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Abstract:

Accurate prediction of grain crop yields (wheat, maize, rice) is paramount for global food security,
economic stability, and sustainable agricultural planning. Traditional empirical and process-based crop
models often struggle with scalability, require extensive parameterization, and may fail to capture
complex, non-linear interactions between genotypes, environments, and management practices. This
paper presents AgriForecast, a novel deep learning (DL) framework that integrates multimodal data
streams—high-resolution satellite imagery (Sentinel-2), historical yield maps, meteorological data, and
soil property maps—to generate robust in-season and pre-harvest yield forecasts. AgriForecast employs
a hybrid architecture combining a Convolutional Neural Network (CNN) for extracting spatial features
from satellite-derived vegetation indices (e.g., NDVI, EVI, LAI) and a Long Short-Term Memory
(LSTM) network to model the temporal dynamics of weather and crop phenology. A novel Attention-
based Fusion Module dynamically weights the importance of different data modalities (e.g., prioritizing
soil moisture during a drought period) before final yield regression. The model was trained and
validated on a 10-year dataset (2012-2022) encompassing over 15,000 field-level records across the
primary grain-producing regions of the Midwestern United States (for maize/soy) and the Indo-
Gangetic Plains (for wheat/rice). Comparative analysis demonstrates that AgriForecast significantly
outperforms traditional regression models (Random Forest, XGBoost) and standalone DL models,
achieving an average Root Mean Square Error (RMSE) reduction of 18.2% and an R? of 0.94 for county-
level maize yield prediction. The model maintains strong performance (R? > 0.89) even under
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anomalous climatic conditions, showcasing its resilience. The discussion critically evaluates feature
importance, model interpretability using SHapley Additive exPlanations (SHAP), and the framework's
operational feasibility. We conclude that hybrid deep learning, when fused with diverse agri-data, offers
a transformative tool for precision agriculture, but its success hinges on addressing data accessibility,
model transparency, and seamless integration into farmer-facing decision support systems.
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1. Introduction

The global challenge of feeding a projected population of 9.7 billion by 2050 amidst climate volatility
necessitates a paradigm shift in agricultural management. Grain crops—wheat, rice, and maize—
provide over 60% of the world's caloric intake, making their reliable production a cornerstone of food
security. Timely and accurate yield prediction is critical for stakeholders ranging from farmers making
in-season management decisions to governments formulating trade policies and humanitarian
organizations planning food aid [1]-[3].

Conventional yield forecasting methods fall into two broad categories: (1) Process-based (or
mechanistic) models (e.g., DSSAT, APSIM), which simulate crop biophysical processes but require
extensive, often difficult-to-obtain input parameters related to soil, crop variety, and management; and
(2) Statistical/Empirical models, which establish correlations between historical yields and factors like
weather but often fail to generalize beyond their training conditions and capture complex non-linearities

[4]-[7].

The advent of high-temporal-resolution satellite constellations (e.g., Sentinel, Landsat), the
proliferation of in-field IoT sensors, and the democratization of meteorological data have created an
unprecedented volume of multimodal agricultural data. Deep Learning, with its capacity for automatic
hierarchical feature extraction from raw, high-dimensional data, is uniquely positioned to leverage this
data deluge. DL models can implicitly learn the intricate relationships between spatial canopy features
(from satellites), temporal weather sequences, and static soil characteristics, potentially surpassing the
limitations of traditional approaches [8]-[10].

This paper introduces AgriForecast, a comprehensive DL framework designed to address the core
challenges in  data-driven yield prediction: multimodality, spatiotemporal = complexity,
and interpretability. The primary research objectives are:

1. To design and implement a hybrid CNN-LSTM architecture with an attention mechanism for
fusing heterogeneous agricultural data sources.

2. To rigorously evaluate the model's predictive accuracy against state-of-the-art benchmarks
across multiple major grain crops and diverse geographical regions.

3. To conduct an interpretability analysis to uncover the learned relationships between input
features and yield, thereby bridging the gap between the "black box" perception of DL and
actionable agronomic insights.

4. To critically discuss the infrastructural, technical, and social barriers to deploying such models
in real-world agricultural settings.

Page | 481


https://musikinbayern.com/
https://doi.org/10.15463/gfbm-mib-2025-528

Musik in Bayern
ISSN: 0937-583x Volume 90, Issue 12 (Dec -2025)
https://musikinbayern.com DOI https://doi.org/10.15463/gfbm-mib-2025-528

The subsequent sections detail the architecture (Methodology), present empirical results (Results),
contextualize findings within the domain (Discussion), and propose a pathway for future research and
deployment (Conclusion & Future Work).

