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Abstract
The goal is to develop an efficient and accurate surrogate model for
Daycent, a widely used but computationally expensive ecosystem
model. This problem is important due to its societal applications in
sustainable agriculture. Challenges include balancing the trade-off
between prediction time and solution quality (e.g., accuracy), as well
as the need to capture spatial relationships both within and across
sites, while also accounting for varied crop management practices
that introduce irregular and non-stationary patterns, reducing pre-
dictability. Related work on surrogate models with traditional feed-
forward artificial neural networks (SM-ANN) has shown that these
models have limited accuracy and often fail to capture spatial depen-
dencies. To address these limitations, we explore novel Surrogate
Models with Hybrid Spatial Neural Networks (SM-Hybrid) capable
of explicitly modeling spatial autocorrelation and tele-connections.
Experimental results show that the proposed SM-Hybrid is more
accurate than SM-ANN and is twice as fast as the Daycent model.
CCS Concepts
• Information systems → Data mining; • Computing method-
ologies → Machine Learning; • Applied Computing → Environ-
mental Sciences; • Computing Methodologies→Modeling and
Simulation.
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1 Introduction
Given a widely used process-based ecosystem model (e.g., Day-
Cent [38]) that generates accurate yet computationally demanding
outputs, the goal is to construct a more efficient yet sufficiently
accurate deep neural network-based surrogate model. By integrat-
ing complementary models (e.g., hybrid architectures) and learning
from sparse and spatially heterogeneous data, the surrogate model
maintains acceptable predictive accuracy (e.g., above 90%) while
significantly improving efficiency. The Daycent model takes in-
puts such as daily weather data (e.g., temperature, precipitation),
soil texture, land management practices, and initial soil conditions,
and outputs variables including soil organic carbon, nitrate levels,
and greenhouse gas (GHG) fluxes (e.g., N2O, CO2, CH4) [12]. Its
sub-models for plant growth, soil organic matter decomposition,
and other biogeochemical processes enable assessments of land-
use change, agricultural management, and climate impacts on soil
carbon stocks and GHG emissions.

https://doi.org/10.1145/3764921.3770153
https://doi.org/10.1145/3764921.3770153
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Surrogate models are simplified statistical or machine learning
approximations that emulate the input–output behavior of compu-
tationally expensive process-based models such as DayCent. They
are widely used in simulation and modeling to reduce runtime
while retaining sufficient predictive fidelity [18? ]. In the context
of DayCent, surrogate models can provide rapid approximations of
soil organic carbon dynamics, greenhouse gas emissions, and crop
yield responses, enabling large-scale scenario testing and decision
support that would otherwise be computationally prohibitive.

The surrogate modeling problem is important because soil-based
GHG emissions contribute significantly to climate change, and their
mitigation plays a critical role in achieving environmental sustain-
ability. For example, agriculture and land-use change account for
approximately a quarter of total global GHG emissions [29]. Car-
bon farming practices, such as regenerative agriculture and soil
conservation techniques, play a key role in sequestering soil carbon,
reducing GHG emissions, and enhancing soil health. Given these
efforts, it is essential to develop reliable and scalable methods for
accurately quantifying carbon sequestration and GHG emissions at
the field level [33]. This will enable a precise evaluation of manage-
ment and climate impact, and help ensure that farmers receive fair
compensation for their contributions to carbon mitigation.

The problem is challenging for several reasons. First, balancing
the trade-off between computational efficiency and solution qual-
ity (e.g., acceptable accuracy) remains a significant difficulty for
model development. Additional challenges arise from data sparsity
in both training and validation, as measurements are often un-
evenly distributed across the input domain. For example, in the U.S.
Midwest, observations of soil organic carbon (SOC) tend to cluster
in specific locations, leaving other areas relatively under-sampled
[28]. Moreover, capturing long-term temporal dependencies—from
fine-grained intervals to multi-year trends—is essential for robust
predictions. Finally, agricultural landscapes are further complicated
by human interventions such as crop rotation, fallow cycles, and
selective planting, which introduce irregular and non-stationary
dynamics that reduce model predictability.

Previous surrogate modeling efforts have primarily relied on
shallow artificial neural networks (ANNs) to approximate process-
based models, such as DayCent [36]. However, these approaches
often exhibit limited predictive accuracy. Their main shortcomings
lie in neglecting spatial dependencies (e.g., autocorrelation and
tele-connections) and being developed within narrowly defined
geographic areas, which restricts generalization to regions with
higher spatial heterogeneity or SOC and GHG emissions.

To address these limitations, we investigate Surrogate Models
with Hybrid Spatial Neural Networks (SM-Hybrid), designed to
capture both local spatial patterns and long-range dependencies
explicitly. As illustrated in Figure 1, SM-Hybrid balances computa-
tional efficiency with predictive fidelity by combining two comple-
mentary components: a convolutional neural network (CNN) for
localized feature extraction and a transformer for broader spatial
interactions via attention mechanisms. Compared to conventional
surrogate models based on feed-forward ANNs (SM-ANN) and the
process-based DayCent model, SM-Hybrid achieves improved accu-
racy at a fraction of the computational cost, offering a flexible and
scalable alternative for spatially explicit ecological applications.
Our contributions are as follows:

• This paper proposes Surrogate Models with Hybrid Spatial Neu-
ral Networks (SM-Hybrid) that explicitly capture spatial auto-
correlation (e.g., using CNNs) and tele-connections (e.g., using
Transformers).

• We conduct a comparative study with well-known neural net-
work architectures, including standard artificial neural networks
(SM-ANN) and vision transformers (SM-ViT), based on different
partition strategies accounting for spatial heterogeneity.

• Experimental findings indicate that SM-Hybrid often achieves
higher accuracy than SM-ANN and, in our tested settings, can
be up to two orders of magnitude faster than the process-based
Daycent model, depending on the dataset and task configuration.

Figure 1: Limitation of Related Work

Scope: This paper presents a preliminary study demonstrating
the potential of Surrogate Models with Hybrid Spatial Neural Net-
works (SM-Hybrid) for accelerating DayCent simulations. We re-
strict our contribution in this work to Step 1 of a larger investigation
framework (described in Appendix 5.4), focusing on comparing can-
didate surrogate models (CNN, Transformer, and Hybrid). Broader
considerations such as scalability, interpretability, and end-to-end
deployment are beyond the current scope. We also do not explore
advanced data fusion (e.g., integrating remote sensing and ground-
based observations), transfer learning, or domain adaptation for
cross-ecosystem generalization. Finally, this study only evaluates
shallow CNNs with two convolutional layers and does not consider
deeper residual CNNs or attention-enhanced backbones tailored
for geo-spatial textures.

GeoSim Workshop Relevance: This work is relevant to the
GeoSim workshop because it does the following:

• It extends the process-based DayCent model with surrogate
approaches to accelerate geospatial simulation of soil carbon
and nitrogen dynamics, greenhouse gas (GHG) fluxes, and
crop yields.

• Thiswork leverages deep learning architectures (CNNs, Trans-
formers, and hybrids) to capture spatial dependencies such
as autocorrelation and tele-connections, consistent with
GeoSim’s emphasis on spatially explicit simulation.

• This work supports large-scale experiments and interactive
decision support by approximating DayCent with models
that are orders of magnitude faster.

• The paper highlights variability across soil textures, man-
agement practices, and climate conditions, aligning with
GeoSim’s focus on land use and environmental processes.
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• We also discuss trade-offs between computational efficiency
and predictive fidelity, with opportunities for future refine-
ment through data fusion and domain adaptation.

