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Abstract: In the context of the increasing demands for food security, climate change, and resource sustainability, precision
agriculture has become a key approach to drive agricultural productivity. In this research, KRISHIMITRA, an explainable
machine learning model for crop recommendation is developed using Extreme Gradient Boosting (XGBoost). The system is
trained on a massive data set of 57,000 farming records, whereby 53,127 good quality samples for 55 different crop varieties
were chosen. The system uses environmental and soil factors such as temperature, relative humidity, soil pH, soil nutrients (N,
P, K), crop duration and water requirement as features. The XGBoost model exhibits outstanding classification performance with
a test accuracy of 99.22%, a cross-validation accuracy of 99.36% + 0.08% and a low train-test difference (0.24%) which suggests
its good generalisation ability. In order to improve interpretability, feature importance analysis is performed, with crop duration,
water requirement and relative humidity being the most significant features. The proposed model is compared with baseline
models, including Naive Bayes, Decision Tree, Support Vector Machine, Random Forest and Gradient Boosting, to validate the
results.The use of explainable Al provides transparency, enabling the system to be deployed in agricultural practice. The
findings demonstrate the promise of leveraging big data, ensemble methods and interpretability methods to advance precision
agriculture.
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I. INTRODUCTION
Agriculture is the backbone of human civilization and economies. In the context of India, where much of the population relies on
farming for their livelihoods, increasing crop yields and ensuring sustainability are crucial. But conventional farming practices are
often based on traditional knowledge, experience and trial and error, which are not enough to cope with the changing climate, soil
erosion and water scarcity [1].
Precision agriculture has brought about a revolution by leveraging contemporary technologies like Internet of Things (loT), remote
sensing and machine learning to support decision-making. One of the most promising areas of precision agriculture is crop
recommendation systems because of their potential to enhance crop productivity and resource utilization [2], [11].
While progress has been made, many crop recommendation systems have limitations including small data sizes, lack of scalability
and interpretability. Various machine learning algorithms, such as Decision Trees, Support Vector Machines and Neural Networks,
have been used in this field, but they either lack accuracy or are black-box models, which restrains their acceptance by farmers [3],
[13].
To address these issues, this research presents KRISHIMITRA, an intelligent crop recommendation system using XGBoost, an
efficient ensemble machine learning model that has achieved great success in many structured data problems. This system is capable
of processing large datasets and offering insights into the prediction process via feature importance analysis [4] [15].
In contrast to previous studies that have used smaller datasets, this study uses a much larger dataset (more than 53,000 cleaned
records) and 55 crop classes. This improves the model's accuracy and generalisation. Additionally, incorporating explainability
guarantees open and reliable recommendations.
The main contributions of this paper are:
e Large-scale crop recommendation model based on XGBoost
e Use of explainable Al to gain insights
e Thorough validation with cross-validation and metrics
o Benefits of multiple baselines
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e Practical implications with KRISHIMITRA

Il. LITERATURE REVIEW
In recent years, machine learning has been increasingly applied in agriculture. Initial research used rule-based and statistical
methods, which struggled to capture nonlinear interactions among environmental factors [5], [12].
Conventional machine learning techniques like Decision Trees and Support Vector Machines have been commonly applied for crop
recommendations. While Decision Trees are easy to understand, they tend to overfit; SVMs have better generalization but require
hyperparameter tuning and are slow with large data [6], [14].
Ensemble learning techniques, such as Random Forest and Gradient Boosting, have achieved better results using multiple weak
learners. Random Forest decreases variance using bagging, whereas Gradient Boosting reduces errors. In particular, XGBoost has
gained prominence as a cutting-edge algorithm, offering regularization, parallelism, and support for missing values [7], [8].
Meanwhile, Explainable Artificial Intelligence (XAIl) has emerged as an important area, particularly in sectors such as agriculture
where transparency and trust in decisions is essential. Methods like SHAP (SHapley Additive exPlanations) and feature importance
assist in model understanding and identification of key contributors [9], [10].
But current research is often constrained by small data and a lack of combining explainability and high predictive models. This
study fills these knowledge gaps through a large data, XGBoost and explainability approach.

