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i Global Change Research Institute of the Czech Academy of Sciences, Brno 60300, Czech Republic
j Karlsruhe Institute of Technology, Institute for Meteorology and Climate Research, Atmospheric Environmental Research (IMK-IFU), Kreuzeckbahnstrasse 19, Garmisch- 
Partenkirchen 82467, Garmisch-Partenkirchen, Germany
k Department of Agrosystems and Bioclimatology, Faculty of AgriSciences, Mendel University in Brno, Brno, Czech Republic

A R T I C L E  I N F O

Keywords:
Crop yield estimation
Multi-modal deep learning
Transformer
Data fusion
Remote sensing

A B S T R A C T

Accurate large-scale crop yield estimation is critical for agricultural management and advance warning of 
potentially compromised food security. While recent advances in remote sensing provide diverse data sources for 
crop monitoring, effectively integrating these data sources for accurate yield estimation at the continental scale 
remains challenging due to complex crop-environment interactions and high spatial heterogeneity. In this study, 
we developed a Temporal Multi-modal Fusion (TMF) framework for end-of-season wheat yield estimation at the 
sub-national level across the European Union from 2001 to 2019. Our framework integrated time-series data 
across the entire growing season from climate variables, satellite-based remote sensing measurements including 
vegetation indices (e.g., Enhanced Vegetation Index) and productivity indicators (e.g., Solar-Induced Fluores
cence, Gross Primary Productivity), and static soil properties. By employing parallel transformer encoders fol
lowed by a late-fusion strategy, our architecture preserves modality-specific temporal dynamics before explicitly 
anchoring them against static spatial constraints. Leave-one-year-out cross-validation demonstrated that the TMF 
framework achieved accurate yield estimation with an RMSE of 0.75 Mg⋅ha− 1, 7–38% lower than baseline 
models (LSTM, GBRT, RF, and ANN). The model demonstrated better spatial stability and captured severe yield 
anomalies during extreme climate events (e.g., the 2003 and 2018 droughts). The ablation study and SHAP-based 
interpretability analysis revealed that while fusing more input modalities consistently improved model perfor
mance, substantial information redundancy exists among multi-modal inputs. Although satellite-derived mea
surements effectively capture seasonal canopy dynamics and interannual yield fluctuations, static soil properties 
provide complementary spatially structured information for yield estimation. Their integration reduced RMSE by 
28–33% compared to climate-only inputs and improved prediction stability across the study domain. Further
more, the model’s temporal contribution patterns aligned with wheat phenology, with feature importance 
peaking during reproductive and grain-filling stages. These findings highlight that the TMF framework provides a 
robust and scalable approach for continental-scale crop monitoring across highly diverse agroecosystems.
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1. Introduction

Agroecosystems face great challenges in maintaining productivity 
while ensuring sustainable food production, making accurate crop yield 
modeling essential for effective agricultural policy and research (Lobell 
et al., 2014; Rezaei et al., 2023). As one of the most critical staple crops 
in the European Union (EU), wheat accounts for approximately 35% of 
total arable land use and is critical for regional and global food security 
(Eurostat, 2021; Trnka et al., 2014). Accurate continental-scale wheat 
yield estimation provides critical support for ensuring agroecosystem 
sustainability and food security in response to climatic variability 
(Lipper et al., 2014; Moore and Lobell, 2015). Beyond socioeconomic 
benefits, reliable yield estimations also facilitate the scientific under
standing of crop yield gaps and the response of crops to environmental 
stress (Dhakar et al., 2022; Guan et al., 2017). However, achieving ac
curate yield estimations at large spatial scales remains challenging due 
to complex crop-environment interactions and spatial heterogeneity.

Crop yield is the outcome of the complex interactions among genetic 
factors, environmental conditions, and management practices (Bailey- 
Serres et al., 2019). These interactions not only determine the final 
yield but also influence crop development and growth throughout the 
growing season. Environmental factors significantly influence crop 
development and growth through meteorological variables (tempera
ture, precipitation, radiation) and soil properties (texture, organic 
matter, water-holding capacity). Wheat development follows distinct 
phenological stages with varying sensitivities of growth to environ
mental stress (Kahiluoto et al., 2019). For example, temperature ex
tremes during critical developmental stages, particularly flowering and 
grain filling, can dramatically reduce yield potential (Asseng et al., 
2015). This temporal complexity is further compounded by the spatial 
heterogeneity of environmental conditions across the EU agroecological 
zones (Metzger et al., 2005), creating diverse growing conditions that 
make large-scale yield estimation challenging but also critical. Although 
various efforts have been made for wheat yield modeling across Europe 
(van der Velde and Nisini, 2019), most studies have focused on specific 
regions (e.g., Danube basin) or countries (e.g., France, Germany, the 
Czech Republic, or Moldova) using localized datasets or narrow tem
poral windows (Bazzi et al., 2024; Bregaglio et al., 2023; Bueechi et al., 
2023; Meitner et al., 2023; Paudel et al., 2022; Potopová et al., 2020), 
with limited consideration of the spatial heterogeneity and environ
mental variability of large-scale modeling. Additionally, increasing 
extreme weather events introduce non-linear crop responses that con
ventional models struggle to capture (Ben-Ari et al., 2018; de Nóia Jú
nior et al., 2023), presenting significant challenges for developing robust 
prediction models applicable across varied regions and seasons.

Satellite remote sensing has significantly advanced crop growth 
monitoring by providing consistent, spatially explicit, and timely ob
servations. Vegetation indices (VIs) derived from multispectral satellite 
imagery, such as the Normalized Difference Vegetation Index (NDVI) 
and Enhanced Vegetation Index (EVI), serve as valuable indicators of 
canopy development and vigor throughout the growing season (Weiss 
et al., 2020). Time-series analysis of VIs enables the detection of crit
ical phenological transitions and growth anomalies, offering early in
dicators of potential yield variations (Sakamoto et al., 2013; Zheng et al., 
2016). Besides traditional VIs, advanced productivity and biophysical 
metrics like Solar-Induced Chlorophyll Fluorescence (SIF) and Gross 
Primary Productivity (GPP) offer deeper insights into crop physiological 
processes, providing a direct link to final yield by capturing photosyn
thetic activity and carbon assimilation processes (Guan et al., 2016; 
Peng et al., 2020). Previous studies have demonstrated the potential of 
these advanced metrics to improve yield estimation accuracy, particu
larly under stress conditions (Guan et al., 2017; Wang et al., 2023). 
However, remote sensing alone cannot capture the full range of envi
ronmental factors influencing crop growth, such as soil water retention 
and atmospheric dryness. Recent studies have shown that yield esti
mation based on diverse data generally outperforms models based on a 

single data source (Bueechi et al., 2023; Cai et al., 2019; Gámez et al., 
2025; Li et al., 2022; Zhuang et al., 2024). Developing effective methods 
to integrate remote sensing-derived information with other environ
mental factors remains a key challenge in building more accurate and 
robust large-scale yield estimation models.