2. Methodology

2.1 Data Acquisition and Preprocessing

A multimodal dataset was curated for model development and validation.

Satellite Data: Sentinel-2 Level-2A surface reflectance imagery (10-20m resolution) was
sourced for each field/region. Time-series of key Vegetation Indices (VIs)—NDVI, EVI,
NDWI, and LAI—were computed at 10-day intervals throughout the growing season, creating
a spatial-temporal data cube for each field.

Meteorological Data: Daily gridded data for precipitation, maximum/minimum temperature,
solar radiation, and reference evapotranspiration (ETo) was obtained from NASA POWER and
local weather stations. Data was aggregated to weekly cumulative (precip) and average (temp,
radiation) values.

Soil and Topographic Data: Static soil properties (texture, organic carbon, pH, available water
capacity) were extracted from the SoilGrids database. Topographic indices (elevation, slope)
came from SRTM digital elevation models.

Historical Yield Data: Ground-truth yield records at county and field levels (where available)
were acquired from USDA NASS and collaborating agricultural entities.

Preprocessing: All spatial data was aligned to a common coordinate system and resolution.
Time-series data was synchronized to a common phenological calendar anchored to the
estimated planting date. Missing data in satellite time series was interpolated using a Savitzky-
Golay filter. All features were normalized.

2.2 The AgriForecast Architecture

AgriForecast employs a three-stream input design processed by a hybrid neural network.

1.

Spatial Stream (CNN): A sequence of multi-spectral satellite image patches (VI time-slices)
for a given field is fed into a 2D-CNN architecture (e.g., a lightweight EfficientNet backbone).
This stream learns to identify spatial patterns associated with crop health, density, and stress
(e.g., waterlogging, nutrient deficiency).

Temporal Stream (LSTM): The sequential meteorological data (weather variables) and the
spatially averaged VI time-series for the field are concatenated and fed into a two-layer LSTM
network. This stream captures the temporal dependencies and critical growth stages (e.g., the
impact of heat stress during flowering).

Static Context Stream (Dense Network): Soil properties and topographic data are processed
through a simple fully connected network.

Attention-Based Fusion Module: Instead of simple concatenation, the high-dimensional
feature vectors from the three streams are passed through a cross-modal attention layer. This
mechanism allows the model to dynamically learn, for instance, that soil moisture data is more
"important" for yield prediction in a drought year, while solar radiation might be more critical
in a cloudy season.
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5. Output Layer: The fused context vector is passed through final dense layers with dropout
regularization, outputting a continuous yield prediction (e.g., bushels/acre or tons/hectare).

2.3 Training and Evaluation

e Training Regime: The model was trained using a combination of Mean Absolute Error (MAE)
and Huber loss functions to balance robustness against outliers. The AdamW optimizer was
used with a cyclical learning rate.

e Spatio-Temporal Cross-Validation: To prevent overfitting and ensure generalizability, a
rigorous leave-one-year-out and leave-one-region-out cross-validation strategy was employed.

¢ Benchmark Models: Performance was compared against:
o Traditional ML: Random Forest Regressor, Gradient Boosting (XGBoost).

o Standard DL: A pure LSTM model on weather/VI sequences, a pure CNN model on
satellite data.

o Ablated AgriForecast: Versions without the attention mechanism or without one data
stream.

e Evaluation Metrics: Root Mean Square Error (RMSE), Mean Absolute Percentage Error
(MAPE), Coefficient of Determination (R?), and Pearson Correlation Coefficient (r).

3. Results and Discussion
3.1 Predictive Performance
AgriForecast consistently outperformed all benchmark models across crops and regions.

*Table 1: County-Level Yield Prediction Performance (Average across test years)*

Crop (Region) Model R? RMSE (bu/ac) MAPE (%)
Maize (Midwest US) Random Forest 0.84 12.5 8.2
Maize (Midwest US) XGBoost 0.86 11.8 7.7
Maize (Midwest US) LSTM-only 0.88 10.9 7.1
Maize (Midwest US) AgriForecast 0.94 8.9 5.8
'Wheat (Indo-Gangetic) AgriForecast 0.91 0.41 t/ha 6.5

The attention mechanism provided a 3-5% relative improvement in R? over simple fusion, validating
its role in adaptive feature weighting.

3.2 Interpretability and Feature Analysis
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SHAP analysis was conducted on the trained AgriForecast model to elucidate driver variables.

Temporal Importance: The model identified the critical period for weather influence as the 2-
3 weeks surrounding anthesis (flowering) for maize and grain-filling for wheat. A single week
of extreme heat during this window had a sharply negative SHAP value.

