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Abstract: Choosing an appropriate crop for a set of soil and environmental conditions exists one of most important decisions
affecting agricultural productivity and long-term sustainability. Despite much of advances in machine learning-based agricultural
analytics, larger existing crop recommendation models function as black-box systems and often face struggle to adapt across
numerous geographic locations. Larger predictive performance may not always translate into practical considerations which
farmers and agricultural planners can readily make use. In order to solve those challenges, the review gives an explainable hybrid
ensemble system for region-adaptive crop recommendation which merges Random Forest, XGBoost, and Deep Neural Network
models within a Bayesian optimization scheme. Proposed system integrates information from different agricultural sources,
consisting soil nutrient properties, historical cultivation records, weather observations and satellite-derived vegetation indicators,
permitting diverse environmental parameters to be simultaneously considered. The data quality was improved via missing-value
imputation, dimensionality reduction, feature normalization and feature relevance analysis before the model training. The proposed
framework was evaluated making utilizing agricultural datasets gathered from India and Africa under a 10-fold cross-validation
strategy. The ensemble model performed an accuracy of 93.1%, an RMSE of 5.46, and an R? value of 0.95, outperforming the
individual learning models. Evaluation on geographically different datasets further consistently demonstrated predictive capability,
accuracy of 91.3% during cross-regional validation. Explainability analysis based on SHAP revealed that rainfall and vegetation-
related indicators exerted the strongest influence on crop suitability predictions. The outcome demonstrates that integrating
ensemble learning with explainable artificial intelligence can reliably provide transparent crop recommendations, offering support
practically for resource-efficient farming, precision agriculture and climate-resilient agricultural planning.

Keywords: Crop Recommendation, Explainable Artificial Intelligence, Precision Agriculture, Bayesian Optimization, Ensemble
Learning, SHAP, Remote Sensing, Sustainable Agriculture.

1. INTRODUCTION

Agriculture is the foundation for production of food and rural livelihoods, while also contributing importantly
to national economies and well-being of the societies. As the global population extends to grow and is approaching
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10 billion within few decades, the demand for agricultural outcome is increasing at higher rate. Achieving this demand
is becoming difficult as the farming systems are confronting a range of environmental and resource-related constraints.
Irregular patterns of rainfall, temperatures rise, declining of soil fertility, shrinking of freshwater resources, and rapid
land-use changes are disturbing agricultural productivity in larger regions of world. In such constraints, conventional
farming practices alone are often insufficient for sustainable production support. There is a need for intelligent
decision-support systems which can assist farmers and agricultural planners in getting informed choices regarding the
selection of crops and resource management [8], [19].

Digital transformation of agriculture has led new options for addressing such challenges. Technologies like
Internet of Things (IoT) sensors, platforms for remote sensing, geographic information systems, and automated
monitoring tools are causing larger volumes of agricultural data on daily basis. Collected data from weather stations,
satellite imagery, soil surveys and farm management records leads to valuable insights into conditions which influence
growth and productivity of crop. Increasing accessibility of such data sources has encouraged the adoption of
information-driven methods capable of supporting higher precise and efficient agricultural management [33], [38].
Instead of relying solely on experience-dependent decisions, farmers can now benefitted from analytical frameworks
which leverage historical and real-time data to guide agricultural functions.

Out of the different analytical methods employed in modern agriculture, Machine Learning (ML) has gained
some attention because of its capability to uncover complicated relationships within high and heterogeneous datasets.
Agricultural frameworks are influenced by various interacting factors, maximum of which exhibit nonlinear behavior
that is hard to represent utilizing conventional statistical mechanisms. ML algorithms like Random Forest(RF),
Support Vector Machines (SVM), XGBoost, and Deep Neural Networks (DNN) have been successfully applied to
jobs consisting crop suitability assessment, irrigation scheduling, yield forecasting and disease prediction [23], [40].
Ensemble learning approaches recently have attracted interest as they combine multiple predictive models and often
deliver higher reliable performance than specific algorithms while dealing with numerous agricultural conditions [1],
[28], [51].

Improvements in Earth observation methodologies have majorly extended scope of agricultural analytics.
Satellite-derived vegetation indices, climatic records, and soil measurements provide complementary information for
understanding crop—environment interactions [20], [36], [39]. Many of the studies have reported that models trained
utilizing integrated datasets outperform consistently those grown from isolated data streams [8], [49]. As a outcome,
fusion of multi-source agricultural data has emerged as a key in research of the precision agriculture, enabling the
growth of much robust and context-aware support systems for the decision making.

Considerable part of the literature has focused on determining crop yield instead of assisting farmers in making
decisions that crop must be cultivated under specific environmental conditions. Although yield forecasting gives
valuable data about expected production, this does not directly support decision-making method that happens before
planting. Farmers regularly require mentoring on crop choices based on prevailing soil and climatic constraints,
resources available, and regional constraints. Consequently, there exists a requirement for recommendation-oriented
systems which can convert predictive insights into practical cultivation strategies [15], [23].

One more concern relates to the limited geographic scope of the majority of existing studies. Agricultural
constraints change substantially across places due to varations in soil composition, patterns of rainfall, temperature
fluctuations, topography, and practices of farming. Frameworks built making use of information from a specific region
generally perform better within the environment but face challenges as applied other places. Therefore, a model trained
in one region may not perform with the same reliability when applied to another agro-climatic zone. This makes the
development of region-adaptive recommendation frameworks an important research challenge [7], [35], [46].