Crop yield modeling approaches have evolved from mechanistic 
process-based models to increasingly sophisticated data-driven frame
works (Jones et al., 2017; Liu et al., 2024; Rosenzweig et al., 2013; Zhou 
et al., 2023a). While process-based models provide physiological in
sights, their large-scale application is often hindered by heavy param
eterization and calibration requirements (Martre et al., 2015; Wang 
et al., 2017). Data-driven machine learning approaches such as Random 
Forest (RF), Support Vector Machine (SVM), and Gradient Boosting can 
capture non-linear relationships without detailed process understand
ing, but often treat factors as independent features, overlooking tem
poral dependencies in crop growth (Jiang et al., 2020). Some recent 
studies have further incorporated crop-model outputs or domain 
knowledge into data-driven frameworks, including knowledge-guided 
machine learning (KGML) (Fang et al., 2026; Liu et al., 2024) and 
data assimilation approaches (Huang et al., 2019; Yang et al., 2023), to 
enhance robustness and generalization. Despite these developments, 
accurately capturing complex spatio-temporal interactions from multi- 
source satellite and environmental data at continental scales remains 
challenging, particularly under diverse agroecological conditions and 
extreme climate variability. With the increasing availability of diverse 
environmental and remote sensing data, there is a growing need for 
more sophisticated modeling approaches that can effectively capture 
complex spatio-temporal patterns and fully exploit the information 
embedded in multi-source datasets.

Deep learning methods have demonstrated strong performance in 
capturing complex temporal patterns from multi-source data in crop 
growth dynamics, offering new opportunities for yield estimation 
(LeCun et al., 2015; Reichstein et al., 2019). Given that crop growth is a 
complex dynamic process characterized by significant spatial hetero
geneity from planting to maturity, deep neural networks utilize hierar
chical structures to extract intricate spatiotemporal features from high- 
dimensional data. Recurrent neural networks (RNNs), particularly Long 
Short-Term Memory (LSTM), have demonstrated success in modeling 
time-series data by maintaining internal memory states that capture 
temporal dependencies (Jiang et al., 2020; Lin et al., 2020; Schwalbert 
et al., 2020; Zhong et al., 2025). More recently, attention mechanisms 
and transformer architectures have shown promise in crop yield 
modeling by identifying critical growth periods and environmental 
conditions that disproportionately influence final yields (Guo et al., 
2024; Tian et al., 2024; Xiong et al., 2024). Another significant advan
tage of deep learning is its ability to enable the effective fusion of het
erogeneous data sources through specialized architectures and training 
strategies (Mena et al., 2025). Attention-based multi-modal fusion 
methods offer a more adaptive and effective approach for capturing and 
integrating the most relevant information for improved results in crop 
modeling (Maimaitijiang et al., 2020).

Despite these advancements, comprehensive multi-modal fusion 
approaches for pan-European wheat yield estimation remain underex
plored. Existing transformer-based studies have largely been focused on 
regional or national scales (Guo et al., 2024; Zhang et al., 2025a), 
limiting their evaluation across diverse agroecological zones. Further
more, many studies rely primarily on a narrow set of temporal inputs, 
typically vegetation indices and climate variables (Xiong et al., 2026; 
Zhang et al., 2025b), with relatively limited incorporation of crop 
physiological indicators or static soil constraints. Systematic assess
ments of multi-modal fusion strategies for handling the inherent het
erogeneity of agricultural data remain scarce. Moreover, deep learning 
approaches often face criticism for their “black box” nature, offering 
limited transparency into their decision-making processes (Hu et al., 
2023). To address this, Explainable AI (XAI) techniques, e.g., SHapley 
Additive exPlanations (SHAP), have been applied to decipher model 
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behavior in crop yield estimation (Barredo Arrieta et al., 2020; von Bloh 
et al., 2024). However, quantifying the specific contributions of 
different modalities across growth stages, particularly under extreme 
climate conditions, remains critical for validating model reliability and 
enabling broader agronomic applications.

In this study, we developed a Temporal Multi-modal Fusion (TMF) 
framework for accurately estimating soft wheat yields at sub-national 
scales across the EU’s diverse agroecological zones from 2001 to 
2019. The framework integrates time-series data from climate variables, 
satellite-based remote sensing measurements including vegetation 
indices and productivity indicators, and static soil properties to capture 
complex spatio-temporal patterns underlying wheat yield formation. 
Our approach employs transformer encoders to extract temporal fea
tures from time-series variables, which are then fused with soil features 
using a late fusion strategy. Specifically, we aim to answer three 
research questions: (1) To what extent can the TMF framework capture 
the complex spatio-temporal interactions between multi-source data for 
wheat yield estimation across the EU? (2) How do fusion strategies and 
modality combinations affect the synergistic integration of heteroge
neous data for wheat yield estimation? (3) What are the relative con
tributions of different temporal features and data modalities in wheat 
yield estimation? We hypothesized that 1) multi-modal data integration 
is essential to resolve the high spatio-temporal heterogeneity inherent in 
continental-scale yield modeling; 2) static soil properties provide 
structural spatial yield patterns that complement temporal crop dy
namics captured by satellite observations; and 3) the model’s reliance on 
different modalities will dynamically align with key crop phenological 
stages and environmental stress responses.

2. Materials and methods

2.1. Study area and crop yield data

This study focused on soft wheat (predominantly winter wheat) yield 
estimation across the European Union at the sub-national level using the 
administrative classification of NUTS-2016 (Nomenclature of Territorial 
Units for Statistics in 2016) from 2001 to 2019 (Fig. 1). The yield data 
were obtained from the Harmonized European Union subnational crop 
statistics database (Ronchetti et al., 2024). Although spring and winter 
wheat varieties are included, winter wheat dominates EU production, 
accounting for more than 93% of total wheat cultivation (Eurostat, 
2024; Le Gouis et al., 2020). After removing outliers using the inter
quartile range (IQR) method, the dataset comprised 14,749 NUTS-year 
records of 852 regions, predominantly at NUTS level 3 due to varying 
country sizes.

Substantial spatial heterogeneity exists in wheat yields across the EU, 
with the highest productivity in Western and Northern Europe (yields >
8 Mg⋅ha− 1), and lower yields in Eastern and Southern regions. While 
yields remained relatively stable during the study period, yield losses 
occurred in 2003 and 2018 due to severe drought and heatwave events 
(Clarke et al., 2021; Kahiluoto et al., 2019). The growth season was 
defined as 50 weeks from September 1st of the sowing year to August 
15th of the harvest year, which ensures coverage of all critical growth 
stages across all European latitudes.

To understand the long-term dynamics of wheat production across 
the EU, we analyzed the temporal trends of crop yields across all NUTS 
regions from 2001 to 2019 (Fig. S1). The statistical analysis (p < 0.05) 
revealed that wheat yields in most EU regions have stagnated, with no 
significant increasing or decreasing trends observed over the 19-year 
period. This observation aligns with previous studies reporting a pla
teauing (stagnation) of wheat yields in most European regions due to 
constraints from climatic change and agronomic practices (Brisson et al., 
2010; Le Gouis et al., 2020; Moore and Lobell, 2015; Ray et al., 2012). 
Spatially, significant positive trends were primarily concentrated in 
Eastern Europe (e.g., the Baltic countries), reflecting potential im
provements in agricultural management and the closing of yield gaps in 

these regions (Schils et al., 2018). This prevailing yield stagnation 
highlights the challenge of yield estimation in the EU, as models must 
effectively capture high-frequency inter-annual variability driven by 
environmental fluctuations rather than relying on long-term linear 
trends.

2.2. Multi-source dataset and preprocessing

This study integrated multi-source satellite Earth observation and 
environmental data to capture the complex dynamics of wheat growth 
across the EU. The dataset combines climate data, satellite-based remote 
sensing measurements, including vegetation indices and productivity 
indicators, and static soil properties (Table 1). All data were consoli
dated at the NUTS regional level with cropland masks to ensure 
consistent coverage of the study area and wheat growth season (Fig. 2a).

