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Abstract

Radjiative transfer models (RTMs) are foundational to optical remote sensing for simulating vegeta-
tion and atmospheric properties. However, their significant computational cost, especially for 3D
RTMs and large-scale applications, severely limits their utility. Emulation, or surrogate modeling, has
emerged as a highly effective strategy, accurately and efficiently replicating RTM outputs. This review
comprehensively surveys recent developments in emulating vegetation and atmospheric RTMs. We
discuss the methodological underpinnings, including suitable machine learning regression algorithms,
effective training sampling strategies (e.g., Latin Hypercube Sampling, active learning), and spectral
dimensionality reduction methods (e.g., PCA, autoencoders). We then synthesize key emulation appli-
cations such as global sensitivity analysis, synthetic scene generation, scene-to-scene translation (e.g.,
multispectral-to-hyperspectral), and retrieval of geophysical variables using remote sensing data. The
paper concludes by outlining persistent challenges in generalizability, interpretability, and scalability,
while also proposing future research avenues: investigating advanced deep learning algorithms (e.g.,
physics-informed and explainable architectures), developing multimodal /multitemporal frameworks,
and establishing community benchmarks, tools and libraries. Emulation ultimately empowers remote
sensing workflows with unparalleled scalability, transforming previously unmanageable tasks into
viable solutions for operational Earth observation applications.

Keywords: emulation; radiative transfer models; machine learning; vegetation; atmosphere; surrogate
modeling; global sensitivity analysis; scene generation

1. Introduction

In optical remote sensing, radiative transfer models (RTMs) are fundamental physical tools. They
describe the complex interactions of electromagnetic radiation with Earth’s surface and atmosphere,
providing a theoretical framework for understanding observed signals [e.g., [1-3]]. Specifically, vegeta-
tion RTMs simulate light interactions within plant canopies to characterize biophysical properties [4],
while atmospheric RTMs describe how radiation is modified by atmospheric constituents, enabling
atmospheric correction and sensor signal interpretation [5]. These models collectively serve as the
theoretical backbone for understanding and interpreting the complex interactions between radiation
and the Earth’s surface and atmosphere, and are essential for generating synthetic observations and
designing robust retrieval algorithms [6]. The most commonly used RTM for vegetation is PRO-
SAIL [7,8], which simulates leaf and canopy reflectance as a function of biophysical variables such as
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leaf area index (LAI) and chlorophyll content [9,10]. Based on the principles of PROSAIL, the energy
balance model SCOPE (Soil Canopy Observation, Photosynthesis and Energy balance) [11] extends this
approach by additionally modeling energy fluxes and solar-induced chlorophyll fluorescence (SIF) [12].
Both RTMs represent vegetation as a turbid medium, i.e., a one-dimensional (1D) representation of a
canopy, which simplifies canopy architecture. In recent years, more structurally explicit 3D RTMs have
gained traction, such as DART (Discrete Anisotropic Radiative Transfer) [13] and LESS (LargE-Scale
remote sensing data and image Simulation framework) [14], which account for detailed canopy struc-
ture and enable more realistic scene simulations. These models have likewise evolved in simulating
multiple types of radiation, such as SIF and laser scanning [15,16]. This increase in realism, however,
comes at the cost of significantly higher computational demands, often resulting in long rendering
times for a single simulation. RTMs also play a key role in accounting for atmospheric effects on solar
radiation in remote sensing applications. The 6S model (Second Simulation of a Satellite Signal in the
Solar Spectrum) [17] and MODTRAN (MODerate resolution atmospheric TRANsmission) [18] are two
of the most frequently employed RTMs for simulating atmospheric transmittance, path radiance, and
surface-atmosphere interactions. Similar to MODTRAN, libRadtran (library for radiative transfer.) [19]
offers a flexible and high-accuracy radiative transfer framework that supports spectral calculations
in both the solar and thermal domains, allowing for detailed simulation of various atmospheric sce-
narios, including aerosols, clouds, and surface reflectance anisotropy. These models are essential for
atmospheric correction of satellite observations and retrieval of surface reflectance [20].

Despite their inherent strengths, RTMs—particularly structurally explicit 3D canopy mod-
els—incur substantial computational demands. This limitation becomes especially pronounced when
applied in large-scale or iterative frameworks such as global mapping, operational biophysical re-
trieval, uncertainty quantification, or data assimilation. Depending on the model’s complexity, a single
RTM simulation can range from milliseconds (e.g., PROSAIL) to several minutes or even hours (e.g.,
3D DART or LESS simulations). Atmospheric RTMs (e.g., 65, MODTRAN, libRadtran) exhibit similar
challenges: their high dimensionality and detailed parameterizations make them computationally
intensive, particularly in applications involving inversion, time-series reconstruction, or coupled
canopy-atmosphere modeling [20]. While individually relatively fast, the necessity to execute these
RTMs hundreds of thousands or even millions of times across vast parameter spaces, entire satellite
images (e.g., millions of pixels), or long time series renders them impractical for real-time or near-real-
time scenarios. These computational demands often stem from the complex physical equations and
iterative numerical solutions required to simulate light interactions, especially across high-dimensional
input spaces and spectral ranges [21].

To address these limitations, over the past two decades emulation has emerged as a promising strategy
[22]. Emulation, also known as surrogate modeling, involves constructing a simplified, computationally
inexpensive statistical model (an emulator or surrogate model) that accurately approximates the input-
output relationship of a more complex, computationally demanding model or data transformation [23].
This is typically achieved by capitalizing on statistical learning techniques to train the emulator on a
limited, yet carefully selected, set of simulations (i.e., from a physical model) or empirical observations
(i.e., from data) [24,25]. Once trained, these emulators provide predictions orders of magnitude faster,
frequently completing computations in microseconds, while preserving high accuracy. This drastic speed-
up transforms previously intractable problems into feasible ones, opening new avenues for research and
operational applications, such as in optical remote sensing science [e.g., [26,27]].

Since their introduction in remote sensing science and driven by advancements in statistical
learning, we are witnessing the rapid emergence of emulators, with applications expanding across
multiple domains in Earth observation (EO). In an attempt to grasp recent developments and anticipate
future directions, this review examines how emulation contributes to the growing effectiveness of
RTMs and remote sensing workflows, especially in vegetation and atmospheric EO studies. By
reviewing and synthesizing recent scientific literature, we highlight key methodological advances
in emulation, such as the selection of suitable machine learning regression algorithms (MLRAs) and
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efficient sampling strategies, alongside emerging image processing applications, including sensitivity
analysis, synthetic scene generation, image-to-image transformations, and retrieval applications. We
close with outlining promising directions for future research in this rapidly evolving field.

2. The Challenge of Computationally Expensive RTMs in EO Applications

Vegetation RTMs are essential for interpreting remote sensing data by simulating light interac-
tion with plant canopies, with complexity varying across models [3]. PROSAIL, a combination of
PROSPECT and SAIL, serves as a benchmark RTM due to its moderate complexity and widespread
use [9,10]. PROSAIL couples leaf-level optical properties with a turbid medium representation of
the canopy. Building upon this model, SCOPE represents a significant upgrade, integrating radiative
transfer with detailed biophysical processes, e.g., photosynthesis and the full energy budget, while
still relying on turbid medium principles [11,12]. At the highest level of complexity, we find RTMs
that use discrete ordinate methods or ray tracing to explicitly simulate photon paths through detailed,
heterogeneous 3D scenes. These models, such as DART, precisely account for all orders of scattering,
clumping, and shadowing, offering a physically rigorous representation of radiative transfer [13,15,16].
Similarly, to seek a physical and realistic radiative transfer over heterogeneous scenes, LESS uses
Monte Carlo (MC) ray tracing to simulate photon interactions within highly detailed 3D vegetation
canopies [14], often reconstructed from LiDAR data [28]. Designed for scalability, LESS emphasizes
computational efficiency while retaining realism in canopy architecture and light transport by using a
lightweight boundary-based leaf cluster description approach [29] or semi-empirical-based radiative
transfer acceleration technique [30], making it especially suited for simulating remote sensing signals,
including images, LIDAR point clouds, and SIF, over large forested or agricultural landscapes.

