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Abstract.

Cotton (Gossypium hirsitum L.) yield prediction is challenging due to the complex interactions
between static environmental factors, such as soil properties and topography, and dynamic
variables, including weather and crop management. These factors generate significant spatial
and temporal variability within and across fields. While remote sensing technologies, particularly
satellite-derived vegetation indices, provide spatially explicit data to evaluate crop health,
translating this complex, multi-layered data into accurate, operational yield forecasts remains a
challenge. Machine learning has emerged as a powerful tool to address this, yet critical questions
remain regarding the specific value of temporal data, the computational feasibility of complex
algorithms, and the true generalizability of models to unseen environments.

This study aimed to develop and evaluate a suite of machine learning models for predicting seed
cotton yield, systematically assessing the incremental value of incorporating early, middle, and
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late-season remote sensing data. Static soil and topographic variables were integrated with
dynamic Sentinel-2 vegetation indices across 32 cotton fields in Georgia, United States, over six
growing seasons (2019-2024). Seed cotton yield spatial maps were generated via kriging and
spatially matched with the predictors. Subsequently, the trade-off between predictive accuracy -
measured by the coefficient of determination and root mean squared error—and computational
demand was explicitly quantified. Furthermore, model generalizability was assessed utilizing a
rigorous leave-one-field-out cross-validation framework.

The findings demonstrated that relying solely on pre-season static variables resulted in uniformly
poor predictive performance across all algorithms. The most significant improvement in accuracy
occurred with the integration of early-season vegetation indices, while mid- and late-season data
provided progressively smaller gains in predictive ability. Among the tested algorithms, the
stacked Ensemble model and the Extreme Gradient Boosting (XGBoost) model exhibited
outstanding capabilities. The Ensemble model achieved the highest overall predictive accuracy
(coefficient of determination of 0.949 and root mean squared error of 237 kilograms per hectare)
when utilizing the full temporal dataset. However, this accuracy came at an extreme
computational cost, requiring over 122 hours of processing time, which limits its operational
deployment. Conversely, the XGBoost model proved to be the most practical solution, delivering
highly competitive accuracy (coefficient of determination of 0.935 and root mean squared error of
268 kilograms per hectare) while completing its training in less than two hours.

Finally, the leave-one-field-out cross-validation revealed a substantial reduction in predictive
performance compared to standard cross-validation, highlighting that traditional validation
methods often overestimate a model's real-world applicability. Finally, this study underscores the
necessity of in-season dynamic data for reliable yield forecasting and identifies XGBoost as
offering the optimal balance between high predictive accuracy and computational efficiency for
operational precision agriculture systems.

Keywords.
cotton yield prediction; machine learning; XGBoost; ensemble model; remote sensing; precision
agriculture.
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INTRODUCTION

Cotton (Gossypium hirsutum L.), cultivated primarily for its soft and versatile fiber, is the single
most important natural textile material worldwide, serving as a critical economic engine for both
developing and industrialized nations. Beyond its primary role in the textile industry, cotton is also
a notable source of oilseed for human consumption and meal for animal feed, making it a
multifaceted agricultural commodity with a profound impact on global commerce and food
systems (Oosterhuis, 1990).

Cotton yield is the integrated outcome of complex interactions between genetics, environmental
characteristics, and management practices (Snider et al., 2013). These factors generate
significant yield variation—not only from one year to the next but also within a single field.
Understanding and quantifying the sources of this variability is the central goal of precision
agriculture and the prerequisite for developing effective yield prediction models (Filippi et al.,
2024).

The primary drivers of this variability can be categorized as static or dynamic. Static environmental
factors, such as soil properties and topography, create a persistent spatial pattern that influences
crop performance. Soil texture governs critical functions like water holding capacity, nutrient
retention, and soil aeration (Celik et al., 2023), while topography affects water movement, soil
erosion, and microclimatic conditions across a field (Li et al., 2001). Dynamic environmental
factors, primarily weather and in-season vegetation indices (VIs) derived from satellite remote
sensing, introduce temporal variability and are widely used to monitor vegetation responses to
environmental stresses (irik et al., 2024). Management variables, including nitrogen fertilization,
irrigation scheduling, and cultivar selection, add another layer of human-controlled variability
directly impacting final cotton yield (Dhaliwal et al., 2022).

