resolution.

Automating the design of ML4EO models through AutoML presents new challenges
and concerns by removing human interventions and domain knowledge that are essential
in developing pipelines for new applications that generalise well to deployment conditions,
including class imbalance, bias, and noise. Earth systems and EO data possess unique
characteristics that require the development of specialised models, often guided by domain
knowledge. This expertise is particularly crucial when designing training and evaluation
datasets, which are often not available for new tasks. Domain experts can identify sub-
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groups in the data prone to misclassification and highlight essential features for specific
applications. Given the central role of data quality and characteristics, a significant portion
of the challenges in AutoML4EO, such as feature selection and engineering, can be defined
as data-centric ML problems (Oala et al., 2024; Zha et al., 2025). Furthermore, ML4EO ap-
plications often involve multi-faceted problem statements that require careful integration of
different ML techniques rather than using single out-of-the-box solutions. As a result, many
ML4EO algorithms (e.g., Zhang et al., 2022a,d; Zhang and Ma, 2024; Kurchaba et al., 2023;
Wąsala et al., 2025) target highly specific problems and datasets, as no generally applicable
method has emerged that works across diverse data types and applications. This issue calls
for greater attention to the development of specialised AutoML systems for ML4EO.

A key reason generic AutoML systems are insufficient for EO is that they rest on two
assumptions that frequently fail in practice:

1. The first is that the training signal reliably guides optimisation. In EO, labels are
scarce; may be biased (see, e.g., McGovern et al., 2022, 2024); are potentially spa-
tiotemporally autocorrelated, which can lead to overly optimistic performance esti-
mates if not addressed (see, e.g., Koldasbayeva et al., 2024); and may contain errors
or uncertainty in the labels as a result of inter-labeller disagreement or the presence
of difficult classes, leading to label noise (see, e.g., Hechinger et al. (2025)). Together,
these properties lead to an optimisation gap: the difficulty of reliably identifying
well-performing architectures or configurations in the given search space, and some-
times also at a lower level, the difficulty of learning the intended relationships rather
than spurious correlations that happen to hold within the labelled data (see, e.g.,
Xiong et al., 2022; Wąsala et al., 2026).

2. The second assumption is that optimising a metric on available labelled data is a
reliable proxy for real-world performance. In EO, this evaluation or generalisation
gap is widened by the fact that models are routinely applied to new geographic
regions, seasons, sensors, or time periods not represented in the training data. Class
imbalance, distribution shift between training and deployment conditions, and the
difficulty of capturing generalisation in a single metric can lead even well-optimised
models to fail to perform as expected in deployment.

Addressing both gaps simultaneously remains an open challenge; we discuss strategies for
mitigating these issues in Section 6.

In this paper, we provide an overview of AutoML systems for EO that covers relevant
challenges and opportunities at the intersection of AutoML and ML4EO. Many surveys
have covered relevant ML and EO topics, such as Geospatial Artificial Intelligence (GeoAI)
(Mai et al., 2025; Koldasbayeva et al., 2024; Gao et al., 2023; Rolnick et al., 2022), ML4EO
deep learning (Reichstein et al., 2019; Hoeser and Kuenzer, 2020; Hoeser et al., 2020),
datasets (Han et al., 2023; Affek and Szymański, 2024), data fusion (Salcedo-Sanz et al.,
2020; Ghamisi et al., 2019), data-centric ML4EO (Roscher et al., 2024), responsible ML4EO
(Ghamisi et al., 2024; McGovern et al., 2022, 2024), and explainability (Gevaert, 2022; Höhl
et al., 2024). In parallel, AutoML has been extensively covered in various surveys (see, e.g.,
Hutter et al., 2019; Alcobaça and de Carvalho, 2025; Kim et al., 2022; Zöller and Huber,
2021; Salehin et al., 2024; Baratchi et al., 2024), and following the success of deep learning
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Figure 2: The sections of this survey are arranged chronologically: the background covers
the foundations of AutoML4EO; the heart of the survey covers our classification of Au-
toML4EO research; the final sections provide our perspectives on AutoML4EO.

approaches in computer vision, AutoML researchers have studied the automatic design of
neural networks for dense image tasks (Yusof et al., 2024) and methods for reducing the high
computational complexity of AutoML for deep learning (Heuillet et al., 2024). However,
existing surveys do not comprehensively study AutoML for EO, focusing on either ML4EO
or AutoML, with limited exploration of AutoML applications to spatial data by Wen and
Li (2022). We aim to address this gap by presenting a thorough overview of AutoML4EO,
providing sufficient background for ML researchers in the EO domain and EO scientists
using (Auto)ML to develop next-generation AutoML systems or to effectively select and
calibrate existing systems. Our contributions include the following:

• We provide the necessary background on AutoML and identify critical challenges
affecting the design of AutoML4EO systems.

• We present a taxonomy of AutoML4EO approaches, summarising how AutoML sys-
tems are applied to EO-related problems and categorising the most critical themes in
their design. We further provide information to help select AutoML4EO systems for
specific applications.

• We discuss open challenges in AutoML4EO and present future research directions.

The remainder of this article is structured as follows (see Fig. 2). The components
and types of AutoML systems are covered in Section 2. Our taxonomy of AutoML4EO is
presented in Section 3. We then consider the application of conventional AutoML systems
to EO problems (Section 4), followed by a categorisation of AutoML4EO methods research
(Section 5). Finally, in Section 6, we discuss four research directions for creating next-
generation AutoML4EO systems.
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2 AutoML systems and components

In the following, we give a brief overview of AutoML, covering the background required
for understanding the remainder of this survey. Interested readers are also referred to
previously published, more comprehensive overviews of AutoML (see, e.g., Hutter et al.,
2019; Alcobaça and de Carvalho, 2025; Bischl et al., 2023; Talbi, 2021; Baratchi et al., 2024;
Salmani Pour Avval et al., 2025; Baymurzina et al., 2022; White et al., 2023; Zöller and
Huber, 2021; Kim et al., 2022; Salehin et al., 2024). We describe the main components of
AutoML systems and introduce three types of AutoML systems. Finally, we briefly discuss
automated data preparation.

2.1 AutoML components

AutoML systems consist of three components (Figure 3): (i) a search space S of all relevant
design choices, where each element s ∈ S represents a candidate pipeline or configuration,
(ii) a search strategy for traversing S, and (iii) a performance evaluation strategy that
assigns a performance measure L(s, Dtrain, Dval) to any s ∈ S, given a dataset D split
into training and validation sets Dtrain and Dval. In general, s may encode an algorithm
choice A(j) ∈ A and/or a hyperparameter configuration λ ∈ Λ(j), such that S ⊆ A × Λ,
where Λ = ⋃

j Λ(j). These components enable the automatic creation of a machine learning
pipeline for a given dataset.

2.1.1 Search space

The search space is defined by the set of design choices considered in the context of con-
structing or configuring a machine learning pipeline, such as possible preprocessors, machine
learning models, neural network architectures, and values of hyperparameters that control
specific aspects of these. The search space contains all possible combinations (or configura-
tions) of these design choices, possibly subject to feasibility constraints. The search space
is the most critical component to specify or adjust when adapting AutoML systems to new
application domains or types of data, because it determines the type of ML pipelines that
can be obtained.

A key design tradeoff exists between expressiveness and efficiency: a broader search
space allows more configurations to be explored and can yield novel and potentially better
solutions, but increases the computational cost and makes optimisation harder, making it
more likely to get stuck in a local minimum. Conversely, incorporating prior knowledge
narrows the search space, reducing the computational cost required to search the space, but
potentially excluding better solutions. Most search spaces are heavily inspired by state-
of-the-art manually designed pipelines or architectures in the application domain, leaning
towards narrower or more biased search spaces (White et al., 2023).

2.1.2 Search strategy

The search strategy determines how an AutoML system selects candidate configurations
from the search space for evaluation. AutoML search spaces defined based on state-of-the-
art machine learning models can become extremely large and contain many poor-performing
configurations. As a result, sophisticated search strategies are necessary to efficiently iden-
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tify high-performance configurations. Several search strategies are employed by existing
AutoML systems (see, e.g., Alcobaça and de Carvalho, 2025; Hutter et al., 2019; Zöller
and Huber, 2021; Baratchi et al., 2024; Salehin et al., 2024). Random search samples
configurations uniformly from the search space (Bergstra and Bengio, 2012). This search
strategy is a good option for large, high-dimensional search spaces with cheap evaluations.
Furthermore, random search is a strong baseline against more sophisticated approaches.
Bayesian optimisation builds a surrogate model to predict the performance of previously
unseen configurations and uses an acquisition function to select promising configurations for
evaluation (Falkner et al., 2018; Feurer et al., 2022; Baratchi et al., 2024; Alcobaça and de
Carvalho, 2025; Shahriari et al., 2016; Wang et al., 2023c; Garnett, 2023). It is most effective
when evaluations are expensive, as the surrogate model focuses evaluations on promising
regions; its advantage over random search may diminish in very high-dimensional spaces,
where the surrogate becomes harder to fit reliably (Shahriari et al., 2016). Reinforcement
learning approaches learn a policy to select configurations based on the observed per-
formance evaluations, often by training an additional neural network to learn this policy
(Zoph et al., 2018). Evolutionary algorithms maintain populations of configurations and
create or sample new ones using evolutionary operations, such as crossover and mutation
(Stanley et al., 2019; Olson et al., 2016). These approaches are well-suited to large, com-
plex, or structured search spaces where gradient information is unavailable, but at the cost
of high computational complexity. Gradient-based methods, primarily used in neural
architecture search (NAS), apply continuous relaxation techniques to transform discrete ar-
chitectural hyperparameters into differentiable variables that can be optimised via gradient
descent along with the network weights (Liu et al., 2018). This approach was introduced
in DARTS (Liu et al., 2018), upon which many subsequent NAS systems were built (e.g.,
Chu et al., 2020; Xu et al., 2020), similar to how ResNet (He et al., 2016) has driven many
developments in computer vision.