Organization: Section 2 describes the application domain. Sec-
tion 3 provides background on the Daycent model and formally
defines the problem. Section 4 details the proposed approach and
design decisions. Experiments are presented in Section 5, and Sec-
tion 6 details related work. Finally, Section 7 concludes the paper
with future directions.
2 Illustrative Application Domains
2.1 COMET-Planner and DayCent
COMET-Planner [17] is a tool developed by Colorado State Uni-
versity and USDA NRCS that provides region-specific estimates
of GHG reduction potential for conservation practices. It builds
on the DayCent model, which simulates soil and plant processes
with field-calibrated accuracy but is computationally intensive. To
remain practical, COMET-Planner uses precomputed DayCent out-
puts organized into lookup tables, enabling fast access but limiting
flexibility when applied outside the calibration context.

Surrogate models offer a more adaptive alternative by approxi-
mating DayCent outputs with machine learning trained on simula-
tion data. Once trained, they provide predictions in seconds, accept
broader input ranges, and scale to diverse soil, management, and
climate conditions. This supports more site-specific and data-driven
decision-making than fixed lookup tables.
3 Problem Formulation
3.1 Background
1.Daycent Model: Process-based bio geochemical models like Day-
cent have become essential tools for understanding carbon and
nitrogen dynamics in ecosystems. In the Daycent model, a pool
is a conceptual compartment of organic matter (either plant litter
or soil organic matter) categorized by its decomposition rate. The
Daycent framework uses a hierarchical data structure to track car-
bon and nitrogen in ecosystems. The model divides organic matter
into five main pools, two for plant litter and three for soil organic
matter, each with decomposition rates ranging from months to cen-
turies. The model’s multi-pool design captures how organic matter
breaks down at different speeds: some decompose quickly (active
pool), some very slowly (passive pool), and some at intermedi-
ate rates (slow pool). The model also simulates water movement
through soil layers and tracks nitrogen transformations, includ-
ing losses through various pathways. Daycent operates on daily
time steps to simulate plant growth, organic matter decomposition,
soil-water and temperature regimes, and nutrient cycling processes
across multiple soil layers. Its high computational cost is due to
the complex process coupling, where multiple submodels (plant
growth, soil-organic matter decomposition, water movement, and
temperature dynamics) interact simultaneously and require itera-
tive solutions at each time step. The total computational demand
of the model can be conceptualized as: High temporal resolution
× Complex processes × Multi-layer soil × Large spatial scale ×
Long time series = Enormous computational load, where each
factor increases the overall requirements.

This computational intensity often limits DayCent’s use in large-
scale or time-sensitive applications such as COMET-Planner. To
overcome this, researchers have developed surrogate models that
approximate DayCent’s outputs with much lower resource require-
ments. Although DayCent provides high accuracy, its cost makes
it less practical for many scenarios. However, that same accuracy
makes it a strong benchmark for training surrogates. The output of
DayCent can be used to teach neural networks the key relationships
between environmental input and ecosystem responses.

The proposed SM-Hybrid addresses this gap. It reduces run-
time substantially while maintaining predictive accuracy and en-
ables fast parameter exploration, uncertainty analysis, and real-time
decision support that would be infeasible with the original model.

2. Conceptual Overview of the Daycent Model Diagram: A
conceptual representation of Daycent, shown in Figure 2, illustrates
the flow of carbon and nitrogen through key ecosystem compart-
ments and their interactions with environmental factors.

Figure 2: Conceptual Diagram of Daycent model

Inputs: Environmental drivers include weather, soil properties,
vegetation, and management practices. Outputs: Daily estimates of
𝐶𝑂2, 𝐶𝐻4, and nitrogen gases (e.g., 𝑁2𝑂 , 𝑁𝑂 , 𝑁2), leaching of min-
eral nitrogen, soil organic carbon stocks, and crop yields, providing
a dynamic view of ecosystem processes.

Themodel represents three primary compartments: atmosphere
(greenhouse gas emissions from soil processes), vegetation (plant
components that assimilate carbon and uptake nitrogen), and soil
(water and temperature dynamics, soil organic matter pools, and
dead plant material). Key fluxes include carbon, where NPP drives
𝐶𝑂2 uptake and decomposition releases carbon back to the atmo-
sphere, and nitrogen, where uptake and precipitation inputs are
offset by denitrification, nitrification, and leaching across soil layers.

Soil water and temperature dynamics have a direct influence on
decomposition and nutrient cycling. Decomposition transfers C and
N from dead-plant material to SOM pools—active (with a turnover
time of 0.5–1 year), slow (10–50 years), and passive (1,000–5,000
years) — with soil type, vegetation type, and management modulat-
ing all processes.

3. Surrogate Models: Surrogate (or meta) models are light-
weight statistical emulators that approximate high-fidelity numeri-
cal process-based models at a fraction of the computational cost.
Whereas traditional NWP systems solve PDEs (e.g., Navier–Stokes,
thermodynamics) on supercomputers for hours, surrogates learn in-
put–output mappings from those simulations and return forecasts
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in seconds [18]. Their speed enables real-time tasks, renewable
energy scheduling, emergency response, and disaster management,
where latency is critical. For example, Microsoft’s Aurora delivers
10-day, high-resolution forecasts almost instantaneously, outper-
forming many conventional systems [51].

Beyond direct forecasting, surrogates integrate seamlessly with
data assimilation. A FourCastNet graph-neural surrogate [2] was
embedded in a variational framework and demonstrated skill preser-
vation over a year, despite partial and noisy observations, illustrat-
ing how assimilation can stabilize otherwise drift-prone machine
learning models. Domain-focused surrogates show similar gains:
rapid flood-hazard estimates in an Andean basin [52], CNN-based
regional wind-wave prediction [60], and storm-surge projections
on evolving coastlines [30]. Recent studies [9, 41] argue that cou-
pling ML with data assimilation is key to capturing both short and
long-term climate dynamics while guarding against instability and
data sparsity.

Table 1: Summary of Mathematical Notations and Symbols

Notation Description
𝑆 Training set { (X𝑖 ,Y𝑖 ) }𝑁𝑖=1 generated with Daycent
X𝑖 Input features for site 𝑖 (soil, climate, management)
Y𝑖 Daycent outputs for site 𝑖 (SOC, GHG, yield)
𝑓𝜃 Spatial surrogate (neural network) with parameters 𝜃
Ŷ𝑖 Surrogate prediction for X𝑖 : Ŷ𝑖 = 𝑓𝜃 (X𝑖 )
𝑇 Number of time steps in the sequence
X𝑡 Grid at time 𝑡 , X𝑡 ∈ R𝐻×𝑊 ×𝐶0

𝐻, 𝑊 Height and width of each spatial grid
𝐶0 Channels in the raw input grid
𝐿 Number of convolutional blocks
𝑘ℎ, 𝑘𝑤 Convolution kernel height and width
𝑠ℎ, 𝑠𝑤 Convolution stride (height / width)
𝑝ℎ, 𝑝𝑤 Zero-padding (height / width)
𝑍