The vast and composite datasets generated by remote sensing are often too complex for
traditional statistical methods. Machine Learning (ML), a branch of artificial intelligence, has
emerged as a powerful paradigm for integrating these multi-source data streams to predict
agricultural outcomes (van Klompenburg et al., 2020). ML algorithms excel at identifying complex,
non-linear patterns characteristic of biological systems, making them ideally suited for yield
prediction (Paudel et al., 2021). Recent literature demonstrates the superiority of ML models,
particularly tree-based ensembles, over conventional linear regression for cotton yield prediction
(Leo et al., 2021; Dhaliwal et al., 2022; Celik et al., 2023). Kashyap et al. (2024 ) found that stacked
generalized ensemble models predicted cotton yield with higher efficiency and lower error
compared to other models, while Quddus et al. (2025) reported a Deep Neural Network model
achieving an R? of 97.9% and an RMSE of 28.3 kg ha™.

Despite high reported accuracy, the operational adoption of ML models remains limited. Several
gaps persist: the specific contribution of data from different phenological stages has not been
systematically quantified; the computational trade-off between performance and efficiency has
received little attention; and most studies use standard random cross-validation, which
overestimates generalizability. Leave-One-Field-Out (LOFO) cross-validation better emulates
deploying a pre-trained model in a new environment (Croci et al., 2025).

Therefore, the objectives of this study are: (i) to develop and evaluate Ensemble and XGBoost
models for predicting seed cotton yield (SCY), systematically assessing the incremental value of
adding temporal remote sensing data from early, middle, and late phenological stages; (ii) to
quantify the trade-off between model performance and computational demand; and (iii) to
determine model generalizability under both standard cross-validation and LOFO validation
strategies.
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MATERIALS AND METHODS
Field Studies

This study was conducted across 32 cotton fields in the state of Georgia, USA, during six growing
seasons (2019-2024). Two selected farmers contributed to multiple fields each year, with
variation in location, area, and production level (Table 1). Fields were located in two distinct
regions: Screven County (Coastal Plain, southeastern Georgia; ~1220 mm annual rainfall, ~18°C
mean temperature; predominantly loamy and sandy soils) and Miller County (southwestern
Georgia; ~1320 mm annual rainfall, ~20°C mean temperature; a mix of sand, loam, and clay

soils). A total of 21 and 11 fields were located in Screven and Miller counties, respectively.

Table 1. Summary of field-level yield statistics across multiple sites and years in Miller and Screven counties, Georgia. For
each field, the cultivated area (ha), minimum, maximum, and average yield are reported, along with the coefficient of
variation (CV) of yield.

_ _ Area  Minimum  Maximum Average (v
Field N County Field Name Year o

(ha) (kgha') (kgha') (kgha') (%)