The computational complexity of a search strategy is influenced by three factors:

1. The first factor is search efficiency: how many evaluations are needed to find high-
quality configurations. For instance, grid search is typically less efficient than random
search, as it requires more evaluations to achieve comparable performance. Evolu-
tionary algorithms are also evaluation-intensive, as population-based methods require
evaluating many candidates per generation over many generations. The search effi-
ciency can be increased by using a warm-starting strategy (see, e.g., Zimmer et al.,
2021), which initialises the search with performance of configurations that worked
well on similar datasets, similar to using pre-trained weights in deep learning. Warm-
starting is closely related to meta-learning (Vanschoren, 2019), which aims to gener-
alise beyond learning from a single dataset, to learn how different datasets are learned.
In the context of HPO, this typically works by maintaining a repository of prior exper-
iments recording which configurations performed well on previous datasets. Similar
datasets are identified via meta-features (i.e., simple dataset properties such as the
number of samples, class imbalance ratio, or feature statistics, Vanschoren, 2019), and
the best-performing configurations from those datasets may be used to initialise the
search on the new task.
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2. The second factor is sampling cost: the overhead of selecting the next candidate config-
uration. For grid and random search this cost is negligible. However, for reinforcement
learning-based search the cost can be substantial, as it involves both training and in-
ference of a separate neural network. Bayesian optimisation lies in between these two
extremes, incurring a moderate sampling cost through fitting and querying a surro-
gate model, though it can make up for this cost by its sampling efficiency (Falkner
et al., 2018). Gradient-based search strategies operate in a different manner: instead
of sampling discrete candidates, they optimise architectural hyperparameters contin-
uously alongside network weights, making each evaluation expensive but reducing the
total number of evaluations needed. However, this comes at a high memory cost that
scales with the size of the search space, and the continuous relaxation can introduce
biases that affect the quality of the final architecture (Liu et al., 2018).

3. The third factor is cost per evaluation, which is largely determined by the performance
evaluation strategy discussed next.

2.1.3 Performance evaluation strategy

The performance evaluation strategy is a procedure that estimates (or predicts) and com-
pares the performance of candidate configurations; the performance values thus obtained
are used by the search strategy to help determine which configurations to sample next.
Key choices include the evaluation metric and the training budget allocated per evaluation,
both of which affect not only the quality of the performance estimate, but also the com-
putational cost of the search. The per-evaluation cost depends largely on the complexity
of components in the search space. For instance, deep neural networks are more expensive
to evaluate than decision trees. In EO, this cost may be further amplified by large image
sizes and high spectral dimensionality (for instance, hyperspectral images may have hun-
dreds of channels). Several strategies exist to reduce this cost. Early stopping terminates
training before convergence if a configuration shows poor promise. More generally, multi-
fidelity methods, such as Hyperband (Li et al., 2017b), evaluate candidate configurations
on reduced budgets (i.e., fewer training iterations, or smaller data subsets) before assigning
more resources to the most promising configurations. At the extreme, zero-cost NAS prox-
ies estimate performance from gradient statistics at initialisation, requiring no training at
all (Salmani Pour Avval et al., 2025).

Another common approach is to use transfer learning, where model weights are initialised
from a backbone pretrained on a large dataset, such as ImageNet (Deng et al., 2009) or
BigEarthNet (Sumbul et al., 2019), rather than training from scratch. Fine-tuning a pre-
trained model on the target dataset typically requires fewer training steps to converge,
directly reducing the cost of each evaluation (see, e.g., Hossen et al., 2025). Foundation
models, and geospatial foundation models in EO (see, e.g., Jakubik et al., 2023; Cong et al.,
2022; Guo et al., 2024) leverage extensive pre-training, often on a combination of datasets,
to create general-purpose models that can be fine-tuned for a variety of tasks. However,
the benefit of transfer learning depends on the similarity between pretraining and target
domains (Wang et al., 2023a).

These cost-reduction strategies involve a tradeoff; cheaper evaluations give less reliable
performance estimates, which risks selecting configurations that do not generalise well to
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Figure 3: AutoML systems consist of three components that interact to create and configure
ML pipelines.

the target task, especially if the configuration is searched on a different dataset than the
target data. This tradeoff is particularly relevant in EO, where the gap between proxy per-
formance and real-world generalisation can be large due to data diversity and the frequency
of extrapolation to unseen conditions.

2.2 Types of AutoML Systems

AutoML systems can be organised according to three problems they are designed to solve:

• Algorithm or model selection: automatically selecting the best model A(j) from
a set of candidate algorithms A = {A(1), . . . , A(N)}, where N is the number of algo-
rithms in S. For instance, choosing between a support vector machine and a random
forest, between two network architectures, or even variants of the same algorithm with
different hyperparameter settings;

• Hyperparameter optimisation (HPO): automatically determining performance-
optimising hyperparameter configuration λ∗ ∈ Λ for a fixed algorithm A, i.e., S = Λ:

λ∗ ∈ arg min
λ∈Λ

L(Aλ, Dtrain, Dval) (1)

• Combined algorithm selection and hyperparameter optimisation (CASH)
(Thornton et al., 2013): simultaneously selecting the best model or algorithm and hy-
perparameter settings, i.e., S = ⋃

j{A(j)} × Λ(j). Formally, let A = {A(1), . . . , A(N)}
be a set of algorithms, where each algorithm A(j) has an associated hyperparame-
ter space Λ(j). Given a dataset D, a validation procedure that yields one or more
train/validation splits {D(i)

train, D(i)
val}K

i=1 (e.g., a single holdout split, K = 1, or K-fold
cross-validation, as in Thornton et al., 2013), and a loss function L, the CASH problem
is to find the algorithm and hyperparameter configuration that minimise the average
validation loss:

A
(j∗)
λ∗ ∈ arg min

A(j)∈A, λ∈Λ(j)

1
K

K∑
i=1

L
(
A

(j)
λ , D(i)

train, D(i)
val

)
(2)
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Broad-spectrum methods tend to address the CASH problem. NAS can be formulated
as an HPO problem, as the search space does not tend to include multiple distinct algo-
rithms, as is the case with broad-spectrum frameworks, but instead consists of architectural
and, sometimes, training hyperparameters. NAS search strategies can be generic HPO al-
gorithms, or specific ones designed to optimise neural network architectures. HPO is not
just used within NAS, but is pervasive in ML, as it has become standard practice to op-
timise ML pipelines with HPO (Bischl et al., 2023; Thornton et al., 2013; Olson et al.,
2016). Consequently, it is not always explicitly described when studies have used HPO
to tune training hyperparameters, making it difficult to systematically cover HPO for EO
in those cases. Here, we focus on broad-spectrum frameworks and NAS, including HPO
algorithms employed as search strategies, in AutoML4EO. We discuss each type of system
and examples of their use for AutoML4EO.

2.2.1 Broad-spectrum frameworks

Broad-spectrum frameworks are AutoML systems that focus on optimising classical ML
models and their hyperparameters by addressing the CASH problem. These frameworks are
convenient to use and require limited ML expertise; the user often only needs to choose the
target performance metric. The search space, search strategy, and evaluation strategy are
often pre-determined, but users can usually exclude pipeline steps (such as pre-processing),
model classes, or hyperparameters from the search space. The search spaces can cover
entire ML pipelines, including data pre-processing, feature selection, model selection, and
hyperparameter optimisation. Table 1 provides examples of some commonly used AutoML
systems in ML4EO research. Most frameworks consider a search space based on algorithms
implemented in existing ML packages, such as scikit-learn (Pedregosa et al., 2011). Some
of these AutoML systems have sparked follow-up work, such as Auto-sklearn (Feurer et al.,
2022), and improve performance by creating ensembles of multiple optimised ML models.

Auto-sklearn (Feurer et al., 2022) uses Bayesian optimisation as a search strategy to
optimise ML pipelines and constructs voting ensembles by greedily selecting previously
evaluated pipelines to improve the total performance of the ensemble, applying the greedy
ensemble selection algorithm as proposed by Caruana et al. (2004). H2O AutoML (LeDell
and Poirier, 2020) uses random search as a search strategy and creates stacking ensembles
(van der Laan et al., 2007; Wolpert, 1992), which consist of a set of base models evaluated in
earlier iterations, and a meta-learner model that learns to combine the predictions from the
base models into a final prediction. AutoGluon (Erickson et al., 2020) constructs ensembles
of base models (which may be tuned individually with a specific search strategy), using a
combination of bagging and stacking ensembling strategies. In contrast to H2O AutoML,
AutoGluon stacks multiple layers, each consisting of multiple models, where each layer takes
as input the original features in addition to the predictions of the previous layer, combining
them to produce a final prediction. TPOT (Olson et al., 2016) does not create ensembles,
but uses genetic programming to evolve tree-structured ML pipelines across generations,
returning a single pipeline that balances predictive performance and complexity. Finally,
FLAML (Wang et al., 2021a) optimises single models without pre-processing or ensembling.

10



AutoML to advance Earth Observation

2.2.2 NAS

In contrast to broad-spectrum frameworks that focus on the configuration of classical ma-
chine learning algorithms, neural architecture search (NAS) methods (see, e.g., Salmani
Pour Avval et al., 2025; Talbi, 2021; Baymurzina et al., 2022; Elsken et al., 2019; White
et al., 2023; Mohan et al., 2023) focus on automatically designing a neural network by opti-
mising architectural hyperparameters such as operations, connections, activation functions,
kernel sizes, filters, and the number of layers. Training hyperparameters, such as the learn-
ing rate, are typically not tuned by NAS approaches, but NAS-designed networks can be
tuned using HPO methods after the search is complete. As a result, NAS is highly related
to HPO. While NAS can be designed for any data or task, image classification with natural
images is the most prevalent task (Mohan et al., 2023).

Search spaces and search strategies. The search space defines the set of architectures
a NAS system can explore, and is typically the component that requires the most domain
knowledge to design (White et al., 2023); the choice of search space largely determines
which search strategies are feasible. We consider three categories of NAS search spaces
(see, e.g., Alcobaça and de Carvalho, 2025; Baratchi et al., 2024; Talbi, 2021; White et al.,
2023; Elsken et al., 2019).

Macro-level search spaces optimise either the full architecture (e.g., the number of
layers and expansion rate patterns) or only high-level design decisions (e.g., how to connect
the layers). These search spaces are common in sample-based approaches (i.e., NAS search
strategies that train and evaluate multiple networks before choosing one, for instance, Jin
et al., 2019; Zimmer et al., 2021; Balaprakash et al., 2018), and are the most expressive type
of search space that are most likely to yield novel architectures, making them well-suited
to tasks where little is known about the optimal architecture. However, they are also the
most computationally expensive and can be difficult to optimise reliably (White et al., 2023).
Macro-level search spaces are often paired with sample-based strategies (e.g., Jin et al., 2019;
Zimmer et al., 2021), which train and evaluate multiple architectures independently and
select the best one. For EO tasks involving relatively new or understudied problems, such
as multi-temporal classification tasks or tasks with limited labelled data, macro search may
be appropriate when sufficient data and computational resources are available to support
the search.

