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ABSTRACT

In India, selecting the right crop is essential due to diverse Agro-climatic conditions, such as soil
types and socio-economic factors. Traditional crop recommendation methods have evolved and
advanced by utilising the recent technologies in Artificial Intelligence (Al), Machine Learning (ML),
the Internet of Things (IoT), and computer vision, which have enabled smart crop recommendation
systems based on soil and climatic conditions. This review compares the methodologies, input
features, performance evaluation metrics, limitations, and practical applicability by examining
the publicly available agricultural datasets, including soil-characteristics, environmental factors,
and previously harvested crops available in the open agricultural datasets from sources like Open
Government Data Platform India (n.d.) and Kaggle. This study identifies key research limitations,
including the drawbacks of model generalisation or integrating varied data, explainability,

scalability, and real-world applications in the

agricultural field. By this structured literature,

best performing model was identified on
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These models were evaluated on the following performance metrics as precision, recall, F1-score,
accuracy and model inference time amongst which Gaussian Naive Bayes results to be accurately
precise and fastest, making it effective for real-time applications.

Keywords: Boosting, climate, crop prediction, deep learning, machine learning

INTRODUCTION

Agriculture contributes significantly on nations’ economy and sustenance, making
the need for precision and efficiency in crop recommendation more pronounced.
The parameters on which the best crop cultivations depend are humidity, P-N-K
nutrient levels, rainfall, temperature and pH values of soil. Farmers face problems in
selecting the most suitable crop for optimal yield and profitability because of India’s
vast diversity in the types of soil, agroclimatic conditions and socio-economic factors
(Afzal et al., 2025). This necessity has become increasingly evident with continuous
variation in climate patterns, fluctuating market demands, and the imperative to ensure
food security for a burgeoning population. The traditional soil prediction techniques
used by farmers are based on their intuitions and experiences, which sometimes fail to
manage the soil properly, due to which the crop production being less than expected
(Boudouda & Boukallel, 2025). However, such methods are subjective, limited in
scope, and may not always leverage the full potential of available data and technology.
Additionally, the conventional approach does not adequately account for the impacts of
climate change, market trends and advances in agronomic research. By using Machine
learning for the integration of microbiome sequencing, a tool is used to increase the
prediction of soil by 18% as compared to the traditional soil prediction techniques
(Gambhir et al., 2025). Dahiphale et al. (2025) provide an overview of the highly
accurate Neural Network Models by performing on the Kaggle dataset (Ingle, 2020).
However, the accuracy still depends on clean, well-labelled data, which is not feasible
in real life. It was observed that the existing research has explored machine learning
approaches, which include XGBoost and Neural Network for a crop recommendation
system, which demonstrated promising predictive performance measures (Gawade
et al., 2023). As machine learning uses advanced data processing and prediction
techniques, the patterns to study large sets of information like soil quality, weather,
past crop results, market trends and farmer conditions can be improved to suggest the
best crop choices for production, which presents challenges that result in enhancing
agricultural productivity, sustainability and resilience.
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LITERATURE REVIEW

Agriculture plays a crucial role in global food security as crop management is highly
essential for maximising crop yield and sustainability. With the advancement in
technologies like Machine Learning, Deep Learning, and Internet of Things, intelligent
systems are proficient in analysing complex agricultural data, including the variations
in climatic conditions and crop characteristics. Suggestions for crop cultivation,
yield forecasting, soil classification, and resource management are made using these
intelligent systems. By integrating sensor-based data acquisition techniques, the
evaluation of existing solutions featuring selection methods and predictive model
techniques has obtained highly accurate and reliable outcomes. Table 1 is the literature
review showcasing the assessment of the existing approaches, articulating their key
algorithms, datasets, performance metrics and identifying the gaps for future research
in the agricultural sector.

The study on crop prediction, recommendation, and soil analysis was done by
demonstrating diverse applications of machine learning (ML) and deep learning (DL)
techniques combined with loT-enabled data collection. Models such as Random Forest,
XGBoost, and LightGBM ensembles various research by achieving high predictions, often
outperforming traditional models’ decision trees, KNN, and nonlinear regression (Bouni
et al., 2022; Cema & Kaliappan, 2022; Kiruthika & Karthika, 2023; Priyadharshini et
al., 2021). Meta-heuristic optimisation and feature selection methods, including IDSCO,
CJO, SMOTE, and Grey Wolf Optimisation, further enhance selection performance and
reliability (Alshahrani et al., 2023; Gautam et al., 2022; Raja et al., 2022). Enabling
models such as WLSTM, ANN, and SVM to adapt to regional conditions by loT-based
soil and environmental data was frequently leveraged for real-time or near-real-time
analysis (Chauhan et al., 2023 ; Teja et al., 2022). While many approaches achieved
remarkable accuracy, most were limited by dataset size, regional specificity, or the number
of features considered, indicating potential challenges in generalisation (Jeyanathan et
al., 2023; Ramya & Sankar, 2023; Swetha et al., 2023). These studies demonstrate the
efficiency of hybrid ML-DL integrated with an optimised data preparation pipeline and
sensor-based data collection for precise crop recommendation, soil classification, and
yield prediction, offering insights for the development of scalable, intelligent agricultural

decision support systems.
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DATASET