(𝑙 )
𝑖,𝑗,𝑐

Pre-activation at (𝑖, 𝑗, 𝑐 ) in layer 𝑙 with bias 𝑏 (𝑙 )
𝑐

𝑧𝑡 Global-average-pooled CNN feature at time 𝑡
𝑒𝑡 Linear embedding of 𝑧𝑡 into 𝑑model dims
𝑑model Transformer token (model) dimension
𝑃𝐸 (𝑡, 𝑠 ) Positional encoding at time 𝑡 , site 𝑠
𝛼, 𝛽 Temporal / spatial scaling factors in 𝑃𝐸
𝑒𝑡 Token fed to Transformer: 𝑒𝑡 + 𝑃𝐸 (𝑡, 𝑠 )
𝐻head Number of self-attention heads
𝑄ℎ, 𝐾ℎ,𝑉ℎ Query, key, value matrices for head ℎ
𝑑𝑘 Query/key dimension per head
𝐵space Learned spatial-bias matrix (𝑇 ×𝑇 ) applied to attention logits
𝐴ℎ Normalised attention weights for head ℎ
𝑊𝑂 Output projection after concatenating heads
𝑊1,2, 𝑏1,2 FFN linear weights / biases
𝑑ff Hidden dimension in FFN
ℎ
(𝑛)
𝑡 Hidden state after MHSA in layer 𝑛 (superscript 𝑛 indexes the

Transformer layer)
𝑊out, 𝑏out Regression head weight / bias
𝑑out Dimension of surrogate output vector
𝑦̂ Final surrogate prediction (e.g., SOC, GHG, yield)
𝑠0 Reference site used in spatial distance for 𝑃𝐸 (𝑡, 𝑠 )

3.2 Problem Statement
The goal is to develop a Surrogate Model with Spatial Neural Net-
works (SM-Hybrid) that efficiently approximates the outputs of a
computationally expensive process-based model such as Daycent.
Input:

– A dataset 𝑆 = {(X𝑖 ,Y𝑖 )}𝑁𝑖=1, where each sample comprises
input X𝑖 and output Y𝑖 generated by Daycent.

– A set of candidate deep-learning architectures designed to
capture spatial dependencies, including spatial autocorrela-
tion and tele-connections.

Output:
– A surrogate model 𝑓𝜃 , trained on 𝑆 , that approximates Day-
cent outputs.

Objective: Computational efficiency.
Constraints: Solution quality.

Semantic description of inputs and samples: A site denotes a
unique field location (lat/long, elevation) associated with a soil map
unit and management regime; one training sample corresponds to a
site-scenario pair (rotation, fertilizer rate, and timing) with an input
window of meteorology and management spanning the preceding
𝑇 days (here, 𝑇=365 unless stated). Inputs include static features
(soil texture, bulk density) and dynamic features (daily 𝑇max/𝑇min,
precipitation, radiation, planting/harvest operations). Outputs are
Daycent-derived targets for that site–scenario, e.g., daily NEE and
annual yield.

Figure 3: Conceptual Diagram of Accelerated Daycent ap-
proximations using SM-Hybrid

To address this problem, we consider four key elements (Figure 3).
The dataset 𝑆 = {(X𝑖 ,Y𝑖 )}𝑁𝑖=1 pairs inputs X𝑖 (soil, climate, manage-
ment practices) withDaycent outputsY𝑖 (SOC, GHG emissions, crop
yield). Candidate architectures, including CNNs and Transformers,
are used to capture spatial autocorrelation and tele-connections.
The resulting surrogate 𝑓𝜃 mapsX𝑖 ↦→ Ŷ𝑖 with accuracy comparable
to Daycent but at significantly lower cost.

This framework enables rapid, scalable inference for interactive
planning, large-scale simulations, and decision support. For exam-
ple, given a no-till corn–soybean rotation on silty-clay-loam soil in
central Iowa under projected 2030 conditions, the surrogate can re-
turn SOC change (+0.15 t ha−1), and expected corn yield (9.3 t ha−1)
in milliseconds, versus several seconds for Daycent. For context,
annual SOC stock changes in row-crop systems are typically on
the order of ±(0.1–0.5) t ha−1, so +0.15 t ha−1 represents a modest
but practically meaningful gain. Efficiency gains must not sacrifice
accuracy; the surrogate must preserve Daycent’s predictive quality
to ensure reliable decisions.
4 Proposed Surrogate Model with Hybrid

Spatial Neural Networks (SM-Hybrid)
We present a hybrid architecture that combines a CNN and a trans-
former for spatiotemporal modeling, leveraging the CNN for local
feature extraction and the transformer for long-range dependencies.
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4.1 Spatial Feature Extraction
The CNN module starts by processing data that represents a spatial
map over time, much like a series of snapshots of a field. Each
snapshot, denoted as X𝑡 , captures information such as soil carbon
(C), moisture, or nitrogen (N) levels across different locations and
soil depths (e.g., 0–1 cm, 1–4 cm). The CNN analyzes this grid by
focusing on small patches at a time using a convolution process
to identify patterns, such as areas with high soil moisture or SOC.
This process involves sliding a small window (called a filter) over
the grid, combining the data within the window to highlight impor-
tant features. The filter learns to detect patterns through training,
adjusting its weights to recognize key characteristics better.

After identifying these patterns, the CNN applies a ReLU func-
tion to emphasize the most significant features, while ignoring less
important ones. Then, max-pooling simplifies the data by keeping
only the most prominent features in each small region, reducing
the grid’s size while preserving its essence.

After several layers of this process, the CNN condenses the grid
into a compact set of features, denoted as 𝑧𝑡 , which summarizes
the spatial patterns at each time step. This summary captures the
local relationships in the data, such as how soil properties in one
part of the field relate to those in nearby areas.

The CNN processes input tensors {X𝑡 }𝑇𝑡=1, whereX𝑡 ∈ R𝐻×𝑊 ×𝐶0

is a spatial grid at time 𝑡 .
For the 𝑙-th convolutional layer, with input𝐻 (𝑙−1) ∈ R𝐻𝑙−1×𝑊𝑙−1×𝐶𝑙−1

(where 𝐻 (0) = X𝑡 ), the output is

𝑍
(𝑙 )
𝑖, 𝑗,𝑐

=

𝑘ℎ−1∑︁
𝑝=0

𝑘𝑤−1∑︁
𝑞=0

𝐶𝑙−1−1∑︁
𝑐′=0

𝑊
(𝑙 )
𝑝,𝑞,𝑐′,𝑐 𝐻

(𝑙−1)
𝑖+𝑝,𝑗+𝑞,𝑐′ + 𝑏

(𝑙 )
𝑐 , (1)

where𝑊 (𝑙 ) ∈ R𝑘ℎ×𝑘𝑤×𝐶𝑙−1×𝐶𝑙 are filter weights and 𝑏 (𝑙 )𝑐 is the bias.
Output dimensions are

𝐻𝑙 =

⌊
𝐻𝑙−1 + 2𝑝ℎ − 𝑘ℎ

𝑠ℎ

⌋
+ 1, 𝑊𝑙 =

⌊
𝑊𝑙−1 + 2𝑝𝑤 − 𝑘𝑤

𝑠𝑤

⌋
+ 1. (2)

ReLU activation is applied:

𝐻
(𝑙 )
𝑖, 𝑗,𝑐

=max
(
0, 𝑍 (𝑙 )

𝑖, 𝑗,𝑐

)
. (3)

Max-pooling reduces dimensions:

𝑃
(𝑙 )
𝑖, 𝑗,𝑐

=
𝑚ℎ−1max
𝑝=0

𝑚𝑤−1
max
𝑞=0

𝐻
(𝑙 )
𝑠
𝑝

ℎ
𝑖+𝑝, 𝑠𝑝𝑤 𝑗+𝑞, 𝑐

. (4)

After 𝐿 layers, the feature map 𝐻 (𝐿) ∈ R𝐻𝐿×𝑊𝐿×𝐶𝐿 is globally aver-
aged:

𝑧𝑡 =
1

𝐻𝐿𝑊𝐿

𝐻𝐿∑︁
𝑖=1

𝑊𝐿∑︁
𝑗=1

𝐻
(𝐿)
𝑖, 𝑗,: ∈ R𝐶𝐿 . (5)

Next, an embedding step adjusts the size of the features summa-
rized by the CNN to match the requirements of the transformer,
ensuring they are transformed into a format it can understand. The
sequence {𝑧𝑡 }𝑇𝑡=1 is linearly embedded:

𝑒𝑡 =𝑊𝑒𝑧𝑡 + 𝑏𝑒 , (6)

with𝑊𝑒 ∈ R𝐶𝐿×𝑑model and 𝑏𝑒 ∈ R𝑑model .

