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Abstract | The Earth surface system and its dynamics are changing through nature-human interactions.
Earth surface system modeling (ESSM) is essential for understanding Earth surface processes pertaining to
the past, present and future, and for assisting in decision-making. Deep learning (DL), with its outstanding
strength for data-driven inference, shows promise in assisting ESSM by exploiting information from big
observational data. In this Perspective, we discuss current ESSM demands and DL potentials before
examining hybrid ESSM, a new research paradigm that integrates DL strengths into ESSM. By overcoming
subjective bias and deployment problems in current integration processes, we envision an intelligent
revolution in ESSM. We illustrate a conceptual framework to automatically generate customized, scalable
and accurate solutions for given ESSM tasks, based on modeling-related knowledge and DL strengths. We
conclude by discussing potential prospects for ESSM when integrated with DL for identifying pathways
toward a sustainable future.

Introduction

The Earth surface system encompasses dynamics on spatial scales ranging from sub-millimeter to global
and in temporal scale from milliseconds to billions of years'2. The Earth surface system consists of various
components, such as hydrological, geological, (near-surface) atmospheric, biological and social subsystems
(Fig. 1), which preserve interconnected and inter-constrained interactions through energy fluxes, material
fluxes and information fluxes®*. To understand the underlying mechanisms and anticipate chain reactions,
ancient philosophers to current scientists have studied the interactions between nature and the human
realm®®.

Based on computational techniques and mathematical models (typically, physically, (semi-)empirically or
statistically based), Earth surface system modeling (ESSM, Fig. 1) is a primary tool for representing and
guantifying the spatiotemporal variations and internal interactions of the Earth surface across the past,
present and future™. The scientific lifecycle of ESSM can be generally described as having five
methodological stages, namely (i) problem definition and contextualization, (ii) data preparation and
processing, (iii) model development and integration, (iv) model evaluation and optimization, and (v) model
simulation and application'®!, These stages may need to be attended to iteratively, and all are important
for ensuring that the key processes are addressed and the modeling is suitable for the purpose!?*®. However,
ESSM is confronted with technical challenges due to the vast volume of data available, creating analytical
barriers and necessitating the adoption of sophisticated technologies to overcome computational
bottlenecks*®,
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Fgiurel. An illustration of integrating Earth surface system modeling and deep learning to analyze
current scientific challenges. The figure shows the various subsystems of the Earth surface system and
how they connect and interact. The Earth surface system dynamics and interactions can be interpreted and
predicted by Earth surface system modeling and deep learning methods to better understand frontier
challenges such as climate change, natural resource exploitation, health and environment, and the
sustainable city.

Deep learning (DL, Fig. 1), using the power of deep neural networks for prediction accuracy, computational
efficiency, and the ability to process multimodal data, has revolutionized several research fields, including
computer vision, natural language processing, and protein structure prediction?®. This data-driven approach
has also found applications in geosciences!”, demonstrating its potential to address the analytical and
computational challenges faced by ESSM research?®2!, However, the data-intensive nature of DL has
inherent “black box” drawbacks due to its underlying abstract formalisms, whereas ESSM relies more on
process-based and interpretable representations. Moreover, Earth sciences face unique challenges arising
from the heterogeneous and noisy observed data, which often yields an incomplete view of Earth surface
processes?!. Despite the abundance of raw data, labeled and preprocessed data are scarce, mainly due to
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technical barriers and labor-intensive processes?. In light of the "bitter lesson's" emphasis on data quality??,
it is challenging for DL models to recognize patterns and generate trustworthy trends from noisy data with
few labels without adding prior domain expertise and physical principles®?,

Hybrid ESSM, which combines the strengths of ESSM and DL, is a current research trend that has resulted
in groundbreaking discoveries (for example, emulating Earth surface processes in high resolution®%) and
an improved understanding of frontier challenges (Fig. 1)1214 While enhancing the efficiency of analyzing
from observational data and accelerating discovery in ESSM?"%8, hybrid ESSM has also broadened the
application range of DL, such as information extraction from remote sensing imagery and climate variable
prediction?t. However, existing research has currently focused more on combining approaches at the model-
integration level, rather than adopting a holistic approach that encompasses the modeling lifecycle; the latter
helps to better understand and solve given tasks. The potential for subjective bias towards one paradigm
over the other can lead to an inadequate balance between the two paradigms, potentially impeding their
successful integration. In addition, the incompatibility of model deployment can result in computational
bottlenecks, posing another substantial obstacle.

In this Perspective, we discuss the challenges of existing ESSM research from a geographical perspective,
as well as the opportunities presented by DL. Further, integration modes and shortcomings of hybrid ESSM
are examined. Based on the modeling-related knowledge and the DL strengths, we propose a conceptual
framework for intelligently managing the ESSM lifecycle and investigate a potential application case, with
the aim of reducing current technical barriers. Finally, we look at future directions toward advancing ESSM
research through its integration with DL.

