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Abstract. In the face of escalating global food demand and increasing climate variability, precise and granu-
lar crop yield monitoring is indispensable for maintaining regional agricultural stability. However, current deep
learning approaches for yield estimation are severely constrained by their heavy reliance on massive in situ la-
beled data, which limits their application in data-scarce regions. Furthermore, these models often overlook the
essential temporal evolution logic of yield formation and lack a systematic discussion regarding the contribution
patterns of different feature dimensions, resulting in a black-box nature of the underlying model mechanisms.
To address these challenges, this study proposes a field-label-free training framework for maize yield estima-
tion that couples mechanistic model with deep learning. The framework’s core strength lies in a physiologically
complete simulation database, using the WOFOST model to exhaustively cover 30 years of climate variability
and habitat combinations across Northeast China (1.24× 106 km2). A Gated Recurrent Unit (GRU) network was
then introduced for end-to-end modeling, accurately capturing the energy accumulation trajectory from vegeta-
tive to reproductive growth. Validation against 458 independent ground points (2022–2024) demonstrated robust
generalization with an R2 of 0.69, an RMSE of 1.21 t ha−1, and an RRMSE of 13.73 %, despite using no ground
data for training. Our analysis revealed that integrating photosynthetic intensity (LAImean), duration (LAD) and
peak features (LAImax) across growth stages is critical for accuracy, while omitting early-stage features signif-
icantly impairs the model’s ability to capture cumulative growth effects. Furthermore, the model successfully
captured the spatiotemporal yield anomalies caused by the 2023 typhoon and flooding events. Ultimately, this
study generated a 10 m resolution maize yield dataset (2019–2024) for Northeast China. The dataset exhibits
consistent interannual stability, with the RRMSE ranging from 7.98 % to 12.92 % and the R2 remaining above
0.44 at the city level. By deeply coupling mechanistic simulation with data mining, this dataset provides detailed
support for optimizing agricultural production and guiding farming practices. The Northeast China Maize Yield
10 m dataset is openly available at https://doi.org/10.5281/zenodo.19547014 (Hu et al., 2026).
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1 Introduction

Under the combined pressures of intensifying global climate
change and continuous population growth, food security has
become a central concern of the international community
(Foley et al., 2011; Godfray et al., 2010). As one of the three
major staple crops worldwide, maize plays an irreplaceable
role in maintaining stable and high production for ensur-
ing the stability of the global agricultural economy. There-
fore, achieving accurate, cost efficient, and timely estimation
of maize yield has become a critical component of agricul-
tural policy formulation and production guidance (Atzberger,
2013). However, traditional field-based measurements are of-
ten too labor-intensive and spatially limited to meet the real-
time, macro-level management needs of modern agriculture
(Kosmowski et al., 2021; Lobell et al., 2020; Weiss et al.,
2020).

Given the limitations of traditional approaches, satellite
remote sensing has become an important tool for yield es-
timation due to its capability for large area synoptic obser-
vation, high spatial and temporal resolution, and effective
detection of vegetation spectral characteristics (Burke and
Lobell, 2017; Rembold et al., 2013; Weiss et al., 2020). At
present, remote sensing based crop yield estimation methods
can generally be classified into two major categories: data-
driven approaches and knowledge-driven approaches(Jin et
al., 2018; van Klompenburg et al., 2020). Data-driven ap-
proaches are typically empirical statistical models that ex-
plore the linear or nonlinear relationships between vegeta-
tion indices, such as NDVI and EVI, or biophysical vari-
ables, such as LAI and FPAR, and historical ground mea-
sured yield data (Burke and Lobell, 2017; Khan et al., 2025;
Zhang et al., 2025a). In recent years, with the rapid develop-
ment of artificial intelligence techniques, machine learning
methods including support vector machines, random forests,
and deep learning have been widely applied to explore com-
plex nonlinear relationships between remote sensing obser-
vations and crop yield, leading to substantial improvements
in estimation accuracy (Cai et al., 2019b; van Klompenburg
et al., 2020). However, these empirical approaches typically
disregard the underlying physiological responses to environ-
mental variability. Examples include the crucial influence of
early-season soil moisture on subterranean biomass develop-
ment and the vulnerability of reproductive organs to high-
temperature stress, which can severely compromise kernel
set. Furthermore, they are inherently black box algorithms
lacking explicit descriptions of internal physiological mech-
anisms (Hu et al., 2023), and their training heavily relies on
massive and high quality ground truth labels (Reichstein et
al., 2019). In practice, acquiring in situ data at a large scale
and over long terms is labor intensive and often suffers from
time lags (van Klompenburg et al., 2020), which directly
leads to a significant degradation in model generalization ca-
pabilities in regions where training samples are scarce (Mu-
ruganantham et al., 2022).

Unlike data-driven methods, knowledge-driven crop
growth models (CGMs) are built upon explicit agronomic
mechanisms and are capable of describing the complete crop
development process from sowing to harvest (Jones et al.,
2003; Xu et al., 2026). These models characterize the non-
linear trajectory of crop development by integrating funda-
mental metabolic pathways, such as assimilation and dis-
similation processes, with external environmental drivers in-
cluding soil and climate conditions (Woodhead, 1979). Com-
mon examples of such frameworks encompass SAFY, which
emphasizes light use efficiency (Duchemin et al., 2008),
AquaCrop for moisture based simulations (Raes et al., 2009),
the atmospheric driven WOFOST model (van Diepen et al.,
1989), and the modularly structured APSIM platform for
comprehensive cropping systems analysis (Holzworth et al.,
2014). However, the application of pure mechanistic models
in large-scale scenarios faces several challenges: (1) high-
precision model input parameters (e.g., soil properties and
management practices) are extremely difficult to acquire spa-
tially (Xu et al., 2026); and (2) the accurate acquisition and
calibration of model parameters involve substantial uncer-
tainty, leading to severe biases in yield estimation (Wu et al.,
2021; Xie et al., 2025). In response to these constraints, data
assimilation strategies that integrate satellite derived obser-
vations with mechanistic models have emerged and are re-
garded as classic hybrid approaches. Data assimilation uti-
lizes the high spatial and temporal resolution of remote sens-
ing to correct the simulation trajectory of models, thereby im-
proving simulation accuracy (Huang et al., 2015; Huang and
Liu, 2024). Nevertheless, data assimilation typically requires
complex iterative optimization processes. When applied to
high resolution remote sensing data, the substantial compu-
tational cost becomes a new constraint, making it difficult to
meet the demands for large-scale, high timeliness monitoring
(Huang et al., 2023; Xu et al., 2025).

Given the limitations above, integrating the mechanistic
knowledge embedded in process-based crop models with the
data mining capabilities of machine learning has become a
key strategy for enhancing the spatiotemporal generaliza-
tion of crop yield estimation and alleviating the challenge of
sparse training data. Currently, this strategy driven by both
mechanisms and data is primarily implemented through two
application modes (Xie et al., 2025). The first is feature aug-
mentation, in which key growth variables simulated by crop
models are incorporated as auxiliary inputs into machine
learning models (Everingham et al., 2016; Xie et al., 2025;
Yang et al., 2021); however, this approach still relies heavily
on large amounts of ground-based yield observations. The
second is surrogate modeling, whereby machine learning al-
gorithms are used to emulate the input-output behavior of
crop models and replace complex biophysical calculations
(Du et al., 2025; Huntington et al., 2023; Ren et al., 2023;
Umutoni and Samadi, 2024; Xu et al., 2026), enabling the
construction of generalized models that do not depend on
field-measured yield data. Numerous studies have demon-
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strated that surrogate models can significantly improve yield
estimation accuracy (Umutoni and Samadi, 2024; Xie and
Huang, 2021), mainly due to three advantages: the ability
of CGMs to produce extensive synthetic libraries for ad-
dressing the lack of ground truth observations (Xu et al.,
2026), model simulated outputs provide biophysical con-
straints that ensure agronomic plausibility (Tian et al., 2025),
and machine learning substantially improves computational
efficiency compared with traditional data assimilation tech-
niques (Reichstein et al., 2019). Nevertheless, despite their
effectiveness in addressing data limitations, existing research
still faces severe challenges across temporal, spatial, and
mechanistic dimensions when confronting large-scale and
complex scenarios: (1) the lack of explicit temporal evolu-
tion logic, as most studies employ static machine learning
algorithms such as random forests and treat features from
different growth stages as independent variables, thereby ne-
glecting the intrinsic causal relationships and temporal dy-
namics of crop growth (van Klompenburg et al., 2020; Wang
et al., 2024b); given that crop yield formation is a continuous
accumulation process across growth stages (Becker-Reshef
et al., 2010; Monteith, 1977), this simplification limits the
ability of models to capture the regulatory effects of early
growth conditions on subsequent yield potential; (2) The
limitations of large-scale simulation data in the spatial di-
mension. Previous studies often focused on small-scale or
single-scenario simulations, lacking comprehensive datasets
that cover extreme climates and complex habitats at large
scale; and (3) The black-box nature of feature combination
patterns at the mechanistic level, as there is still a lack of sys-
tematic understanding of how features from different growth
stages and dimensions, such as instantaneous intensity and
cumulative duration, jointly contribute to yield formation, re-
sulting in persistent uncertainty and arbitrariness in feature
selection even within mechanism-informed machine learning
frameworks.

To address the aforementioned challenges, this study
constructs a field-label-free training framework for large-
scale maize yield estimation. Unlike conventional supervised
learning, which relies on real-world ground-truth labels, or
unsupervised learning, which does not involve target vari-
ables, the proposed framework employs process-based crop
model simulations to generate synthetic target labels. While
resolving the issue of sample scarcity, the framework fol-
lows a mainline of mechanistic-temporal distillation to re-
construct the continuous energy accumulation trajectory of
crops from vegetative to reproductive growth across vast ge-
ographic spaces. This holistic solution not only resolves the
dependency on in situ labels but also enables a deep in-
terpretation of growth mechanisms under complex habitats.
The key innovations and advantages of this study are sum-
marized as follows. (1) Construction of a large-scale and
physiologically consistent synthetic sample library. Unlike
previous studies that relied on limited simulations or sin-
gle scenarios, this study employs the WOFOST model to

generate a multi-scenario dataset comprising 3 686 400 valid
samples. Through a full factorial experimental design, the
dataset exhaustively represents nearly 30 years of climatic
variability in Northeast China, together with diverse soil tex-
tures and agronomic management practices, thereby ensur-
ing both representativeness under extreme climate conditions
and physical consistency across complex agroecological en-
vironments. (2) Integration of temporal accumulation mech-
anisms with large-scale deep learning modeling. This study
introduced a Gated Recurrent Unit (GRU) deep learning net-
work with temporal memory capabilities to achieve end-to-
end yield modeling across the entirety of Northeast China
(approximately 1.24× 106 km2). This architecture not only
overcomes the drawbacks of traditional static models that
ignore growth continuity but also accurately characterizes
the non-linear trajectory of energy accumulation from veg-
etative to reproductive growth. (3) Mechanistic interpreta-
tion of feature combinations in yield formation. By designing
four systematic experimental schemes (Schemes A–D), this
study deeply explored and compared the synergistic effects
of photosynthetic intensity (Mean LAI), photosynthetic dura-
tion (LAD), and peak features across different developmen-
tal stages on final yield. This systematic analysis of feature
combinations provides mechanistic transparency and offers
physiological insight into how deep learning models inter-
nalize crop growth processes.