Micro-level or cell-based search spaces optimise a smaller repeated cell structure rather
than the entire network structure, substantially reducing the search cost. This makes them
well-suited to supernet strategies, which train a single network encompassing all design
choices in the search space. Supernet strategies differ in how they navigate the search space
(White et al., 2023): non-differentiable approaches (see, e.g., Cai et al., 2020) use an optimi-
sation algorithm to search for the best sub-network either during or after supernet training,
whereas differentiable approaches (see, e.g., Liu et al., 2018; Cai et al., 2019) optimise ar-
chitecture hyperparameters via gradient descent in tandem with training the supernet. The
final network is obtained by keeping the subnetwork of operations with the highest weights
and discarding the rest. Gradient-based approaches may also over- or underestimate the
performance of the final architecture because the supernet’s weight-sharing during train-
ing does not perfectly reflect how a standalone architecture would perform when trained
independently (White et al., 2023). Given the same search space, supernet approaches are
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less computationally complex than sample-based approaches but require more memory to
contain the supernet. Micro-level search is most appropriate when a reasonable high-level
architecture is already known and the goal is to refine performance further. This type of
search space is therefore well-suited to established EO tasks such as land cover classification
on large standard datasets. A limitation is that micro-level search relies on fixed macro-
level design choices and may generalise poorly to tasks that differ significantly from those
for which the macro structure was designed (Elsken et al., 2019).

Hierarchical search spaces impose a tree-like structure on the search, allowing joint
or sequential optimisation of macro and micro design choices. As a result, hierarchical
search spaces offer architectural diversity similar to macro search spaces, while reducing
the size of the search space through the tree-like structure. However, the optimisation
problem increases in complexity, requiring search strategies capable of handling multi-level
optimisation problems.

Several practical considerations should guide search space design. First, the amount
of labelled data: expressive search spaces require sufficient data for the search strategy to
reliably distinguish good configurations from bad ones, which may be a limiting factor in
EO applications where labelled data are expensive to obtain. Second, for dense prediction
tasks such as semantic segmentation of high resolution imagery, the optimisation gap is
larger than in standard image classification, because architectures and images are larger,
and typically fewer labelled samples are available (Mohan et al., 2023). In practice, this
problem is often addressed by restricting the search to minor design decisions of known
architectures, including training hyperparameters and kernel size or number of filters. In
summary, for well-studied EO tasks with large datasets, NAS challenges are similar to those
in the natural image domain, with the main differences arising at evaluation, which needs
to account for spatiotemporal autocorrelation and differences in class distribution between
the training data and deployment scenarios. For newer, less well-studied tasks, expressive
search spaces (macro and hierarchical) may help discover strong architectures, but are often
not feasible due to limited labelled data, making domain-informed NAS design likely to have
the greatest impact.

NAS frameworks. End-to-end NAS frameworks allow users to automatically design ar-
chitectures for dealing with their data by means of a few lines of code specifying the training
and validation data, and a target metric to optimise (Table 1). They offer pre-defined search
spaces, and allow users to customise the design choices available in the search space, but
rarely natively allow users to switch between types of search spaces. Most NAS frame-
works are defined using macro search spaces. For instance, AutoKeras (Jin et al., 2019) is a
sample-based learning framework built on Keras for regression and classification; it supports
tabular and image data, and offers different search strategies. Auto-PyTorch (Zimmer et al.,
2021) similarly searches macro search spaces, and, in addition to optimising the training
and macro hyperparameters, also uses warm-starting: a fixed set of configurations auto-
matically run at the start of the search to build the surrogate model, which estimates the
performance of a given configuration. This set of configurations is obtained by running a
multi-fidelity Bayesian optimisation search strategy (Falkner et al., 2018) independently on
a set of meta-training benchmark datasets and collecting the best-performing (incumbent)
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configuration from each run and greedily adding configurations to the set if they lead to
performance improvements. This approach is also called meta-learning for model selection.

Though convenient, the customisation possibilities of these approaches are limited, and
changing the search space or search strategy beyond the options implemented in the pack-
ages can require significant software engineering effort (Wąsala et al., 2024). DeepHyper
(Balaprakash et al., 2018) provides a more flexible interface for HPO and NAS in user-
defined macro and micro search spaces, as well as multiple search strategies. When choosing
a NAS approach, practitioners should consider whether the convenience of a pre-defined,
end-to-end framework outweighs the flexibility of implementing a NAS algorithm directly,
the latter offering greater control over the search space, search strategy, and integration
with existing pipelines.

2.3 Automated data preparation

EO pipelines are inherently multi-step and complex. Before any model can be trained,
raw satellite data must typically be integrated across sensors, cleaned of artefacts such
as clouds or missing values, and preprocessed into a form suitable for learning, through
steps such as normalisation, resampling or spatial cropping. In ML4EO, these steps are
rarely trivial and require domain-specific approaches. Mladenovic et al. (2026) organise
data preparation tasks according to four functions: integration, cleaning, preprocessing,
and feature engineering (the last of which is less relevant in deep learning). In ML4EO,
these translate to the common following tasks:

• Integration: Combining multiple datasets into a single tabular dataset, reprocessing
satellite images from multiple sensors to make them more similar1;

• Cleaning: filling missing values (Wąsala et al., 2026), filtering data based on metrics
like quality assurance or cloud cover percentage, masking clouds (Francis et al., 2022),
clipping high values that may be errors;

• Preprocessing: resampling the classes to mitigate class imbalance (Chen et al., 2025)
increasing the resolution with super-resolution approaches, cropping large image tiles
to workable sizes, normalising data, designing data augmentations (Hopkins et al.,
2025) or augmenting with synthetic data (Castro Lopes et al., 2025).

Broad-spectrum AutoML frameworks (Section 2.2.1) automate several simple steps as
part of a unified pipeline, though typically via relatively simple algorithms such as impu-
tation or basic scaling. NAS, in contrast, often assumes that input data has already been
preprocessed; data preparation falls outside of the scope of the architecture search itself.
The precise steps required depend strongly on the specific dataset and task, and EO-specific
challenges such as cloud masking and spatiotemporal partitioning are not straightforwardly
automated.

One preparation step that can be naturally framed as an AutoML problem is automated
data augmentation. The choice and composition of augmentation strategies (e.g., rotations,
flips, or colour transformations) can be treated as a hyperparameter optimisation problem

1. See, e.g., harmonised Landsat and Sentinel-2 data. https://hls.gsfc.nasa.gov/. Last accessed 16 April
2026.
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(see, e.g., AutoAugment Cubuk et al., 2019). Hopkins et al. (2025) proposed an EO-specific
automated data augmentation approach inspired by TrivialAugment (Müller and Hutter,
2021), showing that tailoring augmentation search to satellite imagery outperformed the
standard algorithm on satellite image classification tasks. Beyond augmentation, automat-
ing the broader set of EO preparation steps remains largely unexplored and represents a
promising direction for future work.

3 Taxonomy of AutoML for EO

ML4EO research is often categorised into EO applications (e.g., landslide detection, ship
detection: Gao et al., 2023; Hoeser et al., 2020; Salcedo-Sanz et al., 2020), ML tasks (e.g.,
object detection, segmentation: Hoeser et al., 2020), or research focused on a specific modal-
ity or sensor type of EO data (e.g., optical, radar: Affek and Szymański, 2024; Han et al.,
2023; Ghamisi et al., 2019). Categorisation comes with significant complexity. On the one
hand, categories that are too narrow make it more challenging to draw methodological in-
sights that generalise across applications, datasets, or tasks. On the other hand, categories
that are too broad make it harder to identify specific methodological solutions transferable
to a researcher’s work from a pool of loosely related work. Furthermore, an ML pipeline
developed for operational use in a specific application may have different generalisation
requirements than general-purpose methods developed with benchmark datasets. Finally,
many of these categorisations do not transfer to AutoML4EO, where methods often need
to generalise across applications, datasets, and sometimes even tasks (see, e.g., Wang et al.,
2021b).

We propose a taxonomy of AutoML4EO works (Figure 4) that allows researchers and
practitioners to gain insight into common challenges and problem-solving patterns in Au-
toML4EO. We distinguish AutoML4EO works based on three criteria: (i) the research goal
(predictive analytics or ML methods research), (ii) the problem-solving strategy (model-
or data-centric strategies), and (iii) the problem statement characteristics (groups of meth-
ods to address specific AutoML4EO problems). In the remainder of this section, we will
elaborate on the individual components of our taxonomy.

3.1 Predictive EO analytics with AutoML vs AutoML4EO methods design

EO researchers and domain experts seek to improve predictive EO analysis pipeline results
of a precisely defined study area (e.g., a few croplands or an area susceptible to landslides)
with off-the-shelf AutoML frameworks and techniques (Section 2.2.1). In such studies, the
aim is not to design new techniques, but to realise and quantify performance improvements
with AutoML. On the other hand, many existing studies on AutoML4EO focus solely on
designing new methods (Section 5). AutoML4EO methods research aims to improve results
of larger problem classes, such as “multispectral land cover classification” instead of a
single study area. Using standardised benchmarks, these studies develop new algorithms
to address challenges not covered by existing AutoML systems, such as multi-image data
fusion. AutoML4EO works can fall into both categories; for instance, when an AutoML4EO
pipeline is designed for a specific application group, it can lead to new methodological
insights.

14



AutoML to advance Earth Observation

Predictive analytics Model complementarity

Efficiency

Data fusion

Spatial-spectral attention

Global attention

Model-centricData-centric

ML methods research

Feature selection

Feature engineering

Figure 4: Our taxonomy of AutoML4EO has three levels: the type of research (predictive
analytics vs ML methods research), the problem-solving strategy (data- vs model-centric),
and problem statement characteristics (common methodological challenges, such as feature
selection or feature engineering).