A further concern is the limited transparency of advanced machine learning and deep learning models. Although
these models often achieve high predictive performance, their internal decision-making process is not always easy to
interpret. This becomes a serious issue in agriculture, where crop recommendations can influence farm investments,
input use, and production outcomes. The growth in Explainable Artificial Intelligence (XAI) have sought to represent
this issue by revealing how single variables contribute to predictions of the model and by providing higher insight into
the underlying decision approach [13], [42]. Therefore, integrating explainability into crop recommendation systems
is necessary to improve stakeholder confidence and support wider adoption.
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A third significant challenge is the lack of integration among distinct agricultural information sources. Soil
attributes, climatic variables, crop management data, and remote sensing predictors are typically studied separately.
However, they are inherently interconnected under field conditions. Existing solutions that lack fusion across
information sources may miss important relationships between crops and environment [2], [20], [49]. There are also
limitations due to many solutions relying on single-model architectures that are vulnerable to noise, class imbalance,
and regional shifts [21], [28].

Recent developments in explainable ensemble learning provide a useful direction for addressing these
limitations. Hybrid ensemble frameworks can combine the strengths of different machine learning models and reduce
the limitations of relying on a single algorithm. Also, XAl, such as SHAP, improve the transparency of these models
by highlighting the contribution of specific features to the final consideration [13], [42]. This helps users understand
how the model arrives at its decisions and builds greater confidence in the recommended outcomes. Furthermore,
combining explainability with heterogeneous agricultural datasets and adaptive optimization methods supports the
development of crop recommendation systems that are accurate, scalable, transparent and capable of solving the
complexities of real-time farming environments.

Based on the above discussion, the following research gaps are identified:

G1: Existing crop recommendation systems do not fully integrate heterogeneous agricultural data, such as soil
attributes, climatic variables, historical crop records, and remote sensing indicators, within a single analytical
framework.

G2: The adaptability of crop recommendation models across different agro-climatic regions remains limited, as
many models are developed and validated only within specific geographical contexts.

G3: Many existing approaches provide recommendations without adequate explainability, making it difficult to
interpret the influence of individual features on the final crop suitability decision.

G4: Most current studies focus mainly on improving prediction accuracy, while comparatively less attention is
given to generating actionable recommendations that can support practical agricultural decision-making.

The above gaps presents an Explainable Hybrid Ensemble Framework for Region-Adaptive Crop
Recommendation Using Multi-Source Agricultural Data in response to these research gaps. To increase forecast
reliability under numerous agricultural settings, system integrates RF, XGBoost, and DNN models into a Bayesian-
optimized ensemble architecture. Crop suitability takes into consideration the relationship between several factors.
Our framework incorporates information about soil features, weather conditions, historical cropping patterns, and
satellite-based vegetation indices. SHAP-based explainability has been introduced to facilitate transparency for better
decision-making by understanding the impact of each parameter on each recommendation and gaining insights into
model prediction. Moreover, datasets from regions with varying agro-climatic conditions in India and Africa are
employed to validate the generality and adaptability of the system. The contributions of this study can be highlighted:

i. To present an explainable hybrid ensemble system with RF, XGBoost, and DNN models fused with Bayesian
optimization-based weights assignment.

ii. To propose a holistic approach to fuse heterogeneous sources of agriculture-related information such as soil
properties, weather metrics, historical cropping patterns, and satellite imagery data for crop recommendation.

iii. To propose a region adaptive framework that offers dependable recommendations for different agro-climatic
regions by enhancing generalization ability and prediction stability.

iv. SHAP-based explainability is incorporated to improve the transparency and interpretability of crop
recommendations.

v. Cross-regional datasets acquired from different locations are used to evaluate the predictive ability,
robustness, transferability, and practicality of the proposed framework.

2. LITERATURE REVIEW

Agricultural production is becoming increasingly vulnerable to changing climate, soil degradation and
increasing demands on vital resources like water and nutrients. These challenges demand higher requirements for
supporting decision systems in order to select crops according to ground truths about actual field and environmental
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conditions. Machine learning algorithms, ensemble models, multi-source agricultural data fusion and Explainable Al
solutions have been broadly explored for crop prediction/recommendation tasks over the past few years.

Decision Trees, Support Vector Machine (SVM), Artificial Neural Networks (ANN), and Random Forest (RF)
classifiers are supervised learning based ML models that have also been adopted in several studies to predict the set
of feasible crops given certain environmental conditions. The reviewed studies indicate that ML models can learn
meaningful patterns from agricultural data and often outperform conventional rule-based crop recommendation
approaches. Moreover, researchers have shifted their focus from standalone prediction models to smart crop
recommendation systems that intelligently combine multiple environmental and agronomic parameters.

Authors in [23] designed an ensemble-based recommendation system which resulted in better predictions with
smaller confidence intervals across different climates. Authors from [15] employed more than one property of soil
such as soil nutrients, soil pH and weather variables to create their recommendation system for crops. Their results
suggest improved recommendation reliability when evaluating cumulative impact of multiple environmental variables
rather than a standalone indicator. Soil attributes are important determinants of crop choice because they impact
nutrient uptake, water availability, and root development in plants. The research conducted in [2] shows that results
can be augmented by providing rich soil information to be considered during learning. Similarly, work from [35]
created Al-based soil—crop suitability models specific to each region in India. They also mentioned that having region
specific environmental features is beneficial for crop recommendation systems. Due to differences in climate, soil,
farming techniques, and regional growth conditions, learned models may not generalize well to different regions that
were not studied [7], [35], [46]. Much of the current literature also focuses on creating models that achieve higher
predictive accuracy with very little emphasis on model interpretability.