Exploratory Data Analysis was performed to understand the dataset before proceeding with
model comparison, to identify the statistical data of the variables and to inspect the features
and crop-specific environmental patterns. This provided a comprehensive overview of the
dataset and helps in a reliable machine learning framework for crop recommendation.

Dataset Description

This review utilises the publicly available Crop Recommendation Dataset, which is a
benchmark dataset for crop recommendation systems. The dataset was available on Kaggle,
and it contains 2,200 rows of observations, which are equally distributed amongst 22 crop
classes (Singh, 2023). The dataset is a balanced distribution of observations, having 100
samples for each crop category, which reduces the data preprocessing and provides an
unbiased comparison among different classification algorithms.

This dataset contains seven numerical predictor variables having soil nutrient
composition and climatic conditions, such as Nitrogen (N), Phosphorus (P), Potassium (K),
temperature, humidity, soil pH, and rainfall, with the crop classes as the target variable.
These predictor and target variables together showcase the soil fertility and environmental
factors required for the recommendation of the most suitable crop.

The target variable comprises 22 crop classes, such as apple, banana, blackgram,
chickpea, coconut, coffee, cotton, grapes, jute, kidneybeans, lentil, maize, mango, mothbeans,
mungbeans, muskmelon, orange, papaya, pigeonpeas, pomegranate, rice and watermelon.

Before analysing the data, the dataset was examined to identify the data quality
issues, including missing values, duplicate records, variation in data types, and invalid
observations. No missing values or inconsistent data were found, resulting in the dataset
being completely clean and consistent. Certain observations contain zero values for the
nitrogen variable, but this leads to valid measurements. Hence, no observations were
removed during the data preprocessing stage.

Figure 1 displays the G Pueeetion of Crop Clammes__
distribution of the 22 crop
classes. Each crop category
contains exactly 100
observations, indicating a

e

i

Number of Samples

balanced multi-class dataset. u

This reduces the biases .
E A A LSS I AT IS TS
towards any crop class and SHA LTSS TSIy & e

Crop

contributes to fair comparative
evaluation of all machine Figure I. Crop class distribution

learning classifiers.
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Statistical Characteristics of the Dataset

The corresponding feature distribution is mentioned in Figure 2.

Digtribution of Numerical Fealures

T
== bletn

W I m
K

Figure 2. Distributive representation of statistical features

Figure 2 contains numerical predictor variables that show diverse statistical

characteristics exhibiting variations in environmental factors. Potassium and rainfall show

relatively higher positive skewness, whereas temperature and soil pH contain comparatively

symmetric distributions. The Shapiro-Wilk normality test was performed to show the

deviation of these numerical features from a normal distribution (p < 0.05).

Correlation Analysis

Pearson Correlation Analysis was performed
to inspect the inter-feature relations of
variables. The correlation matrix is presented
in Figure 3.

Weak linear correlation is exhibited by
most of the feature pairs, which indicates
limited multicollinearity within the dataset.
It is observed that the highest positive
correlation is between Phosphorus and
Potassium (r = 0.74), while the other
remaining feature pairs show relatively
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Figure 3. Pearson correlation matrix for inter-feature
relationships
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weak positive or negative correlations. All predictor variables were retrained for subsequent
model development, as no correlation coefficient exceeded the commonly accepted
multicollinearity threshold (Jr[>= 0.80)

Identification of Outliers and Analysis

Figure 4, illustrating the Box Plots, and Table 3 displaying the Interquartile Range (IQR)
were used to investigate the variability and presence of potential outliers within the

numerical features.

