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Abstrak

Weather prediction plays an essential role in supporting various
sectors such as agriculture, transportation, and urban planning,
particularly in regions with highly dynamic weather conditions like
Seattle. This study aims to analyze and compare the performance of
three machine learning algorithms Decision Tree, Random Forest,
and X-Gradient Boost in predicting weather conditions using
historical meteorological data. The dataset was obtained from Kaggle
and includes several key attributes, such as precipitation, humidity, air
pressure, temperature, and wind speed. The research methodology
consists of data collection, preprocessing, model training, and
performance evaluation using accuracy, precision, recall, and F1-
score metrics. Model implementation and experimentation were
conducted using the Google Colab platform, with hyperparameter
tuning applied through GridSearchCV to optimize model performance.
The experimental results indicate that the X-Gradient Boost algorithm
achieved the highest accuracy of 84%, followed by Random Forest
with 83.96% and Decision Tree with 83% after tuning. Based on these
results, X-Gradient Boost is identified as the most effective algorithm
for weather prediction in this study. These findings are expected to

contribute to the development of more accurate and reliable machine
learning-based weather forecasting systems.

1. Introduction

Weather is defined as the atmospheric state at a specific time and within a relatively narrow and short-
term geographical area[1]. It plays a crucial role in various aspects of human life, spanning from daily
activities to industrial sectors such as agriculture, aviation, and urban planning. The city of Seattle, widely
known for its high precipitation and rapid weather fluctuations, requires an accurate weather prediction
system to assist the public and the government in making better-informed decisions. Currently, weather
factors significantly affect human life, particularly in the agricultural and aviation sectors, among others.

However, predicting the weather is highly challenging due to the vast number of interacting variables
that dictate atmospheric conditions. These variables such as atmospheric pressure, wind speed,
precipitation, temperature, and other atmospheric phenomena are frequently observed only within short
timeframes, which can be formulated into several components[2]. Traditional weather forecasting systems
heavily rely on conventional statistical methods and physical atmospheric models. Unfortunately, these
approaches exhibit limitations when handling highly complex weather data, primarily because multiple
variables interact dynamically in a short amount of time. Consequently, machine learning-based approaches
have been increasingly adopted in meteorology to enhance prediction accuracy.

Several key challenges must be addressed in developing effective weather forecasts. First, it demands
diverse data sources, including direct observations, satellite cloud imagery, and radar scan outputs. Second,
traditional forecasting remains highly dependent on the knowledge and subjective expertise of individual
forecasters, which can result in inconsistent predictions from one professional to another[3]. One machine
learning method that has proven highly effective for weather classification is the Random Forest Classifier.
Random Forest is an ensemble learning algorithm utilized for classification and prediction tasks[4]. The
primary advantages of ensemble learning include its versatility for both classification and regression tasks,
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its capability to achieve high accuracy, and its suitability for high-dimensional, large-scale datasets[5]. This
method operates by constructing and combining multiple decision trees to mitigate overfitting and enhance
prediction stability. Numerous studies have demonstrated that Random Forest can deliver superior accuracy
compared to alternative machine learning methods, particularly in historical data-driven weather
predictions.

To evaluate and ensure optimal results, Decision Tree, Random Forest, and X-Gradient Boost
(XGBoost) algorithms are incorporated into this comparative study to determine which method yields the
highest performance. XGBoost is an ensemble algorithm based on the Gradient Boosting Decision Tree
framework[6]. This algorithm constructs sequential decision trees to systematically correct errors made by
preceding trees.

Previous research has extensively implemented Random Forest Classifiers across various weather
classification scenarios. For instance, studies using ensemble learning approaches successfully improved
the accuracy of predicting atmospheric conditions based on parameters like temperature, humidity, air
pressure, wind speed, and precipitation. Additionally, oversampling techniques such as the Synthetic
Minority Over-sampling Technique (SMOTE) have proven effective in addressing class imbalances in
weather datasets, which frequently pose challenges in historical data-driven predictions.

