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1 Introduction 

1.1 Overview 

Nowadays prediction of weather forecasts and analysing is the main task which is faced today. 

A lot of systems and equipment are already developed for predicting the weather forecast which 

are sophisticated in its own way. However, these systems can be employed with machine 

learning algorithms to enhance it towards the computer algorithm implication to improvise the 

prediction standards. According to Krishnaveni and Padma (2021) the weather forecasting is 

an emerging domain where the condition of the weather will be predicted for a particular 

location and particular time. The author had compared the SPRINT algorithm with the existing 

method naive Bayes algorithm. From this, it is observed that the proposed method provides 

better efficient accuracy when compared with the existing method. In this work, the author 

proposed The SPRINT algorithm which mainly works on the principle of decision tree 

algorithm. Here the present work is carried out by using the climate dataset taken from Kaggle 

with 1460 rows and 6 columns. However, based upon the features of the dataset the model 

predicts the weather forecast decision tree and its variant algorithms.  

Similarly, Liao et al. (2019) discuss that the prediction of forecast plays an important role while 

predicting the weather. In this work, the author used the XGBoost algorithm which is a boosting 

technique that enhances the model performance and predicts the weather based on the training 

data. This proposed model provides good accuracies when compared with other existing 

methods. Hence, in this work the comparison is carried out and justified the performance of 

XGBoost based on accuracy. 

According to Singh et al. (2019) states that there is a different factor that depends on the 

weather conditions and their impacts. The existing manual detection of the weather based on 

their temperature and some other features provided less accurate results for early detection of 

weather. In this work, the author developed a model by using ML where the random forest 

algorithm, decision tree and XGboost algorithm models try to predict the features of weather 

based on the trained data and the model predicts the weather forecast data based on considering 

the other features as well along with temperature. 

From this research, it is concluded that the decision tree, random forest, and XGBoost 

algorithms provided good accuracy results and better precession as well. So, these algorithms 

are used for the proposed work and finding the best algorithms out of three which provides 

good accuracy for the dataset that is used for the models. 



 

2 

 

1.2 Purpose of Study 

Prediction of weather to ensure the safety of human being and the environment has been one 

of the important studies for ages to ensure a safe passage of living beings on the earth. There 

are different traditional methods implemented in forecasting the weather reports in the 

traditional approach. However, drastic changes in the climate conditions due to heavily 

polluted air, water, soil, and atmosphere results in peculiar weather conditions. Therefore, using 

data science techniques for weather prediction has become a trend in recent times to acquire 

more accurate and fast results. This work allows the author to understand the insights of ML 

techniques, using the real-time datasets, and implementation of python code for a better future 

in the career. 

1.3 Aim and Objectives 

1.3.1 Aim 

To implement the machine learning techniques to enhance the accuracies of weather forecast 

detection. 

1.3.2 Objectives 

• To understand and extract the features in the dataset. 

• To implement the Data visualizations from the dataset. 

• To perform the data processing and EDA (Exploratory data analysis) techniques and 

transformations. 

• To implement the Decision Tree, Random Forest, and Xgboost algorithm and evaluate 

the performance of the model by comparing the implemented algorithms. 

• To implement the hyperparameter tuning factors to improve the performance of the 

testing set. 

1.4 Research Questions 

• What are the machine learning techniques that can be implemented on the given 

dataset? 

• How well machine learning techniques are best suited for weather prediction purposes? 

• Which ML algorithm provides best results out of all with respect to prediction 

accuracy?  
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1.5 Research Methodology 

Before proposing the algorithm, a lot of research work is done on the different ML approaches. 

The main method considered here is machine learning for forecasting purposes. Initially 

collecting the dataset from open-source platform Kaggle and performing some pre-processing, 

Exploratory data analysis on the obtained dataset. After processing the data and will be split 

into training and testing sets then the training data is applied to the ML algorithms. Finally, a 

Decision Tree, Random Forest, and Xgboost algorithms are used. Based on the data the 

methods considered are: 

• Data cleaning 

• Data processing 

• Feature selection 

• Model evaluation through metrics. 

1.6 Organization of the Dissertation 

In this dissertation thesis, the Chapter 1 explore the importance, role and goal of this work is 

explained with suitable aim and objectives. To support the research work with adequate 

materials and previous methods applied in the same context of work is explored by review the 

existing literature in Chapter 2. The suitable methodology for the present work to predict the 

weather forecast, a proper approach has been recommended in Chapter 3 with proper 

justification. Chapter 4 explains the summary of results obtained by implementing the code 

and allows to conduct an experimental analysis to conclude the overall work in Chapter 5. 
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2 Literature Review 

2.1 Overview  

Weather forecasting is the process of predicting the weather conditions for the future. By using 

the data of temperature, humidity, and pressure using different sensors to predict the weather 

conditions. In this paper, machine learning techniques are used for data analysis and prediction. 

