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With the increasing global population and rising food demand, improving
agricultural productivity through data-driven decision support systems has
become essential. This study proposes a cross-validated meta-stacking
ensemble framework for multi-class crop suitability prediction using soil
nutrient and environmental parameters. The dataset consists of 2,200
samples covering 22 crop types and seven predictor variables, including
nitrogen (N), phosphorus (P), potassium (K), temperature, humidity, pH, and
rainfall. Six machine learning (ML) models—random forest (RF), decision
tree (DT), light gradient boosting machine (LightGBM), extreme gradient
boosting (XGBoost), support vector classifier (SVC), and k-nearest
neighbors (KNN)—were trained and optimized using RandomizedSearchCV
with k-fold cross-validation. A stacked ensemble model was then developed
to combine heterogeneous learners and improve predictive robustness.
Experimental results demonstrate that the RF model achieved an accuracy of
99.36%, while the proposed cross-validated meta-stacking ensemble
achieved comparable performance with improved generalization stability.
Precision, recall, and Fl-score values of 0.99 indicate consistent
classification across all crop classes. Feature importance analysis revealed
N, K, and rainfall as the most influential predictors. Model robustness was
evaluated using cross-validation and an independent test split to minimize
overfitting risk. The findings highlight the effectiveness of ensemble
learning for sustainable agricultural decision-making and crop
recommendation systems.
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1. INTRODUCTION

Though agriculture plays an important role in food security and economic development, problems
such as low productivity, losses in the supply chain, and adverse effects on the environment still hinder its
progress, especially in developing nations [1]. It should also be noted that agricultural processes contribute to
climate change, making it hard to realize the sustainable development goal (SDG) target of Zero Hunger by
2030 [2], [3]. The correct choice of crop and estimation of yields are crucial for satisfying the growing
demand. Classical approaches frequently neglect important aspects like water, weather, and geography,
resulting in poor estimates [4]. Research has shown that taking into account various environmental factors,
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including nitrogen (N), phosphorus (P), potassium (K), temperature, humidity, pH, and rainfall, enhances the
performance of algorithms [5]. Ensemble and tree-based machine learning (ML) algorithms have been
proven efficient in predicting crop suitability and yields [6], [7]. Therefore, this paper aims to analyze the
possibility of improving accuracy and generalizability through meta-stacking of various ML algorithms based
on cross-validation.

The main contributions of this work are: i) development of a cross-validated meta-stacking
ensemble integrating random forest (RF), light gradient boosting machine (LightGBM), extreme gradient
boosting (XGBoost), support vector classifier (SVC), and k-nearest neighbors (KNN) models;
ii) comparative analysis of bagging, boosting, and stacking approaches for multi-class crop suitability
prediction; iii) feature importance analysis linking agronomic variables (N, P, and rainfall) with predictive
performance; and iv) overfitting-aware evaluation using outlier removal, k-fold cross-validation, and
independent test set validation. In contrast to traditional methods that mainly focus on the use of single
learners or uniform ensembles, this study uses different types of learners such as bagging (RF), boosting
(XGBoost and LightGBM), kernel-based learners (SVC), and instance-based learners (KNN).
Furthermore, contamination-resilient pre-processing with the help of isolation forest and hybrid feature
importance analysis have been adopted in this research. By combining heterogeneous learners within a
meta-learning framework, this study seeks to enhance predictive reliability and support sustainable
agricultural decision-making.

This work is organized as follows. Section 2 consists of a brief literature survey of related literature
on ML in agriculture. Section 3 contains details concerning the study technique and basic data preprocessing
including initial data elimination and correlation tests to evaluate the link between multiple environment
parameters. The findings are discussed in section 4, followed by the implications of the study in section 5.