2.2.1. Climate data
Time-series climate data were obtained from ERA5-Land daily 

reanalysis at 0.1◦ spatial resolution (Muñoz-Sabater et al., 2021). The 
variables used in this study included temperature (mean, maximum, and 
minimum air temperature), moisture (precipitation, evaporation, air 
relative humidity, vapor pressure deficit), and radiation components 
(incoming longwave and shortwave radiation). Relative humidity (RH) 
and vapor pressure deficit (VPD) were derived using the August-Roche- 
Magnus approximation from ERA5-Land temperature data.

2.2.2. Satellite-based measurements of vegetation
To comprehensively capture wheat growth dynamics and produc

tivity, we used satellite-based measurements, including vegetation 
indices and productivity indicators. Vegetation indices reflect canopy 

Fig. 1. Distribution of wheat yields in the EU from 2001 to 2019. (a) Average 
yield distribution of the study period across the EU, (b) annual count of yield 
observations, and (c) boxplot of crop yield. In (c), the line shows the median, 
box edges indicate the 25th and 75th percentiles, and whiskers represent 1.5 ×
interquartile range.
Source: Harmonized European Union subnational crop statistics database 
(Ronchetti et al., 2024)
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structure and greenness, while productivity indicators provide direct 
insights into photosynthetic activity and carbon uptake.

Vegetation indices derived from MODIS (MOD13Q1.061) 16-day 
composite products at 250 m resolution were used to monitor wheat 
growth dynamics. Specifically, the Normalized Difference Vegetation 
Index (NDVI) reflects overall greenness, while the Enhanced Vegetation 
Index (EVI) improves sensitivity in high biomass regions. Additionally, 
the Wide Dynamic Range Vegetation Index (WDRVI) was calculated 
from surface reflectance bands to better characterize vegetation during 
peak growing seasons (Gitelson, 2004).

Productivity indicators, including SIF, the fraction of absorbed 
photosynthetically active radiation (fAPAR), and GPP, were used for 
crop yield estimations. These productivity indicators can characterize 
crop photosynthetic activity and carbon fixation. Specifically, SIF is a 
direct proxy of photosynthetic activity, capturing chlorophyll’s re- 
emission of absorbed solar radiation and showing strong correlations 
with productivity across various vegetation types (Guan et al., 2016). 
Here, we used the CSIF (Continuous Solar-Induced Fluorescence) dataset 
at 0.05◦ resolution and 4-day intervals (Zhang et al., 2018), which was 
trained using OCO-2 SIF observations and MODIS reflectance data. The 

Table 1 
Summary of the collected datasets for wheat yield estimation in the EU.

Category Variables Spatial 
Resolution

Temporal 
Resolution

Source

Crop yield Sub-national yield statistics NUTS-2/3 Year Harmonized European Union subnational crop 
statistics (Ronchetti et al., 2024)

Climate data Temperature (mean, maximum, and minimum), 
precipitation, evapotranspiration, RH, VPD, incoming 
radiation (shortwave, longwave)

0.1◦ 1-day ERA5-Land Daily Aggregated (Muñoz-Sabater et al., 
2021)

Satellite-based 
measurements 
(Vegetation indices)

NDVI 
EVI 
WDRVI

250 m 16-day MODIS (MOD13Q1.061)

Satellite-based 
measurements 
(Productivity indicators)

SIF 0.05◦ 4-day CSIF dataset (Zhang et al., 2018)
fAPAR 1 km 10-day CLMS (https://land.copernicus.eu/en/products/ 

vegetation/fraction-of-absorbed-photosynthetically- 
active-radiation-v2-0–1 km)

GPP 0.05◦ 8-day GOSIF GPP (Li and Xiao, 2019)
Soil properties Clay content, sand content, organic carbon, bulk density, 

field capacity, pH 
(0, 30 cm)

250 m / OpenLandMap Soil (Hengl, 2018)

Fig. 2. (a) Multi-source data processing workflow, and (b) Temporal Multi-modal Fusion (TMF) framework for wheat yield estimation. The TMF employs parallel 
Transformer encoders for each temporal modality (climate, vegetation indices, and productivity indicators), followed by a two-stage hierarchical late fusion.
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fAPAR quantifies the proportion of incoming solar radiation absorbed by 
vegetation for photosynthesis, serving as a key indicator of potential 
photosynthetic capacity (Baret et al., 2007). The fAPAR dataset was 
obtained from the Copernicus Land Monitoring Service (CLMS), which 
provides global coverage at 1 km resolution and 10-day intervals. GPP 
represents the total carbon dioxide uptake through photosynthesis, 
providing a direct measurement of vegetation productivity and showing 
strong links to crop yield formation (Jiang et al., 2021). GPP estimates in 
this study were derived from the GOSIF (Global OCO-2-based SIF) 
dataset (Li and Xiao, 2019), which provides data at 0.05◦ resolution and 
8-day intervals by combining SIF observations with a light-use efficiency 
model.

2.2.3. Soil properties
Static soil properties were derived from OpenLandMap at 250 m to 

capture the spatial heterogeneity of soil conditions affecting wheat 
growth (Hengl, 2018). OpenLandMap provides information about soil 
properties at seven standardized depth points based on machine 
learning models trained on harmonized soil profile observations and 
environmental covariates. For this study, six key soil characteristics 
were selected: clay content, sand content, organic carbon content, bulk 
density, field capacity, and pH. These properties were extracted at the 
surface (0 cm) and subsurface (30 cm) depths to represent soil condi
tions that influence wheat growth and yield formation.

2.2.4. Data processing
The multi-source dataset underwent spatial and temporal processing 

to ensure consistency for large-scale yield estimation (Fig. 2a). The 
processing workflow consisted of two main steps: spatial and temporal 
harmonization. For spatial processing, we first applied a cropland mask 
using the Land Cover CCI Climate Research Data Package (CRDP) annual 
land cover product at 300 m resolution to retain only cropland pixels 
(Defourny et al., 2023). The masked datasets were then aggregated to 
the NUTS regional level through pixel averaging. Temporal harmoni
zation was applied by interpolating time-series data with coarser-than- 
weekly resolution to weekly intervals using linear interpolation, 
whereas data with higher temporal frequency were aggregated to 
weekly means.

The data processing was performed using Google Earth Engine 
(GEE), which efficiently handled the large-scale processing of MODIS 
products, ERA5-Land climate data, and soil properties (Gorelick et al., 
2017). Processing of the productivity indicators (SIF, fAPAR, and GPP) 
was conducted using Python geospatial libraries, specifically rasterio for 
raster operations, geopandas for vector processing, and xarray for multi- 
dimensional array manipulation.

2.3. Temporal multi-modal fusion framework

The proposed temporal multi-modal fusion (TMF) framework in
tegrates both temporal and static data for sub-national crop yield esti
mation through a hierarchical architecture (Fig. 2b). The TMF consists 
of two main components: (1) parallel temporal feature extraction for 
time-series variables and static soil properties encoding, and (2) hier
archical multi-modal fusion for yield estimation. This architectural 
design reflects the heterogeneous controls on wheat yield formation, 
where yield outcomes are shaped by both cumulative seasonal dynamics 
and time-invariant environmental constraints. Temporal variables (e.g., 
climate and satellite-based measurements) capture stage-dependent 
growth responses and interannual variability, whereas static soil prop
erties represent time-invariant environmental information related to 
regional yield variability. By employing modality-specific extractors 
followed by late fusion, the framework preserves the unique temporal 
signatures of diverse data sources while effectively capturing the non- 
linear interactions between dynamic growth processes and static envi
ronmental drivers.