Machine Learning doesn’t require the present data it can predict by using the past data to predict 

the future data says Parmar et al. (2018).  

According to Singh et al. (2019), Random Forest classification is a machine learning algorithm 

that used a learning method in which one or two machine learning methods are combined to 

form a single learning method. It operates by using multiple decision trees while training the 

dataset. Cho et al. (2020) says that most commonly used method for weather forecasting is 

Artificial Neural Networks (ANN), which provides higher accuracy than some other techniques 

like Support Vector Regression (SVR), and Random Forest (RF). According to Scher and 

Messori.2018, every weather forecast is a certain degree and it has been recognized for many 

applications. Artificial Neural Networks (ANN) is used in weather forecasting for decades. 

Recently deep convolutional networks a subclass of artificial neural networks has shown very 

high skill in image recognition, so which is applied to detect extreme weather conditions using 

the training dataset containing the image files. Convolutional Neural Networks (CNN) is also 

applied for atmospheric states to forecast. However, the weather conditions change very fast 

so it is difficult to propose an algorithm for weather forecasting (Fathi et al.2021). A 

computational process is required with high-tech equipment. The distribution of data related to 

weather mainly the temperature distribution can be approximated by a Gaussian distribution, 

this gives a limitation for other weather conditions such as wind speed. The author Sonderby 

et al.2020 suggests that there are many random forests generated from classification and 

regression trees. The decision trees were obtained by splitting the training data into two groups 

according to predictors chosen for minimizing the variance of the response variable in the 

resulting groups. A generalized version of random forest-based quantile based on theoretical 

considerations has been tested but did not result in improved forecast performance. 

A. Machine Learning – Background 

Machine Learning has played a main role in physics for over a decade. it tells whether a given 

set of particles is associated with a bottom quark, which is four times heavier than a proton 
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(Schwartz, 2021). Machine learning is used in physics for several years the traditional machine 

learning is replaced with modern machine learning. the most valuable in the data is a network 

that is to be free to find (Schwartz, 2021).  The Pile Up Mitigation with Machine Learning 

(PUMML) builds to find the intensity of the pixel of an image.  For PUMML three images are 

constructed one is for charged particles from the primary collision and second from secondary 

collisions points and the third is from neutral particles. Machine Learning has developed an 

entirely different purpose for particle physics applications.  

The author Benning et al. (2022) states that intelligent agents are described by the term 

Artificial intelligence. Artificial Intelligence is a specific branch of machine learning that uses 

mathematics and statistical techniques to perform inference. In Machine Learning different 

tasks can be performed and designed to allow the certain application of methods. To get a 

certain output supervised learning requires a labeled set of training data to estimate the input 

data. There are different algorithms are included in supervised learning, they are support-vector 

machines (SVM), decision trees (DT), K- nearest neighbor (KNN), and neural networks (NN). 

Unsupervised learning does not need the labeled training data. Clustering is an example of 

unsupervised learning as the input training data automatically form clusters of similar features. 

According to the author Brnabic and Hess, (202) there are two types of learning in machine 

learning algorithms, they are supervised and unsupervised learning. For supervised learning 

there are several statistical tools are used. Some of them like regression models that fit a model 

to data and evaluate the fit to data and estimate the data parameters. The statistical regression 

model is used for prediction as well as an understanding of the statistical sciences. These 

methods are transparent and overlook complex associations with limited flexibility. Non-

traditional machine learning algorithms and machine learning approaches may overcome some 

of the classical regression models in terms of big data. 

B. Various public datasets for Weather forecasting 

The author Purwandari et al. 2021 states the dataset which contains the climate data in which 

data themes are created and distributed widely by the Twitter users. In this dataset, the time-

series data such as humidity, and temperature are typically used. Manly twitter dataset is used 

to track the violence. it is used for a few experiments that are to predict the time and location. 

To predict this model regression technique is used and in some cases the support vector 

machine (SVM) and some other techniques are also used to validate the weather data. Here in 

this study the dataset form Kaggle is utilized which is found to be the perfect match to compare 
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the models and hyper-parameter tuning techniques. The comparison is shown to justify the 

algorithm which performs well.  

2.2 Importance of Hyper-parameter tuning in machine learning 

Hyper parameters are nothing but the settings that are to be adapted before running a training 

job, as this helps in controlling the various actions of the machine learning (ML) algorithms   

(Veloso et al. 2021). Suppose if hyper-parameters are not properly tuned, the model that is to 

be estimated will not provide standard results, as the loss function is not reduced. These effects 

on the training model since it is highly related to the training time, necessities of the resource, 

and hence even on the cost, model intersection, and accuracy of the model. The hyper-

parameters can be divided into various categories that include Model hyper-parameters, 

optimizer hyper-parameters and data hyper-parameters: The first category is, Model hyper-

parameters is a model that helps in defining the significant concept of the model itself 

(Noraset et al. 2017). Consider an example of neural network (NN) architecture which contains 

attributes like filter size, padding, stride and pooling. The second category is, Optimizer hyper-

parameters is the one that checks how the model learns patterns depending on the data. Some 

of the parameters that optimizer hyper-parameters include are Adadelta, SGD (Stochastic 

Gradient Descent), RMSprop, Adam etc. The third one, Data hyper-parameters are related to 

data attributes.  