2. LITERATURE SURVEY

The evolution of agricultural technology through artificial intelligence (Al) and ML algorithms has
helped to develop effective crop selection and yield predictions by using Al and ML approaches for soil
analysis, crop recommendation, and productivity improvement [8], [9]. Various ML models have been
employed by researchers for the purpose of disease detection, soil fertility analysis, fertilizer
recommendation, and crop yield predictions. Akhter and Sofi [10] proposed an internet of things (IoT) based
ML model for apple disease prediction, while Nishant et al. [11] used Kernel ridge, Lasso, and Stacking
regression for crop yield predictions. The effectiveness of RF, gradient boost, and decision tree (DT)
models for yield prediction was demonstrated by BanuPriya ef al. [12], while Mahore and Gadge [13]
presented the efficiency of image-based RF models. The authors in [14]-[16] successfully used ML and data
mining techniques for predicting crop yields and soil fertility. Zhong and Lai [17] used a combination of
kernel k-means and support vector machine (SVM) algorithms for a smart agriculture model that achieved
99.6% accuracy, while the effectiveness of LightGBM and XGBoost was demonstrated [18], [19] for soil
and rice yield prediction. Fertilizer recommendation using SVM and XGBoost was achieved by
Rao et al. [20], while Singha et al. [21] performed soil nutrient predictions using ML approaches with
spectroscopy technique. A KNN-based android application for soil nutrient estimation was suggested by
Solehatin et al. [22], while Devan et al. [23] used RF and logistic regression for fertilizer recommendation
and crop yield predictions. Gopi and Karthikeyan [24] proposed a hybrid model using Red Fox optimization
and RNN for crop prediction. The research in [25], [26] utilized XGBoost and voting ensemble classifiers for
crop recommendations that achieved high accuracy. According to Nti ef al. [27], XGBoost and RF models
outperformed stacked-tree-based ensemble learning (TBEL) models. On the other hand, Hasan et al. [28]
performed soil nutrient and crop yield prediction in Bangladesh using KNN, RF, and ridge regression
models. Octavianto and Wibowo [29] used stacking classifier for enhancing prediction performance.
However, most of the previous studies adopted the use of single model approaches with less efficient
validation methods, which reduces the generalization capabilities and increases the risk of overfitting. Very
few works exist on heterogenous ensemble approaches like bagging, boosting, and stacking in a combined
approach for multi-class crop suitability predictions.

3. METHOD
3.1. Data collection and preprocessing

The data set used in this analysis was obtained from Kaggle, which contained 2,200 entries with
seven predictor variables containing data on nutrients found in the soil, such as N, P, K, as well as
environmental conditions like temperature, humidity, pH, and rainfall. The target variable contained
22 different types of crops, like 'apple', 'banana’, 'blackgram’, 'chickpea’, with 100 samples each. The target
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variable, 'label', contained crop types, which were encoded into integers by the LabelEncoder. A mapping
was also created to map the encoded labels to their respective crop types, which is done for better
interpretation. Outlier detection was also performed by using the isolation forest algorithm, which detected
5% of the data as outliers with a contamination level of 0.05. This data was then removed from the data set,
which provided a clean data set. This clean data set was then scaled by the MinMaxScaler, which scales the
data into a standard range, allowing ML models to perform better [18], [21], [27]. Correlation analysis was
also performed by creating a correlation matrix, which was visualized as a heatmap, allowing us to see the
correlation between environmental conditions.

3.2. Feature selection and importance analysis

The selection of features was performed through the implementation of both statistical and modeling
techniques to analyze the effect of soil and environmental attributes on crop suitability. Correlation matrices
were applied to study the relationship between predictor variables and detect any multicollinearity. The
absence of redundancy means that all attributes were used for further investigation. The importance of
features was estimated using tree-based algorithms [18], [19], [27]. In particular, the feature importance
within the RF algorithm was derived from the Gini impurity measure as in (1).

Importance (f) = ZT ZnENfAGini(n, t) (1)
t=1

Here T represents the total number of trees, Ny represents nodes split based on feature f, and AGini
represents impurity reduction due to splitting. XGBoost and LightGBM use gain-based feature importance to
measure the significance of features. This method measures the gain in model performance due to a specific
feature during building the trees. The study identified that the most impactful factors were N, K, and rainfall
for crop classification. This is because these factors are major contributors to crop suitability and productivity
based on agronomic knowledge. Unlike most studies that use correlation thresholds to filter out features, all
features are used in this study to ensure interpretability of the model while using ensemble learning to
implicitly handle feature contributions.