Boxplots of Numerical Features

r

teaips rakure

i

|

Figure 4. Box Plot showing median, quartiles and possible outliers for numerical features

Table 2

Overview of the interquartile range outlier for the dissemination of median features

Fawre Q1 @ IgrR  gon R e

N 21 84.25 63.25 -73.875 179.125 0 0

P 28 68 40 -32 128 138 6.27
K 20 49 29 -23.5 92.5 200 9.09
temperature 22.769 28.562 5.792 14.081 37.25 86 3.91
humidity 60.262 89.949 29.687 15.732 134.479 30 1.36
pH 5.972 6.924 0.952 4.544 8.352 57 2.59
rainfall 64.552 124.268 59.716 -25.022 213.841 100 4.55
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Table 2 contains the outliers primarily observed in potassium, phosphorus and
rainfall, where it was observed that these refer to the naturally occurring environmental
variability rather than the false measurements and were therefore retrained. Dataset values
were preserved adequately to improve the practical applicability of the developed crop
recommendation models for diverse agricultural conditions.

Feature Relevance Analysis

Mutual Information (MI) analysis was performed to estimate the contribution of each
predictor variable toward crop classification, whose result feature ranking can be seen
in Figure 5.

Feature Ranking using Mutual Information

Tumidity

rainfall

Feature

temperature

ph

.00 +.25 0.50 135 1.50 175

0,75 109
Mutual Information Score

Figure 5. Ranking of mutual information of features showcases a stronger relationship or dependency between
features and target variables

The most informative predictor identified was humidity, followed by potassium,
rainfall, phosphorus, temperature, nitrogen and pH of soil. It was observed from the
rankings that both climate and soil nutrient variables contribute substantially to crop,
which supports the inclusion of all 7 predictor variables in the comparative machine
learning study.

Crop-wise Environmental Characteristics

The average feature values of each crop were standardised using Z-score normalisation
and visualised as a heatmap to facilitate agronomic interpretation, which can be observed
in Figure 6.
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Crop classes vary as per the
distinct environmental profiles.
Highest standardised rainfall
values are exhibited by rice,
which confirms its dependence on
high-water conditions, whereas
characteristics of coconut are
observed in elevated humidity
and rainfall. Nutrient-rich soil
requirements are observed in
apples and grapes, as it requires
comparatively higher phosphorus

and potassium. Whereas lower

humidity and temperature Figure 6. Heatmap illustrating standardised crop-wise soil and
conditions are associated environmental characteristics

with chickpea, which requires

relatively higher soil pH values. The dataset effectively captures meaningful variations
in environmental conditions across different crop classes, which are consistent with the

agroeconomic knowledge.

METHODOLOGY

The crop Recommendation dataset ensures balanced class distribution as the dataset
comprises 2,200 instances equally distributed across 22 crop classes with 100 samples
per class. The dataset was divided into 80:20 subsets of training and testing. To guarantee
reproducibility of the experimental results, a fixed random seed (random_state = 42) was
used during the dataset partitioning. Stratified 5-Fold Cross-Validation was performed
to assess the robustness and stability of each classifier. The mean accuracy and standard
deviation across the folds were recorded for comparative analysis.

10 Machine Learning models, viz. SVM, KNN, Random Forest, Gaussian Naive
Bayes, XGBoost, Gradient Boosting, AdaBoost, LightGBM, Bagging and CatBoost were
trained and implemented on the above discussed dataset. To avoid information leakage
into the test set, hyperparameter tuning was carried out exclusively using GridSearchCV
for models with relatively smaller search spaces and RandomisedSearchCV for ensemble
boosting algorithms.

A non-parametric statistical hypothesis test was performed to determine whether the
observed differences among the evaluated classifiers. To compare the overall performance
of all classifiers across multiple evaluation folds, the Friedman test was performed. Pairwise
Wilcoxon Signed-Rank tests were conducted as post-hoc analyses to identify significant
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differences between closely performing models when statistically significant differences
were detected.

Support Vector Machine (SVM)

Support Vector Machine (SVM) is a powerful classification algorithm that finds the optimal
hyperplane to separate different classes in the feature space. SVM is particularly effective for
crop recommendation systems when the decision boundaries between different crop types
are complex. Its ability to work well in high-dimensional spaces ensures that even subtle
differences in features such as soil nutrients and climatic conditions are considered. SVM
makes the classification between the different crop types (classes) robust by maximising
the margin, and tackling the complexity by running many small, accurate comparisons,
which are highly reliable for suggesting the best crop according to the accurate efficiency
showcased by this method.

K-Nearest Neighbours (KNN)

In the K-Nearest Neighbours (KNN) method, for accurate crop selection, a new data point
based on the most similar existing farm data aligns with real-world conditions, that results
into useful approach when diverse agricultural datasets are used instead of assuming the
data. This adapts to the data distribution method naturally and is useful when specifically
taking into consideration the local parameters like soil and climate. By cross-validation,
the value of the nearest neighbour (k) for selection of the best crop fit for agriculture was
determined. In this case, the highest accuracy was obtained at k equal to 4.