This is used frequently when data is not found sufficiently or insufficient difference in data. In 

cases like this, the technique called data augmentation like resizing; cropping and binarization 

and so on are complicated. The selection of hyper-parameters does not contain any set of rules. 

Usually, the hyper-parameter selection and tuning process is done manually (Zahedi et 

al. 2021). There exists a way for taking help from others who have knowledge or experience 

regarding the domain and help in guiding to select of various hyper-parameters with 

appropriate values. In later stages training model is followed and checked it against data 

validation. The methods that are followed are grid search and random search. The first one is 

the grid search in which the hyper-parameters and their different values are considered to build 

a grid (López et al. 2020). The model is usually trained and later a score is obtained on 

validating the data, for all likely combinations. This helps in using all the likely combinations 

of the hyper-parameters values is strained. This method helps in performing a widespread 

sweep on all the likely combinations. However, it can be very ineffective in matters of cost and 

the training time. The second one, Random Search is a method that is similar to that of the grid 

search. As in the case of the grid search, training and scoring on each likely combination are 
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happening and whereas random search involves the selection of random combinations (Yang 

and Shami; 2020). Based on time and resource constraints the number of search iterations can 

be set. These two methods namely grid search and random search need a trial-and-error method 

until the acceptable results are obtained. Due to the burdensome nature of manual methods, 

automated hyper-parameter tuning solutions are usually preferred nowadays. These are all 

available from the various cloud service which is Microsoft, AWS and Google. These auto-

tuning solutions use methods like Bayesian optimization (Victoria and Maragatham; 2021), 

gradient descent and exploration-exploitation trade-off to perform a guided search for getting 

the best settings for hyper parameters. The hyper-parameters are needed to be tuned. In weather 

forecasting it helps in improving the performance of the model. The author opines that hyper 

parameter are necessary for tuning. There are three categories of hyper-parameters namely 

Model hyper-parameters, Optimizer hyper-parameters and Data hyper-parameters. Popular 

search methods include Grid search and random search. Automated hyper-parameters tuning 

solutions are preferred now a days. Hence, in this work Grid search CV is utilised. 

2.3 Feature selection methods in machine learning 

Data that has got the characteristics of high dimensions is a kind of challenge in the analysis of 

the data and in making decisions. Feature selection helps in the processing of the high 

dimensional data and thereby increases effectiveness in learning. This feature set helps in 

selecting the subset of features from original features by striking certain criteria (Ahmad and 

Aziz, 2019). And this helps in getting only the relevant features from the whole dataset. This 

feature selection helps in pre-processing of the machine learning algorithms (El-Hasnony et 

al. 2020). This will greatly influence learning accuracy, helps in reducing the time taken to 

learn, and thereby simplify the results from learning. It can be used in various fields like 

recognition of images, mining text, detection of intrusions, diagnosing the faults, and so on 

(Cai et al. 2018). These feature selection methods can be based on information theory, rough 

set, manifold, and statistics (Ji et al. 2021). The feature selection methods can be divided into 

various models like supervised, unsupervised, and semi-supervised, and these are based on 

training data that is utilized; which can be labelled, unlabelled, or in some cases may be 

partially labelled (Li and Tang, 2021). Supervised techniques are used in the case of labelled 

data, and help in identifying features to increase efficiency for classification and regression 

models that come under the supervised models that is why here in this study the supervised 

machine model is considered; whereas unsupervised models can be useful in the case of 

unlabelled data (Berry et al. 2019). The semi-supervised technique can use both labelled and 
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unlabelled data. Based on their relationship with ML algorithms they can be classified into 

various methods like embedded models, filter, and wrapper methods. A detailed description is 

given below for each of the methods: Filter Method: The Filter method helps to perform 

feature selection very fast and is scalable (used for high dimensional data, which is not the case 

in this study). The main purpose of this method is in ordering the features based on preferences 

like best to worst (Effrosynidis and Arampatzis, 2021). Hence, here in this study the 

information gain is used to show the feature importance. The ordering of features is based on 

variance, distance, information, consistency, and correlation factors. Many filter methods are 

created regularly, and among them, each filter uses a variety of criteria and is different so that 

it gets to know the data based on significance. Next comes the Wrapper methods: A Wrapper 

method uses ML algorithms to get the best subsets among all features and hence they are 

dependent on the classifier (Pintas et al. 2021). These methods are very simple to implement 

and thereby help to model feature dependencies. When it is performed on a dataset that contains 

