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Investigating Intra-Field Crop Yield Predictability Using 
Machine Learning and Deep Learning

•  Crop yield prediction is critical for precision agriculture and food 
security.

• Most existing models predict yield at regional scales, limiting their 
usefulness for within-field management decisions [1]. However, yield 
varies substantially within individual fields due to soil, terrain, and 
microclimate variability.

• Predicting yield at the pixel level remains challenging because of 
spatial heterogeneity and multi-source environmental interactions.

• Classical machine learning models such as Random Forest (RF) and 
XGBoost (XGB) showed robust and interpretable predictions. In 
contrast, deep learning models such as Convolutional Neural Network 
(CNN) and Long Short-Term Memory (LSTM) can capture complex 
spatial–temporal relationships.

• Combining and comparing these approaches enables improved fine-
scale yield prediction and better understanding of model performance 
across varying conditions, which can support precision management 
strategies such as variable-rate inputs and targeted interventions.

Objectives:
• To build a clean, robust, transferable yield prediction model for per-

pixel yield prediction using multi-year raster data integrated with a 
remote-sensing dataset,

• To systematically compare classical machine learning models with 
deep learning architectures to evaluate their performance and 
interpretability at the intra-field scale.

• Data source: United States Department of Agriculture - Agricultural 
Research Service (USDA - ARS) [2]

❑ Integrate additional environmental and remote sensing variables 
to improve model performance.

❑ Explore additional machine learning and deep learning 
architectures to further improve yield prediction accuracy.

This research is supported by the U.S. Department of 
Agriculture’s Agricultural Research Service (USDA 
ARS) under Agreement Number 58-8042-4-179

Type Variable Name Data Source

Vegetation 

Indices

Normalized Difference Vegetation 

Index (NDVI)

NASA Harmonized Landsat Sentinel-

2 (HLS v2)

Greenness index (GI)
NASA Harmonized Landsat Sentinel-

2 (HLS v2)

Enhanced Vegetation Index (EVI)
NASA Harmonized Landsat Sentinel-

2 (HLS v2)

Normalized Difference Water Index 

(NDWI)

NASA Harmonized Landsat Sentinel-

2 (HLS v2)

Climatic

Land Surface Temperature Landsat 8/9 Collection 2 Level-2

Precipitation PRISM

Aridity PRISM

Topographical

Slope DEM

Aspect DEM

Soil

Saturated soil water content 

(SSWC)
POLARIS

Saturated hydraulic conductivity 

(SHC)
POLARIS

Percentage of clay (Clay %) POLARIS

Transformed SWIR Index 1 

(Tr_SWIR1)

NASA Harmonized Landsat Sentinel-

2 (HLS v2)

Transformed SWIR Index 2 

(Tr_SWIR2)

NASA Harmonized Landsat Sentinel-

2 (HLS v2)
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✓ Model performance varies by crop, with soybean and wheat 
predictions showing higher accuracy than corn.

✓ CNN-LSTM achieves the highest predictive skill for soybean and 
wheat, especially in favorable growing conditions. RF and XGB 
have comparable errors but have less spread than the CNN-
LSTM Model. 

✓ RF and XGB provide more stable performance for corn, where 
yield variability is higher.

CONCLUSION AND TAKEAWAYS

METHODOLOGY
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3. Model Performance Across Yield Conditions
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✓ For soybean yield prediction, the CNN-LSTM model demonstrates the highest average predictive skill across years, suggesting improved ability to 
capture temporal crop growth patterns, while RF and XGB show slightly lower prediction errors.

✓ For wheat yield prediction, CNN-LSTM achieves the highest predictive skill, outperforming RF and XGB. Deep learning models may better capture 
temporal environmental signals influencing wheat growth.

✓ Corn yield prediction is more challenging than that of soybeans and wheat. Tree-based models (RF and XGB) show slightly stronger and more stable 
performance than CNN-LSTM for corn prediction.

✓ Soybeans: CNN-LSTM shows the highest predictive skill in favorable conditions and maintains strong 
performance in average years, while all models show reduced skill during unfavorable conditions.

✓ Wheat: Prediction skill improves under favorable conditions, with CNN-LSTM achieving the highest 
performance in the high-yield year, while model accuracy decreases in average and low-yield years.

✓ Corn: Model performance remains relatively stable across yield conditions, with RF and XGB showing 
consistent performance and CNN-LSTM providing comparable but slightly more variable results.

where 𝜇𝑐  and 𝜎𝑐represent the 
mean and standard deviation,
 𝑌 𝑖,𝑐 denotes the average yield of 
field 𝑖 for crop 𝑐 across all years

Year Favorability Score Calculations:

Workflow Diagram:

Seasonal Start and End Dates:
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1. Model Evaluation Graphs

CNN LSTM Models Tree-Based Models
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1. Model Performance Comparisons
CNN LSTM Models Tree-Based Models

Pred Vs Actual Yield Mean Attention by Month Attention Heatmap
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XGBoost:

Yield Map Visualization

Central Farm-4-23A: Corn Yield
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✓RF and XGB tend to produce clustered or line-like predictions, focusing on minimizing overall error 
(MAE) but resulting in less spread in predicted yield values. CNN-LSTM better captures spatial and seasonal patterns, allowing it to more accurately 
represent the spatial and temporal variability in yield across the field, clearly visible through the scatterplots and the attention graphs.
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