We adopt the same padding/stride across layers and apply global
average pooling to stabilize gradients under variable spatial sup-
ports; residual connections are deferred to future ablations. Tele-
connections refer to long-range spatial dependencies (e.g., the influ-
ence of soil moisture conditions in one region on nitrogen cycling
in another), while spatial autocorrelation refers to local dependen-
cies among nearby sites. These concepts are central to ecological
simulation but are often neglected in prior surrogate modeling
approaches.

4.2 Spatially Aware Positional Encoding
We capture topological relationships from the Daycent models
(Figure 2) by employing a spatially-aware positional encoder. The
encoder helps the transformer understand the topological interac-
tions and provides it with special labels that indicate when and
where each piece of data originates. For example, in Daycent, time
embedding might indicate the specific day and depth of the soil
layer where the measurement was taken. This is crucial because
soil properties can vary significantly at different depths (e.g., 0-1
cm vs. 15-30 cm) or at different times (e.g., during a wet season
vs. a dry season). By adding these labels, we ensure that the trans-
former can account for these factors, thereby improving its ability
to model Daycent processes, such as N cycling or soil organic matter
decomposition.

Positional encodings 𝑃𝐸 (𝑡, 𝑠) ∈ R𝑑model combine temporal and
spatial terms:

𝑃𝐸 (𝑡, 𝑠)2𝑖 = sin
(

𝑡

𝛼2𝑖/𝑑model

)
+ sin

(
dist(𝑠,𝑠0 )
𝛽2𝑖/𝑑model

)
, (7)

𝑃𝐸 (𝑡, 𝑠)2𝑖+1 = cos
(

𝑡

𝛼2𝑖/𝑑model

)
+ cos

(
dist(𝑠,𝑠0 )
𝛽2𝑖/𝑑model

)
, (8)

where dist(𝑠, 𝑠0) is the spatial distance from reference 𝑠0, and 𝛼, 𝛽
are scaling factors. The Transformer input is

𝑒𝑡 = 𝑒𝑡 + 𝑃𝐸 (𝑡, 𝑠𝑡 ) . (9)

4.3 Temporal and Spatial Modeling
The proposed spatially aware positional encoding also captures
long-range relationships (e.g., how a rainy season might affect soil
moisture months later, or how soil carbon in one area influences
nearby regions) via self-attention. For example, it might notice that
high rainfall in the spring leads to increased nitrogen gas emissions
in the summer. To make this process more effective, we incorporate
a spatial bias that enables the transformer to prioritize relationships
based on physical distance, such as the interactions between soil
layers at different depths. This is followed by multiple like feed-
forward networks to refine its understanding of the data. After
several layers of processing, the proposed SM-Hybrid produces a
rich representation of the data that captures both short-term and
long-term patterns in soil C, moisture, and GHG fluxes.

SM-Hybrid processes {𝑒𝑡 }𝑇𝑡=1 with 𝑁 layers of multi-head self-
attention (MHSA) and a feed-forward network (FFN). For head ℎ,

𝑄ℎ = 𝐸𝑊
𝑄

ℎ
, 𝐾ℎ = 𝐸𝑊 𝐾

ℎ
, 𝑉ℎ = 𝐸𝑊𝑉

ℎ
, (10)

where 𝐸 = [𝑒1, . . . , 𝑒𝑇 ]𝑇 and𝑊𝑄,𝐾,𝑉

ℎ
∈ R𝑑model×𝑑𝑘 . Attention scores

include spatial bias:

𝐴ℎ = softmax
(
𝑄ℎ𝐾

𝑇
ℎ√

𝑑𝑘
+ 𝐵space

)
, (11)
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with 𝐵space ∈ R𝑇×𝑇 . The MHSA output is

MHSA(𝐸) = Concat(head1, . . . , head𝐻 )𝑊𝑂 , (12)

where𝑊𝑂 ∈ R𝑑model×𝑑model . The FFN is

FFN(𝑥) =𝑊2 ReLU(𝑊1𝑥 + 𝑏1) + 𝑏2, (13)

with𝑊1 ∈ R𝑑model×𝑑ff and𝑊2 ∈ R𝑑ff×𝑑model . Layer normalisation:

ℎ
(𝑛)
𝑡 = LayerNorm

(
𝑒
(𝑛−1)
𝑡 +MHSA(𝑒 (𝑛−1)𝑡 )

)
, (14)

𝑒
(𝑛)
𝑡 = LayerNorm

(
ℎ
(𝑛)
𝑡 + FFN(ℎ (𝑛)𝑡 )

)
. (15)

Finally, the transformer’s output is summarized to produce the fi-
nal predictions.We average the information over time to get a single,
concise result, which is then transformed into the specific outputs
we’re interested in, such as the amount of CO2 emitted, the soil
moisture level, or the concentration of N gases. This step ensures
that the model’s predictions are directly usable for understanding
soil dynamics in the Daycent model, supporting applications like
climate changemitigation or agricultural planning. The transformer
output ℎ (𝑁 ) ∈ R𝑇×𝑑model is mean-pooled and linearly transformed:

𝑦 =𝑊out

(
1
𝑇

𝑇∑︁
𝑡=1

ℎ
(𝑁 )
𝑡

)
+ 𝑏out, (16)

where𝑊out ∈ R𝑑model×𝑑out and 𝑏out ∈ R𝑑out . We utilize a lightweight
transformer (two encoder layers, four heads) to minimize com-
putations while capturing long-range dependencies, along with
an ablation study that quantifies the contributions of the CNN,
transformer, and spatial bias.
5 Experimental Evaluation
The goal of the experiments was to evaluate the benefits of a deep
neural network for developing a fast surrogate model with accuracy
comparable to Daycent, with research questions (RQ) as follows:

RQ1: How do our proposed methods compare to Daycent and
baseline ANN on both prediction and training time?

RQ2: How do different configurations of our proposed model
perform when predicting NEE and crop yield?

RQ3: How do the candidate surrogate methods perform under
different spatial and temporal partitioning strategies?

Experimental Design: Figure 4 shows the overall experimen-
tal design. The Data Division component involves various data-
partitioning strategies used to determine the training, testing, and
validation datasets. For each partition strategy, we compare CNN,
Transformer, and Hybrid Surrogate Model with Hybrid of convolu-
tion and Transformer (SM-Hybrid). Finally, the fourth component
is based on MSE-Loss and execution time.

Implementation Details: The experiments were conducted
using Google Colab Pro, leveraging an NVIDIA A100 GPU for both
training and evaluation. This configuration provided the compu-
tational power necessary to train models with high complexity,
such as convolutional neural networks (CNNs) and transformers.
All models were optimized using Adam [? ] with default learning-
rate scheduling. Zero-padding and stride values were held constant
across layers to maintain consistency. Global average pooling was
used to stabilize gradient updates under variable spatial supports.

We evaluated four models: CNN, Transformer, and our proposed
Surrogate Model with CNN and Transformers (SM-Hybrid), each

optimized for balanced complexity and generalization. All models
were optimized using Adam. The details are as follows:
• SurrogateModel with Convolutional Neural Networks (SM-
CNN): Consists of two convolutional layers (filters: 32, 64; kernel
size: 3 × 3; activation: ReLU), followed by MaxPooling, dropout
(0.2–0.4), and a dense layer with 64 neurons.