2 Materials and Methods

2.1 Study Area

The investigation was conducted across Northeast China,
a region spanning from 38°40′ to 53°34′ N in latitude and
115°05′ to 135°02′ E in longitude. This study area encom-
passes the entire provinces of Heilongjiang, Jilin, and Liaon-
ing, as well as eastern Inner Mongolia, with a total area of
approximately 1.24× 106 km2 (Fig. 1). This region was cho-
sen not only for its strategic importance as one of the world’s
three major “golden maize belts” in ensuring national food
security but also for the pronounced hydrothermal gradients
formed by its typical temperate continental monsoon climate
(Hu et al., 2025; Zhao et al., 2023). The annual accumulated
temperature increases from 2200 °C in the north to 3600 °C
in the south, while annual precipitation ranges between 350
and 1000 mm (Zhao et al., 2011; Tan et al., 2014). Such
strong gradients in moisture and temperature provide a robust
test for the generalization capability of the yield estimation
model across various stress scenarios without site-specific
calibration. Furthermore, due to the uneven distribution of
irrigation infrastructure, over 80 % of the maize fields in this
region are rainfed, making crop growth highly sensitive to
precipitation and temperature anomalies (Yin et al., 2016).
This sensitivity provides a reliable basis for evaluating the
model’s ability to capture yield losses caused by extreme cli-
matic disasters. Figure 1 illustrates the geographic location
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of the study area, the distribution of selected representative
meteorological stations, and the maize distribution in 2024.

2.2 Data Sources

2.2.1 Remote Sensing Data

Sentinel-2 imagery acquired by the Multi-Spectral Instru-
ment (MSI) was selected as the primary remote sensing data
source for retrieving leaf area index (LAI) in this study.
Sentinel-2 provides relatively high spatial and temporal res-
olution data (10 and 20 m spatial resolution with a five day
revisit interval) and includes three red edge spectral bands,
which offer distinct advantages for monitoring vegetation
conditions during the middle and late stages of crop growth
(Drusch et al., 2012). Using the Google Earth Engine (GEE)
cloud computing platform, Sentinel-2 Level-2A surface re-
flectance products covering the study area were collected
for the maize growing seasons from 2019 to 2024, spanning
from April to October. These products have been radiometri-
cally calibrated and atmospherically corrected. Notably, be-
cause the time-series reconstruction algorithm employed in
this study can utilize all valid pixels, no cloud filtering was
performed at the initial collection stage. To eliminate inter-
ference from clouds and shadows, we applied cloud masking
to all images using the QA60 band. The 60 m bands were
excluded due to their low spatial resolution and limited rel-
evance for field-scale yield estimation. In contrast, the 10 m
bands (B2: Blue, B3: Green, B4: Red, B8: Near-Infrared) and
key 20 m red-edge bands (B5 and B8A) were retained.

2.2.2 In situ measurements

To independently evaluate the accuracy of the model esti-
mates, field yield surveys were conducted during the maize
harvest period (late September to mid-October) in 2022,
2023, and 2024 across the study region. The survey was de-
signed based on sample plots with a size of 100 m× 100 m.
Within each plot, six sampling units were uniformly dis-
tributed, and their coordinates were recorded using high-
precision GPS. At each sampling unit, planting density was
measured, and three representative maize plants were con-
secutively selected for destructive sampling. The yield per
unit area (kg ha−1) for each sampling unit was calculated
based on the single-plant yield and the measured density.
The final yield of the plot was determined by calculating the
arithmetic mean of the six sampling units. In total, 458 valid
in situ yield samples were obtained (Fig. 1). These datasets
were used exclusively for independent validation and were
not involved in the training of any deep learning models.
All in situ yield measurements were standardized to a grain
moisture content of 14 % (Wang et al., 2024a). Additionally,
a separate field survey was conducted in 2025, with 93 valid
samples collected following the same protocol. These data
were held out as a dedicated out-of-sample year to further

evaluate the temporal generalization capability of the opti-
mal model (Sect. 3.4).

To assess the reliability of Sentinel-2 LAI retrievals, in
situ LAI measurements were conducted synchronously dur-
ing key growth stages in 2023 and 2024 using an LAI-
2000C Plant Canopy Analyzer (LI-COR, Lincoln, NE,
USA). Within each 20 m× 20 m sample plot, six sampling
units were randomly selected to represent the canopy hetero-
geneity. At each sampling unit, the measurement protocol in-
volved taking one above-canopy reference reading followed
by five below-canopy readings to compute the local LAI. The
final ground truth LAI for the plot was derived by averaging
the measurements from the six sampling units. After strict
quality control and outlier removal, a total of 538 valid LAI
samples were retained for validation (Fig. 1).

2.2.3 Meteorological data

The meteorological variables required by the WOFOST crop
growth model are listed in Table 1. In this study, meteorolog-
ical data were obtained from the China Meteorological In-
formation Center (http://data.cma.cn, last access: 13 August
2026). A total of 60 meteorological stations located within
the major maize growing areas of the study region were se-
lected (Fig. 1), and daily observations from 1995 to 2024
were collected. All meteorological datasets were subjected to
quality control and preprocessing prior to use. The processed
data were then employed as the primary driving variables for
the WOFOST crop growth model to generate long term crop
growth simulation datasets.

2.2.4 Soil data

To define the soil physical properties required for crop mod-
eling, we utilized the 1 : 1 000 000 Soil Database of China
(Shi et al., 2004). Comprising more than 94 000 mapping
units, this repository integrates spatial data derived from na-
tional soil surveys and utilizes the GSCC taxonomic system
at the soil family level (National Soil Survey Office, 1995)
(Xu et al., 2026). By extracting the spatial distribution of
major soil types from this digital repository, we established
a baseline for assigning the specific hydraulic parameters
needed to simulate maize growth across various soil envi-
ronments.

2.2.5 Identification of Maize Cultivation Areas

To ensure the precise spatial mapping of maize, this study
constructed a crop planting mask based on the 10 m reso-
lution crop classification dataset for Northeast China (NEC-
Crop) released by You et al. (2021). This dataset was gener-
ated using Sentinel-2 optical imagery in combination with a
random forest classifier and achieved an overall classification
accuracy exceeding 85 % for maize in Northeast China. Be-
cause the original NEC-Crop dataset covers the period from
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Figure 1. Study area overview in Northeast China, illustrating the spatial distribution of maize cultivation, in situ validation plots, and the
meteorological stations used for WOFOST simulations.

Table 1. Standard meteorological input requirements for the WOFOST maize growth model.

Parameter Description Units

IRRAD Surface incoming shortwave solar radiation KJ m−2 d−1

Tmin Diurnal minimum air temperature °C
Tmax Diurnal maximum air temperature °C
VAP Mean daily actual vapor pressure kPa
WIND Average daily wind velocity measured at 2 m height m s−1

RAIN Daily accumulated precipitation mm
SD Measured thickness of snow cover cm

2017 to 2019 and does not fully overlap with the study period
(2019–2024), the phenology-based feature selection and ran-
dom forest classification framework described by You et al.
(2021) was implemented on the Google Earth Engine (GEE)
platform to extend the crop classification time series and up-
date maize distribution maps through 2024.

2.2.6 Statistical data

Official annual maize yield statistics at the county level from
2019 to 2024 were collected from the Statistical Yearbooks
publicly released by the Statistical Bureaus of Heilongjiang
Province (http://tjj.hlj.gov.cn, last access: 13 August 2026),
Jilin Province (http://tjj.jl.gov.cn, last access: 13 August
2026), Liaoning Province (https://tjj.ln.gov.cn, last access: 13
August 2026), and the Inner Mongolia Autonomous Region
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(https://tj.nmg.gov.cn, last access: 13 August 2026). How-
ever, because the Statistical Yearbooks data were not pub-
lished for certain regions in some years, the available data
cover only a subset of regions in those specific years. These
statistical data are primarily used to validate the results of
this study, and are also combined with the published yield
records to assess the reasonableness of the simulated yields
produced by our approach.

2.3 Overall Methodological Framework

The overall methodological framework of this study is illus-
trated in Fig. 2, which primarily includes: (1) Construction of
multi-scenario maize growth simulation dataset: driving the
WOFOST model to simulate a vast number of maize growth
scenarios in Northeast China under various combinations of
meteorological conditions, soil types, crop variety parame-
ters, and agro-management practices. (2) Development and
optimization of the yield surrogate model: extracting statis-
tical LAI features of key growth stages from the simulated
time series and utilizing a GRU network to capture the cumu-
lative process of yield formation, while simultaneously intro-
ducing Random Forest (RF) as a baseline model for compar-
ative experiments to determine the optimal yield estimation
model. (3) Multi-scale maize yield estimation and validation:
the surrogate model is transferred to Sentinel-2–derived LAI
time-series data to produce spatial maps of maize yield at
10 m resolution across Northeast China. The estimated yields
are then validated for accuracy using independent ground-
based field measurements and statistical data.

2.4 Construction of the Crop Growth Simulation Dataset

To generate training data containing detailed mechanistic in-
formation, this study employed the process-based WOFOST
model to construct a maize growth simulation dataset. The
WOFOST model is founded on the principles of photosyn-
thesis, respiration, and assimilate partitioning, and is capa-
ble of quantitatively describing the nonlinear relationships
between crop growth status and environmental conditions,
including meteorological variables, soil properties, and agri-
cultural management practices (Boogaard et al., 1998; van
Diepen et al., 1989). In this study, the WOFOST model was
implemented within the Python Crop Simulation Environ-
ment (PCSE, version 6.0). The PCSE framework provides
flexible interfaces that are well-suited for high-throughput
batch processing, thereby facilitating the application of the
point-based model to the regional scale (de Wit et al., 2019).
During model execution, maize development is governed
by a temperature driven development stage index (Develop-
ment Stage, DVS), where DVS= 0 represents emergence,
DVS= 1 denotes anthesis, and DVS= 2 indicates physio-
logical maturity. The model simulates biomass accumulation
by integrating daily canopy photosynthesis while accounting
for maintenance and growth respiration losses. The accumu-

lated dry matter is dynamically allocated among roots, stems,
leaves, and storage organs, ultimately determining final grain
yield (van Diepen et al., 1989).

2.4.1 WOFOST model input parameters

The WOFOST model simulates crop growth by coupling
a series of biophysical parameters across meteorological,
soil, crop, and agro-management categories (van Diepen et
al., 1989). In this study, rather than seeking globally op-
timal values through traditional model calibration, we es-
tablished a “multi-scenario parameter space” to represent
the diverse agricultural production environments of North-
east China. This approach ensures that the subsequent deep
learning training dataset captures a wide range of physiolog-
ically plausible growth trajectories without relying on site-
specific in situ calibration. The values of the parameters were
determined from four sources: ground observation, online
database, existing literatures and the initial values provided
in WOFOST.