Random Forest

In Random Forest, multiple decision trees are combined to provide the best classification
accuracy. It handles complex interactions among different variables, as crop recommendation
depends on various factors which interact with each other in a complex manner, improving
generalisation. The data is hidden, and the risk of overfitting is reduced by averaging
multiple decision trees, resulting in a convoluted and non-linear relationship between the
parameters. Large datasets with numerous features can be processed by Random Forest,
which analyses them comprehensively. This potential identifies the most effective factors
that affect better recommendations in crop selection.

Gaussian Naive Bayes (GNB)

Gaussian Naive Bayes is a programmable machine learning classifier that showcases
output following Bayes’ Theorem, which is a method used in probability. The classification
can be done on smaller continuous datasets as well if the attributes follow a Gaussian
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distribution, requiring less computational resources, that results into fast predictions. It
has a strong assumption of feature independence, which retains reasonably true value in
practice, regardless of its simplicity. Studying the crops based on attributes’ probability
combinations, GNB provides fast and interpretable results by giving probabilistic outputs
that help in understanding the certainty of each recommendation, sanctioning more
informed decision-making.

XGBoost

In this study, several machine learning models such as decision trees, random forests,
K-nearest neighbours, and neural networks are used to analyse soil and crop data, but
XGBoost (Extreme Gradient Boosting) deliver the best results. XGBoost improves its
predictions step-by-step by learning from previous errors, which allows it to accurately
understand complex and nonlinear relationships between soil, climate, and crop parameters.
XGBoost includes regularisation techniques that prevent overfitting, optimises performance
of the model on new data, and prove to be highly effective for crop recommendation.
Research on the usage of XGBoost along with other models, in comparison, helps to
identify the most efficient approach for precise agriculture decision-making.

Gradient Boosting

Gradient Boosting starts with the basic prediction and gradually learns from the mistakes.
Based on factors like soil condition, weather, and past crop results, every new step solves
the error that occurred previously, improving the recommendation over the passage of
time, which goes well in the vibrant farming areas, resulting in more reliable suggestions
to the farmers.

AdaBoost

Correcting prediction errors through iterative learning is focused by AdaBoost, though it
requires further optimisation to fully leverage historical and environmental data for crop
recommendations. Its iterative approach improves model performance over time, showing
potential for enhancing accuracy with continued refinement and adjustment.

LightGBM

Large amounts of data are efficiently handled quickly by LightGBM because of its speed; it
can provide crop recommendations in real time using the latest information. This makes it
useful in farming situations where decisions need to be made fast to improve productivity
and maintain sustainable practices.
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Bagging
Bagging enhances the crop recommendation stability by averaging the predictions from
multiple models trained on distinct data samples. It ensures the consistent performance

across diverse agricultural practices, which improves the reliability in the decision-making
process, resulting in a moderate impact of the outliers.

CatBoost

The management of the categorical variables commonly used in agricultural datasets is
done by CatBoost. The effective incorporation of these features into the model optimises
the prediction process of the suitable crop as per the real time scenarios. This ensures
reliable recommendations, rendering it appropriate for precision agriculture applications
where accurate integration of categorical data, essential for decision-making and resource
optimisation, is obtained.

Table 3
Comparison of different models based on various METRICS

Model Accuracy Blf;zif':)SI(?’Z) Recag%l\;[acro F1 macro (%) Mode}rg::lf:rence
Bagging 99.55 99.57 99.55 99.55 0.012039958
Random Forest 99.32 99.35 99.32 99.32 0.042236809
CatBoost 99.32 99.37 99.32 99.32 0.002705756
g:;::mn Naive 99.32 99.37 99.32 99.32 0.001809618
LightGBM 98.86 98.91 98.86 98.86 0.048731084
SVM 98.86 98.97 98.86 98.86 0.011766945
XGBoost 98.86 98.94 98.86 98.85 0.015371169
gf)i‘iﬁ; 98.64 98.75 98.64 98.64 0.032235853
KNN 98.18 98.23 98.18 98.17 0.008214612
AdaBoost 91.13 93.31 91.13 90.11 0.027248464

Gaussian Naive Bayes achieved one of the highest overall performances while
maintaining the lowest inference time, demonstrating its suitability for real-time crop
recommendation systems among the evaluated methods. Ensemble-based approaches such
as Random Forest, XGBoost, and Bagging also produced competitive results, whereas
AdaBoost exhibited comparatively lower predictive performance. Bagging achieved the
highest predictive accuracy of 99.55% among the evaluated classifiers. However, Gaussian
Naive Bayes achieved a comparable classification performance of 99.32% while exhibiting
the lowest computational overhead in terms of both training and inference time. Even
though Bagging provides the highest predictive performance, Gaussian Naive Bayes offers
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a more favourable trade-off between accuracy and computational efficiency, making it
suitable for practical crop recommendation applications.

