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ABSTRACT

The machine learning method for crop and fertilizer recommendations is presented in this study
in an effort to improve agricultural productivity. By combining the strengths of XGBoost and
Random Forest algorithms through an ensemble model, this system provides customized
recommendations based on important soil and environmental parameters, such as temperature,
humidity, rainfall, pH, nitrogen, phosphorus, potassium, and other indicators for the optimal
crop growth and yield. Using a soft voting technique, the model outperforms traditional single-
model systems by averaging predictions from both algorithms to attain a high level of accuracy
beyond 98%. This ensemble design captures the high accuracy of XGBoost with its data-
handling capabilities while balancing it with Random Forest’s strength and reduced overfitting
and also making the model in many different kinds of agricultural environments.

Precision and computational efficiency were demonstrated by the model, which was trained on
a dataset of 3,610 samples with an additional 903 samples set aside for testing. Although it
takes longer to train, XGBoost helps by producing extremely accurate predictions. Random
Forest helps by training more quickly and maintaining performance even when dealing with
many different kinds of data. When combined, these models produce an efficient system that
can be adjusted to various soil types and climates, empowering farmers to make data-driven,
well-informed decisions for sustainable farming.

This study demonstrates how ensemble learning can revolutionize precision agriculture by
assisting farmers in making the best decisions possible to enhance crop yield and resource
management while encouraging sustainable practices. Real-time data integration may be
incorporated into future research to increase the model's adaptability to shifting agricultural
conditions. All things considered, this system improves the use of machine learning in the
agricultural sector by offering farmers a strong tool to help them in making profitable and
sustainable agricultural decisions.

Keywords: Ensemble model, Machine learning, Crop and Fertilizer recommendation,
Sustainable agriculture, XGBoost, Random Forest.

1. Introduction

Crop selection and usage of fertilizers are crucial for maximizing yield and preserving soil
health, making agriculture a vital component of the world economy. Unfortunately, traditional
methods for recommending crops and fertilizers frequently depend on broad principles that
might not take into account particular soil and climate conditions, which results in inefficient
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resource use and less than ideal crop cultivation. Machine learning presents a promising
solution to the growing need for data-driven and sustainable agricultural practices by providing
accurate, personalized recommendations suited to particular agricultural contexts.

The accuracy of predictions for complex tasks has been significantly improved by recent
developments in machine learning [1, 2]. Ensemble models which combine XGBoost and
Random Forest algorithms have gained attention due to their ability to handle large datasets,
reduce overfitting, and balance prediction stability [3]. In this research, we propose an
ensemble model that combines the strengths of XGBoost and Random Forest through a soft
voting mechanism to improve crop and fertilizer recommendations. This model provides a
comprehensive evaluation of soil suitability for crop selection and fertilizer optimization by
incorporating important agricultural parameters such as temperature, humidity, rainfall, pH,
nitrogen, phosphorus, potassium, and rainfall. The main objectives of this study are to develop
a high-accuracy recommendation system and to contribute to sustainable agricultural practices
by reducing, this work uses ensemble learning to provide accurate agricultural
recommendations, addressing the shortcomings of traditional approaches. To improve
adaptability in a variety of agricultural contexts, future advancements might incorporate real-
time data and other algorithms.

2. Recent Work

Applications of machine learning in agriculture have made significant improvements, with a
particular emphasis on creating reliable models that optimize crop yield and fertilizer
suggestions. Ensemble models are becoming more and more popular because of their high
accuracy in handling complex agricultural data and producing accurate predictions, especially
when XGBoost and Random Forest are combined.

2.1 XGBoost and Random Forest in Agricultural Prediction

Recent research highlights the usefulness of Random Forest and XGBoost in agriculture due
to their capacity to simulate complex interactions between crop yield and environmental and
soil factors. The gradient boosting framework XGBoost is well-known for handling a variety
of features, including soil nutrients and climate conditions, and for being effective with big
datasets [4]. In agricultural data, where variables like soil pH, nitrogen, phosphorus, and
potassium levels can vary greatly, overfitting is a common problem that Random Forest's
ensemble of decision trees excels at handling [5]. Both algorithms have demonstrated a high
degree of accuracy in forecasting crop yield and suitability.

2.2 Combining Models with Ensemble Learning

Soft voting the ensemble model have gained popularity as a way to leverage the advantages of
both Random Forest and XGBoost. Soft voting in ensemble learning involves averaging each
model's prediction probabilities to produce a final recommendation that is accurate and
balanced. In order to achieve high accuracy in real-time crop recommendation, Komala Devi
K et al. developed an ensemble approach. This shows that ensemble learning performs better
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in dynamic agricultural environments [6]. The model's strength and dependability across a
variety of datasets are improved in this project by combining predictions from XGBoost and
Random Forest using a similar soft voting mechanism.

