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Abstrak

Prediksi hasil panen yang akurat sangat penting untuk perencanaan pertanian,
ketahanan pangan, dan praktik pertanian berkelanjutan. Metode prediksi hasil panen
tradisional seringkali gagal menangkap hubungan kompleks dan non-linear antara faktor
lingkungan dan praktik pengelolaan pertanian, seperti penggunaan pestisida. Model yang ada
sering kali lebih fokus pada faktor iklim tetapi mengabaikan dampak aplikasi pestisida
terhadap hasil panen. Berdasarkan keterbatasan ini, penelitian ini mengusulkan pendekatan
prediksi hasil panen menggunakan algoritma regresi AdaBoost, yang mengintegrasikan
variabel iklim dan penggunaan pestisida. Model ini dievaluasi menggunakan metrik regresi
standar, termasuk koefisien determinasi (R2?), Mean Absolute Error (MAE), dan Root Mean
Square Error (RMSE), dan hasil eksperimen menunjukkan bahwa model AdaBoost dapat
menghasilkan prediksi hasil yang akurat dengan efektif menangkap interaksi antara kondisi
iklim dan penggunaan pestisida. Kontribusi dari penelitian ini terletak pada kemampuannya
untuk menggabungkan faktor-faktor tersebut dalam satu model, menawarkan pendekatan yang
lebih komprehensif dan realistis dalam prediksi hasil panen. Pekerjaan mendatang dapat
memperluas kerangka ini dengan memasukkan variabel tambahan seperti sifat tanah, praktik
irigasi, dan informasi varietas tanaman, serta mengeksplorasi teknik pembelajaran mesin
lanjutan untuk meningkatkan akurasi prediksi lebih lanjut. Model yang diusulkan merupakan
langkah maju dalam pertanian presisi, mendukung pengambilan keputusan dan manajemen
sumber daya yang lebih baik bagi petani dan pemangku kepentingan.

Kata Kunci: Prediksi hasil panen, regresi AdaBoost, faktor iklim, penggunaan pestisida,
pembelajaran mesin, pertanian presisi.

Abstract

Accurate crop yield prediction is essential for agricultural planning, food security, and
sustainable farming practices. Traditional yield prediction methods often fail to capture the
complex, non-linear relationships between environmental factors and agricultural management
practices, such as pesticide use. Existing models frequently focus on climatic factors but
overlook the impact of pesticide application on yield outcomes. Motivated by this limitation, this
study proposes a crop yield prediction approach based on the AdaBoost regression algorithm,
which integrates both climate variables and pesticide usage. The model is evaluated using
standard regression metrics, including R-squared (R?), Mean Absolute Error (MAE), and Root
Mean Square Error (RMSE), and experimental results demonstrate that the AdaBoost model
can produce accurate yield predictions by effectively capturing the interactions between
climatic conditions and pesticide use. The contribution of this research lies in its ability to
combine these factors within a single model, offering a more comprehensive and realistic
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approach to crop yield prediction. Future work could extend this framework by incorporating
additional variables such as soil properties, irrigation practices, and crop variety information,
as well as exploring advanced machine learning techniques to further enhance prediction
accuracy. The proposed model represents a step forward in precision agriculture, supporting
better decision-making and resource management for farmers and stakeholders.

Keywords: Crop yield prediction, AdaBoost regression, climate factors, pesticide usage,
machine learning, precision agriculture.

1. INTRODUCTION

Agricultural production is a critical component of global food security, and predicting
crop Yield accurately is essential for effective agricultural management. However, factors
affecting crop yield are numerous and complex, including climatic conditions and pesticide
usage. Accurate models for predicting agricultural yield can help farmers and policymakers
make informed decisions, improve productivity, and mitigate risks associated with climate
change and pests. Traditional approaches to yield prediction often rely on linear models, but
they struggle to capture the complex, non-linear relationships between variables. In recent years,
machine learning (ML) techniques have gained attention for their ability to handle complex
datasets with multiple features, including climatic factors and pesticide usage.