3.2 Data-centric vs model-centric perspective

Data-centric machine learning focuses on addressing dataset-specific properties, while im-
proving performance by creating improved features for a given application (Oala et al.,
2024; Zha et al., 2025). Zha et al. (2025) classify data-centric machine learning techniques
into three categories: improving the training data, inference or evaluation data, and data
maintenance (of training data and operational systems). In deep learning, data-centric tech-
niques go beyond pre-processing, feature engineering, and data partitioning, as neural net-
works automatically extract features from data, blurring the line between data engineering
and model design. Therefore, we expand our definition of data-centric methods to include
methods designed to extract better features using domain knowledge about the data. Many
studies on predictive analytics with AutoML use domain knowledge about the data to select
and craft informative features (Sections 4.1.1 and 4.1.2). Insights about the data can also be
leveraged to design new ML techniques, such as spatial-spectral and global attention (Sec-
tions 5.1.1 and 5.1.2). Other AutoML4EO challenges are more model-centric, emphasising
the development of new ML methods and generally applicable algorithms rather than im-
proving data quality. For instance, improving the computational efficiency of AutoML4EO
frameworks regardless of input data is an algorithmic problem (Section 5.2). Furthermore,
the model-centric perspective leads to new predictive analysis pipelines through algorithmic
advances in combining AutoML frameworks with traditional modelling techniques, such as
physics models (Section 4.2). Real-world ML4EO problems sometimes require solutions
that combine model- and data-centric approaches. Similarly, AutoML4EO methods can
combine components from both perspectives rather than adhering to a single paradigm. In
those cases, we categorise these components separately, with some works discussed across
multiple subsections to address their relevant contributions.
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4 Predictive EO analytics with AutoML

Researchers create data-driven predictive analysis pipelines by applying AutoML frame-
works to EO tasks in domains from soil to atmosphere, examples include: crop yield
prediction (Darra et al., 2023, 2024, 2025; Kheir et al., 2024; Li et al., 2022b; Ramzan
et al., 2023; Lai et al., 2025), landslide susceptibility assessment (Bruzón et al., 2021; Ma
et al., 2023; Tang et al., 2023; Renza et al., 2021), earthquake prediction (Yusof et al.,
2024), weather forecasting (Maulik et al., 2020; Kiedanski et al., 2025), plant phenotyping
(Koh et al., 2021), and many more tasks. We selected published papers that applied Au-
toML frameworks without significant modifications to their search space, search strategy,
or performance evaluation strategy. These approaches focus on developing and improving
prediction pipelines for EO tasks. In the remainder of this section, we discuss how AutoML
can be used to improve predictive EO analysis pipelines using data-centric (Section 4.1)
and model-centric (Section 4.2) techniques.

4.1 AutoML frameworks: tools for data understanding

In ML4EO, training instances are created by transforming EO data into pixels, image
patches, or entire tiles to train ML models. Real-world datasets, which are often small,
are frequently represented as tabular data, where each row corresponds to a single pixel,
while each feature represents a spectral band – specific ranges of wavelengths in the elec-
tromagnetic spectrum. The number of bands depends on the sensor used. Multispectral
imagery captures data in a few broad bands (e.g., 13 in the case of Sentinel-2). Hyper-
spectral imagery, on the other hand, captures data in many contiguous bands (e.g., 224 for
EnMAP). Typically, the more bands, the narrower each of them is, and the more detailed
the spectral information becomes. For classical machine learning-based AutoML frame-
works that lack native image support, pixel data must be converted into a tabular format
(see, e.g., Babaeian et al., 2021; Darra et al., 2023, 2024; Li et al., 2022b; Kheir et al.,
2024). Table 1 lists the most-used frameworks and functionality (a full list showing which
publications use which frameworks is presented in Table 4). This table is not intended as
a comprehensive or current comparison of AutoML frameworks; rather, it summarises the
frameworks as they were used in the EO studies reviewed in this survey; given the pace of
development in AutoML, some details will inevitably have changed since publication. The
list includes broad-spectrum frameworks, simple AutoML functions, and NAS frameworks.
All frameworks support regression, and most support classification, while a few also support
time series. We discuss two ways in which AutoML frameworks improve data understand-
ing in EO: by producing insights into feature importances and by constructing informative
features.

4.1.1 Feature importance & selection

Feature importance quantifies how much each input feature contributes to the predictions
obtained from a given model. Feature importances can serve two purposes: post-hoc anal-
ysis, to understand which data elements are most important for modelling a specific phe-
nomenon, and feature selection during development, to remove noisy features and reduce
overfitting (Li et al., 2017a).
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Framework Year Tasks Im. FS PP MeL Code Last update
H2O AutoML
(LeDell and
Poirier, 2020)

2020 Regression,
classification

✗ ✗ ✓ ✗ Link 15-04-2026

Auto-Sklearn
(Feurer et al.,
2022)

2015 Regression,
classification

✗ ✗ ✓ ✓ Link 18-04-2023

AutoKeras (Jin
et al., 2019)

2018 Regression,
classification

✓ ✗ ✓ ✗ Link 25-11-2025

TPOT (Olson
et al., 2016)

2016 Regression,
classification

✓ ✓ ✓ ✗ Link 11-09-2025

FLAML (Wang
et al., 2021a)

2019 Regression,
classification, time
series forecasting
and classification,
ranking

✗ ✗ ✓ ✗ Link 14-04-2026

AutoGluon-
Tabular &
Timeseries
(Erickson et al.,
2020; Tang et al.,
2024)

2020 Regression,
classification, time
series

✗ ✓ ✓ ✗ Link 19-04-2026

MATLAB
(fitrauto)

2020 Regression ✗ ✗ ✗ ✗ N.A. N.A.

PyCaret (Ali,
2020)

2020 Regression,
classification, time
series forecasting,
anomaly detection,
clustering

✗ ✓ ✓ ✗ Link 06-03-2025

MLBox (Axel de
Romblay, 2019)

2017 Classification,
Regression

✗ ✓ ✓ ✗ Link 25-08-2020

Auto-PyTorch
(Zimmer et al.,
2021)

2021 Regression,
classification, time
series forecasting

✗ ✗ ✓ ✓ Link 23-08-2022

DeepHyper
(Balaprakash
et al., 2018)

2018 Regression,
classification,
forecasting

✓ ✗ ✗ ✗ Link 12-01-2026

Table 1: AutoML frameworks used for EO applications covered in this survey. The ta-
ble shows the year the corresponding work was published, if available, and the year the
framework was made available. The tasks column shows which tasks are supported. New
functionality like support for image data (Im. column) has been added to updated versions
of frameworks (e.g., AutoGluon), but those updated frameworks had not yet been applied
to EO tasks at the time of writing. Feature selection (FS) is the automated selection of
a subset of features to train the ML models. Pre-processing (PP) encompasses filling in
missing values, one-hot encoding, and normalisation. Meta-learning (MeL), refers to the
option of using ensembles of configurations that worked well on other datasets for model
selection. Additionally, the table lists the link to the code repository and the date of the last
update of the repository (as of April 2026). H2O AutoML, Auto-sklearn, TPOT, PyCaret,
AutoGluon-Tabular, FLAML and DeepHyper are still actively maintained.
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H2O AutoML (LeDell and Poirier, 2020), the most-used framework for EO tasks (see,
e.g., Adams et al., 2020; Babaeian et al., 2021; Chen et al., 2023; Kheir et al., 2024; Lee et al.,
2023; Ma et al., 2023; Mangalath Ravindran et al., 2022; Mubarak and Koeshidayatullah,
2023; Naik et al., 2023; Šandera and Štych, 2024; Sun et al., 2021; Zhang et al., 2024; Bod-
ini, 2024; Ngoc Tu et al., 2025) supports feature importance. Other AutoML systems, such
as AutoGluon (Erickson et al., 2020), PyCaret (Ali, 2020), and TPOT (Olson et al., 2016),
also support automated feature selection next to feature importance (see Table 5). Though
convenient, automated feature selection can harm interpretability by obscuring how or why
features are selected. Critically, features important to a subset of the data may be discarded
when the impact on overall accuracy is small, potentially causing misclassification of sub-
groups and introducing model bias that emerges only during subset analysis. To address
these interpretability concerns, practitioners often prefer a semi-automated approach.

One such approach involves running AutoML frameworks on different feature sets to
identify essential features for specific EO-related problems, a procedure analogous to grid
search applied to input data rather than hyperparameters (César de Sá et al., 2022). This
allows users to examine performance across different feature combinations and decide which
features to retain. For instance, comparing Auto-sklearn performance across different fea-
ture sets has been used in various studies as an easy-to-obtain proxy for feature importance
(Li et al., 2022b; Darra et al., 2024, 2025; Bodini, 2024; Wang et al., 2024b). However, this
approach still does not address the subgroup bias problem, as subgroups cannot be specified
in current AutoML frameworks.

Beyond the subgroup performance issue, there is a broader challenge in interpreting
feature importances and AutoML-designed pipelines, related to the evaluation gap. The
features and pipeline components selected by AutoML frameworks reflect predictive util-
ity for a specific dataset, but not necessarily a physical or causal association. Multiple
factors can distort feature importances: small datasets can lead to overfitting, spurious
correlations can become learning shortcuts for ML models, and sampling biases can mis-
represent the underlying task. Additionally, algorithmic bias can amplify focus on specific
features over others, particularly in the presence of class imbalance, which is prevalent
in many EO problems, such as those related to anomaly detection (see, e.g., McGovern
et al., 2024). Previous work in explainable AI (xAI) demonstrates a human tendency to
over-interpret numerical explanations, even when there is a lack of full understanding of
what these mean (Ehsan et al., 2024). Therefore, data-driven explanations should serve
as exploratory starting points requiring validation through domain knowledge and physical
understanding, rather than definitive conclusions about causal structures.