2.3 Feature Selection for Precision Agriculture

Selecting characteristics that directly affect crop health and yield, such as nitrogen (N),
phosphorus (P), potassium (K), pH, temperature, humidity, and rainfall, is crucial, according
to recent studies. Such parameters were included in a crop yield prediction model by Bhasha
et al., demonstrating that thorough information on soil and climate variables greatly improves
model accuracy [4]. Similar agricultural characteristics are employed in this study to guarantee
a comprehensive evaluation of crop and fertilizer suitability, providing a comprehensive
perspective of soil health.

2.4 Evaluation Metrics

The performance of our model is assessed using metrics such as accuracy, precision, and recall,
which is in line with recent studies. The project's high accuracy of 99.6% corresponds with
recent research on the effectiveness of ensemble approaches, proving that precision agriculture
can be reliably supported by combining Random Forest's stability with XGBoost's accuracy.

3. Proposed Work Explanation

To provide precise crop and fertilizer recommendations based on unique agricultural
parameters, we present an ensemble machine learning model in this work that combines the
XGBoost and Random Forest algorithms. Ensemble models are excellent at utilizing the
complementary strengths of individual algorithms; in this case, Random Forest adds stability
and minimizes overfitting by averaging predictions across several decision trees, while
XGBoost handles large and varied agricultural data to provide high prediction accuracy.
Ensemble learning has become a standard approach in predictive modeling due to its ability to
improve model performance by combining multiple algorithms. By averaging their probability
outputs, XGBoost and Random Forest are able to make equal contributions to the final
prediction through the ensemble model's soft voting mechanism. For complex agricultural
datasets containing variables like nitrogen (N), phosphorus (P), potassium (K), pH,
temperature, humidity, and rainfall, this method increases accuracy while preserving model
robustness. These characteristics have a direct impact on crop yield and soil fertility, and the
model's design enables it to evaluate each characteristic based on how it affects overall
prediction accuracy.

This work’s computation section combines the prediction probabilities of Random Forest and
XGBoost by implementing soft voting in ensemble learning. By averaging each model's
outputs, this procedure produces a final recommendation that maintains a balance between
accuracy and dependability. The ensemble model is a useful tool for precision agriculture since
it not only achieves high accuracy but also shows scalability and adaptability across a range of
soil and climate conditions. By offering customized solutions based on empirical data and
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particular agricultural needs, this model successfully addresses issues with conventional crop
and fertilizer recommendations. The Proposed block diagram for the system has been shown
in the Figure 1.
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3.1 Mathematical Expressions and Symbols

To increase the accuracy of crop and fertilizer recommendations, this work uses an ensemble
model that combines the Random Forest and XGBoost algorithms with a soft voting
mechanism. By averaging the prediction probabilities of both models, this combination takes
advantage of their strengths and produces more dependable results.
To identify the most likely class, the soft voting method averages the probability predictions
made by Random Forest and XGBoost. This procedure balances out individual model biases
and improves prediction accuracy, which makes it especially useful in ensemble models.
Let:

e Pxcgoost (Ci) represent the probability predicted by the XGBoost model for class Ci,

e Pgrr (Ci) represent the probability predicted by the Random Forest model for class Ci.
The combined probability for each class Ci in the ensemble model is calculated by averaging
the probabilities from both models:

PxGBoost (Ci) + Prr (Ci)

PEnsemble (Ci) = >

The class with the highest combined probability is chosen as the final prediction Cpredicted :
Chredicted = arg Ci max Pensemble (Ci)

To evaluate the accuracy of the ensemble model, the Cross-Entropy Loss function is used,
measuring the error between predicted probabilities and true class labels:
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N M
LcE= 2 2 Vi log (pi)

where i=1 i=1
e N is the number of samples.
e M is the number of classes.
e yijis the true label (1 if sample iii belongs to class j, otherwise 0).
e pjj is the probability predicted by the model that sample iii belongs to class j.

The model’s performance is evaluated using the following metrics:

Accuracy

Accuracy measures the proportion of correct predictions out of the total predictions, providing
an overall view of model performance. It is calculated as:

Number of Correct Predictions

Accuracy =
Total Number of Prediction

Precision

Precision is particularly valuable in contexts where false positives are costly. For each class C;,
Precision represents the proportion of true positive predictions out of all positive predictions.
It is calculated as:

True Positives (TP)

Precision = - ]
True Positives (TP) + False Negative (FN)

High Precision means that when the model predicts a specific crop or fertilizer, it is likely to
be correct, minimizing unnecessary recommendations that could lead to resource waste.

