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ABSTRACT

Crop yield estimation is a valuable tool for ensuring food security and optimization of
resources under shifting climates. Conventional models often do not sufficiently consider the
complex, non-linear relationships between climate and productivity of crops. To conclude,
we introduce ClimateYield-AEF (Climate Yield Prediction with Augmented Ensemble
Features), a novel ensemble architecture that integrates sophisticated climate feature
engineering and optimal tree-based ML algorithms to improve yield prediction.
ClimateYield-AEF is a system that combines NASA POWER satellite climate data with
USDA crop yield records and producesits 18 engineered features such as vapor pressure
deficit (VPD), photothermal quotient, and comprehensive agricultural indices. Scientific data
augmentation has been used to triplicate the size of the training dataset, while maintaining
climate-yield relationships. Random forests, gradient boosting and extra trees models are
tuned to the learning task selection of hyperparameters and weighted performance
combination.

Through comprehensive evaluation with 5-fold cross-validation, the ClimateYield-AEF
shows remarkable predictive performance [R* = 0.767 £+ 0.032%, MAE =11.5 £+ 1.7 bu/acre
and mean absolute percentage error (MAPE) =8.% + 5.] mediated by the model’s ability to
capture the distinguishable patterns among weather factors and yield effects on multiple key
dates throughout crop growth phase. The ensemble does much better than the individual

models, where Random Forest yields R* = 0.574 and linear regression R? = 0.001. Importance
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of variables analyses showed that developed climate-related indices (radiation per growing
degree day, photothermal quotient) were more important than the temperature and
precipitations alone.

The results illustrate that the powerful combination of feature engineering and ensemble can
effectively model climate-yield relationships in realistic agricultural forecasting.
ClimateYield-AEF delivers production-ready accuracy significantly lower than the 15%
MAPE threshold and provides agricultural actors with a strong basis for yield prediction
under climate variability. This work is in terms of precision farming, due to its linking

climate science and machine learning aiding decision-making proponents.

KEYWORDS: Agricultural yield prediction, Climate variability, Ensemble learning, Feature

engineering, Random Forest, Cross-validation, Precision agriculture, NASA POWER data

INTRODUCTION

To sustain global food demand and maximize resource usage, accurate estimation of
agricultural productivity is essential. The climate has become unpredictable, making the
challenge of traditional agricultural forecasting models more complex. These classical
modeling methods are often based on the raw climatic elements and fail to consider the
statistical link between advanced climate indices (with low probability of successful
prediction) with crop yields, which is both non-trivial and complex. With the rising
awareness of climate variability and requirements for advanced feature engineering and
machine learning techniques, particularly in regions vulnerable to extreme climate events, it
is necessary from both theoretical and empirical perspective to revisit DT-based prediction
approaches such as M5 forecasting competition.

This work's contribution is ClimateYield-AEF (Climate Yield Prediction with Augmented
Ensemble Features): a new ensemble approach that includes systematic climate feature
engineering and optimized machine learning to improve the accuracy of agriculture yield
prediction. Utilizing satellite climate data from NASA POWER and agricultural crop yield
records for the USA by US Department of Agriculture, our new methodology derives 18
domain-specific features that facilitate monitoring important plant—climate interactions
related to vapor pressure deficit (VPD), growing degree days (GDD) and photothermal
quotient. The method employs scientific data augmentation to extrapolate the training sample
while preserving yield-climate relationships, and an ensemble of calibrated tree-based

models.
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The ClimateYield-AEF model yields the most suitable predictions for these needs based on a
framework built around rearing-related climate-indices, stress-factors from condition indices
and growing degree day conditions. Traditional models rely on raw temperature and
precipitation input alone, and do not exploit a variety of derived variables that better
represent how plants respond to the environment. The method builds features from raw
climate data in a systematic way and as such produces biologically interpretable predictors
including drought stress-indices, heat stress-days and efficiency ratios. It results in a superior
approximation of the climate-yield relation, thus increasing predictive accuracy particularly
in regions with unpredictable atmospheric conditions.

Random Forest, Gradient Boosting and Extra Trees algorithm performance weighted
integration of the 3 models gens a robust combined learner ClimateYield-AEF that beat all
the base models. The framework is based on a SVM model and applies exhaustive cross-
validation combined with robust statistical hypothesis testing to ensure uni- form
generalization across various agricultural environments. Utilizing high resolution climate data
and scientifically driven feature generation, our algorithm presents a practical method for an
improved interpretation and understanding of the effects of climatic variability on agro-
meteorological forecasting.

The ClimateYield-AEF platform is another such study, which belongs to the growing stream
of research that employed machine learning algorithms in precision agriculture. Based on
climate science and ensemble learning approaches, this system provides agricultural actors
with robust and explainable yield predictions that support their decision-making. This model
has the potential to achieve a production-ready accuracy (MAPE < 15%) tool and it can be
considered as a valuable tool for agricultural planning, risk management and climate change
adaptation. This study provides implications on sustainable agriculture by demonstrating the
use of feature engineering and ensembling tools for enhanced yield prediction amidst the

increasing climate uncertainty.

Literature Review

Machine Learning Approaches in Agricultural Yield Prediction

Machine learning techniques have significantly changed the generation of models for
predicting agricultural yield, migrating from traditional statistical methods to more robust
algorithmic models which can cope with intricate nonlinear relationships among climate
drivers and crop productivity. A review by Van Klompenburg et al. [7]Takahashi et al.

surveyed 50 machine learning works in the yield prediction field, which they found the
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Random Forest and neural network were promising methods but data quality and scalability
where their challengesencounterUSENET ORG LINES REGSIocalctx-line-lines(Focus
onability to scalabilitythesize +performance. A detailed examination has confirmed that the
ensembles also always outperform any individual models which in turn makes a case for an
ensemble-based approach in agricultural modelling.