While powerful, on the downside, these advanced RTMs impose significant computational
bottlenecks in high-throughput tasks such as pixel-wise inversion over satellite scenes or global
sensitivity analyses. For instance, a typical 10-meter resolution Sentinel-2 (S2) image covering 100x100
km contains 10® pixels. Performing a full RTM inversion for each pixel, which might involve iterative
optimization or look-up table (LUT) searches, would be computationally burdensome for operational
product generation, potentially taking days or even weeks. This challenge is further compounded
when considering time series analysis, where the same pixels need to be processed across many dates.

Table 1. Overview of representative RTMs in vegetation and atmosphere domains. refs: references.

Canopy RTMs
Model Key Features Outputs Key refs.
PROSAIL Leaf and canopy optics Reflectance [7-10]
SCOPE Energy balance, photochemistry Reflectance, SIF, fluxes [11,12,31,32]
FLIGHT 3D canopy architecture, detailed scattering  Reflectance, SIF [33,34]
DART 3D voxel, facet and ray tracing, heteroge- Reflectance, radiance, Li- [13,15,16,35]
neous scenes DAR, SIF
LESS 3D voxel, facet and ray tracing, heteroge- Reflectance, SIF, LiDAR, [14,29,36]
neous scenes fluxes
Atmosphere RTMs
6S Atmospheric correction, TOA reflectance TOA radiance, transmittance [17,37]
MODTRAN  Spectral transmission, path radiance Radiative transfer profiles [18,38]
libRadtran  Line-by-line, multiple scattering, trace gases  High spectral resolution radi- [19,39]
ance
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Introducing atmospheric RTMs (e.g., 65, MODTRAN, libRadtran), adds yet another layer of com-
plexity. Atmospheric RTMs simulate how radiation is modified by atmospheric gases (e.g., water vapor,
ozone), aerosols (e.g., type, optical depth), and viewing geometry (solar and observation angles). These
models are essential for atmospheric correction, converting top-of-atmosphere (TOA) radiance to surface
reflectance. When subsequently coupling these atmospheric RTMs with vegetation RTMs, e.g., to simu-
late TOA reflectance from surface properties and atmospheric conditions for sensor design or retrieval
algorithm training at the TOA scale, the resulting simulation chains become even slower and higher-
dimensional. The interaction of numerous input parameters, such as varying aerosol loads, water vapor
content, and viewing geometries, can easily result in parameter spaces spanning tens of dimensions [20].

Consequently, traditional inversion methods based on brute-force iterative optimization methods
(e.g., downhill simplex, Levenberg-Marquardt) become impractical at scale [e.g., [40,41]], while limiting
the size of LUTs to enhance processing speed typically leads to a decline in retrieval accuracy [42].
Even advanced MC sampling methods, commonly used for uncertainty quantification (UQ), normally
demand thousands to millions of model runs, rendering them unfeasible for large-scale applications
without substantial computational resources [43]. These inherent challenges underscore the critical
need for fast emulators that can accurately and efficiently approximate RTM outputs across these vast
and complex domains.

3. Emulation as a Surrogate Modeling Strategy
3.1. General Principles and Core Emulation Approaches

The principle of emulation entails constructing a computationally efficient surrogate model that
approximates the behavior of a complex RTM or other deterministic, physically-based models [22]. For
several decades, statistical learning techniques have been employed in climate and environmental sci-
ences to emulate complex system dynamics [e.g., [24,44-51]]. In remote sensing, emulation functions as
an inverse regression model. While a typical regression model uses spectral data to predict vegetation
or atmospheric properties, emulation instead takes atmospheric or biophysical RTM parameters as an
input to generate synthetic spectral data. In the context of RTMs, these emulators aim to replicate RTM
outputs with high accuracy while drastically reducing computation time—often achieving speed-ups
of several orders of magnitude [6,27]. See also Figure 1 for a visual illustration of the RTM emulation
concept. This efficiency gain is especially advantageous in computationally intensive workflows, such
as replicating outputs from advanced RTMs, model inversion, sensitivity analysis, data assimilation,
and operational near-real-time applications.

A common characteristic of these emulators is their foundation in adaptive and flexible MLRAs [22,52].
MLRAs enable the modeling of non-linear relationships between input and output parameters. Owing
to their relatively low computational cost, these algorithms allow emulators to generate spectral outputs
far more rapidly than running full R-TMs. Emulators are typically trained on a representative set of RTM
simulations, which span the range of relevant input parameters. Once trained, they can rapidly predict
outputs for unseen input combinations with negligible computational overhead. This enables the efficient
exploration of high-dimensional parameter spaces that would be prohibitively slow using the original RTMs
[6,27]. Importantly, emulators are usually validated against the original RTM to ensure fidelity to physical
laws, which enhances generalizability, especially when extrapolating slightly beyond the training domain
[e.g., [26,27]].

Emulators are thus fundamentally built upon statistically learned models. Recent advances in
MLRAs—and more recently in deep learning—have significantly enhanced the predictive capabilities
and broadened the applications of emulators [53]. A wide range of emulation approaches has been
employed to approximate RTMs efficiently, spanning from classical data-driven regression algorithms
to the latest advanced MLRAs. MLRAs such as Neural Networks (NN) and, upcoming, deep learning
NNs (DLNNSs), Gaussian Process Regression (GPR), Random Forests (RF), Support Vector Regression
(SVR), Kernel Ridge Regression (KRR), and Polynomial Chaos Expansion (PCE) have been successfully
used to emulate various types of physically based models (see Tables 2 and 3 for details). Although PCE
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has seen little use in RTM emulation, it is worth highlighting due to its established role in emulation
studies in other fields [e.g., [54-58]]. The suitability of each method depends on factors including the
RTM’s complexity and non-linearity, the dimensionality of the input space, interpretability needs, and
whether uncertainty quantification (UQ) is required [52].

Spectra

y
NN
o= ; : :
s0 1000 150 2000 2500
Wavelength (m)

Emulation

Figure 1. Workflow Comparison Between Direct Regression and Emulation of RTM Simulations with PCA
Compression.

Table 2 summarizes the key characteristics, advantages, and limitations of established MLRAs
used for RTM emulation. GPR remains a strong choice for its inherent UQ and effectiveness with
small datasets, though its high computational cost hampers scalability. NNs and Deep Learning NNs
(DLNNSs) are well-suited for capturing complex, nonlinear relationships and scale efficiently to large
datasets. DLNNSs offer state-of-the-art performance in high-dimensional and data-rich scenarios, yet
they require significant training data, are more opaque in their interpretability, and only provide
approximate uncertainty estimates unless explicitly designed to do so. RFs are valued for their
robustness, fast training, and interpretability via feature importance measures. Although RFs can
approximate predictive uncertainty through ensemble variance, they lack a principled probabilistic
UQ framework and may underperform on fine-grained, highly continuous outputs. SVR achieves high
accuracy and robustness in medium-sized datasets, though it is sensitive to kernel and hyperparameter
settings and struggles with large-scale datasets. KRR offers competitive accuracy with fewer tuning
demands than GPR and SVR—and therefore trains faster and is more efficient in application—but
lacks native uncertainty estimates. Finally, PCE excels in analytical UQ and global sensitivity analysis,
but is constrained by the curse of dimensionality (yet, see also section 4.2) and has limited flexibility in
capturing strong nonlinearities. Overall, the selection of an emulation method depends on trade-offs
between accuracy, scalability, interpretability, and the need for UQ, with different approaches better
suited to different RTMs and application settings.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Two examples of GPR emulators are presented in Figure 2. GPR was selected as the emulator
since it achieved the highest accuracy among the evaluated MLRAs when trained and validated on the
original spectra (results not shown; illustrative purpose only). In comparison to the computational
demands of the original simulations—requiring about half an hour to nearly a full day on a single
CPU to generate (1) top-of-canopy (TOC) reflectance with LESS or (2) TOA radiance spectra with the
coupled PROSAIL-libRadtran models—the GPR emulators reproduced, respectively, one thousand
TOC reflectance and TOA radiance spectra within seconds. Training of each emulator was completed
in under 20 seconds, underscoring the orders-of-magnitude computational savings.

