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Abstract. The selection of crop species that are well-suited to the soil conditions, climate, and water availability

is essential for maximizing resource efficiency, boosting yields, and supporting food security. Traditional methods

for crop recommendation involve empirical methods and statistical analysis of large amounts of data, which limits

the capacity to respond effectively to different challenges. The use of machine learning algorithms for crop recom-

mendation has become a key tool to support farmers’ decision-making. In this work, we propose an effective crop

recommendation model based on the Random Forest algorithm, which is optimized for this agricultural context.

The model is trained with inputs corresponding to soil composition and climate data, while the output corresponds

to the best crop for a given input condition. The proposed methodology involves preprocessing the data and find-

ing the best hyperparameters for the random forest-based classification. Additionally, a thorough evaluation of the

resulting model is implemented. The results of this methodology show an improvement in the accuracy, precision,

recall, and F1-score metrics for the recommendation of 22 different crop classes in comparison with other clas-

sical machine learning and state-of-the-art approaches. This work demonstrates that our approach can provide a

practical and accessible solution in systems within agricultural environments with limited infrastructure.
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1. INTRODUCTION

Crop selection is a fundamental task in sustainable agricultural systems. The selection of crop

species that are better adapted to local soil type, climate and water availability plays a key role in

optimizing resources, improving productivity, and ensuring food security. In vulnerable regions,

farmers can improve yields, reduce input costs, and mitigate the risks associated with climate

variability [10, 16]. In contrast, inadequate decisions can lead to soil degradation, increased

need for fertilizers and pesticides, and reduced stability in the face of extreme weather events,

ultimately compromising the food security of entire communities [33].

Crop selection must take into account a number of key factors such as drought tolerance,

resistance to pests and diseases, nutrient use efficiency, and the integration of sustainable agri-

cultural practices [17]. These considerations contribute to reducing the use of agrochemicals

and mitigating environmental impacts, including soil and water pollution [16]. Even though the

importance of the crop selection decision is recognized, farmers usually lack the necessary tools

to optimize that decision. In many regions, crop selection remains largely empirical, which lim-

its the capacity to respond effectively to climate variability and natural resource challenges [19].

Additionally, limited access to information and insufficient training in the use of technological

tools hinder farmers’ ability to adapt to such emerging environmental scenarios [22].

Historically, crop selection has relied on empirical methods and statistical analysis. Such

historical methods have included simplified models based on empirical equations, regression

analysis, and direct measurements [7]. Nabateregga et al. [8] have summarized methods through

comparative tables, flowcharts, and statistical summaries of errors such as bias and variance.

They noted that in Sub-Saharan Africa, the adoption of technology for accurate measurements

remains very limited due to high costs, lack of training, and poor infrastructure. Therefore, it is

essential to develop tools for crop selection capable of processing large amounts of data that are

simple to use, do not require sophisticated methods, and are easy to implement in low-resource

environments.

Recently, the use of machine learning (ML) techniques for agricultural decisions has attracted

much attention, especially for decisions that promote resilient and sustainable agriculture [30].

In a closely related agricultural application, Bakhtiar et al. [1] compared several classical ML
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algorithms for rice leaf disease classification (KNN, SVM, Random Forest, Decision Tree, and

Naive Bayes) and reported Random Forest as the best performing model, highlighting that

strong predictive performance can be achieved with practical and implementable approaches.

ML has demonstrated more accurate estimations that support appropriate crop selection deci-

sions [11, 31]. For example, He et al. [12] and Jabed and Murad [13] demonstrated how ML

can process extensive datasets related to soil, climate, and agricultural practices, generating pre-

dictions better adapted to each context. More recently, Kiruthika and Karthika [15] proposed

a system that combines an optimization algorithm with a long short-term memory (LSTM)

network, achieving faster and more accurate recommendations. Umar et al. [21] developed a

model ensemble that integrates seven algorithms into a single system, significantly improving

precision by adapting to specific edaphoclimatic conditions. The method proposed by Strac-

qualursi [32] introduced an exponentially weighted ensemble that automatically adjusts each

model’s weight according to its performance, providing accurate recommendations through a

simple and adaptable approach.