Recent advances in the field of deep learning bestow them with the ability to learn complex
temporal and spatial structure from agricultural data. Khaki et al. [3] developed a deep
learning-based US corn and soybean yield prediction model which can capture non-linear
complex information contained in USDA yield data, demonstrating that it significantly
outperforms existing machine learning models. Most recently, Sun et al. [8] developed a
multilevel deep learning network with different resolution satellite data input for corn yield
estimation, demonstrating the potential of hierarchical deployment. Unfortunately, deep
learning-based methods often rely on large training data sets and are relatively difficult to
interpret, which is not suitable for applications in agriculture where data is limited.

LSTM has especially been applied to capture time dependencies of agricultural time series.
Crisostomo De Castro Filho, Criséstomo DePaiva Simdes et al. [9] analyzed the use of
LSTM in comparison to conventional machine learning techniques for rice crop detection
from Sentinel-1 time series and found that deep learning models are more successful in
capturing temporal patterns. Bhimavarapu et al. [19] showed reduced training time, with
maintained accuracy, by employing optimization of LSTM architectures for yield prediction
yet bets hyperparameter tuning are to be followed. Despite these improvements, LSTM-
based applications face certain issues within the constraintd data scenarios which is very

common in agricultural applications.

Traditional Machine Learning and Ensemble Methods in Agriculture

Classical machine learning algorithms, mostly tree-based learnings methods, performed
relatively well for predicting agricultural yield. Veenadhari et al. [1] were among the first to
use Support Vector Machines and neural networks for crop yield estimation using climatic
variables in India, which was an early demonstration that machine learning can adequately
model relationships between yield and climate. Another work, Abbas et al. [5], employed
Random Forest regression for potato yield prediction based on vegetation indices derived
from proximal sensors and achieved high accuracy while still preserving interpretability

compared to more complicated deep learning techniques.
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Ensemble methods have been promising for agricultural problems as they are able to capture
the strengths of multiple models and alleviate their weaknesses. Guo et al. [22] investigated
the machine learning algorithms for estimation of maize yield from UAV-based hyperspectral
imaging and showed that ensemble methods over-perform single classifier, at the expense of
additional computational resource. Wei et al. [10] developed XGBoost for plant yield
assessment of carrot, with data collected by UAV imagery and soil properties, which further
verified the superiority of gradient bosting techniques in agriculture engineering applications.

While most of the existing ensemble approaches in agriculture use simple voting or averaging
schemes, sophisticated weighting based on individual model performance is rarely
considered. This represents a significant gap in optimizing the effectiveness of ensembles for

agricultural yield prediction tasks.

Climate Feature Engineering for Crop Modelling

Transforming raw climate data into biologically relevant features is a major step in successful
crop yield prediction. Traditional models have depended mostly on simple climate variables
like temperature, precipitation, and solar radiation. S et al. [4] compared a variety of feature
selection methods for crop yield prediction and were able to show that appropriate feature
selection enormously increased the prediction accuracy for a wide variety of machine
learning algorithms. However, their work was mostly based on selecting subsets of existing
variables without much domain-specific feature engineering.

Advanced climate indices reflecting plant physiological responses have demonstrated higher
predictive capacity than simple meteorological variables. GDD and VPD are already well-
known, biologically informed climate features; however, neither has been systematically
integrated into machine learning frameworks. Alibabaei et al. [12] developed an LSTM-based
irrigation scheduling using climate big data, incorporating some derived climate indices;
however, the feature engineering process did not consider any systematic framework for
agricultural applications.

The integration of stress indicators, efficiency ratios, and interaction terms represents one of
the underexploited areas in agricultural machine learning. Most studies still rely on simple
climate variables without exploiting the rich domain knowledge emanating from research in

plant physiology and agrometeorology.

www.ijarp.com (



http://www.ijarp.com/

International Journal Advanced Research Publication

Data Limitations and Augmentation Strategies

Agricultural data are often limited by sample size, temporally sparse, and geographically
constrained, a situation that poses many challenges to formulating machine learning models.
Kuradusenge et al. [21] tested machine learning models on African staple crops and
mentioned infrastructure and a lack of data as the main factors potentially limiting real-world
operations in developing regions. Singh Boori et al. [23] applied machine learning in the
Fergana Valley of Central Asia, showing potential for regional yield forecasting while
acknowledging the challenges provided by data-scarce environments.

Most of the machine learning studies in agriculture begin with a small dataset on account of
the fact that crop production is annual and records are severely limited. One other exception
is the work of Cedric et al. [15] on machine learning of crop yield estimation across West
African countries according to different agroecological systems that identified regional
tendencies but was limited by data scarcity to the point that model development is not
feasible. This is especially so for rare weather event recurrence or modeling the rare yield
scenarios that are essential in risk assessments.

Data augmentation, a common practice of computer vision and natural language processing,
has gain little popularity yet in agriculture. The existing methods are few and only
concentrate on image augmentation for remote sensing rather than systematical data
augmentation for climate-yield datasets. This is a key limitation faced when trying to address

the fundamental data limitations hindering agricultural machine learning research.

Performance Evaluation and Validation Frameworks

Unfortunately, it is known that the performance of predictive models for plant interaction
with the environment should be carefully evaluated but most studies present non-uniform
metrics and cross-validation schemes. The evaluation metric inconsistency issue is also
pointed out by Van Klompenburg et al. [7] as a common barrier in the research of yield
prediction for most studies, which will hinder the comparison between various methods.
Cross-validation methods tailored for temporal agricultural data are not widely used, and
many simply apply the standard random split leaving them open to issues of data leakage and
optimistic performance estimates.

Some studies have applied geographic validation using leave-one-region-out approaches to
test spatial transferability. Fernando et al. [26] established the satellite-based subfield canola
yield prediction models and emphasized that the spatial validation is essential for testing the

model generalization ability to various growing regions. However, there are only a few
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systematic practices of temporal validation covering varied climate change and agricultural
practices.

Hypothesis test for comparing models is missing or non-adequately reported in many papers
concerning machine learning applied to agriculture. This restriction impacts the validity of
reported performance enhancements and limits understanding of memorizing better

strategies.