Agricultural Decision Support using Ensemble Learning

A number of existing works have attempted to employ ensemble learning for agricultural tasks. For instance,
the authors in [1] demonstrated that ensemble-driven methods surpassed the baseline performances for crop
recommendation and disease detection. Concurrently, the study conducted in [51] proposed a hybrid RF—XGBoost
ensemble architecture for crop recommendation and yield prediction. Their results illustrated an enhanced accuracy
and stability due to effective learning of nonlinear relationships among cultivable parameters. Consequently, more
recent studies have strived to create hybrid ensemble designs that incorporate diverse learning capabilities. For
instance, combining RF and DNN models with an uncertainty-aware learning paradigm in [28] led to enhanced
prediction dependability despite the inclusion of noisy/incomplete data records. Moreover, hybridizing RF—XGBoost
ensembles and training them to predict cotton yield showed good generalization ability over multiple farming sites
[21].

Stacking- and weighted-based ensemble models have also been used to enhance prediction performance. For
example, [26] designed a stacking-framework that leverages information from both soil profiles and weather histories
to assess crop suitability. Concurrently, [5] integrated multiple environmental attributes within an ensemble-based
model to better generalize over multiple environments.

Current ensemble learning approaches tend to determine ensemble weights in an ad-hoc or trial-and-error
fashion rather than through explicit optimization. As a result, these models tend to lack robustness and do not
generalize well to multiple agricultural environments [5], [21], [28]. This necessitates the development of Al systems
that can be explained, employing ensemble weights that adjust on the fly to ensure both precise predictions and
straightforward guidance for decision-making.

Fusion of Agricultural Data from Multiple Sources

Sensorial data collected from soil sensors, weather stations, satellite imagery, crop management, and [oT-
enabled agricultural equipment, produce information about different parameters that affect crop growth and
production. Remote sensing has emerged as a crucial aspect of agricultural analytics due to its ability to monitor crop
conditions continuously across vast spatial expanses. Vegetation indexes like NDVI and SAVI have been effectively
employed in ML models for crop yield prediction [36]. [20]. Authors in [36] reported that employing vegetation
indices with ML models increased the prediction accuracy. Authors in [20] mentioned that fusion of NDVI and climatic
parameters using DL models decreased uncertainty along with improving accuracy.
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Authors in [39] combined Sentinel-2 imagery with soil information to predict corn yield. Similarly, a framework
was proposed in [49] that integrated remote sensing information, Crop Growth Models (CGMs), and ML for precision
nitrogen management in maize. Authors in [13] presented that fusion of vegetation indexes, soil properties, and
weather parameters helped them to attain higher prediction accuracies while lowering uncertainty. However, several
previous studies fuse limited sources of data or make use of independent sources of data for their analysis. Independent
or limited sources are unable to capture the diversity found in practical agricultural systems [8],[13], [49]. This
highlights the need for data fusion methods that can seamlessly merge various agricultural data streams, paving the
way for crop recommendation systems that are both precise, dependable, and capable of handling growth.

Explainable Artificial Intelligence (XAI) for Agriculture Decision Support Systems

Deep learning (DL) and machine learning (ML) models tend to perform exceptionally well in most agricultural
prediction tasks. However, as these models become more complex in architecture, it becomes challenging to
understand their decision-making process. Increasing the transparency and interpretability of these models has been a
growing concern. Explainable Artificial Intelligence (XAI) has emerged as a potential solution to bridge this gap.

More studies have emphasized the relevance of explainability in agricultural applications. For example, the
study in [42] highlighted that explainability enables agricultural stakeholders to better understand the reasoning behind
complex predictive models, thereby nondecreasing confidence in automated decision-support systems. IN the same
way, the work presented in [13] demonstrated that explainable frameworks improve the adoption of ML techniques
by providing higher transparency into the process via which recommendations are generated.

Out of the various XAI mechanisms, SHAP and LIME methods quantify the contribution of individual input
features and give valuable insights into how environmental and agronomic factors influence prediction yields. Their
effectiveness has been demonstrated across numerous agricultural applications, including crop recommendation,
output prediction, disease detection, and resource management [13], [42].

XAI is becoming more and more popular, although its application in crop recommendation systems is still very
restricted. Numerous studies that are now available mainly concentrate on predictive performance and provide
minimal details regarding the rationale behind the recommendations. Lack of interpretable outputs can undermine user
trust and impede real-world implementation. Crop recommendation systems that combine excellent predictive
capabilities with transparent and intelligible decision-making processes are therefore clearly needed.

Analysis of Research Gaps

The application of artificial intelligence and machine learning to agricultural decision support has advanced
significantly, according to a study of the literature. Nonetheless, a number of persistent issues that continue to limit
the practical utility of crop recommendation systems are shown by the corpus of extant research. Table 1 compares
representative contributions in terms of data integration, explainability, geographic adaptation, and recommendation
capability in order to better place the current work within the current research environment.