• Surrogate Model with a Transformer (SM-T): Uses two con-
volutional layers (filters: 32, 64; kernel size: 3 × 3; activation:
ReLU) for feature extraction, followed by MaxPooling, dropout
(0.2–0.4), and two Transformer encoder layers (feedforward di-
mension: 64, dropout: 0.2). The output is projected through a
dense layer with 64 neurons.

• Surrogate Model with a Hybrid Architecture (SM-Hybrid):
Combines CNN-based local feature extraction (two 1D convolu-
tional layers with GlobalAveragePooling) and Transformer-based
sequence modeling (two encoder layers, feedforward dimension:
64, dropout: 0.2). This design balances locality and long-range
dependencies, with a total of 32,002 trainable parameters.

• SurrogateModel with Vision Transformer (SM-ViT):Adapts
the vision transformer architecture by partitioning input se-
quences into patches, each linearly projected into embeddings.
These embeddings pass through two transformer encoder layers
(multi-head self-attention, feedforward dimension: 64, dropout:
0.2). The output tokens are aggregated using GlobalAveragePool-
ing and projected through a dense layer with 64 neurons. This
architecture emphasizes global spatial dependencies but often
underperforms in capturing fine-scale spatial heterogeneity com-
pared to CNN or hybrid variants.
Choice of Candidates: We considered several architectures for

our surrogate models. Each candidate was motivated by different
strengths. CNN-based models are effective at extracting local spatial
features such as neighborhood patterns, while transformer models
are well-suited for capturing long-range temporal dependencies.
Our hybrid design combines these two capabilities, enabling the
model to balance fine-scale locality with broader contextual infor-
mation. We also considered the Swin Transformer, which excels
in vision tasks with stable spatial hierarchies, but performs less
effectively in our domain. Agricultural landscapes are strongly in-
fluenced by human interventions, such as crop rotation, planting
legumes for soil enrichment, or leaving fields fallow. These deci-
sions introduce irregular, non-stationary dynamics that reduce the
predictability of models like Swin, which assume more consistent
spatial structures. While further domain-specific tuning could po-
tentially improve its performance, our experiments indicate that
CNNs, transformers, and their hybrid form provide a better match
to the spatiotemporal complexities of the data.

Dataset Description: The Daycent dataset consists of simula-
tion results from 2,562 sites within the U.S. Midwest, spanning the
period 2000–2020. In this work, we focused on only two key output
variables: Net Ecosystem Exchange (NEE), which represents daily
𝐶𝑂2 fluxes, and an approximation of total Soil Organic Carbon
(SOC) change. Crop Yield will be added (more details in Appendix
A). Figure 5 illustrates two different spatial partitioning strategies
for data distribution across Illinois (IL), Iowa (IA), and Indiana (IN).
This comparison highlights the impact of spatial awareness in train-
ing AI models. The structured spatial partitioning method Figure 5
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Figure 4: Experiment Design

(a) preserves spatial locality, enabling models to better learn re-
gional characteristics, whereas the random partitioning approach
Figure 5 (b) does not explicitly account for geographical divisions.

(a) Longitudinal Partitioning (b) Random Partitioning

Figure 5: Spatial Partitioning of Synthetic Data

We evaluated out-of-region generalization using three comple-
mentary holdout protocols: (a)a spatial (longitudinal) block
holdout that withholds entire, contiguous geographic regions, (b)
an IID random split that primarily measures interpolation, and (c)
a temporal block holdout that withholds contiguous years. Un-
less noted otherwise, we adopted a 70/15/15 train/validation/test
split along the relevant axis: For the spatial block, one region is
held out for testing. In contrast, the remaining regions were used
for training and validation. For the temporal block, the most recent
period was reserved for testing, and earlier periods were withheld
for training/validation. This design quantifies how well the model
transfers to unseen geographies or unknown years, in contrast
to the IID split and temporal block, which mixes spatial contexts. As
shown in Section 5.1, the accuracy and efficiency differ across
protocols, indicating that the choice of split materially affects
conclusions. These findings underscore the need to account for
spatial and temporal dependence when training and evaluating
surrogate models across heterogeneous domains.

(a) Longitudinal Partitioning: Figure 5 (a) presents a struc-
tured geographical data split based on longitude, where Illinois,
Iowa, and Indiana are divided into three spatial segments: 70% for
training (blue), 15% validation (orange), and 15% testing (green).
This spatial partitioning ensures that the model learns regional spa-
tial dependencies and generalizes well across different geographies.

(b) Random Partitioning: Figure 5 depicts a purely random al-
location of data points across the same region, with no enforcement
of spatial boundaries. Here, training, validation, and test samples
are randomly distributed throughout the area, leading to a mix of
regional influences in all sets.

(c) Temporal Partitioning: Temporal partitioning enables mod-
els to learn temporal dependencies and assess performance on fu-
ture time windows, enhancing generalizability for long-term trend

predictions. The upper panel in Figure 6 shows Net Ecosystem
Exchange (i.e., NEE) in gC/m2/day, with intense seasonal cycles,
segmented into training, validation, and testing periods using dis-
tinct background colors. The lower panel depicts annual crop yield
(ton/ha) over the same period, ensuring consistent temporal splits
across variables.

Figure 6: Temporal Partitioning of Synthetic Data

Synthetic Data Generation: The dataset was generated using
Daycent version 279. The simulation sites were restricted to annual
croplands in all counties of Iowa, Illinois, and Indiana, using USDA
CroplandData Layer datasets (https://croplandcros.scinet.usda.gov/).
Site-specific soil characteristics required for Daycent were derived
from SSURGO [50]. Daily weather data were from gridMET [1].
Common rain-fed corn–soybean rotations were simulated for 21
years in the three states with state-specific planting dates. Forty-two
scenarioswere simulated, namely two control scenarios (corn–soybean
and soybean–corn rotations without fertilization) and combinations
of two rotations (corn–soybean or soybean–corn), ten fertilization
rates (3.36 to 33.6 g N/m2), and two application timings (on corn’s
planting date or 30 days afterwards).

The crop yield provided in the Daycent data is the harvested
grain carbon amount each year (one value per year). It is not the
average value of all crop yields over a field, but only specific to one
crop type, either "corn" or "soybean". The crop type is a variable in
the input file, named PLANTT (see Appendix A for a description),
which has two categories: 0 represents soybeans and 1 represents
corn. Together, the input variables FERTZRN, PDOY, and PLANTT
(described in Appendix A) contain information on fertilizer rate,
plant date, crop type, and rotation information, which allows for the
reference of a specific yield to a particular management scenario,
resulting in separate yields for different fertilizer rates.
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Table 2: Performance comparison of different neural-
network methods

Methods Accuracy Prediction Time Training Time
Daycent (Original) 1.000 2 s/site N/A
ANN 0.790 0.00032 s/site 118.81 s
Proposed Surrogate Model with Spatial Neural Networks (SM-Hybrid)
SM-CNN 0.900 0.00475 s/site 77.92 s
SM-T 0.950 0.01026 s/site 846.15 s
SM-ViT 0.966 0.01096 s/site 73.30 s
SM-Hybrid 0.954 0.00343 s/site 62.97 s