Research Gaps and Opportunities

The literature review identifies three key knowledge gaps that potentially hinder current

approaches to predict agricultural yields:

e Limited climate feature engineering: All of our existing work is based on a limited
number of simple climate features, including temperature, precipitation and solar
radiation with no domain-specific feature engineering that specifically captures the
response of a plant to environmental conditions (i.e., physiology). This calls for integral
feature engineering frameworks that can transform raw weather data into biologically
relevant predictors, leading to significant improvements in the prediction performance.

e Not Making Best Use of the Ensemble of Learners: Even though we have many study-
level results on the performance of several machine learning algorithms, that best pools
in references or algorithm powers have been found wanting and remains an interesting
area to explore. Construction of a performance-based ensemble for agricultural
applications could greatly improve the quality and stability.

e Insufficient Data Augmentation Techniques: The chronic shortage of data in agricultural
machine learning has not been systematically resolved through data augmentation
techniques. Unlike applications within computer vision, established augmentation
frameworks that preserve the underlying biological relationships while expanding

training datasets are lacking in agricultural yield prediction.

Positioning of Climate Yield-AEF Framework

The identified gaps are met by the ClimateYield-AEF framework that includes (i) systematic
climate feature engineering that transforms raw meteorological variables into 18 biologically-
informed predictors such as VPD, photothermal quotient, and composite stress indices; (ii)
performance-weighted ensemble learning as a means to combine Random Forest, Gradient

Boosting, and Extra Trees algorithms based on cross-validation performance; and (iii)
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scientific data augmentation for enlarging training datasets while preserving yield-climate
relationships by simulating controlled climate variability.

It is the first fully combined use of advanced feature engineering, ensemble learning and data
augmentation tailored for agricultural yield prediction on small datasets. The framework
resolves the core problems exposed in the literature and at the same time offers a production-

ready agricultural forecasting system.

METHODOLOGY

Materials and Methods ClimateYield-AEF (Climate Yield Prediction with Augmented
Ensemble Features) integrate NASA POWER climate data with finely engineered features,
combined with ensemble learning (machine learning strategies that combine multiple
learners). The model applies full climate datasets i.e. precipitation (PRECTOTCORR),
temperature variables (T2M_MAX, T2M_MIN), solar radiation
(ALLSKY SFC _SW_DWN), relative humidity (RH2M) and growing degree days (GDD)
for forecasting agricultural yield results. These climate features are used to input for
engineering breast of 18 domain-specific features related with plants-climate interaction,-
stress indicators and growth efficiency measures.

The original contribution lies in the approach of profound problem-oriented feature
engineering, creative data augmentation inspired by scientific principles and performance-
weighted ensemble learning. The primary purpose of our model is to predict county-level
corn yields by characterising complex non-linear relationships between engineered climate
indices and crop productivity, which can be further used for accurate forecasting of seasonal
agricultural decision-making, resource allocation and assessments of climate risk.

The framework starts with extensive feature engineering which turns raw climate variables
into biologically relevant predictors. These include the calculation of vapor pressure deficit
(VPD) for the modelling of evapotranspiration, photothermal quotient for estimating growth
efficiency and indices that integrate thermal and radiation effects to give a measure of overall
growth condition, as well as stress metrics such as cumulative drought stress and frequency
of extreme heat days. Further constructed variables are the ratio of radiation per growing
degree day, precipitation use efficiency, indicators for water balance and interaction terms
between temperature and moisture. This systematic transfiguration scales the feature space
from 6 fundamental climate features to 18 scientifically based predictors.

Pre-processing standardization is used to achieve the balance on feature scales (modeled by

StandardScaler, imposing mean zero and unit variance). Unlike traditional normalization to
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[0, 1] ranges, standardization tends to better preserve the statistical properties required for
categorisation based on ensembles of trees (left) while avoiding any single feature

dominating the learning process.

ClimateYield-AEF Algorithm

Input:PRECTOTCORR, T2M MAX, T2M MIN, GDD, ALLSKY SFC SW DWN,
RH2M.

Output:Predicted crop yield values (bu/acre).

Feature Engineering

procedure ENGINEER FEATURES(X):

// Atmospheric Stress Features

X['vpd_mean'] = calculate vpd(X['T2M_mean'], X['RH2M mean'])

X['extreme heat _days'] = max(0, X['T2M_MAX max'] - 32)

X['cumulative drought stress'] = max(0, 500 - X['PRECTOTCORR sum']) * X['vpd mean']

/I Efficiency Ratios

X['radiation_per gdd'] = X['ALLSKY SFC SW_DWN _sum']/ X['GDD']

X['photothermal quotient'] = X['ALLSKY SFC SW_DWN mean'] / (X['T2M_mean'] +
273.15)

X['precip_use_efficiency'|=X['ALLSKY SFC SW_DWN sum']/
X['PRECTOTCORR_sum']

// Growth Indices
X['comprehensive growth index'|=(normalize(X['GDD'])+
normalize(X['ALLSKY SFC SW_DWN mean'])) /2

X['water_balance'] = X['PRECTOTCORR _sum'] - (X['T2M_mean'] * 20)

// Additional engineered features (10 more)...

return X_engineered

Data Augmentation

procedure AUGMENT DATA(X, y, factor=2):
X augmented =[]

y_augmented = []

for 1 in range(len(X) * factor):
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row = X[1 % len(X)].copy()

/I Apply controlled perturbation to climate features
for feature in climate features:
noise = normal(0, std(X[feature]) * 0.15)

row[feature] += noise

// Simulate yield response to climate variations
yield effect = calculate yield response(row)

new_yield = y[i % len(y)] * yield effect

X augmented.append(row)
y_augmented.append(new_yield)

return (X _augmented, y _augmented)

Ensemble Training

procedure TRAIN ENSEMBLE(X train, y train):

// Initialize optimized base models

RF = RandomForest(n_estimators=500, max_depth=20, min_samples_split=3)
GB = GradientBoosting(n_estimators=400, learning_rate=0.08, max_depth=7)
ET = ExtraTrees(n_estimators=400, max_depth=25, min_samples split=3)

models = [RF, GB, ET]
weights = []

// Cross-validation and model training

for model in models:

cv_scores = cross_validate(model, X train, y_train, cv=5)
model.fit(X train, y_train)

weights.append(mean(cv_scores['r2']))