Recall

Recall captures the model’s to identify all relevant instances of a class. For each class Ci ,
Recall is the ratio of true positives to the sum of true positives and false negatives, calculated
as:

True Positives (TP)

Recall =
True Positives (TP) + False Negative (FN)

Page 319 of 323



ISSN (Online): 2583-7052

International Journal of Advanced Trends in Engineering and Management (IJATEM)
pp. 315-323

F1 Score

The F1 Score combines Precision and Recall into a single metric, calculated as the harmonic
mean of the two. This balance is especially useful in agriculture, where both Precision and
Recall are crucial for practical applications.

Precision X Recall

F1 Score =2 x
Precision + Recall

4. Results and Discussion

Accuracy, training time, and prediction reliability in crop and fertilizer
recommendations were evaluated for the ensemble model that combined XGBoost and
Random Forest. A summary of important metrics that stands out the performance of the
individual models with that of the ensemble model is shown in Table 1 below. Soft voting was
successful in combining predictions from both algorithms, as evidenced by the ensemble’s
overall accuracy rate of 99.67%.

Table 1: The performance of the individual models with that of the ensemble model

Accuracy for Crop Accuracy for
Model Dataset Fertilizer Dataset
Random Forest 99.73 % 98.89 %
XGBoost 99.61 % 99.04 %
Ensemble Model 99.67 % 98..96 %

Each of the two models, Random Forest and XGBoost, independently achieved a high accuracy
of 99.73% and 99.61% for crop and 98.89% and 99.04% for fertilizer recommendation.
However, by balancing the advantages of both algorithms, the ensemble model had almost
equal accuracy (99.67%). With XGBoost's capacity to manage high-dimensional data, this
combined model offers the stability of Random Forest, which minimizes overfitting by
averaging multiple decision trees. A model that retains accuracy across various data samples
and effectively adjusts to complex agricultural datasets is the end result.

Analysis of Feature Importance and Its Applications

In Table 1, an analysis of feature importance verified and ranked that the most important
parameters were temperature, pH, and nitrogen (N), phosphorus (P), and potassium (K). This
result is in line with best practices in agriculture, which emphasize the importance of soil pH
and nutrient levels for crop health and yield. The recommendation process is made more
transparent by the model's ability to rank these features, which aids farmers in understanding
which factors have the biggest influence on their choices regarding crops and fertilizer.
Furthermore, the model's ability to adapt to particular climatic conditions is improved by the
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inclusion of weather factors like humidity and rainfall, which makes it extremely relevant for
precision agriculture.

Table 1: An analysis of importance features have shown below

Features Importance Score
Nitrogen (N) 0.23
Phosphorus (P) 0.18
Potassium (K) 0.17
pH 0.14
Temperature 0.12
Humidity 0.10
Rainfall 0.06

Implications for the Future

Even though the ensemble model works well with historical data, real-time data integration via
Internet of Things devices could be improved in the future to allow the model to dynamically
adjust to shifting environmental and soil conditions. This development would further support
sustainable and data-driven decision-making by making the model even more useful for
farmers dealing with quickly changing agricultural environments.
In conclusion, the ensemble model shows how effective machine learning can be in agricultural
settings. The model achieves high accuracy, practical reliability, and adaptability across a range
of conditions by combining Random Forest and XGBoost, supporting resource optimization
and sustainable farm

5. Conclusions

This study presents a machine learning-based recommendation system that uses an ensemble
model combining the Random Forest and XGBoost algorithms to improve the accuracy of crop
and fertilizer recommendations. With a high accuracy of 99.67%, the model uses soft voting to
strike a balance between Random Forest's resilience and XGBoost's ability to handle complex
data, making it suitable for a variety of agricultural settings. This precision highlights the
model's potential as a trustworthy instrument for precision farming, offering farmers data-
driven suggestions based on critical soil and climate factors like temperature, pH, phosphorus,
potassium, and nitrogen.

However, the model relies on historical data, which may limit its use in regions with limited or
changing data. Future enhancements could include real-time data integration and additional
algorithms to increase adaptability and relevance across different crops and regions. Overall,
this study shows how machine learning can be used to improve precision agriculture, assisting
farmers in making sustainable, optimal decisions and opening the door for more developments
in data-driven farming.
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