1. Crop parameters

Previous sensitivity analysis studies of the WOFOST
model applied to maize in the same study region have
shown that crop growth and yield simulations are highly
sensitive to parameters related to phenological devel-
opment and leaf growth (Cai et al., 2019a; Qian et al.,
2024). Therefore, considering the environmental condi-
tions of Northeast China and relevant literature sources
(Cai et al., 2019a; Huang, 2024; Zhang and Zeng,
2024), this study selected four key sensitive parame-
ters and defined physically reasonable value ranges and
search intervals for each parameter to construct param-
eter sequences. All selected sensitive parameters were
then combined using a full factorial parameter combi-
nation strategy, and multiple parameter sets were gen-
erated and input into the WOFOST model for simula-
tion. The four parameters include the temperature sum
from emergence to anthesis (TSUM1), the temperature
sum from anthesis to maturity (TSUM2), the initial total
dry weight (TDWI), and leaf lifespan at 35 °C (SPAN).
For the remaining crop parameters, default values pro-
vided by the WOFOST model or optimal values re-
ported in previous studies were adopted. Detailed val-
ues and data sources of the main crop parameters used
in the WOFOST simulations are provided in Appendix
Table A1.

2. Meteorological parameters

Temporal variability in meteorological conditions rep-
resents one of the primary sources of uncertainty af-
fecting crop yield formation. Based on the meteorolog-
ical dataset described in Sect. 2.2.3, this study exhaus-
tively utilized daily meteorological records from the se-
lected stations over the past 30 years (1995–2024) for
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Figure 2. Schematic architecture of the integrated 10 m maize yield estimation framework, encompassing mechanism driven simulation,
GRU model development, and regional satellite mapping.

model simulations. This long term simulation strategy
not only captures the climatic characteristics of typi-
cal years, but more importantly, to some extent repre-
sents crop responses under extreme climate conditions,
such as anomalously warm and dry years or years af-
fected by cold stress events. As a result, the training
dataset better supports the learning of crop responses

to climate extremes and enhances the generalization ca-
pability of the deep learning model when encountering
extreme weather events (Li et al., 2025; Xu et al., 2024).

3. Soil parameters

Key hydraulic parameters required by the WOFOST
water balance module – specifically soil moisture con-
tent at wilting point (SMW), soil moisture content at
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field capacity (SMFCF), soil moisture content at satura-
tion (SM0), and saturated hydraulic conductivity (K0) –
were determined based on soil textures derived from the
spatial database. The study area is dominated by four
loam subclasses: coarse-textured sandy loams, light-
textured loams, intermediate-textured medium loams,
and fine-textured heavy loams. Specific values for these
parameters were assigned to each subclass by referenc-
ing relevant literature (Shi et al., 2004; Sun et al., 2022;
Xu et al., 2026), as summarized in Table 2.

4. Agro-management parameters

Given that maize production in Northeast China is
predominantly rainfed and generally follows region-
ally standardized fertilizer management practices, the
WOFOST model was operated under the water-limited
mode in this study. Under this configuration, crop
growth is primarily constrained by precipitation and soil
moisture conditions, while nutrient supply is assumed to
be non-limiting. The sowing period of maize in North-
east China typically ranges from late April to late May
(Zhang et al., 2025b). To account for management re-
lated uncertainty arising from interannual climate vari-
ability and differences in farmers’ practices, four repre-
sentative sowing dates were specified in the simulation
scenarios: 20 April, 30 April, 10 May, and 20 May. All
sowing scenarios were exhaustively simulated to gener-
ate a crop growth dataset that captures diverse pheno-
logical responses.

2.4.2 Multi-scenario crop simulations

By systematically combining long-term meteorological
records from 60 stations spanning 30 years, four major soil
texture types, four representative sowing dates, and exten-
sive crop parameter variations (192 crop parameter com-
binations), a maize growth simulation dataset with pro-
nounced spatiotemporal heterogeneity was constructed us-
ing the PCSE framework. Our full-factorial design priori-
tizes physiological state space coverage over exhaustive enu-
meration of all possible agronomic combinations, ensuring
that the training dataset encompasses a wide range of growth
rates, phenological durations, and stress responses under
Northeast China’s climatic and edaphic conditions. In to-
tal, 3 686 400 valid simulation samples were generated, and
the detailed parameter combinations are summarized in Ta-
ble 3. This dataset preserves complete time series trajectories
of leaf area index (LAI) under diverse environmental stress
conditions, together with the corresponding final grain yield,
thereby providing a comprehensive crop growth simulation
dataset for subsequent deep learning surrogate model train-
ing.

2.5 Feature Extraction and Sample Generation

2.5.1 Phenological Stage Partitioning based on
Chronological-Physiological Mapping

Maize yield formation results from the continuous accumula-
tion and allocation of photosynthates across different growth
stages, and the contribution of vegetation conditions to fi-
nal yield varies substantially among phenological phases.
To accurately capture such stage dependent characteristics,
this study adopted a phenological partitioning strategy that
integrates real world chronological time, expressed as day
of year (DOY), with physiological development time repre-
sented by the development stage (DVS) variable in the crop
model. First, a comprehensive review of maize phenology
studies in Northeast China (Cai et al., 2023, 2019a; Cui et
al., 2022; Li et al., 2013) was conducted to determine the
average DOY ranges corresponding to five key developmen-
tal stages of maize in the region (Table 4). Subsequently, the
distribution of the DVS variable within these phenological
periods was analyzed using the simulation dataset described
in Sect. 2.4, and representative DVS threshold values were
identified to delineate individual growth stages (Table 4).
Based on these DVS thresholds, the continuous LAI time se-
ries in the simulation dataset were segmented into multiple
growth stages, which served as temporal windows for subse-
quent feature extraction.

2.5.2 Feature Extraction

For each growth stage delineated in Sect. 2.5.1, two key fea-
ture metrics were derived: the mean leaf area index (LAImean)
and leaf area duration (LAD). LAImean was calculated as the
arithmetic mean of daily LAI values within each stage and
represents the average canopy leaf area level and potential
photosynthetic capacity during that period. LAD was com-
puted by temporally integrating (i.e., cumulatively summing)
daily LAI values over each stage, thereby characterizing the
overall magnitude of canopy development and the cumula-
tive effect of photosynthesis.

Mean based features were calculated separately for four
growth stages to capture pronounced differences in growth
rates across developmental phases, including emergence to
jointing, jointing to anthesis, anthesis to milk stage, and milk
stage to maturity. In contrast, integral based features were
aggregated over three key accumulation periods: the vege-
tative growth accumulation phase (emergence to anthesis),
early reproductive growth phase (anthesis to milk stage), and
late reproductive growth phase (milk stage to maturity) (Ta-
ble 4). The entire vegetative growth period was aggregated
into a single integral feature to provide a more robust repre-
sentation of the overall photosynthetic potential established
prior to reproductive development, while avoiding feature
fragmentation and information redundancy caused by rela-
tively low LAI values during early growth stages.
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Table 2. Key hydraulic constants for dominant soil types in WOFOST.

Soil category SMW (cm3 cm−3) SMCFC (cm3 cm−3) SM0 (cm3 cm−3) K0 (cm d−1)

Coarse-textured sandy loams 0.060 0.280 0.350 22.6
Light-textured loams 0.090 0.280 0.340 19.3
Intermediate-textured medium loams 0.110 0.290 0.340 18.1
Fine-textured heavy loams 0.194 0.355 0.356 34.6

Table 3. Multi-scenario combinations designed for WOFOST synthetic dataset generation.

Parameters Number of categories Details

Meteorological parameters 60× 30 Historical weather records from 60 regional stations covering a 30-year pe-
riod (1995–2024)

Soil parameters 4 Representative soil textures including coarse, light, intermediate, and fine
loams.

Crop parameters 192 Generated by a sequence of four parameters: TSUM1, TSUM2, TDWI,
SPAN

Agro-management parameters 4 A sequence of four staggered sowing schedules: 20 April, 30 April, 10 May,
and 20 May

Finally, maximum LAI (LAImax) was extracted as the
maximum value observed throughout the entire growing sea-
son. This metric is utilized to characterize the peak growth
status of the crop canopy and serves as a critical indicator of
the potential upper limit of final yield.

Through this process, the daily LAI time series of each
simulation sample was transformed into a set of stage-based
feature vectors. Subsequently, a dataset for driving the deep
learning model was constructed using the final grain yield as
the target variable.

2.6 Statistical Analysis and Surrogate Model
Implementation

2.6.1 Feature Correlation Analysis and Scheme Design

Given the complexity of crop physiological processes, the re-
lationships between LAI-derived features and yield may ex-
hibit both linear and complex nonlinear patterns. To compre-
hensively analyze these dependencies, this study employed
both the Pearson correlation coefficient and the Spearman
rank correlation coefficient (Hauke and Kossowski, 2011).
The Pearson coefficient was utilized to quantify linear as-
sociations, whereas the Spearman coefficient was selected
to capture monotonic nonlinear dependencies. These metrics
were calculated to quantify the strength of associations be-
tween input features and simulated yields and to diagnose
multicollinearity among features, thereby providing a statis-
tical basis for feature selection and experimental design in
subsequent deep learning modeling.

The results of the correlation analysis (provided in Fig. A1
of the Appendix A) indicate that the associations be-

tween extracted features and yield exhibit pronounced stage-
dependent variations, along with significant multicollinear-
ity among the features. Based on these statistical findings
and their physiological significance, four feature combina-
tion schemes were designed (Table 5) to evaluate the model’s
robustness across different information dimensions and to
verify the capability of deep learning in handling multi-
collinearity. These schemes represent average growth inten-
sity (Scheme A), cumulative growth effects (Scheme B), the
full temporal context of the growing season (Scheme C), and
a parsimonious subset selected based on statistical correla-
tions (Scheme D). By comparing these schemes, this study
systematically analyzes the mechanistic contributions of dif-
ferent physiological feature types to yield formation.

2.6.2 GRU Model Construction and Training

Although stage-based features were extracted in this study,
crop growth is inherently an irreversible temporal process
that progresses from vegetative to reproductive development.
The physiological status of earlier stages influences sub-
sequent growth phases through cumulative effects. For in-
stance, carbohydrates and nitrogen accumulated in maize
stems prior to silking are remobilized and translocated to the
grains during the filling stage, thereby directly contributing
to final yield formation (Borrás et al., 2002; Ciampitti and
Vyn, 2012; Ruiz et al., 2025). Therefore, an effective yield
estimation model must be capable of capturing causal de-
pendencies across growth stages, which is challenging for
static machine learning models such as Random Forests (RF)
(Wang et al., 2023). To address this requirement, a gated re-
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Table 4. Maize growth stages and LAI feature extraction based on DVS and DOY.

Growth stage Emergence Jointing Anthesis Milking Maturity Maturity

Range of DOY 125–135 164–175 190–205 215–225 250–263

DVS (≈) 0 0.46 1 1.5 2

Mean features LAImean1 LAImean2 LAImean3 LAImean4

Integral features LAD1 LAD2 LAD3

Max feature LAImax

Table 5. Feature Combination Schemes for Model Training.

Scheme ID Experiment Name Input Feature Combination Rationale & Objective

A Mean Features LAImean1LAImean2
LAImean3LAImean4

To evaluate the predictive power of average growth intensity
indicators.

B Integral Features LAD1 LAD2 LAD3 To evaluate the predictive power of cumulative growth indica-
tors (photosynthetic potential duration).

C Full Features LAImean1 LAImean2 LAImean3
LAImean4 LAD1 LAD2 LAD3
LAImax

To establish a baseline performance using complete temporal
information across the entire growing season.