// Normalize ensemble weights

weights = weights / sum(weights)

return (models, weights)
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Prediction Module
function PREDICT(models, weights, X new):

predictions = []

For I, model in enumerate(models):
pred = model.predict(X new)
predictions.append(weights[i] * pred)

ensemble prediction = sum(predictions)

return ensemble prediction

Main Algorithm
procedure CLIMATEYIELD AEF(X raw, y raw):

// Step 1: Feature Engineering
X engineered = ENGINEER FEATURES(X raw)

// Step 2: Data Augmentation
X aug,y aug=AUGMENT DATA(X engineered, y raw, factor=2)

// Step 3: Data Preprocessing
scaler = StandardScaler()

X scaled = scaler.fit_transform(X_aug)

// Step 4: Ensemble Model Training
models, weights = TRAIN_ ENSEMBLE(X scaled, y _aug)

return (models, weights, scaler)

The ClimateYield-AEF model uses systematic feature engineering to convert generic
meteorological variables into biologically meaningful features representing relevant plant-
climate relationships. This operation mitigates the limitation of classical approaches that rely
solely on raw climate data and results in doman-specific features informed by plant
physiology and agrometeorology studies.

e Feature Engineering: The climate variables used in feature engineering is comprised of
six base climate variables obtained from nASA POWER which consists of: precipitation

(PRECTOTCORR), maximum temperature (T2M_MAX), minimum temperature
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(T2M_MIN), growing degree days (GDD), solar radiation (ALLSKY SFC SW DWN ), and
relative humidity (RH2M); Following the four types, 18 engineered features are derived
from those:

e Atmospheric Stress Indices: Vapour Pressure Deficit (VPD) is calculated as VPD = (1 -
RH/100) x 0.6108 x exp[17.27T/T + 237.3), where T is in °C, and expressed in kPa; this
directly reflects the demand for water by the atmosphere, having a strong correlation with
plant water status in general practice. Frequency of extremely hot days on the basis
ofmaximum temperature >32°C is used to quantify extremely hot days, which is the thermal
stress threshold for corn growth. DSAM integrates both precipitation depletion and VPD to
capture the combined effects of water limitation and atmospheric demand on drought stress
accumulation.

e Efficiency Ratios: The proportion of radiation per growing degree day
(ALLSKY SFC SW_DWN sum / GDD) measures light use efficiency with respect to heat
accumulation. The photothermal quotient (ALLSKY SFC SW _DWN mean / (T2M_mean
+ 273.15)) describes the availability of light in relation to temperature and is an important
factor determining photosynthesis efficiency. The precipitation use efficiency
(ALLSKY SFC SW_DWN sum / PRECTOTCORR sum) reflects the ability to use limited
rainfall vis-a-vis energy inputs.

e Growth and Development Index: A composite growth index that incorporates
standardized growing degree days and solar radiation data to form a single expression of
potential for plant maturation. The water balance (PRECTOTCORR sum—T2M_mean x 20)
is an attenuated index with which to estimate the degree of water surplus or deficiency. The
terms (T2M_mean xsoil moisture index) are the interaction between temperature and
moisture, which reflects the complex response of thermal condition to moisture availability.

e Variables: Temporal and spatial Corn-soybean Dummies A set of dummy variables
representing the differences in agricultural system between corn and soybean production.
Add on engineered functionalities are root zone water balance indices, heat stress
accumulation and frost risk indicators which cover the complete characterisation of the

growing environment.

Scientific Data Augmentation Strategy:
ClimateYield-AEF aims to overcome the fundamental problem of limited agricultural data
by controlling manipulation of existing data through Data Augmentation, which not only

maintains but also expands training yield-climate relationships. This method acknowledges
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that the nature of agricultural datasets is inherently limited to once yearly crop production
and over a relatively small range of years.

The uplift uses an algorithm of perturbation and is based on the known variability of
meteorology. The algorithm creates extra synthetic samples for each original data record
through the addition of Gaussian noise to climate features, where noise amplitude is 15% of
standard deviation of each variable. This level of perturbation was chosen to capture
plausible climate variability that is not so great as to violate biological plausibility.

Yield response is a function of empirically estimated climate-response curves, which are
based on existing agronomic knowledge. Temperature effects are simulated by using
optimum temperatures throughout 18-28°C and a reduction in yield outside this range.
Effects of rainfall occur along water stress response functions, with yield penalties in both
drought conditions (700mm). Effects of solar radiation involved light saturation responses,
which are characteristic for C4 species.

The size of the original dataset is tripled because of augmentation, with 1,000 training
examples being stimulated into 2,000 synthetic records. Such augmented samples preserve
the basic relationships between yield and climate while offering more training data to
enhance model generalization. Validation brute ensures that the augmented samples are

within working parameter space and preserve statistical properties of original dataset.

Ensemble Learning Architecture

ClimateYield-AEF uses, at its core, an ensemble based on a combination of three optimized
tree-based algorithms: Random Forest (RF), Gradient Boosting (GB) and Extra Trees. This
ensemble makes the best of the complementarities existing between various algorithms while
mitigating weaknesses of individual models through well-designed combination.

e Random Forest: We use a Random Forest model with 500 estimators, maximum depth of
20 and minimum samples at split set to 3. Bootstrap sampling is permitted, and the default
configuration makes use of the square root of features at each node to address overfitting.
This configuration has achieved a strong baseline performance and good interaction with
features without overfitting from nature.

e Gradient Boost Configuration: Gradient boosting model with 400 estimators, learning
rate of 0.08 and maximum depth of 7; Subsample ratio is maintained at 0.85 for more
randomness and to prevent over-fitting. The small learning rate maintains stability for

convergence, and the fixed tree depth achieves more explainable model. This module is good
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at modeling complicated non-linear relationships and sequentia dependencies in the feature
space.

e Extra Trees Optimization: Extra Trees feature selection uses 400 estimators, a max depth
of 25 and min samples per split is equal to 3. Extra Trees have greater depth than other
members of the ensemble, permitting finer-grained patterns to be modelled and the bootstrap
sampling results in natural regularization. This part provides additional variance reduction
and enables us to capture locally the patterns that other algorithms could possibly not detect.

e Performance Weighted Mixture: Weights of ensemble are determined by performance of
5-fold cross-validation. The contribution of each model to the final ensemble is proportional
to its R? score across validation folds, and the weights are then normalized to sum 1. It is
smaller for less well performing models so that there can still be contribution from all

members, but higher for better performing models.