Specifically, several investigations emphasize diverse ML methods as highly suitable for crop

recommendation. Dey et al. [6] analyzed various models and found that XGBoost achieved the

best results in their experiments. Elbasi et al. [9] evaluated a wide range of algorithms and

introduced a new feature combination scheme, highlighting the Bayesian Network model as the

most effective. Raja et al. [25] explored different variable selection techniques and classifiers,

demonstrating that the Random Forest model, with bagging, delivered the best performance.

Bakthavatchalam et al. [2] developed a multilayer perceptron (MLP) for optimal crop selec-

tion. Ramzan et al. [26] proposed a system in which KNN, Random Forest, and SVM jointly

contributed to the overall performance of their model, achieving accurate classification of their

dataset. Nevertheless, many of these studies that employ complex models show limitations,

as they require important computational resources and fail to adapt optimally to the variabil-

ity of local conditions. These limitations hinder their practical implementation in regions with

limited technological infrastructure and delay their adoption. Overcoming this challenge is es-

sential to ensure that innovations reach those who need them most, enabling crop selection to

be optimized in a sustainable and adaptable manner [14, 19].
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In response to this issue, this study proposes the development of an accurate model for crop

recommendation based on the Random Forest algorithm. It is demonstrated that highly reliable

results can be achieved using a machine learning technique, offering a practical and accessible

alternative to the more complex and demanding architectures recently proposed. The proposed

model achieves optimal performance on a Crop Recommendation dataset, facilitating its practi-

cal adoption in precision agriculture systems. In this way, this work contributes a novel solution

by demonstrating that a simple and optimized model can match or even exceed the performance

of more sophisticated methods, significantly lowering the technological barrier for implement-

ing agricultural recommendations in resource-constrained contexts.

The organization of this work is as follows: Section 2 provides the description of the Mate-

rials and Methods, section 3 presents the Results and Discussion, section 4 the Conclusion and

finally the section 5 the Acknowledgments.

2. MATERIALS AND METHODS

This section is divided into four stages, as shown Figure 1. In the first stage, the dataset is

standardized using Min–Max normalization to place all predictive variables on the same scale.

The next step, with the data already normalized, is to process it using a Random Forest (RF)

classifier, which is trained and evaluated through three validation strategies: Hold-Out 70/30,

Hold-Out 80/20, and a ten-fold cross-validation. These approaches provide more robust and

generalizable performance estimation. Performance was measured through widely used indi-

cators, such as accuracy, precision, recall, and F1-score. This procedure allowed for a com-

prehensive assessment of both global and class-level performance, facilitating the systematic

comparison presented in the Results section.

FIGURE 1. Methodology overview diagram.
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2.1. Preprocessing. This work used the crop recommendation dataset compiled by the Food

and Agriculture Chamber of India [20]. The dataset is composed of seven numerical attributes,

namely nitrogen (N), phosphorus (P), potassium (K), temperature (°C), relative humidity (%),

pH level, and rainfall (mm). The target variable includes twenty-two crop classes such as ap-

ple, banana, black gram, and chickpea, each represented by one hundred samples. In total,

the dataset contains 2200 observations, making it a balanced and high-dimensional multiclass

classification problem. Table 1 summarizes the variables together with their units and a brief

description.

TABLE 1. Dataset characteristics.

Variable Description

Nitrogen (N) Amount of nitrogen available in the soil.

Phosphorus (P) Phosphorus content in the soil.

Potassium (K) Potassium concentration.

Temperature (°C) Temperature in the crop region.

Humidity (%) Relative air humidity.

pH Level of acidity or alkalinity in the soil.