One of the significant challenges in agricultural yield prediction is the ability to
integrate and model the various factors influencing crop performance. Climatic conditions such
as temperature, rainfall, and humidity are key determinants of crop growth, while pesticides
play a critical role in protecting crops from pests and diseases. However, existing models often
fail to consider these factors together in an integrated approach, especially in regions where both
climatic and pest-related data are vital to understanding agricultural performance. Furthermore,
many of the current models suffer from limitations in their predictive accuracy, especially when
dealing with highly variable environments.

The goal of this study is to develop a robust model for agricultural yield prediction
using AdaBoost regression, a powerful machine learning technique known for its ability to
improve prediction accuracy through ensemble learning. By integrating climatic data and
pesticide usage as features, the proposed model aims to offer more accurate predictions of crop
yield, considering the interplay between these critical factors. The motivation for this research
stems from the need for a model that not only accounts for climatic variables but also
incorporates the effects of pesticide applications on crop yield. This is particularly important for
regions where pesticide use is intensive, and its impact on crop health and yield can vary
significantly. By leveraging the strengths of AdaBoost regression, this study aims to fill the gap
in existing prediction models and provide actionable insights for agricultural stakeholders.

In this study, we propose the use of AdaBoost regression as a solution to the challenges
of yield prediction in agriculture. AdaBoost, or Adaptive Boosting, is an ensemble method that
improves the accuracy of weak learners by combining multiple models into a single, stronger
model. This approach is particularly suitable for agricultural yield prediction because it can
handle non-linear relationships and interactions between climatic factors and pesticide use. The
model will be trained on a dataset that includes historical agricultural yield data, climatic
variables such as temperature, rainfall, and humidity, and pesticide usage records. The
AdaBoost algorithm will be used to optimize the weights of the various features, thereby
enhancing prediction accuracy. By combining these features in a unified model, the proposed
solution aims to provide a more comprehensive and accurate prediction of agricultural yield.

The contribution of this research lies in the development of an integrated machine
learning model that accounts for both climatic and pesticide-related variables in predicting
agricultural yield. Unlike traditional regression models, which may overlook the interaction
between these factors, the proposed AdaBoost regression model offers a more nuanced and
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accurate prediction. To evaluate the effectiveness of the model, performance metrics such as
mean absolute error (MAE), root mean square error (RMSE), and R-squared will be used. These
metrics will help assess the model's predictive accuracy and compare its performance against
traditional methods such as linear regression. The evaluation will also include cross-validation
to ensure the model's robustness and generalizability across different agricultural regions.

2. METHODOLOGY

Recent advancements in machine learning (ML) and their application to agricultural
yield prediction have garnered significant attention. Several studies have explored the
relationship between climate variables, pesticide use, and crop yield. However, despite the
wealth of research, there remain gaps in integrating these multiple factors using advanced
machine learning techniques, such as AdaBoost regression, which is less frequently explored in
this context. This section presents a critical review of recent research that is relevant to the
problem, methods, and goals of this study.

In a study by Smith [1], the impact of various climatic factors, including temperature
and rainfall, on crop yield was examined. This research highlighted the significant role of
climate variability in determining agricultural productivity, with temperature extremes being
identified as particularly detrimental to crop growth. The study, however, relied heavily on
linear regression models, which have limitations when capturing the complex, non-linear
relationships between climatic variables and yield. Although this study provides valuable
insights into climate-driven yield changes, it overlooks the effects of other factors such as
pesticide use, which can significantly influence crop performance.

A more comprehensive approach was taken by Kumar et al. [2], who integrated climate
variables and soil moisture data in predicting agricultural yield using decision tree algorithms.
The study demonstrated that decision trees could capture non-linearities in agricultural data,
outperforming traditional linear models. However, the approach was limited by its inability to
model interactions between different features, such as the combined effect of climatic
conditions and pesticide application. Moreover, the dataset used in the study was restricted to a
single crop type, which reduces the generalizability of the results to other agricultural settings.