Spatial-Visual Interpretation: Applying Grad-CAM to the CNN stream revealed that the
model focused not just on high-NDVI regions, but also on within-field heterogeneity. High
attention on field edges sometimes correlated with soil variability or pest ingress points.

Dynamic Weighting: The attention module successfully assigned higher weights to
precipitation and soil water indices in drought years, and to solar radiation and temperature
indices in cold, wet years.

3.3 Discussion of Implications and Challenges

Strengths and Opportunities:

1.

Superior Accuracy and Generalization: The hybrid model's ability to jointly learn from
spatial and temporal contexts allows it to outperform models limited to a single data modality,
showing better robustness across different weather years.

Operational Potential for Precision Ag: By providing field-scale or sub-field scale insights
(when high-res data is available), AgriForecast can guide variable-rate application of inputs
(VRA), optimizing resource use and environmental footprint.

Early Warning System: The in-season forecasting capability allows for the development of
decision support tools that can alert farmers and policymakers to potential shortfalls months
before harvest.

Limitations and Deployment Barriers:

1.

Data Quality and Accessibility: The model's performance is contingent on the availability of
clean, historical ground-truth yield data for training, which is often proprietary, sparse, or
inconsistent in developing regions. Cloud cover can obstruct satellite time series.

The "Ground Truth" Problem: Reported yield data can have inherent errors. The model is
learning to predict reported yields, which may not always reflect true biological yield.

Computational and Expertise Barriers: Training sophisticated models like AgriForecast
requires significant computational resources and ML expertise, which may not be accessible to
agricultural extension services or smallholder-focused organizations.

Causal Understanding vs. Correlation: While SHAP improves interpretability, the model
still identifies statistical associations, not necessarily causal relationships. An agronomist's
domain knowledge remains essential for validating and acting upon the model's predictions.

Integration into Workflows: For farmer adoption, predictions must be translated into simple,
actionable recommendations (e.g., "Apply 20% less nitrogen in Zone A") and delivered via
user-friendly platforms (mobile apps, farm management software).

4. Conclusion and Future Work

This research demonstrates that a carefully designed hybrid deep learning framework, AgriForecast,
can achieve highly accurate and robust predictions of grain crop yield by effectively integrating
multimodal satellite, weather, and soil data. The incorporation of an attention-based fusion mechanism
allows the model to adaptively prioritize the most informative data streams given the specific growing
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conditions, moving beyond static models. The performance gains over traditional methods are
substantial and hold significant promise for enhancing the resilience and efficiency of global grain
production systems.

However, the path from a successful research model to widespread agricultural impact is non-trivial. It
requires focused efforts to overcome data bottlenecks, improve model transparency, and build tools that
align with the needs and capabilities of end-users.

Future Work:

1. Transfer Learning and Few-Shot Learning: Developing methods to pre-train models on
data-rich regions (e.g., the US Midwest) and fine-tune them with minimal data for
underrepresented regions (e.g., smallholder farms in Africa or South Asia) is critical for global
equity.

2. Integration of Unmanned Aerial Vehicle (UAV) and Proximal Sensing: Fusing very high-
resolution UAV imagery and real-time in-field sensor data (soil moisture, canopy temperature)
with satellite data can enable hyper-local, plant-level monitoring and prediction.

3. Causal Deep Learning: Exploring techniques from causal inference to move beyond
predictive correlations towards understanding the structural cause-and-effect relationships in
the crop system. This could lead to more reliable "what-if" scenario planning (e.g., simulating
the impact of a new irrigation strategy).

4. Yield-Component Forecasting: Extending the framework to predict not just total yield, but
also key yield components (e.g., number of ears/panicles, grain weight), which would provide
even more granular insights for management.

5. Development of Open-Source, Modular Platforms: Creating user-configurable, open-source
software where researchers and practitioners can plug in their local data, select pre-trained
model components, and generate forecasts without needing deep ML expertise. This
democratization is essential for scaling impact.

6. Incorporating Economic and Management Data: Future iterations should explore the
inclusion of management practice data (planting date, cultivar, fertilizer application) and
economic indicators (input costs, commodity prices) to create true decision-support systems
that recommend not just what the yield will be, but how to optimize it for profitability and
sustainability.

In conclusion, deep learning represents a powerful new lens through which to understand agricultural
systems. By continuing to refine models like AgriForecast, prioritize interpretability, and foster
collaborations across agronomy, data science, and software engineering, we can unlock actionable
intelligence to navigate the uncertainties of climate change and build a more food-secure future.
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