Challenges of current ESSM

Numerous process-based models have been developed and applied in ESSM throughout the evolution of
Geosciences. In order to analyze more comprehensive issues involving numerous processes, communities
have developed a series of integrated models based on ESSM that can depict interactions among multiple
subsystems?®. Table 1 lists prominent modeling applications in distinct domains. As indicated below, we
have identified four significant challenges that ESSM is currently facing.

Table 1 | Example conventional ESSM approaches and new DL options to scientific problems in various domains.

Example conventional

Domain Scientific challenge ESSM approaches DL-integrated options
Rainfall-runoff % LSSVM-HHO®! (multilayer
simulation SAC-SMA Perceptron (MLP) based)
Hydr0|ogica| system CNN-BiLSTM?® (ConVOIUtionaI
Groundwater modeling MODFLOW? neural network (CNN) and long
short term memory network
(LSTM) based)
Soil erosion modeling WEPP3* ANFIS® (MLP based)
Geological system ]
Sediment estimation SEDD?%* SediNet®” (MLP based)

Air quality assessment

Gaussian Plume

AQC-Net* (CNN based)

Atmospheric system Model*®
Weather prediction WRF#4 Graph neural network*
Forest carbon estimation SEIB-DGVM* FLUXCOM* (MLP based)
Biological system Wetland monitoring WM Bootstrap-BP neural network*

(MLP based)

Social system

Epidemic spread
modeling

Susceptible-infected-
susceptible Model*

LSTM*
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Deep Gravity model*® (MLP
based)

Human migration

. : Gravity Model*®
simulation

Completeness of understanding problems. Understanding the dynamics of the Earth surface system,
which exhibit self-organization, emergent, and hierarchical properties, should consider the intrinsic
interactions and feedbacks between different subsystems®1, In ESSM, macroscopic problems are often
decomposed hierarchically into less complex and more manageable ones to facilitate analysis and problem-
solving, while underlining the importance of interactions and emergent properties across different
scales®®%3, Yet, some current methodologies in ESSM, particularly those designed for large-scale
simulations, may not fully capture the intrinsic connections among related subsystems, potentially resulting
in reductionist approach®=*. Furthermore, these methods could lead to incomplete understanding and
computational challenges. Specifically, decomposed subproblems with too few geographic objects (for
example, landforms, vegetation, river) in subsystems might not provide a comprehensive view of the
relevant Earth surface states”°%; but in contrast, those with a large number of geographic objects may not
necessarily address the nonlinearity problem effectively and could introduce additional computational
complexities*457:58,

Capability of handling big data. A plethora of sensors continue to proliferate unstructured observational
data that capture states, fluxes and interactions of the Earth’s surface®®. They include Earth-observation
satellites, the global positioning system, in situ observations, and social media; all of these generate
quintillions of bytes every day®®¢, Although this data availability has created numerous opportunities for
ESSM studies, it has also led to unprecedented technological obstacles because of Big data’s “five Vs”
characteristics, namely, volume, variety, veracity, velocity and value®2%, It is generally difficult to fully
process the various data sources and further extract deep-level patterns, let alone discover knowledge from
them, utilizing conventional ESSM approaches®.

Precision of modeling dynamics. The construction of process-based models, particularly when involving
multiple subsystems and (semi-) empirical representations, is largely dependent on an expert’s
perspective®. So, model architecture and configuration are potentially affected by subjectivity and are
prone to bias, errors and unexpected simulation results®®. This is also accentuated when the derived models
consist of physical, (semi-)empirical, or statistical models that may struggle with effectively addressing
complex nonlinear dynamics®”®8, Although data assimilation strategies can enhance the performance of
these models, the pace of creating data frequently far exceeds the ability of models to assimilate it sensibly?°.

Efficiency of computational technology. The computational efficiency of process-based models is crucial,
particularly for high resolution or (near-) real-time modeling (for example, natural disaster assessment),
where delays in results caused by large time overheads could potentially impact decision-making
processes®®’®. Hardware-wise, current ESSM research often relies on multiple central processing units
(CPU)-based computers or supercomputers, which have been outperformed by expanding computational
demands™. A three-year study of fine-grained climate simulations on supercomputers shows that GPUs
outperform CPUs by at least an order of magnitude during high-resolution simulations’?. Regarding
software, ESSM lifecycle processes typically require manual operations or intermediate data transfers,
which can impede the computing pipeline. In addition, some models with computationally expensive
modules, such as the solution of optimization problems and partial differential equations, necessitate time-
intensive iterative simulations.