many features in it, it takes extraordinary resources for computation. Thereby consumes a lot 

of time when implemented. Embedded methods: Embedded methods help assist wrappers 

and filters (Liu et al. 2019; Kumar and Rajini; 2019). They combine criteria like measurable 

and statistical just like a filter to choose certain features and then by using ML algorithms they 

get the subset based on the results (classification). They also help in reducing the wrapper's 

complexity without re-categorizing the subsets in every iteration and help in modelling the 

feature dependencies. These methods do not complete repetitions. And are implemented by 

those algorithms that are built-in. Examples include LASSO and RIDGE regression which 

helps reduce over fitting. Feature selection is done in the learning phase, which means these 

methods achieve model fitting and feature selection at a similar time. And based on the 

evaluation criterion; feature selection methods are resulting from dependence, consistency, 

correlation with the outcome variable, the measure of information, and Euclidean distance. One 

such feature selection method is Pearson’s Correlation: Pearson’s correlation helps in 

measuring linear dependence among non-stop two variables X and Y. Its results range from -1 

to +1 (Khaire and Dhanalakshmi; 2019). Linear Discriminant Analysis (LDA): LDA method 

is generally used to get a linear arrangement of features which helps in categorizing the variable 

into two or more separate levels. Analysis of Variance (ANOVA): This method is similar to 

that of LDA. The only change is that; it is functioned by using one continuous dependent 

feature and one or more than one categorical independent feature (Sarker, 2021). It verifies 

(from statistical tests) whether the means of several groups are equal or not. Chi-Square: It is 

a kind of statistical test that is used on the groups of categorical features to estimate the 
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probability of correlation or link among them by using frequency distribution (Lugo-

Armenta et al. 2021). It can also be divided based on search strategies example includes 

forward feature selection, backward elimination, and recursive feature elimination, etc. 

Forward Feature selection: This is an iterative method that usually starts with a variable that 

performs best; against that of the target variable (Vandana and Chikkamannur; 2021). In later 

stages, another variable is created which performs best when working with that the variable 

that was selected first. The process goes on until present certain criterion is obtained. 

Backward Feature Elimination: When compared with the forward feature selection method 

this method works opposite. This method usually starts from the features that are available, and 

later stage it creates a model (Beraha et al. 2019,). It helps to eliminate the features that don’t 

have an effect on the dependent variable or when predicting the output. Recursive feature 

elimination: This technique uses the greedy optimization algorithm that helps in obtaining the 

feature subset that performs best. It recreates models and separates them by classifying those 

features that are best and the one that performs worst in each of its iterations (Thejas et 

al. 2019). The left-out features are considered and used for creating a model until and unless 

all features are completed. Depending on the order of elimination it ranks the features (Rani et 

al. 2021). And based on output type it can be divided into feature rank based on weighting and 

subset section models.  

The author opines that the feature selection method helps in processing the high-dimensional 

data. The feature techniques help select the subset of features from that of the original feature 

set by striking criteria and thereby selecting only the relevant features from the available 

dataset. Based on the relationships with that of ML algorithms that are classified into filter 

method, wrapper method, and embedded methods. 

2.4 What are ensemble techniques and importance of these techniques? 

Ensemble technique: Ensemble technique in machine learning is the process of combining 

several models such as classifiers or experts, in order to get the one optimal model. Sagi and 

Rokach (2018) say that the ensemble method creates multiple models and combines them to 

produce the results. it is ideal for regression and classification. It generally gives more accurate 

solutions than a single model would by reducing bias and variance to boost the accuracy of 

models. In machine learning, whether it’s a classification or regression selecting the model is 

extremely important and this choice can depend on many variables of the problem which are 

quantity of data, space dimensionality, and distribution hypothesis. Feng et al. (2021) 

suggested that weak learner’s models in ensemble learning techniques can be used for 
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designing more complex models by combining several of them. In general, this model is not 

performing well because either it has a high variance to be robust or with high bias. According 

to Pham et al. (2021), the idea of a weak learner covers the strong learner by combining several 

models together in order to create a strong learner. There are two types of models are designed 

for weak learners, they are homogeneous and heterogeneous ensemble models. To overcome 

these weak learners bootstrapping method was used. Bootstrapping is a statistical method to 

create sample data without leaving the properties of the actual dataset Odegua (2019) proposed 

that there are also different types of Ensemble Methods. They are Boosting, Bagging, and 

Stacking. Bagging: The most famous approach in the ensemble model is bagging. Bhatia and 

Sangwan (2021) proposed that Bagging is a way to decrease the variance in the prediction by 

training the dataset using combinations with repetitions to produce the multisets of original 

datasets. In this process, homogeneous weak learners are considered independently from each 

other in parallel and combined by using averaging process. Boosting: In this process to 

minimize the errors, it combines a set of weak learners into a strong learner.  This process is 

done by selecting the sample of data randomly and fitted with the model and training 

sequentially. Gavrylenko et al. (2020) say that it often considers homogeneous weak learners 

and learns them in an adaptive way and combines them in a deterministic strategy. Stacking: 

it generally considers the heterogeneous weak learners who learn them in parallel and combines 

them by training a model to get the output prediction based on different weak model’s 

predictions. Zhang and Wang (2021) say the main idea of stacking is to learn several weak 

models and combine them by training a meta-model to get the predicted output. 