4.1.2 Constructing informative features

Feature engineering is the process of combining or processing raw input features to improve
the final ML model. Feature engineering can reduce noise by combining correlated features,
for instance, using domain knowledge about a downstream task. Despite the success of end-
to-end deep learning approaches, feature engineering remains useful when limited access to
labelled data causes deep neural networks to overfit. The feature engineering functions
utilised in AutoML frameworks are often based on operations such as principal component
analysis (PCA), which obscure the contributions of individual input features (Figure 5).
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Figure 5: There is a tradeoff between interpretability and performance in feature engineer-
ing. Automatic feature extraction algorithms such as principal component analysis (prin-
cipal components PC1 and PC2 on the left) can improve class separation and algorithm
performance in tasks such as land cover classification (César de Sá et al., 2022), but obscure
which original bands drive class differences. In contrast, spectral signatures (right) reveal
interpretable patterns that directly link to physical properties: ice shows high reflectance
in the visible spectrum, dropping sharply in the near infrared (NIR); vegetation has high
NIR but low visible and short-wave infrared (SWIR) reflectance; and water maintains con-
sistently low reflectance across all wavelengths. These interpretable patterns identify which
satellite bands are most discriminative, enabling domain insights that automated feature
extraction cannot provide.
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Many EO practitioners therefore prefer other, more transparent alternatives, such as mean-
ingful combinations of spectral features, such as vegetation indices. Vegetation indices are
ratios of bands that help visually monitor variables such as vegetation health in multispec-
tral data and serve as proxies for the joint spectral contributions of bands to a task. Darra
et al. (2024) and Lai et al. (2025) further included temporal information by defining features
combining vegetation indices from multiple timestamps to improve predictions in two land
cover tracking tasks. Das et al. (2025) extracted features from satellite image time series
using a recurrent neural network (RNN) with long short-term memory (LSTM) modules to
model soil carbon with H2O and PyCaret. While most practitioners use domain knowledge
to manually select band combinations (Babaeian et al., 2021; Darra et al., 2023, 2024, 2025;
Li et al., 2022b; Kheir et al., 2024; Lai et al., 2025), AutoML systems can be leveraged to
construct such spectral features. For instance, Naik et al. (2023) selected bands and func-
tions to combine them using a tree-structured Parzen estimator (TPE). Darra et al. (2025)
reported that features extracted using feature engineering algorithms such as PCA, which
is available in many AutoML systems, can yield more accurate predictions than vegetation-
index-based features for tomato yield prediction, suggesting a tradeoff between performance
and interpretability. To satisfy the need for both high performance and interpretability in
EO applications, AutoML systems need to include feature engineering algorithms that are
similarly traceable to the input as vegetation indices are.

4.2 Model-centric AutoML in EO: limitations and complementarity

While many EO problems can be approached as regression or classification using AutoML
tools, standard AutoML tools may not support configuring the most powerful models. For
instance, Arp et al. (2024) applied Auto-sklearn to cloud inpainting by reframing it as a
pixel-wise temporal autoregressive problem, using a cloud-free image from a different times-
tamp as input alongside the cloudy image to predict missing pixel values. The authors
showed that more specialised algorithms are needed to capture spatial as well as temporal
relationships, while implementing a regression model based on these strategies is not pos-
sible with an off-the-shelf AutoML tool since the number of neighbouring pixels available
as features varies per sample depending on local cloud cover, violating the fixed-width fea-
ture matrix assumed by standard regression frameworks. Without spatial neighbourhood
information, the AutoML-created regressors converged to predict the mean of the input
features, a statistically reasonable outcome given the inconsistent relationship between the
cloudy and cloud-free inputs, but one that yielded physically unrealistic reconstructions of
cloud-covered areas. They proposed an algorithm for interpolating values through value
propagation and showed how the hyperparameters of the algorithm can be tuned to make
the algorithm self-adaptive to any scene. Their analysis further showed the complementarity
of the AutoML-configured model and the specialised spatial interpolation method.

Chen et al. (2023) faced related challenges when applying H2O AutoML to geoscien-
tific model ensembling for mapping global soil water retention parameters and estimating
evapotranspiration. AutoML-generated models alone violated physical conservation laws,
leading to unreliable results when extrapolating beyond the training distribution, which dis-
plays a clear instance of the evaluation gap, where in-distribution metric performance was
not predictive of out-of-distribution results. They proposed to address the problem by re-
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framing the role of AutoML: rather than predicting geophysical variables directly, AutoML
was used to learn per-instance ensemble weights over a portfolio of physics models, each
of which individually respects physical constraints. This approach yielded more accurate
and physically consistent predictions, though it struggled with uneven data availability and
other challenges associated with the employed physics models (Chen et al., 2023). Together,
these examples suggest that generic AutoML systems tend to fail in EO tasks that require
extrapolation because they optimise for in-distribution metric performance without any
mechanism to enforce the structural or physical relationships that govern EO data. This
behaviour is to be expected, as the problem is inherent to ML models in general and not
only specific to generic AutoML models. However, it does reflect general requirements of EO
applications that are not met by standard (Auto)ML systems alone. Therefore, rather than
replacing domain knowledge, AutoML may be most effective for EO applications requiring
extrapolation when combined with EO approaches where domain knowledge is explicitly
encoded.

5 AutoML4EO methods research

We now turn to the second research goal in AutoML4EO: developing general methods with
a broader scope than predictive analysis pipelines. Although AutoML frameworks are used
to improve many predictive EO analytics pipelines, these frameworks still fail to address
the requirements of image-based EO tasks, which involve spatial processing and complex
data structures beyond traditional tabular prediction. Tabular frameworks such as Auto-
sklearn (Feurer et al., 2022) and H2O AutoML (LeDell and Poirier, 2020) do not conserve
spatial information from the images. NAS frameworks such as AutoKeras (Jin et al., 2019)
and Auto-PyTorch (Zimmer et al., 2021) do not directly support common ML4EO tasks
like object detection and segmentation, and are not designed to deal with heterogeneous
data obtained from different sensors or stored in different formats. AutoML4EO methods
research addresses these gaps, either by extending existing frameworks (Palacios Salinas
et al., 2021; Wąsala et al., 2024) or by proposing new algorithms (see, e.g., Chen et al.,
2019b; Zhang et al., 2022a; Li et al., 2022c), focusing on deep learning (Section 2.2.2).
Neural networks are a natural choice for ML4EO because their flexible design theoretically
allows for processing any data format. While AutoML for neural networks is not just
restricted to NAS, HPO of training parameters has become best practice in deep learning,
and is often not positioned prominently in the corresponding papers. Therefore, we focus
on NAS algorithms proposed for or adapted to EO, organised in three data-centric and
one model-centric research themes, and conclude with an analysis of the search spaces and
search strategies used by the proposed NAS algorithms. Figure 6 shows the architectural
components associated with each research theme.

5.1 Using data understanding to design AutoML4EO

Feature engineering tends to be primarily presented as a pre-processing task. However,
in neural networks, a significant part — if not all — of feature extraction takes place
inside the model. As a result, incorporating domain knowledge of the data in the search
space of NAS can yield significant performance improvements. We discuss three data-
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Figure 6: Much of AutoML4EO research revolves around four themes: three data-centric
research directions (spectral attention, global attention, and data fusion) that use knowledge
about EO data to design new architectural components, and one model-centric research
theme on improving computational efficiency.

centric AutoML4EO research themes: incorporation of spectral attention, modelling global
features, and multimodal data fusion.

5.1.1 Spatial-spectral attention

Spatial attention modules have long been used in natural image recognition tasks to help the
model focus on the most important spatial features. In EO problems, spectral features can
also be of high importance. For instance, in hyperspectral land cover classification, land
classes can be differentiated based on spectral features alone, as has been shown in sev-
eral studies applying broad-spectrum frameworks to land use/land cover (LULC) problems,
where each training instance comprises the different bands of a single pixel, and spatial
information is lost (Azedou et al., 2023; Adams et al., 2020; Zhang et al., 2021). Therefore,
many AutoML4EO papers combine spatial and spectral attention and focus on designing or
incorporating these modules into deep learning architectures. Zhang et al. (2022a) proposed
3-D-ANAS: a hierarchical NAS for LULC that incorporates spatial and spectral informa-
tion. They introduced a new decomposed convolution that treats the spectral and spatial
dimensions separately. Xue et al. (2022b), Zhong et al. (2022) and Shen et al. (2022) ex-
tended 3-D-ANAS with spatial and spectral attention blocks to improve the spatial and
spectral features extracted by the decomposed convolution. Combining spatial and spectral
feature extraction techniques can lead to more discriminative features. AutoML4EO stud-
ies in predictive analytics suggest that, beyond spectral information, including temporal
information can further improve downstream performance. Still, satellite image time series
and their temporal information remain relatively underexplored in AutoML4EO.

5.1.2 Global attention

In EO images, the global features provide context about the background or region, though
they may lead to bias (e.g., geographic bias, where the model performs better in some
geographic areas than others) if the context is not relevant to the task. The background
provides context on the surroundings, for instance, whether the pictured area is from a
coastal or desert region. Global context in CNNs can be extracted by increasing the re-
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ceptive field, for example, by increasing the number of convolutional layers or by using
dilated convolutions (Luo et al., 2016). Chen et al. (2022) and Wang et al. (2021b) in-
cluded dilated convolutions in their NAS search space and found that they are selected
more often in final networks than standard convolutions. Zhang and Ma (2024) also found
that increasing kernel sizes and using dilated convolutions help extract global features and
contextual information that distinguishes true garbage dump sites from lookalikes. Another
approach is to use multi-scale feature fusion, where features from different depths in the
network are merged and used for the final prediction (Shen et al., 2022). A third strategy
is to use transformers to capture long-range spatial dependencies in satellite data (Naseer
et al., 2021); for instance, Xue et al. (2022a) improved LULC performance by adding a
transformer module to the 3-D-ANAS (Zhang et al., 2022a) classification head to model the
global features, while Zhong et al. (2022) opted for a full transformer-based search space.

5.1.3 Data fusion

Features extracted from additional data sources can improve performance in many EO tasks.
Combining data from different sources in a single deep learning pipeline to improve the
quality of model predictions is also called data fusion. Data fusion leverages complementary
information in the fused data sources to extract features that are more informative than
features extracted from a single data source. Data fusion is connected to representation
learning, as the biggest challenge lies in obtaining a joint representation of the heterogeneous
input data with the correct information for a downstream task. Deep-learning-based data
fusion in EO mainly focuses on fusing two data sources, such as optical data with SAR
or hyperspectral data with LiDAR (Li et al., 2022a). Fusing more data sources can lead
to performance gains (Hu et al., 2023), but these usually come at the cost of increased
computational complexity.

AutoML4EO data fusion aims to find the optimal strategy to fuse the multimodal fea-
tures, focusing on the design of the fusion module. Simple fusion strategies, such as concate-
nation or addition, may lead to information loss or inefficient representations that create
a larger set of features rather than a joint representation mixing features from the in-
put modalities. However, approaches to obtain representative joint representations require
considerably more effort and domain knowledge to design (e.g., about how data sources
complement each other), and it may not yet be possible to fully automate these procedures.

Li et al. (2021) presented a NAS approach for SAR-optical data fusion that only opti-
mises module architecture, fusing the multimodal features and fixing the rest of the architec-
ture for land cover classification. In later work on SAR-optical fusion, Li et al. (2022c) and
Feng et al. (2025) introduced a NAS approach for data fusion in which each input modality
is processed by a separate network branch. These modality branches are optimised inde-
pendently to extract features specific to their respective modalities. Zhang et al. (2022d)
proposed AutoMF for multimodal weather forecasting. They use hierarchical search to opti-
mise the architecture on multiple levels – first, on the sub-network level, fusing temperature,
humidity, wind, precipitation, and terrain type, and then at the level of the spatio-temporal
sub-network, using fused features to produce weather forecasts.