5.1 Computational Efficiency (RQ1)
Evaluation metric: While DayCent requires approximately 2 sec-
onds per site, our SM-Hybrid reduces inference time to 0.00343
s/site, representing an ≈600× speedup. For perspective, running
DayCent on 10,000 sites would require nearly 5.5 hours, whereas
SM-Hybrid would finish in less than a minute. This large gain high-
lights the practical impact of surrogate modeling for regional and
cross-country scale assessments. Unless otherwise noted, we report
Accuracy as the coefficient of determination 𝑅2 on the hold-out
test set (per target), averaged across runs and reported alongside
time metrics. For loss curves, we plot MSE. We will include 95%
bootstrap CIs for 𝑅2 in the Appendix. Table 2 presents training time
(seconds) and epochs for different architectures (CNN, Transformer,
and Hybrid) across three data partitioning strategies (Random, Lon-
gitude, and Yearly). The transformer requires the longest training
time, reaching 1553.02s (Random), 846.15s (Longitude), and 410.83s
(Yearly), approximately 5–10 times that of CNN, which exhibits the
highest efficiency at 45.44s under the Yearly split. The Hybrid model
balances computational complexity and efficiency. Structured data
partitioning (Longitude/Yearly) significantly reduces training time,
with CNN showing an 84.4% decrease from Random to Yearly splits,
indicating that spatial and temporal structure enhances learning
efficiency. Additionally, convergence speed varies across architec-
tures, with the Hybrid model reaching early stopping the fastest
(10 epochs, Yearly split), while CNN completes all 50 epochs in
Random splits, highlighting differences in model adaptability to
data distributions.

Limitations: NN model comparisons face limitations due to
variations in the hidden layer dimensions (64–512) and network
depth (6–12 layers), which introduce biases in the training time.
Additionally, the dynamic early stopping mechanism (patience=5,
restore best weights=True) affects convergence while preventing
overfitting and improving efficiency; it also introduces comparison
bias, as the models stop at different epochs. These factors compli-
cate direct comparisons of training time and convergence speed
across architectures. In addition, future revisions will report 𝑅2
with 95% CIs via site-wise bootstrap and paired significance tests
(e.g., Wilcoxon signed-rank) for model comparisons.

5.2 Comparative Analysis (RQ2 and RQ3)
We evaluated our proposed surrogate models on three partitionings
of the NEE and the Crop Yield data by comparing SM-CNN, SM-T,
and SM-Hybrid based on three splits: (a) Random Split, (b) Spatial
Data Split, and (c) Temporal Splits on both NEE and Crop Yield.
To improve comparability, we merge the three loss-curve figures

Figure 7: Performance Comparison on Random Data Split

into a single multi-panel figure with aligned y-axes for viewing
training/validation loss across splits.

Random Data Split: As shown in Figure 7, the CNN model
shows a sharp decline in training loss for both NEE and crop yield,
stabilizing at a low value with validation loss following closely,
indicating strong generalization. This is expected since CNNs are
less sensitive to spatial autocorrelation and perform well under
uniformly distributed patterns. The Transformer also converges
quickly but cannot fully exploit long-range dependencies due to
the disrupted spatial structure of random splits. The hybrid CNN-
Transformer achieves comparable convergence with stable valida-
tion loss, though its advantages are less pronounced. Overall, CNN
performs best in this setting, while the loss of spatial and temporal
continuity limits the Transformer-based models.

Spatial Data Split: Figure 8 shows that CNN training loss for
NEE and yield declines steadily, but validation loss remains elevated,
indicating limited generalization to unseen regions. This reflects
CNN’s reliance on local features, which limits its ability to capture
spatial autocorrelation and long-range teleconnections. By contrast,
the Transformer converges with lower validation loss, leveraging
self-attention to model distant dependencies. The hybrid CNN-
Transformer achieves the most balanced performance, with stable
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Figure 8: Performance Comparison on Spatial Data Split

training and validation loss, effectively combining local feature
extraction with global dependency modeling.

Temporal Data Split: The results in Figure 9 show that the
CNN model exhibits a sharp initial decline in both NEE and yield
loss during training. In contrast, the validation loss remains signifi-
cantly higher, suggesting poor generalization across different years.
Since CNNs primarily rely on local feature extraction, they struggle
in yearly splits where temporal dependencies are crucial for cap-
turing trends over time. Transformers exhibits a rapid drop in both
training and validation loss, ultimately stabilizing at a significantly
lower value, which highlights its strength in modeling long-range
temporal dependencies and learning trends effectively across mul-
tiple years. The hybrid CNN-Transformer model falls between the
two, benefiting from both local feature extraction (CNN) and long-
term sequence modeling (Transformer). This allows it to perform
better than CNN but slightly worse than a pure Transformer in
this setting, as CNN components may still struggle with temporal
generalization. Overall, transformers perform best in yearly splits
due to their ability to capture long-range dependencies. The hybrid
CNN-Transformer performs moderately well by balancing feature
extraction and sequence modeling, while the CNN struggles the
most due to its limited ability to learn across temporal scales.

Figure 9: Performance Comparison of DNN architectures
based on Temporal Data Split

In summary, the transformer and hybrid models outperform
CNN in spatial and temporal splits, as they better generalize across
regions and time periods. The Transformer model is robust in cap-
turing tele-connections, making it ideal for capturing long-range
dependencies. In contrast, the hybrid CNN-Transformer model ben-
efits from both localized feature extraction and long-range spatial-
temporal relationships, resulting in a more balanced approach.

5.3 Discussion
This work introduces a hybrid surrogate model that combines CNNs
and Transformers to capture spatial dependencies. CNNs effectively
model local autocorrelation but struggle with long-range interac-
tions. Transformers complement this with attention mechanisms
that represent tele-connections, where distant regions influence one
another. Advances such as the Swin Transformer further extend this
capacity through hierarchical, multi-scale structures, underscoring
progress toward architectures tailored for complex geospatial pro-
cesses. While our model is intentionally compact, future extensions
will incorporate domain priors (e.g., soil or climate embeddings),
residual CNN backbones, and specialized attention for spatiotem-
poral fields.
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Persistent challenges remain in modeling spatial data. Spatial
variability—where environmental characteristics differ across re-
gions—limits the effectiveness of uniform models. Prior studies
[14, 15, 22] show that one-size-fits-all approaches often fail to cap-
ture local context, with consequences for applications such as pre-
cision agriculture, climate forecasting, and disaster response. Edge
effects also reduce accuracy near spatial boundaries due to limited
context, introducing systematic bias. Addressing these issues is
essential for models that generalize across diverse environments.
SM-Hybrid explicitly models local and long-range dependencies,
but further work is needed to mitigate variability, boundary effects,
and region-specific complexities.

5.4 Investigative Framework
We propose a three-step framework to predict soil carbon, moisture,
and greenhouse gas (GHG) fluxes while balancing temporal fore-
casting accuracy and spatial generalization. This paper focuses on
Step 1 (synthetic DayCent training) and leaves Steps 2–3 (auxiliary
data fusion and refinement with domain adaptation) for the future.

Step 1: Training on Synthetic Data: Convolutional Neural
Networks are used to capture localized spatial patterns, enabling
the model to learn fundamental relationships among soil carbon
stocks, moisture, and greenhouse gas fluxes.

Step 2: Incorporating Auxiliary Data. To improve generaliza-
tion in data-sparse regions, auxiliary high-resolution datasets (e.g.,
SSURGO soil characteristics, DEMs, weather, evapotranspiration)
are added. These features are integrated via feature augmenta-
tion (extra channels) or multi-branch architectures (separate sub-
networksmerged before the sequencemodel). The architecture tran-
sitions from a CNN to a hybrid CNN–LSTM or CNN–Transformer,
with self-attention capturing both local and global dependencies.