1 Miller Shy 2019 67.6 160.8 6644.6 3615.7 375
2 Miller Big Half 2019 395 63.3 6482.2 36254  38.9
3 Miller Big Half 2020 395 584.3 4008.6 2509.3 215
4 Miller  Fire Tower 2020 18.8 804.7 5079.7 2665.2 31.5
5 Miller =~ Hog House 2020 27.9 1156.8 3756.6 23204 16.5
6 Miller ~ Weaver S. 2021 19.2 594.1 3685.7 26215 214
7 Miller ~ Weaver N. 2021  20.0 247.9 2749.3 1850.9 30.6
8 Miller Shy 2021 30.2 924.8 4953.5 3522.6 257
9 Miller 45 Dry 2022 182 932.6 4660.5 3040.8 22.1
10 Miller ~ Hog House 2022 227 637.4 5082.5 33429 217
11 Miller Matt Barn 2022 14.5 366.3 5134.1 3190.7 35.0
12 Miller Shy 2022 67.6 982.8 5428.8 33085 273
13 Screven S0l 2023 261 16724 36340 28327  13.9
14 Screven New Place 2023 64.7 12.0 4214.2 2100.1  37.1
15 Screven 50 Acres 2023 1583 2948.2 5522.5 4156.9 12.7
16 Screven (slr:s: 2023 115 1425 3095.0 17321 327
17 Screven Long Leaf 2023 3.5 457.9 3690.9 2359.5 35.0
18 Screven Pear Tree 2023 5.7 2672.9 35371 3155.2 4.4
19 Screven Pivot 3 2023  11.1 22201 5325.3 3968.8 14.1
20 Screven 50 Acres 2024 18.5 1635.8 4587.2 3490.8 185
21 Screven Bog Down 2024 7.4 1926.3 4482.4 3308.9 15.3
22 Screven H.Hole 2024 27 2405.3 4221.8 34233  11.1
23 Screven Hey 17 2024 438 1670.9 4803.7 34928 17.2
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24 Screven J.M. 2024 4.9 1960.7 3664.0 29775 105

25 Screven Long Leaf 2024 3.5 796.4 5193.7 3298.9 304
26 Screven Mule Barn 2024 154 1670.3 5096.1 3456.8 20.6
27 Screven New Place 2024 64.7 243.6 4256.3 2134.5 30.9

28 Screven Pivot 1 2024 364 1762.0 4811.7 36156 158
29 Screven Pivot 3 2024 111 1778.2 4134.5 31322 16.3
30 Screven Shop 2024 3.3 123.9 3648.3 2173.8 33.0
31 Screven Terrace 2024 223 1390.8 4782.1 3185.0 18.0
32 Screven Willies 2024 6.5 1835.0 4146.6 3294.0 138

Static and Dynamic Data Collection
For each field, a set of static and dynamic predictor variables were generated:

Static predictors: Soil properties, including total clay, silt and sand content (%), were extracted
from the 10-m resolution gridded SSURGO (gSSURGO) database using the soilDB package in
R (Beaudette D. et al., 2026). Terrain variables, including mean elevation and slope, were derived
from 1-m Digital Elevation Models (US Geological Survey, 2019) using the terra package (Hijmans
et al., 2022).

Dynamic predictors: Sentinel-2 optical imagery was acquired for the entire growing season for
each field via the openEO package in Rstudio (Lahn, 2026). All remote sensing images were
obtained at a 10 m spatial resolution with a five-day revisit time. A cloud-masking filter was applied
to all images to remove pixels affected by cloud cover, and images affected by cloud cover were
removed from the analysis. After cloud-cover removal there were at least 35 images per field to
calculate the different VlIs. Four VIs were considered: NDVI, GNDVI, NDRE, and RNDVI. These
four VIs were selected to provide complementary information on canopy health suitable for
tracking cotton phenology: NDVI serves as a widely used standard for green biomass (Yengoh et
al., 2015), GNDVI offers greater sensitivity to chlorophyll concentration in dense canopies where
NDVI may saturate (Wijayanto et al., 2024), NDRE is particularly effective for detecting variations
in chlorophyll content and nitrogen status in later crop growth (Thompson et al., 2020) and RDVI
helps to minimize soil background effects in sparser canopy conditions (Sun et al., 2021). In
addition, these VIs have been reported for several research in cotton (Thompson et al., 2020;
Tilse et al., 2024; Lacerda et al., 2025) and others field crops.

Vegetation indices were aggregated into three phenological stages based on cumulative growing
degree days (GDD) and typical cotton growth in the region (Raper et al., 2023), dividing the
growing season into: early (0-666 GDD), middle (666-2184 GDD), and late season (2184 GDD
to harvest). GDD was calculated daily using the formula GDD = ((Tmax+Tmin))/2-Tbase, with
upper and base temperature thresholds of 34°C and 15.5°C, respectively, commonly used for
cotton (Raper et al., 2023).