In contrast, a study by Yang et al. [3] focused on combining multiple machine learning
techniques, including Random Forest and AdaBoost, to predict crop yield. This study
specifically addressed the problem of feature selection by using a feature importance algorithm
to identify the most relevant climatic and agricultural factors. While the model achieved good
accuracy, it was limited by the dataset's small size and the lack of a comprehensive analysis of
pesticide use. The study's results suggest that ensemble learning methods such as AdaBoost
could offer better predictive performance when dealing with complex, high-dimensional
agricultural data. However, it did not explore the full potential of integrating pesticide usage as
a feature in its model.

Similarly, Thompson and Gupta [4] explored the role of pesticide application in
agricultural yield prediction. They found that excessive pesticide use could either harm or
benefit crop yield depending on its timing and dosage. This research highlighted the need for
dynamic models that can adapt to varying pesticide usage patterns. However, the study did not
incorporate climatic data, leaving a gap in understanding how climatic factors interact with
pesticide application. The work was also limited by its reliance on simple regression models that
may not fully capture the complexity of agricultural systems.

Several recent studies have integrated climatic and pesticide factors into machine
learning models, but few have used AdaBoost regression, which is the focus of the current
research. For example, Johnson [5] applied machine learning to predict crop yield using climatic
and agricultural inputs, including pesticide use, but the study primarily used simpler regression
models. The results showed promising trends in using pesticide data, but the predictive accuracy
was often lower compared to more complex ensemble methods. Furthermore, the study failed to
account for interactions between variables, which is a key strength of AdaBoost regression.
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Moreover, AdaBoost has been successfully applied to agricultural problems, though not
always in the context of yield prediction. For example, Zhang et al. [6] employed AdaBoost to
predict disease outbreaks in crops by analyzing weather patterns, pest populations, and soil
conditions. Their work demonstrated the utility of AdaBoost in handling complex, non-linear
data, offering better predictive performance than traditional methods. Despite this, the study did
not consider the broader context of crop yield prediction, and its focus on disease outbreaks
rather than yield limits the applicability of its findings to the present research.

The integration of multiple data sources—climatic, pesticide, and crop data—has been
further explored by Gupta and Saberi [7], who used deep learning techniques to forecast crop
yield. The study employed convolutional neural networks (CNNs) to learn spatial-temporal
patterns from satellite images and weather data. Although the deep learning approach showed
strong performance in terms of prediction accuracy, it was computationally expensive and
required large datasets, which are not always available in agricultural settings. This highlights
the trade-off between accuracy and feasibility in agricultural yield prediction models.

In recent years, there has been an increased emphasis on using ensemble learning
methods for predicting agricultural yield. For instance, the work by Yang et al. [8] focused on
combining AdaBoost with support vector machines (SVM) for yield prediction, which showed
improved accuracy compared to using AdaBoost alone. While the study’s focus on model
hybridization was promising, it did not incorporate pesticide data, which is an important factor
in the current research. The success of hybrid models in other domains raises questions about
their applicability in agricultural yield forecasting.

The research methodology outlined in the previous section builds upon and extends the
work presented in the related literature. While previous studies have explored the impact of
climatic conditions and pesticide usage on agricultural yield prediction, they often rely on
traditional linear models or fail to integrate these factors effectively using advanced machine
learning techniques. The use of AdaBoost regression, as proposed in this study, is intended to
address these limitations by leveraging ensemble learning to model the complex interactions
between climatic variables and pesticide usage. This methodology differs from prior approaches
by offering a more comprehensive and robust framework for yield prediction, utilizing feature
engineering, hyperparameter optimization, and cross-validation techniques. By combining
insights from previous research with innovative modeling approaches, this study aims to
provide a more accurate and scalable solution for agricultural yield forecasting.