Step 3: Refinement and Spatiotemporal Generalization.
Models are fine-tuned with ground-truth observations (field cam-
paigns, remote sensing, long-term monitoring) to capture seasonal
and climate-driven variability. Domain adaptation enhances trans-
ferability across regions:

L(𝜃 ) = 1
𝑛

𝑛∑︁
𝑗=1

∥𝑦 𝑗 − 𝑓𝜃 (𝑥 𝑗 , 𝑧 𝑗 )∥2 + Ω(𝜃 ), (17)

with task-specific weights:

L =𝑤𝑐MSE(𝑐) +𝑤𝑚MSE(𝑚) +𝑤 𝑓MSE(𝑓 ) . (18)

In this paper, we focus on Step 1 and demonstrate the promise of
incorporating spatial relationships derived from the Daycent model
(shown in Figure 2) into a spatial-temporal aware surrogate model
that speeds up predictions with reasonable accuracy.
6 Related Work
Surrogate models have been widely applied beyond ecology, accel-
erating domains such as numerical weather prediction, hydrology,
and storm surge forecasting [30, 41]. These examples highlight
their general utility and contextualize our contribution to advanc-
ing DayCent modeling.Within ecology, surrogate approaches range
from Gaussian processes [40] to neural networks [24, 42], though
many overlook spatial heterogeneity and autocorrelation [5]. Re-
cent spatiotemporal hybrids (e.g., RF–CNNs [4]) address these gaps,
underscoring the need for systematic baselines and ablations.

Machine learning has also been used to approximate biogeo-
chemical processes, with Random Forests and SVMs applied to soil
moisture, carbon fluxes, and crop yields [6, 55], and deep learning
applied to SOC dynamics and GHG emissions [26]. Yet these meth-
ods often struggle with scalability and spatiotemporal structure
[14, 15, 19, 20]. Hybrid approaches that integrate process knowl-
edge with ML—for example, linking soil carbon pools to measurable
fractions [10] or surrogate-assisted optimization [7]—have been
validated against long-term field data and remote sensing [11, 25].
Building on this, our work develops a neural surrogate for DayCent
that explicitly models spatial heterogeneity through CNNs and
transformers. Recent advances in generative and sequence models
further expand geo-simulation. Grid-based methods [16, 31, 34] and
pixel-level synthesis [8, 32] prioritize efficiency but yield coarse
outputs. Variational autoencoders (VAEs) and GANsmodel complex
trajectory distributions [23, 27, 39, 43–49, 53, 54, 58], yet often rely
on low-resolution encodings such as grids [37, 59] or image-like
formats [21, 56], reducing spatiotemporal fidelity [35].
7 Conclusion and Future Work
Purely data-driven methods often fall short in scientific domains,
as they depend on large labeled datasets and may fail to respect
physical laws, leading to implausible predictions in areas such as
climate science and biology [3, 13, 57]. To address this, we embed
spatial and physical reasoning through a mass-balance index to
ensure statistical coherence and improve computational efficiency.
This paper presents Surrogate Models with Hybrid Spatial Neural
Networks (SM-Hybrid), which explicitly capture spatial autocorre-
lation and tele-connections in agricultural data. Experiments show
that SM-Hybrid achieves higher accuracy than SM-ANN and is two
orders of magnitude faster than DayCent, outperforming CNNs
and transformers in both efficiency and spatial fidelity.

Future Work:We will extend the three-step framework by (i)
expanding datasets with additional variables (e.g., soil GHG emis-
sions) and soil-type–based splits, (ii) exploring advanced deep learn-
ing approaches (new architectures, knowledge-guided ML, transfer
learning) to reduce overfitting and cost, and (iii) broadening outputs
beyond NEE and yield (e.g., 𝑁2𝑂 , leaching, soil water content) with
confidence intervals. Beyond interpolation, we plan to study out-of-
distribution generalization using physics-informed constraints and
domain adaptation. Additional directions include ablation studies
on padding, stride, and residual connections, clarifying highlighted
inputs in the appendix by linking them to DayCent variables, and
richer spatial encodings using agronomic priors and great-circle
distances. Finally, we aim to connect SM-Hybrid outputs to decision-
support tools such as COMET-Planner, translating efficiency gains
into applied agricultural management.
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A Daycent Model
Daycent [38] provides a comprehensive foundation for analyzing
the complex interactions between climate, soil properties, and agri-
cultural practices, which are critical for advancing sustainable agri-
culture and climate change mitigation. Daily climate records facil-
itate the modeling of crop growth and soil processes, while crop
growth simulations capture crop responses to varying climatic
and edaphic conditions. Inter-annual yield data offer insights into
productivity trends, and SOC changes inform assessments of C
sequestration and soil health. The dataset’s extensive spatial cover-
age across diverse soil types, climate zones, and land management
regimes enhances model robustness and generalizability. Further-
more, the temporal range (2000–2020) enables the examination of
long-term trends and climate-induced changes in Ag-Systems.

The dataset used in this study comprises input and output vari-
ables for the Daycent model, a process-based ecosystem model
designed to simulate carbon (C) and nitrogen (N) dynamics in ter-
restrial ecosystems. The input variables include weather parame-
ters such as maximum and minimum temperature (TMAX, TMIN),
precipitation (PREC), solar radiation (RADN), humidity, and wind
speed. Soil properties are represented by parameters such as soil
texture (TCSAND, TCSILT), bulk density (TBKDS), total soil car-
bon (TSOC), and soil moisture characteristics (TFC, TWP, TKSat).
Management practices such as fertilization (FERTZR_N), planting

and harvesting days (PDOY, HDOY), and crop type (PLANTT) are
also included. The dataset incorporates spatial information through
latitude, longitude, and elevation values. The output variables pri-
marily capture fluxes (e.g., NEE, gross primary production (GPP),
and Ecosystem respiration), crop yield, N cycling (e.g., nitrous oxide
emissions (N2O), ammonium (NH4), and nitrate (NO3) at different
soil depths), soil water content (SWC), evapotranspiration (ET),
and soil temperature (Tsoil). Notably, variables highlighted in red
indicate either missing outputs from Daycent simulations or input
variables not directly utilized by the model but available for poten-
tial enhancements. Blue-labeled inputs signify variables compiled
and provided by the Daycent model.
B Transformers
B.1 Preliminaries
A Transformer layer maps an input sequence 𝑋 ∈ R𝑛×𝑑model to an
output of the same shape via (i) multi-head self-attention (MHSA)
and (ii) a position-wise feed-forward network (FFN), each wrapped
with residual connections and layer normalization:

𝑋̃ = LN(𝑋 +MHSA(𝑋 )) , (19)

𝑌 = LN
(
𝑋̃ + FFN(𝑋̃ )

)
. (20)

For queries 𝑄 , keys 𝐾 , and values 𝑉 of shape 𝑛 × 𝑑model, a single
scaled dot-product attention head is

Attn(𝑄,𝐾,𝑉 ) = softmax
(
𝑄𝐾⊤
√
𝑑𝑘

+ 𝐵
)
𝑉 , (21)

where 𝐵 is an optional bias (e.g., relative position or spatial bias; cf.
Sec. B.2) and 𝑑𝑘 is the key dimension.

B.2 Positional Encodings for Spatial &
Temporal Context

Standard encodings. Let 𝑃𝐸 : N→R𝑑model be sinusoidal encodings
with frequencies spanning geometric scales:

𝑃𝐸 (2𝑖 ) (𝑡) = sin(𝑡/𝜔𝑖 ) , 𝑃𝐸 (2𝑖+1) (𝑡) = cos(𝑡/𝜔𝑖 ) , (22)

with 𝜔𝑖 = 104𝑖/𝑑model .