Wąsala et al. (2025) extended the multi-branch idea to data fusion of any number of
modalities with AutoMergeNet, which automatically generates multi-branch networks for
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data fusion and optimises three key architectural hyperparameters: the backbone, the depth
at which multimodal features are fused, and the fusion strategy. Applied to methane plume
detection, AutoMergeNet revealed two concrete instances of the limitations introduced in
Section 1. First, despite the search space being well-matched to the problem structure,
the network struggled to learn the natural hierarchy between the primary and auxiliary
modalities during training, leading to visually empty images sometimes being misclassified
as plumes because the auxiliary data layers contributed too strongly to the predictions.
This was addressed by adding a unimodal classifier, which exclusively used the primary
modality, thus explicitly enforcing the hierarchy. This problem can be framed as part
of the optimisation gap: even when the architecture is reasonable, heterogeneous data
with complex inter-modal relationships can produce a training signal that is too weak or
inconsistent for search and training to reliably converge on well-performing fusion strategies
without additional structural constraints. Unlike unimodal tasks where the training signal
more directly reflects feature quality, multimodal fusion introduces ambiguity about which
modality contributes what information and at which level, making it harder for the search to
distinguish informative architectures from ones that happen to perform well on the available
data.

5.2 Model-centric AutoML4EO via search and model efficiency

Not all AutoML4EO challenges can be solved by integrating domain knowledge about the
data; some challenges are independent of unique data characteristics and require a model-
centric approach. Improving the search and model efficiency is an important theme in
AutoML4EO. The computational demands of AutoML methods vary considerably. The
user-defined runtime of broad-spectrum frameworks typically ranges from minutes to hours
for the EO applications discussed in Section 4, likely scaling with dataset size, though this is
not reported explicitly. TPOT (Olson et al., 2016) is a notable exception: its evolutionary
search strategy (see Section 2.1.2) is evaluation-intensive by design, and reported runtimes
sometimes exceed 70 hours on tabular EO data (Choi et al., 2025; Kiala et al., 2020).
Once NAS is introduced, and especially when moving to image data, compute times grow
substantially, ranging from several GPU hours to multiple GPU days. The majority of
NAS approaches surveyed here are based on DARTS (Liu et al., 2018), which uses gradient-
based search and is generally more efficient than earlier methods. This stands in contrast
to NASNet (Zoph et al., 2018), which relies on reinforcement learning-based search and
required 2000 GPU hours: an order of magnitude higher in computational cost, largely due
to the cost associated with its search strategy.

These moderate computational requirements may reflect the reality that most Au-
toML4EO research is developed under constrained compute budgets, often runnable on a
single workstation with a single GPU. Nevertheless, computational cost remains a practical
concern. AutoML4EO often further increases the computational demands of NAS methods.
First, satellite images can be large (for instance, when the spatial or spectral resolution is
high, or when large images need to be used in order to provide sufficient contextual infor-
mation for accurate classification). Second, tasks such as segmentation and object detection
are among the more computationally heavy ML tasks because networks for these tasks are
large, use large amounts of memory, and need more epochs to converge than image clas-
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sification networks (Mohan et al., 2023). When many experiments are needed, e.g., for
hyperparameter importance analysis, cross-dataset validation, or ablation studies, per-run
costs may accumulate quickly. Precisely attributing runtime differences to specific causes
(e.g., dataset size, image dimensions, size of search space, search strategy, or stopping crite-
rion) is difficult in practice, because the surveyed works vary substantially in experimental
design and do not always include ablations or comparisons to the original unmodified algo-
rithms. This makes computational efficiency a hard dimension to evaluate systematically,
and a valuable direction for future work. Here, we discuss how AutoML4EO researchers
have addressed the computational complexity through more efficient search procedures and
lightweight architectures.

Efficient NAS. One-shot NAS approaches tend to be more computationally efficient than
sample-based ones (Section 2.2.2). As a result, many NAS for EO approaches combine a
gradient-based search strategy with a cell-based search space. However, keeping the full
supernet in memory results in high memory consumption (Liu et al., 2018). Zhang et al.
(2022b) and Jing et al. (2020) reduced the memory consumption of DARTS in ship detection
and satellite image classification, respectively, by following PC-DARTS (Xu et al., 2020) in
taking a random sample of the feature maps at each layer instead of calculating gradients
based on the full set of feature maps.

In LULC, Wang et al. (2022b) applied progressive searching to decouple the search into
multiple phases, fixing the best hyperparameters found in previous stages and optimising
a new set at each stage. This strategy reduces the memory consumption during the search
because not all hyperparameter value paths have to be kept in memory simultaneously.
Xue et al. (2022a) used network path pruning to remove architecture choices with bad
performance in SAR-based height estimation from the search space and path binarisation
(as introduced by Cai et al., 2019) during the search to reduce memory consumption by
decreasing the number of bits needed to store the network. Furthermore, they employ
gradient-based search using the differentiable architecture sampler (GDAS), which sub-
samples the supernet during the search using gradient descent to reduce search complexity
(Dong and Yang, 2019a).

Another strategy is to reduce the number of operations in the search space to limit
memory consumption (Zhang et al., 2020). Finally, while generalised NAS approaches tend
to focus on optimising full network architectures (see, e.g., Liu et al., 2018), the size of the
search space, and therefore, the computational complexity of the search can be severely
reduced by fixing most of the architecture and optimising only a few critical layers, such as
the classification head or fusion modules in data fusion.

Efficient architectures. Edge computing — running ML algorithms on satellites — can
avoid expensive downlinking of cloudy images (Giuffrida et al., 2022). However, the cost of
sending hardware to space and the dependence on solar power for their energy supply limit
the in-orbit computational power of satellites. Furthermore, the process can result in the loss
of valuable data. NAS can address this problem by designing neural networks to optimise
accuracy and minimise the number of parameters, and thus to reduce inference cost using
multi-objective optimisation. Du et al. (2023) and Ao et al. (2023) used multi-objective
optimisation to minimise the number of parameters in the creation of deep learning models
for edge computing. Traore et al. (2021) used transformable architecture search (TAS) to
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Search space Methods
Single module Wang et al., 2023b; Li et al., 2021, 2020
Macro Dong et al., 2020; Polonskaia et al., 2021; Han et al., 2022; Xue et al.,

2022a; de Paulo et al., 2022; Peng et al., 2023; Wąsala et al., 2025
Micro Du et al., 2023; Chen et al., 2021; Broni-Bediako et al., 2022; Chen et al.,

2022; Xiao et al., 2024; Zhang et al., 2020; Gudzius et al., 2023; Zhang
et al., 2022e; Wang et al., 2022a; Chen et al., 2019b; Traore et al., 2021;
Peng et al., 2021; Shen et al., 2022; Li et al., 2022c; Wan et al., 2022;
Liu et al., 2021a,b; Chen et al., 2019a

Hierarchical Wang et al., 2024a; Zhang et al., 2022c; Wang et al., 2021b; Zhong et al.,
2022; Zhang et al., 2022a; Ao et al., 2023; Wang et al., 2022b; Zhang
et al., 2022d, 2023

Table 2: Types of search spaces used in AutoML4EO design.

optimise the size of a given network (Dong and Yang, 2019b), which leads to significantly
smaller architectures than the baselines while maintaining comparable performance. Liang
et al. (2020) reduced the number of parameters of the final aerial image classification network
by pruning candidate networks during the search. Finally, Zhu et al. (2022) reduced the
number of network parameters by converting floating-point convolutional layers to binary
convolutions when decoding the best network from the supernet.

5.3 Optimisation gap in AutoML4EO

While the preceding sections reviewed AutoML4EO methods along data- and model-centric
axes, examining them through the lens of the search space and strategy taxonomy intro-
duced in Section 2.2.2 reveals additional patterns. Rather than designing full networks from
scratch, AutoML4EO methods cover a broad spectrum, from approaches that optimise a
single module, such as a feature pyramid network (FPN) (Lin et al., 2017) or a data fu-
sion module (Wang et al., 2023b; Li et al., 2021, 2020), to approaches that jointly optimise
macro- and micro-level design choices in hierarchical search spaces (see Table 2).

Despite the expressiveness of macro and hierarchical search spaces, the majority of
AutoML4EO works covered in this survey use cell-based search spaces, commonly with
differentiable search strategies such as DARTS (see, e.g., Du et al., 2023; Chen et al., 2022;
Xiao et al., 2024; Zhang et al., 2020; Gudzius et al., 2023; Zhang et al., 2022e; Wang et al.,
2022a; Chen et al., 2019b; Traore et al., 2021; Li et al., 2022c; Peng et al., 2021; Shen
et al., 2022). In practice, some works further relax the constraint that every cell must be
identical (de Paulo et al., 2022; Peng et al., 2023), yielding search spaces that are somewhat
more expressive than canonical micro-level search, but still far from the full architectural
diversity that macro or hierarchical search spaces would allow. This pattern of constraining
the optimisation problem is further reinforced by the use of pre-trained weights: several
works initialise the search from pre-trained blocks obtained from satellite image datasets
(Palacios Salinas et al., 2021; Wąsala et al., 2024). This goes a step beyond the practice
noted in Section 2.2.2 of restricting the search spaces of NAS for dense image tasks to
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minor design decisions of known architectures by embedding prior knowledge directly into
the initialisation. Furthermore, even when hierarchical search spaces are employed, the
available design choices are often constrained, particularly in the macro layer, with some
as simple as choosing between a few types of blocks (Zhang et al., 2022a; Zhong et al.,
2022). Other works, such as LoveNAS (Wang et al., 2024a), apply their hierarchical NAS
algorithm only to a section of the network, while fixing the rest. Together, these choices
reflect the data and compute constraints inherent to EO applications, which can make it
more difficult to effectively search large and complex search spaces for truly novel solutions.
As a result, many AutoML4EO algorithms do not step far beyond fine-tuning networks
within established architectural families such as ResNet or U-Net, yielding better predictive
pipelines but possibly not significantly advancing the field.