Rainfall (mm) Rainfall in the agricultural region.

Considering that each variable appears in different ranges, a Min-Max normalization process

was applied to all numerical variables in the dataset. This method transforms each variable xi

to the range [0,1], as shown in Eq. 1.

(1) x′i =
xi −min(X)

max(X)−min(X)
,

where xi is the original feature value for sample i, x′i is the normalized value, X is the set of all

values of a given feature, min(X) is the minimum value, and max(X) is the maximum value in

the dataset. Min-Max normalization is suitable in scenarios where preserving the original data

distribution is desired while scaling all features into a common range. This is beneficial for

scale-sensitive algorithms. Applying the same preprocessing across models also helps maintain
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consistency. As stated in [23], this technique is simple, effective, and widely recommended

when severe outliers are not present.

2.2. Random Forest Classifier. Breiman [4] introduced Random Forest (RF) as a supervised

learning method that constructs an ensemble of decision trees. Its performance is enhanced

through bootstrap aggregating (bagging), which reduces variance and improves predictive ac-

curacy. In this approach, each tree is trained on a subset of data obtained through sampling with

replacement, which increases model diversity and reduces variance. At each split node, RF uses

a random subset of predictors (mtry) instead of considering all variables, which promotes inde-

pendence among trees and improves generalization capacity [28]. Among the key parameters

are the minimum leaf size (MinLeafSize), which regulates tree depth, and the number of trees in

the forest (ntrees), whose increase generally improves model stability until reaching a saturation

point. To assess performance, it is common to apply k-fold cross-validation, which estimates

the model’s generalization ability across different data partitions. In classification problems,

the evaluation metric most commonly used is accuracy, defined as the proportion of correctly

classified observations with respect to the total [18, 27]. These characteristics make RF an ef-

fective and robust method for multiclass classification tasks, balancing model complexity with

predictive power, which explains its good generalization in different areas [3, 5].

2.3. Training and Evaluation. The training and evaluation process implemented in this study

is designed to objectively assess the performance of the Random Forest classification model. To

ensure robustness, three different data partitioning strategies were employed, Hold-Out 70/30

split, Hold-Out 80/20 split, and 10-fold cross-validation. In the Hold-Out 70/30 scheme, 70%

of the dataset is used to fit the model, while the remaining 30% is reserved for testing. This

method is simple and efficient. However, for high-dimensional datasets, the reduced training

portion may limit the model’s ability to fully capture complex patterns [29]. The Hold-Out

80/20 scheme, in contrast, increases the training to four-fifths, whereas the last fifth is utilized

for testing purposes. This partition offers a more appropriate balance between training and

validation data, which contributes to improved predictive performance [29]. Finally, to obtain

a more stable and less variance-prone estimate of the model generalization capability, 10-fold

cross-validation was also employed. Cross-validation divides the dataset into 10-fold of equal
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size. In each iteration, the model is trained using nine of these folds, while the remaining one

is used for testing. This cycle continues until every fold has been employed once as the vali-

dation set. Although this method is computationally more intensive, it provides a more reliable

estimate of the model’s overall performance [34]. All models were trained on normalized data,

using consistent configurations to ensure a fair comparison.

To evaluate the performance of the classifiers [24], widely-used metrics are considered: Pre-

cision, Recall, Accuracy and F1-score. Precision (Eq. 2) measures the proportion of correctly

identified positive predictions for each class. Recall measures the model’s ability to correctly

identify all real instances of each class as is shown in Eq. 3. Accuracy represents the overall

percentage of correct predictions across all samples Eq.4. In Eq. 5 is shown the F1-Score which

provides a harmonic mean between precision and recall for each class.

