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ABSTRACT

Accurate wheat yield prediction is critical for global food security, yet existing forecasting models often struggle to balance high-
dimensional genomic data with dynamic environmental variables. This study developed an automated framework based on genetic
algorithms (GAs) to simultaneously optimize phenotypic selection, climatic feature engineering, and machine learning hyper-
parameters. The framework was evaluated across two contrasting cultivation environments: irrigated (Mexico) and nonirrigated
(Middle East). For the irrigated dataset, the model achieved a peak performance of coefficient of determination (R%) = 0.8363 and
root mean squared error (RMSE) = 38.59, demonstrating that the proposed methodology is capable of predicting wheat yield with
a R? exceeding 0.80 under irrigated conditions. Meanwhile, in the nonirrigated environment, the system maintained robust
predictive power with R? = 0.6199 and RMSE = 721.67. To ensure the statistical reliability and reproducibility of these findings,
a bootstrapping validation (1000 iterations) was performed on the top-performing individuals. This process yielded narrow 95%
confidence intervals, confirming that while the GA-optimized features provide higher stability in irrigated systems, the framework
effectively captures genotype-environment interactions even under water-limited conditions. This dual-environment validation,
underpinned by robust resampling techniques, demonstrates the scalability of the proposed soft computing approach for precision
breeding across diverse agroclimatic zones.

1 | Introduction statistically rigorous and interpretable, these methods struggle to
handle the high-dimensional datasets now generated by field
phenotyping, UAV-based measurements, and climatic

databases [6].

Grain yield (GY) in wheat is strongly influenced by genotype
X environment (G X E) interactions, where the performance of
a genotype varies across contrasting environmental conditions
such as temperature regimes, water availability, and manage-
ment practices [1-3]. These interactions introduce high vari-
ability and nonlinear responses that complicate yield prediction
for breeding and agronomic decision-making.

To overcome these limitations, machine learning (ML) tech-
niques such as support vector regression (SVR), random forest
(RF), gradient boosting, and regularized regressions have dem-
onstrated improved capacity to capture nonlinear relationships

Traditional statistical approaches, including linear regression,
mixed models, and analysis of variance, have been widely applied
to analyze G X E effects and yield variability [4, 5]. While

among phenotypic, climatic, and remote-sensing variables [7-9].
However, ML performance critically depends on selecting rele-
vant input features and appropriately tuning hyperparameters.
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Among these approaches, evolutionary algorithms—particularly
genetic algorithms (GAs)—have been increasingly used for
feature selection or hyperparameter optimization in agricultural
ML applications [10-13].

Although these approaches have demonstrated promising results
in agricultural prediction tasks, several methodological chal-
lenges remain unresolved. Most studies apply GAs either for
feature selection or for hyperparameter tuning as independent
optimization steps rather than within a unified framework. In
addition, previous research often focuses on specific data
domains—such as climatic, phenotypic, or remote sensing var-
iables—without systematically evaluating how their combina-
tion influences predictive performance under -contrasting
irrigation scenarios [14]. Furthermore, insufficient integration
between evolutionary optimization, model configuration, and
validation procedures continues to limit reproducibility and
comparability across studies dealing with high-dimensional
agricultural datasets [15, 16].

To address these challenges, the present study develops and
evaluates a GA framework that simultaneously optimizes feature
subsets and hyperparameter configurations for multiple ML
models in wheat yield prediction under irrigated and non-
irrigated environments.

This study makes three primary contributions.

First, it proposes an integrated GA framework that simulta-
neously performs feature selection and hyperparameter opti-
mization across multiple ML models for wheat yield prediction.

Second, it introduces and evaluates two evolutionary search
strategies (GA-V1 and GA-V2), demonstrating how model-
specialized populations improve predictive performance and
optimization stability under contrasting irrigation conditions.

Third, it provides a reproducible workflow that integrates het-
erogeneous phenotypic, UAV-derived, climatic, and ML in-
formation, offering practical insights for precision breeding and
agricultural decision-making under genotype X environment
variability.

2 | Materials and Methods

2.1 | Datasets and Experimental Environments
2.11 | Irrigated Dataset

The irrigated dataset consists of 370 bread wheat breeding lines
evaluated under optimal agronomic management at the Norman
E. Borlaug Experimental Station (CENEB). These experimental
data were originally reported as part of the GRATA wheat
breeding evaluations conducted under controlled irrigation
conditions [17]. The same dataset was later employed in our

previous work on wheat yield prediction and variable selection
using ML techniques [14].