DL strengths

As a specific subfield of artificial intelligence, DL comprises a large class of approaches based upon the
different variations of deep neural network architectures. For example, convolutional neural networks,
architectures that focus on local connections through multi-dimensional convolutions, are often used to
extract patterns from various data modalities (for instance, 1D convolutions for sequences, 2D convolutions
for images, and 3D convolutions for videos). Recurrent neural networks, particularly those equipped with
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memory cells known as Long Short-Term Memory (LSTM) networks™, are commonly adept at learning
features and long-term dependencies from sequential inputs™. More sophisticated networks, like graph
neural networks, generative adversarial networks, and transformers, expand the applicability of neural
networks beyond relatively specific uses and demonstrate greater flexibility and adaptability for various
tasks*-">7®; in particular, transformers have been shown to be applicable across diverse purposes with
outstanding performance in geoscientific applications, such as modeling spatio-temporal patterns of climate
variables’” and tectonic plate movement’®.

Compared to conventional process-based models, deep neural networks generally exhibit superior
prediction performance in terms of fitting observational data®. Although it is important to acknowledge
that these networks typically have limited interpretability for understanding decision processes’®#, with the
research community actively working to address these shortcomings, the characteristics of deep learning
still pave the way for data-driven discovery of patterns in Earth surface system dynamics. Table 1 contains
some existing examples of DL-integrated ESSM options for the different domains. Since the introduction
of DL in 2006, most research areas have witnessed its development, with the number of published papers
related to these methods increasing annually (see Fig.2). In some fields, the volume of papers based on DL
published in the last three years is nearly half of the total published using these methods over the past decade
or more. On a broader note, the opportunities that DL brings to mitigate the challenges of ESSM can be
seen from four perspectives, as described in the following sections.

Rainfall-runoff simulation Soil erosion modelling Air quality assessment Forest carbon modelling Epidemic spread modelling
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Figure 2. Quantity of published research papers utilizing deep learning in various subsystems from
2006 to 2021. Each subfigure displays the proportion of articles published in the last three years relative to
the total number of articles in that category. The statistical data are collected from Web of Science.

Maximum use of multimodal data. Data derived across space and time are often characterized by
multimodalities; that is, they are multi-source, heterogeneous, unstructured, or multi-temporal®.. Integrating
information from various modalities into a homogeneous space helps uncover distinctive characteristics
and explain the observed processes®. Techniques for multimodal data fusion are numerous. Those
techniques that rely heavily on manual encoding with domain-specific expertise inevitably impair the fusion
results®®. In contrast, deep neural networks can adapt to unstructured multimodal data and uncover
complicated correlations among them?®*. The ability to tackle the challenges of ESSM using this aspect of
DL is a major advantage. For instance, DL-based approaches can fuse the various multimodal data derived
from decomposed problems, thereby affording an efficient way to understand Earth’s surface processes
more comprehensively.

Self-adaptive feature representation. The data generated by natural laws exhibit considerable uncertainty
and high dimensionality?®, To extract information from and understand such data, scientific communities
have a strong interest in representing their features. Traditional methods like Scale-invariant Feature
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Transform (SIFT), Term Frequency - Inverse Document Frequency (TF-IDF), and Principal Component
Analysis (PCA) commonly extract low- or mid-level features and are only suitable for certain workloads®.
In contrast, DL-based approaches have received attention in geoscientific applications due to the self-
adaptive feature learning mechanism (commonly based on supervised learning and labeled data).
Specifically, deep neural networks can uncover patterns and relationships from data, such as interpreting
various objects within complex backgrounds in observed images, that may be challenging to formulate
using traditional methods based on our a priori knowledge®’, This facilitates the extraction of deep-level
features without tedious feature engineering. Further, unsupervised or self-supervised approaches can
automatically adapt to latent domains in heterogeneous data at a fraction of manual and computational
cost®®, Modelers can use pre-trained models on public datasets like ImageNet®® to transition to
geoscientific applications, reducing time-consuming labeling efforts.

Superior fitting precision. DL-based approaches perform well in complex Earth surface system dynamics
as universal functional approximators®. For example, DL-based forecasting or nowcasting of climate
variables (e.g., precipitation, temperature and humidity) can achieve better results, spatially and temporally,
including the exact timing, location and intensity®®%, On the other hand, traditional models such as optical
flow frequently struggle to effectively capture nonlinear climate dynamics (for example, moist convection
and cloud formation)®*®* which can be attributed to the separation of internal processes and the presence
of nonoptimizable parameters®®. Some studies have also attempted to shift the paradigm for specific tasks
to enhance their performance, such as visual question-answering for geographic scenes®, synthetic
spatiotemporal data generation®, and extreme weather prediction®, that seem impossible for traditional
process-based models through customized networks. All of the preceding examples rely on the ability of
deep neural networks to fit with superior precision. There is however one large caveat to recognize here in
that, as with all modeling, the parameterization of deep neural networks depends on the training dataset(s),
which greatly affects fitting performance®. Biases embedded in training data could get encoded into the
model, making it essential to consider data quality and the conditions that affect their parameterizations and
extracted patterns?®®10,