Current AutoML4EO works mostly focus on the design of the search space, which makes
sense, because this is where domain knowledge of a problem can be most directly encoded,
for instance by incorporating task-appropriate backbones or data fusion modules. Yet, the
works surveyed also employ a wide variety of search strategies beyond DARTS, including
random search (Chen et al., 2021; Broni-Bediako et al., 2022), evolutionary algorithms (Wan
et al., 2022), particle swarm optimisation (Liu et al., 2021b), and weight-based mini-batch
updates (Liu et al., 2021a). It is difficult to draw conclusions from this diversity, however,
because any modifications to search strategies are minor, and the resulting search strategies
are not shown to be effective in exploring more expressive search spaces that could lead to
novel architectures. Therefore, there appears to be a gap between the complexity of the EO
problems researchers and domain experts are interested in solving, and the complexity of
the optimisation problems current AutoML systems are able to solve (i.e., the optimisation
gap introduced in Section 1). Addressing this gap is key to creating AutoML4EO systems
that can discover novel architectures for new or understudied applications.

6 Outlook

In this paper, we analysed how AutoML frameworks enhance EO task performance and
surveyed a large body of research on the design of AutoML4EO algorithms (Appendix
A). Much of AutoML4EO focuses on data-centric techniques, such as feature selection,
with relatively little attention to more model-centric approaches, such as leveraging the
complementarity between AutoML and physics models. In this section, we present four key
challenges in advancing AutoML4EO frameworks: evaluation gap, standardised evaluation
protocols, interpretability in the context of bias, and learning from unlabelled data. We
discuss research opportunities to address each challenge.

6.1 Integrate best practices from the geospatial domain to address the
evaluation gap

Current AutoML4EO systems face significant challenges in evaluation, which may harm
replicability (Kapoor et al., 2024) and the resulting pipeline’s ability to generalise to pre-
viously unseen data. These systems adapt empirical design practices from traditional ML
research, which typically ignores practices specific to geospatial data. However, AutoML
systems rely on accurate performance estimates to guide the search for good models, hyper-
parameters, and pipeline configurations. As a result, when the evaluation strategy is flawed,
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Section Perspective Tasks References
4.1.1 Feature selec-
tion

Data LULC Crop yield
prediction,
landslide
susceptibility
mapping, reservoir
characterisation,
estimating
biophysical
parameters,
weather
forecasting, cloud
detection

Bai et al., 2022; Bodini, 2024; Babaeian
et al., 2021; Bruzón et al., 2021;
César de Sá et al., 2022; Darra et al.,
2024, 2025, 2023; Kasimati et al., 2022;
Kheir et al., 2024; Kiala et al., 2020;
Kiedanski et al., 2025; Lai et al., 2025;
Lee et al., 2023, 2024; Li et al., 2022b;
Liu et al., 2025; Ma et al., 2023; Man-
galath Ravindran et al., 2022; Mubarak
and Koeshidayatullah, 2023; Paluba
et al., 2025; Renza et al., 2021; Šan-
dera and Štych, 2024; Singh et al., 2021;
Sun et al., 2021; Tang et al., 2023; Xia
et al., 2023; Zhang et al., 2021, 2025,
2024; Zheng et al., 2023; Su et al., 2024;
Liang et al., 2024

4.1.2 Feature engi-
neering

Data Crop yield
prediction,
anomalous ship
detection, weather
forecasting

Naik et al., 2023; Darra et al., 2024;
Lai et al., 2025; Kurchaba et al., 2023;
Maulik et al., 2020

4.2 Model comple-
mentarity

Model Cloud inpainting,
mapping soil
parameters

Arp et al., 2024; Chen et al., 2023

5.2 Efficiency Model LULC, ship
detection, image
classification

Zhang et al., 2022b; Jing et al., 2020;
Wang et al., 2022b; Xue et al., 2022a;
Zhang et al., 2020; Ju et al., 2025; Ao
et al., 2023; Traore et al., 2021; Liang
et al., 2020; Zhu et al., 2022

5.1.1 Spatial-
spectral attention

Data LULC Zhang et al., 2022a; Xue et al., 2022b;
Zhong et al., 2022; Shen et al., 2022

5.1.2 Global atten-
tion

Data LULC, Height
estimation, image
classification

Chen et al., 2022; Wang et al., 2021b;
Zhang and Ma, 2024; Shen et al., 2022;
Zhang et al., 2022a; Xue et al., 2022b;
Zhong et al., 2022

5.1.3 Data fusion Data LULC,
Atmospheric plume
detection, Weather
forecasting

Wąsala et al., 2025; Li et al., 2021,
2022c; Feng et al., 2025; Zhang et al.,
2022d

Table 3: Categorisation of AutoML4EO summarising the EO tasks and showing the number
of references in each category (Section 3). Feature selection literature is the best represented,
while few works explore the complementarity between AutoML and physics models. All
works in the spatial-spectral attention section exclusively focus on land use and land cover
(LULC) classification, suggesting spatial-spectral features are especially useful for this task.
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promising configurations may be wrongly discarded during search. Geospatial best practices
(Maxwell et al., 2021a,b, 2022; Li et al., 2024; Koldasbayeva et al., 2024; Jemeljanova et al.,
2024; Kedron et al., 2021) emphasise avoiding information leakage from training to testing
data (see, e.g., Kapoor and Narayanan, 2023) in the empirical design to obtain accurate
and generalisable performance estimates. Biases in ML4EO data, such as spatiotemporal
autocorrelation, can lead to overestimated performance if not accounted for in the evalu-
ation, an issue raised or confirmed in many studies (Li et al., 2024; Koldasbayeva et al.,
2024; Maxwell et al., 2021b, 2022; Jemeljanova et al., 2024; Roberts et al., 2017; Karasiak
et al., 2022; Oliveira et al., 2021). Despite these known issues, many AutoML4EO systems
do not fully consider these factors in their evaluation strategies. We discuss two opportu-
nities to mitigate the effects of data leakage at two stages of AutoML4EO: implementing
spatiotemporal data partitioning schemes during search and evaluating final pipelines on
use case applications.

Opportunity: Spatiotemporal cross-validation
It is common practice in ML to split labelled datasets into training, validation, and
testing partitions, using stratified sampling to ensure equal class distributions in
each partition. Geospatial data presents additional challenges in creating such par-
titions due to spatiotemporal autocorrelation, where nearby pixels in space or time
tend to share similar characteristics. When not addressed properly, spatiotempo-
ral autocorrelation can lead to high correlation between the training and testing
partitions. Studies found a performance discrepancy of as much as 40% between
random and spatial or block sampling, showing that randomly partitioning data
can severely overestimate performance on testing data (Roberts et al., 2017; Kedron
et al., 2021; Traore et al., 2021). As a result, AutoML frameworks may select and
configure models based on bloated performance metrics if spatiotemporal autocorre-
lation is not addressed. The impact of cross-validation strategies on AutoML pipeline
performance remains underexplored in AutoML4EO. Implementing spatiotemporal
cross-validation could be a low-hanging fruit for creating more robust pipelines, par-
ticularly for small datasets highly susceptible to spatiotemporal autocorrelation (as
often encountered in predictive analytics, Section 4). Comparing results across dif-
ferent data partitioning schemes can also reveal the sensitivity of an AutoML4EO
system to variations in given training data.

Opportunity: Real-world applications to diagnose data leakage
Leakage can also occur when the distribution of the labelled testing set significantly
differs from that of the target population or the data to which the model would
be applied in practice (Kapoor and Narayanan, 2023). When creating class-balanced
data partitions to address class-imbalanced problems, a new problem can easily arise:
a mismatch between the class distribution in the testing data and data encountered
in operational scenarios. ML4EO works address this problem with real-world appli-
cations, but these analyses require significant domain expertise and are hard, if not
impossible, to automate (see, e.g., Tang et al., 2023; Li et al., 2022b). Real-world
application analyses differ from testing set evaluation, as they typically involve un-
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labelled regions and larger geographic scales. While time-intensive, these analyses
provide crucial insights into model generalisation for practical applications. Estab-
lishing real-world applications as standard practice in AutoML4EO will require col-
laboration between AutoML researchers and domain experts, since domain expertise
is necessary to conduct meaningful analyses of unlabelled regions.

6.2 Standardised evaluation with benchmark datasets

Standardised evaluation is the cornerstone of ML methods research. However, establishing
consistent evaluation in AutoML4EO presents unique challenges due to the sheer diver-
sity of EO tasks and datasets. This fragmentation makes it difficult to fairly compare
AutoML4EO algorithms and measure improvements in the ML pipelines thus obtained. A
critical component of this evaluation challenge involves baseline comparisons; meta-analyses
of ML applications in other disciplines have shown that weak baselines are a persistent prob-
lem and lead to overly optimistic research findings (McGreivy and Hakim, 2024; DeMasi
et al., 2017). However, fair baseline comparison in AutoML4EO is complicated by incon-
sistent evaluation practices. Many studies build upon common foundation algorithms. Yet,
comparing performance across different implementations and datasets remains difficult due
to varying setups of experiments and evaluation protocols (e.g., data partitioning). For
instance, cross-study comparisons between competitive solutions based on the same under-
lying algorithm become challenging without standardised benchmarking procedures. We
discuss two opportunities to standardise the evaluation of AutoML4EO datasets.

Opportunity: Reusing foundation model benchmark infrastructure
Benchmarks play a crucial role in AutoML research by enabling fair comparisons and
speeding up development through improved access to data and the ability to evaluate
the performance of candidate ML pipeline configurations. Benchmark datasets, for
instance, represent fundamental data properties shared by similar datasets. The rise
in popularity of geospatial foundation models has led to the development of evaluation
benchmarks that include many different tasks and sensors, such as PhilEO Bench
(Fibaek et al., 2024) and PANGAEA (Marsocci et al., 2024). These benchmarks
collect hundreds of gigabytes of labelled EO data and provide the infrastructure to
use the data and evaluate resulting models. The recent assembly of these foundation
model benchmarks enables more standardised evaluation of AutoML4EO methods.

Opportunity: Expanding NAS benchmarks
Another opportunity lies in the development of NAS benchmarks for EO. NAS bench-
marks (e.g., see Ying et al., 2019; Bansal et al., 2022) collect the performance of
all possible networks within common NAS search spaces on widely-used datasets
like CIFAR-10 (Krizhevsky, 2009). Search space benchmarks facilitate the develop-
ment of new search strategies, because they make the performance of candidate net-
works available without the need for costly evaluations. Therefore, the expansion of
NAS search space benchmarks with results on EO datasets, such as NWPU-RESISC
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(Cheng et al., 2017) and EuroSAT (Helber et al., 2019), represents an opportunity
to address the challenge of computational cost of AutoML4EO (Section 5.2).