Phenotypic traits include biomass, harvest index, thousand grain
weight, NDVI measurements from ground sensors and UAV
platforms, and canopy temperature. These measurements were
collected under conditions where environmental stress is min-
imized and yield expression is primarily driven by genotypic and
physiological differences.

2.1.2 | Nonirrigated Dataset

The nonirrigated dataset includes 85 wheat varieties evaluated
across Afghanistan, Iran, and Turkey between 2015 and 2019.
This dataset corresponds to the phenotypic data from the In-
ternational Wheat Yield Partnership (IWYP) Wheat Exchange
Set, publicly released for Genome-Wide Association Studies and
multienvironment analysis [18].

The dataset contains phenotypic descriptors such as early vigor,
senescence, green area from imaging, NDVI, and grains per
spike, collected under water-limited and climatically heteroge-
neous environments.

2.1.3 | Climatic Data Source

For the nonirrigated environments, local weather station data
were not available. Therefore, climatic variables were obtained
from the official NASA POWER (Prediction of Worldwide En-
ergy Resources) platform, a NASA project that provides satellite-
assimilated meteorological data widely used in agroclimatic and
crop-modeling applications [19].

Daily climatic records from sowing to harvest were downloaded
for each location and transformed into statistical descriptors
(mean, maximum, minimum, and range) to characterize envi-
ronmental variability during the crop cycle.

2.1.4 | Experimental Rationale

The irrigated dataset represents a genotype-driven scenario
where environmental variability is minimized, while the non-
irrigated dataset represents an environment-driven scenario
dominated by climatic stress. The irrigated dataset contains
phenotypic evaluations of 370 distinct wheat genotypes assessed
across two growing seasons under controlled irrigation condi-
tions. In contrast, the nonirrigated dataset comprises phenotypic
records from 85 distinct wheat genotypes evaluated across two
seasons under water-limited environments.

Analyzing both datasets independently allows evaluating
whether the proposed optimization framework adapts its feature
selection and model configuration depending on the dominant
source of variability. Table 1 quantifies both the dimensionality

TABLE 1 | Dimensionality of the feature space and training instances addressed by the genetic algorithm.

Total candidate

Dataset Years Training instances Phenotypic features Climatic descriptors features
Irrigated (Mexico) 2015-2017 740 18 936 954
Nonirrigated (Middle East) 2015-2019 168 40 648 688

Note: Training instances correspond to genotype-year observations.
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of the feature space and the number of training instances
addressed by the proposed GA.

The combination of high-dimensional phenotypic and climatic
descriptors with a limited number of training instances creates
a complex optimization scenario where traditional manual
feature engineering becomes impractical, motivating the use of
evolutionary optimization strategies.

2.2 | Data Integration, Preprocessing, and
Evolutionary Optimization Pipeline

Phenotypic measurements, UAV-derived variables, and climatic
descriptors were originally stored in independent tables with
different temporal and spatial resolutions. These sources were
integrated by aligning records according to experimental unit,
year, and location, resulting in a unified feature table in which
each row represents a unique experimental observation and each
column corresponds to a candidate feature for optimization,
following current practices in multisource crop yield modeling
[20-22].

Missing values in continuous variables were handled using mean
imputation when the proportion of missing data was low and
variables exhibited continuous distributions [23, 24]. All features
were normalized using min-max scaling to the range [0, 1] to
prevent variables with larger numeric ranges from dominating
the optimization process [25, 26].

For the nonirrigated dataset, daily climatic data obtained from
the NASA POWER platform were aggregated into statistical
descriptors (mean, maximum, minimum, and range) over the
crop cycle and joined to the corresponding phenotypic records.
For the irrigated dataset, where climatic variability is minimal,
only phenotypic and spectral variables were considered.

After integration and preprocessing, the dataset was structured
as a feature matrix X containing phenotypic, spectral, and cli-
matic variables and a target vector y corresponding to GY. No
manual feature engineering or variable transformation was ap-
plied; instead, the complete feature space was provided to the
GA, allowing the evolutionary process to identify relevant var-
iables and interactions without prior assumptions.

Within the proposed framework, the GA controls model con-
struction rather than acting as a preprocessing step. Each

chromosome encodes (i) a subset of features extracted from X, (ii)
a regression model, and (iii) the associated hyperparameters,
consistent with evolutionary-based optimization strategies in ML
[27]. For each candidate solution, the selected variables are used
to train the encoded model, and the resulting prediction error
defines the fitness value guiding the evolutionary search. This
internal evaluation is used exclusively to compare candidate
solutions and does not represent the final statistical validation.