Feature extraction: The framework processes two types of input 

features: temporal and static data. For dynamic temporal modalities, 
including climate variables Xc ∈ R(T×dc), vegetation indices Xv ∈ R(T×dv), 
and productivity indicators Xp ∈ R(T×dp) (where T = 50 represents 
sequence length and d represents feature dimensions), we employed 
parallel transformer encoders for each modality. These encoders first 
project the input to a common feature space using a linear layer, and 
then add sinusoidal positional encodings to retain temporal order. Each 
transformer encoder comprises three layers with four attention heads 
per layer, incorporating multi-head self-attention and feedforward 
sublayers with residual connections and layer normalization. This ar
chitecture is specifically leveraged to capture the non-linear temporal 
dependencies within each modality. By utilizing multi-head self-atten
tion, the model can simultaneously focus on multiple critical pheno
logical windows, such as the sensitive flowering stage and the grain- 
filling period (Rußwurm and Körner, 2020; Shaw et al., 2018). The 
static soil properties Xs ∈ Rds are processed by a multilayer perceptron 
(MLP) branch with layer normalization to extract static patterns, which 
learns non-linear relationships among soil properties that are relevant to 
regional yield variability.

Multi-modal fusion: The framework adopts a hierarchical late 
fusion strategy in which modality-specific temporal representations are 
first fused across temporal modalities, and then integrated with static 
soil features in a second fusion stage. This design reflects the hetero
geneous roles of different data sources in yield formation, enabling each 
modality to capture its own temporal dynamics before integrating their 
complementary information at a higher representation level. The fusion 
process follows a hierarchical structure: Temporal features from climate 
variables, vegetation indices, and productivity indicators are first 
extracted through global pooling operations after transformer encoding. 
These modality-specific temporal representations are then concatenated 
and processed through a fully connected temporal fusion layer to 
generate an integrated temporal representation. This step integrates the 
seasonal information separately encoded from climate variables, vege
tation indices, and productivity indicators. The integrated temporal 
features are then combined with the encoded soil features through a 
dedicated fusion module based on a fully connected layer. The final 
yield estimation is computed through a two-layer estimation head with 
dropout regularization.

The TMF uses the Adam optimizer to optimize the weights of the 
network. The mean squared error (MSE) loss function is employed for 
model optimization, directly measuring the discrepancy between esti
mated and observed yield values. We used the same set of hyper
parameters across all folds in LOYO-CV. The model dimension (d_model) 
was particularly investigated through grid search over the range [32, 48, 
72, 96, 128]. This hyperparameter search was conducted for both late- 
fusion and early-fusion TMF variants using an identical search space 
and evaluation protocol. In both cases, a model dimension of 72 was 
determined as the optimal value based on cross-validation performance. 
Other architectural parameters were set based on preliminary experi
ments, with the number of attention heads fixed at 4 and the number of 
transformer layers at 3. The implementation utilizes the PyTorch 
framework and is trained on a high-performance computing infra
structure comprising an AMD Milan Processor (2.45 GHz/64 Core), 256 
GB RAM, and four NVIDIA A100 GPUs (40 GB VRAM).

2.4. Baseline models

To evaluate the effectiveness of our proposed TMF framework, we 
developed four baseline models for comparison, including LSTM 
(Hochreiter and Schmidhuber, 1997), Artificial Neural Network (ANN) 
(Agatonovic-Kustrin and Beresford, 2000), Gradient Boosting Regres
sion Trees (GBRT) (Friedman, 2001), and RF (Breiman, 2001). All 
baseline models were trained and evaluated using identical data splits, 
preprocessing strategies, and evaluation metrics as the TMF framework 
to ensure fair and consistent comparison.
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The bidirectional LSTM network serves as our primary temporal deep 
learning baseline. The model processes concatenated temporal features 
through two stacked LSTM layers, while static soil properties are pro
cessed through an MLP identical in structure to that used in the TMF 
framework. The temporal and static features are concatenated and pass 
through a fully connected fusion layer followed by an estimation head. 
The LSTM hidden size was determined through a grid search over the 
range [64, 128, 256, 512].

For non-sequential machine learning baselines, the ANN architecture 
was optimized through grid search over different hidden layer config
urations, ranging from [32, 16] to [1024, 512], employing ReLU acti
vation and dropout for regularization. The GBRT and RF models 
underwent randomized search over key hyperparameters, including the 
number of trees, maximum depth, and minimum sample requirements. 
These non-sequential models process the flattened temporal features 
alongside static soil properties, with 762 input variables (15 temporal 
variables × 50 timesteps + 12 soil properties).

For all baseline models (ANN, LSTM, RF, and GBRT), hyper
parameters were optimized prior to model evaluation and then fixed 
across all leave-one-year-out cross-validation (LOYO-CV) folds to ensure 
fair and consistent comparison. ANN and LSTM architectures were 
selected via grid search over predefined configurations, while RF and 
GBRT hyperparameters were optimized using RandomizedSearchCV 
with 500 iterations. The final hyperparameter search spaces and 
selected configurations for all baseline models, as well as the proposed 
TMF framework, are summarized in Table S1.

2.5. Experimental design

To systematically evaluate the proposed TMF framework, we 
designed a structured experimental design comprising three 

components: (a) model performance assessment, (b) multi-modal fusion 
strategies evaluation, and (c) SHAP-based interpretability analysis 
(Fig. 3).

(a) Model performance assessment. The model performance was 
evaluated using leave-one-year-out cross-validation (LOYO-CV). In each 
fold, data from one of the 19 years (2001 to 2019) was held out as the 
test set, while the remaining years were used as the training set, enabling 
evaluation of the model’s performance in estimating crop yield across 
different temporal conditions. This design prevents within-year infor
mation leakage and allows rigorous assessment of temporal general
ization to unseen climatic conditions. Model performance was assessed 
using multiple metrics, including Root Mean Square Error (RMSE), co
efficient of determination (R2), and relative RMSE normalized by overall 
mean yield (rRMSE). We report both the pooled performance across all 
LOYO test folds and individual fold accuracies to provide detailed in
sights into model stability across years.

(b) Multi-modal fusion strategies evaluation. We conducted experi
ments from the perspectives of input modality combinations and fusion 
architecture to systematically evaluate the effectiveness of different 
modal integration approaches. The modality combination analysis 
examined 14 model variants through ablation studies, which evaluate 
modality-level structural contributions to predictive performance. The 
experiments were organized into two main groups: models with and 
without soil properties. For models incorporating soil properties, we 
evaluated combinations of three temporal modalities (climate, vegeta
tion indices, and productivity indicators) with soil data (3 T + 1S, 2 T +
1S, 1 T + 1S). Similarly, we tested temporal modality combinations 
without soil properties (3 T, 2 T, 1 T) to quantify the impact of static soil 
information on yield estimation accuracy. The architectural analysis 
compared late and early fusion approaches for modal integration. While 
our proposed late fusion strategy preserves modality-specific temporal 

Fig. 3. Experimental design to evaluate and understand the proposed TMF framework for large-scale wheat yield estimation: (a) model performance evaluation using 
leave-one-year-out cross-validation (LOYO-CV), (b) multi-modal fusion strategies evaluation, and (c) SHAP-based model interpretability analysis.
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patterns through independent processing streams, the early fusion 
variant concatenates all input features at the beginning of the network.