3.3. Model training

Six ML models—RF, DT, LightGBM, XGBoost, SVC, and KNN—were trained and evaluated to be
their best and prevent overfitting with the use of the k-fold cross-validation. Hyperparameter values for each
model were optimized using RandomizedSearchCV to improve predictive accuracy and minimize
overfitting during training [26], [27]. Table 1 shows the hyperparameters for each model were tuned
using RandomizedSearchCV to achieve optimal performance. Figure 1 shows steps involved in crop
yield prediction.
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Figure 1. Data flow diagram of crop yield prediction
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3.3.1. Data preprocessing
The crop recommendation dataset is loaded which includes key environmental attributes such as N,
P, K, temperature, humidity level, and rainfall. Several preprocessing steps were then performed:
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i)  Label encoding: the target labels- crop types, are converted to numerical values with the use of the
LabelEncoder method.

ii) Feature scaling: the feature data undergoes normalization using the MinMaxScaler because all the
features are assumed to be in different scales during feature extraction.

iii) Data partitioning: the scaled dataset is split into training and testing sets using a 70-30 ratio via
train_test_split, with 70% of the data used for model training and 30% reserved for testing.

iv) Base model training: several ML models are trained, including RF, DT, LightGBM, XGBoost, SVC,
and KNN. Hyperparameter tuning is conducted for each base model using RandomizedSearchCV,
optimizing their performance through cross-validation.

v) Model evaluation (base models): while bagging methods like RF reduce variance by averaging
predictions from multiple models, and boosting methods like XGBoost focus on correcting errors of
weaker models [26], [27], stacking synthesizes the strengths of these diverse approaches, aiming to
improve predictive performance through a meta-learning framework [29]-[31].

Table 1. Tuned hyperparameters for each model

Model Description Tuned hyperparameters
RF Robust for handling complex data and evaluating feature n_estimators=100, max_depth=None,
importance. Provides rankings for the significance of min samples split=2,
environmental and soil-related features. min_samples_leaf=1
DT Captures non-linear relationships and enables understanding of max_depth=10, min_samples_split=2
decision rules.
LightGBM Optimized gradient boosting framework, suitable for big data. n_estimators=100, learning rate=0.1,
max depth=7
XGBoost Scalable model with high predictive efficiency. n_estimators=100, learning_rate=0.1,
max_depth=6
SvC Implemented with various kernels (linear, polynomial, RBF). Kemel types: linear, polynomial, RBF;
Tuned regularization parameter C to handle dataset non- C parameter tuned
linearity.
KNN Flexible for decision boundary complexity. Parameters like n neighbors and distance measure
number of neighbors and distance measure were tuned. tuned
Meta-model Combines base models to enhance prediction. Utilizes stacked Uses outputs of RF, DT, LightGBM,
(StackingClassifier)  ensemble learning. XGBoost, SVC, and KNN as input

features [30], [31]

3.4. Model stacking and aggregation

Stacking ensemble method was developed to utilize the advantages offered by several ML
algorithms in predicting crop suitability. In the first place, several high-performing ML algorithms like RF,
LightGBM, XGBoost, SVC, and KNN were chosen based on their accuracy, precision, recall, and F1-scores.
The predictions obtained from these ML algorithms were then stacked using StackingClassifier method to
generate meta-features. Stacking, unlike bagging and boosting techniques which are individual ensemble
methods, makes use of meta-learning approach in capturing complementary learning from different
classifiers [29]-[31].

3.5. Meta-model training

By employing a meta-model trained on the meta-features generated by the stacked base models,
stacking allows the algorithm to learn the optimal way to combine the predictions of various models,
potentially leading to improved accuracy and robustness. Unlike bagging and boosting, which emphasize
single-objective learning, stacking can accommodate multiple algorithms and harness their collective
insights. The meta-model is optimized to enhance the combined predictions from the base models, leading to
an overall improvement in model accuracy [31].

3.6. Ensemble model evaluation

The stacked ensemble model is tested on the test set. This is where the combination of the results of
different models is more helpful in providing a more reliable prediction compared to what is obtained by
bagging or boosting alone. This is owing to the meta-learning nature of stacking. The stacking ensemble
method enhances the performance of the model in making predictions [26], [27]. The detailed step-by-step
procedure is standardized in the Algorithm 1, outlining the cross-validated meta-stacking methodology to
enhance predictive accuracy.