Because the datasets represent contrasting agronomic
conditions—genotype-driven variability under irrigation and
environment-driven variability under nonirrigated con-
ditions—the GA converges toward different feature subsets and
model configurations without scenario-specific adjustments.
After convergence, bootstrap validation is applied as the final
statistical evaluation step, particularly appropriate for small
datasets where traditional partitioning may yield unstable
estimates [28].

The interaction between data integration, evolutionary search,
embedded model training, and final statistical validation is
summarized in Figure 1.

2.3 | GA Design and Configuration

The optimization framework is governed by two evolutionary
designs: GA-V1 (baseline) and GA-V2 (proposed swarm archi-
tecture). Both versions share the same chromosome represen-
tation but differ in their selection strategy, crossover and
mutation operators, and execution architecture. GA-V1 follows
a conventional evolutionary structure, whereas GA-V2 in-
troduces a swarm-based design to improve exploration of high-
dimensional feature spaces with embedded hyperparameter
optimization, following established principles of explor-
ation—exploitation balance and selection pressure in evolutionary
search [29, 30].

2.3.1 | Chromosome Representation

Each chromosome encodes two components: (i) a binary vector
indicating feature inclusion or exclusion from the full matrix X
and (ii) a numerical segment representing the hyperparameters
of the selected regression model. This structure enables simul-
taneous feature selection and hyperparameter tuning within the

Evolutionary optimization framework based on model-specialized populations (GA-V2)

Toont dat GA-V2 swarm architecture
n ata
Phen(r),tl;pic GA-V2 benefits
variables fofati
i Feature matrix »

Vacr;'flbles - > X,y) > |+ Increased diversity
+ Climate variables Feature selection + hyperparameter Stabl

(NASA POWER) optimization within model-specialized + Stable convergence

populations « Specialized search
Best Bootstrap R2
configuration » (1000x) | RMSE

FIGURE 1 | Evolutionary optimization pipeline for feature selection, model configuration, and final validation.
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same evolutionary process, consistent with evolutionary opti-
mization strategies in ML [31].

2.3.2 | Selection Strategy

GA-V1 applies Tournament Selection based on fitness score.
GA-V2 implements an alpha-beta rank-based selection in which
high- and low-ranking individuals are paired to promote di-
versity and reduce premature convergence.

2.3.3 | Crossover and Mutation Operators

Because the chromosome combines binary and numerical seg-
ments, operators are adapted accordingly. GA-V1 employs single-
point crossover with bit-flip and categorical mutation. GA-V2
applies a hybrid crossover tailored to the dual structure and
a precision-oriented mutation for continuous hyperparameter
refinement.

2.3.4 | Population Size and Stopping Criteria

To ensure reproducibility, parameters were fixed across exper-
iments. GA-V1 uses a population of 40 individuals evolved for 80
generations. GA-V2 uses four parallel populations of 25 in-
dividuals each, where each population specializes in a regression
model, also evolved for 80 generations. Mutation rates were set to
12% for the binary segment and 8% for the numerical segment,
with a crossover probability of 85% in both versions.

The stopping criterion was defined as reaching the maximum
number of generations or an early convergence condition in
which the best fitness value did not improve by more than 0.001
over 12 consecutive generations.

2.3.5 | Structural Differences Between GA-V1 and
GA-V2

GA-V2 constitutes a distinct evolutionary architecture rather
than a parameter adjustment of GA-V1. The technical differences
between both designs are summarized in Table 2.

2.4 | ML Models and Training Configuration
2.4.1 | Regression Models Embedded in the GA

Four regression models were integrated into the optimization
framework: LASSO, SVR, RF, and Extreme Gradient Boosting
(XGBoost). These models were selected based on their recurrent
use and demonstrated robustness in wheat yield prediction
studies using phenotypic, environmental, and remote sensing
data [22, 32-35].

TABLE 2 | Technical comparison of genetic operators (V1 vs. V2).

LASSO performs embedded variable selection through L1 reg-
ularization [36], SVR is effective in handling nonlinear re-
lationships through kernel functions [37], RF captures complex
interactions using ensemble decision trees [38], and XGBoost
offers high predictive performance through gradient boosting
with regularization mechanisms [39].

Within the proposed framework, these models are not trained
independently. Instead, they are embedded into the GA as part of
the chromosome structure, allowing the evolutionary process to
simultaneously determine the most relevant subset of variables
and the optimal hyperparameter configuration for each model
under different environmental scenarios.