For every grid size and phenological stage, metrics representing the central tendency of each
predictor were calculated. The median (Med) was used for all predictors to minimize the influence
of outliers, whereas the area under the curve (AUC) was calculated as a measure of cumulative
seasonal vigor.

Yield Data Processing and Spatial Integration

Raw yield monitor data were cleaned using a dynamic filtering method based on the 10th and
99th percentiles extended by 25% of the inter-percentile range, following (Sudduth et al., 2012).
A 10-m negative buffer was applied to the field boundary to remove edge-effect points. Cleaned
SCY data were spatially interpolated to a continuous surface using ordinary kriging via the gstat
package in R (Gréler et al., 2016), fitted to the best empirical variogram among Spherical,
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Exponential, and Gaussian models using weighted least squares. The interpolation grid was
aligned with Sentinel-2 pixels. All spatial data layers were integrated through spatial joins and
tabular left_join operations using the sf package (Pebesma and Bivand, 2023), yielding a unified
dataset of 73,426 observations.

Machine Learning Models

Two ML algorithms were selected to represent a performance-efficiency narrative. The Ensemble
model combines predictions from multiple base learners (XGBoost, Random Forest, Linear
Regression, k-Nearest Neighbors, Support Vector Machine, and Multilayer Perceptron) into a final
prediction (Wolpert, 1992; Kuhn and Wickham, 2020), representing the highest achievable
accuracy. Extreme Gradient Boosting (XGBoost) (Chen and Guestrin, 2016) was selected as the
most practical algorithm based on its high accuracy and low computational cost (Scarpin et al.,
2026).

All models were implemented in the tidymodels framework in RStudio (Kuhn and Wickham, 2020).
The dataset was partitioned 70%/30% for training and testing. A 10-fold cross-validation with a
search of over 50 hyperparameter combinations using the finetune package was applied to
minimize RMSE. Models were trained on four progressive predictor sets: (S) static only; (S+E)
static plus early-season Vls; (S+E+M) adding mid-season Vls; and (S+E+M+L) the full dataset
including late-season VlIs. A LOFO cross-validation was conducted for XGBoost, training on 31
fields and testing on the held-out 32nd, repeated for all fields. Due to its extreme computational
cost (>122 hours per run), the Ensemble model was excluded from LOFO validation. All
computations ran on a high-performance computing cluster (UGA), with 16 CPU cores and 32 GB
RAM per job, using R version 4.4.2.

Model Performance Evaluation

Model performance was assessed using the coefficient of determination (R?) and Root Mean
Square Error (RMSE, kg ha™) calculated on the independent test set. Computational cost was
measured as total CPU time for training and tuning, serving as a benchmark for operational
feasibility.

RESULTS AND DISCUSSION

Seed cotton yield showed substantial variation across all 32 fields, ranging from near zero to
approximately 6,500 kg ha™ (Figure 1). The overall dataset median was 2,976 kg ha™, with an
interquartile range from 2,250 (Q1) to 3,730 kg ha-1 (Q3). Fields such as 28 2024 Pivot1 and
19 2023 Pivot3  exhibited high  productivity,  while 16_2023_GrossPlace  and
7_2021_WeaverNorth showed lower yields with substantial areas below the global median. Some
fields displayed narrow, symmetric distributions indicating uniform growing conditions, while
others showed pronounced bimodal or skewed distributions. This pronounced spatial and
temporal variability underscores the complexity of yield formation in cotton and the need for robust
predictive models.
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Figure 1. Distribution of seed cotton yield (SCY) across 32 fields in Miller and Screven counties, Georgia, US. Each violin
plot represents the yield distribution within a field, with overlaid boxplots indicating the median and interquartile range
(IQR). Vertical dashed red lines denote the global minimum, Q1, median, Q3, and maximum yield values across the
aggregated dataset.
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The comparative performance of Ensemble and XGBoost models across the four progressive
predictor datasets under the standard 70/30 split and, for XGBoost, under LOFO cross-validation
are presented in Table 2. The inclusion of temporal data was critical for predictive accuracy. When
trained solely on static variables, both models performed poorly: XGBoost achieved R? = 0.325
(RMSE = 859 kg ha™), while Ensemble reached R? = 0.343 (RMSE = 847 kg ha™). This result
confirms that pre-season variables alone are insufficient to robustly model the complex
determinants of SCY, consistent with Franz et al. (2020), who reported that in-season vegetation
condition was a far more important predictor than soil texture.

