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This research explores weather forecasting, emphasizing the 
effectiveness machine learning algorithms in addressing the challenges 
posed by traditional forecasting techniques. The objective is to evaluate 
and compare the performance of two machine learning algorithms, 
Random Forest and Multiple Linear Regression. This research focuses 
on predicting temperature and wind speed by utilizing two datasets, 
one from three meteorology stations in Batu Pahat, and another from 
Kuala Lumpur obtained from Oikolab, covering hourly data from 2018 
to 2020. The data is pre-processed and split into 70% training and 30% 
testing subsets. The performance of the two selected algorithms were 
assessed using Mean Absolute Error (MAE), Mean Square Error (MSE), 
Root Mean Square Error (RMSE), and R-Squared (R2). The results 
indicate that Random Forest outperformed Multiple Linear Regression, 
showing higher R-squared values and lower error rates, thus 
demonstrating its superior ability to handle complex meteorological 
data.  
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1. Introduction 

Weather forecasting is the use of science technology to predicts the atmospheric conditions for a certain area and 
time frame [1]. Weather forecasting plays a pivotal role in various sectors, including agriculture, transportation, 
disaster management, and daily life planning. Weather forecasting is predicting how the air will change based on 
observations of the current environment made from the ground using tools like satellites, radiosondes, Doppler 
radar, boats, and airplanes. Traditional weather forecasting methods rely on numerical models, which can be 
highly computational and inaccurate in certain circumstances. There are two types of machine learning, 
supervised and unsupervised learning [2]. Supervised learning involves predetermined output attribute besides 
the use of input attributes, which is used to classify or predict outcome accurately. In contrast, unsupervised 
learning involves pattern recognition without the involvement of a target attribute, which is used to analyze and 
cluster unlabeled datasets. The intricacy of atmospheric science and the constraints of available data and 
technology present a number of difficulties and obstacles for machine learning-based weather forecasting. 
Therefore, the purpose of this project is to perform and compare machine learning algorithms that is related to 
weather forecasting. 

The primary challenge in weather forecasting is achieving accurate predictions for meteorological 
parameters such as temperature, precipitation, humidity, and wind speed. Traditional forecasting methods 
struggle with the complex and nonlinear relationships within weather data, often leading to reduced prediction 
accuracy. Furthermore, the accuracy of short-term weather forecasts, which are crucial for daily planning and 
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various industries, heavily depends on the quantity and quality of the data used to train machine learning models. 
Inadequate data can negatively impact economic sectors like agriculture and transportation. 

 
The primary objective of this research is to investigate the application and effectiveness of machine 

learning algorithms in improving the accuracy of weather forecasting. This study will utilize datasets from the 
meteorology office and Oikolab to provide a broad and thorough foundation for analysis. This research also aims 
to predict temperature and wind speed by using sophisticated modeling techniques. MATLAB will be employed 
as the analytical tool to implement and evaluate the chosen machine learning algorithms. Additionally, the 
effectiveness of the Random Forest and Multiple Linear Regression algorithms in precisely capturing the 
complexities and dynamics of weather patterns will be compared in this study. 

 
The expected outcome of this research is to make a comprehensive study on machine learning algorithms 

for weather forecasting. This research also includes a comprehensive study on machine learning algorithms for 
weather forecasting. The outcomes of applying machine learning techniques to the input data will be evaluated in 
order to assess the models' effectiveness and precision in forecasting weather patterns. 
 

2. Related Work 

This section discussed information about weather forecasting, machine learning and its categories and the existing 
research on weather forecasting using machine learning algorithm. 

2.1 Weather Forecasting 

The process of predicting weather conditions for the future is known as weather forecasting [3]. It involves the 
use of scientific principles and technology to analyze and interpret atmospheric data, with the aim of providing 
accurate and timely information about upcoming weather conditions. The main objective of weather forecasting 
is to assist people in planning and making educated decisions based on expected weather patterns for themselves, 
their communities, and different industries including emergency management, transportation, and agriculture. A 
mix of computer simulations, mathematical models, and observational data are used in this forecasting procedure. 