LESS GPR emulator
0.8
(a) - 14 variables **[(b) - 10 PCA, 2500 bands
= - 400 samples - 30% validation
- Runtime'p<1 hour - NRMSE: 4.1%
. Runtime #1000: ~1 sec

Reflectance
(=]

&
Reflectance
o
-

o 500 1000 1500 200 2500 e 500‘ 1000 15 ; 200 2500
Wavelength (nm) Wavelength (nm)
" (e) PROSAIL + libRadtran GPR emulator
250 - 8variables - 10 PCA, 1400 bands
" f - 400 samples - 30% validation

- NRMSE: 4.1%
- Runtime #1000: <0.7 sec
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Figure 2. Example of original simulations of (a) LESS TOC reflectance and (c) PROSAIL coupled with libRadtran
TOA radiance, alongside 1000 randomly generated spectral outputs from their corresponding GPR emulators (b, d).
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Method Description Pros Cons Example Emulation Use

Flexible models that learn non-linear map- High scalability, captures complex patterns, Beqmres laljge datasets, hm}t'ed interpretabil- Emulat}ng complex RTMs (e.g., coupled
Neural Networks pings through interconnected layers optimized inference speed ity, approximate UQ, sensitive to hyperpa- vegetation-atmosphere models), scene-to-
(NNss) [59] ’ ’ rameters. scene inversion [e.g., [26,42,60-64]].

Deep Learning NNs
(DLNNSs) [65]

Advanced NN architectures including Con-
volutional NNs, Recurrent NNs, autoen-
coders, transformers, and physics-informed
NNs. Designed for high-dimensional, spa-
tiotemporal, or structured data emulation.

Extremely flexible, handles high-dimensional
inputs, learns spatial/temporal structure, en-
ables end-to-end inversion, supports uncer-
tainty via dropout or ensembles.

Computationally demanding to train, it re-
quires large annotated datasets, has reduced
interpretability, and carries an overfitting
risk.

Scene-level RTM emulation, spatiotempo-
ral flux retrievals, hybrid physical-DL mod-
els (e.g., MODTRAN emulation with CNNs)
[e.g., [66-70]].

Gaussian Process Re-
gression (GPR) [71]

Kernel-based probabilistic model providing
both mean and variance predictions; ideal for
small datasets and inherent UQ.

High accuracy, strong UQ, robust with small
data, interpretable.

Scales as O(N®), memory-intensive, less
suited for large datasets.

Emulating PROSAIL, SCOPE, MODTRAN
in applications where accuracy and UQ is
critical [e.g.,[26,27,42,60,61,63,72-74]].

Random Forests

(RF) [75]

Ensemble of decision trees that aggregate out-
puts for robust prediction. Well-suited for
tabular and structured data.

Robust, fast training, interpretable via feature
importance, handles noise.

No inherent UQ but empirical variance.
Slower prediction at scale due to multiple
decision trees, and tends to reduce the impact
of outliers due to its averaging nature.

Used as alternative RTM emulators in some
benchmarking studies [e.g., [61,76]].

Kernel Ridge Regres-
sion (KRR) [77]

Ridge regression in a kernel-transformed
space; similar to GPR but deterministic.

Competitive accuracy, captures non-linearity,
less sensitive to hyperparameters.

Scales as O(N?), no native UQ, less popular
than GPR.

Alternative to GPR for mid-sized RTMs
where UQ is not essential [e.g., [60,61,69,78]].

Support Vector Regres-
sion (SVR) [79]

Finds a hyperplane with e-insensitive loss; ef-
fective in high-dimensional spaces with ker-
nel trick.

Accurate, robust to outliers, generalizes well
with good kernel choice.

Scales as O(N?), sensitive to kernel and hy-
perparameters, lacks native UQ.

Used for spectral emulation tasks with
moderate-sized datasets [e.g., [61,76]].

Polynomial Chaos Ex-
pansion (PCE) [80]

Expands model output in orthogonal polyno-
mials based on input distributions, allowing
for analytical UQ and sensitivity analysis.

Provides analytical UQ, Sobol indices, inter-
pretable, and efficient for low dimensions.

Suffers from curse of dimensionality, basis
tied to distribution, struggles with strong non-
linearity.

Used in global sensitivity and UQ analysis of
deterministic models. Not applied to RTMs.

r(s). Distributed under a Creative Commons CC BY license.
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Table 3. Comparison of common MLRAs for emulating RTMs: accuracy, uncertainty quantification (UQ),
scalability, interpretability, and key references. UQ refers to whether the method natively provides principled
predictive uncertainty or only empirical approximations.

Method  Accuracy uQ Scalability Interpretability = RTM studies
NNs High Approx. (MC dropout, en- High Low [26,42,60-64]
sembles)
DLNNs  Very High Approx. (MC dropout, VeryHigh  Very Low [66-70]
deep ensembles)
GPR High Yes (Bayesian predictive  Limited Medium [26,27,42,60,61,63,72-74]
distribution)
RF Moderate-High  Empirical (ensemble vari- High Medium [61,63,69]
ance)
KRR High No High Medium [26,42,60,61,78]
SVR Moderate-High  No Medium Medium [61,76]
PCE Moderate Yes (analytical) Moderate High No RTM studies

3.2. Proof-of-Concept Studies Demonstrating the Potential of Emulation in Approximating RTMs

Initial proof-of-concept studies effectively illustrated the capability of emulators to replicate
RTM outputs with high precision and notable computational efficiency. While emulation has a
longer history in other scientific fields, its application to RTMs began around a decade ago with two
pioneering works. First, Rivera et al. [26] introduced a statistical learning-based emulator toolbox
for approximating SCOPE outputs—specifically reflectance and SIF. Among the evaluated MLRAs,
KRR and NNs achieved high reconstruction accuracy, with relative errors below 0.5% when trained
on a small set of 500 simulations. Using principal component analysis (PCA) for dimensionality
reduction, NN and KRR emulators ran approximately 50x and 800x faster, respectively, than the
original SCOPE model. In parallel, Gémez-Dans et al. [27] demonstrated emulation use cases for
both vegetation (PROSAIL) and atmospheric (6S) RTMs. Their GPR emulators reproduced model
outputs and finite-difference-based gradients accurately, achieving speed-ups between 10,000 and
50,000 times compared to the original models. These foundational studies spurred broader research in
exploring distinct RTMs, MLRAs, and output variables. For instance, Verrelst et al. [61] systematically
evaluated the impact of machine learning type, integration with dimensionality reduction, and LUT
size. Their results showed that well-configured GPR and NN emulators could reconstruct SCOPE
outputs with relative errors below 2% for reflectance and 4% for SIF, and about 250 times faster
than SCOPE. Vicent et al. [42] subsequently benchmarked emulation against classical interpolation
techniques using PROSAIL and MODTRAN using MLRA and dimensionality reduction combinations.
Emulation consistently outperformed interpolation techniques in spectral reconstruction, with GPR
achieving up to tenfold higher accuracy while maintaining competitive speed. Additionally, GPR,
formulated within a Bayesian framework, inherently provides associated uncertainty estimates (UQ).