The most significant improvement occurred with the addition of early-season VIs. XGBoost's R?
increased from 0.325 to 0.850 and RMSE was reduced from 859 to 406 kg ha™, while Ensemble
improved from 0.343 to 0.883 (RMSE = 358 kg ha™). This result suggests that early-season
remote sensing data captures the initial yield potential established during stand establishment
and early vegetative growth, which then determines much of the final productivity. Subsequent
inclusion of mid-season and late-season data yielded additional, though progressively smaller,
improvements, suggesting diminishing returns as phenological stages advance.

With the full S+E+M+L dataset, the Ensemble model achieved the highest predictive accuracy
(R? = 0.949, RMSE = 237 kg ha™), closely followed by XGBoost (R? = 0.935, RMSE = 268 kg
ha™). These results are consistent with Kashyap et al. (2024) and Mitra et al. (2024 ), who reported
R? values above 0.95 for ensemble and Random Forest models, respectively. The near-
equivalent performance of XGBoost to the more complex Ensemble model—at a fraction of the
computational cost—is one of the most practically significant findings of this study.

The computational trade-off was remarkable. XGBoost completed its most complex training run
in approximately 1 hour and 42 minutes, while the Ensemble required over 122 hours
(approximately 5.1 days) for the same dataset. This 60-fold difference in runtime, for only a
marginal gain in accuracy (R? 0.935 vs. 0.949), represents a critical operational consideration.
Consultants, cooperatives, and extension agents often operate without access to high-
performance computing clusters, making the Ensemble model impractical for routine deployment.
These findings reinforce conclusions by Dhaliwal et al. (2022) and irik et al. (2024), who
highlighted tree-based ensemble methods as the most practical choice for agricultural prediction
tasks.

Table 2. Performance of Ensemble and XGBoost models across four cumulative predictor datasets under standard 70/30

split validation and, for XGBoost, LOFO cross-validation. Performance metrics include R?, RMSE (kg ha™), and CPU
training time (HH:MM:SS). LOFO was not computationally feasible for the Ensemble model.

Model Dataset Rz. RMS.E CPU T.ime Mean R? Mean RMSE
(Split) (Split) (Split) (LOFO) (LOFO)

XGBoost Static (S) 0.325 | 859 kg ha™ 0:26:01 0.06 857 kg ha™
XGBoost S + Early (E) 0.850 | 406 kg ha™ 2:05:06 0.07 901 kg ha™
XGBoost S + E + Middle (M) 0.911 | 312kg ha™ 1:30:07 0.41 697 kg ha™
XGBoost S+E+M+Late (L) 0.935 | 268 kg ha™ 1:42:10 0.47 619 kg ha™
Ensemble Static (S) 0.343 | 847 kg ha™ 48:48:24 — —
Ensemble S + Early (E) 0.883 | 358 kg ha™ 93:47:42 — —
Ensemble S + E + Middle (M) 0.935 | 267 kg ha™ 96:24:27 — —
Ensemble S+E+M+Late (L) 0.949 | 237 kg ha™ 122:45:08 — —
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The LOFO validation results for XGBoost reveal a substantial reduction in predictive performance
compared to the standard 70/30 split—a pattern consistent with recent work by Croci et al. (2025),
who highlighted the challenge of temporal transferability in ML-based crop yield models. Using
only static data, XGBoost achieved a LOFO median R? of only 0.06, indicating that soil texture
and terrain alone capture virtually none of the variation across unseen fields. This suggests that
static variables encode site-specific relationships that do not transfer well across environments.
Inclusion of early-season Vls provided only marginal improvement (median R? = 0.07), indicating
that early spectral signals do not yet differentiate between fields in ways that generalize. The most
notable improvement occurred with the addition of mid-season data (S+E+M), where XGBoost's
median LOFO R? increased to 0.41 (RMSE = 697 kg ha™"). With the full dataset, median LOFO
R? reached 0.47 (RMSE = 619 kg ha™), confirming that late-season signals provide additional,
generalizable information on yield outcomes. Figure 2 illustrates the field-level distribution of these
results, revealing substantial variability in model performance across fields and datasets—
particularly for R2, which ranged from near zero to approximately 0.79 depending on field
characteristics and predictor set.
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Figure 2. Field-level XGBoost LOFO cross-validation performance across four cumulative predictor datasets (S, S+E,
S+E+M, S+E+M+L). Panel A shows the coefficient of determination (R?) and Panel B shows the root mean square error
(RMSE, kg ha™) for each of the 32 fields, ordered from highest to lowest median R? across datasets. Dashed lines indicate
the median value for each dataset.