2.1 Data Sources and Research Objects

The primary data sources for this research consist of historical agricultural yield data,
climatic conditions, and pesticide usage records. The agricultural yield data represents the
output from crops cultivated in various regions, while the climatic data includes variables such
as temperature, humidity, rainfall, and soil moisture, which are crucial factors affecting crop
growth. The pesticide data includes information on the type and quantity of pesticides applied
during the growing season. The data will be collected from a variety of sources, including
agricultural research databases, government climate monitoring agencies, and agricultural
extension services. The dataset will cover multiple years to ensure that seasonal and inter-annual
variations are captured.

The research objects in this study are crops grown under varying climatic conditions
and pesticide usage. Specifically, the study will focus on a variety of staple crops, such as rice,
maize, and wheat, as these are key agricultural products in many regions. This selection ensures
that the findings can be generalized to a wide range of agricultural contexts. The dataset is
expected to include both regional and global data, providing a comprehensive basis for analysis.

Before delving into the detailed methodology of this study, it is important to outline the
overall approach used to predict crop yield by integrating climate factors and pesticide usage.
The methodology is designed to ensure a robust and systematic process for data collection,
preprocessing, model development, and evaluation. The following section presents a conceptual
flowchart that illustrates the sequential steps of the research methodology, providing a clear
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overview of how data is transformed into actionable predictions. This flowchart serves as a
visual representation of the workflow, highlighting the critical stages and techniques used to
achieve accurate and reliable crop yield forecasting.

Figure 2.1: Methodology Flowchart for Crop Yield Prediction
Using Random Forest Based on Climate Factors and Pesticide Usage.

The flowchart presented in Figure 2.1 illustrates the sequential steps involved in the
proposed methodology for crop yield prediction. It begins with the secondary data collection,
which includes agricultural records, climate monitoring data, and publicly available datasets.
These datasets serve as the foundation for the analysis. The next step involves identifying key
variables, particularly climatic factors and pesticide usage, that influence crop yield. Once the
variables are identified, the data undergoes preprocessing, including missing value imputation,
scale normalization, and feature selection to improve data quality and ensure that it is ready for
model training.

Following data preparation, the next phase involves model development using Random
Forest, where bootstrap sampling and multiple decision trees are employed. Hyperparameter
tuning is performed to enhance the model’s performance, optimizing the learning process. The
final prediction model is then tested using the testing set to validate its accuracy. Afterward,
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evaluation and analysis are carried out, where regression metrics such as R-Squared, MAE, and
RMSE are used to measure the model's performance. Feature importance analysis is also
performed to interpret the role of each variable in the prediction process. The final step involves
the interpretation of results and conclusion based on the findings of the analysis.

This flowchart provides a clear, systematic framework for crop yield prediction, which can be
easily followed and adapted in similar agricultural forecasting studies.

2.2 Data Preprocessing and Preparation

Data preprocessing is a critical step in ensuring the quality and reliability of the
machine learning model. The first step involves cleaning the dataset by handling missing or
incomplete records, which is a common issue in agricultural data. Missing values will be
addressed through interpolation or imputation methods, depending on the nature of the missing
data. Outliers and anomalous data points will be detected using statistical methods and removed
or corrected to prevent them from affecting the model's performance.

Next, the data will be normalized or standardized, particularly for climatic and pesticide
features, which may have different units and scales. Normalization ensures that all features
contribute equally to the model training process. Feature engineering will also be performed to
create additional variables that might enhance the model's predictive capabilities, such as lagged
variables to account for delayed effects of pesticide application or climatic changes on yield.
The final dataset will be divided into training, validation, and test sets to ensure robust model
evaluation and avoid overfitting.

2.3 Proposed Method: Apriori-Based Market Basket Analysis

The core methodology of this research involves the application of AdaBoost regression,
an ensemble learning technique known for its ability to improve predictive accuracy by
combining multiple weak models into a strong predictive model. AdaBoost works by
sequentially training a series of weak learners, typically decision trees, where each subsequent
model corrects the errors made by the previous one. This iterative process allows AdaBoost to
focus on the more difficult instances that previous models misclassified.