Furthermore, prior research by Apriliah et al. demonstrated that the Random Forest algorithm exhibits
exceptional classification performance on complex datasets with numerous attributes, achieving an
accuracy above 97% in medical prediction cases[7]. This indicates that Random Forest is robust in handling
non-linear patterns and multivariate data. In terms of comparative analysis, Nugraha demonstrated that
ensemble algorithms like XGBoost outperform conventional classification algorithms when applied to
cardiovascular disease data[8]. This reinforces the notion that ensemble learning holds a distinct advantage
in boosting model stability and accuracy.

In the specific context of weather and precipitation data, Decision Tree-based classification has also
been widely adopted. A study by Hasanah et al. utilized the Decision Tree algorithm within a CRISP-DM
framework to predict flood-prone rainfall, securing an accuracy of 89.4%][9]. Their findings showcase that
Decision Trees offer excellent interpretability when classifying weather data based on meteorological
parameters. Moreover, Decision Trees have shown strong efficacy across diverse historical data
classification tasks; Qisthiano et al. applied it to predict student graduation rates and achieved an accuracy
of 87.93%[10]. This success further underscores that Decision Trees perform well on large datasets with
multi-attribute variables.

Based on these prior studies, it is evident that Decision Tree, Random Forest, and XGBoost algorithms
possess strong capabilities in resolving classification problems within complex datasets. Therefore, this
study aims to systematically analyze and compare the performance of Decision Tree, Random Forest, and
XGBoost algorithms for weather prediction in Seattle. Through this rigorous comparison, the study intends
to identify the most optimal algorithm among the three.

2. Research Methodology

The Research Methodology section systematically explains the steps used to address the research
problem. This research incorporates several structured stages to arrive at a definitive conclusion. The
systematic workflow begins with Data Collection, followed by Data Preprocessing, Data Analysis, Data
Presentation, and culminates in Performance Analysis.

2.1 Data Collection

This stage involves gathering the required dataset from open source platform repositories, specifically
via the Kaggle.com website. The retrieved dataset consists of raw, unprocessed historical records containing
attributes such as location, date, precipitation, humidity, maximum and minimum temperatures, wind speed,
and the corresponding weather condition labels.
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2.2 Data Preprocessing

Tables Following data acquisition, the next crucial step is Data Preprocessing. At this stage, the raw
dataset is cleaned and transformed to ensure it is structurally sound for analysis. The primary operations
include removing missing values or duplicate records, dropping irrelevant columns that do not contribute
to the analytical objectives, performing data normalization, and encoding categorical text attributes into
numerical formats.

2.3 Data Analysis

During this phase, an exploratory and structural analysis is performed on the Seattle weather dataset to
identify and evaluate the suitability of the selected machine learning models. Based on literature and
empirical trends, Decision Tree, Random Forest, and X-Gradient Boost are selected as highly effective
algorithms widely recognized for classification tasks across various predictive domains, including
meteorology and healthcare.

2.4 Data Presentation

The evaluation and performance results derived from each algorithm are presented using intuitive and
structured data visualizations. Presenting the metrics visually ensures that the conveyed information is
highly interpretable, allowing for quick insights and serving as a reliable foundation for data-driven
decision-making.

2.5 Performance Analysis

The final stage focuses on assessing and evaluating the performance of the trained models, which
includes measuring accuracy, error rates, precision, recall, F1-score, and other relevant evaluation matrices
depending on the specific algorithm. The ultimate objective is to validate, verify, and compare the results
to identify the most optimal algorithm among Decision Tree, Random Forest, and X-Gradient Boost for
predicting weather conditions in Seattle.

3. Results and Discussion

This research was conducted using Google Colab, a cloud-based environment providing GPU
acceleration to expedite computational workloads during machine learning model training to run the three
algorithms, namely Decision Tree, Random Forest, and X-Gradient Boost. The data manipulation and
computations were implemented using the pandas library for dataset management and numpy for handling
numerical array operations

3.1 Loading the Dataset
The initial step involved establishing a connection to the data source and displaying a subset of the
dataset to verify that the system read the structure properly, show in Figure 1.