D Selected Subset LAImean4LAD3 LAImax To investigate whether a parsimonious feature subset, selected
based on correlation analysis, can achieve superior predic-
tive performance compared to single-category (A, B) or full-
feature (C) sets.

current unit (GRU) network (Fig. 3) was adopted to construct
the crop yield estimation surrogate model. GRU is an im-
proved variant of recurrent neural networks (RNNs) designed
to alleviate the vanishing and exploding gradient problems
commonly encountered when modeling long sequential data
(Cho et al., 2014). Its key advantage lies in a compact gat-
ing mechanism that dynamically regulates information flow
across time steps. Specifically, GRU consists of two core gat-
ing units. The update gate controls the extent to which histor-
ical information is retained and propagated to future states,
enabling the model to capture long term temporal dependen-
cies. The reset gate determines how much past information
should be discarded when computing the current candidate
state, allowing the model to filter out irrelevant historical in-
fluences. Previous studies have shown that GRU can achieve
prediction accuracy comparable to that of long short term
memory (LSTM) networks while offering higher computa-
tional efficiency and faster convergence (Chung et al., 2014;
Wang et al., 2023). These characteristics make GRU partic-
ularly suitable for modeling the stage based LAI temporal
features constructed in this study, enabling efficient learning
of the nonlinear temporal relationships between crop growth
dynamics and final yield from large-scale simulation data.

Here, σ denotes the sigmoid activation function; Zt and
rt represent the update gate and reset gate at time step t re-
spectively; h̃t denotes the candidate hidden state at time step

Figure 3. Structure of a GRU cell.

t ; xt and yt are the model input and output at time step t ,
respectively; and ht−1 and ht denote the hidden states at the
previous and current time steps (Fig. 3).

The GRU surrogate model was implemented using the Py-
Torch deep learning framework. The constructed dataset was
randomly shuffled and split into training, validation, and test
subsets with a ratio of 8 : 1 : 1. A total of 25 trials were con-
ducted, with the objective of minimizing the mean squared
error (MSE) on the validation set. The Optuna framework
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was employed to jointly optimize key GRU hyperparame-
ters, including hidden size, number of layers, learning rate,
and batch size. In each trial, the model was trained for 250
epochs using the Adam optimizer. Gradient clipping was ap-
plied to improve training stability. Validation loss was mon-
itored throughout the training process, and the global best
model achieving the lowest validation loss across all trials
was selected for subsequent evaluation on the test set and for
maize yield estimation.

2.6.3 Baseline Model: Long Short-Term Memory
(LSTM)

To further justify our choice of the GRU architecture, we ad-
ditionally implemented a Long Short-Term Memory (LSTM)
network as a baseline time-series model. LSTM is a recur-
rent neural network architecture designed to address the van-
ishing and exploding gradient problems in long sequential
data modeling (Hochreiter and Schmidhuber, 1997). Unlike
GRU’s two-gate structure, LSTM employs three gates (forget
gate, input gate, and output gate) and a separate cell state,
enabling more fine-grained control over long-term mem-
ory retention (Yunita et al., 2025). The LSTM model was
implemented using the same input features, data splitting,
and Optuna-based hyperparameter optimization as the GRU
model to ensure a fair comparison. Including LSTM allows
us to assess whether GRU’s more compact architecture pro-
vides comparable performance with higher computational ef-
ficiency for large-scale yield estimation.

2.6.4 Baseline Model: Random Forest (RF)

To evaluate the advantages of the GRU network in captur-
ing temporal dependencies, a Random Forest (RF) model
was implemented as a static machine learning baseline. RF
is an ensemble learning method that constructs multiple de-
cision trees during training and outputs the mean prediction
of the individual trees to achieve robust regression (Breiman,
2001). In this study, the RF model utilized the same feature
combination schemes as the GRU model. Unlike GRU, RF
treats input features from different phenological stages as in-
dependent variables, making it a representative tool for as-
sessing the performance of non-sequential models in yield
estimation (van Klompenburg et al., 2020; Yang et al., 2021).
To ensure a fair comparison, the key hyperparameters of the
RF model (including the number of estimators and maximum
depth) were also optimized using the Optuna framework.

2.6.5 Accuracy Evaluation Metrics

The coefficient of determination (R2), root-mean-square er-
ror (RMSE), and relative RMSE (RRMSE) were used to
evaluate the accuracy and reliability of the yield prediction
models. R2 reflects the degree of consistency between pre-
dicted and observed values, with values closer to 1 indicating

a more reliable model with higher explanatory power. RMSE
measures the average magnitude of the differences between
predicted and observed values; the closer the RMSE is to 0,
the more accurate the prediction results. RRMSE serves as
a metric for comparing prediction accuracy across different
models, with a lower RRMSE value indicating higher esti-
mation accuracy. These statistical metrics are defined as fol-
lows:

R2
= 1−

n∑
i=1

(Mi −Pi)2

n∑
i=1

(
Mi −M

)2 , (1)

RMSE=

√√√√1
n

n∑
i=1

(Mi −Pi)2, (2)

RRMSE=
100%

M

√√√√1
n

n∑
i=1

(Mi −Pi)2, (3)

where n represents the total number of samples, and Mi and
Pi represent the measured and predicted yield for sample i,
respectively. M represents the average measured yield over
all samples.

2.7 LAI Retrieval and Time-series Reconstruction

In this study, maize leaf area index (LAI) was used to char-
acterize canopy growth conditions and was retrieved from
Sentinel-2 multispectral imagery through an empirical re-
gression relationship with the normalized difference vege-
tation index using red-edge bands (NDVIRE). NDVIRE was
calculated from Sentinel-2 red-edge bands (Eq. 4) and sub-
sequently used to establish the LAI retrieval model (Eq. 5).
This retrieval approach has been extensively validated by
Nguy-Robertson et al. (2012) based on multi-season field ex-
periments. For maize LAI estimation, the method achieved a
coefficient of determination (R2) of up to 0.90 and a root
mean square error (RMSE) of 0.54 m2 m−2, demonstrating
high accuracy and robustness. The specific retrieval equa-
tions are presented as follows:

NDVIRE =
NIR−RE
NIR+RE

, (4)

LAI= (0.155/NDVIRE− 0.173)−0.542
− 0.739, (5)

where NIR and RE represent the B8A and B5 bands of
Sentinel-2 data, respectively.

Due to the influence of cloud cover and precipitation, LAI
time series directly retrieved from optical remote sensing im-
agery often suffer from data gaps and noise-induced fluctua-
tions. To obtain temporally continuous and high-quality input
data, this study followed the approach proposed by Zhu et al.
(2022) and applied pixel-level time series reconstruction to
Sentinel-2-derived LAI data using the Google Earth Engine
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Figure 4. Comparison between the simulated LAI time-series tra-
jectories (mean± 1 SD) and satellite-retrieved LAI values from
2022 to 2024.

(GEE) platform. Specifically, a double logistic (DL) func-
tion was employed to fit the LAI time series, with model pa-
rameters optimized through nonlinear least squares iteration
to characterize the full crop growth trajectory from green-up
through senescence. Using this approach, a spatially contin-
uous LAI dataset with a spatial resolution of 10 m and daily
temporal resolution was reconstructed for the entire study
area from 2019 to 2024.

3 Results and Analysis

3.1 Characteristics and Representativeness of the
Simulated Dataset

To assess the validity and representativeness of the simu-
lated dataset, we conducted a comprehensive evaluation from
two perspectives: consistency of crop growth trajectories and
coverage of yield distributions.

A total of 3000 maize LAI growth trajectories were ran-
domly sampled from the multi scenario simulation dataset.
The daily mean LAI curve (blue solid line) and the cor-
responding standard deviation envelope (blue shaded area)
were calculated. In parallel, Sentinel-2 derived LAI time se-
ries at all ground observation locations during 2022–2024
were extracted and overlaid onto the simulated trajectories
for comparison (Fig. 4). The results show that the vast major-
ity of remotely sensed LAI observations (cyan, light green,
and orange-red dots) fall within or close to the standard de-
viation range of the simulated curves. This indicates that, by
incorporating diverse meteorological conditions, soil proper-
ties, and management scenarios, the simulated dataset effec-
tively captures the major spatiotemporal variability of maize
growth under real field conditions in Northeast China. Over-
all, the simulated growth trajectories exhibit strong agree-
ment with remotely sensed observations.

Figure 5 compares the frequency distributions of
WOFOST simulated yields and ground observed yields. The
simulated yields (cyan) and observed yields (orange) show a

Figure 5. Frequency distribution comparison between WOFOST-
simulated maize yields and measured yields.

high degree of consistency in both value ranges and prob-
ability density patterns. Specifically, the simulated yields
span from approximately 4000 kg ha−1 under low yield con-
ditions, typically associated with severe drought or poor
soil fertility, to more than 13 000 kg ha−1 under favorable
water and nutrient conditions. The distribution peaks of
both datasets are concentrated within the range of 9000–
10 000 kg ha−1. Although the simulated yield distribution is
slightly narrower than that of the observed data, it adequately
covers the dominant yield range observed in the study area.
These results demonstrate that the constructed simulation
dataset does not merely represent potential yields under
ideal conditions but also realistically reflects yield reductions
caused by various environmental stresses commonly encoun-
tered in maize production across Northeast China.

Overall, the simulated dataset exhibits sufficient represen-
tativeness in terms of both crop growth dynamics and yield
variability, providing a solid data foundation for subsequent
deep learning based yield modeling.

3.2 Comparative Performance of Deep Learning Models

3.2.1 GRU Models

To evaluate the performance of the proposed GRU-based sur-
rogate models, Table 6 provides the detailed accuracy metrics
across the four input feature schemes, while Fig. 6 illustrates
the corresponding scatter plots and fitting performance for
the training, testing, and validation subsets.

Among the four schemes, the model incorporating mean,
integral, and peak LAI features across the entire growing
season (Scheme C) achieved the best overall performance,
with an R2 of 0.67, an RMSE of 0.84 t ha−1, and an RRMSE
of 9.32 % (Table 6). These results indicate that, despite the
presence of substantial collinearity among input features, the
GRU network is able to effectively regulate information flow
through its update and reset gates, thereby mitigating feature
redundancy and fully exploiting the complete temporal con-
text, including early vegetative growth stages, to establish a
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Table 6. Performance comparison of GRU models under four different feature combination schemes using the simulated dataset.

Scheme ID Accuracy
GRU model performance on simulation dataset

Training set Test set Validation set

A (Mean Features)
R2 0.5 0.45 0.46
RMSE (t ha−1) 1.03 1.07 1.07
RRMSE (%) 11.34 11.83 11.84

B (Integral Features)
R2 0.36 0.31 0.3
RMSE (t ha−1) 1.17 1.21 1.22
RRMSE (%) 12.92 13.38 13.51

C (Full Features)
R2 0.78 0.67 0.67
RMSE (t ha−1) 0.69 0.83 0.84
RRMSE (%) 7.62 9.24 9.32

D (Selected Subset)
R2 0.27 0.27 0.27
RMSE (t ha−1) 1.24 1.24 1.25
RRMSE (%) 13.75 13.72 13.84

more robust yield mapping relationship (Schwalbert et al.,
2020; Tian et al., 2021). Previous studies have also demon-
strated that, compared with traditional machine learning ap-
proaches that rely heavily on manual feature selection, deep
learning models can automatically extract informative rep-
resentations from high dimensional inputs and capture com-
plex nonlinear dependencies. This capability allows models
trained with comprehensive feature sets to retain more po-
tentially relevant information for yield prediction (Kamilaris
and Prenafeta-Boldú, 2018; LeCun et al., 2015).