High inferencing speed. It is undeniable that training deep neural networks require a significant amount of
timel®2, However, the inferencing speed of trained networks can be orders of magnitude faster than
conventional process-based models®, such as numerical methods, which frequently require lengthy
simulation durations to yield reliable outcomes’?1%, The computational efficiency of these conventional
models can be significantly enhanced with trained networks as a substitute!’. End-to-end network
architecture and parallel computing explain inferencing’s computational advantage. First, end-to-end setups
enable networks to learn complex representations of data, from inputs to targets, by feeding given data
directly without manual manipulations, thereby being highly beneficial for large-scale simulation®®.
Second, the data in deep neural networks are usually structured as a couple of tensors or matrices, which is
suitable for parallel computation®. The resulting inferencing speed can be increased by several orders of
magnitude with GPUs and TPUs!%".

Integrating ESSM and DL

The integration of ESSM and DL offers a promising avenue for advancing our understanding of Earth
surface system dynamics. While these two approaches have distinct research paradigms—theory-
simulation-driven and data-driven—they complement each other in principle?®. ESSM offers a strong
theoretical foundation for interpreting and representing Earth surface processes but may struggle to handle
complex dynamics in the context of big observational data. Conversely, DL excels at uncovering
information and fitting trends in large datasets, though it lacks interpretive equations and physical
constraints. Hybrid ESSM leverages the strengths of both approaches, demonstrating enhanced prediction
and interpretability capacities, potentially expediting the discovery of underlying Earth surface system
dynamics and interactions81%°,
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Existing hybrid ESSM research primarily focuses on integrating process-based models with deep neural
networks during the stage of model development and integration in the modeling lifecycle. The main
integration modes can be categorized into three fundamental modes: the cascading mode, the parallel mode,
and the embedding mode (Fig. 3). It is worth noting that complex tasks often require a combination of these
fundamental modes.

Cascading mode

Process-based Deep neural

Input —— ———Output
Py model i network utpu
Input Deep neural +Output . Process-based Output
network model
Parallel mode Embedding mode
basad Deep neural
Process-based __ o 1out Input ——» network ———Output
model Process-based
l model
Input Integrate
\’ T Process-based
Deep neural —»Output Input — model ———Output
network Deep neural
network

Figure 3. Computational logics of hybrid models. The cascading mode is a computational pipeline consisting of
process-based models and deep neural networks that runs sequentially and transmits intermediate results. There are
two cases according to the sequential order of the models. The parallel mode is when both types of models are run
simultaneously. The embedding mode is when the two types of models are embedded into each other’s models as
plug-in modules. According to the embedding relationship, they can also be divided into two cases.

Cascading mode. The cascading mode is a computational pipeline consisting of process-based models and
deep neural networks that run sequentially and transmit intermediate results. This mode has two cases.

In the first case, the process-based model is executed before the deep neural network (diagram 1 in Fig. 3).
Using a process-based model to produce training data or perform feature engineering for a deep neural
network and the latter's ability to downscale the output variables of the former are two typical functions.
For instance, process-based models can filter high-quality samples based on physics-based criteria or
construct simulated datasets for training deep neural networks to achieve high prediction accuracy with less
ground truth data!'®!'t, Moreover, deep neural networks can statistically downscale the coarse outputs of
process-based models, which is crucial for predicting climate variables!*2® and reconstructing real-world
landscapes!!#115,

In the second case, the deep neural network is utilized first, followed by the process-based model (diagram
2 in Fig. 3). As an example, process-based models can constrain or refine deep neural network outputs to
adhere to physical mechanisms!!®%’  In addition, deep neural networks can be used to calibrate process-
based models to reduce parameterization complexity when solving partial differential equations'81°,
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Parallel mode. In the parallel mode, process-based models and deep neural networks are executed
concurrently (diagram 3 in Fig. 3). This mode has three practical uses due to its parallel nature: (i) solving
complex issues by dividing and conquering, (ii) processing multimodal data and (iii) parallel computing.
Specifically, the divide-and-conquer strategy, generally built for decomposed sub-problems,
simultaneously employs the process-based model and deep neural network to address the challenges at
which they excel*?*12!, Also, process-based models generally process data in specific file formats (e.g.,
Shapefile and NetCDF) more efficiently than deep neural networks in terms of preprocessing and encoding
these raw datasets. Therefore, from the standpoint of computational efficiency, it is promising to use
process-based models or deep neural networks to process the data they can handle most efficiently while
performing tasks involving heterogeneous data sources!?*'?%, Parallel computing cannot only employ
supercomputer technology to boost computational performance!® but also partition the modeling
environment, thereby avoiding incompatibilities caused by heterogeneous computing resources between
process-based models and deep neural networks!?126,

Embedding mode. The embedding mode allows process-based models and deep neural networks to be plug-
and-play components!?"-12°, Specifically, the two approaches will be seen as plug-ins, complementing one
other. The embedding mode can be further subdivided into two cases.