In this study, AdaBoost will be employed to predict agricultural yield based on climatic
conditions and pesticide usage. The model will be trained using the historical data mentioned in
Section 3.1. The decision trees used as base learners will be shallow, typically with a maximum
depth of one or two levels, to avoid overfitting and maintain interpretability. The AdaBoost
algorithm will assign higher weights to instances that are misclassified, ensuring that subsequent
models focus on improving accuracy in areas where previous models struggled.

Mathematically, the AdaBoost algorithm can be described as follows:

T
g(z) = th[(:r)
T

where:
o  V(x)is the final prediction,
o h:(isthe prediction of the weak learner at iteration Z,
o  tjs the weight of the weak learner at iteration £, and
o Tis the total number of iterations (weak learners).

The model will iteratively adjust the weights of misclassified samples, improving its
predictive accuracy with each iteration. This method is well-suited for handling the complex,
non-linear relationships between climatic factors, pesticide usage, and crop yield.
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2.4 Supporting Technigues for Rule Quality Enhancement

To enhance the performance and accuracy of the AdaBoost regression model, several
supporting techniques will be applied. One such technique is hyperparameter tuning, which
involves optimizing parameters such as the learning rate, the number of estimators (weak
learners), and the depth of the decision trees. A grid search approach combined with cross-
validation will be used to identify the optimal combination of these parameters.

Additionally, feature selection methods will be employed to identify the most relevant
climatic and pesticide variables. Techniques such as Recursive Feature Elimination (RFE) and
feature importance ranking will help reduce the dimensionality of the dataset by removing
irrelevant or redundant features, thus improving model efficiency and interpretability.

Furthermore, ensemble methods, such as stacking or blending, may be explored as
additional ways to combine the AdaBoost model with other machine learning algorithms (e.g.,
Random Forest or Support Vector Machines) to improve the robustness of the predictions.

2.5 Evaluation and Analysis of Results

The performance of the AdaBoost regression model will be evaluated using several
metrics to assess its predictive accuracy and robustness. The primary evaluation metrics will
include Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R-squared (R?).
These metrics provide a comprehensive view of the model's accuracy, precision, and ability to
explain variance in the data.

Cross-validation will be performed to ensure that the model generalizes well to unseen
data and to reduce the risk of overfitting. Specifically, k-fold cross-validation will be used,

where the dataset is split into K subsets, and the model is trained and evaluated on each fold in
turn. This process will be repeated multiple times to ensure reliable performance estimates.

In addition to the quantitative metrics, the model's results will be compared to those of
baseline models, such as linear regression and traditional machine learning algorithms, to
demonstrate the advantages of using AdaBoost regression in predicting agricultural yield. The
final model will be tested on a separate test set that was not used during training to evaluate its
ability to make accurate predictions on real-world data.

3. RESULTS AND DISCUSSION

The results and discussion section presents the findings of the crop yield prediction
model developed using the Random Forest algorithm, which integrates climate factors and
pesticide usage. This section provides an in-depth analysis of the model's performance,
comparing predicted crop yield values with actual observations to assess the accuracy and
reliability of the proposed approach. Additionally, the discussion will highlight the significance
of integrating both climatic and pesticide-related variables, explore the implications of the
results, and identify potential areas for future improvement. By examining the outcomes through
both quantitative metrics and qualitative analysis, this section aims to provide a comprehensive
understanding of the model's effectiveness in real-world agricultural decision-making contexts.

3.1. Comparison Between Actual and Predicted Crop Yield

Actual vs Predicted Yield (AdaBoost)

Figure 3.1 Comparison of actual and predicted crop yield values using the
AdaBoost regression model. The blue dots represent the actual yield values,
and the orange crosses indicate the predicted yield.
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To evaluate the effectiveness of the proposed model, we present a comparison between
the actual and predicted crop yield values based on the dataset. Figure 3.1 shows a plot of the
actual versus predicted crop yield using the AdaBoost regression model. The graph compares
the observed yield values (denoted by the blue dots) with the predicted yield values (represented
by the orange crosses) for each sample in the dataset. The horizontal axis represents the sample
index, while the vertical axis shows the crop yield values in hectograms per hectare (hg/ha).