There are 3 main types of weather forecasting that exist in this world, they are short-range forecasting, 
medium-range forecasting and long-range forecasting. Short-range forecasts typically cover a period of up to 48 
hours or 2 days. This type of weather forecast focuses on immediate weather conditions and are crucial for daily 
planning and activities. It relies heavily on real-time observational data from weather stations, satellites and radar. 
Next, medium-range forecasts extend from about 3 to 10 days. This type of weather forecast provides a broader 
view of expected weather patterns and are valuable for planning events, travel and agricultural activities. Besides, 
long-range forecasts often stretch beyond 10 days and can last for many months. They give a general view for 
trends and climatic patterns, but are less precise compared to short and medium-term predictions. 

2.2 Machine Learning 

Machine learning is an area of AI that focuses on building algorithms and computational models that allow 
computers to learn and make predictions or decisions without being explicitly programmed. The basic principle 
underlying machine learning is to give computers the ability to recognize patterns, learn from data, and improve 
their performance over time. In conventional programming, humans directly set rules and codes to guide 
computers on how to complete a task. Machine learning systems, on the other hand, learn from data and examples, 
allowing them to generalize and make predictions or conclusions on new and unseen data. 

There are six main components in a generic model of machine learning which are shown in Figure 1, they 
are collection and preparation of data, feature selection, choice of algorithm, selection of models and parameters, 
training and performance evaluation [4]. The first process is collection and preparation of data, where the main 
task in machine learning is to collect and prepare data as input to the algorithms. These data need to be cleaned 
and pre-processed to a structured format in order to improve the quality of data so that the machine learning 
model can interpret it correctly. The second process is feature selection, where the unwanted features need to be 
removed in data preprocessing. The third process is choice of algorithm, where choosing the best algorithm for 
the problem to get the best possible results. The fourth process is selection of model and parameters, where most 
of the machine learning algorithms need user interaction to choose the best values for certain parameters. The 
fifth process is training, where the model needs to be trained based on the selected algorithm. The last process is 
performance evaluation, where the model must test to evaluate on performance parameters such as accuracy, 
precision and recall. 
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Fig.1 Component of a generic machine learning 

There are two main categories of machine learning, supervised and unsupervised learning. Supervised 
learning is a type of machine learning that trains computers to anticipate outcomes and detect patterns using 
labeled information. There are two common tasks in supervised learning which are classification and regression, 
where classification separates the data and regression fits the data. Fig. 2 shows the workflow of supervised 
learning. 

 
Fig. 2 Supervised machine learning workflow 

 
Unlike supervised learning, unsupervised learning examines unlabeled datasets without requiring human 

intervention. The purpose of unsupervised learning is to discover the underlying structure of a dataset, categorize 
it based on similarities, and display it in a compressed format. There are some common tasks in unsupervised 
learning such as clustering, density estimation, dimensionality reduction and so on. Fig. 3 shows the workflow of 
unsupervised learning. 

 
Fig. 3 Unsupervised machine learning workflow 

 

2.3 Algorithm used in weather forecasting 

There are many algorithms that can be used for weather forecasting and each of them has its own strength and 
weakness. The selected algorithms in this research are Random Forest and Multiple Linear Regression. These two 
algorithms are used to compare which algorithm has higher accuracy in predicting weather conditions. The 
description of these two algorithms will be explained in the next section. 
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2.3.1 Random Forest 

Random Forest, also known as Random Decision Forest (RFA), is a classification and regression algorithm that 
uses several decision trees to perform tasks such as classification and regression. It is classified as supervised 
learning and its main benefit is that it can be used for classification as well as regression. Random Forest is made 
up of a large number of decision trees (training samples) that are constructed in a randomized manner or as an 
ensemble. When a test dataset is applied to these decision trees, each decision tree makes a class prediction, and 
the class with the most votes is chosen as the model class [5]. Figure 4 shows the algorithm of random forest in 
machine learning. 

 
Fig. 4 Random Forest Algorithm 

2.3.2 Multiple Linear Regression 

Regression is an approach for supervised learning that is used to model and make predictions for continuous 
variables [6]. The purpose of univariate regression is to a linear equation that connects a dependent variable and 
a single independent variable by analyzing their relationship. Multiple linear regression is a statistical technique 
that model the relationship between a dependent variable and two or more independent variables. It expands the 
concept of simple linear regression to include more than one explanatory variable, which mean there are several 
independent variables (𝑋𝑖) and one dependent variable (𝑌). This algorithm is commonly used to find the line or 
“best fit” curve for the dataset. This process shows how the features influence results [7]. Multiple linear 
regression can be expressed with the following equation: 
 

 (1) 
 

2.4 Comparative Study 

This section shows the existing research study that are similar to this research paper. Many research has been 
done on weather prediction on different machine learning algorithms. These existing research studies have its 
own result but has the same research objectives. Table 1 shows the previous research studies about weather 
prediction using machine learning algorithm. 
 