The feature selection scheme based on correlation analy-
sis (Scheme D, Selected Subset) did not outperform the full
feature set. Instead, it exhibited the lowest prediction accu-
racy, with an R2 of 0.27 and an RRMSE of 13.84 % (Ta-
ble 6). This result highlights the limitations of feature elim-
ination strategies that rely solely on static statistical correla-
tions. Although features from early vegetative growth stages
(e.g., seedling stage LAI) show weak direct correlations with
final yield, they constitute essential initial state information
for crop growth processes. Manually excluding these fea-
tures disrupts the temporal continuity of growth trajectories,
thereby impairing the ability of the GRU model to learn
complete temporal dependency chains (Sun et al., 2019).
As noted by LeCun et al. (2015) and Muruganantham et al.
(2022), a key advantage of deep learning lies in its capac-
ity to automatically extract spatiotemporal patterns from raw
inputs without manual feature selection, whereas excessive
human intervention may instead lead to the loss of critical
process-related information (Reichstein et al., 2019).

When comparing single feature types, Scheme A using
only mean based features (R2

= 0.46, RRMSE = 11.84 %)
outperformed Scheme B using only integral based features
(R2
= 0.30, RRMSE = 13.51 %) (Table 6). This suggests

that, within the WOFOST simulation framework, LAI mean

features representing the average intensity of photosynthetic
activity during each growth stage contain more informative
signals for yield formation than cumulative LAD features
representing duration. The integration of multi stage and
multi type features generally provides a richer representa-
tion than any single feature category, which further explains
why Scheme C, combining both mean and integral features,
achieved the best overall performance.

To provide a quantitative assessment of individual fea-
ture contributions, we conducted a SHAP analysis on the
optimal GRU model (Scheme C). SHAP provides a unified
measure of feature importance by quantifying each input’s
marginal contribution to the model output across all possible
feature subsets. Figure 7 presents the SHAP summary plot
for all eight features in Scheme C, with features sorted by
their mean absolute SHAP values in descending order. The
results reveal that cumulative features (LAD1–LAD3) dom-
inate the model’s decision-making, collectively accounting
for 56.61 % of the total SHAP importance. LAD1 (Emer-
gence to Flowering) exhibits the highest individual contri-
bution at 28.35 %, followed by LAD2 (Flowering to Milking
Maturity) at 18.72 % and LAD3 (Milking Maturity to Ma-
turity) at 9.54 %. The peak feature LAImax ranks third with
14.25 % contribution, indicating that maximum canopy de-
velopment is an important indicator of yield potential, though
secondary to cumulative growth metrics. This implies that
achieving a high peak LAI is not sufficient; the temporal ac-
cumulation of photosynthetic capacity across the season is
more decisive.

3.2.2 LSTM Models

As shown in Table 7, the LSTM model achieves moderate
performance on the simulation test set (R2

= 0.57, RMSE =
0.96 t ha−1) but exhibits substantial degradation when trans-
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Figure 6. Performance comparison of the GRU-based surrogate model across different input feature schemes (A–D) on the WOFOST-
simulated dataset (Training, Testing, and Validation subsets).
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Figure 7. SHAP feature importance analysis for the optimal GRU model (Scheme C).

ferred to real-world conditions, with an independent valida-
tion R2 of only 0.31 (RMSE = 1.67 t ha−1). This substantial
gap suggests that GRU’s more compact gating mechanism,
with fewer parameters, offers superior generalization from
simulated training data to noisy real-world satellite observa-
tions. Given its competitive performance and higher compu-
tational efficiency, GRU was selected as the primary model
for this study.

3.3 Accuracy Assessment of Sentinel-2 Derived LAI

Sentinel-2 retrieval results were validated using in situ LAI
measurements from 2023 and 2024 across key maize growth
stages. As shown in Fig. 8, LAI values retrieved from the
Sentinel-2 red-edge index NDVIRE exhibit strong agree-
ment with in situ measurements, with most samples dis-
tributed along the 1 : 1 reference line. Statistical analysis in-
dicates a highly significant linear relationship between the
two datasets (R2

= 0.94, RMSE = 0.41 m2 m−2). These re-
sults demonstrate that the proposed approach effectively cap-
tures the dynamic variations of maize canopy growth in the
study area, providing a reliable data foundation for subse-
quent yield estimation.

3.4 Plot-scale yield validation based on Sentinel-2

Based on the daily Sentinel-2 LAI time series reconstructed
in Sect. 2.7, LAI features for sample plots from 2022 to 2024
were extracted across key growth stages. The GRU models
developed under the four experimental schemes were then
applied to generate yield predictions, and the accuracy val-
idation results are presented in Table 8. Notably, all in situ
measurements served exclusively as an independent valida-
tion set and were not involved in any model training process.

Figure 8. Accuracy validation of Sentinel-2 derived maize LAI
against in situ measurements.

The results indicate that Scheme C, which integrates mean,
integral, and peak LAI features across the entire growing sea-
son, exhibited the highest estimation accuracy and robust-
ness in real-world scenarios. Its combined validation accu-
racy across three years reached an R2 of 0.69 (RMSE =
1.21 t ha−1), slightly outperforming even its results on the
simulation test set. More critically, Scheme C maintained ex-
ceptional inter-annual stability, with validation R2 values of
0.72, 0.67, and 0.66 for the years 2022 to 2024, respectively
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Table 7. Performance of LSTM models under Scheme C (Full Features) and independent validation using in situ yield measurements (2022–
2024).

Scheme ID Accuracy LSTM model performance Independent validation
simulation dataset using measured yield

Training set Test set Validation set 2022 2023 2024 All years combined

C (Full Features)
R2 0.61 0.57 0.27 0.31 0.4 0.24 0.31
RMSE (t ha−1) 0.91 0.96 1.25 1.77 1.52 1.84 1.67
RRMSE (%) 10.06 10.6 13.85 20.65 16.82 21.22 18.99

Table 8. Accuracy assessment of GRU models based on independent plot-level validation datasets.

Scheme ID Accuracy
Independent validation using measured yield

2022 2023 2024 All years combined

A (Mean Features)
R2 0.43 0.22 0.19 0.27
RMSE (t ha−1) 1.65 1.95 2.1 1.89
RRMSE (%) 19.24 21.53 24.26 21.46

B (Integral Features)
R2 0.5 0.19 0.25 0.3
RMSE (t ha−1) 2.15 2.62 3.02 2.57
RRMSE (%) 25.11 28.9 34.85 29.16

C (Full Features)
R2 0.72 0.67 0.66 0.69
RMSE (t ha−1) 1.28 1.16 1.23 1.21
RRMSE (%) 14.88 12.75 14.2 13.73

D (Selected Subset)
R2 0.22 0.37 0.34 0.31
RMSE (t ha−1) 2.08 1.56 1.89 1.81
RRMSE (%) 24.2 17.19 21.84 20.5

(Table 8). Given that the model was trained exclusively on
the WOFOST simulation dataset, this level of accuracy con-
firms that the surrogate model has successfully captured the
crop growth to yield mapping mechanism, achieving effec-
tive transferability from mechanistic simulation to real-world
application.

Consistent with the conclusions from the simulation anal-
ysis, Scheme D (Selected Subset), which prioritized feature
selection based on correlation analysis, exhibited the poor-
est performance. Its combined R2 across three years was
only 0.31 (Table 8). The artificial exclusion of features from
the seedling stage disrupted the temporal continuity of the
growth curve. This caused the model to lose critical infor-
mation regarding the initial state, thereby preventing it from
correctly inferring the subsequent process of yield formation.
This provides further evidence that retaining the complete
temporal context is crucial for deep learning models to com-
prehend nonlinear growth processes when confronting com-
plex data from real scenarios.

The validation using in situ measurements also revealed
the limitations of using a single type of feature. In contrast
to the high accuracy and stability of Scheme C, both Scheme
A (using mean features) and Scheme B (using integral fea-

tures) exhibited significant volatility across years, although
they performed reasonably well in certain specific years. For
instance, the R2 for Scheme A dropped sharply from 0.43 in
2022 to 0.19 in 2024, while Scheme B similarly suffered a
major decline in 2023 (R2

= 0.19) (Table 8). This indicates
that features from different dimensions are complementary
in explaining yield formation: means capture growth inten-
sity, integrals reflect long-term cumulative effects, and peak
values define the potential upper limit. Integrating these three
feature types enables the model to withstand environmental
disturbances across different climatic years, ensuring consis-
tent and stable yield estimation.

To further evaluate the model’s generalization to com-
pletely unseen climatic conditions, we extended the field val-
idation to include the newly collected 2025 growing season
using the optimal GRU model (Scheme C). The 2025 season
lies entirely outside the WOFOST simulation period (1995–
2024) used for training data generation, providing a rigor-
ous out-of-sample temporal test. As shown in Fig. 9, the
model achieved an R2 of 0.61 and RMSE of 1.65 t ha−1 on
the 2025 validation set, consistent with the performance on
2022–2024 (R2

= 0.69, RMSE= 1.21 t ha−1). This confirms
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Figure 9. Independent validation of the optimal GRU model
(Scheme C) against in situ measurements in 2025.

that the model genuinely generalizes to unseen years rather
than merely interpolating within the simulation space.

3.5 Spatio-temporal Mapping and Validation of Maize
Yield in Northeast China

3.5.1 Spatial Mapping and City-Level Validation of Our
Product

Given the superior accuracy and robustness demonstrated by
the GRU model trained under Scheme C in the independent
validation (Sect. 3.4), this study deployed it as the final re-
gional yield estimator. By applying this model to the pixel-
level LAI statistical feature maps extracted from the recon-
structed Sentinel-2 LAI time series, a high resolution (10 m)
spatiotemporal dataset of maize yield covering the entirety of
Northeast China from 2019 to 2024 was generated (Fig. 10).

At the regional scale, maize yield across the study area
exhibited clear spatial continuity. High yield clusters, with
multi year average yields exceeding 10.0 t ha−1, were primar-
ily concentrated in the Songnen Plain, Liaohe Plain, and San-
jiang Plain. These regions are characterized by flat terrain,
deep soil profiles, and favorable hydrothermal conditions,
forming the core areas for stable and high maize produc-
tion. In contrast, low yield areas were mainly scattered along
the northern low mountain and hilly transition zones and the
western margins of semi arid regions, where yields were gen-
erally below 8.0 t ha−1 due to constraints such as complex
terrain, limited soil water and nutrient retention capacity, and
relatively insufficient accumulated temperature. The overall

spatial pattern shows strong consistency with regional soil
type distributions and agro-climatic zoning, thereby confirm-
ing the applicability of the proposed model at the large-scale.