import pandas as pd

# Path ke file di Google Drive
file_path = "/content/drive/My Drive/seattle-weather.csv”

# Membaca dataset
df = pd.read_csv(file_path)

# Menampilkan beberapa baris pertama
df.head()

Figure 1. Connecting Dataset

3.2 Importing Libraries

Once the dataset was successfully loaded, the necessary software libraries required for data execution
and modeling were imported. The implementation leverages numpy frameworks to run the three algorithms
to be tested, show in Figure 2.
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import numpy as np

from sklearn.model selection import train_test split
from sklearn.preprocessing import LabelEncoder

from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy score

Figure 2. Import Library

3.3 Data Preprocessing Implementation

In the next stage, data preprocessing was performed to ensure the dataset was undamaged and ready
for analysis. Researchers converted categorical data to numerical data and split the dataset into two parts
for training and testing, shown in Figure 3.

df["weather"] = LabelEncoder().fit transform(df["weather"])
X = df.drop(columns=["date", "weather"]) # Fitur
y = df["weather"] # Target

X_train, X_test, y_train, y_test = train_test split(X, y, test_size=8.2, random_state=42)

Figure 3. Data preprocessing

3.4 Model Execution

Following preprocessing, the chosen machine learning algorithms were initialized and trained. Using
the designated training and testing subsets, baseline models were executed; for instance, the Random Forest
model was initially configured with an n_estimators parameter of 100 and a random_state of 42, shown in
Figure 4.

rf_medel = RandomForestClassifier(n_estimators=188, random_state=42)
rf_model.fit(X_train, y_train)

Figure 4. Running the Random Forest Algorithm

3.5 Hyperparameter Tuning

To optimize model performance and extract the best possible results, hyperparameter tuning was
conducted via GridSearchCV to determine the parameters with the best results. The grid search
configuration systematically evaluated combinations of various hyperparameters, including: n_estimators
(the number of trees), max_depth (the maximum depth of each tree), min_samples_split (the minimum
samples required to split an internal node), min_samples_leaf (the minimum samples required at a leaf
node), and max_features (the number of features considered for the best split to enhance model diversity),
shown in Figure 5..

from sklearn.model_selection import Gridsearchcv
from sklearn.ensemble import RandomForestClassifier

# Definisikan parameter yang akan dicoba

param_grid = {
‘n_estimators': [16e, 20e, 3ee], # Coba 1ee, 200, 3e@ pohon
‘max_depth': [18, 28, None], # Coba batas kedalaman 18, 28, atau tanpa batas
‘min_samples_split': [2, 5, 18], # Minimum sampel untuk split
‘min_samples_leaf': [1, 2, 4], # Minimum sampel di setiap daun
‘max_features': [‘auto’, 'sqrt'] # Jumlah fitur yang dipilih untuk setiap pohon

H

# Inisialisasi model
rf = RandomForestClassifier(random_state=42)

# Gunakan GridSearchCV untuk mencari kombinasi terbaik
grid_search = GridSearchCV(estimator=rf, param_grid-param_grid,

cv=5, n_jobs=-1, verbose=2)

# Latih model dengan Grid Search
grid_search.fit(X_train, y_train)

# Tampilkan parameter terbaik
print("Parameter terbaik:", grid_search.best_params_)

Figure 5. Tuning on Parameter
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3.6 Performance Comparison Before and After Tuning

After identifying the optimal parameters for each model, a comparative analysis was performed against
their respective baseline configurations. This evaluation was applied across all three algorithms to
determine the most effective model for weather prediction using the Seattle dataset.

The experimental results demonstrate the following performance variations:

a. Random Forest: The algorithm experienced a notable predictive boost, with its accuracy increasing by
2.39%, rising from a baseline score of 81.57% to 83.96% post-tuning. This proves that hyperparameter
tuning successfully optimizes the decision paths within the ensemble, shown in Figure 6.

y_pred = rf_model.predict(X test)
accuracy = accuracy_score(y test, y_pred)
print(f"Akurasi Model: {accuracy * 188:.2f}%")

Akurasi Model: 81.57%

# Prediksi pada data uji
y_pred = rf_best.predict(X_test)

# Hitung akurasi
accuracy = accuracy_score(y test, y pred)
print(f"Akurasi setelah tuning: {accuracy * 188:.2f}%")

Akurasi setelah tuning: B83.96%
Figure 6. Random Forest Accuracy Results

b. Decision Tree: This model showed a substantial improvement, where its accuracy jumped by 9%,
surging from 74% in its baseline state to 83% after tuning. This significant gain highlights that tuning
can provide an increase in the accuracy results of the Decision Tree algorithm, shown in Figure 7.