(c) SHAP-based interpretability analysis. Model interpretability was 
investigated through SHAP analysis, which provides individualized 
feature contribution assessments based on coalitional game theory 
(Lundberg et al., 2020). Specifically, SHAP quantifies the marginal 
contribution of each input variable within the fully integrated TMF 
framework, enabling feature-level interpretation of how static and 
temporal variables influence yield estimations. We calculated SHAP 
values for all features across temporal and static modalities. The tem
poral dimension analysis quantified the feature importance variations 
during key growth stages and extreme events, providing insights into the 
model’s adaptation to different environmental conditions. The 
modality-level contribution analysis compared the relative importance 
of climate variables, vegetation indices, productivity indicators, and soil 
properties to yield estimation.

3. Results

3.1. Relationship among input variables

The Pearson correlation analysis revealed distinct patterns between 
wheat yield and growing season accumulated temporal input variables 
across the EU (Fig. 4). For the correlation analysis, weekly time-series 
variables were summed over the defined growing season to obtain 
accumulated metrics that characterize overall seasonal effects. Yield 
showed positive correlations with productivity indicators and VIs. 
Among them, SIF (r = 0.55) and fAPAR (r = 0.54) showed relatively 
strong linear relationships with yield. Conversely, negative correlations 
were observed with climate variables, specifically temperature-related 
variables, VPD, and incoming shortwave radiation. We also found 
strong intercorrelations within certain variable groups, for example, 

among the three VIs (NDVI, EVI, and WDRVI) (r > 0.9) and among the 
three productivity indicators (SIF, fAPAR, and GPP) (r > 0.8). Addi
tionally, cross-group correlations between VIs and productivity in
dicators were also high (r > 0.8), suggesting potential multicollinearity 
among these variables. Similarly, strong correlations were observed 
between vegetation indices and productivity indicators, which can be 
attributed to their common derivation from remote sensing spectral 
bands.

Soil properties showed clear south-to-north latitudinal spatial pat
terns across the EU, indicating the spatial variation in soil and climate 
that is critical for yield estimation at continental scales (Fig. S2). 
Northern European regions were characterized by lower clay and bulk 
density but higher sand content, while southern regions exhibited in
verse patterns. Soil organic carbon content and field capacity showed a 
clear north–south gradient, with higher values in northern regions and 
lower values in Mediterranean areas. Soil pH showed more acidic soils 
(pH 5.0–6.0) in northern Europe and alkaline soils (pH > 6.5) in 
southern regions. These spatial patterns were consistent between surface 
(0 cm) and subsurface (30 cm) depths, though with slight variations in 
magnitude. Correlation analysis between soil properties and yield 
(Fig. S3) showed weak relationships between soil properties and crop 
yield (r < 0.5), but strong correlations between surface and subsurface 
measurements of the same properties. This pronounced spatial vari
ability highlights the importance of incorporating soil properties in 
large-scale yield estimation models to capture region-specific growing 
conditions and reduce bias across diverse agroecological zones.

3.2. Yield estimation performance

The proposed TMF framework achieved robust performance in large- 
scale wheat yield estimation, outperforming all baseline models using 
LOYO-CV (Fig. 5). The TMF framework with a late fusion strategy 

Fig. 4. Correlation heatmap of the sub-national level wheat yield and growing season accumulated input time-series variables. Weekly time-series data were summed 
over the defined growing season. Only correlation coefficients with |r| > 0.5 are labeled numerically. Black bold frames indicate statistically significant correlations 
at the p < 0.05 level.
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demonstrated the best overall performance (RMSE = 0.75 Mg⋅ha− 1, R2 

= 0.88, and rRMSE = 13.4%), reducing RMSE by 0.06–0.46 Mg⋅ha− 1 

(7.0–37.8%) compared to baseline models. While the early fusion 
variant showed slightly degraded performance (RMSE = 0.79 Mg⋅ha− 1 

and R2 = 0.87), it still outperformed all baseline models, suggesting the 
effectiveness of transformer-based architectures in capturing complex 
temporal dependencies in time-series data for crop yield estimation. We 
also observed that temporal deep learning models consistently out
performed traditional machine learning approaches in large-scale wheat 
yield estimation. Among the baseline models, LSTM achieved the 
strongest performance (RMSE = 0.81 Mg⋅ha− 1), followed by GBRT 
(RMSE = 0.98 Mg⋅ha− 1), RF (RMSE = 1.14 Mg⋅ha− 1), and ANN (RMSE 
= 1.21 Mg⋅ha− 1).

Regarding the temporal robustness of model performance, the TMF 
(LateFusion) maintained consistent results across years (mean RMSE =
0.75 ± 0.09 Mg⋅ha− 1) (Fig. S4). Such temporally consistent perfor
mance indicates high stability in yield estimation across diverse climatic 
conditions. In contrast, traditional machine learning approaches showed 
higher variability, with ANN exhibiting the greatest error (mean RMSE 
= 1.16 ± 0.37 Mg⋅ha− 1). The RMSE heatmaps further highlighted the 
year-to-year performance dynamics (Fig. 6), where TMF (LateFusion) 
maintained high accuracy in nearly all years and demonstrated strong 
performance during extreme drought years such as 2003 and 2018 (Ciais 
et al., 2005; Büntgen et al., 2021). These results demonstrate the 
robustness of the TMF framework in capturing year-to-year crop-envi
ronment variation, improving both average yield estimation accuracy 
and model temporal generalizability under varying and adverse envi
ronmental conditions in large-scale crop yield estimation. In addition, a 
spatial cross-validation experiment based on NUTS-1 regions (Fig. S5) 
was conducted to further assess model performance under spatially in
dependent evaluation. The results showed that the TMF framework 

maintains strong predictive skill (RMSE = 0.89 Mg⋅ha− 1, R2 = 0.84), 
although performance decreased compared to the LOYO-CV setting due 
to increased spatial distribution shifts.

The spatial distribution of estimation errors illustrates distinct pat
terns in model performance across regions and climate conditions 
(Fig. 7). Overall, all models tended to overestimate yield in Eastern 
Europe, reflecting the inherent spatial heterogeneity in environmental 
and management practices. Among all models, the TMF (LateFusion) 
showed higher spatial consistency in yield estimations, with smaller 
error magnitudes and more balanced error distributions across regions 
and years than baseline models. This spatial consistency was more 
evident in normal years (2008 and 2013), where TMF (LateFusion) 
maintained estimation errors largely within ± 1 Mg⋅ha− 1 across most 
NUTS regions.

During years of extreme climatic events, all models showed more 
significant spatial variability in yield estimation errors compared to 
normal years. Spatial analysis of yield anomalies (Fig. S6) confirmed 
that drought-induced yield losses exhibit strong spatial heterogeneity. 
Regions with larger yield loss tend to correspond to areas of model 
overestimation, suggesting that abrupt and extreme yield reductions 
remain more challenging to fully capture. Temporal deep learning 
models (TMF (LateFusion), TMF (EarlyFusion), and LSTM) could better 
reproduce the yield loss under extreme climate stress than traditional 
machine learning approaches. The TMF framework showed the best 
overall performance compared with other models in both drought and 
normal years. TMF (EarlyFusion) slightly outperformed TMF (LateFu
sion) in 2003 (RMSE = 0.83 vs. 0.84 Mg⋅ha− 1), but TMF (LateFusion) 
achieved better accuracy in other years and more consistent spatial 
performance. In 2018, when severe drought and heat stress impacted 
central and northern Europe, most models overestimated yields in the 
affected regions. However, temporal deep learning models showed more 

Fig. 5. Scatter plots comparing estimated and observed yields across six models using pooled test results from LOYO-CV: (a) TMF (LateFusion), (b) TMF (Ear
lyFusion), (c) LSTM, (d) ANN, (e) GBRT, and (f) RF. The black dashed line represents the 1:1 line, and the red solid line shows the fitted regression line. Green shading 
indicates point density, with darker colors representing higher density. Histograms on the axes show the distribution of actual (x-axis) and estimated (y-axis) yields.
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moderate overestimation (generally < 1.5 Mg⋅ha− 1) compared to 
traditional approaches, suggesting a better capability in capturing crop 
yield responses to extreme conditions.