At the field scale, benefiting from the high revisit fre-
quency of Sentinel-2 imagery, this study constructed high-
quality LAI time series trajectories. This high-density tem-
poral sampling effectively minimizes data gaps common in
coarser temporal resolution products, ensuring that rapid
canopy development and subtle variations during critical
phenological stages are accurately captured (Zhu et al.,
2022). Combined with the 10 m spatial resolution, the model
clearly revealed yield variability within fields. As illustrated
in the zoomed in views in Fig. 11D, E, the model not only
accurately delineated the boundaries between cropland and
non cultivated features (such as field roads and parcel edges)
but also explicitly captured the spatial yield heterogeneity as-
sociated with field boundaries, roads, and drainage ditches,
thereby reducing mixed pixel effects. Moreover, the model
proved capable of identifying yield patches within large
fields caused by micro topographic variations or soil texture
heterogeneity. This capability to characterize fine-scale yield
variability provides valuable high resolution information to
support precision agriculture management in the black soil
region.

Notably, the generated yield maps successfully captured
a pronounced regional yield reduction in 2023 (Fig. 10).
In contrast to the relatively homogeneous high-yield pat-
terns observed in normal years such as 2022 and 2024,
the yield estimates for 2023 exhibited widespread low-value
zones across most parts of the study area, particularly in
the central and southern regions. To quantitatively assess the
spatial pattern of this anomaly, we computed county-level
yield anomalies for 2023 relative to the multi-year average
(2019–2024), defined as (yield2023− yieldmean) / yieldmean.
As shown in Fig. 12a, the most severe negative anomalies are
concentrated in southern Heilongjiang Province and north-
ern Jilin Province. In contrast, adjacent areas outside the re-
ported flood zones exhibit near-normal or only moderately
reduced yields, confirming the localized nature of the disas-
ter impact. We further compared the spatial distribution of
2023 county-level estimated yields against the officially re-
ported flood-affected zones (China Meteorological Adminis-
tration, 2024; Qi et al., 2024; Yin et al., 2025). As shown in
Fig. 12b, the counties within the documented flood-affected
areas – including Wuchang, Shangzhi, Yushu, and Shulan –
exhibit substantially lower yields (generally 6.0–8.0 t ha−1)
compared to adjacent unaffected counties (typically 8.5–
10.0 t ha−1). This spatial correspondence between low-yield
zones and the flood extents documented in official reports
and previous studies provides independent evidence that our
product effectively captures the yield anomalies induced by
the 2023 flooding events.

Figure 11A–C illustrates the spatial distribution of maize
yield in the severely affected area along the boundary be-
tween Wuchang City and Yushu City before, during, and af-
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Figure 10. Multi-year spatial mapping of 10 m maize yields across Northeast China for the 2019–2024 period, reconstructed from Sentinel-2
time series.

ter the disaster year. In non disaster years such as 2022 and
2024, maize yields in this region were generally maintained
at high levels ranging from 9.5 to 11.0 t ha−1, reflecting its
strong production potential as a core area within the “golden
maize belt”. In contrast, during the disaster year of 2023,
the estimated yields declined sharply to approximately 7.0–
9.0 t ha−1. Early August coincides with the critical pheno-
logical stage from tasseling and silking to early grain filling,
during which maize is particularly sensitive to water condi-
tions. Prolonged waterlogging stress caused root hypoxia and
decay, which subsequently accelerated leaf chlorosis and pre-
mature senescence in the aboveground canopy. This process
substantially reduced photosynthetic assimilation and ulti-
mately led to significant yield losses.

To further verify the robustness of the model at the re-
gional scale, the estimated city-level average yields were
compared with the statistical yearbook data of Northeast
China from 2019 to 2024 for which complete official statisti-
cal records were available (Fig. 13). The results indicate that
the model exhibits high robustness at the macro scale, with
the coefficient of determination (R2) remaining above 0.44
over the six-year period, peaking at 0.56 in 2022. The rel-

ative root-mean-square error (RRMSE) fluctuated between
7.98 % and 12.92 %, effectively capturing the spatial hetero-
geneity of city-level yields. In 2023, a year significantly im-
pacted by disasters, the model achieved its lowest RRMSE
(7.98 %) despite increased spatial heterogeneity, proving that
the mechanism-driven simulation data provide excellent cov-
erage of extreme years.

3.5.2 Comparison with Existing Public Yield Products

We compared our product with the publicly available “A
10 m maize, rice and soybean yield dataset from 2016 to
2021 in Northeast China” (Teng et al., 2026) over the
overlapping period (2019–2021). Both products were eval-
uated against official county-level statistical yearbook data
(Fig. 14). As shown in Fig. 14, our product achieves con-
sistently higher agreement with county-level statistics across
all three years compared to the benchmark dataset. At the
county-level, our product demonstrates robust performance
across the full 2019–2024 period, with R2 values ranging
from 0.28 to 0.45 and RRMSE from 12.38 % to 17.13 %.

Beyond quantitative accuracy, we also assessed the spatial
depiction quality of the two products through visual com-
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Figure 11. An example of yield estimation result used to showcase detailed local estimates.

parison. Figure 15 presents the spatial distribution of esti-
mated maize yields in the major maize-producing area at the
junction of Heilongjiang and Jilin provinces. Our product ex-
hibits clearly delineated field boundaries and more spatially
continuous within-field patterns, with fewer fragmented or
missing pixels. Non-crop linear features such as field ridges
are effectively removed, resulting in cleaner and more ho-
mogeneous field parcels. Our product achieves favorable ac-
curacy against the existing benchmark and provides added
value through extended temporal coverage (2019–2024), im-
proved spatial accuracy at finer administrative scales, and en-
hanced field-level spatial detail.

4 Discussion

4.1 Effectiveness of Combining Process-Based
Simulation and Machine Learning to Address
Sample Scarcity

This study proposes a process-based simulation–guided deep
learning framework that effectively alleviates the widespread
challenge of ground-truth yield sample scarcity in large-
scale agricultural remote sensing applications, enabling a ro-
bust transfer of yield estimation models from virtual sim-
ulation environments to real field conditions. Deep learn-
ing models generally rely on large volumes of high-quality
labeled data for training (Reichstein et al., 2019). How-
ever, the acquisition of field-measured crop yield data is
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Figure 12. County-level analysis of the 2023 flood-induced maize yield anomalies in Northeast China. (a) Spatial distribution of county-
level yield anomalies in 2023 relative to the multi-year average (2019–2024). (b) Spatial distribution of estimated county-level maize yields
in 2023. The most severe anomalies concentrated in southern Heilongjiang and northern Jilin provinces.

Figure 13. City-level validation of estimated maize yields against statistical yearbook data in Northeast China (2019–2024).
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Figure 14. County-level comparison of maize yield estimates between our product and the existing 10 m benchmark dataset (Teng et al.,
2026) against official statistical yearbook data in Northeast China (2019–2021).

often time-consuming, labor-intensive, and spatially lim-
ited, which severely constrains the development of accurate
and transferable yield estimation models in many regions
(Jabed and Azmi Murad, 2024; van Klompenburg et al.,
2020). To overcome this limitation, this study incorporates
the WOFOST crop growth model to generate virtual train-
ing data by systematically combining diverse meteorological
conditions, soil properties, and management practices. This
approach results in a large-scale simulated dataset that effec-
tively substitutes for costly and difficult-to-obtain field mea-
surements (Cheng et al., 2026). This strategy is highly con-
sistent with the findings of Umutoni and Samadi (2024), who
demonstrated that simulated datasets generated by crop mod-
els such as AquaCrop can successfully train machine learn-
ing models (e.g., GRU and MLP) and achieve reliable yield
estimation in data-scarce regions.

The experimental results further show that the GRU model
trained exclusively on simulated data exhibits strong gen-
eralization capability when evaluated against independent
field observations from 2022 to 2024, achieving an R2 of
0.69 and an RMSE of only 1.21 t ha−1. These results pro-
vide compelling evidence that process-based crop models

can generate highly representative “pseudo-label” data, en-
abling deep learning networks to learn robust and physi-
cally constrained mappings between crop growth dynamics
and final yield, rather than merely fitting statistical patterns
in the data (Reichstein et al., 2019). As noted by Lu et al.
(2025), integrating the scientific interpretability of process-
based models with the data-driven strengths of deep learn-
ing can lead to more accurate and reliable yield predictions,
particularly in heterogeneous agricultural landscape. More-
over, compared with traditional real-time data assimilation
approaches, the proposed simulation-driven learning strat-
egy avoids complex iterative optimization procedures, sub-
stantially improving computational efficiency at the regional
scale (Tian et al., 2025; Umutoni and Samadi, 2024). Overall,
this study demonstrates the feasibility and robustness of yield
estimation driven by process-informed deep learning without
relying on field-measured yield data for model training, pro-
viding an efficient and transferable solution for agricultural
monitoring in data-limited regions.
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Figure 15. Visual comparison of spatial maize yield mapping between our product and the existing 10 m benchmark dataset (Teng et al.,
2026) in the major maize-producing areas at the junction of Heilongjiang and Jilin provinces.

4.2 Capability of Deep Learning in Capturing Temporal
Features of Crop Growth

Although the continuous LAI time series were simplified in
this study into statistical descriptors (mean values and inte-
grals) corresponding to key phenological stages, this does not
imply that crop yield formation can be treated as a static non-
linear regression problem. Crop growth is inherently an irre-
versible and cumulative temporal process (Becker-Reshef et
al., 2010). The physiological state established during earlier
growth stages (e.g., biomass accumulation during the joint-
ing stage) is not only the outcome of previous environmental
conditions, but also acts as a form of “memory” that directly
constrains subsequent growth potential and modulates crop
sensitivity to environmental stresses (Wang et al., 2023).

To quantify the advantages of deep learning in capturing
temporal dependencies, this study further benchmarked the
performance of the Random Forest (RF) model using the
same feature schemes. As shown in Table 9, under the most
informative full-feature scenario (Scheme C), the RF model
achieved only limited accuracy on the independent validation
set, with a combined R2 of 0.38 (RMSE = 1.57 t ha−1). This
is significantly inferior to the GRU model, which attained
an R2 of 0.69 (RMSE= 1.21 t ha−1) (Table 8). This substan-
tial performance gap highlights a fundamental distinction be-
tween the two approaches. Traditional static machine learn-
ing models, such as Random Forests (RF) or Multilayer Per-
ceptrons (MLP), typically treat input features as independent
variables, thereby neglecting the intrinsic chronological or-
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der and causal evolution embedded in crop growth processes
(Khaki et al., 2020). As noted by Lu et al. (2025), deep learn-
ing models – particularly recurrent neural network (RNN)
architectures – exhibit clear advantages over conventional
machine learning approaches in capturing dynamic growth
trajectories and nonlinear cumulative effects in crop systems
(Qiao et al., 2021). The Gated Recurrent Unit (GRU) model
adopted in this study is particularly well suited for this task
due to its gate-based architecture composed of update and re-
set gates, which enables effective learning of inter-stage de-
pendencies (Cho et al., 2014). Specifically, the GRU is ca-
pable of retaining critical state information from early veg-
etative growth stages and propagating it into reproductive
stages, thereby implicitly reconstructing a coherent biolog-
ical growth continuum from emergence to maturity within
the network (Ullah et al., 2025). The performance differences
observed among the various feature-combination schemes
further demonstrate that preserving temporal continuity is es-
sential for GRU models to accurately capture stage-to-stage
accumulation effects. Consistent with the findings of Feng et
al. (2020), different phenological stages contribute unequally
to final yield formation, as climatic conditions and vegeta-
tion status exert stage-specific influences on crop productiv-
ity. Therefore, retaining complete phenological evolution in-
formation is a prerequisite for achieving accurate and robust
dynamic yield estimation.