Despite the generalizability gap, XGBoost's LOFO performance reinforces its practical value. The
60-fold computational advantage over the Ensemble model—approximately 13 hours for the full
LOFO analysis versus an estimated >500 hours for an equivalent Ensemble run—makes
XGBoost a scalable and tractable algorithm for repeated retraining as new field data become
available, and its median R? of 0.47 under LOFO remains competitive among published ML-based
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cotton yield prediction studies.

The dual-model framework evaluated here—Ensemble for maximum accuracy versus XGBoost
for operational practicality—provides a clear decision framework for experts. When the goal is to
develop a research-grade model or optimize predictions within a well-characterized set of fields,
the Ensemble model's additional accuracy (RMSE 237 vs. 268 kg ha™) may justify the
computational investment. However, for operational deployment by agronomists and
cooperatives requiring frequent retraining, ingestion of new seasonal data, or rapid in-season
predictions, XGBoost is unambiguously the preferred choice.

Several limitations should be acknowledged. Dynamic weather data (rainfall, temperature, solar
radiation) were not included as predictors; incorporation of these variables would likely improve
temporal transferability across seasons and regions. Furthermore, cotton genetics and cultivar
information were not accounted for, despite being a critical determinant of yield potential (Scarpin
et al., 2025). Critical soil variables beyond texture—such as nutrient levels—and in-season
management records (pest pressure, growth regulators, among others) were unavailable, and
their inclusion would likely explain additional yield variance. Future work should address these
gaps and explore data fusion strategies combining Sentinel-2 imagery with high-resolution UAV
or thermal data.

CONCLUSIONS

This study provides a comprehensive, operationally-grounded evaluation of Ensemble and
XGBoost models for within-field cotton yield prediction using satellite-derived vegetation indices
and static environmental data across 32 commercial fields in Georgia, USA (2019-2024). The
main conclusions of this study are:

In-season temporal data is essential for accurate yield prediction. Static pre-season variables (soil
texture, topography) alone yielded poor performance (R? < 0.343), while the addition of early-
season vegetation indices produced the largest single improvement across both models, with
further, diminishing gains from mid- and late-season data.

XGBoost represents the most practical model for operational precision agriculture. With the full
dataset, XGBoost achieved R? = 0.935 and RMSE = 268 kg ha™ in approximately 1.7 hours of
CPU time—matching the Ensemble model's performance (R? = 0.949, RMSE = 237 kg ha™) that
required over 122 hours, representing a ~60-fold improvement in efficiency for a minimal accuracy
gain of 1.4% in R2.

Model generalizability to unseen fields remains a key challenge. Under LOFO cross-validation,
XGBoost's median R? dropped to 0.47—a substantial but gap. These results argue for more
diverse training datasets and spatial validation strategies as standard practice in ML-based yield
prediction research.

Together, these findings provide actionable benchmarks for practitioners and researchers
seeking to implement scalable, ML-driven yield prediction systems in cotton production.
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