Table 1. Comparative Analysis of Existing Studies and Research Gaps
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Study ML/AI Technique | Multi-Source | Explainability Region Key Limitation
Data Adaptation
Hasanetal | Ensemble ML Partial No Limited Limited interpretability
[23]
Dey et al. RF-based Soil + Climate | No Limuted Region-specific
[15] recommendation validation
Afzal et al. Soil-aware ML Soil+NDVI | No No Limited transferability
[2]
Zhang etal. | RF—XGBogst Partial No Limited Prediction-focused
[51] Hybrnid
Haider etal. | Ensemble ML Weather data | No Partial No recommendation
[21] mechanism
Miller and RF +DNN Partial Limited No Limited agricultural
Petrovic [28] | Ensemble explainability
Sharma and | XAT Framework No Yes No No crop recommendation
Joshi [42] capability
Choi et al. Ensemble + XAT Yes Yes No Conceptual focus
[13] Review
Patel and AT Suitability Soil + Climate | No Limited Lack of explainability
Singh [35] Assessment
Proposed RF + XGBogsf + Soil + Climate | Yes (SHAP) Yes Addresses identified
Framework | DNN Ensemble +NDVI+ gaps
Historical
Data

Four recurrent constraints in the body of current literature are identified by the analysis:

G1: Inadequate integration of diverse agricultural datasets into a single recommendation system.
G2: Cross-regional transferability and region-adaptive learning are not given enough consideration.
G3: The absence of transparent and user-trusting explainable recommendation systems.

G4: Predictive performance is prioritized over useful recommendation generation.

To address the above limitations, the suggested framework employs mixed agricultural data including soil
characteristics, weather elements, previous crop documentation and remotely sensed vegetation indices in a single
crop recommendation system. The combination of agricultural information from multiple sources along with hybrid
ensemble learning, XAl, and location-specific customization gives our suggested method a holistic and dependable
structure for intelligent crop recommendation.

3. METHODOLOGY

The designed explainable crop recommendation system considers soil properties, weather data, remote sensing
variables and historical cropping data to provide intelligent crop recommendations that can adapt to different regions.
With machine learning, hybrid ensemble learning, Bayesian optimization, and XAI, we aim to enhance prediction
accuracy and simultaneously ensure the interpretability, trustworthiness, and generalizability of our framework across
diverse farming environments.

Figure 1. shows the overview of the proposed explainable crop recommendation framework. The proposed
framework mainly includes seven modules: multi-source data acquisition, data preprocessing, feature engineering,
hybrid ensemble learning, Bayesian optimization, explainability analysis, and crop recommendation as shown in
Figure 1. Each module plays a critical role in processing heterogeneous agricultural data and translating them into
precise, interpretable, and user-friendly crop recommendations for facilitating decision-making in precision
agriculture.
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Figure 1. Architecture of the Proposed Explainable Hybrid Ensemble Framework for Region-Adaptive Crop
Recommendation.

The workflow of the presented crop recommendation framework is illustrated in Figure 1. First, agricultural
datasets from various sources are acquired. Second, considering the datasets might be in diverse formats and missing
values, noise and outliers exist, the data preprocessing technique is applied to clean the raw data. Then the feature
engineering method is employed to select informative variables by using mutual information analysis and then
applying PCA to extract the most important principal components that can describe the data with minimum loss of
information for crop recommendation. Next, three models including RF, XGBoost, and DNN are trained with the
engineered features. Third, RF, XGBoost, and DNN models make crop predictions separately, then we employed an
ensemble strategy optimized by Bayesian to fuse the three predictions with appropriate weights. Lastly, we conduct
SHAP analysis to evaluate each feature’s contribution and interpret each prediction and the whole model. Based on
the crop suitability scorecard, the framework selects the crop that fits best with the provided conditions. Finally, the
recommended crop and related information, including feature importance and explanation, are presented to the user
with the help of visualization and decision-support modules.

Data Acquisition and Integration: Crop growth and yields are influenced by numerous interrelated factors,
including soil characteristics, weather conditions, vegetation health, and historical land use. To comprehensively
characterize these factors, we collected agricultural data from various sources, including soil databases, meteorological
stations, remote sensing datasets, and historical cropping records. Integrating heterogeneous data sources allows a
comprehensive overview of agricultural conditions and helps achieve robust crop suitability predictions.

Table 2 summarizes numerous categories of data considered in this work.

Table 2. Data Sources Used in the Proposed Framework
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Data Type Source Attributes
Soil Data ICRISAT /ICAR pH, Nitrogen, Phosphorus, Potassiuom,
Organic Carbon
Weather Data IMD / NOAA Temperature, Rainfall, Humidity
Remote Sensing MODIS / Sentinel-2 NDVI, EVI
Data
Historical Crop FAO/ Agricultural Crop Type. Yield, Region
Data Departments

The integrated dataset is mathematically represented as follows:

D = {(x;,y) | € R",y; € C}

where C is set of candidate crops, yi is corresponding crop class, and xi specifies or denotes the feature vector
linked to ith agricultural observation.

Each feature vector is defined as follows
xi = [Si, Ci, Vi, Hi]

where Si, Ci, Vi, and Hi specifies soil characteristics, climate variables, vegetation indices, and historical
agricultural data. Such structure makes it possible to process numerous agricultural data types within a single
recommendation framework.

Data pre-processing: As agricultural datasets may include missing values, vague measurements, parameters
registered at different numerical levels etc., preprocessing pipeline was employed prior to model building.

KNN algorithm was used to fill the missing values. It substitutes values according to nearby samples with
similar behavior.