Algorithm 1. Cross-validated meta-stacking for crop suitability
Step 1: Data loading
Load dataset:
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D = {(x;y)}\-1, where x; € R™ represents the features (environmental factors),

y; € { Cy, C,, ..., i} represents the crop labels.
Step 2: Data preprocessing

Encode target variable y into numerical format:

Yencodea = LabelEncoder((y)

Outlier detection using isolation forest:

Fit model: O = IsolationForest(x)

Predict outliers: Outliers = O.predict(x)

Filter dataset: D jeqn = {(x;, yi)loutliers; = 1}
Step 3: Feature scaling

Scale features using min-max scaling:

(x—xmin)

X =
scaled (Xmax—Xmin)

Step 4: Exploratory data analysis (EDA)

Correlation matrix R: R = corr(x)

Feature importance using RF: importance; = RandomForest (X, Yencodea) j
Step 5:  Train—test split
Step 6: Define base models

Let M = {M;, M,, M3, M,, M5, Mg} represents base models:

M;: RF, M,: DT, M5: LightGBM, M,: XGBoost, Ms: SVC, and My: KNN
Step 7: K-fold cross-validation

For k folds, partition the training set:

Dtrain = U?:l D(])

train

Step 8: Train base models .
For each fold j: train each base model M;: M;. f it(Dt(;()lin)

4. RESULTS AND DISCUSSION

Features used for crop classification include N, P, and K as components of soil nutrients, as well as
environmental features: temperature, humidity, pH, and rainfall. Figure 2 depicts the correlation matrix for all
the chosen attributes; this shows how each attribute correlates with other attributes, thereby giving a good
insight into the impact of such attributes on crop suitability. The correlation matrix depicts strong correlations
between various environmental attributes without causing severe multicollinearity. Rainfall and humidity
have positive correlations, while pH has a weak correlation with other attributes. Similar environmental and

soil-related attributes have been widely used in previous crop recommendation and agricultural prediction
studies [5], [25], [27].

Correlation Matrix of Environmental Factors

K

humidity temperature
.

h
.

rainfall

i
temperature  humidity ph rainfall

Figure 2. Correlation matrix of environmental factors
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4.1. Performance measures

Evaluation of the suggested models was performed using the classification measures. These include
accuracy, precision, recall, and Fl-score as in (2) to (5) [25]-[28]. These were employed to measure the
accuracy, consistency, and robustness of the predictions made by the proposed models.

TP+TN

Accuracy = ———— 2)
TP+TN+FP+FN
. . TP
Precision = 3)
TP+FP
TP
Recall = —— 4
TP+FN
2x(PrecisionxRecall
F1 — score = 2 — ) %)
Precision+Recall

4.2. Statistical validation and robustness analysis

Moreover, in order to test the reliability of the suggested framework, some cross-validation and
agreement statistics were measured. It can be observed that the proposed stacking ensemble demonstrated
reliable performance with low standard deviations for all folds. Cohen’s Kappa statistic was used to measure
agreement and classification accuracy beyond randomness. Similar validation strategies involving
cross-validation and agreement statistics have been adopted in recent ensemble learning studies to evaluate
predictive reliability [27], [29], [30]. The proposed stacking ensemble provided an approximate value of the
Kappa statistic close to 0.99. Table 2 presents the mean cross-validation accuracy and standard deviation of
the proposed models. Misclassifications mainly occurred among crops with similar environmental conditions
and nutrient requirements. However, confusion matrices demonstrate that the proposed ensemble minimized
inter-class prediction errors compared to individual models.

Table 2. Cross-validation performance stability

Model Mean cross-validation accuracy  Standard deviation
RF 99.20 +0.31
Stacking 99.28 +0.24

4.3. Feature importance analysis

In addition to model performance, the RF model also provided insights into feature importance.
As shown in Figure 3, the most influential features for crop classification were N, K, and rainfall. Similar
observations regarding the importance of soil nutrients and rainfall in crop recommendation systems have
been reported in earlier agricultural ML studies [18], [25], [27], [28]. The comparative analysis shows that the
cross-validated meta-stacking algorithm, which combined RF, LightGBM, and SVC, outperformed other
models like XGBoost, KNN, and DT. With an accuracy of 99.36% and balanced metrics (precision, recall,
and Fl-score at 0.99), this approach effectively leverages the strengths of multiple models. Table 3 and
Figure 4 shows the performance metrics of different models. From this experiment result, we came to know
that the base models such as RF, DT, LightGBM, XGBoost, SVC, and KNN were evaluated using a host of
metrics ranging from accuracy, precision, recall, to F1-score. The stacked ensemble model was significantly
better, with an overall accuracy of 99.36%. The confusion matrices in Figure 5 depicts that the ensemble and
RF classifiers had similar performance with a 99.36% high classification accuracy due to their efficiency in
predicting crops. Moreover, from the confusion matrices, it is noted that the majority of crops were
accurately classified without having overlapping amongst the categories. There were some minor
inaccuracies in classification, which involved crops with similar climatic and soil nutrient needs.