Geospatial extensions. We enrich 𝑃𝐸 with spatial structure by con-
catenatingmulti-resolution features derived from latitude/longitude
and ancillary geodata:

𝑃𝐸space (𝑡, lat, lon) =

[
𝑃𝐸 (𝑡) ⊕ 𝑔wavelet (lat, lon)

⊕ 𝑓flow (lat, lon) ⊕ 𝑘kriging (lat, lon)
]
∈ R𝑑model .

(23)

Wavelet features 𝑔wavelet capture multi-scale spatial variation by
evaluating a set of 2D wavelets (e.g., Haar/Daubechies) on coordi-
nates projected to a suitable planar domain; stacking coefficients
across scales yields translation- and scale-aware components.

Flow/Laplacian features 𝑓flow encode spatial dependencies via
a graph G = (V, E) whose nodes are sites and edges represent
adjacency (e.g., hydrologic or ecoregional neighbors). Using the
(normalized) Laplacian 𝐿, we define diffusion coordinates by trun-
cated eigenpairs 𝐿𝑈 =𝑈Λ:

𝑓flow (x) =𝑈1:𝑟 (x)Λ−𝛼
1:𝑟 , 𝛼 ∈ [0, 1], (24)
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which provide smooth, low-frequency embeddings aligned with
spatial flows.

Kriging/GP features 𝑘kriging use a stationary covariance kernel
𝑘𝜃 (x, x′) (e.g., Matérn on the sphere with great-circle distance 𝑑𝑔):

𝑘𝜃 (x, x′) = 𝜎2
21−𝜈

Γ(𝜈)

(√
2𝜈 𝑑𝑔 (x, x′)

𝜌

)𝜈
𝐾𝜈

(√
2𝜈 𝑑𝑔 (x, x′)

𝜌

)
. (25)

Given anchor points {z𝑗 }𝑚𝑗=1, we form features

𝑘kriging (x) =
[
𝑘𝜃 (x, z1), . . . , 𝑘𝜃 (x, z𝑚)

]
, (26)

which approximate spatial correlations and can be learned end-to-
end via 𝜃 and the anchor set.

Relative/rotary encodings. To preserve translation equivariance
and enable long-context extrapolation, the bias 𝐵 in Eq. (21) can
encode relative distances: 𝐵𝑖 𝑗 = 𝑏 (𝑟𝑖 𝑗 ), with 𝑟𝑖 𝑗 the (signed) tempo-
ral offset and/or great-circle distance. Rotary positional encodings
(RoPE) apply a complex rotation to (𝑄,𝐾) that embeds relative
offsets implicitly, improving stability for long sequences.

B.3 Multi-Head Attention for Spatial
Heterogeneity

We factor attention into ℎ heads, each with its own projection
matrices:

headℓ (𝑄,𝐾,𝑉 ) = Attn
(
𝑄𝑊

𝑄

ℓ
, 𝐾𝑊 𝐾

ℓ ,𝑉𝑊
𝑉
ℓ

)
, ℓ = 1, . . . , ℎ, (27)

and

MHSA(𝑄,𝐾,𝑉 ) = Concat
(
head1, . . . , headℎ

)
𝑊𝑂 . (28)

To capture distinct geographic drivers, we can specialize heads
by conditioning the projections on feature groups (elevation/land
use/climate), or by gating:

head(type)
ℓ

= 𝜎
(
𝐺

(type)
ℓ

)
· headℓ , 𝐺

(type)
ℓ

= 𝜙

(
𝑍type𝑊

𝐺
ℓ

)
, (29)

where 𝑍type summarizes a variable class (e.g., climate normals), 𝜙
is a small MLP, and 𝜎 a sigmoid gate. This yields interpretable,
type-aware heads aligned with spatial heterogeneity.

B.4 Complexity & Sparsity
Self-attention has 𝑂 (𝑛2𝑑) time and 𝑂 (𝑛2) memory in sequence
length 𝑛. For gridded spatiotemporal data, locality or block-sparse
patterns (e.g., neighborhood or halo attention) reduce cost to𝑂 (𝑛𝑘𝑑)
with 𝑘≪𝑛, while often improving inductive bias by emphasizing
local interactions.

B.5 Parameter Settings & Training Guidance
Let 𝑑model be the channel width, ℎ heads, 𝑑𝑘 = 𝑑𝑣 = 𝑑model/ℎ, 𝐿
layers.

• Default sizes. For medium-scale geospatial tasks: 𝑑model ∈
[256, 512], ℎ ∈ {4, 8}, 𝐿 ∈ [4, 8], FFN width 𝑑ff ∈ [4, 8] ×
𝑑model.

• Dropout & regularization. Dropout 𝑝 ∈ [0.1, 0.3] on at-
tention and FFN; weight decay 10−4–10−2; stochastic depth
(0–0.1) for deeper stacks. Consider feature-group dropout to
improve robustness across heterogeneous sites.

• Learning rate schedule. AdamW with learning rate 2×
10−4–5×10−4, warmup (2–5k steps), then cosine decay. Use
gradient clipping (1.0).

• Normalization. Pre-LN is more stable for deep stacks; con-
sider RMSNorm for reduced variance in heterogeneous fea-
ture scales.

• Initialization. Use scaled initialization for𝑊𝑄 ,𝑊 𝐾 to keep
∥𝑄𝐾⊤∥ in a numerically stable range; apply head-wise nor-
malization for 𝑃𝐸space to avoid dominance by any single
block in (23).

• Masking. For temporal forecasting, apply causal masks; for
spatial grids, optional radius masks reflect finite propagation
speeds or domain physics.

B.6 Incorporating Physical Reasoning
Physics-informed inductive biases can be introduced via: (i) at-
tention biases 𝐵𝑖 𝑗 that penalize long-range interactions exceeding
feasible transport limits; (ii) constraint losses (e.g., mass/energy bal-
ance) added to the objective; and (iii) structured encodings (Sec. B)
that embed geodesic distances, hydrologic connectivity, or ecore-
gional partitions. For a mass-balance index𝑀 (·), a soft constraint

Lphys = 𝜆


𝑀 (𝑦) −𝑀 (𝑦)




1 (30)

encourages consistency without hard constraints.

B.7 Interpretability
Head-wise attributions follow from softmax(𝑄𝐾⊤/

√
𝑑𝑘 ) maps; ag-

gregating by feature group (elevation/land/climate) yields spatially
meaningful explanations. Attention rollout and gradient-based
saliency on 𝑃𝐸space help diagnose which geospatial scales and neigh-
borhoods drive predictions.

B.8 Practical Recipe (Summary)
Use 𝑃𝐸space (Eq. 23) with (a) low-frequency Laplacian coordinates,
(b) a modest set of GP anchors for kriging features, and (c) a few
wavelet scales. Start with𝑑model=384,ℎ=6, 𝐿=6,𝑑ff=4𝑑model, dropout
0.1, AdamW 3×10−4, warmup 3k, cosine decay, and block-sparse
spatial attention with neighborhood size 𝑘 ≈ 64. Calibrate uncer-
tainty with MC dropout or deep ensembles, and report confidence
intervals alongside standard metrics.

Table 3: Hyperparameter Settings for Hybrid-CNN

Hyperparameter Setting Value Reference Range

Kernel Size 3 × 3 3 ∼ 7
Number of Filters 64 32 ∼ 256
Convolutional Blocks 4 2 ∼ 6
Residual Connections Yes –
Pooling Type Max Pooling Max / Avg
Dropout Rate 0.2 0.1 ∼ 0.5
Batch Size 256 ≥ 64
Learning Rate 0.001 10−4 ∼ 10−2
Activation Function ReLU ReLU / GELU
Input Length 180 100 ∼ 200
Optimizer AdamW Adam / SGD / RMSProp
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