Table 1 Previous research studies of weather prediction using machine learning 

Title of the 
research 

Algorithm Used Description Result 

Short Term 

Weather 

Forecasting 

Comparison Based 

on Machine 

Learning 

Algorithms [8] 

Decision Tree, 
AdaBoost 
Regressor, 
Random Forest 

This research seeks to determine 
which algorithms perform best in 
predicting weather conditions and 
analyze the potential benefits of 
integrating machine learning into 
meteorology. The parameters used 
are wind speed, relative humidity, 
dew point and air pressure. 

Random Forest 
perform better 
result and accuracy 
compared to the 
other two 
algorithms 
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Table 1: (cont) 

Analysis of Data 

Mining Techniques 

for Weather  

Prediction [9] 

C.45 Decision 
Tree, Naïve 
Bayes 

This research aims to extract 
meaningful information from the 
vast amount of weather-related 
data available, and use this 
information to make more accurate 
predictions about future weather 
conditions. The parameters used in 
this research study is temperature, 
humidity, wind speed, cloud cover 
and rainfall 

The performance of 
C4.5 Decision Tree 
gives a better result 
compared to Naïve 
Bayes 

Comparative 

Analysis of 

Machine Learning 

Algorithms for 

Weather Prediction 

using Error 

Detection [10] 

Linear 
Regression, 
Random Forest, 
Polynomial 
Regression, 
Cart Regression 

This study investigates the use of 

machine learning approaches in 

weather prediction, addressing the 

challenge of accurately forecasting 

weather patterns. The parameters used 

in this research are temperature, 

apparent temperature, humidity, wind 

speed, wind bearing and visibility 

Random Forest 

algorithm gives the 

smallest value of 

error hence results in 

a better error 

detection compared 

to other 3 algorithms 

Machine learning 

techniques to 

predict daily 

rainfall amount 

[11] 

Multivariate 
Linear 
Regression, 
Random Forest, 
XGBoost 
Gradient 
Descent 

The objective of this research project 

is to improve agricultural productivity 

and lessen the effects of irregular 

rainfall patterns in Bahir Dar City, 

Ethiopia by investigating the crucial 

relationship between atmospheric 

variables and daily rainfall intensity. 

XGBoost obtained 

the lowest mean 

absolute error and 

root mean square 

error which are 3.58 

and 7.85 

respectively. 

Machine Learning 

to Forecast Rainfall 

Intensity [12] 

Multivariate 
Linear 
Regression, 
Random Forest, 
Neural 
Network 

This research incorporates machine 

learning into a climate finance 

decision support system, 

concentrating on the effects of rainfall 

on Italian vineyards. It also uses 

machine learning to identify 

meteorological parameters that 

impact rainfall and predicts its 

intensity on a quarterly basis 

Based on the 

performance 

findings, Random 

Forest performed 

better than both 

Linear Regression 

and Neural Network 

A study on the 

evaluation of 

different regressors 

in Weather 

Prediction [13] 

Linear 
Regression, 
Polynomial 
Regression, 
Decision Tree 
Regression, 
Random Forest 
Regression, 
Support Vector 
Regression 

The study examines many machine 

learning regression models for the 

analysis of meteorological data sets in 

order to provide precise weather 

forecasts. The efficacy of each model 

is ascertained by comparing 

performance indicators such as MSE, 

RMSE, MAE, and R-squared. 

The study found out 

that Random Forest 

and Decision Tree 

regressors generate 

less error rates and 

perform better when 

compared to other 

proposed machine 

learning models. 
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Table 1: (cont) 

Prediction of 

Environmental 

Earth Surface 

Temperature using 

hybrid machine 

learning model 

[14] 

Linear 
Regression, 
Random Forest 
Regressor 

The study applied linear regression 

and random forest regression to 

predict temperatures using Berkeley 

Earth Climate Change temperature 

dataset, achieving accuracies of 

99.52% and 99.58% respectively, 

with low mean square errors. 