The imputed value is represented as:

i=1
where is the predicted value and k is number of closest nearby samples. This mechanism minimizes information
loss while preserving local data patterns.
Min—Max normalization was employed during model training to guarantee that every variable contributed

equally:

x X7 Xmin
norm —
Xmax — Xmin

where and represent the minimum and maximum values of the respective feature. By scaling all features to a
common range, this transformation improves numerical stability during model training.

Feature engineering was utilized to upgrade learning performance and decrease dataset redundancy. In order to
solve multicollinearity among input variables and minimize dimensionality, Principal Component Analysis (PCA) was
initially used. The expression for the transformation is:

Z =XW
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where Z is the transformed feature space, W is the eigenvector matrix, and X is the normalized feature matrix.
For additional analysis, components that accounted for at least 95% of the cumulative variance were kept.

The significance of individual variables to crop classes was assessed using Mutual Information (MI) analysis
following dimensionality reduction. MI is computed as

17 = D ply)log (L2 ’Ei};;))

XEX VEY

where p(x) and (p(y) are the marginal probability distributions and p(x,y) is the joint probability distribution.
Larger MI features were kept for model training since they were thought to be much informative.

Hybrid Ensemble Learning Framework: RF, XGBoost, and DNN are combined as they learn differently and
can extract various patterns in the data. Moreover, these approaches effectively capture nonlinear relationships
common in agricultural settings.

Random Forest: Random Forest builds several decision trees on bootstrapped datasets and randomly selects
features. The combined forecast is calculated as follows:

1
1
Yrr — n ZT:' (x)
i=1

where is the forecast produced by the ith decision tree.

Through sequential learning, in which subsequent trees concentrate on fixing earlier prediction errors, XGBoost
enhances predictive performance. The expression for its objective function is:

L= Y 90+ ) 00
i K

where Q is the regularization term that controls model complexity and / is the loss function.

Highly nonlinear interactions between environmental variables are captured by the DNN component. Its result
is shown as:

Vonn = 0(Wag (Wog(Wi, + by) + by) + b3)

where o stands for the ReL U activation function, ¢ for the output activation function, and Wi and bi stand for
trainable weights and biases.

Hybrid Ensemble with Bayesian Optimization

A weighted ensemble approach was used to aggregate the outputs of the RF, XGBoost, and DNN models in
order to enhance recommendation performance. To find each model's most appropriate contribution, Bayesian
Optimization was used in place of fixed or manually chosen weights.

Different aspects of agricultural data are captured by the three learning algorithms. DNN models intricate
connections between soil, climate, and vegetation variables, XGBoost enhances prediction performance by gradient
boosting, and Random Forest is good at managing noisy observations and nonlinear correlations. By combining these
models, the framework can lessen the constraints of individual learners while gaining from their complementing
strengths.

The predictions generated by the three base models are represented as , , and respectively. These predictions
are then combined to compute the final ensemble output as follows:
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Vuybria = @1¥rr + @2Vxep + @3Vpun

where , , and specify the weights assigned to the respective models. To ensure a valid weighted combination,
the ensemble weights are constrained as follows:

(247 + 05 + 3 = 1
a; =0, 1=1,23
By reducing the prediction error, Bayesian Optimization yields the ideal weight vector:

0" =arg mgin RMSE(0)

Where 0= {a,,a,,as}

and RMSE(0) specifies the Root Mean Square Error related to a specific weight configuration.

Bayesian optimization works by building a probability model of the objective function and using it to select the
most promising hyperparameters to evaluate in the true objective function. It often outperforms traditional search
methods such as grid search and random search with fewer evaluations, and lends itself to efficient hyperparameter
optimization, even for computationally expensive machine learning models.

Optimization is repeated until convergence or search budget has been reached. Maximum weight calculated
from Bayesian optimization is then used to create final ensemble prediction. Adaptively combining the predictions
from RF, XGBoost, and DNN models enables our ensemble to yield more accurate, robust, and stable predictions,
allowing for more dependable estimates of crop suitability.

Figure 2 shows the workflow of Bayesian-optimized ensemble framework. In our proposed framework, the
predictions made by each of the three base learners are combined through the process of adaptive weight optimization
to create a final crop suitability prediction..
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Figure 2. Bayesian-Optimized Hybrid Ensemble Learning Framework.

Figure 2 depicts the hybrid ensemble model architecture that we propose. The predictions of three
complementary learners are used: RF, XGBoost and DNN. Each learner is fed with the features obtained after the
preprocessing step, and each generates its own independent prediction of the suitability score. We combine the
predictions of each individual learner by weighted aggregating them. Bayesian optimization is performed in order to
find the optimal weights that yield the lowest error in prediction. This ensemble prediction is used as an input for the
final prediction of crop suitability, which is then recommended to the user.

Explainability Analysis Using SHAP

Ensemble models can provide several advantages to crop recommendation due to the nature of combining
learning algorithms leading to better quality predictions. However, for such decisionsupport tools in agriculture,
recommendations made by models are helpful only if users are able to comprehend why the recommendation was
made. As crop selection needs to be based on pragmatic decisions taking place in-field, simply knowing what crop to
grow is not enough - the model should also provide reasons why said crop is preferred. Thus, SHAP-based
explainability was adopted for the proposed framework. SHAP values estimate the impact of every input variable on
the prediction and illustrate how features related to soil, climate, and vegetation play a role in computing the final
suitability score. Interpretation is provided both at the model-level as well as for individual recommendations. This
ensures transparency in decision process and allows users to build trust with the crop recommendation system.