2.5 Related Work 

Singh et al. (2019) proposed a method by using the Raspberry Pi. to predict the possibility of 

rain. the Raspberry Pi is used to communicate between the hardware and software. Weather 

forecasting uses machine learning models the real-time data of temperature, humidity, and 

pressure are used by using various sensors. The sensors come under Hardware and the 

applications come under software. The sensors used in Raspberry pi have the capability for 

temperature and humidity. These sensors give the output digitally. the three different modules 

are used in this application. they are sense.py, backend.py, and frontende.py. the sense.py 

module gets the sensor value, to collect the data certain libraries are used Adafruit_DHT 

(Digital Temperature and Humidity Sensor) and Adafruit_BMP (Barometric Pressure Sensor) 

to collect the data from the GPIO (General Purpose Input Output) pins. The backend.py module 

includes the machine learning models and it is trained by the Random Forest classification. 
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The data is collected in the size three by NumPy library from sense.py. The data contains the 

temperature, humidity, and pressure. the frontend.py is used for the GUI (graphical user 

interface) to the application. the application interacts with the user and those are connected by 

sense.py and backend.py modules. after proposing this method Random Forest Classification 

model with 75% accuracy in the training dataset and 25% accuracy in the test dataset. However, 

in the present work no data is collected and worked on the data from Kaggle and noted accuracy 

is higher for Random Forest algorithm (99.3%). There are different and interesting techniques 

to try to perform weather forecasts. This technology involves physics and differential 

equations. many techniques are used in Artificial Intelligence and machine learning, mostly 

used technique is neural networks, and some are used on probabilistic models such as Bayesian 

networks. Holmstrom et al.2016 used neural networks while one is support vector machines. 

The neural network model in machine learning is the most suitable to predict the weather 

forecast because it can capture the data from the past weather conditions to the future weather 

conditions. Out of the neural network approaches one uses the hybrid model to model the 

physics while the other approach uses a Support Vector Machine (SVM), which is applied 

directly for weather prediction. But the SVM has a limited scope compared to the neural 

network approaches. Some of the other approaches for weather forecasting use Bayesian 

networks by using machine learning models. in Bayesian networks, the parameters are quite 

computationally expensive because of a large number of different dependencies and perform 

very well. Hence here in this work, ensemble techniques are applied and compared. 

Weather forecasting has been studied for more than a century. Wang et al.2019 suggested some 

models that purely data-driven tasks using ARIMA (Autoregressive Integrated Moving 

Average) model, SVM (Support Vector Machine), and forward neural networks. These models 

may explore only a few variables that may not capture the diverse meteorological variables. 

This study is to capture and reduce nonlinear relationships between variables and it is trained 

with a multi-layer perceptron for prediction. Although deep learning for regression gives better 

results in weather forecasting there is a gap between deep learning and uncertainty 

qualification. Uncertainty qualification provides more reference information for decision 

making and has received more attention from researchers in recent years. These methods are 

more based on shallow methods that do not have the advantage of deep learning. Bayesian deep 

learning distributes the data over the weight and it is the most popular technique by adopting 

variational inference instead of using the backpropagation to train deep models. Weather 

forecasting using machine learning has been considered for the last two decades. Hewage et al. 
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(2021) suggested a model that is a multi-layered perception (MLP) is a neural network and 

Elman recurrent neural network (ERNN) was introduced to predict the temperature and wind 

speed forecasting. The author compared the models MLP, ERNN, and RBFN (radial basis 

function network) and concluded that ERNN is the efficient method to capture the dynamic 

behaviour of the weather parameters.  The fuzzy neural networks are also proposed to predict 

the weather conditions by taking the temperature, dew point, wind speed, and visibility. This 

method is done by considering the fuzzy rules and their weights. in the neural network model 

maximum temperature, minimum temperature, and relative humidity were introduced. This 

paper concluded that neural network signal processing for weather forecasting yields good 

results and is considered a traditional meteorological approach. A backpropagation neural 

network (BPN) methodology is used for temperature forecasting while identifying the 

nonlinear relationship between input parameters. Ensemble neural network (ENN) is a hybrid 

model used for improving the prediction for forecasting the temperature. different machine 

learning models like SVM, regression trees, and forests were used by different approaches for 

each parameter to get promising results. Weather prediction is done by different classification 

and prediction models. Gad and Hosahalli, (2021) proposed a model that performs simulations 

by using physics and differential equations which include machine learning models. There are 

many methods used in the machine learning model they are ANN, SVM, decision tree, and k- 

nearest neighbour model. Deep learning can extract the hidden features of past and future 

weather conditions as they are the most efficient method compared to other methods. This 

paper shows the multilayer perceptron (MLP) neural networks on meteorological data and 

compared them with the traditional models. In terms of efficiency and accuracy various 

machine learning models especially for classification, tasks increase the performance of 

classification algorithms to handle a large number of variables, which is employed and 

compared in the present work. The weather classification model is based on convolutional 

neural networks which are implemented by using a large dataset. A hybrid predictive model is 

using a classifier namely ANN, decision tree, and Gaussian process modelling but based on the 

