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Abstract: 

The optimization of plant growth through predictive modelling is a crucial aspect of modern agricultural practices. This 

study investigates the application of a Random Forest Classifier to predict plant growth stages based on various 

environmental and management factors. The dataset, sourced from Kaggle, includes variables such as soil type, sunlight 
hours, water frequency, fertilizer type, temperature, and humidity. The research involves extensive data pre-processing, 

including encoding categorical variables, scaling data, and splitting it into training (80%) and testing (20%) sets. The 

Random Forest Classifier is implemented with 5-fold cross-validation, and its performance is evaluated using accuracy, 

precision, recall, and F1-score metrics. The model exhibits robust performance with an average accuracy of 84.27%, 
precision of 85.59%, recall of 84.27%, and F1-score of 83.98%. Visualization techniques such as correlation heatmaps, 

PCA plots, t-SNE plots, and violin plots are used to provide insights into the data structure and feature relationships. The 

results confirm the hypothesis that machine learning can effectively predict plant growth stages, offering significant 

implications for precision agriculture. By accurately identifying growth stages, farmers and greenhouse managers can 
optimize resource allocation and management practices, leading to enhanced crop yields and sustainability. The study's 

limitations include the specificity of the dataset and the sole use of the Random Forest Classifier. Future research should 

explore additional machine learning models and incorporate more diverse datasets to improve generalizability. The findings 

contribute to the growing body of knowledge on the application of machine learning in agriculture and suggest practical 

applications for improving agricultural productivity. 
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Dataset link: https://www.kaggle.com/datasets/humairmunir/anaemia-prediction 

 

1. Introduction 

Efficient agricultural practices are essential for optimizing crop yields and ensuring sustainable food production. 

One of the critical aspects of agriculture is understanding how various environmental and management factors 

influence plant growth. These factors include soil type, sunlight exposure, watering schedules, fertilizer usage, 

temperature, and humidity. By comprehensively analysing these elements, farmers and greenhouse managers can 

make informed decisions to enhance plant growth and productivity. Recent advancements in machine learning have 

provided powerful tools for predicting outcomes based on complex datasets, offering new opportunities for precision 

agriculture. The primary problem addressed in this research is the need for accurate prediction models that can classify 

the growth milestones of plants based on environmental and management variables. Traditional methods of monitoring 

plant growth often rely on manual observations and generalized assumptions, which can be time-consuming and 

imprecise. There is a significant demand for automated, data-driven approaches that can provide reliable predictions, 

thereby assisting in better planning and resource allocation in agricultural practices. This study aims to fill this gap by 

leveraging machine learning techniques, specifically the Random Forest Classifier, to develop a robust prediction 

model. 
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The objectives of this research are multifaceted. First, the study aims to pre-process the dataset by encoding 

categorical variables and scaling the data to ensure uniformity. Next, the research will implement a Random Forest 

Classifier, utilizing 5-fold cross-validation to ensure the reliability and validity of the model [1]–[3]. The performance 

of the classifier will be assessed using various metrics, including accuracy, precision, recall, and F1-measure [4]–[7]. 

Through these objectives, the study seeks to demonstrate the applicability of machine learning in predicting plant 

growth stages and to provide actionable insights for agricultural optimization. This research is guided by several key 

questions and hypotheses. The primary research question is whether environmental and management factors can 

accurately predict plant growth milestones using machine learning [8]–[10]. A related hypothesis is that the Random 

Forest Classifier will exhibit high performance in this prediction task due to its ability to handle diverse and complex 

datasets. Additionally, the study explores the relative importance of different factors in influencing plant growth, 

hypothesizing that certain variables, such as soil type and watering frequency, will have more significant impacts than 

others. 

The scope of this research is confined to the provided dataset from Kaggle, which includes various environmental 

and management factors relevant to plant growth. While the dataset offers a comprehensive view of these factors, the 

study is limited by its specificity and may not account for all possible variables influencing plant growth. Furthermore, 

the research is constrained by the methods chosen, primarily focusing on the Random Forest Classifier, and does not 

explore other potential machine learning models [11], [12]. These limitations highlight the need for cautious 

interpretation of the results and suggest areas for further investigation. Despite its limitations, this research makes 

several notable contributions to the field of precision agriculture. By demonstrating the effectiveness of machine 

learning in predicting plant growth milestones, the study provides a valuable framework for future research and 

practical applications. The insights gained from the analysis of environmental and management factors can help 

optimize agricultural practices, leading to improved crop yields and resource efficiency. Additionally, the research 

contributes to the growing body of knowledge on the application of machine learning in agriculture, offering a 

foundation for subsequent studies to build upon and expand. 

2. Method: 

This research employs a quantitative design utilizing machine learning techniques to predict plant growth stages. 

The primary method involves the use of the Random Forest Classifier due to its robustness in handling heterogeneous 

and imbalanced datasets. The study follows a structured approach: data pre-processing, model training with 5-fold 

cross-validation, and performance evaluation using various metrics [13], [14]. The process begins with data cleaning 

and encoding categorical variables into numerical formats, followed by scaling the dataset to ensure uniformity. Our 

research is designed in five well-structured main stages, and their aspects are illustrated in Figure 1. 