1. DATA AND PREPROCESSING
This research used a dataset available on Kaggle, which is comprised of agricultural data with environmental and soil features. The
original dataset had 57,000 records. Following data preprocessing, such as filling in missing and inconsistent data, 53,127 records
remain.
It has 8 important features and 55 crop classes, and is thus a complex multi-class classification problem.
The data was split into a training set and test set:
e Training set: 37,188 samples
e Testing set: 10,626 samples
Preprocessing steps included:
e Removing missing data
e Normalization of feature values
Encoding crop categories
e Feature validation to ensure consistency
The increased dataset size and crop classes enhance the robustness of the model to be able to handle different farming environments.
Table 1: Dataset

Parameter Value
Initial Dataset Size ~57,000
Cleaned Dataset 53,127
Training Samples 37,188
Testing Samples 10,626
Features 8
Crop Classes 55

This study's dataset represents a large agricultural dataset, increasing the model's performance as demonstrated in table 1. A total of
53,127 records were kept after preprocessing for model training and testing. The presence of 55 crop classes makes the
classification task more challenging, and therefore more realistic and useful for a wide range of agricultural applications. The data
collection is balanced and can be used for training complex machine learning algorithms.

V. METHODOLOGY
KRISHIMITRA system uses the XGBoost algorithm, an optimized gradient boosting framework. This algorithm creates an additive
model in the form of an ensemble of decision trees, where each tree is built to predict the errors of the model.
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The model used grid search for hyperparameter optimization, and early stopping to avoid overfitting. The model converged at
iteration 786, demonstrating a good learning rate.

The model was validated using 5-fold cross-validation. The cross-validation scores are stable, with little variation.

The explainability is integrated by analysing feature importance, which measures the importance of different features in the model.
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Figure 1: 5-Fold Cross Validation Acuracy

Figure 1 shows the XGBoost model's performance with five-fold cross-validation. The accuracy across all folds is nearly 99%,
showcasing the model's stability. The low variability among folds suggests the model is robust to data splits, which is essential for
practical applications. The mean cross-validation accuracy of 99.36% shows that the model has good generalization ability.

Table 2: Model Performance Metrics

Metric Value
Train Accuracy 99.46%
Validation Accuracy 99.49%
Test Accuracy 99.22%
CV Accuracy 99.36% + 0.08%
Best Iteration 786
Train-Test Gap 0.24%

The evaluation results clearly show the success of the model as in table 2. The strong training, validation and testing accuracy
confirms that the model has good predictive power. The low train-test gap (0.24%) indicates the model is not overfitted.
Furthermore, the cross-validation accuracy and its small standard deviation show that the model is robust.

V. FEATURE IMPORTANCE ANALYSIS
The feature importance graph shows the relative importance of each of the input features as shown in figure 2. The length of the
crop is the most important feature followed by water demand and relative humidity. Nitrogen, phosphorus and potassium also play a
vital role in the prediction. This insight promotes transparency by showing how a model reaches a decision, which promotes user
confidence.
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Figure 2: Feature Importance