The overall results 

show that Random 

Forest performs 

better model fit 

compared to Linear 

Regression with 

99.58%, where it 

scores 0.06% more 

than Linear 

Regression model 

 

3. Methodology 

3.1 Introduction 

In this chapter, the research methods and procedures used for the machine learning in weather prediction will be 
discussed. Methodology is the systematic approach or set of principles guiding research or problem-solving in a 
particular field. It covers all of the methods, techniques, and procedures needed to provide dependable and 
consistent outcomes.  

3.2 Research Framework 

A research framework helps researchers organize their ideas, define the scope of the study, and direct the whole 
research process. For this reason, it is essential to a research report as it offers a systematic and structured 
approach to the investigation. This research will use Random Forest and Naïve Bayes to predict the temperature 
and windspeed in the proposed machine learning model. Figure 3 shows the research framework for chosen 
machine learning algorithm in weather prediction. 

 
Fig. 5 Research Framework for weather prediction 

3.3 Dataset Selection 

Datasets are crucial to machine learning as without them, machine learning algorithms would have no reason to 
advance. In this study, 2 datasets will be used for performing the analysis. Dataset A is from 3 meteorology station 
in Batu Pahat. The selected dataset consists of 26304 hourly data values starting from year 2018 until year 2020 
with parameters such as pressure, dry bulb temperature, dew point, relative humidity, mean surface wind and 
rainfall. Table 2 describes the information about the dataset A. 
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Table 2 Dataset A Description 
Attributes Type Description 

Year Numerical Year of the data that was 
recorded 

Month Numerical Month of the data that was 
recorded 

Day Numerical Day of the data that was recorded 

Hour (MST) Numerical Hour of day in Mountain Standard 
Time 

Pressure MSL (Hpa) Numerical Atmospheric pressure at mean 
sea level in hectopascals 

Dry Bulb Temp. (⁰C) Numerical Temperature measured by 
thermometer freely exposed to 

the air 

Dew Point (⁰C) Numerical Temperature when air becomes 
saturated with moisture and dew 

form 

Relative Humidity (%) Numerical Percentage of moisture in air 

Mean Surface Wind 
Direction (⁰) 

Numerical Average wind blowing direction 

Mean Surface Wind 
Speed 

Numerical Average speed of wind in m/s 

Rainfall Duration 
(min) 

Numerical Total rainfall duration in minutes 

Rainfall Amount (mm) Numerical Total amount of rainfall measured 
in millimeters 

 
 For dataset B, the historical weather data is obtained from Oikolab, particularly in Kuala Lumpur. This 
dataset consists 26304 hourly weather data same to dataset A, starting from year 2018 until year 2020 with 
parameters such as relative humidity, mean sea level pressure, temperature, wind speed, precipitation and other 
parameters. Table 3 describes the information about the dataset B used in this study. 
 

Table 3 Dataset B Description 
Attributes Type Description 

datetime (UTC) Date Date and time in Coordinated 
Universal Time (UTC) 

temperature (⁰C) Numerical Ambient temperature 

dewpoint_temperature Numerical Temperature when air becomes 
saturated with moisture and dew 

form 

relative_humidity (%) Numerical Percentage of moisture in air 

wind_speed (m/s) Numerical Speed of wind in meter per 
second 

wind_direction Numerical Wind blowing direction 

total_cloud_cover Numerical Fraction of sky covered by clouds 

total_precipitation (mm) Numerical Total amount of precipitation in 
millimeters 

Mean_sea_level_pressure 
(Hpa) 

Numerical Atmospheric pressure at mean 
sea level in hectorpascals 
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3.4 Features Selection 

A critical stage in the creation of machine learning models is feature selection, particularly in the context of 
weather forecasting, where the choice of important meteorological features has a big influence on prediction 
accuracy. By utilizing initial findings from machine learning models, the features were chosen through a 
combination of feature relevance evaluations and correlation analyses. For Dataset A, the selected features for 
predicting dry bulb temperature, dewpoint, and mean surface wind speed include hour, pressure, relative 
humidity, and wind direction. On the other hand, Dataset B predicts temperature, dew point, and wind speed using 
pressure, relative humidity, and wind direction. 