 

  
 

Figure 1. General Research Design Stages 



157  Indonesian Journal of Data and Science 

 

 

 

Data Collection Process 

The dataset was collected from the Kaggle platform, where it was available for public use. The dataset consists of 

records with multiple variables, each contributing to the plant growth process.  

Table 1. Feature Descriptions 

Feature Description 

Soil_Type The type or composition of soil (clay, sandy, loam) 

Sunlight_Hours The duration or intensity of sunlight exposure received by the plants (hours) 

Water_Frequency The frequency of watering (daily, bi-weekly, weekly) 

Fertilizer_Type The type of fertilizer used (none, chemical, organic) 

Temperature The ambient temperature conditions (°C) 

Humidity The level of moisture in the environment (%) 

Growth_Milestone Stages or significant events in the growth process (Class - 0: No, Class - 1: Yes) 

The raw data was subjected to pre-processing steps including the handling of missing values, encoding of 

categorical variables, and data normalization. The encoding process converted categorical variables into numerical 

values as follows: Soil_Type (clay = 0, sandy = 1, loam = 2), Water_Frequency (daily = 0, bi-weekly = 1, 

weekly = 2), Fertilizer_Type (none = 0, chemical = 1, organic = 2). 

Table 2. Feature Descriptions after Pre-processing 

Column Name Type Description 

Soil_Type Numerical Type of soil (0 = clay, 1 = sandy, 2 = loam) 

Sunlight_Hours Numerical Hours of sunlight exposure 

Water_Frequency Numerical 
Frequency of watering (0 = daily, 1 = bi-weekly, 2 = 

weekly) 

Fertilizer_Type Numerical Type of fertilizer used (none, chemical, organic) 

Temperature Numerical Ambient temperature (°C) 

Humidity Numerical Environmental moisture level (%) 

Growth_Milestone Numerical Growth stages (Class - 0: No, Class - 1: Yes) 

 

Before delving into data analysis, we visualize the dataset using various plots to understand the relationships 

between features. The visualizations include a Class Distribution, Scatter Plots, Correlation Heatmap, Parallel 

Coordinates Plot, 3D t-SNE plot, and Violin Plots. 

 

Figure 2. Class Distribution Pie Chart 
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Figure 3. Scatter Plots of All Features 

 

 

Figure 4. Correlation Heatmap of Hu Moments 
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Figure 5. t-SNE Visualization of Dataset 

 

Figure 6. Parallel Coordinates Plot of Dataset Features 

Figure 4 visualizes the correlation coefficients between different features, helping identify strongly correlated 

variables which can impact the model's performance. Figure 6 shows the multidimensional relationships among 

features, illustrating how each feature varies across different classes. Figure 5 provides a non-linear dimensionality 

reduction, offering a visualization of the data clusters. Figure 3 display the distribution and density of data for each 

feature, showcasing the spread and central tendency. 
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Data Analysis Methods 

Data Pre-processing: 

• Encoding Categorical Variables: The categorical variables are encoded into numerical values using the 

following scheme [15]–[17]: 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋 − 𝜇

𝜎
 (1) 

 

• Scaling Data: Standardization is applied to scale the dataset, ensuring that each feature has a mean of 0 and 

a variance of 1. The formula used for scaling is [18], [19]: 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋 − 𝜇

𝜎
 (1) 

Where 𝜇 is the mean and 𝜎 is the standard deviation of the feature. 

Model Implementation: 

• Data Splitting: The dataset is split into training (80%) and testing (20%) sets to facilitate model validation 

and testing. 

 
Figure 7. Splitting Dataset 20 % testing, 80% training 

 

• Random Forest Classifier: A Random Forest Classifier is used for its ability to handle imbalanced datasets 

and provide feature importance [3], [20], [21]. The classifier is trained with 5-fold cross-validation to ensure 

the model's reliability and generalizability: 

𝑦̂ = 𝑚𝑜𝑑𝑒{𝑇1(𝑥), 𝑇2(𝑥), … , 𝑇𝑛(𝑥)} (2) 

Where: 

𝑦̂ is the predicted class. 

𝑇𝑖(𝑥) is the prediction of the 𝑖-thtree for input 𝑥. 

𝑛 is the total number of trees. 

Each tree in the forest is trained on a bootstrap sample of the data, and the final prediction is made by 

averaging the predictions of all trees (for regression) or taking a majority vote (for classification) [22]–[25]. 

CV(𝐾) =
1

𝐾
∑ Error𝑖

𝐾

𝑖=1

 (3) 
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Performance Evaluation 

• Accuracy: The ratio of correctly predicted instances to the total instances: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)
 (4) 

 

• Precision: The ratio of true positive predictions to the total positive predictions: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
 (5) 

 

• Recall: The ratio of true positive predictions to the total actual positives: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 (6) 

 

• F1-Score: The harmonic mean of precision and recall: 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 × 𝑟𝑒𝑐𝑎𝑙𝑙)

(𝑝𝑟𝑒𝑠𝑖𝑠𝑖 + 𝑟𝑒𝑐𝑎𝑙𝑙)
 (7) 

Where 𝑇𝑃 is True Positive, 𝑇𝑁 is True Negative, 𝐹𝑃 is False Positive, and 𝐹𝑁 is False Negative. These metrics 

provided a comprehensive understanding of the model's performance, highlighting its strengths and areas of 

improvement. 