A baseline feature selection strategy previously reported in [14]
was used as a reference point. In that approach, variables were
grouped by source due to the extremely large dimensionality of
the dataset. Initial experiments excluded remote sensing vari-
ables, followed by isolated inclusion of UAV-derived features,
and finally, climatic variables. The results demonstrated that
biomass and NDVI were the most informative predictors,
highlighting the difficulty of manual feature engineering in high-
dimensional agricultural datasets.

This limitation motivates the need for an automated evolutionary
search capable of exploring combinations of phenotypic, envi-
ronmental, and UAV-derived descriptors beyond what manual or
group-based selection strategies can achieve.

2.4.2 | Hyperparameter Space Explored by the GA

The GA explores both feature subsets and hyperparameter
configurations simultaneously. Table 3 describes the search
space assigned to each model during the evolutionary process.

This configuration allows the GA to simultaneously explore
model structure and parameter tuning under a unified evolu-
tionary framework.

2.4.3 | Training Procedure and Fitness Evaluation

For every chromosome generated during the evolutionary pro-
cess, the selected subset of features is extracted from the feature
matrix, and the encoded model is trained using the associated
hyperparameters.

The performance of each candidate solution is evaluated through
a fitness function as follows:

« In GA-V1, fitness is computed using adjusted mean absolute
percentage error (A — MAPE), defined as follows:

Genetic algorithm V1

Feature (baseline)

Genetic algorithm V2
(proposed swarm)

Selection strategy
Crossover operator
Mutation process
Hyperparameter tuning

Execution architecture

Standard tournament selection
Single-point crossover
Bit-flip 4 categorical model mutation
Discrete/categorical search

Sequential single population

Alpha-beta selection (novel)
Hybrid dual-structure crossover
Precision-focused mutation (no model mutation)
Continuous high-precision tuning (10~3)

Parallel swarm of model-specialized populations
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TABLE 3 | Hyperparameter search space and data types for genetic optimization.

Model Hyperparameter Search range/space Description

Kernel type {Linear, Polynomial, RBF, Sigmoid} Mapping function to higher-dimensional space

SVR C [0.01, 100.0] Margin vs. error trade-off
Epsilon (¢) [0.001, 1.0] Width of epsilon-insensitive tube
n_estimators [10, 5000] Number of trees
RF max_depth [1, 1000] or None Tree depth control
min_samples_split [2, 10] Minimum samples to split
Learning rate () [0.01, 0.3] Step size shrinkage
XGBoost Max depth [3, 10] Tree depth
Subsample [0.5, 1.0] Fraction of samples per tree
LASSO Alpha (@) [0.0001, 10.0] L1 regularization strength

Selection method

{Cyclic, Random}

Coefficient update strategy

18y -3,
A—MAPE:l—(—Z Yi~h
Ri=1| i

). (@)

« In GA-V2, fitness is based on the coefficient of de-
termination (R?), promoting solutions with higher
explanatory power.

This fitness evaluation is part of the internal evolutionary search
and does not represent the final statistical validation of
the model.

2.4.4 | Baseline Models Without GA Optimization

To evaluate the real contribution of the evolutionary optimi-
zation process, results obtained with the GA are compared
against a baseline modeling strategy previously developed
in [14].

In that approach, due to the very high dimensionality of the
dataset, feature selection was performed manually by grouping
variables into categories. Models were trained using the
following:

1. Phenotypic variables without remote-sensing data,
2. Remote sensing variables independently,

3. Attempts to include climatic variables, which resulted in
poor predictive performance.

The study concluded that biomass and NDVI were the most
informative predictors for GY estimation [14]. Hyperparameters

were selected from predefined discrete sets, and no evolutionary
optimization or LASSO-based feature selection was applied.

This baseline provides a direct reference to evaluate how the
proposed GA framework improves feature selection, model
configuration, and predictive performance.

2.5 | Representative Hyperparameter
Configurations Selected by the GA

To illustrate the practical effect of the evolutionary optimization
process, this section presents representative hyperparameter
configurations identified by GA-V2 under contrasting experi-
mental scenarios.

Unlike the baseline approach previously reported in [14], where
regression models were applied using default hyperparameters
and manually grouped feature subsets, GA-V2 performs simul-
taneous feature selection and continuous hyperparameter opti-
mization. This allows the evolutionary process to converge
toward model configurations specifically adapted to the domi-
nant source of variability in each dataset.

Table 4 summarizes the key hyperparameters selected by the GA
for two representative scenarios: the nonirrigated dataset,
dominated by environmental stress, and the irrigated dataset
using the full combination of phenotypic, UAV, and climatic
descriptors.