3.3. Recent Progress in Emulation in Vegetation and Atmospheric RTMs

In the meantime, MLRA-based emulation of vegetation RTMs matured as an effective strategy to
accelerate inversion workflows and enable large-scale applications. For example, Shi et al. [63] applied
multiple regression algorithms—RF, ANN, and SVR—to emulate a coupled soil-canopy—-atmosphere
RTM ACRM (Atmospheric Correction Reflectance Model) [81] and 6S, enabling accurate and efficient
retrievals of vegetation biophysical variables from satellite data. Extending to 3D canopy structures,
Makhloufi and Kallel [82] developed an ANN-based emulator of the DART model, integrated with
a continuous MC inversion framework. Applied to S2 imagery, this approach significantly reduced
computational burden while supporting uncertainty-aware retrievals. Alternatively, [30] proposed
a semi-empirically accelerated approach to accurately simulate reflectance from 400 nm to 2500 nm
using a few predefined soil, branch, and leaf optical properties based on the four-stream theory, which
provides the potential to emulate only a few bands to replicate the full spectral range of LESS-like
simulations between 400 and 2500 nm with an acceleration of more than 320 times. These three studies
demonstrate the potential of emulators to support accurate, scalable, and efficient RTM applications
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in vegetation remote sensing. However, despite the growing importance of 3D and coupled RTMs,
applications of surrogate modeling remain scarce. The niche use of dedicated emulators for 3D RTMs
highlights an important research gap and a promising opportunity to advance robust emulation
frameworks for complex vegetation RTMs. Yet, emulation efforts have advanced more substantially in
atmospheric applications.

Recent advances in atmospheric RTM emulation have capitalized on MLRAs to significantly
improve computational efficiency and flexibility. Fundamental work by Brodrick et al. [64] introduced
a generalized NN emulator for radiative transfer in imaging spectroscopy, enabling flexible reflectance
retrievals from complex scenes. Veerman et al. [83] developed an NN surrogate for the gas optics
component of RRITMGP (Rapid Radiative Transfer Model for General circulation - Parallel), achieving
near-original accuracy with a fourfold speed-up. In the Earth system modeling context, Belochitski
and Krasnopolsky [84] demonstrated that emulated RT components could be integrated into hybrid
general circulation models (GCMs) while maintaining stable long-term behavior. Ukkonen [67]
systematically explored design choices for neural RTM emulators, showing that architecture, input
representation, and training strategies have a strong impact on emulation accuracy. Vicent Servera
et al. [85] proposed a multifidelity GPR framework for emulating atmospheric RTMs, which integrates
information from different fidelity levels to improve predictive performance and reduce training costs.
Zhong et al. [86] applied an emulated RRTMG within the WRF (Weather Research and Forecasting)
model, demonstrating notable runtime reductions without degrading forecast performance. Jasso-
Gardurio et al. [70] presented a DLNN emulator for the 65 RTM, enabling fast approximations of
atmospheric corrections. Emulation of MODTRAN-based TOA reflectance for MODIS channels using
RF and NNs was conducted by Gonzalez et al. [87], yielding accurate and efficient surrogates. Similarly,
Lamminpéi et al. [88] employed GPR to replicate NASA’s OCO-2 forward model with instrument-
level accuracy and orders-of-magnitude speed-ups. The use of physics-informed NNs (PINNSs) (see
also section 4.3) to directly solve the radiative transfer equation was demonstrated by Zucker et al.
[89], offering physically consistent and accurate approximations. Additionally, emulation has been
applied to aerosol optics in E3SM (Energy Exascale Earth System Model) using randomly wired
NN [90], and probabilistic surrogates have been proposed for CRTM (Community Radiative Transfer
Model) in support of satellite data assimilation [91]. Finally, Sgattoni et al. [92] presented an emulation
approach for the FORUM (Far-infrared Outgoing Radiation Understanding and Monitoring) satellite
mission, selected as ESA’s 9th Earth Explore mission, aiming to approximate the inverse retrieval of
atmospheric properties from far-infrared spectra using simulated data and NNs. Altogether, these
studies underscore the increasing maturity and breadth of atmospheric RTM emulation, establishing it
as a powerful approach across remote sensing, forecasting, and climate modeling domains.

3.4. Trends in MLRAs for RTM Emulation Applications

In light of the above studies, we can now evaluate the suitability of established MLRAs for
emulation. Table 3 qualitatively compares commonly used MLRAs for RTM emulation based on
four key characteristics: (1) accuracy—how well the emulator replicates RTM outputs; (2) uncertainty
quantification (UQ)—the ability to estimate prediction confidence; (3) scalability—how efficiently the
method handles increasing data size or complexity; and (4) interpretability—how transparently model
behavior and predictions can be understood. Both standard NNs and DLNNSs offer high accuracy and
scalability, with DLNNs particularly suited for learning complex input-output mappings; yet, they are
limited in interpretability and only provide approximate UQ. GPR excels in terms of UQ and accuracy,
although scalability is limited. RF is robust and scalable, offers moderate-to-high accuracy, with
empirical rather than intrinsic UQ. KRR and SVR offer balanced accuracy and interpretability, differing
in scalability and UQ capabilities. KRR typically achieves superior emulation performance compared
to SVR and offers better scalability with larger training datasets, thanks to the need to tune only a
single regularization hyperparameter. PCE stands out for its analytical UQ and interpretability, making
it ideal for sensitivity studies, albeit less suited to complex, high-dimensional problems. This likely
explains why PCE is less suited for emulating RTM outputs, which often span hundreds of spectral
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bands. However, integrating PCE with dimensionality reduction techniques could help overcome
this limitation (see Section 4.2). Selecting an appropriate MLRA requires balancing trade-offs among
accuracy, UQ, scalability, and interpretability according to the application’s needs. In most emulator
designs, accuracy is the primary driver, which often makes (DL)NNs the preferred choice. Conversely,
when robust UQ is essential, GPR is often favored for its combination of high accuracy and intrinsic
probabilistic framework, though its limited scalability constrains the feasible size of training datasets.

Emulation Applications Beyond RTMs: LSMs, ESMs, and DGV Ms

While this review primarily addresses the emulation of RTMs in the optical domain, it is worth
noting that emulation techniques have a long-standing history in other areas of Earth observation
and environmental modeling. In fact, they have been widely used to accelerate computationally
demanding environmental models for over a decade [e.g., [24,44-51]]. Recent emulation applications
reflect the versatility of surrogate modeling in reducing computational costs, improving modeling
and retrieval performance, and enabling large-scale analysis. Surrogate modeling has become instru-
mental in accelerating simulations and enabling uncertainty quantification in complex Earth system
components, including Earth system models (ESMs), land surface models (LSMs), and dynamic global
vegetation models (DGVMs). These large models often involve highly nonlinear, computationally
intensive processes that simulate biogeophysical, hydrological, and biogeochemical dynamics across
spatiotemporal scales.

Following this approach, Lu and Ricciuto [93] employed MLRA-based surrogates, including
NNs and gradient boosted-decision trees (GBDTs), to emulate components of ESMs. In this context,
dimensionality reduction techniques such as singular value decomposition (SVD) (see also section
4.2) were applied to compress high-dimensional outputs before training the surrogate. Duffy et al.
[94,95] proposed a general deep learning emulation framework for numerical models, demonstrating
its applicability in satellite remote sensing and suggesting broader potential for Earth system and land
surface model emulation. Regarding the domain of LSMs, Baker et al. [96] used sparse GPR (see also
section 4.3) to emulate outputs of the high-resolution JULES (Joint UK Land Environment Simulator)
model. Their approach demonstrated that GPR can offer accurate surrogate representations even for
fine-scale simulations at high speed, while enabling uncertainty estimation. Similarly, Xu et al. [97] used
a GPR-based surrogate to support a Bayesian calibration framework for runoff-generation in E3SM,
and Watson-Parris et al. [98] introduced ESEM (Earth System Emulator), an open and scalable emulator
platform combining ensemble learning and dimensionality reduction for ESM calibration. Recent
advancements extend emulation to complex processes like wildfire modeling and plant functional type
dynamics. For example, Zhu et al. [99] developed a DLNN emulator for wildfire activities in ESMs
using a fully connected NN, whereas Li et al. [100] applied XGBoost (see also section 4.3) to emulate
plant coexistence dynamics in the ELM-FATES model (a demographic vegetation model that operates
within the E3SM land model framework (ELM)). At the climate system level, Beusch et al. [101,102]
introduced MESMER (Modular Earth System Model Emulator with spatially Resolved output), a
statistical framework to emulate temperature responses across spatial scales using a combination
of pattern scaling and autoregressive modeling. Further, Bouabid et al. [103] proposed FAIRGP, a
GP emulator for global surface temperature projections with uncertainty quantification. [104] also
presented Graph Convolutional NN (see also section 4.3) as surrogate models for spatially explicit
climate simulations with uncertainty quantification.