Akurasi: ©8.744874715261959
Laporan Klasifikasi:

precision recall fl-score  support
e @.e5 @.e7 @.86 14
1 8.24 8.28 8.26 32
2 6.96 6.96 6.96 182
3 8.33 8.38 8.35 8
4 8.78 8.73 8.76 193
accuracy 8.74 439
macro avg 8.46 8.47 8.47 439
weighted avg 8.76 8.74 8.75 439
=== HASIL TUNING DECISION TREE ===
Parameter terbaik
{'criterion’: 'entropy’, 'max_depth’: 5, 'max_features': 'sqrt’, 'min_samples_leaf': 2, 'min_samples_split': 1@}

Akurasi rata-rata (cross-validation): @.8542
Akurasi pada data uji: 9.8314

-- Laporan Klasifikasi ---

precision recall fil-score  support

e 8.25 a.e7 8.11 14

1 @.ea @.ee 8.ee 32

2 8.96 8.91 8.93 192

3 @.ea @.ee 8.ee 3

4 8.76 @.98 8.86 193

accuracy @.83 439
macro avg 8.39 8.38 8.38 438
weighted avg B.76 0.83 a.79 438

Figure 7. Decision Tree Accuracy Results
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c. X-Gradient Boost: The gradient boosting model also demonstrated enhanced performance, gaining a
2% increase in accuracy, shifting from 82% to a peak of 84% post-tuning. This underscores that tuning
can provide an increase in the accuracy results of the X-Gradient Boost algorithm, shown in Figure 8.

# Evaluasi performa

print{"akurasi:", accuracy_score(y test, y pred))
print(”Laporan Klasifikasi:\n",

Akurasi: ©.82460813667425068

Laporan Klasifikasi:

oo e ®

accuracy
macro avg
weighted avg

precision

8.25
8.43
g.94
8.32
a.79

8.55
9.80

8.a7
08.28
8.91
8.25
8.91

.48
.82

recall fl-score

8.11
8.34
8.93
8.29
g.84

8.82
8.5e
8.81

classification_report(y_test, y_pred))

support

14
32
192
8
193

439
439
438

best_model = GradientBoostingClassifier(**random_search.best_params_)
best_model.fit(X_train, y_train)

# Evaluasi Model

y_pred = best_model.predict(X¥_test)
from sklearn.metrics import accuracy_score
print("akurasi Model setelah Tuning:"

, accuracy_score(y_test, y_pred))

Akurasi Model setelah Tuning: ©.8428246813667426
Figure 8. X-Gradient Boost Accuracy Results

In summary, the comparative analysis validated that hyperparameter tuning provided performance
improvements across all tested machine learning frameworks. Ultimately, X-Gradient Boost and Random
Forest emerged as the best-performing models, producing optimal predictive capabilities for this data, as

shown in the following figure 9.

0,95
0,85

Perbandingan Metode

0,82 0,84

0,75
0165 l
0,55

Random Forest

Decission Tree

W Akurasi Sebelum Tunning

0,82 0,84

X Gradient Boost

W Akurasi Setelah Tunning

Figure 9. Accuracy Comparison Chart

4. Conclusion

Based on the experimental analysis of the three machine learning algorithms Decision Tree, Random
Forest, and X-Gradient Boost can be concluded that all three methods are highly capable of classifying
weather conditions for the Seattle dataset with a robust level of accuracy. Among the models evaluated, X-
Gradient Boost and Random Forest achieved the highest overall accuracy of 84% and 83.96% respectively,
followed by Decision Tree at 83% after optimization. The application of hyperparameter tuning via the
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GridSearchCV method proved highly effective in elevating model performance; it expanded the accuracy
of the Decision Tree by 9%, Random Forest by 2.39%, and X-Gradient Boost by 2%. For future research,
the system can be expanded by integrating additional classification algorithms for a broader comparative
scope, extending the historical observation periods, or utilizing deep learning architectures to achieve even
higher forecasting precision.
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