The configurations reported reveal that the GA does not converge
to generic or default parameter values. Instead, it adapts model
complexity, tree depth, learning rate, and regularization behavior
according to the agronomic context. This behavior confirms that

TABLE 4 | Representative hyperparameter configurations selected by GA-V2 across experimental scenarios.

Key hyperparameters selected

Scenario Model by GA-V2
LASSO a =0.0795, selection = cyclic
Nonirrigated XGBoost n_estimators = 1068, max_depth = 30, # = 0.275, subsample = 1.0, y = 0.492
& Random forest n_estimators = 601, max_depth = None, min_samples_split = 0.65
SVR kernel = linear, C =0.202, ¢ = 7.83
LASSO a=0.0287, selection = random
Irricated SVR kernel = polynomial (degree 2), C =0.164, ¢ = 4.84
& XGBoost n_estimators = 5236, max_depth = 220, n = 0.992, subsample = 0.471, y = 0.418

Random forest

n_estimators = 2723, max_depth = None, min_samples_split = 0.133
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the evolutionary search process plays a central role in tailoring
model structure to the data characteristics, which would be
difficult to obtain through manual tuning.

The ten best hyperparameter configurations identified by GA-V2
for the LASSO and XGBoost models are provided in Supporting
Table S1.

2.6 | Training, Validation, and Evaluation Strategy
2.6.1 | Bootstrap Validation

During the evolutionary optimization process, candidate solu-
tions are evaluated exclusively through an internal fitness
function used to compare configurations within the GA search.
This evaluation must not be interpreted as a measure of model
generalization.

Statistical validation is performed only after the evolutionary
process converges and the best configuration is identified. At this
stage, a bootstrap resampling procedure is applied as the final
evaluation step. Bootstrap is a nonparametric validation tech-
nique based on repeated random sampling with replacement
from the original dataset, particularly suitable for small datasets
where conventional data partitioning strategies may lead to
unstable estimates [40, 41].

For each bootstrap iteration, a new training and testing subset is
generated, the selected model is retrained, and its performance
metrics are recorded. Repeating this process provides an em-
pirical estimation of variability, robustness, and generalization
capacity.

The distribution of performance metrics across bootstrap itera-
tions was also analyzed to verify the stability of the GA-selected
feature subsets and hyperparameter configurations. The low
standard errors and narrow confidence intervals observed in-
dicate that the evolutionary optimization converges toward
statistically robust and nonrandom solutions.

2.6.2 | Performance Metrics

Model performance is evaluated using three complementary
metrics:

« R?, measuring the proportion of variance in GY explained by
the model.

» Root mean squared error (RMSE), quantifying the magni-
tude of prediction error.

« A-MAPE, where values closer to 1 indicate better predictive
accuracy.

A-MAPE is used as the fitness metric in GA-V1, while R? is used
in GA-V2, reflecting the methodological evolution between both
versions.

3 | Results

3.1 | Evolutionary Behavior Leading to the
Redesign From GA-V1 to GA-V2

GA-V1 was initially evaluated on the irrigated dataset to assess its
capacity to explore the high-dimensional space generated by
phenotypic, UAV-derived, and environmental variables. The best
result obtained with GA-V1 corresponded to the Extreme Gra-
dient Boost model, achieving R?=0.2796, RMSE = 721.89, and
A-MAPE =0.7917.

Although the RMSE remained within the same magnitude as
later experiments, the low R? indicated limited ability to explain
yield variability. This behavior suggested premature convergence
and insufficient exploration of the joint feature-hyperparameter
space when model selection, feature selection, and hyper-
parameter tuning were performed within a single evolutionary
population.

GA-V2 was subsequently applied to the same dataset using
a swarm-based architecture in which independent populations
specialize by the model type. Under this configuration, the best
performance corresponded to the LASSO model, with R? =
0.6199 and A-MAPE =0.8356, while maintaining a similar
RMSE. The improvement in R? indicates enhanced capacity to
identify explanatory relationships rather than only minimizing
absolute error.

Given the limited performance of GA-V1, bootstrap validation
was performed exclusively for GA-V2. Table 5 summarizes the
experimental results that motivated the transition between
evolutionary designs in the irrigated dataset.

3.2 | Predictive Performance Across Experimental
Scenarios

After establishing the superiority of GA-V2 in the evolutionary
search process, its predictive performance was evaluated across
the two experimental scenarios defined in this study: non-
irrigated (environment-driven variability) and irrigated (geno-
type-driven variability).