Training and Validation Framework

The training process of ClimateYield-AEF includes rigorous validation measures to guarantee
robust generalization and reliable estimation of performance. We develop spatial and
temporal validation schemes suitable for the application of agricultural prediction.

e Data Preprocessing: Features are standardised using StandardScaler such that they have
zero mean and unit variance, which is suitable for tree-based algorithms (to improve
performance) as well as not letting anyone feature hijack the learning process. Missing values
in such dataset are handled using forward-fill for short (< 7 days) gaps and linear
interpolation for long sequences that have maximum gap threshold set at 30 days to retain
temporal consistency.

e (Cross-Validation Protocol: We use a five-fold cross-validation strategy that utilizes
stratified sampling by year and yield quantiles, guaranteeing even distribution of the values
across the validation folds. Temporal blocking avoids data leakage by enforcing temporal
separation between training and validation datasets. We perform hyperparameter tuning with
each fold by means of nested cross-validation to avoid overfitting to the validation set.

e For model evaluation, several regression performance indicators have been used which
are appropriate for decision-making in agricultural crop production prediction: 1) the
coefficient of determination (R2); 2) mean absolute error (MAE), 3)the root mean square
error (RMSE), and 4)mean absolute percentage error (MAPE). The validation of the
significance of performance improvement rather than destroying by random variation was

tested with paired t-tests for statistical significance.
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e A leave-one-county-out validation is performed to assess whether the developed method
can be transferred to other regions with different farming characteristics. The final validation
in time, performance on hold-out years, is to validate adaptation to climatic variability and
changes in agricultural practices. Assessment approaches guarantee that the model exchange

analysis is rigorous and practical.

Implementation and Computational Framework

ClimateYield-AEF is implemented in Python using scikit-learn for ensemble learning
models, pandas for data management and NumPy for numerical processing. It will be a way
to computationally efficient whether full-function feature for agricultural forecasting.

e Scalability: An ensemble architecture can be run in parallel for single model training and
cross-validation. Memory-efficient data structures balancing between the computational cost
and final representation of full features. The methods for hundreds to thousands of data
records, while maintaining overall performance.

e Reproducibility: Random processes ranging from data splitting to contention based DTS
are repeated on all campaigns with fixed seeds to help reproduce performances under various
computational envirumets. The configuration settings are externalized as to allow systematic
experiments and hyper-parameter optimization. Model interation order, feature importance
measure and validation metrics are logged.

e Production Preprocessing Extraction: Load trained ensemble models as pickle objects
and pre-processing pipelines to capture data transformations. The mechanism for real-time
forecasting enables the application of batch processing season fore- casting as well as
individual-record prediction at a field level.

This approach framework offers a performance stable and scientific solution to agricultural
yield prediction with ensemble learning and advanced feature engineeringAs aforementioned,
it (basic algorithms) yields an R? = 0.767 with MAPE = \(8.5\)% is shown by ClimateYield-
AEF outperforming the broadly used state-of-the-art ones.

RESULTS AND DISCUSSION

Datasets and Integration

NASA POWER Climate Dataset

The Nasa Prediction of Worldwide Energy Resources (POWER) data provides a
comprehensive set of satellite-based meteorological and solar energy parameters particularly

tailored for agriculture and renewable energy applications. The POWER dataset, which is
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developed by the NASA’s Goddard Space Flight Center, provides a global coverage with high
spatial (0.5° % 0.625°) and temporal (daily) resolution, thus it is especially adapted to
agricultural yield prediction research. In contrast to terrestrial monitoring networks of
weather stations such as GHCN (Global Historical Climatology Network), NASA POWER is
the only long-term climate record that covers global spatially complete coverage over every
satellite grid box minus spatial random gaps, and an estimate of data quality based on cloud
application.

The POWER dataset consists of a collection of different satellite reanalysis products that
have been combined to produce against one seamless global meteorological dataset covering
from 1981 to the present. For agricultural purposes, the data set contains key parameters that
have a direct impact on crop growth and development: 2-m air temperature (T2M), all-sky or
total precipitation corrected for temporal and observational bias (PRECTOTCORR), 2-m
relative humidity (RH2M) and surface shortwave downward irradiance under all-sky
conditions at the surface (ALLSKY SFC SW _DWN). These factors are processed through
complex algorithms to correct for plausible impact on prediction s.i., cloud cover changes and
atmospheric corrections'] icography, effects of cloud cover and atmospheric corrections to
obtain the predictions at ground level with reasonable accuracy!

One of the major advantages NASA POWER for agricultural research provides over
alternative data sources is that GDD, an important index designed for accumulating thermal
time to meet different crop development growth stages, can be obtained from this database.
GDD values are based on base temperatures suitable for various stages of growth for different
plant species, with corn (Zea mays) assuming a base temperature of 10°C. This resultant
value is independent of local computation procedure and offers comparable estimations
between regions or time periods.

The data quality assurance of NASA POWER utilizes a wide range of validation methods
such as comparisons to ground-based measurements, verification against other satellite
products and temporally reliable check. Quality of the dataset will continue to improve as
new satellite missions are launched and algorithms improved. In agriculture, the NASA
POWER data have been compared against agricultural weather networks and are shown to

agree well with ground-based observations of temperature (bias 0.8 in most areas).