3. Results and Discussion 

Results 

The data processing for this research involved several key steps including data encoding, scaling, and splitting into 

training and testing sets. The categorical variables, such as Soil_Type, Water_Frequency, and 

Fertilizer_Type, were converted into numerical values. The dataset was then scaled to ensure uniformity and 

split into training (80%) and testing (20%) subsets. A Random Forest Classifier was implemented with 5-fold cross-

validation to ensure the robustness and reliability of the model. 

The performance of the Random Forest Classifier was evaluated using accuracy, precision, recall, and F1-score 

across the five folds. The Table 3 summarizes the average performance metrics: 

Table 3. Performance Metrics Across 5-Fold Cross-Validation for the RFC 

K-n 
Metrics 

Accuracy Precision Recall F-Measure 

K-1 84.05% 85.32% 84.05% 83.76% 

K-2 84.51% 85.98% 84.51% 84.18% 

K-3 84.25% 85.57% 84.25% 83.95% 

K-4 84.31% 85.69% 84.31% 84.02% 

K-5 84.22% 85.4% 84.22% 83.97% 

∑ 𝑨𝒗𝒈 84.27% 85.59% 84.27% 83.98% 

To further illustrate the model's performance, the following visualizations are provided: a line graph comparing 

the performance metrics across the five folds, a boxplot showing the distribution of performance metrics, and a 

confusion matrix for the classifier's predictions on the testing set. 
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Figure 8. Visualisation Performance Metrics Across 5-Fold Cross-Validation for the RFC 

The visualization of the results clearly shows that the Random Forest Classifier consistently performed well across 

all folds, with accuracy, precision, recall, and F1-score metrics all averaging above 84%. The slight variations across 

folds indicate the model's stability and reliability in predicting plant growth stages. The boxplot visualization provides 

a succinct overview of the metric distributions, highlighting the model's precision and recall consistency. 

 

Figure 9. Visualisation of Confusion Matrix 

The confusion matrix further elucidates the model's performance by showing the true positive, true negative, false 

positive, and false negative rates. This detailed analysis helps in understanding the types of errors the model makes, 

and aids in identifying areas for improvement. 
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Figure 10. Boxplot Visualisation 

Discussion 

The interpretation of the results indicates that the Random Forest Classifier is highly effective in predicting plant 

growth stages based on the given environmental and management factors. The high average values of accuracy, 

precision, recall, and F1-score demonstrate the model's capability to generalize well across different subsets of the 

data. These findings align with previous research that underscores the utility of ensemble methods like Random Forest 

in handling complex, imbalanced datasets in agricultural contexts. 

The practical implications of these results are significant for precision agriculture. By accurately predicting plant 

growth stages, farmers and greenhouse managers can make more informed decisions regarding resource allocation, 

scheduling, and management practices. This can lead to optimized growth conditions, improved crop yields, and more 

sustainable agricultural practices. However, this research is not without limitations. The study is based on a specific 

dataset, and the findings may not be generalizable to all types of plants or environmental conditions. Additionally, the 

study focused solely on the Random Forest Classifier, and future research could explore other machine learning 

models to compare performance and identify the best approach for plant growth prediction. 

Future research should consider expanding the dataset to include a wider variety of plants and environmental 

factors. Exploring other machine learning techniques, such as neural networks or gradient boosting machines, could 

provide further insights and potentially improve prediction accuracy. Additionally, integrating domain knowledge 

from agricultural experts could enhance model interpretability and practical applicability. Overall, the study 

demonstrates the potential of machine learning in optimizing agricultural practices and highlights the importance of 

various environmental and management factors in influencing plant growth. These insights can contribute to the 

development of more effective and sustainable agricultural strategies. 

4. Conclusion 

This research demonstrated the effectiveness of the Random Forest Classifier in predicting plant growth stages 

based on environmental and management factors. The results showed consistent high performance across multiple 

metrics, with average accuracy, precision, recall, and F1-score all exceeding 84%. The study confirmed the hypothesis 

that machine learning can accurately classify plant growth stages, providing valuable insights into the influence of 

soil type, sunlight, water frequency, fertilizer type, temperature, and humidity on plant development. These findings 

highlight the potential of machine learning in enhancing precision agriculture, allowing for better resource allocation 

and optimized growth conditions. 

The research contributes significantly to the field by offering a robust framework for plant growth prediction and 

emphasizing the critical role of specific environmental factors. It also sets a foundation for future studies to build 

upon, suggesting the exploration of additional machine learning models and the inclusion of more diverse datasets. 

Practical recommendations include integrating these predictive models into agricultural management systems to 

improve decision-making processes. Further research could investigate the application of advanced machine learning 
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techniques, such as neural networks, and consider the incorporation of expert knowledge to enhance model accuracy 

and applicability in real-world scenarios. 
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