VI. RESULTS AND DISCUSSION
The distribution of the F1-scores across 55 crop classes is shown in figure 5. The majority of crops have F1-scores approaching 1.0,
which means high precision and recall. Some crops, like muskmelon and watermelon, have slightly lower scores due to similar
feature patterns. Overall, the model performs well across all classes.
The outcomes of the proposed KRISHIMITRA system highlight the potential of the XGBoost model for solving the challenging
multi-class crop recommendation problem. The performance assessment was performed using a massive dataset (53,127 processed
samples) with 55 crop categories, making the evaluation diverse and comprehensive. The XGBoost model was trained with tuned
hyperparameters and early stopping, and its results were assessed using a 5-fold cross-validation technique for robust and reliable
performance.
The results of the experiments suggest that the XGBoost model demonstrates outstanding prediction performance with a test set
accuracy of 99.22% and cross-validation accuracy of 99.36% + 0.08%. The low train-test difference of 0.24% indicates that the
model is not overfit but is able to generalize well. Beyond the top-level accuracy, we evaluated the model's performance in terms of
precision, recall and F1-score for each crop class, which shows consistently high performance with most classes scores approaching
100%.
And the findings are backed up by detailed visualisations, such as cross-validation, accuracy plots, feature importance, confusion
matrix and per-class performance. These plots not only confirm the efficacy of the proposed system but also offer insights into the
model's behaviour. The use of explainability via feature importance adds to the credibility of the system, making it fit for use in
agriculture.
In summary, the outcome demonstrates the proposed XGBoost-based KRISHIMITRA system has higher performance than
conventional machine learning models, and it offers a scalable, accurate, and explainable intelligent crop recommendation system
for precision agriculture.
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Figure 3 shows the results for various machine learning algorithms. Naive Bayes and Decision Trees have lower accuracy, as they
struggle to model complex interactions. Tree-based algorithms such as Random Forest and Gradient Boosting are more accurate.
But, XGBoost predicts with the best accuracy of about 99.34%, proving its effectiveness with large multi-class, agricultural data.
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Figure 4: Confusion Matrix (XG Model)

The confusion matrix in Figure 4 shows the classification results for all crop classes. The high values along the diagonal indicate
that most predictions are accurate. The few errors are due to confusion between crops with similar environments. This shows the
model's effectiveness and its capability to differentiate between multiple crop classes.
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Figure 5: Per-Class F1 Score Distribution

VII. DISCUSSION
The results of the experiments demonstrate the efficacy of the proposed KRISHIMITRA system in finding a data-driven solution to
the challenge of crop recommendation. The use of the XGBoost model outperforms conventional machine learning models, largely
because of its capacity to effectively manage complex non-linear relationships and deal with big data. The impressive accuracy on
training, validation and test datasets suggests the model is able to learn from the underlying patterns in the data without overfitting.
The stability in the 5-fold cross-validation results also confirms the model's effectiveness. The low standard deviations indicate the
model's consistency across different data splits, and it can be expected to perform well in a variety of farming environments.
Moreover, the feature importance analysis offers insights into what factors are important in determining crop choice, with crop
duration, water demand and relative humidity playing significant roles.
While the model performs near perfectly, there are some misclassifications between crops that have similar environmental needs.
This is a common scenario in multi-class classification with overlapping feature regions. However, the model's overall accuracy is
still very good. The explainability feature increases user confidence, not only making the system reliable but also explaining and
usable for precision agriculture.

VIIl.  CONCLUSION
This paper introduces KRISHIMITRA, an explainable and scalable crop recommender system, based on XGBoost algorithm, to
assist in smart decision-making for precision agriculture. Through the use of a large-scale dataset of more than 53,000 clean samples
and 55 crop classes, the proposed model has shown excellent predictive performance and scalability. Our findings reveal that
XGBoost achieves a test accuracy of 99.22%, and a cross-validation accuracy of 99.36% = 0.08%, suggesting good generalisation
and low overfitting.
The incorporation of explainable artificial intelligence is a major contribution of this study. The analysis of feature importance
shows that the duration of the crop, the water needed to grow it and relative humidity are the most important characteristics in
determining the suitability of a crop. This not only ensures the model's predictions are accurate, but also consistent with expert
understanding of crop management, which makes the system more trustworthy and useful.
The comparison study also validates that the proposed system is much better than the conventional machine learning approaches
(Decision Trees, Naive Bayes and Support Vector Machines) and other ensemble methods (Random Forest and Gradient Boosting).
XGBoost's capability to handle large data sets and interactions among features is well suited for agricultural purposes.
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Although the model is highly accurate, it can be further improved by using real-time data sources, such as I0T sensors, satellite
images, and weather prediction systems. This can help in making context-aware and real-time recommendations, making it more
valuable to farmers.

Overall, the KRISHIMITRA approach offers a highly accurate, transparent and scalable crop recommendation system. It can play a
crucial role in enhancing crop productivity, efficient resource management and promote sustainable agriculture in the precision

farming era.
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