SVM classifier the accuracy for weather forecasting is lower compared to the neural network 

approaches. 

There are many methods used for weather prediction in machine learning and artificial 

intelligence both in supervised and unsupervised learning. Bochenek, and Ustrnul, 2022 state 

that one can find many methods and classifications, especially for supervised learning. There 

was the labelled data is provided used from the training dataset which maps the given inputs 
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and outputs. This method can be used for different datasets named test data and evaluate the 

model and the obtained results are satisfactory. In this study different methods such as Decision 

trees, Random Forest or XGBoost, artificial neural networks, deep learning, and support vector 

machines are used to predict weather forecasting. The main of the present study is to review 

the machine learning methods and applications within the analysis of the weather.  

The Random Forest is the most popular method in machine learning models. This method is 

widely used in different time series like climate monitoring, weather prediction, energy 

industry, and biostatistics (Swe et al. 2019). Random forest is an ensemble method that can 

handle both classification and regression. Random forest is a tree-based method where the trees 

are formed by collecting different random variables. Swe et al. (2019) suggested the method 

that put the many regression trees together and forms an ensemble. After the ensembled trees 

are fitted using the bootstrap samples, the final decision is obtained by aggregating the 

ensembled data.  This can be done by averaging the output or by voting the output both for 

regression and classification. this process is called bagging as it improves the stability and 

accuracy of the model. It also reduces the variance and avoids overfitting.  Hence, it is used in 

this study as well.  

2.6 Contribution of the Works  

The overall work contributes towards weather forecasting using hyperparameter tuning as well 

as comparison of the performances of single as well as multiple classifiers on the selected 

dataset. 

From the related work review carried out it was found that most of the studies have collected 

their own data using hardware. Which sometimes cause problems as it requires high-end pre 

and post processing. However, in this study the aim was decided to use the data present from 

the open-sources. And was concentrated towards how effectively the forecasting results will 

be improved with the use of hyper-parameter tuning as well as multiple classifiers concept. 

Here multiple-classifiers means using classifiers/algorithms in machine learning which 

consists of combinations of single classifiers. The best example would be a random forest 

algorithm. This algorithm consists of multiple decision trees forming an forest like structure. 

Hence, such algorithms identified here are decision tree, random forest and Enhanced version 

of decision tree which is XGboost algorithm. However, the aim of using the decision tree here 

was to show the exact difference between how the model enhances the performance metrics 

when a multiple classifier is introduced.  
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• A data set is accessed from the open-source platform like Kaggle and also the code was 

implemented using colab notebook which is also an open-source notebook which 

provides a powerful backend with Python 3 and a virtual RAM. The dataset is of 

medium size with 1461 instances to work on. The size of the dataset is not an issue here 

as the classes in the labels were imbalanced and sampling techniques can be utilised to 

increase the number of samples to work on. Moreover, the idea is to keep the data raw 

and clean to show the evaluations clearly. 

• The data set consist of only 6 columns which were found to be related perfectly using 

the correlation matrix and no feature selection methods were adapted but an attempt 

was made to show the feature importance of each of these columns using information 

gain method which is discussed in the results. These discussions are made to justify that 

feature selection methods are not to be used in the present data set selected. 

•  Hence these were the influences in contributions done after making discussions and 

analysis on the data set selected. They were other sources of data set but they were 

driven towards the time series analysis. Which is not the aim of the study. 

• Finally, there were 3 models selected which fits with the data set. Firstly, the decision 

tree model was implemented to show the evaluations made by the single classifier on 

the data set selected. Then the enhanced version of decision tree which is the XG boost 

classifier was implemented. Then random forest classifier was also implemented. The 

idea behind the implementation of tree classifiers was to show that a single classifier 

which is decision tree performs lower when compared to that of a multiple classifier 

and the justifications were made based on the classification metrics and the confusion 

matrix generated from the models. However, suggestions made by the author Swe et al. 

2019, that random forest has shown better implications when used for this domain of 

study. The present work implicates the random forest models. The effectiveness of 

XGboost classifier was discussed by Ma et al. (2020) towards the prediction 

performance. The algorithm was selected in the present study. 