The first case involves incorporating deep neural networks as surrogate modules into process-based models
(diagram 4 in Fig. 3). The trained deep neural networks can be neural surrogates or solvers for difficult-to-
compute submodules, such as based on partial differential equations!®, optimization procedures'®, and
high-dimensional tasks':®. Thus, the local modules of process-based models can be automatically
parameterized and modified'®?, thereby improving computational efficiency and accurately solving
complex systems?33134,

The second case refers to the integration of process-based models into deep neural networks (diagram 5 in
Fig. 3) to incorporate physical mechanisms and principles and construct physics-informed architectures'®,
such as Physics-Informed Neural Networks (PINNs)®2. For example, designing specific loss functions to
optimize networks is a straightforward and effective way to constrain inferred results to confirm to domain-
specific understanding®®®. Some studies have investigated methods for determining the network’s structure
(e.g., hidden layers) based on domain laws or physical techniques. Although this is not an easy task,
groundbreaking results have been achieved, such as neural ordinary differential equations™®’ and
geographically weighted artificial neural network®, In addition, another promising application of research
is the incorporation of physical restrictions into deep neural networks to determine new equations that
characterize Earth surface dynamics*°.

Shortcomings

Despite many years of sustained research, hybrid ESSM is still in its infancy. Highly heterogeneous data,
insufficient ground truth data, and low interpretability of outcomes have been previously described as the
main challenges®. This section examines further theoretical and practical shortcomings in existing hybrid
ESSM studies, to identify opportunities for significant improvements in hybrid ESSM capabilities.

Restricted integration scenarios. Existing hybrid ESSM studies concentrate mainly on model-level
integration. Nevertheless, the ESSM lifecycle is more comprehensive and generally includes the five
indispensable stages in the scientific methodology summarized in the introduction. These stages are all
essential for determining the quality and relevance of the solution so that the modeling is suitable for the
purpose, such as is captured by the notions of usability, feasibility and reliability*2. Future studies can focus
on systematically organizing knowledge about the lifecycle processes in ESSM, encompassing the physical
mechanisms behind Earth surface processes, data sources, model structures, and computational
methodologies. By integrating this prior knowledge with deep learning techniques, an intelligent question-
answering and recommendation system can be developed to assist users in generating accurate and
customized solutions for their specific tasks. In this envisioned process, modeling-related knowledge would
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guide and constrain the inference of deep learning models, while deep learning techniques could potentially
uncover new discoveries and insights by leveraging the existing knowledge base.

Subjectivity in the modeling lifecycle. Subjective factors can be the primary obstacles to achieving highly
accurate outcomes in hybrid ESSM. As noted previously, researchers are prone to use their expertise or
criteria, likely making the modeling logic less precise and potentially biased. For example, modelers can
favor physical or numerical models, whereas others with a strong background in DL prefer a more data-
driven approach. Both may lead to suboptimal hybrid models for a specific task'*°. Another underlying
challenge is that numerous innovative ideas and techniques about DL continue to inundate scientific
communities, necessitating researchers to comprehend the most current technical advancements!*t, When
it comes to choosing configurations (e.g., architectures or hyperparameters) for deep neural networks, many
experienced ESSM researchers might be at a loss.

Incompatible computational environment. Incompatibilities between ESSM and DL in terms of hardware,
software stack, and operating environment could impair computational efficiency. Specifically, process-
based models are often executed on multi-CPU computers or high-performance computing facilities'#?,
whereas the training and inferencing phases of deep neural networks are typically deployed in GPU-based
and container-based (e.g., Docker) environments'*®, Further, process-based models, particularly
mechanistic ones, were until recently often constructed using Fortran and C++, whereas deep neural
networks in specific environments employ Python and packages like Tensorflow and PyTorch. This latter
distinction has become less problematic as many scientists are starting to embrace Python and the emerging
technique of scientific machine learning (SciML) developed by Julial**. But these discrepancies in
development and deployment methodologies generally result in separating DL and ESSM workloads. As a
result, it significantly impacts data and message transmission and limits the computing capacity of hybrid
ESSM.

Towards intelligent ESSM

Constructing appropriate and effective solutions to complex ESSM tasks is generally challenging. An initial
undertaking is to fully understand the problem contexts and associated geographic objects. Handling big
and multimodal data, especially extracting useful information or knowledge from it, is also a laborious task.
Further, it is essential to focus on the trade-offs between model complexity and computational efficiency,
as well as to calibrate the derived models and quantify or at least indicate model performance including
uncertainty aspects. Finally, when applying constructed models, computational environments and software
stacks are not easy to comprehend for those domain experts who are often not also experts in computation.
Given the possible challenges and shortcomings analyzed earlier, we aim to start an intelligent revolution
in ESSM that automatically delivers customized, scalable and accurate solutions to given ESSM tasks so
as to lower technical barriers. We propose a conceptual framework intending to direct the entire modeling
lifecycle automatically and intelligently for specific tasks (Box 1).