3.5 Data Pre-processing 

Data pre-processing is one of the most crucial process in a training of machine learning in weather prediction. 
This process includes cleaning and converting raw data into a format appropriate for analysis and modelling. The 
goal of data pre-processing is to enhance the quality and accuracy of the data, making it more suitable for the 
specific requirements of the machine learning algorithm being used. The most obvious advantage of data pre-
processing is that it enhances transparency in the machine learning process by analyzing every single stage and 
subsequently presenting a fairer and better model. 
 In this research study, the chosen dataset was examined for missing data and outliers using MATLAB. 
Generally, data pre-processing often entails processes such as data cleaning, data smoothing and data grouping. 
Data cleaning helps to find, clean and delete table rows with missing data. There are some functions that used 
throughout data cleaning process in MATLAB such as ismissing(), fillmissing() and rmmising(). Data smoothing is 
a method that helps reveal underlying patterns or trends in raw data by eliminating noise or unwanted 
fluctuations. Functions such as smoothdata(), movmean(), movmedian() and detrend() can be used during the 
data smoothing process. 

3.6 Data Splitting 

Data splitting is a process of splitting dataset into separate subsets, typically training set and testing set. This phase 
is crucial for the comparison and evaluation of the selected algorithms by identifying which models are the best 
for predicting weather. In this study, Dataset A and Dataset B will use the same ratio for training to testing which 
is 70:30, where 70% of the dataset will be used to train the models and the remaining 30% of the dataset will be 
used for evaluation purpose. Table 4 shows the dataset distribution according to 70:30 ratio for both datasets. 
 

Table 4 Distribution of data 
Dataset Total Data Training (70%) Testing (30%) 

A 26304 18143 7891 

B 26304 18143 7891 

3.7 Evaluation Metrics 

In the world of machine learning, the performance of a machine learning model is evaluated using measurements 
known as evaluation metrics. These metrics offer numerical insights into the model performances in performing 
its predictions compared to the actual values. 

3.7.1 Mean Absolute Error (MAE) 

Mean Absolute Error (MAE) is a commonly used metric in regression tasks to evaluate the performance of a 
machine learning model. This metric is the average of the absolute differences between the actual observation and 
the predicted outcome over the test sample, where each unique difference is given equal weight. 
 

 (2) 

3.7.2 Mean Absolute Error (MSE) 

Mean Squared Error (MSE) is another commonly used metric in regression tasks to evaluate the performance of 
a machine learning model. The average squared difference between the data set's actual and predicted values is 
measured by MSE. It gives a measure of the average squared deviation of predictions from the actual values. 
 

 (3) 
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3.7.3 Root Mean Square Error (RMSE) 

Root Mean Square Error (RMSE) used to measure the average magnitude of errors based on the quadratic scoring 
rule. RMSE is obtained by taking the square root of the MSE. 
 

 (4) 

 

3.7.4 R-Squared (R2) 

R-squared is also known as coefficient of determination. It is a statistical measure used in machine learning to 
evaluate the goodness of fit of a model. It indicates the proportion of the variance for a dependent variable that is 
predictable from the independent variables. R-squared values lie between 0 and 1, where 0 indicates poor fitting 
line or the model does not fit with the dataset, while 1 indicates the best fitting. 
 

 (4) 

 

3.8 Hardware Requirement 

Every experiment in this research study will be carried out using MATLAB tools in order to determine the 
achievement of the objectives. Therefore, a hardware is required for a successful completion of this entire research 
study. The hardware used in this research study is as shown in Table 3. 

Table 3 Hardware Requirement 

Hardware Description 

MSI GF-63 THIN  Intel® Core™ i5-10500H @ 2.50Ghz 
 RAM: 16GB 
 Storage: 1TB SSD 
 Operating System: Windows 11 Pro 

64-bit 
 

3.9 Software Requirement 

The data analysis tool that used in this research study is MATLAB. MATLAB, an acronym for MATrix LABoratory, 
is a high-performance programming language and environment that is mostly utilized for data analysis, 
visualization, and numerical computation. It was developed by MathWorks and it offers academics, engineers, and 
scientists a strong platform for working with data and resolving challenging mathematical issues. In this research 
study, MATLAB is mainly used to pre-process the data before the data is implemented into an experiment 
environment. Currently, there are 63 useful toolboxes which available in MATLAB. Next, MATLAB is also used for 
plotting chart to analyze and visualize the result. The system requirement of MATLAB for Windows operating 
system is shown in Table 4 as follows. 