6.3 Mitigating bias

Observational data, such as remote sensing data, may seem inherently objective, because
sensors indiscriminately record information. However, bias can occur in EO data in many
different ways (McGovern et al., 2022, 2024). Some bias is inherent — for instance, sensors
are limited to detecting signals within their sensitivity range. Other biases arise during
dataset creation, when samples are selected from vast volumes of EO data. For example,
oversampling rare phenomena, such as methane plumes, to create balanced datasets intro-
duces sampling bias (Mehrabi et al., 2021), which can lead to many false positives when
propagated to the model (McGovern et al., 2024; Wąsala et al., 2025). Similarly, represen-
tation bias (Mehrabi et al., 2021) in datasets lacking diversity may produce confounders
that lead to shortcut learning (Xiong et al., 2022), where models learn relationships that
exist only in the training data, but not in the real world. For instance, Wąsala et al. (2026)
found that missing pixels can lead to representation bias and that this issue can remain un-
detected when using standard performance metrics such as precision, accuracy, and recall.
The reduced human oversight typically associated with the use of AutoML techniques can
amplify the risk of incurring such biases. While geospatial data formats, such as NetCDF
and GeoTIFF, contain rich metadata for identifying subgroups (e.g., time stamp, location,
and auxiliary data such as cloud masks), current AutoML frameworks cannot easily access
this information for subgroup analysis. Instead, evaluations rely on model-centric metrics,
such as overall accuracy, which fail to reveal poor performance on important data subsets.
We highlight a research opportunity to better leverage metadata in AutoML4EO to mitigate
bias.

Opportunity: Multi-objective optimisation for subgroup fairness
While geospatial metadata can provide a solid basis for model evaluation, it could
also be leveraged earlier in the AutoML4EO pipeline to create less biased models.
The concepts of bias and fairness in ML are usually applied to tasks with direct
impact on humans, ensuring equal performance across subgroups defined by demo-
graphic attributes (e.g., equal performance regardless of gender, Mehrabi et al., 2021).
Many metrics exist to assess different aspects of fairness, such as differences in error
rates between data subgroups. This concept of group fairness could be extended
to EO problems using geospatial metadata attributes to define subgroups. Such an
analysis could, for instance, enable measurement of the geographic bias of a given
model. Fairness metrics can then be used in multi-objective AutoML systems to
create ML pipelines that are both accurate and fair, similar to how efficiency-focused
AutoML4EO optimises both accuracy and computational efficiency (Section 5.2).
The potential of such multi-objective, fairness-aware AutoML4EO systems lies in
greater control over the final pipelines in predictive analytics. However, a signifi-
cant challenge remains in identifying important subgroups that should have similar
performance, which requires extensive domain knowledge.
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6.4 Learning from unlabelled data

Unlabelled data collected by satellites represents an underexplored resource in AutoML4EO.
Satellites collect much more data than can realistically be labelled. For example, the origi-
nal pair of Sentinel-2 satellites collects 3 TB of data every day, 2 corresponding to 20 times
the size of the ImageNet dataset (Deng et al., 2009). Including unlabelled data in ML
pipelines may improve performance (Van Engelen and Hoos, 2020); unlabelled data could
also mitigate sampling or representation bias present in labelled data by increasing dataset
diversity without the cost of additional labelling. Furthermore, enriching the training data
with unlabelled samples can align the training data distribution with the real world, re-
ducing data leakage. ML techniques that leverage unlabelled data prominently include
semi- and self-supervised learning. We discuss an opportunity to include unlabelled data in
AutoML4EO.

Opportunity: AutoML4EO with self-supervised pre-training
Recently, foundation models (FMs) have emerged as strong alternatives to traditional
broad-spectrum AutoML frameworks across multiple domains. In tabular and time-
series data, models such as TabPFN (Hollmann et al., 2025) and Chronos (Ansari
et al., 2024) achieve high performance through zero-shot inference in a single pass,
without requiring fine-tuning. A similar shift has taken place in computer vision, with
self-supervised geospatial FMs such as Prithvi (Jakubik et al., 2023) and SatMAE
(Cong et al., 2022), and multimodal FMs are beginning to emerge (see, e.g., Guo
et al., 2024; Wang et al., 2025; Han et al., 2024).
However, the applicability of FMs in EO remains constrained along two dimensions.
First, geospatial FMs are limited by the datasets available for pre-training (primar-
ily Sentinel-1 and Sentinel-2 data), and tasks requiring unconventional architectures,
such as unconventional output heads, specialised loss functions, and non-standard
combinations of modalities (see, e.g., Hanna et al., 2023; Wąsala et al., 2025), re-
main outside their scope. Second, even for tasks within their applicability domain,
the diversity of EO modalities, geographies, and tasks means that the pre-training
distribution frequently does not cover the target task, and task-specific ML4EO mod-
els still outperform task-agnostic geospatial FMs (Mai et al., 2024).
AutoML could bridge these gaps in two complementary ways. Next-generation Au-
toML4EO systems could adaptively design new networks for any combination of
modalities and task requirements, including specialised heads for FM backbones.
Additionally, NAS approaches that leverage unlabelled data could expand the appli-
cability of AutoML4EO, given that satellites collect far more data than can realis-
tically be labelled. However, no semi-supervised AutoML or NAS system currently
exists for image recognition. More broadly, AutoML with unlabelled data alone may
be challenging: without labels, evaluation must rely on self-supervised or proxy met-
rics, which risks widening the generalisation gap between AutoML-optimised ML
pipelines and real-world applications.

2. https://www.eoportal.org/satellite-missions/copernicus-sentinel-2 Last accessed 16 June 2026
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7 Conclusions

As a result of the rapid increase in available computational resources and satellite data,
the research areas of AutoML and ML4EO are growing fast. However, ML is not fully
leveraged for many EO data sources due to the lack of suitable automatic feature extrac-
tion techniques. Moreover, evaluation frameworks are often not designed to account for
biases in EO data, reflecting a broader challenge of ensuring that models generalise to
real-world deployment conditions that differ from training data. We believe the primary
goal of AutoML4EO research should be to bridge this generalisation gap, so that we can
automatically generate ML pipelines that provide a strong, validated starting point for
operational deployment, while acknowledging that ML and domain expertise remain essen-
tial for final validation and deployment decisions. Achieving this requires rethinking the
design and evaluation of AutoML4EO systems. Libraries such as Auto-sklearn and Auto-
Keras accelerate the development of ML models by automating technical design choices,
yet do not incorporate domain knowledge during ML pipeline optimisation, which can lead
to automatically created pipelines that underperform in real-world use cases compared to
expert-designed approaches. The gap between expert-designed and automatically designed
systems extends beyond methodological design choices (such as the network architecture) to
evaluation. Experts can better identify mismatches between training data and deployment
conditions, and design evaluation frameworks that expose these differences. In the near
term, significant advances in AutoML4EO will require collaboration between EO practi-
tioners and ML researchers to develop application-aware AutoML4EO systems with robust
evaluation frameworks. Over the long term, such systems could contribute to AI for Science
by enabling EO experts to efficiently and reliably develop ML pipelines for novel problems,
while reducing the manual effort required to analyse large volumes of satellite data.

Broader Impact Statement

This survey paper aims to give a broad overview of the field of Automated Machine Learning
for Earth Observation (AutoML4EO). AutoML4EO systems that are robust to deployment
conditions including class imbalance, noise, and bias, can increase the efficiency and re-
producibility of developing data-driven EO analysis pipelines, stimulating scientific insights
and breakthroughs in EO. However, there is always a risk in automation and removing hu-
man oversight. Therefore, AutoML4EO systems and the resulting ML4EO pipelines should
always be thoroughly evaluated before the ML4EO pipeline is deployed. Furthermore, hu-
man experts should always oversee operational ML systems and frequently evaluate them
for biases and performance degradation.
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Appendix A. Applications of AutoML frameworks

Table 4 gives an overview of which works have used which frameworks in their research.
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2020; Choi et al., 2025; Bodini, 2024

FLAML Wang et al., 2021a Xia et al., 2023; Zheng et al., 2023; Lai et al., 2025;
Liu et al., 2025; Wang et al., 2024b; Ngoc Tu et al.,
2025

AutoGluon-
Tabular & Time-
series

Erickson et al., 2020;
Tang et al., 2024

César de Sá et al., 2022; Kiedanski et al., 2025; Bai
et al., 2022

MATLAB fitrauto Yusof et al., 2024; Singh et al., 2021; Zhang et al., 2021
PyCaret Ali, 2020 Bruzón et al., 2021; Lee et al., 2024; Das et al., 2025
MLBox Axel de Romblay, 2019 Bodini, 2024
Auto-PyTorch Zimmer et al., 2021 Polonskaia et al., 2021; Tang et al., 2023; Zhang and

Ma, 2024
DeepHyper Balaprakash et al.,

2018
Maulik et al., 2020

Table 4: AutoML frameworks used for EO applications.

57



Wąsala et al.

Appendix B. Explainability functions implemented in AutoML
frameworks

Table 5 gives an overview of explainability functions directly implemented in the AutoML
frameworks applied to EO problems (at the time of writing). When not directly available,
users can often access explainability functions through other Python packages, such as
sklearn.

Framework Feature
impor-
tance

SHAP Confusion
matrix

Partial de-
pendence

Inter-
model
correlation

H2O AutoML LeDell and Poirier, 2020 ✓ ✓ ✓ ✓ ✓
Auto-sklearn Feurer et al., 2022 ✗ ✗ ✗ ✗ ✗
AutoGluon-Tabular Erickson et al., 2020 ✓ ✓ ✗ ✗ ✗
Auto-PyTorch Zimmer et al., 2021 ✗ ✗ ✗ ✗ ✗
AutoKeras Jin et al., 2019 ✗ ✗ ✗ ✗ ✗
PyCaret Ali, 2020 ✓ ✓ ✗ ✗ ✗
MATLAB fitrauto ✗ ✗ ✗ ✗ ✗
TPOT Olson et al., 2016 ✓ ✗ ✗ ✗ ✗
DeepHyper Balaprakash et al., 2018 ✓∗ ✗ ✗ ✗ ✗

Table 5: AutoML frameworks have limited post-hoc explainability functionality. H2O Au-
toML has the most: feature importance, SHapley Additive exPlanations (SHAP, Lundberg
and Lee, 2017), confusion matrices, partial dependence plots, and inter-model correlation.
∗Only for some models.
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