Overall, these examples highlight how MLRAs can serve as efficient, flexible surrogates for
high-dimensional Earth system processes. When outputs are spectrally or spatially structured, dimen-
sionality reduction using SVD or PCA is often employed to enhance learning efficiency and reduce
emulator complexity.
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4. Trends and Advances in Emulation Methodologies
4.1. Empirical vs RTM-Based Emulation: The Role of Training Data Sampling

One key distinction among emulators lies in the nature of their training inputs. Some emulators
are trained on purely empirical relationships between inputs and observed spectral data, essen-
tially learning directly from real-world data, e.g., for scene-to-scene translation (see also section 5.3).
However, the most robust approaches train emulators on simulated outputs from RTMs. This latter
approach offers several critical advantages: it ensures consistency with known physical principles,
allows for generalization across sensors and vegetation and atmosphere variability (as the underlying
physics remains constant), and can even permit extrapolation to conditions not yet observed in real
data. The capability to accurately replicate RTM’s output is crucial for broad applicability and predic-
tive power in novel environments. To reach high output accuracy, the quality and representativeness
of an emulator’s training data are paramount.

To train RTM emulators effectively, it is crucial to use efficient sampling strategies that comprehen-
sively explore the high-dimensional input space and provide the model with a diverse set of training
data. Ideally, the entire parameter space is sampled, including boundaries and rare combinations.
To achieve so, space-filling sampling designs such as (1) Latin Hypercube Sampling (LHS) [105],
(2) Sobol sequences [106], or (3) Halton sequences [107] are commonly employed. See Table 4 for a
qualitative comparison of their key properties. These methods ensure that samples are uniformly
spread across the entire input domain, thereby avoiding clustering and guaranteeing adequate cov-
erage of all dimensions, which ultimately leads to better model generalization. For instance, LHS
ensures that each dimension of the input space is sampled exactly once for each stratum, providing
more uniform coverage than simple random sampling. Given its simplicity, flexibility, and ability
to ensure well-distributed samples across high-dimensional input spaces, LHS has become the most
widely adopted sampling strategy in RTM emulation studies [e.g., [26,42,61]]. LHS ensures that each
parameter range is sampled evenly, making it markedly effective for generating training datasets from
high-dimensional RTMs.

Table 4. Comparison of common space-filling sampling designs for emulator training in RTM applications.

Property

Latin Hypercube Sam-
pling (LHS) [105]

Sobol Sequence [106]

Halton Sequence [107]

Type

Space-filling Quality

Uniformity

Determinism
Scalability
Implementation Sim-
plicity

Suitability for Emula-

tor Training

Reproducibility
Use

Stratified random sam-
pling

Good in all dimensions (by
construction)

Random, but forced strat-
ification ensures uniform
marginal distributions
Stochastic (can vary by
seed)

Easily scalable to high di-
mensions and sample sizes

Simple and widely imple-
mented

Common choice due to

flexibility and randomness

Depends on random seed
Widely used for training

Quasi-random (low-
discrepancy) sequence
Excellent for moderate to
high dimensions

Highly uniform; mini-
mizes gaps and clusters

Deterministic

Efficient in high-
dimensional settings;
extensible

Slightly more complex;
supported in numerical
libraries

Preferred for high-
dimensional RTMs due to
uniformity and extensibil-
ity

Fully reproducible

Used for running emula-
tors in global sensitivity
analysis (see also section
4.2)

Quasi-random (low-
discrepancy) sequence
Good in low dimensions;
deteriorates with higher di-
mensions

Uniform in low dimen-
sions; suffers from correla-
tion in higher dimensions
Deterministic

Less scalable; performance
degrades beyond 10-20 di-
mensions

Relatively simple but less
widely used

Suitable for low-
dimensional problems, less
ideal for complex RTMs

Fully reproducible
No RTM emulation studies

Alternatively, active learning and adaptive sampling techniques have emerged to further optimize
the training process. Instead of pre-generating all training samples, these methods iteratively select
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new samples based on the current emulator’s uncertainty. For example, measures of Euclidean-based
diversity (see review for regression applications: [108]) or regions of high predictive variance can
guide the sampling process. This allows focusing sampling efforts on areas where the model is least
confident or where the RTM response exhibits high nonlinearity. For instance, Ma et al. [72] explored
the active subspace method [109] finds a low-dimensional linear subspace (spanned by combinations
of input variables) that captures most of the important variation in the output. Another notable
implementation of this principle is the AMOGAPE (Active Multi-Output Gaussian Process Emulator)
framework, introduced by Svendsen et al. [110], which combines GPR-based emulation with an active
sampling strategy tailored for RTM’s spectral outputs. The acquisition function balances exploration
and exploitation by targeting inputs that yield high predictive uncertainty or rapid output variation.
Their results demonstrated that this strategy can substantially reduce the number of RTM evaluations
needed to construct accurate emulators, especially in complex or high-dimensional settings. Although
AMOGAPE is built upon GPR, overall, active learning and adaptive sampling techniques can offer a
promising direction for building efficient surrogate models.

4.2. The Role of Spectral Dimensionality Reduction in Emulation of RTMs

Spectral dimensionality reduction techniques are frequently applied in emulating the RTM
spectral output space (e.g., reflectance, radiance, SIF) that can comprise hundreds of bands. Spectral
data often exhibit high collinearity [111], which allows effective compression using dimensionality
reduction methods such as: (1) PCA [112], (2) SVD [113], or (3) autoencoders [114]. These are the
most common dimensionality reduction approaches in RTM emulation, particularly for compressing
spectral data and large LUTs. See Table 5 for a qualitative comparison of these three methods on their
key properties. PCA remains the most general dimensionality reduction method in RTM emulation
studies, as autoencoders are integral to NN designs. SVD is sometimes used in emulation studies of
environmental models (see section 3.4). Although when applied to mean-centered data, both SVD
and PCA yield identical principal component directions and projections [112,115]. The compression
of spectral data reduces the computational burden for the emulator, as it learns to predict fewer
dimensions, and can improve generalization by filtering out noise and focusing on the most dominant
spectral features. Importantly, both PCA and autoencoders enable reconstruction of the full spectral
domain using back-projection, i.e., the inverse transformation (for PCA) or the decoder network (for
autoencoders), thereby allowing for emulation of the complete reflectance or radiance spectrum from
the reduced representation. It is likewise possible for the input data to comprise spectral information, as
opposed to the traditional RTM input parameters. In such cases, dimensionality reduction techniques
can be likewise applied to both input and output spaces, accompanied by a reconstruction step
(see also Section 4.2). Likewise, although less commonly encountered in emulation studies, another
potentially promising dimensionality reduction technique would be functional PCA (FPCA) [109],
which is a variant of PCA. FPCA is specifically designed for functional data. Functional data are
observations that are themselves functions or curves, rather than discrete, fixed-dimensional vectors.
These functions are typically observed over a continuous domain (e.g., wavelength) [116]. Also note
that other common dimensionality reduction methods such as t-SNE [117], Isomap [118], UMAP [119],
and Kernel PCA [120] do not enable back-projection, which makes spectral reconstruction difficult;
back-projection typically would require training a separate inverse model.

example
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Table 5. Comparison of common dimensionality reduction techniques used in RTM emulation workflows.