Table 6 summarizes the best model performance obtained by
GA-V2 for each scenario using the complete feature matrix
available in each dataset.

The results reveal a clear difference in predictive behavior be-
tween scenarios. In the nonirrigated dataset, where climatic
stress dominates variability, the model achieved moderate pre-
dictive capacity. In contrast, the irrigated dataset exhibited
substantially higher predictive accuracy, confirming that yield
variability in this scenario is primarily genotype-driven and more
learnable by ML models.

This contrast highlights the importance of evaluating the opti-
mization framework under distinct sources of variability rather
than reporting performance over a single homogeneous dataset.

TABLE 5 | Experimental evidence that motivated the transition from GA-V1 to GA-V2 in the nonirrigated dataset.

GA version Best model R? RMSE A-MAPE Outcome
GA-V1 Extreme Gradient Boost Regression 0.2796  721.89 0.7917  Discarded due to poor variance explanation
GA-V2 LASSO 0.6199 721.6764  0.8356 Adopted for further validation (bootstrap)
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TABLE 6 | Best predictive performance achieved by GA-V2 across experimental scenarios.
Scenario Best model R? RMSE A-MAPE
Nonirrigated (Phenotypic + Climatic) LASSO 0.6199 721.6764 0.8356
Irrigated (all variables combined) LASSO 0.8005 42.6055 0.9713

3.3 | Analysis of Environmental Variability and
Feature Relevance

The variables selected by GA-V2 differ markedly between non-
irrigated and irrigated environments.

In the nonirrigated dataset, the variables with selection fre-
quency > 90% are dominated by NDVI-derived descriptors and
biomass-related indicators, accompanied by a limited subset of
climatic variables. These variables appear consistently across the
best evolutionary solutions.

In contrast, in the irrigated dataset, the variables with selection
frequency > 90% are primarily phenotypic measurements, while
NDVI and climatic descriptors show substantially lower re-
currence (see Tables 7 and 8).

For the irrigated dataset, the stability of this selection pattern was
evaluated using bootstrap resampling. The results show low
dispersion in performance metrics across resamples, indicating
that the same subset of phenotypic variables is repeatedly favored
by the evolutionary process.

Table 9 presents the bootstrap validation results for the irrigated
dataset using GA-V2.

3.4 | Statistical Robustness and Computational
Performance

The statistical robustness of the proposed framework is evi-
denced by the bootstrap validation results previously presented

for the irrigated dataset. The low dispersion observed in R2,
RMSE, and A-MAPE across resamples demonstrates that GA-V2
converges toward stable feature subsets and hyperparameter
configurations rather than fitting particular samples of the data.

From a computational perspective, the evolutionary process is
governed by the training cost of the embedded ML models,
particularly XGBoost and RFs, which consume the majority of
CPU resources during fitting. Although GA-V2 introduces
a swarm-based architecture, the practical level of parallelism is
constrained by the internal behavior of these algorithms. Con-
sequently, the runtime of the evolutionary process is dominated
by the most computationally demanding model evaluated in each
generation.

Table 10 summarizes the computational complexity and ob-
served runtime of GA-V1 and GA-V2 in terms of population size,
generations, and average execution time per evolutionary cycle.

To contextualize the predictive performance of the proposed
approach, a comparison with recent wheat yield prediction
studies based on remote sensing, climatic modeling, and hybrid
Al methods is presented. Despite relying on classical regression
models, the evolutionary optimization strategy achieves com-
petitive performance relative to more complex deep learning or
ensemble approaches reported in agricultural systems, remote
sensing, and smart agricultural technology.

Table 11 presents this comparative analysis with representative
studies from the literature.

TABLE 7 | Selection frequency and characterization of high-impact features (frequency >90%) for the nonirrigated dataset.

Variable category Metric Period/date Frequency

Phenotypic
Lodging Value Final 10/10
Spike length Value Final 9/10

Climatic
Specific humidity at 2m Mean 2018, November 10/10
Temperature at 2m Mean 2018, November 10/10
Specific humidity at 2m Minimum 2018, October 9/10
Wind speed at 10 m Maximum 2018, October 9/10
Wind speed at 10 m Mean 2018, October 9/10
Ultraviolet-B Range 2018, March 9/10
Ultraviolet-A Mean 2018, December 9/10
Dew point temperature 2 m Minimum 2018, September 9/10
Corrected precipitation Minimum 2018, March 9/10
Wind speed at 50 m Range 2018, May 9/10
Specific humidity at 2m Maximum 2015, May 9/10
Mean radiation Range 2018, September 9/10
Mean radiation Mean 2018, January 9/10
Wind speed at 50 m Mean 2018, March 9/10
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TABLE 8 | Selection frequency and characterization of high-impact features (frequency > 70%) for the irrigated dataset.