Table 4 Software Requirement 

Configuration Recommend Requirement 

Operating System  Windows 11 
 Windows 10 (version 21H2 or 

higher) 
 Windows Server 2019 

 Windows Server 2022 
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Table 4: (cont) 

Processor Any Intel or AMD x86-64 processor with 
four or more cores and AVX2 instruction set 
support 

RAM 16GB 

Storage 3.8GB for just MATLAB 

4-6GB for a typical installation 

4. Result and Analysis 

4.1 Introduction 

This chapter will focus on the discussion of the obtained results and the analysis about the final result of the 
selected dataset for both algorithms, Random Forest and Multiple Linear Regression. The ultimate goal of this 
research is to compare the performance of Random Forest and Multiple Linear Regression for predicting 
temperature and wind speed and evaluate their performance based on accuracy and evaluation metrics. This 
chapter will present the dataset analysis findings in tables and graphs. 

4.2 Evaluation 

The performance of the 2 algorithms used in this study will be evaluated based on accuracy, MAE, MSE, RMSE and 
R-Squared. 

4.2.1 Mean Absolute Error (MAE) 

For Dataset A, Random Forest provides more accurate prediction compared to Multiple Linear Regression. 
Specifically, the MAE value for Random Forest shows a relatively lower error for the dry bulb temperature, dew 
point and mean surface wind speed, with values of 0.6800, 0.6669 and 0.3185 respectively. In contrast, Multiple 
Linear Regression gives higher MAE values of 1.0787 for dry bulb temperature, 1.1230 for dew point and 0.4465 
for mean surface wind speed. Figure 6 illustrates the MAE values for Dataset A. 
 

 
Fig. 6 MAE value for Dataset A 

 
 For Dataset B, Random Forest still perform better than Multiple Linear Regression.  Specifically, the MAE 
value for Random Forest shows a relatively lower error for the temperature, dew point and wind speed, with 
values of 0.6736, 0.6505 and 0.4269 respectively. In contrast, Multiple Linear Regression gives higher MAE values 
of 0.7037 for temperature, 0.7417 for dew point and 0.4616 for wind speed. Figure 7 illustrates the MAE values 
for Dataset B. 
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Fig. 7 MAE value for Dataset B 

 

4.2.2 Mean Square Error (MSE) 

For Dataset A, Random Forest provides more accurate prediction compared to Multiple Linear Regression. 
Specifically, the MSE value for Random Forest shows a relatively lower error for the dry bulb temperature, dew 
point and mean surface wind speed, with values of 0.7908, 0.7600 and 0.2102 respectively. In contrast, Multiple 
Linear Regression gives higher MSE values of 2.1205 for dry bulb temperature, 2.3592 for dew point and 0.3162 
for mean surface wind speed. Figure 8 illustrates the MSE values for Dataset A. 
 

 
Fig. 8 MSE value for Dataset A 

 
For Dataset B, Random Forest still perform better than Multiple Linear Regression.  Specifically, the MSE value 

for Random Forest shows a relatively lower error for the temperature, dew point and wind speed, with values of 
0.7542, 0.7049 and 0.3122 respectively. In contrast, Multiple Linear Regression gives higher MSE values of 0.8219 
for temperature, 0.9123 for dew point and 0.3663 for wind speed. Figure 9 illustrates the MSE values for Dataset 
B. 
 

 
Fig. 9 MSE value for Dataset B 
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4.2.3 Root Mean Square Error (RMSE) 

For Dataset A, Random Forest provides more accurate prediction compared to Multiple Linear Regression. 
Specifically, the RMSE value for Random Forest shows a relatively lower error for the dry bulb temperature, dew 
point and mean surface wind speed, with values of 0.8893, 0.8717 and 0.4585 respectively. In contrast, Multiple 
Linear Regression gives higher RMSE values of 1.4562 for dry bulb temperature, 1.5360 for dew point and 0.5623 
for mean surface wind speed. Figure 8 illustrates the RMSE values for Dataset A. 
 

 
Fig. 10 RMSE value for Dataset A 

 
 For Dataset B, Random Forest still perform better than Multiple Linear Regression.  Specifically, the RMSE 
value for Random Forest shows a relatively lower error for the temperature, dew point and wind speed, with 
values of 0.8685, 0.8396, and 0.5587 respectively. In contrast, Multiple Linear Regression gives higher MSE values 
of 0.9066 for temperature, 0.9551 for dew point and 0.6052 for wind speed. Figure 11 illustrates the RMSE values 
for Dataset B. 
 