Property PCA [112] SVD [113] Autoencoder [114]
Type Linear projection Linear matrix factorization =~ Nonlinear encoder-
decoder

Learning Unsupervised (closed- Unsupervised (closed- Unsupervised  (trained
form) form) with backpropagation)

Nonlinearity No No Yes

Interpretability = High (ordered by variance) Moderate (singular vec- Low (latent variables)

tors)

Scalability Fast, memory-limited at Efficient, scalable SVD libs. Scales well; training cost
scale exist higher

Compression Effective for linear vari- Good for general matrices  Strong for nonlinear mani-
ance folds

Reconstruction  Inverse projection from Matrix product of trun- Decoder reconstructs from
PCs cated SVD latent space

Accuracy Good for linear data Similar to PCA Better for nonlinear data

Complexity Simple, widely used Simple, widely available Requires architecture and

tuning

RTM Use Common for LUT/input Rare, yet applicable (simi- Increasing use for LUT
reduction lar to PCA) compression

References [e.g., [60,121]] - [e.g., [66,69]]

4.3. Advanced Machine Learning for Emulation

Whereas the above sections demonstrated that established MLRAs are already used in the emu-
lation of vegetation and atmosphere RTMs, several more novel algorithms—though not yet widely
adopted in RTM applications—hold promise for developing more scalable, accurate, and uncertainty-
aware surrogate models. These include scalable variants of GPR, deep learning architectures (e.g.,
CNNs, transformers, GANs), and advanced gradient decision-tree ensembles (e.g., XGBoost, Light-
GBM, CatBoost). Bayesian methods such as BART and Bayesian NNs (BNNs) offer native uncertainty
quantification. Table 6 summarizes the most relevant methods, their main strengths, and associated
references. These emerging approaches could serve as a foundation for future developments in RTM
emulation workflows. Recent studies outside the strict RTM domain already illustrate the potential of
these advanced methods. Sparse GPR has been used to emulate high-resolution outputs of the JULES
land surface model [96]. XGBoost has been applied to emulate plant coexistence dynamics in the
ELM-FATES demographic vegetation model within the E3SM framework [100]. Graph Convolutional
NNs (GCNNSs) have been proposed as surrogate models for spatially explicit climate simulations with
integrated uncertainty quantification [104]. More recently, physics-informed NNs (PINNs) have been
employed to directly solve the radiative transfer equation, enabling physically consistent and accurate
approximations [89]. In the context of RTM emulation, choosing a suitable advanced MLRA would
depend on factors such as the size and dimensionality of RTM outputs (although the methods could be
combined with dimensionality reduction), the availability of training data, the need for interpretability
or uncertainty estimates, and computational constraints.
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Table 6. Overview of promising machine learning methods for RTM emulation. While not yet widely applied in
RTM studies, these approaches offer potential due to scalability, uncertainty quantification, or structural flexibility.
Refs: references.

ML Method Type Strengths for Emulation Refs
Scalable GPR; e.g., Sparse Probabilistic kernel re- Uncertainty quantification; scalable to  [122-124]
GPR, nearest neighbor GPR  gression large datasets via approximation

(NNGPR), stochastic varia-

tional (SVGP)

Deep GPR Deep kernel-based re- Captures hierarchical structure; better  [125]

gression handles complex non-stationarity

Bayesian Additive Regres- Bayesian ensemble trees  Probabilistic output; interpretable; han-  [126]

sion Trees (BART) dles nonlinear relationships well

XGBoost Gradient-boosted deci- Fast and accurate; robust to overfitting;  [127]

sion trees (GBDTs) interpretable

LightGBM GBDTs with histogram  Very fast; handles large-scale input effi-  [128]

splits ciently

CatBoost GBDTs with ordered Effective with categorical inputs; compet-  [129]

boosting itive accuracy

CNNs Deep learning (spatial) Strong at extracting local spectral /spatial ~ [130]
patterns; good for hyperspectral data

Transformers Deep learning (atten- Captures long-range interactions; suited  [131]

tion) to structured inputs (e.g., spectra)

PINNSs Physics-informed NNs Incorporates RTM physics in training  [132]
(e.g., spectral absorption features, con-
servation laws); enables physically con-
sistent emulation

Bayesian Neural Networks  Probabilistic deep learn- ~ Uncertainty-aware emulation; flexible for ~ [133]

(BNNs) ing complex nonlinearities

Generative Adversarial Net- Generative deep learn- Capable of high-fidelity synthetic spec-  [134]

works (GANs) ing tral generation; potential for inver-

sion/data augmentation

5. Applications of Emulation

Having introduced the principles of emulators in optical remote sensing, we now turn to their
practical applications. In RTM emulation, an MLRA is trained on RTM simulations, with RTM input
variables serving as predictors and RTM spectra as the outputs. Because spectral outputs are inherently
high-dimensional, dimensionality reduction is typically applied; training the emulator on compressed
spectral components, which are later reconstructed back into full spectra. This approach enables
efficient, accurate surrogates for complex RTMs. In the following sections, we discuss four key
application domains: (1) global sensitivity analysis, (2) synthetic scene generation, (3) scene-to-scene
emulation, and (4) retrieval.

5.1. Emulation for Global Sensitivity Analysis of RTMs

Global Sensitivity Analysis (GSA) quantifies how much variation in an RTM’s output is at-
tributable to each input parameter, including their interactions. Variance-based methods such as
Sobol’s sensitivity indices (i.e., first-order and total Sobol indices) provide a comprehensive decompo-
sition of output variance but traditionally require thousands to millions of costly RTM runs, making
GSA practically infeasible for complex models [135]. Emulators can substantially alleviate this compu-
tational bottleneck by replacing the full RTM with a fast surrogate, enabling variance-based GSA to be
performed in minutes or hours instead of weeks. This acceleration allows researchers to: (1) identify
influential RTM input parameters such as LAI, chlorophyll content, soil brightness, or atmospheric
variables like aerosol optical depth and water vapor; (2) reveal complex nonlinear interactions between
parameters—e.g., the synergistic effect of chlorophyll and LAI on reflectance; and (3) optimize input
parameter ranges to ensure efficient and representative simulation campaigns.

As a first demonstration of using emulators for GSA, Verrelst et al. [60] applied GPR, NN, and KRR
emulators to the PROSAIL and MODTRANS models (see also Figure 3). Their work demonstrated the
high accuracy of the emulators, and then successfully identified the key drivers of spectral variability.
Extending this work, Verrelst et al. [136] performed a detailed emulator-based GSA on a coupled

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.0938.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 September 2025 d0i:10.20944/preprints202509.0938.v1

15 of 27

leaf-canopy-atmosphere RTM system (PROSAIL + MODTRANS5). Their GPR emulator achieved
high fidelity (<2.5% relative error), allowing the identification of dominant contributors to TOA
radiance. Results revealed that vegetation parameters (e.g., leaf chlorophyll, water thickness, LAI)
dominated over atmospheric ones, demonstrating the feasibility of direct biophysical retrieval from
TOA data without prior atmospheric correction. Similarly, in the atmospheric domain, Vicent Servera
et al. [85] proposed a multifidelity GPR emulator framework for MODTRAN to support GSA while
balancing computational cost and accuracy. Progressing along this line, Vicent Servera et al. [137]
subsequently introduced a physics-aware feature selection framework for RTM emulation. By aligning
GPR feature selection with variance-based GSA, the method pinpointed key atmospheric variables
such as solar zenith angle, water vapor, and aerosol properties, contributing to more interpretable
emulation pipelines. In the context of operational atmospheric correction, Zhou et al. [138] used
MODTRAN and libRadtran to build LUTs, which were then emulated using an RF model to enable
rapid GSA and subsequent surface reflectance estimation. Their GSA highlighted visibility and water
vapor as dominant parameters affecting surface reflectance. It was concluded that emulator integration
not only improved computational efficiency but also enhanced understanding of parameter sensitivity,
supporting practical implementation in large-scale processing workflows. Overall, these works confirm
that emulator-enabled GSA uplifts sensitivity analysis from a theoretical possibility into a practical
and fast tool for RTM understanding, inversion optimization, and operational remote sensing retrieval
model development.