4.3 Physiological Interpretation of LAI Features

As the core input feature, the LAI is not merely a static
structural variable; rather, it serves as a comprehensive char-
acterization of both canopy architecture and photosynthetic
capacity, which directly determines the fraction of inter-
cepted photosynthetically active radiation and consequently
drives biomass accumulation. The temporal dynamics of LAI
throughout the entire growing season can reflect the cumula-
tive impacts of water stress and extreme temperature condi-
tions, as any environmental disturbances will inevitably leave
distinct imprints on the seasonal LAI sequence through in-
hibited leaf expansion, accelerated senescence, or changes in
canopy greenness. Furthermore, LAI can be stably retrieved
from high-resolution satellite imagery such as Sentinel-2,
making it suitable for large-scale, high-frequency crop moni-
toring, whereas observational datasets for moisture and tem-
perature are often difficult to acquire at comparable spatial
and temporal scales. Therefore, selecting LAI as the exclu-
sive core feature in this study successfully balances mecha-
nistic interpretability with data feasibility.

This study indicates that the model based on mean LAI
features (Scheme A) slightly outperformed the model based
on cumulative integral features (LAD; Scheme B), while the
combined Scheme C achieved the best performance (R2

=

0.67, RMSE = 0.84 t ha−1, RRMSE = 9.32 %) (Table 6).
This result carries clear physiological significance: mean
LAI characterizes the photosynthetic intensity at a given

stage, reflecting the instantaneous capacity of the canopy to
intercept light; whereas integral features implicitly capture
the duration of the phenological stage, representing the cu-
mulative effect of photosynthesis (Bakó et al., 2025; Ban et
al., 2016). The slight superiority of Scheme A over Scheme
B suggests that in the study region, canopy growth vigor or
instantaneous assimilate efficiency is a stronger determinant
of yield than the duration of the growth period. Crop growth
in Northeast China is strictly constrained by effective accu-
mulated temperature and the frost-free period (Wang et al.,
2025). Under such climatic conditions where the time win-
dow is fixed, the marginal contribution of extending growth
duration (i.e., increasing LAD) to yield diminishes, as low
temperatures in the late season often restrict assimilate trans-
port and grain filling. In contrast, increasing the dry matter
assimilation rate per unit time becomes key to yield improve-
ment (Zhao et al., 2023). Therefore, within a limited growing
season, maximizing photosynthetic intensity (Efficiency) is
often more critical for determining final yield potential than
merely extending duration. The performance of Scheme C
confirms that yield is the comprehensive outcome of both
photosynthetic intensity and duration. The GRU model ef-
fectively learned the nonlinear interactions between these
two complementary features, thereby achieving more accu-
rate estimation than models relying on a single feature type.

4.4 Simulation and Model Response to Extreme
Precipitation Stress

In this study, the WOFOST model was operated under the
water-limited production mode, which is not equivalent to
simulating only drought stress. The WOFOST soil water bal-
ance module is driven by actual daily precipitation and dy-
namically tracks changes in daily soil moisture content (van
Diepen et al., 1989). Although the WOFOST model does not
explicitly simulate the full range of physiological processes
associated with anaerobic root conditions under waterlog-
ging, this simplification does not prevent the model from cap-
turing waterlogging-induced yield losses. When cumulative
precipitation exceeds the soil drainage and runoff capacity,
the model inherently triggers excess-water stress responses
– suppressing root oxygen availability, limiting canopy tran-
spiration and photosynthesis, and ultimately reducing LAI
and biomass accumulation (Boogaard et al., 1998; Liu et
al., 2020). Therefore, our training dataset inherently includes
yield reduction scenarios caused by excessive soil moisture,
which originate directly from the 30-year historical meteo-
rological records (1995–2024). Sentinel-2 satellite observa-
tions are capable of capturing such LAI anomaly signals, and
the GRU model has learned, during the training phase, the
general mapping relationship between depressed LAI trajec-
tories and reduced final yields under various environmental
stresses. When applied to real satellite imagery, the model
does not explicitly detect flood events; instead, it infers yield
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Table 9. Performance of RF models under different experimental schemes and independent validation using in situ yield measurements
(2022–2024)

Scheme ID Accuracy RF model performance Independent validation
simulation dataset using measured yield

Training set Test set Validation set 2022 2023 2024 All years combined

A (Mean Features)
R2 0.37 0.32 0.32 0.35 0.35 0.18 0.30
RMSE (t ha−1) 1.17 1.21 1.21 1.73 1.55 1.94 1.70
RRMSE (%) 12.99 13.37 13.45 20.21 17.10 22.42 19.24

B (Integral Features)
R2 0.37 0.29 0.28 0.5 0.26 0.34 0.35
RMSE (t ha−1) 1.17 1.23 1.24 1.53 1.81 1.70 1.70
RRMSE (%) 12.95 13.59 13.70 17.81 20.00 19.62 19.29

C (Full Features)
R2 0.44 0.37 0.37 0.54 0.27 0.35 0.38
RMSE (t ha−1) 1.11 1.16 1.16 1.45 1.63 1.62 1.57
RRMSE (%) 12.27 12.81 12.90 16.91 17.99 18.76 17.84

D (Selected Subset)
R2 0.41 0.27 0.27 0.27 0.38 0.36 0.33
RMSE (t ha−1) 1.14 1.24 1.25 1.97 1.51 1.80 1.73
RRMSE (%) 12.59 13.69 13.81 22.91 16.69 20.81 19.61

losses through the observed LAI decline as a comprehensive
stress signal.

4.5 Uncertainties and Limitations

Although this study achieved relatively high yield estimation
accuracy, the model still carries certain uncertainties due to
data source limitations and simplified assumptions. The gap
between crop growth model simulations and reality, along
with input data uncertainties, are the primary sources con-
straining the reliability of crop yield estimates.

The input layer of the WOFOST simulations, including
both cultivar parameters and agronomic management set-
tings, inevitably deviates from the complexity of real world
conditions. In this study, several key physiological param-
eters governing phenological development were assigned
based on literature values and the model’s default settings,
rather than calibrated against site-specific field trials for each
cultivar. In terms of agronomic management, our framework
assumes non-limiting nutrient conditions and discretizes the
sowing window into only four fixed dates. In reality, small-
holder farmers across Northeast China employ flexible sow-
ing schedules and highly diverse management strategies
(Chuanwei et al., 2024). These two types of input deviations
may jointly cause the simulated LAI trajectories to diverge
to some extent from actual growth curves in specific fields.
Nevertheless, we argue that the full-factorial parameter com-
bination strategy adopted in this study constructs an exhaus-
tive training set that covers a broad physiological and man-
agement space. The consistency between estimated yields
and statistical yearbook data, together with the robust multi-
year independent field validation performance (Sect. 3.4),
demonstrates that the simulated data generated under the cur-

rent input settings are sufficiently reliable to support accurate
yield estimation.

A systematic discrepancy also exists between the
WOFOST-simulated LAI and the satellite-derived LAI. The
simulated values represent a deterministic, noise-free “green
leaf area index” at the point scale under idealized atmo-
spheric conditions (Boogaard et al., 1998). In contrast, the
satellite-retrieved LAI is subject to multiple factors, includ-
ing residual atmospheric correction errors, cloud-gap filling
algorithms, and mixed-pixel effects. As noted by Lu et al.
(2025), satellite-derived vegetation parameters (e.g., LAI)
are not free from uncertainty, particularly in areas with high
LAI or dense canopies, where saturation or underestima-
tion may occur. Moreover, different data processing work-
flows, such as cloud masking and filtering algorithms, can
introduce systematic errors. Consequently, input uncertain-
ties can propagate through the prediction model when a
model trained on clean simulated data is generalized to noisy
satellite observations (Xie et al., 2025). However, the gat-
ing mechanism of the GRU provides inherent robustness to
such input noise by dynamically weighting the contribution
of each time step (Cho et al., 2014). The stable performance
of the model in independent validation across 2022–2024
(Table 8) further confirms that the proposed framework can
effectively mitigate the adverse effects of uncertainties in
satellite-derived LAI under the current data quality.

The use of a unified phenological time window for fea-
ture extraction represents a trade-off between strictly match-
ing local phenology and ensuring the model’s applicability
at the large-scale. It is true that crop development differs be-
tween the southern and northern parts of the study area due
to climate variations. However, in large-scale modeling, at-
tempting to correct phenology for every single pixel often
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introduces greater uncertainty due to cloud cover or calcula-
tion errors (Zeng et al., 2020; Zhang et al., 2003). Therefore,
this study used fixed time windows with sufficient tolerance
to capture the core growth signals. Although this may cause
slight timing mismatches in some areas, the gating mecha-
nism of the GRU model demonstrates a strong ability to ex-
tract features, effectively learning key yield patterns despite
this slight input noise. The stable performance of the model
across different years (2022–2024) (Table 8) confirms that
this approach is reliable and practical, even without high-
precision real-time phenological data.

Finally, there is still potential to further enhance the spa-
tial generalization of the model in complex surface environ-
ments. This limitation is primarily constrained by the spatial
resolution of the driving data used in crop growth simula-
tions. Current simulation frameworks rely heavily on data
from standard meteorological stations, which typically rep-
resent average climatic conditions of the region. However,
in regions with complex terrain, variations in elevation and
aspect can significantly alter local microclimatic character-
istics, such as creating temperature gradients and precipita-
tion redistribution induced by microtopography (Hwang et
al., 2011; Hu and Mo, 2011; Zhao et al., 2020). Driving data
based on stations often fail to capture this spatial heterogene-
ity at a fine scale, leading to a training dataset that may lack
detailed representations of crop growth dynamics in specific
habitats (Luo et al., 2023). Consequently, when the model is
applied to regions with sharp environmental gradients, esti-
mation uncertainties may arise due to subtle deviations be-
tween input features and the training distribution (Ma et al.,
2024). Future research could consider incorporating grid-
ded meteorological data of high resolution or coupled terrain
and climate models to optimize input quality at the simula-
tion stage, thereby endowing the model with stronger spatial
adaptability (Feng et al., 2024).

5 Data availability

The maize yield dataset for Northeast China (Northeast
China Maize Yield 10 m) during the 2019–2024 period is
available at https://doi.org/10.5281/zenodo.19547014 (Hu et
al., 2026). Accompanying 10 m resolution uncertainty lay-
ers (coefficient of variation, CV) for 2023 and 2024 are also
provided. The CV layers were generated using Monte Carlo
Dropout, with CV values scaled by 10 000 for integer stor-
age; users should divide pixel values by 10 000 to recover
the original CV. Users are encouraged to consult these un-
certainty layers to assess the spatial reliability of the yield
estimates.

6 Conclusions

To address the challenges of severe scarcity of ground-truth
labels in large-scale crop yield estimation, the neglect of tem-

poral growth logic in existing models, and the unclear mech-
anisms of feature combinations, this study proposes a field-
label-free training maize yield estimation framework that
couples mechanistic models with deep learning. By integrat-
ing the physiological mechanisms of the WOFOST model
with the temporal mining capabilities of a Gated Recur-
rent Unit (GRU) network, this research achieves a knowl-
edge transfer from virtual simulation space to real geographic
space.