(2) Precision =
1
K

K

∑
i=1

T Pi

T Pi +FPi + ε
,

(3) Recall =
1
K

K

∑
i=1

T Pi

T Pi +FNi + ε
,

(4) Accuracy =
∑

K
i=1 T Pi

∑
K
i=1 ∑

K
j=1Ci j

,

(5) F1 =
1
K

K

∑
i=1

2 ·Precisioni ·Recalli
Precisioni +Recalli + ε

,

where K is the total number of classes, T Pi corresponds to the true positives for class i. FPi

represents the false positives for class i, and FNi counts the false negatives for class i. Ci j is the

entry in the confusion matrix for the actual class i and predicted class j, and ε a small constant

introduced to avoid division by zero.
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2.4. Hyperparameter Optimization. In this study, a Random Forest (RF) model was applied

to classify the observations in the dataset. To fine-tune its performance, different configurations

were tested, varying the number of trees from 1 to 500 using 10-fold cross-validation. The

results from this evaluation, lead us to configure the RF classifier with 211 trees. Figure 2

shows the relationship between the number of trees and the achieved accuracy. As it can be

seen in this figure, the curve rises quickly at the beginning, and accuracy becomes steady at

approximately 100 trees. After that, the results stay almost constant, with only small variations.

The best performance was obtained with 211 trees, yielding an accuracy of 99.55%, highlighted

in yellow. This result indicates that adding more trees beyond this point does not provide further

improvements and might add minor inconsistencies instead. Therefore, 211 trees were selected

as the most suitable hyperparameter, ensuring both strong predictive accuracy and consistent

model behavior.

FIGURE 2. Accuracy Comparison (RF).
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3. RESULTS AND DISCUSSION

The results are presented in two experiments. The first experiment consisted of comparing

the current proposal with three other classical machine learning classifiers: K-Nearest Neigh-

bors (KNN), Multilayer Perceptron (MLP), and Support Vector Machines (SVM). The corre-

sponding hyperparameters for each method were optimized using a 10-fold cross-validation

scheme. Subsequently, these models were analyzed using Hold-Out partitions of 70/30, 80/20,

and cross-validation, in order to determine which validation strategy offered the best predic-

tive performance. The second experiment consists of comparing the results of the proposed

model with two state-of-the-art approaches that used the same dataset, one of them based on an

exponentially weighted ensemble, and the other on XGBoost. This allowed for assessing the

competitiveness of the proposed approach against recent state of the art methods.

3.1. Performance comparison with other machine learning methods. The first experiment

consisted of comparing our proposed Random Forest (RF), with other classical machine learn-

ing methods: K-Nearest Neighbors (KNN), Multilayer Perceptron (MLP), and Support Vector

Machines (SVM). Hyperparameters for KNN, MLP, and RF were tuned through 10-fold cross-

validation. For KNN, values of k from 1 to 15 were examined; for MLP, several two-layer

architectures were tested ([10 10], [20 20], [50 50], [80 40], [100 50], [110 20]).

Table 2 presents the results of each approach for each evaluation scheme. Under cross-

validation, the best performance of KNN was obtained with k = 7, reaching an accuracy of

98.73%. For MLP, the two-hidden-layer architecture with 100 and 50 neurons was the most

accurate, achieving 98.64%. SVM, evaluated with its default configuration, showed consistent

performance of 99.22%. In contrast, Random Forest achieved its best accuracy of 99.55%

with 211 trees and reached optimal classification (100%) using the Hold-Out 80/20 strategy.

Overall, RF outperformed the other models, while SVM showed the most consistent results

across all validation schemes. It is also worth noting that MLP, KNN, and RF performed slightly

better with the 80/20 partition, as the larger training set allowed them to capture more complex

patterns.
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TABLE 2. Comparative performance of KNN, MLP, RF, and SVM across eval-

uation metrics.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)

Hold-Out 70/30

KNN 98.64 98.70 98.64 98.63

MLP 98.64 98.64 98.64 98.61

SVM 99.09 99.11 99.09 99.09

RF 99.70 99.71 99.70 99.70

Hold-Out 80/20

KNN 98.86 98.97 98.86 98.87

MLP 99.32 99.33 99.32 99.32

SVM 99.09 99.12 99.09 99.08

RF 100 100 100 100

Cross-Validation (10-fold)