 
Fig. 11 RMSE value for Dataset B 

4.2.4 R-Squared (R2) 

For Dataset A, Random Forest provides more accurate prediction compared to Multiple Linear Regression. 
Specifically, the R2 value for Random Forest showed a relatively lower error for the dry bulb temperature, dew 
point and mean surface wind speed, with values of 0.9258, 0.7456 and 0.4626 respectively. In contrast, Multiple 
Linear Regression gives higher R2 values of 0.8021 for dry bulb temperature, 0.2077 for dew point and 0.2136 for 
mean surface wind speed. Figure 12 illustrates the R2 values for Dataset A. 
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Fig. 12 R2 value for Dataset A 

 
 For Dataset B, Random Forest still perform better than Multiple Linear Regression.  Specifically, the R2 
value for Random Forest shows a relatively lower error for the temperature, dew point and wind speed, with 
values of 0.9048, 0.3236 and 0.2954 respectively. In contrast, Multiple Linear Regression gives higher R2 values 
of 0.8946 for temperature, 1.095 for dew point and 0.1947 for wind speed. Figure 13 illustrates the R2 values for 
Dataset B. 
 

 
Fig. 13 R2 value for Dataset B 

4.3 Model Performance Summary 

For Dataset A, Random Forest demonstrated a superior performance with lower error rates across all 
performance metrics compared to Multiple Linear Regression. For MAE, Random Forest recorded a lower value 
of 0.5552, indicating a minimal deviation from the true values when compared to Multiple Linear Regression, 
which is 0.8827. Similar trends were seen in the MSE and RMSE, with Random Forest reporting lower values of 
0.5870 and 0.7662 respectively compared to 1.5986 and 1.2644 for Multiple Linear Regression. This indicates 
that a lesser variance and deviation in the predictions made by Random Forest. As for R2, Random Forest recorded 
a value of 0.7113, which was considerably higher than Multiple Linear Regression with a value of 0.4078. This 
shows that Random Forest explained a greater proportion of variance and provide a better model fit and 
predictability compared to Multiple Linear Regression. 

In comparison to Dataset A, both models for Dataset B showed a little decline in performance metrics. 
However, Random Forest still perform a superior performance when compared to Multiple Linear Regression. For 
MAE, Random Forest recorded a lower value of 0.5837, indicating a minimal deviation from the true values when 
compared to Multiple Linear Regression, which is 0.6356. Similar trends were seen in the MSE and RMSE, with 
Random Forest reported lower values of 0.5904 and 0.7684 respectively compared to 0.7001 and 0.8368 for 
Multiple Linear Regression. This indicates that a lesser variance and deviation in the predictions made by Random 
Forest. As for R2, Random Forest recorded a value of 0.5080, which was slightly higher than Multiple Linear 
Regression with a value of 0.3996. This shows that Random Forest explained a greater proportion of variance and 
provide a better model fit and predictability compared to Multiple Linear Regression. Table 5 shows the average 
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performance of Random Forest model and Multiple Linear Regression model in terms of accuracy, MAE, MSE, 
RMSE and R2 
 

Table 5 Average performance of selected algorithms 
Dataset Algorithm MAE MSE RMSE R2 

A Random Forest 0.5552 0.5870 0.7662 0.7113 

 Multiple Linear 
Regression 

0.8827 1.5986 1.2644 0.4078 

B Random Forest 0.5837 0.5904 0.7684 0.5080 

 Multiple Linear 

Regression 
0.6356 0.7001 0.8368 0.3996 

 

5. Conclusion 

In conclusion, the primary goal of this research was to compare the performance of Random Forest and Multiple 
Linear Regression algorithms for predicting temperature and wind speed using the two selected datasets. The 
results show that Random Forest significantly outperforms Multiple Linear Regression for both datasets in 
various performance metrics such as MAE, MSE, RMSE, and R-squared, demonstrating its superior ability to 
handle complex meteorological data. This underscores the potential of Random Forest in enhancing weather 
prediction accuracy, which is critical for sectors like agriculture and transportation. Future research should 
explore additional machine learning models like Support Vector Machine (SVM), Artificial Neural Networks 
(ANN), XGBoost, and Long Short-Term Memory networks (LSTM), using larger and more diverse datasets as well 
as employing advanced validation techniques to further enhance weather forecasting reliability and accuracy. 
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