• The work also progressed towards utilising the known abilities of hyperparameter 

tuning on the machine learning algorithms (DeCastro-García et al. 2019), the decision 

tree algorithm was optimised using the Grid search CV method of tuning. The tuning 

method selection was explained and justified by showing that the optimisation has 

caused an increase in accuracy which was 79% after tuning and 76% before tuning. The 



 

15 

 

aim here was to show the effectiveness of tuning, but however, through the results it 

was made clear that XGBoost shows better results.    

• Hence, these were the identified potential methods an ideas form eth literature that 

made author to carry out the code and research work collectively. However, the work 

was aimed to make predictions through XGBoost and use hyper-parameter tuning to 

justify the enhancements that it can make when implemented. Finally, the work was 

narrowed down through an comparative analysis and concluding the discussions on the 

best performed model based on the accuracy. Moreover, other important metrics like 

precision, recall and confusion matrix are evaluated to make better discussions and 

justify the model used on the data selected. However, the study finds it future scope and 

implications through adding the over sampling technique and increase the number of 

instances and then make predictions. 
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3 Methodology 

3.1 Overview 

Here in this chapter the algorithms used as a part of methodology is discussed and reviewed 

with working and summary. The Decision tree, Random Forest and XGBoost algorithm is used 

here to implement the results and use dataset. these algorithms are compared based on 

accuracy. The below sections are elaborated to discussed to understand the working and 

implementation and to be used in the work.  

3.2 Working of Decision Tree and Random Forest models in Machine learning 

A Decision Tree is a supervised learning technique that is used for both classification and 

regression, but mostly it is preferred for classification problems. It is a tree structure classifier 

where the internal nodes represent the features of a dataset, branches represent the decision 

rules, and each leaf node represents the outcome. In this method, the tree representation is used 

to solve most of the problems that are related to the real-time environment (Park et al. 2018). 

They help to represent various parameters accurately to understand the overall elements that 

are influencing the prediction process. In this method, there are two nodes, which are Decision 

Node and Leaf Node. The leaf nodes represent the class labels, and attributes will be 

represented by the internal nodes of the tree structure (Rivera-Lopez and Canul-Reich, 2018; 

Sarker et al. 2020; Sarkar and Agarwal, 2022). The decision nodes are used to make any 

decision and have multiple branches. These attributes play a vital role in prediction models as 

they represent the variables of individual problems. The branches of the tree help to provide 

entire solutions for a particular condition (Saloux and Candanedo, 2018). 

 In this work, weather forecasting is predicted using the decision tree, where the wind speed, 

temperature, humidity, etc. can be used as the parameters to forecast the weather (Mandal et 

al.2021). Apart from Machine learning (ML) techniques, the metrological departments across 

the globe used numerical weather prediction (NWP) methods using the mathematical models 

that are based on the atmosphere and data based on the oceans. The author opines that the 

decision tree helps the layman to understand the key areas of prediction modules by exploring 

each attribute in a specific representation. Therefore, this model helps to avoid most of the 

errors at the time designing the prediction model.  
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3.2.1 Random forest 

Random forest is a supervised machine learning algorithm, which is used widely in both 

classification and regression problems. Chen et al. (2020) suggests that the large number of 

decision trees combined is the random forest and in the majority of cases, these decision trees 

are considered for classification and average in case of regression. Hariri et al. (2019) say that 

each tree in the forest is built by randomly selecting a sample of data. In general, a random 

forest uses bagging and features randomness while creating an uncorrelated forest of trees by 

building each individual tree. The prediction by the committee is more accurate than the 

individual tree. In some cases, it uses multiple trees to predict the class of the dataset as it is 

possible for some decision trees to predict the correct output.  

The dataset that contains the continuous variables is used in the case of regression and in the 

case of categorical variables classification model is used (Kirasich et al.2018). In terms of 

computation, a single decision tree is faster than a random forest. The random forest classifier 

is implemented in the weather forecasting, the training data is selected randomly from the 

dataset. By using the data points the associated decision tree is built. Massucco et al. (2019), 

According to the weather forecast data set choose the number of decision trees that are required. 

Finding the prediction for the new data points and assign the data points which has the majority 

votes. 

 In general, in weather forecasting, a Random Forest machine learning algorithm is utilized to 

predict weather conditions (Hewage et al.2021). For the prediction of high accuracy, this 

algorithm is the most approachable. Random forest adds additional randomness to the model 

while growing the trees. Its searches for the best feature among a random subset of features 

instead of searching for the most important feature while splitting the node. Xuan et al. (2018) 

suggests the model while splitting a node only a random subset of the features is taken into 

consideration. Compared to the Support Vector Machines (SVM) the random forest method is 

simple for the training dataset and the training process is also faster.  In this study, the author 

opines that random forest builds the multiple decision trees and merges them together to get a 

more accurate and stable prediction. 