RESULTS AND DISCUSSIONS

As depicted in Figure 7, 10 various machine learning models, SVM, KNN, Random Forest,
Gaussian Naive Bayes, XGBoost, Gradient Boosting, AdaBoost, LightGBM, Bagging,
and CatBoost are trained on the same dataset with 7 features, with 22 crop types. As
depicted in the results in Table 3, CatBoost, Gaussian Naive Bayes, Random Forest, and
Bagging are the top performers with accuracy of 99.31%, 99.31%, 99.31%, and 99.54%,
respectively. While LightGBM, SVM, XGBoost, Gradient Boosting, and KNN were the
moderate performers, they reached the accuracy of 98.86%, 98.86%, 98.86%, 98.63%
and 98.18%, respectively. AdaBoost achieved the least accuracy of 91.13%, respectively,
because AdaBoost’s reweighting points give priority to hard-to-classify samples, which
are either overlapped or can disturb the generalisation. These models are also compared
based on their inference time, which is shown in Figure 8. Hence, this shows that models
like CatBoost or Naive Bayes are better comparatively. The Comparative analysis in Figure
8 shows that the inference time of all 10 models, where Gaussian Naive Bayes proves to
have the least inference time of 0.00295s.

PREEISION, RECALL, F1-SCORE AND ACCURACY == Futhion == hoal == Fiicue e doiey
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M
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Figure 7. Visual representation of performance measures for various models
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Figure 8. Comparison of inference time across ten classifiers
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EXPLAINABLE AT ANALYSIS

To improve the interpretability of the comparative machine learning algorithms for crop
recommendation systems, Explainable Artificial Intelligence (XAI) analysis was performed
using Shapley Additive exPlanations (SHAP) on the Gaussian Naive Bayes classifier.
SHAP combines the contribution of each input feature utilised for model predictions and
provides both global and local explanations. This provides a comprehensive reasoning for
the quantitative performance metrics by showcasing how the agro-climatic factors affect
the crop recommendation decisions.

Figure 9 presents the global Beeswarm Plot that provides a summary of the contribution
of all input features across the dataset. From the plot, potassium (K) has the strongest
overall influence on crop prediction, followed by rainfall and humidity. Temperature
shows moderate importance, while nitrogen, phosphorus, and pH have comparatively less
contribution. This plot indicates that the variations in both soil and climatic variables are
the factors affecting model predictions for all crop classes.

Figure 10 demonstrates the ranking of the features based on their absolute SHAP values.
This ranking correctly depicts that potassium is the most influential feature, followed by
rainfall, humidity, and temperature. The less important features, nitrogen, phosphorus,
and pH, show that these variables provide minimal contribution to the prediction. The
similar result in the SHAP Beeswarm Plot and Bar Plots indicates the correct importance
hierarchy of the features.
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Figure 9. Dense summary of top features using SHAP Beeswarm Plot
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Figure 10. Global importance of each feature using the SHAP Bar Plot
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Figure 11 illustrates how each feature contributes to the final decision of crop
recommendation. It provides the overall contribution of soil nutrients and climatic variations
that improves the overall interpretability of the evaluated models.

fix) = 0.2

0,264 = humidity
02696 = rainfall
e
1961 = temperature } +0
5 = ph ‘ 40

0.050 0075 0100 0125 0150 0.175 0.200 0.225
ELfXN = 0.04

Figure 11. Proportional relationship between features and their contribution to the model

CONCLUSION

This research shows that machine learning assists farmers in determining which crops are to
be grown, predicting accurate and tailored outcomes for each specified data characteristic.
The diversity in datasets, like unpredictable weather and market fluctuation, is easily
handled by this approach. Various models as SVM, K-Nearest Neighbours, Random Forest,
Gaussian Naive Bayes, XGBoost, Gradient Boosting, AdaBoost, LightGBM, Bagging, and
CatBoost unveils the significant enhancement in agricultural productivity, sustainability, and
resilience. Bagging achieved the highest predictive accuracy (99.55%) among the evaluated
classifiers. However, Gaussian Naive Bayes achieved comparable classification performance
(99.32%) while exhibiting the lowest computational overhead in terms of both training and
inference time. Even though Bagging provides the highest predictive performance, Gaussian
Naive Bayes offers a more favourable trade-off between accuracy and computational
efficiency, making it suitable for a practical crop recommendation application.
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