3.3. Differences among input modality combinations for yield estimation

The ablation experiment revealed how different combinations of 
input modalities influence the performance of the TMF (LateFusion) 
model (Fig. 8). Yield estimation performance generally improved as 
more input modalities were fused. The combination of all four input 
modalities—climate variables, vegetation indices, productivity in
dicators, and soil properties (CVPS)—achieved the best performance, 
yielding the lowest RMSE of 0.75 Mg⋅ha− 1, the highest R2 of 0.88 on the 
pooled test sets, and the most stable performance across years. The 
model performance gradually degraded as fewer modalities were used, 
with three-modality combinations showing RMSEs of 0.76–0.89 
Mg⋅ha− 1, two-modality combinations around 0.76–0.96 Mg⋅ha− 1, and 
single-modality yield estimations resulting in the poorest performance 
(RMSEs of 0.98–1.13 Mg⋅ha− 1). Although partial redundancy exists 
among certain variables, the consistent performance gains suggest that 
the TMF framework is able to extract complementary information from 
heterogeneous modalities.

Soil properties notably improved yield estimation performance when 
incorporated into different modality combinations through the TMF 
framework, with RMSE decreasing by 13.2–26.7%. For instance, adding 
soil properties to the CVP combination reduced RMSE from 0.89 to 0.75 
Mg⋅ha− 1. Moreover, integrating satellite-derived measurements and soil 
properties (CVS, CPS, and CVPS) reduced RMSE by 28.1–33.3% 
compared to climate-only inputs (C). The consistent improvement across 
different combinations highlights the complementary role of static soil 
properties in enhancing spatial differentiation when integrated with 
temporal climate and vegetation signals for large-scale crop yield esti
mation. For models using only a single time-series input (C, V, and P), 
productivity indicators showed superior performance (0.98 Mg⋅ha− 1) 
compared to climate and vegetation indices (1.13 and 1.06 Mg⋅ha− 1). 
This suggests that productivity indicators, which more directly reflect 
photosynthetic activity and canopy productivity, provide signals more 
closely linked to final yield.

To further assess the robustness of our TMF framework for large- 
scale yield modeling, we conducted a stability analysis using Monte 
Carlo dropout during inference. This approach enables quantification of 
yield estimation stability by generating multiple yield estimates for each 
sample during the testing phase, while randomly deactivating neurons 
according to the dropout probability (Goel and Chen, 2021). We 
analyzed the spatial distribution of the yield estimation variance across 
different input modality combinations and environmental conditions by 
generating 30 yield estimates (Fig. 9). Results revealed that models 
incorporating soil properties (CVPS and VPS) significantly reduced the 

yield estimation variance compared to their counterparts without soil. 
Wheat production areas with intensive agriculture (Western Europe) 
benefited most in model stability from soil data integration. These 
findings highlight that multi-modal fusion with static soil properties not 
only improves accuracy but also enhances model estimation stability 
across heterogeneous environmental conditions for large-scale yield 
estimation.

3.4. Feature importance of multi-modal inputs

The SHAP-based model interpretability analysis of the TMF (Late
Fusion) model quantifies how different input modality variables from 
different growth stages contributed to estimated wheat yields within the 
integrated TMF framework (Fig. 10). Feature importance generally 
peaked during the mid-to-late growth periods (April–July), corre
sponding to reproductive and grain-filling stages when wheat yield is 
most sensitive to environmental conditions (Asseng et al., 2015). This 
temporal concentration of importance suggests that the model captures 
biologically meaningful yield sensitivity windows rather than uniformly 
weighting the growing season. Vegetation indices (NDVI and EVI) 
emerged as the strongest contributors, with higher importance values 
than other modalities. Productivity indicators also exhibited moderate 
importance, peaking slightly earlier in the growth season compared to 
vegetation indices. Among climate variables, RH demonstrated higher 
contributions than temperature metrics or radiation parameters, indi
cating that moisture-related stress signals may play a more direct role in 
yield variability within the EU. These results demonstrate the TMF 
framework’s capacity to integrate temporal patterns and leverage the 
informative signals across modalities, while also aligning well with crop 
phenology and sensitivity periods for yield. To further understand the 
model’s behavior under extreme conditions, we compared the temporal 
feature importance between drought years (2003, 2018) and normal 
years (2008, 2013) (Fig. S7). While satellite-based measurements (EVI, 
NDVI) consistently dominated feature contributions across all years, 
their importance was notably intensified during the reproductive and 
grain-filling stages in drought years. This shift indicates the TMF 
framework’s ability to adaptively capture stress-induced changes in crop 
physiology and adjust feature weighting accordingly for robust yield 
estimation under varying environmental conditions.

The accumulated SHAP values over the entire growth period illus
trate the relative influence of different input modalities in wheat yield 
estimation (Fig. 11). Among temporal input features, satellite-based 
measurements (vegetation indices and productivity indicators) demon
strated higher importance than climate variables, with EVI showing the 
strongest contribution (|SHAP| > 1.2), followed by NDVI, fAPAR, and 
WDRVI. These results indicate that satellite-based measurements pri
marily drive year-to-year yield fluctuations by capturing phenological 
responses to climatic conditions. Despite being static features, soil 

Fig. 6. Heatmap of year-wise RMSE for different models under LOYO-CV (2001–2019).
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properties also showed notable importance in yield estimation. Notably, 
the subsurface depth (30 cm) soil properties contributed more to yield 
estimation than those at the surface (0 cm). Overall, the SHAP analysis 
demonstrated that our TMF framework could effectively synthesize 
multi-source information through temporal learning and multi-modal 
fusion, capturing both crop growth dynamics and environmental con
ditions for improved yield estimation.

4. Discussion

This study demonstrated that integrating multi-modal data through a 
transformer-based fusion framework (i.e., TMF framework) can sub
stantially improve the accuracy and robustness of large-scale wheat 
yield estimation across the EU. The TMF framework effectively captured 
both temporal dynamics and spatial heterogeneity through a late fusion 

Fig. 7. Maps of the estimation error (estimated − observed yield) at the NUTS level for different models in representative drought (2003, 2018) and normal years 
(2008, 2013). The selected drought years correspond to documented large-scale European heatwave and drought events, while the normal years provide baseline 
comparisons. The RMSE and R2 values shown in the upper-left corner of each panel indicate year-specific predictive accuracy.
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strategy that preserves modality-specific temporal patterns, with 
consistent performance across diverse agroecological zones and climatic 
conditions. The inclusion of static soil properties enhanced model per
formance and stability. Moreover, we also found that remote sensing 
variables (EVI, NDVI, and fAPAR), especially during critical growth 
stages (grain-filling), contributed most to yield estimations.