KNN 98.73 98.87 98.73 98.72

MLP 98.64 98.77 98.64 98.63

SVM 99.22 99.26 99.22 99.22

RF 99.55 99.59 99.55 99.54

3.2. Comparison with state of the art models. In the second experiment, the proposed RF

model was compared with two recent state-of-the-art methods. These methods were selected for

comparison because they represent the most recent advances reported in the literature while re-

lying on the same dataset, ensuring a fair and consistent evaluation. The first method, developed

by Stracqualursi [32], is an exponentially weighted ensemble that integrates various base clas-

sifiers such as KNN, Decision Trees, Random Forest, SVM, Naive Bayes, Logistic Regression,

and XGBoost. The evaluation scheme performed by the authors was to split into 80 percent for

training and 20 percent for testing, with an additional 30 percent of the training set reserved for

validation, which was used to determine the weights of each classifier. This procedure yielded

an accuracy of 99.8%. The second method, presented by Dey et al. [6], implements the XG-

Boost classifier, a gradient boosting ensemble algorithm that combines multiple decision trees
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sequentially with regularization. Their study employed a Hold-Out 70/30 validation scheme

and reported a maximum accuracy of 99.09% on the crop recommendation dataset. As men-

tioned, both studies employed the same Crop Recommendation dataset, which enables a direct

comparison under consistent conditions. Table 3 presents the accuracy values reported in their

work alongside those obtained in this study, a dashed (-) indicates the validation schemes that

were not considered by the authors.

TABLE 3. Comparison of Accuracy with state of the art model.

Method Accuracy

Hold-Out 70/30 Hold-Out 80/20 CV (10-fold)

Exponential-Weighted Ensemble [32] — 99.80% —

XGBoost [6] 98.51% — —

Proposed (RF) 99.70% 100% 99.55%

As shown in Table 3, the proposed RF achieved the highest accuracy across all evaluation

schemes, notably reaching optimal performance (100%) under the Hold-Out 80/20 strategy. In

contrast, XGBoost reported an accuracy of 98.51% exclusively under the Hold-Out 70/30 strat-

egy and did not provide results for other configurations. The Exponentially Weighted Ensemble

reported 99.80% accuracy under Hold-Out 80/20, but no results were presented for 70/30 or

cross-validation. It is also important to highlight that, unlike our study, neither Dey et al. [6],

nor Stracqualursi [32], employed cross-validation, relying exclusively on Hold-Out partitions.

This may limit the generalization of their results. By incorporating cross-validation, our study

strengthens the statistical robustness and reliability of performance estimates, confirming the

competitiveness of the proposed model against recent state-of-the-art methods.

4. CONCLUSION

This study demonstrates that machine learning techniques, when properly optimized, can

deliver highly competitive results in multiclass crop recommendation tasks. Random Forest

emerged as the most successful model, achieving flawless classification under the Hold-Out
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80/20 configuration and outperforming advanced techniques like the Exponentially Weighted

Ensemble and XGBoost.

These results highlight the importance of employing reliable and optimized models, particu-

larly in environments with limited resources. Likewise, the strong performance of the Hold-Out

80/20 partition across all classifiers confirms that this validation strategy achieves an appropri-

ate balance between training and evaluation reliability. The results also confirm the relevance of

integrating essential data preparation techniques, such as Min-Max normalization, into model

development, as this allows variables to be unified and supports a more stable learning process

for the classifier.

Overall, this work demonstrates that a well-tuned Random Forest model can provide a prac-

tical and accessible solution for precision agriculture, positioning itself above state-of-the-art

methods in terms of performance while offering greater computational efficiency. This makes

it a solid candidate for implementation in crop recommendation systems within agricultural

environments with limited infrastructure.
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