Total SI [%]

0
400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
Wavelength [nm]

Figure 3. Total sensitivity results of TOA radiance using a GPR emulator of a 12-variable PROSAIL-MODTRAN
RTM. Figure is adapted from [136]: A GPR emulator was run in ARTMO’s GSA tool with 1000 samples per
variable. The processing took less than 40 seconds. Figure is adapted from [136]; see [136] for details and
interpretation.

5.2. RTM Emulation for Synthetic Scene Generation

RTM emulators also offer a fast alternative to generate synthetic reflectance or radiance scenes
over simulated vegetated landscapes, vastly outperforming full RTM execution in speed. Importantly,
emulated scenes can be tailored to specific sensor characteristics—such as spectral band configurations,
signal-to-noise ratio, and spatial resolution—making them notably valuable within the context of
satellite mission design. Those emulators can be subsequently integrated into end-to-end simulation
frameworks [e.g., [139,140]] to assess system capabilities and optimize payload specifications. By
emulating responses across large parameter spaces, emulators can form the core to enable fast explo-
ration of "what-if" scenarios and foster a deeper understanding of how biophysical or environmental
factors over a surface influence observed signals from space. This includes identifying sensitive spec-
tral regions, investigating parameter interactions, or predicting sensor responses under unobserved
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conditions. In this context, a notable example is provided by Verrelst et al. [61], who developed
GPR- and NN-based emulators of the SCOPE model to reproduce canopy reflectance and SIF spectra.
Integrated into a so-called GUI Automated Scene Generator Module, the emulators produced synthetic
sensor-specific reflectance and SIF images with <2% error for reflectance and <4% for SIF, thereby
reducing processing time from days to minutes (see also Figure 4). These emulators support the
simulation of realistic reflectance and SIF scenes over mapped landscapes and have been used in the
context of ESA’s upcoming hyperspectral missions FLEX (FLuorescence EXplorer) [141] and CHIME
(Copernicus Hyperspectral Imaging Mission) [142].

Stats per class:

Input maps:

3-LCC map
(scene size 10 km?; pixel: 30 m?;
334x334=111,556 pixels)

vy

Figure 4. Illustration of A-SGM scene generation by using emulators. First, a land cover map is arbitrarily created.
Then, these classes are filled with the input variables as described in [61]. Following the emulators are run to
generate the spectral datacubes. For illustration, output images of a few wavelengths are shown. General statistics
(mean, SD, min-max) per class are derived. Figure is adapted from [61]; see [61] for details.

RTM-based emulators can also serve in spectral retrieval schemes that rely on physical principles.
Pursuing this approach, Pato et al. [143] introduced a MODTRAN-based ML emulator that directly
predicts at-sensor radiances in the O,-A absorption band, optimized for SIF retrieval. This emulator
integrates physical radiative transfer principles embedded in MODTRAN with advanced learning
using fourth-degree polynomial regression model to provide accurate and efficient estimates of
radiance, facilitating improved SIF inversion from airborne or satellite hyperspectral sensor data.
In summary, RTM-based emulators enable fast, scalable, and sensor-specific scene generation for
EO application development, satellite mission design, and the processing of satellite imagery. Yet,
aside from the studies mentioned above, their use for producing spatially explicit synthetic scenes
remains largely unexplored, marking a clear opportunity for further research in end-to-end simulation
frameworks and satellite image processing, e.g., in the context of developing atmospheric correction
and retrieval pipelines [e.g., [85,138]].

5.3. Scene-to-Scene Emulation

Scene-to-scene emulation involves transforming spatially-explicit remote sensing products from
one domain to another—for example, converting multispectral to hyperspectral reflectance, or airborne
to satellite-scale SIF. This application is a higher-level form of emulation, distinct from traditional RTM
emulators. Unlike RTM-based emulators, it leverages emulators trained on high-quality reference
data to directly and efficiently map between image domains, enabling rapid generation of realistic,
sensor-specific radiometric products. This process typically integrates dimensionality reduction at
both input and output stages, with back-projection applied to reconstruct full-spectrum outputs.

Regarding the emulation of reflectance imagery, Verrelst et al. [136] presented a prototype of
reflectance scene emulation in which 52 multispectral imagery was transformed into hyperspectral
imagery using GPR models trained on empirical HyPlant hyperspectral reflectance observations. The
resulting maps maintained physical consistency and spectral fidelity, enabling a first demonstration of
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hyperspectral scene reconstruction from operational satellite data. Building upon this, Morata et al.
[144] employed NNs to emulate hyperspectral reflectance (402-2356 nm) from S2 imagery (see also
Figure 5). The models achieved high accuracy (R? = 0.75-0.90, low NRMSE) and could process full
S2-like hyperspectral tiles (e.g., 5490 x 5490 pixels) in seconds. Model uncertainty was quantified using
NN dropout, allowing spatial predictive confidence. In another application, Barrou Dumont et al.
[145] developed an emulator for historical SPOT satellite imagery by emulating S2 data into SPOT
spectral and radiometric characteristics. This enabled the training of deep learning classifiers for snow
and cloud classification on SPOT images, thus without requiring reference data for SPOT, thereby
overcoming limitations of historical archives and supporting long-term ecosystem monitoring.

Sentinel-2 PCA $2 hyperspectral e Comparison

T y . B
e P d: Magd

o
)

o
IS
o o
=

N

3
=
Reflectance

Reflectance

o
o

o

0
500 1000 1500 2000 1000 2000
Wavelength (nm) Wavelength (nm)

0 1500
Wavelength (nm)

Figure 5. Workflow showing the procedure of emulating hyper- from S2 multispectral data using an MLRA in
combination with PCA dimensionality reduction and back-projection. Figure is adapted from [144]; see [144] for
details.

Scene-to-scene emulation has also proven to be a promising approach for reconstructing and
upscaling full-spectrum SIF. Morata et al. [76] developed an emulator trained on HyPlant airborne
radiance data to estimate SIF, enabling fast and accurate reconstruction of SIF maps from radiance
measurements. Building upon this, Morata et al. [121] subsequently presented a PCA-based approach
to reconstruct full-spectrum SIF from HyPlant O,A and O;B band signals simulated with the SCOPE
model. A KRR emulator was subsequently trained to upscale full-spectrum SIF through satellite
PRISMA reflectance spectra to satellite-scale full-spectrum SIF at 30 m and 300 m resolution, produc-
ing FLEX-compatible synthetic full-spectrum SIF products. Importantly, their method incorporated
uncertainty propagation throughout the reconstruction and upscaling steps, providing quantified
confidence bounds on the emulated full-spectrum SIF estimates. These advances illustrate the potential
of scene-to-scene emulation for generating realistic, high-resolution SIF products across platforms.
The developed workflow supports mission calibration and validation, enabling the flexible genera-
tion of satellite-like SIF datasets from airborne or ground-based measurements, thereby supporting
preparatory activities in upcoming missions, such as FLEX.

Together, these studies demonstrate the emerging potential of scene-to-scene emulation as a
powerful and computationally efficient approach for transforming remote sensing data across scales,
sensors, and spectral domains. This supports a wide range of applications, from algorithm training
and data fusion to satellite mission design and validation.