For feature i, the SHAP value is calculated as follows:

@1‘:

Z S|t (IN] =S| —1)! [F(SU{i}—F(S)]

|V]!
SCN{i}

where ¢i is the contribution of feature i, N is the whole feature set, S is a subset of features that does not include
1, and f(-) is the ensemble model's prediction function.

SHAP analysis was used to determine which variables most influence predictions of crop suitability. Beyond
providing global feature importance, the framework also generates instance-level explanations showing how each
feature affects every crop recommendation. This allows users to see how the model came to its specific prediction,
allowing for greater transparency and more confident farming decisions.

Generation of Crop Recommendations

134



The system creates crop recommendations based on the estimated suitability probability after collecting the
ensemble predictions and related explanations.

Let the collection of potential crops be represented by C={c1,c2,...,ck}. The hybrid ensemble model calculates
each crop's suitability probability for a given agricultural observation x:

P(clx) = fuypria(x)

The suggested crop is identified as:
R; = argmax P(c|x
= argmax P(c|x)

where Ri is suggested crop for the ith observation. The final suggestion is made for the crop with the highest
probability of suitability.

Algorithm 1: Framework for Explainable Hybrid Crop Recommendations

Input includes historical crop records, soil data, climate variables, and remote sensing indications.
Output: Suggested crops and explanations of their significance

Step 1: Gather and combine agricultural data from various sources.

Step 2: Use KNN-based imputation to deal with missing values.

Step 3: Use Min—Max scaling to normalize feature values.

Step 4: Use PCA to reduce dimensionality.

Step 5: Select features based on mutual information.

Step 6: Train the Random Forest model in step six.

Step 7: Train the XGBoost model in step seven.

Step 8: Train the Deep Neural Network model in step eight.

Step 9: Use the three basis models to generate predictions.

Step 10: Use Bayesian Optimization to optimize the ensemble weights (al,02,03).
Step 11: To get the ensemble forecast, combine the weighted model outputs.

Step 12: Calculate SHAP values to interpret the model.

Step 13: Calculate the likelihood that each potential crop will be suitable.

Step 14: Opt crop that has best chance of being suitable.

Step 15: Return back suggested crop along with any illustrations.

Proposed system combines multi-source agricultural data with feature engineering, hybrid ensemble learning,
Bayesian optimization, and XAl to support accurate and reliable crop recommendations. Its performance is evaluated
via comprehensive experimental analysis and compared with existing machine learning approaches to assess its
predictive accuracy, robustness, and overall effectiveness.

4. EXPERIMENTATION AND RESULTS ANALYSIS

Dataset Description: Datasets containing information about soil parameters, climatic attributes, vegetation
indices, and crop history were used for validating the framework. They were selected from diverse regions so that the
model could be validated across multiple agro-climatic and environmental conditions. Furthermore, this approach
ensured that crop suitability analysis could draw upon diverse observations when formulating region-specific
recommendations.

Datasets include information collected from Food and Agriculture Organization (FAO), NASA EarthData,
International Crops Research Institute for the Semi-Arid Tropics (ICRISAT), Indian Meteorological Department
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(IMD) and local state agencies. Each repository maintains a different category of agriculture-based information.
Integrating them helped include agronomic, climatic and environmental details within the scope of a single framework.
This enhanced the trustworthiness of the recommendation while helping with assessing adaptability across regions.

Table 3: Overview of the Dataset and Features

Dataset Source Parameters Temporal Region Format
Coverage
ICRISAT Soil International Crops PH, Nitrogen (N), 2010-2024 India CSV/
Dataset Research Institute for | Phosphorus (P), (Maharashtra, Shapefile
Semi-Arid Tropics Potassium (K), Andhra Pradesh)
Organic Carbon (OC)
IMD Climate Indian Avg. Temperature 2010-2024 South & Central | CSV/
Data Meteorological (°C), Humidity (%), India NetCDE
Department Rainfall (mm/month),
Solar Radiation
MODIS NDVI | NASA EarthData NDVI, EVI, LAI 2010-2024 500m Spatial GeoTIFE
(MCD12Q2) (Leaf Area Index) Resolution
FAO FAO Global Agro- Crop yield, cultivation | 20152024 Global CsSV
Agroclimatic Ecological Zones type, seasonal
Database suttability
Local Regional Agriculture | Crop type, yield 2010-2024 Regional Excel
Agricultural Departments records, market data
Office Records

The datasets in table 3 include data on vegetation status, climate, soil fertility, and past agriculture practices
gathered over several years. Variations of these data sources facilitates generation and assessment of crop
recommendation models in a range of environmental circumstances, as Table 4 contains a list of the study's important
parameters.

Table 4. Key Features Used in the Proposed Framework

Feature Type Unit Description
Soil pH Continuous | — Acidity/alkalinity measure of soil
Nitrogen (N) Continuous | kg/ha | Nutrient essential for vegetative growth
Phosphorus (P) Continuous | kg/ha | Root development nutrient
Potassium (K) Continuous | kg/ha | Improves crop resistance
Organic Carbon Continuous | % Soil fertility indicator
Ramnfall Continuous | mm | Seasonal rainfall
Temperature Continuous | °C Average daily air temperature
NDVI Continuous | — Vegetation yigor index
EVI Continuous | — Enhanced Vegetation Index
Relative Humidity | Continuous | % Moisture availability indicator

The chosen characteristics are significant determinants of crop suitability and growth. Soil fertility and nutrient
availability can be inferred from soil characteristics including pH, nitrogen, phosphorus, potassium, and organic
carbon. The environmental circumstances encountered during crop growth are described by weather-related variables,
such as temperature, humidity, and rainfall. In order to use satellite data to record crop conditions and vegetation
health, NDVI and EVI were included.