Box 1 | The construction of the conceptual framework.

In a homogeneous environment, adaptive guidance plans are intelligently generated to guide modeling tasks
and allocate modular resources throughout the modeling lifecycle. These plans are the outputs of question-
answering mechanisms and recommendation functions, powered by a modeling-related knowledge
repository and a DL computing system. The repository organizes knowledge like domain theory,
computational resources and model configurations, extracted from peer-reviewed literature, web corpora,
and expert input. The DL computing system employs advanced strategies to predict user preferences (user-
item interactions) in modeling, enabling acquisition of the most desired resources. Moreover, the
knowledge repository provides a priori knowledge to constrain the prediction results of the DL computing
system, while the latter can provide inferencing aid to uncover and infer unknown knowledge from given
material to improve the former’s completeness. The adaptive guidance plans function as follows:

Stage 1. Problem definition and contextualization. A given ESSM topic to investigate can be
hierarchically decomposed into multiple sub-analyses or interactions of the subsystems
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involved. Geographic objects and their relations in space and time can be recognized and
visualized automatically, giving modelers a clearer understanding of what to analyze before
investigation commences.

Stage 2. Data preparation and processing. Relevant data is retrieved, with adaptive recommendations for
processing techniques. Therefore, beneficial patterns and interior knowledge can be acquired
from various types of data rather than through manual manipulation.

Stage 3. Model development and integration. A modular strategy organizes model modules, allowing
knowledge-based reasoning methods to build customized models for specific needs. Automatic
methods, including calibration and uncertainty estimation, improve prediction results and
computational efficiency.

Stage 4. Model evaluation and optimization. Suitable metrics for evaluating performance will also be
selected at this stage. The probabilistic inferencing and other methods will be deployed to
estimate the statistical confidence in the various models and other ways to represent
uncertainties.

Stage 5. Model simulation and application. Based on the characteristics of the data and models, it is
proposed that the CPU, GPU, memory, storage and network resources be dynamically scheduled
to enhance computational performance and efficiency.

Stage 3: model development and integration
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Modeling lifecycle

Modeling-related knowledge repository. The purpose of the modeling-related knowledge repository is to
organize the diverse knowledge required to model Earth surface processes, not only about the paradigm of
conventional methods, but also about the DL techniques. For example, there should be knowledge about
geophysical mechanisms in the subsystems, as well as modeling information such as data, methods, models
and computational logic. This repository could have the advantage of not only organizing a vast amount of
knowledge but also serving as an a priori medium and constraint to improve performance of the DL
computing, thereby enabling the discovery of previously undiscovered information.
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In constructing this knowledge repository strategies combine both “bottom-up” and “top-down”
designations. The former uses natural language processing and computer vision methods to automatically
extract dynamic knowledge about concepts, entities and relationships of the Earth surface system from
publicly available authoritative data (e.g., peer-reviewed research literature and web corpora). The latter
depends on the domain expertise of specialists. That is, it relies on the crowdsourced participation of experts
or communities to build the repository’s structure and properties, encode existing knowledge, and to
provide this in collaboration. Moreover, the “bottom-up” strategy can generate more comprehensive and
up-to-date knowledge, and the construction process can be automated, but it relies on existing information
and knowledge extraction technologies. On the other hand, the “top-down” strategy relies on expert
knowledge, which could be more scientific but biased and would typically involve tedious manual
manipulation. These two constructions have distinct characteristics and can be combined to create a
comprehensive knowledge repository.

Deep learning computing system. The DL computing system and the modeling-related knowledge
repository ideally are built in a homogeneous environment. There are two potential practical advantages
from a computational standpoint. First, a homogeneous environment is likely to be efficient for interaction
and communication between these two components since it avoids the issue of incompatible local
computing facilities. Second, such a homogeneous environment can continuously acquire data from the
Internet and crowdsourcing, update deep neural networks online and dynamically complete the modeling-
related knowledge repository.

In order to anticipate the probability value of modeling resources being used through deep neural networks,
it must first comprehend the demands of modelers based on context analysis and historical user-item
interaction records. The DL computing system can also be used during the “bottom-up” development, and
to infer unknown or missing information among the existing knowledge based for instance on Bayesian
learning strategies, all of which can be used to complete the knowledge repository. Data deficiency, that is,
the lack of high-quality ground truth data, will be a foreseeable challenge for the DL computing system. In
this case, (semi- or un-) supervised learning or self-taught learning offer promising solutions. The deep
neural networks would update their parameters based on unlabeled data and maintain lifelong learning on
the backend, facilitating self-renewal of the conceptual framework.