USDA NASS Crop Yield Database
The USDA NASS Quick Stats database offers a complete set of agricultural production

statistics in the United States, making available county-level crop yield data that facilitates
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developing yield prediction model. NASS provides U.S. agricultural statistics, covering
production and supplies of food and fiber, prices paid and received by farmers, farm labor
and wages, farm finances, chemical use, and changes in the demographics of U.S. producers.
Corn (Zea mays) yield data were obtained for the 2010-2023 period, from NASS database
for all counties in the corn belt region of the Midwestern US for this study. The study area
includes 29 counties in Illinois, lowa and Indiana (Supplementary Fig. S3) all of which are
key corn producing areas with well calibrated historical yield records and consistent
agricultural practices. Together, these counties comprise about one-quarter of U.S. corn
production and are illustrative of the primary corn-growing area.

The county-level yield information in the NASS database is given in bushel per acre
(bu/acre), the common unit for corn yield measurement in the U.S.A. All estimates with
measures of precision are input through quality control procedures by NASS: outlier and
consistency checks, as well as comparison to production surveys. Counties that have
incomplete histories or major changes in agricultural practice were removed from the analysis
to avoid non uniform data and continuity of data.

The temporal coverage is 14 growing seasons (2010-2023), which offers a strong historical
context for model development and emphasizes the period of most reliable climate satellite
observations. Each county-year combination is an independent observation with the yield
value averaging all corn hectares in the county. This aggregation level allows for spatial
scale matching with the NASA POWER climate grid resolution and also provides with a

significant sample size for reliable statistical analysis.

Data Integration and Processing

NASA POWER climate data must be carefully spatio-temporally matched with USDA NASS
yield records, such that they are an accurate representation of the climate-yield nexus. Spatial
matching uses county geographic centroids to locate the corresponding NASA POWER grid
cell, where each county is matched with the nearest 0.5° x 0.625° grid cell according to their
minimum distance calculation. This definition maintains typical climate data for each county
and considers the mismatches between spatial resolutions of satellite-derived climate data and
administrative border of county.

Time aggregation considered in the SWD begins with the corn growing season, which is
April 1 through September 30 (middle of December to third week of May planting date
followed by early to mid-October harvest date) for most fields across this study area. Daily

NASA POWER values for each climate and meteorological parameter are summarized into
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seasonal sums (in the case of precipitation, solar radiation) or means (for temperature,
humidity) according to their biological relevance. GDD is the sum of daily values over the
base temperature (10 °C) during the entire growing season.

Quality assurance procedures are applied for the climate and yield datasets to maintain
integrity and consistency of data. Outlier detection on climate data is performed with the
interquartile range method and climates which differ by more than 3 ¢ from the long-term
mean are marked for human review. PA and temperature may not be available in a small
number of observations (<0.5%), however these values are extrapolated using for short gaps
(as linear interpolation for <7 days) or forward fill for isolated missing values is applied.
Quality control of yield data Remove all counties with non-disclosed yields, Remove
suspected entry errors by comparing county yields with regional yield trend etc.

The resulting integrated data set keeps 1,000 county-year observations across 29 counties
and 14 years for each with six core climate variables and corresponding corn yields. For all
variables, data completeness exceeds 98%, and missing values are primarily due to the
occasional lack of satellite information, rather than systematic deficiencies. Spatial
distribution coverage is inclusive of the corn belt and can also be considered representative
of high-intensity production areas in central Illinois, lowa and marginal regions such as

southern Illinois and northern Indiana.

Dataset Characteristics and Statistical Properties

The integrated climate-yield dataset displays patterns typical of Midwestern farming
systems, with corn yields ranging from 89.2 to 234.7 bu/acre (mean = 162.4, SD = 28.3
bu/acre). This distribution of yields is influenced by both time due to weather and space
through differences in soil, management, and local climate. The coefficient of variation
(17.4%) is moderate and like columella values attributed to typical farming systems in the
area.

Temperature variables exhibit seasonal and geographic trends that are consistent with those of
other continental agricultural areas around the world. The wettest (driest) May to October
receives 847 mm (285mm, mean = ~562 mm) of precipitation during the growing season,
providing abundant soil moisture in most years, but also intermittent drought stress.
Temperature term values are within typical corn production ranges and accumulate between
1,247 to 1,689 degree-days (average = 1,468 degree-days) during the growing season. The
annual total of solar radiation varies from 2,847 to 3,456 MJ m (mean: 3,152 MJ/m ),

depending on sunshine hours and air mass.
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Correlation matrix shows the anticipated relationship of climate variables and corn yield,
where growing degree days (r = 0.42) has a moderate positive correlation, and growing
season precipitation has an optimal range effect on corn yield with maximum yield at
intermediate moisture levels (400 to 600 mm). Solar radiation presents positive relationships
with yields (r = 0.38), whereas extreme temperature events exhibit negative relationships that
are consistent with the effects of heat stress on crop productivity.

Temporal distribution ensures a balanced composition across climate years, in which drought
years (2012, 2023), good growing season conditions (2014, 2016, 2017) and regular seasons
are represented. This temporal variation ensures that models trained with the dataset are able
to capture wide arrays of climate-yield dependencies and make robust predictions at different
weather patterns. The geographic area encompasses approximately 180,000 km? of
agricultural land that reflects the range in soil types, topographic relief and management

systems characteristic of Midwestern corn production.

Data Augmentation Implementation

To overcome the limitation that physical constraints imposed on agricultural dataset sizes
limit the size of annual crop production cycles, ClimateYield-AEF uses controlled data
augmentation to grow the training set maintain biological relationship between climate
variables and crop yield. This augmentation method creates sesquialteral climate-yield pairs
via scientifically based perturbation of the observed data, expanding the number of
observations in the dataset from 1,000 to 3,000.

The ‘“augmentation” algorithm adds (independent) Gaussian noise to all climate variables
whose standard deviation scales linearly with about 15% of the model’s variable original
standard deviation. This level of perturbation is a realistic interannual variability in climate
while preventing unrealistic extremes beyond what would be biologically reasonable. For
every original observation, two synthetic representations are computed using independent
random samples of the positive centoid creating a 2:1 total augmentation factor.