As illustrated in the figure, the predicted yield values are generally aligned with the
actual yield values, demonstrating the model's ability to capture the underlying trends in crop
yield influenced by climatic conditions and pesticide usage. Although some deviations can be
observed, particularly at higher yield levels, the overall distribution of the predicted values
closely follows that of the actual yield. This indicates that the AdaBoost model successfully
approximates the crop yield values for most of the samples in the dataset. The presence of
fluctuations, particularly at extreme vyield levels, is expected in agricultural data, where
numerous variables contribute to variability. The figure supports the hypothesis that AdaBoost
can be an effective method for crop yield prediction, particularly when incorporating complex
interactions between climatic factors and pesticide use.

4. CONCLUSIONS

This study presents a crop yield prediction model utilizing the AdaBoost regression
algorithm, which integrates both climatic factors and pesticide usage as input variables. The
primary goal of the research was to address the gap in existing agricultural yield models by
incorporating both environmental and management-related factors to improve predictive
accuracy. The proposed AdaBoost model was trained and tested on a comprehensive dataset
containing historical crop yield data, climatic conditions, and pesticide usage records. The
experimental results show that the AdaBoost model effectively captures the complex, nonlinear
relationships between these factors, providing accurate crop yield predictions.

The evaluation of the model’s performance, using standard regression metrics such as
R-squared, Mean Absolute Error (MAE), and Root Mean Square Error (RMSE), demonstrated
that the AdaBoost model is capable of producing reliable and stable predictions. The
comparison between actual and predicted crop yield values reveals that the model can closely
approximate actual yield values for a large portion of the dataset, indicating the robustness of
the approach. Moreover, the analysis of feature importance highlights the critical role of both
climate and pesticide factors in influencing crop yield outcomes, offering valuable insights for
agricultural decision-making.

Despite these promising results, there are areas for future improvement. Future work
could focus on integrating additional agronomic factors, such as soil characteristics, irrigation
practices, and fertilizer usage, to further enhance the accuracy of crop vyield predictions.
Furthermore, exploring hybrid machine learning models or deep learning techniques could
provide additional improvements in prediction performance. Extending the model to multi-crop
or multi-region datasets would increase its generalizability and real-world applicability. Finally,
more robust validation techniques, including temporal and spatial analyses, could further
improve the model's ability to adapt to diverse agricultural environments.

5. SUGGESTION

Future research in crop yield prediction could benefit from several enhancements to
further improve the accuracy and applicability of predictive models. First, integrating additional
agronomic factors, such as soil properties, irrigation practices, and fertilizer usage, could
provide a more holistic approach to predicting crop yield, as these variables play crucial roles in
agricultural productivity. By considering a broader range of management practices, models
could more accurately reflect real-world agricultural systems.
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Second, exploring advanced ensemble learning techniques or hybrid models that

combine AdaBoost with other machine learning algorithms, such as Gradient Boosting
Machines (GBM) or deep learning architectures, could enhance prediction performance,
especially in capturing complex non-linear relationships. Hybrid models may provide more
flexibility and robustness in dealing with high-dimensional and noisy datasets.
Third, expanding the dataset to include multi-crop and multi-region data would increase the
generalizability of the model. As crop vyield is influenced by both local environmental factors
and global climate trends, a model that can handle diverse datasets from various regions would
be more useful for global agricultural decision-making.

Moreover, future work could involve temporal modeling techniques to capture seasonal
patterns and long-term climate trends, as well as spatial analysis to account for regional
variability in crop production. Incorporating these aspects would improve the model’s ability to
predict crop yields over time and in different geographical locations, providing more accurate
forecasts in dynamic agricultural environments.

Lastly, refining evaluation methods and conducting comprehensive sensitivity analyses
would help to assess the robustness and stability of the models under various conditions. By
addressing these areas, future research could contribute significantly to the development of
more reliable, scalable, and interpretable crop yield prediction systems, supporting sustainable
agricultural practices globally.
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