Adaptive guidance plans. Crucially, the framework entails question-answering mechanisms and
recommendation functions to generate adaptive modeling guidance plans. The question-answering
mechanisms should grasp modeling descriptions and requirements and then acquire answers, whereas the
recommendation function adaptively relates to the next modeling steps. The adaptive guidance plans are
expected to serve as clear guidelines for issues that arise throughout the entire modeling lifecycle.

Potential application case. There are many uncertainties in modeling human activities in the Earth surface
system because human behavior is heterogeneous and variously influenced not only by themselves but also
by their social and natural environment#5, And unlike purely biophysical systems human behavior is not
governed by scientific laws. Moreover, most of the data for such modeling are derived from questionnaires,
survey observations, interviews, expert opinion and global positioning systems, thereby incorporating a
large degree of subjective and systematic bias*¢. Here, human behavior, especially in the context of the
post-COVID-19 pandemic era, will be used to demonstrate the proposed framework.

The rapid transmission of COVID-19 and its unprecedented worldwide scope have radically altered
contemporary societies. We have entered the post-COVID-19 era during which all countries live with
COVID. Consequently, we are interested in questions like what are the various impacts of the changed
travel behaviors adapted to the post-COVID-19 era? Understanding this question will assist in analyzing
how the pandemic affected the social and natural environment to promote sustainable development. We
employ our conceptual framework to guide the modeling of this problem, with potential guidance plans as
illustrated in Fig. 5.



442
443
444
445
446

447
448
449
450
451
452

453
454
455
456
457

Stage 1: problem definition and contextualization Stage 2: data preparation and processing

Macroscopic problem
What are the impacts of the changed travel behaviors adapted to the post-COVID-19 era?

/—/\

Mesoscopic problem Geographic objects and relations

* Changes in air pollution Transportations
* Changes in the global energy
Infrastructures

« Changes in vehicle supply chains

Transportation
trajectories

Data processing

* Data cleaning
Official
statistics Data transformation

; .
« Data aggregations

Retrieve the
relevant data

R
Population
characteristics

Environmental
variables

Feature processing
Microscopic problem
* Kinds of travel behaviors

* Feature construction

« Spatiotemporal variations of these behaviors * Feature selection

* Time series and spread routings of COVID-19 * Feature clustering

Stage 3: model development and integration Stage 4: model evaluation and optimization
Deep neural network . .
modules Discrete results evaluation Continuous result evaluation Statistical hypothesis testing

Model integration

* Convolution + Confusion matrix * Root meansquareerror  « Analysis of variance
* Autoencoder Component 1 ¢ Accuracy * R Squared + Chi-squared test
+ Attention

¢ Log-loss * Mean squared log error » Student t-test

Model parameterization
Process-based model *

modules
* Dynamics

* Markov chain

* Grid search

+ Random search I

. ¢ "
Y 10p 1

—— q Uncertainty analysis
* Diffusion equation i * Agent-based algorithm R b
S Customized model «  Multi-fidelity simulation y . Quantification of | (Propagation .
- ity Identlﬁca_t on of || Importance the uncertainty to the model Communlcgho
v uncertainties assessment of uncertainty
O m sources outcomes
\—/) —__ N o~

Component

Organization

Stage 5: model simulation and application

Separating simulation environments

Computational resources Operating systems e ~ ~N
* CPUs ' —_— - 1 .

+ Ubuntu - Windows - MacOS -... Global energy Vehicle supply
¢ GPUs simulations simulations
* Storages I g ) )
* Memories e ~ ~
¢ Int t Applications

nterne S B Air pollution . .
+ Python - Julia - Java : C++ .. simulations Other simulation tasks

Figure 5. Potential plans for guiding the modeling for analyzing impacts of travel behaviors adapted to the post-
COVID-19 era. The guidance plans are generated by our conceptual framework and can direct modelers to build
customized solutions to solve given problems. The guidance can be divided into five stages according to the ESSM
lifecycle.

First, this macroscopic problem can be automatically subdivided into mesoscopic issues (such as changes
in air pollution, global energy supply and consumption, or vehicle supply chains) and additional
microscopic issues (e.g., different varieties of travel behaviors, spatiotemporal variations in these behaviors,
time series trajectories and spread routings of COVID-19, and interrelationships between COVID-19
variants and travel behaviors). By visualizing the geographic objects and relationships involved, the
decomposed sub-problems help modelers comprehensively understand the raw problem.