Crop yields for simulated augmented samples are modified via empirical climate response
functions which originated from consistent agriculture studies. Temperature effects use a
peaked response function with maximum yields at an average growing season temperature
from 18-28°C and yield penalties applied for temperatures above/below that range. The
precipitation impact follows pulse response curves to water stress, and yield reductions to
drought (700mm) are possible scheduling risks for farmers with planting or harvesting

activities.
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The statistical characteristics of the original observations are preserved in the augmented
data, and more training cases are made available, leading to better generalization.
"Realismconstraint(limits) Quality control ensures that all augmented samples lie in a
realistic parameters space and angular the same correlation structure with the original
climate-yields relationships. Validation indicates that augmented-feature trained models
perform better on independent test sets than those solely trained using original observations.

This dataset integration and enrichment strategy brings a solid base for ClimateYield-AEF to
train multiple models’ ensemble, solidly coupling high quality satellite climate observation
with authoritative agriculture statistic, building up a sound science pipeline for yield

prediction research.

Table 1: NASA POWER Climate Dataset Sample.

PRECTOTCORR | T2M MAX T2M_MIN ALLSKY_SFC RH2M
County Year sum (mm) mean ©C) _mean GDD | SW_DWN mean | _mean

- - (9] (MJ/m?/day) (%)
McLean, IL 2020 | 687.3 26.4 15.8 1,456 | 18.2 72.4
Story, IA 2020 | 543.2 25.1 14.2 1,389 | 17.8 75.1
Tippecanoe, IN | 2020 | 612.8 24.8 14.9 1,402 | 17.4 74.3

Performance Metrics

The ClimateYield-AEF evaluation is based on alternative multivariate regression metrics for

agricultural yield prediction and captures allround model performance:

e R-squared (R?): Explains the percentage of variability in crop yield that is explained by
model and ranges from zero to one. Larger R? values indicate better model fit, with R*>
0.70 being excellent for agricultural prediction problems.

e Mean Absolute Error (MAE): Average absolute difference between what was predicted
and the actual yield and is in bu/acre. Meaningful prediction accuracy in agricultural
units Farmers or agronomists is interested in intuitive interpretation of the MAE.

e Root Mean Squared Error (RMSE): Measures the square root of mean squared error,
punishing even further bigger prediction errors than MAE. RMSE is especially helpful
to discriminate between models that do not make extreme prediction errors that are
important for agro risk assessment planning.

e Mean Absolute Percentage Error (MAPE): A method to present prediction errors as a
percent of the true yield, easy to interpret for different production levels and regions in
the globe. MAPE 0.5 are considered acceptable model performance values for

agricultural usage.
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e  Statistical Tests: Paired- t-tests are used to determine whether the improvement is

statistically significant (p < 0.05) over cross-validation folds.

Table 2: ClimateYield-AEF Performance Metrics. (Cross-Validation)

Metric | Mean | Std Dev | Units
R2 0.767 | 0.032 -

MAE 11.5 1.7 bu/acre
RMSE | 143 | 3.5 bu/acre
MAPE | 8.5 5.8 %

Table 2 shows that the ClimateYield-AEF ensemble framework achieves a strong and
reliable performance as evidenced by various cross-validations. The coefficient of
determination (R?*) was 0.767 + 0.032, suggesting that the model describes ~77% of the
variations in corn yields predictions which is very good for agricultural forecasting purposes.
Prediction accuracy of 11.5 + 1.7 bushels per acre mean absolute error (MAE) indicate that
predictions are generally within 11.5 bu/acre of true values, which is well within the
precision expectations for typical corn yields ranging from 100-250 bu/acre in the area of
study. RMSE was 14.3 + 3.5 bu/acre, higher than MAE, also showing that the model
reasonably accounts for outliers and does not overly penalize large prediction errors. First,
the median MAPE of 8.5 + 5.8% is already well below a common admissible threshold value
of about 15%, suggesting practical accuracy for climateYield-AEF deployed in actual use
cases and showing promise to soon exceed production level expectations for agricultural
technologies. The small standard deviations of all the metrics (particular, R? with a standard
deviation of 0.032) indicate that stable and consistent behavior of model performance can be
achieved across various cross-validation folds, which are critical to the robust generalization

ability in order to provide trustful yield prediction under diverse agricultural situations.

Table 3: Model Comparison. (Cross-Validation Results)

Model R? (CV) MAPE (%) | MAE (bu/acre)
Linear Regression 0.001 £0.017 | 19.1£0.3 26.0+04
Tuned Random Forest 0.574+0.019 | 11.6 £ 0.2 15.9+0.6
Tuned Gradient Boosting | 0.675 £0.020 | 9.2 + 0.3 129+0.4
Tuned Extra Trees 0.705£0.011 | 89 +0.1 125+0.5
ClimateYield-AEF 0.767+£0.032 | 8.5+5.8 11.5+1.7

Comprehensive cross-validation model comparisons are shown in Table 3, demonstrating the
effectiveness of ensemble approach to simple baselines as well as the efficiency of

ClimateYield-AEF scheme. The performance hierarchy observed on the results is remarkable:
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linear regression shows little of the variance of yield (R* = 0.001 = 0.017) while providing
high prediction accuracy errors (MAPE=19.1%, MAE=26.0 bu/acre), reflecting a judgement
that simple linear relationships cannot grasp complex climate-impact on yields dependencies.
The tree based models are not far behind (which indicates how performance benefits as time
progresses) with Random Forest fairing alright (R* = 0.574), then Gradient Boosting leads
the way(R? = 0.675) and Extra Trees fairing even better(R? = 0.705), which further justifies
the role of ensemble learning approaches to hyperparameter optimization: More interestingly,
ClimateYield-AEF ensemble exhibits the best modeling performance by all metrics
considered (R*=9.767+0.032, MAPE=8.5%, MAE=11.5 bu/acre), significantly outperforming
any single model and illustrates that a weighted combination of different models can harness

the complementarity in algorithms effectively.

Table 4: Ablation Study - Component Contributions.

Configuration R? MAPE (%) | MAE (bu/acre) | Relative Improvement
Base Linear Model 0.001 | 19.1 26 Baseline

+ Feature Engineering 0.151 |16.1 24 +15.0% R?

+ Data Augmentation 0.251 |13.1 22 +11.8% R?

+ Random Forest 0.574 | 11.6 15.9 +43.1% R?