Variable category Metric Period/date Frequency

Phenotypic
Harvest Index Value Final 10/10
Biomass Value Final 10/10
Thousand grain weight Value Final 10/10

Climatic
High wind speed Mean 2016, February 8/10
Biologically effective UV dose Mean 2016, February 8/10
Wind speed Mean 2015, December 7/10
Heat degree days Mean 2016, February 7/10
Dew point temperature Mean 2015, December 7/10
Minimum temperature Mean 2016, February 7/10
Rain rate Mean 2016, February 7/10
Indoor Heat Index Mean 2016, February 7/10
Solar energy Mean 2016, February 7/10

TABLE 9 | Statistical validation of the GA-optimized model performance through bootstrapping.

Metric Mean (bootstrap)

Standard error 95% confidence interval

R? 0.7978 0.000080 [0.7977, 0.7980]
Accuracy-MAPE 0.94488 0.000002 [0.9448, 0.9448]
TABLE 10 | Computational complexity and performance metrics.
Total model

Algorithm Dataset Climate source Model pool evaluations Average runtime
GA-V1 Nonirrigated NASA POWER SVR, RF, XGBoost 4000 144 h
GA-V2 Nonirrigated NASA POWER SVR, RF, XGBoost, LASSO 32,000 39h
GA-V2 Irrigated Local SVR, RF, XGBoost, LASSO 32,000 18h

4 | Discussion

The evolutionary process exhibited differentiated selection pat-
terns depending on the dominant source of variability in each
dataset (Tables 7 and 8). In the nonirrigated scenario, climatic
descriptors derived from the NASA POWER platform appeared
with high selection frequency, while phenotypic and UAV var-
iables were less recurrent. This indicates that, under water-
limited conditions, yield variability is primarily associated
with environmental stress, consistent with previous reports
describing strong climate-yield relationships in cereals [44, 45].

In contrast, in the irrigated dataset, phenotypic and UAV-derived
variables such as biomass and vegetation indices showed the
highest recurrence, whereas climatic descriptors had limited
influence. Under controlled water availability, yield differences
are more closely related to physiological expression and canopy
structure, as described in crop physiology studies [46-48]. The
consistency of these patterns across bootstrap resamples in-
dicates that the observed selection behavior is stable rather than
stochastic Table 9 [43, 49].

The performance improvement observed with GA-V2 is associ-
ated with the structure of the evolutionary search rather than

with the intrinsic complexity of the regression models (Tables 5
and 6). In the baseline configuration [14] and in GA-V1, feature
subsets, model type, and hyperparameters compete within
a single population, creating a heterogeneous search space in
which candidate solutions frequently transition between fun-
damentally different model families. Such transitions may dis-
rupt promising search trajectories and reduce the effectiveness of
selection pressure. In contrast, GA-V2 organizes the optimization
process into model-specialized populations, allowing evolu-
tionary operators to refine feature subsets and hyperparameters
within a consistent model structure. By eliminating direct
competition among different learning algorithms, each pop-
ulation can explore its own search landscape more effectively,
facilitating finer hyperparameter adaptation and more stable
convergence. This mechanism is consistent with the substantial
performance improvement observed in Table 5 and distinguishes
the proposed framework from many existing ML and hybrid
optimization approaches reported in the agricultural literature.

The observed behavior is also consistent with principles com-
monly reported in structured multipopulation evolutionary op-
timization. In GA-V1, feature selection, model choice, and
hyperparameter tuning are jointly optimized within a single
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population, creating dependencies among genetic components
whose contribution to fitness varies according to the surrounding
configuration. Such interactions may introduce epistatic in-
terference, making it more difficult for evolutionary operators to
preserve beneficial combinations of features and hyper-
parameters across generations. By organizing the search into
model-specialized populations, GA-V2 reduces this source of
interference and allows feature subsets and hyperparameter
configurations to evolve within a more homogeneous context.
This structural separation favors the preservation of adaptive
genetic building blocks and contributes to the more stable
convergence behavior observed during optimization.