All studies were conducted in a cloud-based computing environment that has an NVIDIA RTX A6000 GPU with 48
GB VRAM, 128 GB DDR4 RAM, and an Intel Xeon 32-core processor running at 2.9 GHz. The models were run on
Ubuntu 22.04 LTS and implemented in Python 3.10. For model creation, optimization, and explainability analysis,
libraries such as Scikit-learn, XGBoost, TensorFlow, SHAP, and Optuna were utilized.

Data Partitioning and Validation Strategy: Stratified sampling was used to separate the dataset into training, validation,
and testing subsets in order to assess model performance under unknown circumstances. Seventy percent of the data
was used for training, fifteen percent for validation, and fifteen percent for testing. Also, a 10-fold stratified cross-
validation approach was used to evaluate the generalization performance and stability of the model. To guarantee that
each sample was assessed precisely once, nine folds were utilized for training and one-fold for testing in each cycle.
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The trials were repeated with different random seeds to lessen the impact of random variation, and the average
outcomes were shown.

Hyperparameter Optimization: The choice of hyperparameters has a significant impact on model performance. Thus,
appropriate parameter settings for the RF, XGBoost, and DNN models were found using Bayesian Optimization
implemented through the Optuna framework.

The RMSE was to be minimized as the optimization goal:
0" =arg mgin RMSE (@)

where 0 is the set of model hyperparameters. Bayesian Optimization decreases processing cost and explores the search
space more effectively than traditional search techniques. All trials were then conducted using the optimized parameter
values.

Metrics for Evaluation

Regression-based and classification-based metrics were employed to evaluate the performance of the suggested model.
MAE, RMSE, and R? are regression-based metrics that were used to evaluate prediction error and fit. Accuracy and
F1- score were classification-based metrics that evaluate how correct and balanced the predictions for crop were. This
combined evaluation made it possible to analyse the framework from both prediction and recommendation
perspectives.
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Accuracy was utilized to assess how accurate crop recommendations were across various datasets and geographical
areas.

Analysis of the Rainfall-Yield Correlation

To determine how climatic conditions, affect agricultural output, the link between rainfall and crop yield was
investigated. Crop yield often rises with increasing rainfall, as seen in Figure 3, suggesting a positive correlation
between productivity and water availability. A high association between the two variables is seen by the fitted
regression line and the Pearson correlation coefficient (r=0.82). Furthermore, the coefficient of determination
(R2=0.67) indicates that rainfall patterns account for a significant amount of yield variance. These findings validate
the inclusion of rainfall in the crop recommendation model and highlight its significance as a critical component of
crop growth.
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Figure 3. Correlation between Rainfall and Crop Yield
Principal Component Analysis (PCA)

The normalized dataset was subjected to PCA in order to find a compact representation of the input variables
and investigate feature redundancy. Figure 4 displays the variance that the primary components account for.
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Figure 4. PCA Variance Explained by Principal Components

The cumulative variance represented by consecutive principal components is shown in Figure 4. The first few
components preserve the majority of the dataset's information, whereas the contributions of subsequent components
progressively diminish. This supports the use of PCA for dimensionality reduction and shows that redundancy exists

in the original feature space. Computational complexity can be decreased without substantial information loss by
keeping the components that account for most of the variance.
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Analysis of Comparative Performance

A number of popular machine learning models, such as Decision Tree, RF, XGBoost, and DNN, were utilized to assess
the suggested framework.

Table 5: Model Performance Comparison on Crop Suitability Prediction

Model RMSE | | MAE | [ R? 1 | F1-Score 1 | Accuracy (%)
Decision Tree Q.87 7.65 0.81 0.76 823
Random Forest (RF) 735 521 | 0.89 0.83 87.5
XGBoost (XGB) 6.92 497 [091 0.85 8.2
Deep Neural Network (DNN) 6.78 480 | 092 0.87 894
Proposed Hybrid Model (RF + XGB + DNN) 5.46 3.92 | 0.95 0.92 923.1

The hybrid ensemble model performed the best overall across all evaluation metrics, according to the data.
RMSE and MAE decreased to 5.46 and 3.92, respectively, while an accuracy of 93.1%, an F1-score of 0.92, and a R?
value of 0.95 were attained. These findings imply that using Bayesian optimization to combine RF, XGBoost, and
DNN models yields more accurate predictions than using each learning approach alone.
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Figure 5. Comparative Accuracy of Evaluated Models

Figure 5. represents the Classification Accuracy obtained by the evaluated models. The result shows that there
is a gradual increase in classification accuracy from traditional Decision Tree algorithm to complex machine learning
models. Among the individual models, DNN produced the highest accuracy of 89.4%, followed by XGBoost with
88.2% and RF with 87.5%. The hybrid ensemble model achieved the best overall accuracy of 93.1%. This signifies
that integrating complementary learning models improves crop recommendation better than individual models.