The results demonstrate that a massive and physiologi-
cally complete sample library is the foundation for achieving
field-label-free training yield estimation. This study utilized
a mechanistic model to construct a multi-scenario database
containing 3 686 400 valid samples, significantly surpassing
previous studies in both scale and completeness. Through
full-factorial experiments, this database exhaustively covers
nearly 30 years of climate fluctuations and habitat combi-
nations across Northeast China, ensuring the model main-
tains strong robustness and generalization capabilities with-
out requiring ground-truth data for training. In independent
field validations, the GRU network, equipped with temporal
memory, exhibited superior performance (R2

= 0.69, RMSE
= 1.2 t ha−1), with accuracy significantly higher than that of
Random Forest models that do not account for temporal con-
tinuity. This further indicates that accurately characterizing
the energy accumulation trajectory from vegetative to repro-
ductive growth is central to achieving precise yield estima-
tion in large-scale, complex environments.

Furthermore, through a comparative analysis of four sys-
tematic experimental schemes (Schemes A–D), this study
confirms that yield is the result of the combined effects
of photosynthetic intensity, duration, and peak features. Al-
though the statistical correlation between early-stage growth
features and final yield is low, these features are crucial as
initial states for maintaining the integrity of the temporal
context, directly influencing the model’s accurate inference
of subsequent growth potential. This systematic mining of
contributions from different feature dimensions breaks the
“black box” of deep learning in yield estimation and deep-
ens the scientific understanding of how deep learning models
acquire crop physiological mechanisms.

From a practical application perspective, this study not
only constructs a low-cost, scalable, mechanism-driven,
field-label-free training estimation solution but also success-
fully generates a high-precision maize yield map at a 10 m
resolution for Northeast China. This dataset can capture sub-
tle spatial differences within fields and accurately identify
yield fluctuations caused by extreme meteorological disas-
ters, such as the typhoons and flooding in 2023, providing
a vital decision-making basis for precision agricultural man-
agement and regional food security early warning systems.
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Appendix A

Table A1. Physiological parameterization and characterization of crop traits in WOFOST.

Parameter Definition Units Value Source

Initial

TDWI Total biomass at emergence kg ha−1 40∼55 Cai et al. (2019a)
RGRLAI Peak relative expansion rate of LAI ha ha−1 d−1 0.0294 Default settings

Phenology

TSUMEM Temperature sum from sowing to emergence °C d 110 Default settings
TSUM1 Temperature sum from emergence to anthesis °C d 750–900 Huang (2024); Zhang and Zeng (2024)
TSUM2 Temperature sum from anthesis to maturity °C d 800–950 Huang (2024); Zhang and Zeng (2024)
DLO optimum daylength for development h −99.0 Default settings
DLC critical daylength (lower threshold) h −99.0 Default settings

Eemergence

TBASEM Lower threshold temperature for emergence °C 4.0 Default settings

Green area

TBASE Base temperature for leaf senescence °C 7.0 Default settings
SPAN Physiological life expectancy of foliage at 35°C d 32–34 Qian et al. (2024)
SLATB00 Specific leaf area at DVS = 0.00 ha kg−1 0.0026 Default settings
SLATB078 Specific leaf area at DVS = 0.78 ha kg−1 0.0012 Default settings
SLATB200 Specific leaf area at DVS = 2.00 ha kg−1 0.0012 Default settings

Assimilation

KDIFTB00 Extinction coefficient at DVS = 0 – 0.60 Default settings
KDIFTB200 Extinction coefficient at DVS = 2 – 0.60 Default settings
EFFTB00 Light use efficiency at 0 °C kg ha−1 h−1 (J m−2 s−1)−1 0.45 Default settings
EFFTB40 Light use efficiency at 40 °C kg ha−1 h−1 (J m−2 s−1)−1 0.45 Default settings
AMAXTB00 Max leaf assimilation rate (DVS = 0) kg ha−1 h−1 70.00 Default settings
AMAXTB150 Max leaf assimilation rate (DVS = 1.50) kg ha−1 h−1 63.00 Default settings
AMAXTB200 Max leaf assimilation rate (DVS = 2.00) kg ha−1 h−1 21.00 Default settings
TMPFTB00 AMAX temperature correction factor at 0 °C – 0.01 Default settings
TMPFTB16 AMAX temperature correction factor at 16 °C – 0.80 Default settings
TMPFTB36 AMAX temperature correction factor at 36 °C – 0.95 Default settings
TMPFTB42 AMAX temperature correction factor at 42 °C – 0.56 Default settings

Partitioning

FRTB00 Root biomass partitioning ratio at DVS = 0 kg kg−1 0.40 Default settings
FRTB050 Root biomass partitioning ratio at DVS = 0.5 kg kg−1 0.23 Default settings
FRTB100 Root biomass partitioning ratio at DVS = 1 kg kg−1 0.00 Default settings
FRTB200 Root biomass partitioning ratio at DVS = 2 kg kg−1 0.00 Default settings
FLTB00 Leaf biomass partitioning ratio at DVS = 0 kg kg−1 0.62 Default settings
FLTB095 Leaf biomass partitioning ratio at DVS = 0.95 kg kg−1 0.15 Default settings
FLTB120 Leaf biomass partitioning ratio at DVS = 1.2 kg kg−1 0.00 Default settings
FLTB200 Leaf biomass partitioning ratio at DVS = 2 kg kg−1 0.00 Default settings
FSTB00 Stem biomass partitioning ratio at DVS = 0 kg kg−1 0.38 Default settings
FSTB095 Stem biomass partitioning ratio at DVS = 0.95 kg kg−1 0.85 Default settings
FSTB120 Stem biomass partitioning ratio at DVS = 1.2 kg kg−1 0.00 Default settings
FSTB200 Stem biomass partitioning ratio at DVS = 2 kg kg−1 0.00 Default settings
FOTB095 Storage organ biomass partitioning ratio at DVS = 0.95 kg kg−1 0.00 Default settings
FOTB120 Storage organ biomass partitioning ratio at DVS = 1.2 kg kg−1 1.00 Default settings
FOTB200 Storage organ biomass partitioning ratio at DVS = 2 kg kg−1 1.00 Default settings

Maintenance respiration

RML Maintenance respiration coefficient (leaves) kg CH2O kg−1 d−1 0.03 Default settings
RMS Maintenance respiration coefficient (stems) kg CH2O kg−1 d−1 0.015 Default settings
RMR Maintenance respiration coefficient (roots) kg CH2O kg−1 d−1 0.015 Default settings
RMO Maintenance respiration coefficient (storage organs) kg CH2O kg−1 d−1 0.01 Default settings

Rooting

RDI Starting depth of root penetration cm 10 Default settings
RRI Upper limit of daily root elongation rate cm d−1 2.2 Default settings
RDMCR Potential upper limit of root depth cm 100 Default settings
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Table A2. Bootstrap-derived uncertainty estimates (mean, standard deviation, and 95 % confidence intervals) for deep learning model per-
formance metrics.

Models Phase Scheme Metric Mean SD 2.5 % CI 97.5 % CI

GRU

Simulation test

A (Mean Features)

R2 0.453 0.003 0.447 0.460

RMSE (t ha−1) 1.070 0.003 1.064 1.077

MAE (t ha−1) 0.837 0.003 0.832 0.843

Bias (t ha−1) −0.020 0.004 −0.029 −0.011

RRMSE (%) 11.834 0.037 11.763 11.912

B (Integral Features)

R2 0.307 0.003 0.300 0.314

RMSE (t ha−1) 1.207 0.003 1.200 1.213

MAE (t ha−1) 0.958 0.003 0.953 0.963

Bias (t ha−1) −0.070 0.005 −0.079 −0.061

RRMSE (%) 13.379 0.038 13.304 13.451

C (Full Features)

R2 0.663 0.003 0.658 0.668

RMSE (t ha−1) 0.841 0.003 0.835 0.847

MAE (t ha−1) 0.645 0.002 0.640 0.649

Bias (t ha−1) −0.019 0.003 −0.025 −0.013

RRMSE (%) 9.323 0.035 9.257 9.392

D (Selected Subset)

R2 0.271 0.003 0.265 0.276

RMSE (t ha−1) 1.238 0.004 1.231 1.245

MAE (t ha−1) 0.987 0.003 0.980 0.993

Bias (t ha−1) −0.004 0.005 −0.013 0.005

RRMSE (%) 13.723 0.042 13.645 13.807

Field Validation

A (Mean Features)

R2 0.270 0.038 0.199 0.346

RMSE (t ha−1) 1.895 0.074 1.752 2.046

MAE (t ha−1) 1.458 0.058 1.348 1.578

Bias (t ha−1) −0.432 0.085 −0.598 −0.264

RRMSE (%) 21.475 0.835 19.921 23.173

B (Integral Features)

R2 0.495 0.058 0.384 0.607

RMSE (t ha−1) 2.195 0.136 1.950 2.465

MAE (t ha−1) 1.728 0.110 1.530 1.958

Bias (t ha−1) −0.797 0.170 −1.135 −0.473

RRMSE (%) 25.599 1.677 22.453 28.945

C (Full Features)

R2 0.689 0.021 0.649 0.728

RMSE (t ha−1) 1.210 0.028 1.155 1.264

MAE (t ha−1) 1.029 0.030 0.973 1.087

Bias (t ha−1) −0.134 0.057 −0.244 −0.025

RRMSE (%) 13.710 0.345 13.043 14.384

D (Selected Subset)

R2 0.308 0.037 0.239 0.384

RMSE (t ha−1) 1.808 0.063 1.689 1.933

MAE (t ha−1) 1.417 0.051 1.321 1.515

Bias (t ha−1) 0.758 0.077 0.603 0.918

RRMSE (%) 20.490 0.840 18.899 22.176
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Table A2. Continued.

Models Phase Scheme Metric Mean SD 2.5 % CI 97.5 % CI

LSTM

Simulation test C (Full Features)

R2 0.565 0.003 0.559 0.571

RMSE (t ha−1) 0.955 0.003 0.949 0.962

MAE (t ha−1) 0.740 0.003 0.735 0.745

Bias (t ha−1) −0.047 0.004 −0.054 −0.039

RRMSE (%) 10.594 0.037 10.526 10.667

Field Validation C (Full Features)

R2 0.314 0.030 0.255 0.375

RMSE (t ha−1) 1.675 0.049 1.576 1.769

MAE (t ha−1) 1.352 0.045 1.263 1.437

Bias (t ha−1) 0.361 0.077 0.201 0.510

RRMSE (%) 18.987 0.661 17.671 20.277

Figure A1. Correlation matrix heatmaps of input features with simulated yield. (A) Pearson correlation coefficient; (B) Spearman rank
correlation coefficient.
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Figure A2. Year-by-year independent validation of the GRU yield estimation models under four different feature schemes (A–D) using in
situ measurements from 2022 to 2024
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Figure A3. Performance of LSTM models under Scheme C (Full Features) and independent validation using in situ yield measurements
(2022–2024).
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Figure A4. Year-by-year independent validation of the RF yield estimation models under four different feature schemes (A–D) using in situ
measurements from 2022 to 2024.
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