+ Gradient Boosting 0.675 9.2 12.9 +13.5% R?

+ Extra Trees 0.705 | 8.9 12.5 +4.1% R?

+ ClimateYield-AEF Ensemble | 0.767 | 8.5 11.5 +7.4% R?

Table 4 also shows a systematic ablation study to demonstrate the overall contribution of
each component in the ClimateYield-AEF framework, thus clearly substantiating the
proposed methodology choices and their respective effect on predicting performance. The
first is a baseline linear model, with no additional features based on area (R* = 0.001, MAPE
=19.1%), showing that linear models alone are not suitable for agricultural yield prediction.
The step to more advanced feature engineering is giving the first informative gain (+15.0%
R?), from raw climate variables into biologically relevant predictors which better captures
plant-climate relationships. When applying data augmentation, performance increases
(+11.8% R?) as it enlarges the original training dataset while keeping yield-climate relations
and highlights the benefit of dealing with few observations in agriculture via controlled
synthetic sample generation. It is this section that shows how the goodness of fit (R?) is
increased significantly with the inclusion of Random Forest modeling (+43.1% R?), breaking
through from linear to nonlinear model sensitivities which can represent complex climate—
yield relationships. Further improvements with Gradient Boosting (+13.5% R?) and Extra

Trees (+4.1% R?) bring down the chart percentage, showing that there are diminishing returns
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(but still meaningful ones!), when stacking tree-based models: The strengths of different tree
algorithms tend to complement one another not exactly overlap. Finally, the ClimateYield-
AEF weighted averaging scheme provides a final performance enhancement (+7.4% R?) by
combining model strengths in an optimal way to reach that R2 = 0.767 while maintaining
excellent prediction accuracy (MAPE = 8.5%, MAE = 11.5 bu/acre), which validates the

“systematic” approach to ensemble building and explains why each concept was introduced

into the framework as evidenced by this result.

Table 5: Feature Importance Analysis.

Configuration R? MAPE (%) | MAE (bu/acre) | Relative Improvement
Base Linear Model 0.001 | 19.1 26 Baseline

+ Feature Engineering 0.151 |16.1 24 +15.0% R?

+ Data Augmentation 0.251 | 13.1 22 +11.8% R?

+ Random Forest 0.574 | 11.6 15.9 +43.1% R?

+ Gradient Boosting 0.675 9.2 12.9 +13.5% R?

+ Extra Trees 0.705 | 8.9 12.5 +4.1% R?

+ ClimateYield-AEF Ensemble | 0.767 | 8.5 11.5 +7.4% R?

+ Cross-Validation 0.767 | 8.5 11.5 Robust generalization

Table 5 shows a thorough ablation study which systematically explains the accumulated
impacts of each proposed technique in the ClimateYield-AEF architecture and therefore
provides powerful validation results of ensemble at last. The continuum starts with the poorly
performing baseline linear model (R? = 0.001, MAPE = 19.1%), for which it is a plain result
that simplistic practices are insufficient to predict crop yield effectiveness. Each competing
component adds significant value: feature engineering converts raw climate information into
biologically-meaningful input predictors(+15.0% R?), data augmentation fights the lack of
available agricultural data as it was used to generate controlled synthetic samples (+11.8%
R?), and Random Forest is by far the best advancement introduced(+43.1%R?)by allowing a
non-linear prediction signal modeling among climatic features and yield-output
agriculturally-relevant model building). We hypothesize the practical impact of this diversity
on model performance through its success with the following combination - sequential
addition (+13.5% R?) of Gradient Boosting and Extra Trees, followed by final performance
boost (+7.4% R?) through ClimateYield-AEF ensemble weighting strategy, leading to a
maximum attainable R? = 0.767, and incredibility practical accuracy (MAPE = 8.5%, MAE +
11.5 bu/acre). Most crucially, the final cross validation step still holds for these matching
performance metrics and secured "robust generalization", indicating that the obtained

performances are statistically significant and not caused by overfitting, therefore validating

www.ijarp.com

23

——
| —



http://www.ijarp.com/

International Journal Advanced Research Publication

the entire methodological continuum as a reliable stand-alone solution to be use in

operational agricultural forecasting applications.
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Figure 1: Comparative Graphs of all Methods.

CONCLUSION

The approach in ClimateYield-AEF represents a step-change in agricultural yield forecasting,
being the first to seamlessly combine systematic climate feature engineering with
performance-weighted ensemble learning. The model framework has shown good prediction
accuracy (R? = 0.767, MAPE = 8.5%) that translates raw meteorological variables into 18
biologically meaningful predictors reflecting essential crop-climate interactions such as vapor
pressure deficit, photothermal quotient and a holistic stress indices. By carefully tuning data
augmentation and ensemble combination of two boosted tree models (Random Forest,
Gradient Boosting) and an Extra Trees model, ClimateYield-AEF surpasses simple baselines
and individual models in prediction accuracy; its production-level error is clearly better than
the 15% MAPE limit typically set for operational agricultural forecasting. The framework's
performance shows the promise of systematic feature engineering and ensemble approaches
in mitigating the primary challenges faced by agricultural prediction tasks, including small
dataset sizes and non-linear climate-yield linkages, while ensuring interpretability through an
analysis of feature importance that suggests dominance of climatic indices derived from basic

meteorological variables.

The innovative significance of this study goes beyond academics and can contribute to a

sound agricultural practice and climate risk management. Further research should also
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extend model applicability beyond the Midwestern U.S. (i.e., diverse climatic regions and
cropping systems), include more environmental data (e.g., soil properties, management
practices) and adaptive learning techniques to ensure that predictions remain valid for new
climate regimes. The combination of high-resolution satellite data and real-time monitoring
systems may improve precision prediction and field-specific recommendation making for
precision agriculture applications. In the light of ongoing climate variability affecting global
food security, the ClimateYield-AEF framework presents a statistically validated tool that is
reliable in estimating yield forecasting predictive accuracy and uses computational efficiency
while delivering scientifically grounded contours to guide decision makers.AgXuring good

agricultural practice under an environment with increasing environmental uncertainty.
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