4.1. Advantages of the multi-modal fusion framework for large-scale yield 
estimations

The proposed TMF framework achieved improved wheat yield esti
mation across the EU, representing a significant improvement over 
baseline models by reducing RMSE by 7.0–37.8% (Fig. 5). Our work 
developed one of the first comprehensive, remote sensing-based 
frameworks for EU-wide wheat yield estimation at the NUTS-3 level. 
Previous remote sensing studies on crop yield estimation in Europe have 
focused on smaller regions, limited agroecological zones, or county-level 
analyses (Bregaglio et al., 2023; de Nóia-Júnior et al., 2025; Paudel 
et al., 2022; Ronchetti et al., 2023). For example, the EU Joint Research 
Center (JRC) has developed an agroecosystem model-based yield fore
casting system at the NUTS-1 level (van der Velde et al., 2019a), which is 
limited to the national scale and failed during extreme events (e.g., in 
France in 2016). Developing fine-scale yield estimation models across 

large regions presents challenges due to the spatial heterogeneity in 
climate, soil conditions, and management practices (Feng et al., 2021; 
Schils et al., 2018). The robustness of the TMF framework is particularly 
vital in the context of the observed yield stagnation across much of the 
EU (Moore and Lobell, 2015). Our framework provides a viable option to 
address these challenges by effectively integrating high-resolution 
multi-source data to capture both common patterns and regional vari
ations in crop-environment relationships.

Our results showed significant advancements in crop yield modeling 
through the integration of transformer-based temporal learning and 
multi-modal fusion strategies. The transformer encoder architecture 
with self-attention mechanisms showed improved performance 
compared with LSTM (reducing RMSE by 7.0%), suggesting its advan
tage in capturing complex temporal dependencies across wheat pheno
logical stages, consistent with recent findings by Guo et al. (2024) and 
Rußwurm and Körner (2020). This is also supported by the early-fusion 
TMF variant, which uses concatenated temporal inputs similar to LSTM 
but still outperformed the LSTM baseline. Our late fusion approach, 
which preserves modality-specific temporal patterns before integration, 
demonstrated an additional improvement over early fusion (approxi
mately 4% lower RMSE), aligning with results from computer vision 
research (Baltrušaitis et al., 2019; Huang et al., 2020). In addition to 
overall accuracy, the TMF framework exhibited high temporal 

Fig. 8. Ablation study evaluating model performance under different input modality combinations for the TMF (LateFusion) using LOYO-CV from 2001 to 2019: (a) 
RMSE and (b) R2. Bars and error bars indicate the means ± standard deviation across individual years (LOYO folds). Red markers and their associated values indicate 
metrics calculated on pooled test sets, with bold values highlighting optimal performance for each metric. Abbreviations: C = Climate variables, V = Vegetation 
indices, P = Productivity indicators, and S = Soil properties.
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robustness across years (Fig. 6), maintaining consistent performance 
under varying climatic conditions and outperforming baseline models in 
both normal and extreme years (Fig. 7).

The incorporation of static soil properties with temporal features 
enhanced accuracy and improved the yield estimation stability at large- 
scales, reducing RMSE by 13–27% across modality combinations (Fig. 8, 
Fig. 9). In European agricultural monitoring, process-based operational 
systems (e.g., the JRC MARS framework based on WOFOST) have long 
recognized soil properties (e.g., texture and water-holding capacity) as 
fundamental spatial constraints for simulating water stress and baseline 
yield potential (van der Velde et al., 2019b). While recent machine 
learning studies have also shown that accounting for soil-related spatial 
variability is essential for robust yield estimates (Cao et al., 2021; Kaur 
et al., 2023; Zhong et al., 2022), a systematic quantification of its 
complementary role within multi-modal deep learning at a pan- 
European scale remains limited. Our results demonstrate that soil 
properties contribute unique spatial predictive information that remote 
sensing and climate variables cannot fully substitute. This finding is 
particularly meaningful in the European context, where pronounced 
spatial gradients in soil properties (Fig. S2) suggest that soil health plays 
a critical role in regulating wheat yield patterns across the EU. These 
spatially structured soil signals provide additional information beyond 

temporal inputs, enabling the TMF framework to better account for both 
spatial and temporal variations in yield formation across heterogeneous 
European environments.

4.2. Contributions of climate, remote sensing, and soil inputs for yield 
estimations

The interpretability analysis through SHAP provided insights into 
how different input modalities contributed to wheat yield estimation. 
Temporal contributions from all modalities generally peaked during the 
later part of the growing period (Fig. 10), which corresponds to critical 
reproductive and grain-filling stages for wheat when environmental 
conditions most significantly influence final yield formation (Asseng 
et al., 2011; Zachow et al., 2024). The concentration of importance 
during these stages is consistent with known agronomic significance of 
reproductive and grain-filling stages in determining final wheat yield. 
The key stages highlighted by the SHAP analysis are consistent with 
existing literature in both process-based and empirical models for yield 
estimation and agronomic studies (Lobell et al., 2012; Mäkinen et al., 
2018; Zhou et al., 2023b). Beyond peak importance periods, we also 
observed that vegetation indices (NDVI, EVI) displayed meaningful 
signals during early growth stages, suggesting that initial canopy 

Fig. 9. Estimated wheat yield stability for two sets of models with and without soil input (CVPS vs. CVP and VPS vs. VP) based on Monte Carlo dropout in 
representative drought (2003, 2018) and normal years (2008, 2013). Abbreviations: C = Climate variables, V = Vegetation indices, P = Productivity indicators, and S 
= Soil properties.
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development captured by VIs provides valuable information for deter
mining final yield (Skakun et al., 2017).

Remote sensing variables demonstrated strong contributions to yield 
estimation across our study region, with satellite-based remote sensing 
measurements (vegetation indices and productivity indicators) exhibit
ing higher contributions than climate variables (Fig. 11). Our ablation 
studies further confirmed these findings, as the combinations of VS and 
PS (vegetation indices + soil and productivity indicators + soil) ach
ieved higher performance among dual-modality models (RMSE =
0.76–0.78 Mg⋅ha− 1). There is growing interest in integrating 

productivity and biophysical variables into crop models, as they provide 
unique insights into photosynthetic efficiency compared to traditional 
VIs, especially during grain-filling stages (Cai et al., 2019; Chang et al., 
2025; Guan et al., 2016; Wang et al., 2025). Despite their importance, 
we observed substantial information redundancy among different 
remote sensing modalities through correlation analysis (Fig. 4). Many 
productivity indicators and VIs showed high inter-correlations (r > 0.8), 
largely because they are derived from similar spectral bands and satellite 
platforms, potentially introducing a bias in feature importance attribu
tion (Qiu et al., 2022). Although remote sensing variables effectively 

Fig. 10. SHAP-based contribution analysis of temporal input variables in the TMF (LateFusion) using LOYO-CV. Heatmap shows the multi-year average temporal 
contribution patterns of input variables for estimating wheat yields, where each row represents a feature variable, and columns indicate weekly contributions 
throughout the growing season. Marginal bar plots on the right demonstrate the overall variable importance, while those at the top show the temporal importance 
across the growing season.

Fig. 11. Accumulated feature importance of temporal and static input variables for estimating wheat yield based on SHAP analysis from 2001 to 2019. For temporal 
features, absolute SHAP values were first accumulated across the time dimension for each sample and averaged across samples; for static features, the mean absolute 
SHAP values were directly computed across samples. Error bars represent the inter-annual standard deviation across years.
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capture temporal canopy dynamics and interannual variability, redun
dancy among vegetation indices and productivity indicators may limit 
additional gains. In contrast, static soil properties provide spatially 
structured predictive signals not captured by remote sensing inputs. 
Their integration reduced RMSE by 28.1–33.3% compared to climate- 
only inputs, indicating that soil information provides non-redundant 
signals that cannot be fully substituted by dynamic remote sensing 
features under our experimental setting. Notably, adding climate vari
ables (CPS vs. PS) sometimes failed to improve performance, suggesting 
that increasing model complexity through additional data modalities 
can result in diminishing or even negative returns. This suggests that 
beyond simply adding more data sources, effective fusion strategies 
must balance information gain against model complexity to avoid 
overfitting (Zhang et al., 2021).