5.4. Emulation-Based Retrieval of Vegetation and Atmospheric Products

Finally, emulators have been applied to accelerate and enhance retrieval workflows for EO prod-
ucts, i.e., in mapping applications of vegetation and atmospheric variables using remote sensing data.
By replacing computationally intensive RTMs with fast, accurate surrogate models, emulation enables
large-scale, high-resolution inversion of multi/hyperspectral imagery. The traditional approach to
inverting RTMs in image processing employs iterative optimization [e.g., [146]], minimizing a cost
function that measures the mismatch between observed and simulated variables (e.g., reflectance).
Direct application to images is often infeasible due to the high computational cost of per-pixel iter-
ations. Substituting the RTM with an accurate emulator can greatly accelerate inversion, restoring
its practicality for large-scale retrievals. When the emulator preserves the realism of the original
model, inversions can not only run faster but also deliver improved estimates of vegetation properties.
This principle was demonstrated by Verrelst et al. [78] using a KRR emulator of the DART model to
numerically invert key vegetation variables such as LAI, leaf chlorophyll content (LCC), and fractional
vegetation (FVC) over a forest as observed by the airborne hyperspectral sensor HyPlant (see also
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Figure 6). Likewise, Shi et al. [63] employed soil-canopy—-atmosphere RTM emulators based on RF
and NNis to retrieve multiple vegetation variables from S2 TOA satellite observations with enhanced
computational efficiency. Similarly, Makhloufi and Kallel [82] coupled an ANN-based emulator of the
DART model with MC inversion, enabling uncertainty-aware crop monitoring from S2 data.

Atmospheric product retrievals also benefit from emulation. Vicent Servera et al. [85] developed
multifidelity GPR emulators for atmospheric RTMs, enabling efficient inversion for aerosol optical
depth and water vapor with uncertainty quantification. Likewise, Zhou et al. [138] combined atmo-
spheric correction with machine learning emulators to accelerate surface reflectance retrieval from
hyperspectral data, demonstrating improved processing throughput without sacrificing accuracy.
Overall, emulation-based retrieval approaches represent a transformative avenue for rapid, scalable,
and potentially uncertainty-aware mapping of EO vegetation and atmospheric products, making
emulators highly relevant for current and future satellite missions.
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Figure 6. Illustration of emulator-based numerical inversion over a forested terrain. A KRR emulator was trained
based on DART simulations. The function ‘Isqnonlin’ of Matlab’s optimization toolbox was used for the inversion.
The traits FVC, LCC, and LAI were successfully retrieved, while the RMSE gives insight into retrieval quality. See
[78] for details.

6. Ongoing Challenges and Future Outlook

To end this review, we offer some suggestions on ongoing trends and the future outlook. Recent
developments in machine learning are pushing the boundaries of what is possible for emulation in
remote sensing, pointing to several promising directions:

* Robust emulators: A persistent challenge in RTM emulation is maintaining high predictive
accuracy when applied to conditions outside the training domain. Strategies to address this
include: (1) Physically informed sampling or adaptive sampling [e.g., [147]], ensuring training
LUTs span the relevant parameter space; (2) Domain adaptation and transfer learning [e.g.,
[148-150]] to adjust emulators for new sensors, locations, or observation conditions; (3) Physics-
informed constraints that embed RTM equations or invariants into learning architectures [e.g.,
[132,151]]; (4) Regularization and uncertainty quantification to reduce overfitting and detect
when predictions are extrapolations [e.g., [152-154]]; and (5) Cross-domain validation, testing
on independent datasets with different distributions to evaluate robustness. Combining these
strategies improves resilience to domain shifts and enhances emulator applicability in operational
settings.

¢  Community Resources and Benchmarking: The growth of open-source libraries, pre-trained
emulators, user-friendly toolboxes, and collaborative benchmarks is a critical enabler for the field.
Already since 2015, ARTMO’s (automated radiative transfer models operator) Emulator Toolbox
has been released, which continues to be expanded with MLRAs and application tools (e.g.,
emulation of RTMs, GSA, scene generation [26,61,76,121,136,144]. Emulator tools have also been
prepared specifically for atmospheric RTMs within the ALG (Automated Lookup table Generator)
toolbox [20,85,137,155]. Both GUI toolboxes are downloadable at https:/ /artmotoolbox.com/. At

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://artmotoolbox.com/
https://doi.org/10.20944/preprints202509.0938.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 September 2025 d0i:10.20944/preprints202509.0938.v1

19 of 27

the same time, initiatives such as the development of standardized Python packages (e.g., Surro-
gate Modeling Toolbox: SMT https://github.com/SMTorg/SMT [156,157]) or specific modules
within larger machine learning libraries (e.g., PySMO: Python-based Surrogate Modeling Objects,
as part of IDAES (https:/ /idaes-pse.readthedocs.io/) lower the barrier to entry for researchers.
Further, collaborative challenges (e.g., specific emulation challenges such as emulation hackathon
(https:/ /huggingface.co/datasets/isp-uv-es/rtm_emulation) foster innovation, promote fair
comparisons, and accelerate the development of robust and generalizable emulators, ultimately
leading to faster operational adoption. These shared resources are key in scaling up applications
and expanding impact across the remote sensing community.

¢  Physics-Informed Neural Networks (PINNs): As discussed, PINNs are gaining traction as a
paradigm shift [e.g., [158,159]]. By embedding known physical relationships (e.g., spectral ab-
sorption features, conservation laws) directly into the neural network’s loss function, PINNs
can achieve higher accuracy with less training data, extrapolate more reliably, and offer greater
physical consistency than purely data-driven NNs. This blend of machine learning with phys-
ical constraints or knowledge represents a powerful direction for creating more robust and
scientifically grounded emulators.

e Explainable AI (XAI) for RTM Emulators: As emulators become more complex, especially
deep learning-based ones, there is an increasing demand for explainable Al (XAI) techniques [e.g.,
[160,161]]. It can be expected that future work will focus on developing explainable methods to
interpret how emulators make predictions, identify which input parameters are most influential
for specific outputs, and understand the internal logic of the models. This will build trust
in emulator-derived products and facilitate scientific discovery by elucidating complex RTM
behaviors.

¢  Multimodal and Multitemporal Emulation: Future emulators may move beyond single TMs or
single output types. Multimodal emulation involves models that jointly emulate multiple outputs
or modalities (e.g., simultaneous prediction of reflectance, SIF, and thermal emissions from a
single set of inputs), or fuse information across different sensor types (e.g., optical and thermal
RTMs). This holistic approach supports integrated ecosystem monitoring and can help bridge
gaps between diverse observations and process-based understanding. Progressing along, so far
the temporal aspect has been ignored in RTM emulation. In this respect, multitemporal emulation
can become promising and crucial for dynamic vegetation models, learning the evolution of
parameters and signals over time, which is essential for understanding phenology, crop growth,
or ecological succession.

7. Conclusions

Emulation, or surrogate modeling, has emerged as a transformative approach in optical remote
sensing, offering fast, scalable, and potentially uncertainty-aware alternatives to traditional R-TMs.
Established MLRAs such as GPR, KRR, RF and (DL)NNs have demonstrated high-fidelity RTM
approximations with speed-ups of 103-10° x. GPR provides probabilistic uncertainty quantification,
while (DL)NNs excel in accelerating high-dimensional outputs. Integrating an MLRA with dimen-
sionality reduction and back-projection greatly simplifies the reconstruction of output contiguous
spectral data. On the application side, emulators have proven particularly valuable in enabling global
sensitivity analysis, synthetic scene generation, uncertainty-aware scene-to-scene spectral translation
(e.g., multispectral to hyperspectral), and retrieval of vegetation and atmospheric products from remote
sensing data. Such applications are vital for optimizing satellite mission design, streamlining retrieval
workflows, and fostering novel data-driven EO solutions. Planning for the future, challenges remain
in ensuring generalization beyond training domains, improving interpretability, and establishing
standardized benchmarking protocols. Continued development of community tools and integration
of explainable MLRAs will be key to mainstream adoption. As both machine learning and intricate
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physical models continue to advance, emulators are destined to become indispensable in operational
remote sensing pipelines.
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