4.4. Overfitting analysis and model generalization

Although the accuracy level of 99.36% is high, evaluation was done to assess the possible risks
associated with overfitting. The number of samples in the dataset was 2,200, which were evenly distributed
across 22 crop classes, with each class having 100 samples. During training, the model was trained with
k-fold cross-validation during hyperparameter tuning via RandomizedSearchCV. The dataset was also split
into a train and test set with a 70-30 ratio for evaluating the performance on new, unseen data. The use of
k-fold cross-validation and independent testing improved the generalization capability of the proposed
framework and reduced the possibility of overfitting [26], [27], [30]. Furthermore, outlier detection using
isolation forest (5% contamination level) reduced noise and improved model robustness. The comparable
performance of the stacking model and RF classifier, along with stable confusion matrices across classes,
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suggests that the model captures meaningful feature relationships rather than memorizing training samples.
However, testing on more extensive agricultural data sets that cover different geographical regions is advised
in future studies for further verification of its generalization ability. While the data set comprises
2,200 instances with 22 crop categories, k-fold cross-validation and independent testing have been applied to
enhance robustness and prevent overfitting. The future work will involve testing the proposed architecture
with multi-regional agricultural data sets under varying climate and soil conditions.

Feature Importance (Random Forest)

rainfall

humidity

Feature
o

temperature

ph

0.00 0.05 0.10 0.15 0.20
Impoertance

Figure 3. Feature importance of RF

Table 3. The performance metrics of different models

Model Accuracy  Precision  Recall  Fl-score
RF 99.36 0.99 0.99 0.99
DT 97.77 0.98 0.98 0.98
LightGBM 99.20 0.99 0.99 0.99
XGBoost 98.25 0.98 0.98 0.98
NY® 98.88 0.99 0.99 0.99
KNN 97.45 0.98 0.97 0.97
Cross-validated meta-stacking model 99.36 0.99 0.99 0.99

100
M Accuracy M Precision MRecall ®Fl-score
99.5

98.
97.
95.5
RF DT SVvC KNN

LGBM XGB

Performance metric value
o (%o} o
wv ~ wv [e5) w o

Yo}
(o)}

Meta-stacking
model

ML models

Figure 4. Comparative analysis of accuracy, precision recall, and F1-score across ML models
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Figure 5. Confusion matrix-ensemble model-accuracy: 99.36%

5. CONCLUSION

From this study, a number of ML models have been reported successful. The model that topped out
was the basic model: RF model with an accuracy of 99.36%, precision, recall, and F1-score of 0.99. The
other models include LightGBM, XGBoost, DT, SVC, and KNN with an accuracy of 97.45%, 98.33%,
97.92%, 97.62%, and 96.67% respectively. With a final accuracy of 99.36% and a precision, recall, and
F1-score of 0.99, the stacked ensemble model combines strengths of all the base models but leads to further
overall stability and reliability in the predictions, reduces overfitting, and actually leverages diverse learning
patterns while having matched the performance of the best base model RF. Future aspects of this research can
consist of focusing on crucial areas: first, further environmental factors, such as soil composition and weather
forecasts, along with real-time data from sensors, will improve the accuracy and adaptability of the model in
changing conditions. In addition, it is important to be able to develop user-friendly applications so that
farmers are able to receive crop recommendations from this model and incorporate the insights into their
decision-making processes. The use of explainable AI techniques would result in increased model
interpretability and help the user understand the reasons for the crop recommendation being made. Moreover,
the presented framework may also be used in mobile-based crop advisory systems, loT-based smart farming
systems, and agricultural extension programs to provide real-time crop recommendations and help implement
sustainable farming techniques. Additionally, the integration of this framework with soil sensors and
environmental monitoring systems would aid the farmer in decision-making related to the crops planted and
fertilizers used.
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