4.3. Potential improvement in data fusion for crop yield estimations

The study highlights the potential of multi-modal fusion and tem
poral deep learning approaches for large-scale crop yield estimation 
through integrating diverse satellite and environmental data. While our 
framework achieved significant improvements over conventional ap
proaches, several refinements could further enhance its applicability. 
Since our study focused on NUTS-3 level yield estimation over 19 years, 
the satellite data used in this research have relatively coarse spatial 
resolution (250 m for VIs, 0.05◦ for SIF and GPP). Recent satellites with 
enhanced spatial and spectral capabilities, such as Sentinel-2 and 
TROPOMI SIF (Zhang et al., 2023), could improve feature extraction 
while maintaining regional consistency. Additionally, implementing 
crop-specific masks rather than general cropland identification could 
improve signal quality by reducing noise from non-target vegetation (Al- 
Shammari et al., 2021; Seguini et al., 2024). However, aggregating high- 
resolution inputs to the NUTS scale inevitably masks within-region 
variability due to the spatial constraints of official yield statistics. This 
limitation highlights the need for future research on cross-scale model 
transfer (Ma et al., 2024; Zhang et al., 2025a). Leveraging transfer 
learning or domain adaptation techniques, models trained on abundant 
regional-level data could be adapted to field-level yield estimation, 
thereby capturing fine-grained spatial heterogeneity even when high- 
resolution ground truth data remain limited. Such approaches may 
also facilitate model transfer across regions with distinct agroecological 
conditions, offering a promising pathway for broader geographic 
applications.

From a methodological perspective, exploring advanced fusion 
mechanisms like cross-attention (Li and Wu, 2024) or knowledge-guided 
neural networks (Liu et al., 2024) is likely to improve the capture of 
complex interactions between modalities. For example, process-based 
constraints (e.g., phenological stages, radiation-use efficiency princi
ples, or water balance relationships) could be embedded into the multi- 
modal fusion architecture to reduce redundant correlations and improve 
extrapolation under extreme climate conditions. Exploring multi-task 
learning to simultaneously estimate yield in different agroecological 
zones could improve the model’s ability to address regional variations in 
crop-environment relationships (Lin et al., 2022; Zhong et al., 2022). 
The flexible architecture of our fusion framework presents opportunities 
for future research to integrate additional data sources and extend ap
plications to diverse crop types and geographical regions.

5. Conclusion

This study developed a Temporal Multi-modal Fusion (TMF) frame
work for large-scale wheat yield estimation across the European Union 
from 2001 to 2019. The TMF framework with a late fusion strategy 
achieved an RMSE of 0.75 Mg⋅ha− 1 and an R2 of 0.88 by effectively 
integrating climate variables, satellite-based remote sensing measure
ments including vegetation indices and productivity indicators, and soil 
properties. The transformer-based temporal learning with a late fusion 

strategy outperformed conventional approaches by preserving modality- 
specific temporal patterns (reduced RMSE by 7.0–37.8% compared to 
baseline models). Meanwhile, the new framework also effectively inte
grated heterogeneous information across modalities and demonstrated 
stable yield estimation performance across diverse years and regions. 
Ablation studies confirmed that model performance generally improved 
as more input modalities were fused, with the combination of all four 
input modalities yielding the best performance. Integrating satellite- 
derived measurements and static soil properties reduced RMSE by 
28.1–33.3% compared to climate-only inputs, highlighting that soil 
heterogeneity provides spatially-structured predictive signals that 
complement temporally dynamic information captured by remote 
sensing inputs. This complementary representation also enhanced 
model stability and robustness during extreme climate years (e.g., 2003 
and 2018 droughts). Interpretability analysis revealed that remote 
sensing variables contributed more than climate variables, with feature 
importance peaking during reproductive and grain-filling stages. Over
all, our study demonstrates the TMF framework’s potential for opera
tional large-scale crop yield monitoring systems that can provide 
spatially explicit yield estimations across heterogeneous environments, 
offering potential support for agricultural policy, food security planning, 
and climate adaptation strategies.
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Koňasová, E., Čáslavský, J., Esper, J., Wagner, S., Saurer, M., Tegel, W., 
Dobrovolný, P., Cherubini, P., Reinig, F., Trnka, M., 2021. Recent european drought 
extremes beyond common era background variability. Nat. Geosci. 14, 191–196. 
https://doi.org/10.1038/s41561-021-00698-0.

Cai, Y., Guan, K., Lobell, D., Potgieter, A.B., Wang, S., Peng, J., Xu, T., Asseng, S., 
Zhang, Y., You, L., Peng, B., 2019. Integrating satellite and climate data to predict 
wheat yield in australia using machine learning approaches. Agric. For. Meteorol. 
274, 144–159. https://doi.org/10.1016/j.agrformet.2019.03.010.

Cao, J., Zhang, Z., Tao, F., Zhang, L., Luo, Y., Zhang, J., Han, J., Xie, J., 2021. Integrating 
multi-source data for rice yield prediction across China using machine learning and 
deep learning approaches. Agric. For. Meteorol. 297, 108275. https://doi.org/ 
10.1016/j.agrformet.2020.108275.

Chang, C.Y., Barnaby, J.Y., Maul, J.E., 2025. Sensitivity of sun-induced chlorophyll 
fluorescence (SIF) and hyperspectral reflectance to drought response in soybean 
genotypes with contrasting affinities for arbuscular mycorrhizal fungi. Remote Sens. 
Environ. 323, 114722. https://doi.org/10.1016/j.rse.2025.114722.

Ciais, P., Reichstein, M., Viovy, N., Granier, A., Ogée, J., Allard, V., Aubinet, M., 
Buchmann, N., Bernhofer, C., Carrara, A., Chevallier, F., De Noblet, N., Friend, A.D., 
Friedlingstein, P., Grünwald, T., Heinesch, B., Keronen, P., Knohl, A., Krinner, G., 
Loustau, D., Manca, G., Matteucci, G., Miglietta, F., Ourcival, J.M., Papale, D., 
Pilegaard, K., Rambal, S., Seufert, G., Soussana, J.F., Sanz, M.J., Schulze, E.D., 
Vesala, T., Valentini, R., 2005. Europe-wide reduction in primary productivity 
caused by the heat and drought in 2003. Nature 437, 529–533. https://doi.org/ 
10.1038/nature03972.

Clarke, D., Hess, T.M., Haro-Monteagudo, D., Semenov, M.A., Knox, J.W., 2021. 
Assessing future drought risks and wheat yield losses in England. Agric. For. 
Meteorol. 297, 108248. https://doi.org/10.1016/j.agrformet.2020.108248.

Defourny, P., Lamarche, C., Brockmann, C., Boettcher, M., Bontemps, S., De Maet, T., 
Duveiller, G.L., Harper, K., Hartley, A., Kirches, G., Moreau, I., Peylin, P., Ottlé, C., 
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Kersebaum, K.C., Takáč, J., Ruget, F., Ferrise, R., Bezak, P., Capellades, G., 
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