139



1.0 4
0.8 4
7
2 061
o
0.4 1
N l
0.0 -
Decision Tree Random Forest (RF) XGBoost (XGB) Deep Neural Network Proposed Hybrid Model
(DNN) (RF + XGB + DNN)
Models

Figure 6. RMSE Comparison Across Models

The RMSE values produced by the various models are displayed in Figure 6. Smaller prediction errors and better
agreement with actual crop suitability results are shown by lower RMSE values. DNN had the lowest RMSE of all
the standalone models, followed by Random Forest and XGBoost. By achieving the lowest RMSE, the suggested
hybrid ensemble demonstrated enhanced prediction accuracy and decreased estimate error.

Validation Across Datasets

Experiments were carried out utilizing datasets from Africa and India to assess the model's performance in
various agricultural settings. Both locations have a comparable performance trend, according to the results shown in
Figure 7. The models retained comparable performance on the Africa dataset, demonstrating good transferability,
although achieving somewhat greater accuracy on the India dataset. With 93.8% accuracy for India and 90.2% for

Africa, the suggested hybrid ensemble produced the greatest results, proving its capacity to generalize across
geographically different settings.
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Figure 7. Cross-Dataset Performance Comparison
Explainability Analysis of SHAP
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Understanding the variables impacting crop recommendations depends on the interpretability of the model. In
order to assess feature contributions, SHAP analysis was carried out.

Figure 8 shows SHAP-based feature importance plot of the proposed model. It can be observed that out of the
given four features rainfall has highest feature importance towards predicting the suitability of crops whereas
temperature, soil ph and nitrogen follows. This observation clearly indicates that the proposed model considers the
climatic conditions and soil fertility indicators while recommending crops. Also, the ranking makes intuitive sense as
precipitation and temperature have direct impact on crop cultivation. Further, soil ph and nitrogen determines the
availability of nutrients to plants and their growth. Therefore, it appears the model has successfully identified intuitive
associations present in the data.
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Figure 8. SHAP-Based Feature Importance Analysis
Comparing with Cutting-Edge Systems

To evaluate the effectiveness of the proposed method, its performance was compared with recently developed
agricultural recommendation and prediction systems.

Table 6. Comparison with State-of-the-Art Systems

Model / Method Used Dataset Accuracy | Generalization | Interpretability
Study (%)
Bhavana & IoT + Stacking ML Soil Dataset 878 Medium Moderate
Rao (2025) Ensemble (India)
[]
Haideretal | RF—XGBoost for FAQO Dataset 88.4 Medium Low
(2024) [21] Cotton Yield (Pakistan)
Albaajl & Environmental ML Regional Data | 89.2 Medium Moderate
Chandra Ensemble (Iraq)
(2025) [5]
Sharma & Explainable AT Remote 90.1 High High
Joshi (2024) | (SHAP + XGB) Sensing Data
[42]
Proposed Hybrid RF + XGB + | Mulii-Regional | 93.1 Very High High (via
ICRS DNN + Bayesian Datasets SHAP)
Optimization (India, Africa)
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Comparison of our proposed framework with baseline approaches given in the evaluation is shown in Table 6.
Overall, our proposed framework achieved the highest classification accuracy of 93.1%, outperforming other methods.
In addition to high prediction accuracy, the proposed framework also generalizes well across datasets collected from
different regions. With SHAP based explanations, it offers explainable crop recommendations. Hence, our proposed
framework acts as a strong explainable baseline for crop recommendation systems that can be used in place of other
machine learning and explainable Al-based approaches.

Implications for Society and Technology

The integrative framework addresses this need by bringing together heterogeneous agricultural datasets with
explainable machine learning to support data-driven crop recommendation and agricultural decision-making systems.
For example, it may allow farmers to determine which crops would be more suitable to grow given the soil, climate
and other environmental conditions of their farms.

It can also help them better capitalize on the resources that are currently available to them and avoid the
pitfalls of selecting crops that are less suitable to their land. Beyond farm-level crop recommendations, the framework
could potentially be used to inform higher-level, regional agricultural planning and resource management initiatives.
Incorporating explainability also allows users to see what factors contribute to a given prediction. This helps users
grasp the rationale for the crop recommendations they receive.

5. CONCLUSION

The proposed hybrid ensemble method takes in soil features, climate features, remote sensing indicators and
prior growing crops as inputs to provide recommendation to crops that can be grown. The framework was designed
to address key challenges related to prediction accuracy, regional adaptability, and model interpretability in
agricultural decision-support systems. It integrates soil characteristics, climatic variables, remote sensing indicators,
and historical crop information, and combines Random Forest, XGBoost, and Deep Neural Network models through
Bayesian-optimized ensemble learning. SHAP-based explainability was also included to identify the factors that
influence crop suitability predictions and to make the recommendation process more transparent. Experimental results
shows that the hybrid ensemble learning approach outperformed the base learning models by attaining overall
classification accuracy of 93.1% and showed stable performance over datasets collected from different regions.

Results from this study show that hybrid ensemble learning integrated with explainable Al can result in
accurate as well as explainable crop recommendation systems. The framework provides a scalable and interpretable
approach that can support farmers, agricultural planners, and policymakers in making informed crop selection
decisions. Future work may include the use of real-time IoT sensor data, high-resolution satellite imagery, and
advanced climate forecasting information to improve recommendation accuracy and adaptability under changing
agricultural conditions.
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