Second, multimodal data collection and processing will be a significant technical challenge. This conceptual
framework should capture and extract real-time information from open platforms such as administrative
websites, social media platforms and news websites, to recommend various sorts of up-to-date data and
their associated processing methods. By assembling modular deep neural networks and process-based
models, customized model architectures for distinct challenges can be created. Through automated
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parameterization of models, the potential of these models for addressing associated issues can be enhanced.
The guidance plans should also include metrics and methodologies for outcome evaluation and uncertainty
analysis, thereby enhancing trustworthiness. Finally, the guidance plans should stress application
effectiveness and computational efficiency. Computing resources can be automatically aggregated in
cyberspace and loaded with suitable operating systems and software applications to increase the
compatibility of computational pipelines and efficacy of the analysis.

Summary and future perspectives

Integration of ESSM and DL approaches is an emerging paradigm for understanding Earth surface system
dynamics. Most research focuses on integrating process-based models and deep neural networks into hybrid
models, rather than exploring the advantages of a comprehensive approach that covers all modeling
lifecycle stages. Moreover, integration success could be affected by subjective biases in the modeling
processes and incompatible computational environments between the approaches. In this paper, we have
examined the state and characteristics of studies of ESSM, DL, and their current hybrids before presenting
a conceptual framework that we envision to be an intelligent revolution in ESSM. This aims to intelligently
create customized, scalable, and accurate solutions for modeling Earth surface processes by integrating the
ESSM knowledge and DL capabilities.

Our framework shares similarities with ChatGPT47-14° in the ability to automatically generate customized
responses based on user inputs by leveraging deep learning techniques, but it is specifically designed for
the ESSM field. Notable differences between our framework and ChatGPT include the output form
(multimodal outputs and modeling resource assignment vs. pure-text outputs), technical foundation
(knowledge-constrained inference vs. inference by large-scale deep neural networks) and learning strategy
(online self-learning vs. periodic background updates)*4’-14°.

In conclusion, the integration of ESSM and DL is across multiple disciplinaries and still an evolving field
of science, thus aspiring to advance capability and capacity through the collaboration of an open scientific
community and to increase the trustworthiness of the results through advanced tools and good practices.
Here, we present recommendations for the future development of the ESSM and DL integration to make it
more accessible, transparent and trustworthy.

Open community. ESSM’s interdisciplinarity necessitates an open community for open knowledge, open
resources (for example, datasets, codes and models) and open research cooperation. Research organizations,
such as the OMF (Open Modeling Foundation)!®, the OpenGMS (Open Geographic Modeling and
Simulation)*! and CSDMS (Community Surface Dynamics Modeling System)? already encourage
collaboration and sharing. Hopefully among others, these environments will facilitate the collaboration of
scientists from various disciplines to address complex problems. Building a virtual online platform for
researchers to experiment and discuss will also enhance the transparency and reproducibility of modeling.

Trustworthiness of outcomes. The black box nature of DL networks presents a unique challenge for
geoscientific applications, as they are not easily interpretable despite producing superior results.
Explainable or interpretable artificial intelligence using explanatory approaches (for example, layer-wise
relevance propagation, integrated gradients, and occlusion analysis) do however allow users to understand
internal mechanics of deep neural networks®. Merging process-based models with domain-specific
knowledge as surrogates in deep neural networks can further increase the transparency of what might
otherwise be black boxes'™*. Related research projects are still evolving, but there remains a significant
trade-off between model performance in terms of explainability and simulation accuracy of model outputs.

Moving forward, our framework anticipates the intelligent development of customized models; however,
the pathway may not align entirely with geoscientists’ logic, as generated solutions predominantly depend
on the inference results of deep neural networks. Therefore, it advocates not only enhancing the accuracy
of the DL computing system based on specific objective functions, but also implementing contextually-
appropriate logic constraints that are compliant with the mindset of major geoscientists. These
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considerations should be taken into account throughout the entire modeling lifecycle, ultimately enhancing
the trustworthiness of results and outcomes.

Moreover, two typical characteristics reduce confidence in the predictive accuracy of ESSM. The first is
the difficulty in accurately simulating certain extreme events due to the highly dynamic character of the
Earth's surface system'*®. Second, climate change and technological progress, such as the capacity of
humans to move sediments, could disrupt observed data, posing additional challenges to the efficacy of
created modelst®®157, To mitigate these issues, maintaining regular updates of models and software is crucial,
as is utilizing data assimilation, lifelong learning techniques, and explainable or interpretable artificial
intelligence. In addition, acquiring the up-to-date and widespread data and processing the vulnerable
observations using hybrid models can also effectively improve modeling performance.

Ultimately, recognizing that uncertainty will always be present, enhancing the trustworthiness and
credibility of results requires adherence to good modeling practices'?%8, These include deliberating on
fitness for purpose, applying systematic procedures, characterizing and discussing uncertainties, justifying
choices, and clearly stating assumptions and limitations!®. Ensuring transparency through thorough
documentation further strengthens the reliability of the outcomes?*%°,
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