Recent wheat yield prediction studies commonly rely on pre-
defined vegetation indices, climatic variables, or UAV-derived
descriptors selected based on domain knowledge prior to model
training [30, 39, 49, 50]. Evolutionary-ML approaches closer to
this work often apply GA as a preprocessing feature filter, while
model configuration and hyperparameters are determined sep-
arately [27, 50], as summarized in Table 11. While these ap-
proaches reduce computational requirements and simplify
model interpretation, they may restrict the search space and
overlook interactions between feature selection and model
configuration that influence predictive performance.

In the present framework, feature subset, model selection, and
hyperparameter configuration are encoded within the same
chromosome and evolved simultaneously (Figure 1). Unlike
approaches in which feature selection and model configuration
are optimized independently, the proposed framework allows
these components to coevolve within a unified optimization
process, enabling the discovery of interactions that may be
overlooked under sequential optimization strategies.

Beyond predictive performance, ensuring methodological
transparency and reproducibility is essential for the adoption of
evolutionary approaches in agricultural data science. To address
reproducibility concerns commonly associated with evolutionary
approaches, chromosome structure, operators, parameter set-
tings, and stopping criteria were explicitly documented following
recommendations for analytic transparency in agricultural ML
research [15, 16]. Bootstrap resampling was used to estimate
performance variability and to assess the stability of GA-selected
configurations beyond single-split validation Table 9 [41]. Al-
though this strategy helps assess configuration stability across
multiple resamples and may reduce the risk of overfitting, the
relatively limited number of environments evaluated in this
study may still constrain the robustness of the selected
configurations.

The differentiated variable selection observed between irrigated
and nonirrigated conditions has implications for data acquisition
strategies. Under water-limited conditions, climatic and stress-
related descriptors contribute more strongly to yield explanation,
whereas under irrigation, phenotypic and UAV-derived mea-
surements become more informative. This information can guide
prioritization of measurements in breeding and field evaluation
programs.

The evolutionary process remains computationally demanding,
particularly for tree-based models that dominate runtime (Ta-
ble 10). Consequently, the proposed framework may be less
suitable for applications with strict computational constraints or
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limited hardware resources. Compared with conventional ML
workflows based on manual tuning or restricted search strate-
gies, the broader optimization space explored by the proposed
framework increases computational cost but provides greater
flexibility for identifying robust model configurations and po-
tentially uncovering interactions that would remain unexplored
under more constrained optimization schemes. In addition,
validation was conducted on two contrasting scenarios;
extending evaluation to additional environments, crops, and
management conditions would strengthen generalization claims.
Future work may incorporate distributed computing strategies
and integration with crop physiological models to enhance
interpretability.

5 | Conclusions

This study presented an evolutionary optimization framework
for wheat yield prediction designed to operate over high-
dimensional agroenvironmental feature spaces with limited
training instances. The proposed approach integrates feature
selection, model choice, and hyperparameter tuning within
a single GA process, avoiding predefined feature grouping or
manual model configuration.

Evaluation under irrigated and nonirrigated conditions showed
that the evolutionary process adapts its selection behavior
according to the dominant source of variability. In the non-
irrigated dataset, climatic descriptors were consistently selected,
whereas in the irrigated dataset, phenotypic and UAV-derived
variables showed greater relevance. These patterns indicate that
the framework can identify context-dependent predictors with-
out prior assumptions.

The comparison between GA-V1 and GA-V2 demonstrated that
the swarm-based evolutionary design improves convergence and
predictive performance by organizing the search process around
model-specialized populations. Bootstrap validation confirmed
that the selected configurations are statistically stable despite the
small sample size.

The results indicate that predictive capacity can be enhanced
through adaptive exploration of heterogeneous descriptors
guided by evolutionary optimization, without requiring more
complex predictive models. This approach provides a re-
producible strategy for identifying relevant variables and model
configurations across contrasting agronomic scenarios.

Future work will extend validation to additional environments
and independent datasets and will explore strategies to improve
computational efficiency for large-scale breeding applications.
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Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Supporting Information. Supporting Table S1
presents the ten best hyperparameter configurations identified by GA-V2
for the LASSO and XGBoost models. The table is provided as a separate
supporting file accompanying this manuscript.

Appendix A

The source code used to implement the evolutionary optimization
framework, machine learning models, and preprocessing pipeline is
publicly available in the following repositories:

« Genetic algorithm and machine learning optimization framework:
https://github.com/carlosmorenophd/machine_phen

« Dataset integration and feature transformation pipeline: https://
github.com/carlosmorenophd/phen_transform_dataset

These repositories include all scripts required to reproduce the evolu-
tionary search process, model training, feature engineering, and pre-
processing steps described in this study.
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