3.3 Background and working of XGBoost 

XGBoost is also known as Extreme Gradient Boosting, which is an optimized distributed 

gradient boosting library. According to Putatunda and Rama(2019), suggest that it is designed 

to be highly efficient, flexible, and portable. In general, XGBoost is also known as regularized 
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boosting technique. Under the gradient boosting framework it implements the machine learning 

algorithms. Boosting is an ensemble learning technique that builds a strong classifier from 

several weak classifiers. In order to be more effective boosting controls both the bias and 

variance. Pan,2018 say that XGBoost comes under the boosting algorithm. This process is the 

most popular dominating machine learning for structured data because of its scalability. 

Whereas XGBoost is an extension of gradient boosted decision trees, especially it is designed 

to improve the speed and performance. 

It is a tree-based machine learning technique. Initially, Tianqi Chen created the XGBoost and 

maintained it by distributed machine learning which is also known as a deep machine learning 

community group (Humahu et al.2021). Especially for structured and tabular data, XGBoost is 

used. It is open-source software and earlier python and R packages were built but recently it is 

extended to Java, Scala, Julia, and other languages as well (Liermann,2021). This brought the 

libraries to more developers and it is popular among the Kaggle community. In general, it is 

used for a large number of competitions. This process is integrated with a number of other 

packages making it easier to use in the respected communities. 

Working of XGBoost 

 XGBoost is the most popular and efficient open-source implementation of gradient boosting 

trees algorithm. XGBoost internally works to make decision trees and deduce the predictions. 

To understand this technique well there is a need for a proper understanding of decision trees 

and ensemble learning algorithms. The ensemble method is the collection of predictors in 

multiple models to provide better accuracy. The errors made by the previous models are tried 

to be corrected by adding some weight to the succeeding models in a boosting technique. The 

advanced implementation of gradient boosting is the XGBoost which is also the extreme 

gradient boosting technique. XGBoost can run both single and distributed systems i.e., Hadoop 

and Spark. It is used in supervised learning which includes both regression and classification 

problems. It can consider as a highly versatile tool that works for both classification and 

regression problems. It is easily accessible and can be used through different platforms and 

interfaces. 

XGBoost is a more regularized form of gradient boosting. It improves the generalization 

capabilities of models by using advanced regularization. Sahin (2020) say that XGBoost 

compared to gradient boosting gives high performance. Its training is very fast and can be 

parallelized across clusters. There are different algorithms used by XGBoost such as gradient 
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boosting, multiple additive regression trees, stochastic gradient boosting, or gradient boosting 

machines. Mohammed et al. (2021) suggesr the XGBoost technique can build a new model by 

an ensemble of models by adding predictions from all previous models. These new models can 

be used to calculate new errors, build the next model and add it to the ensemble. If the predictors 

are widely inaccurate the ensemble will address the errors..   

There are three parameters used in the XGBoost model they are general parameters, booster 

parameters, and learning task parameters. The general parameter is used to guide the overall 

functioning.  Li et al. (2019) suggest Booster parameters are used to guide the individual 

booster in each step. It only considers the tree booster as it performs only the linear booster, 

learning task parameter is used to guide the optimization performed. The strength of XGBoost 

is parallelism and hardware optimization. Wen et al. (2019) proposed that The data is stored in 

a particular location called a block and stored in the compressed column format (CSC). 

XGBoost model is to deal with the irregularities of data. building this model is easy but 

developing is difficult. This model uses multiple parameters.  

Hyperparameter tuning is a certain value or weight that determines the learning process of an 

algorithm. It provides a large range of parameters (Shi et al.2021). This method can improve 

the maximum power of XGBoost by tuning its hyperparameters. there are six hyperparameters 

for XGBoost which define the highest probability of accuracy and unbiased results without 

overfitting. It generally provides how many subtrees to train and the maximum depth of the 

tree. The author opines the weather conditions may varies and there will be a stability problems. 

The XGBoost model with weather similarity analysis is proposed for weather forecasting by 

dividing the data into several categories, for each category predictions are made using 

XGBoost. 

3.4 Grid Search CV and Random search CV 

Before getting to know about the techniques of the hyperparameters tuning in a machine 

learning model, it is essential to know about what are hyperparameters in a machine learning 

model and how they decide the best performing model.  

3.4.1 Hyperparameters optimization: 

The hyperparameters are nothing but a configuration of a machine learning model to suit data 

and tuning the hyperparameters allows the machine learning model to perform better on the 

data (Amr, 2020). However, the author opines that the best hyperparameters’ values obtained 
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during the hyperparameter tuning is not suitable for all data, since each data has different set 

of values and distribution. According to Yang and Shami (2020), the word “parameters” is 

different from the word “hyperparameters” and they cannot be used interchangeably. 

According to the authors, parameters are learned values that are learned automatically, and the 

hyperparameters are the set of predefined values that are set manually for the learning process. 

Where the model parameter differs from the hyperparameter is that the model parameters are 

learned automatically from the training of the data. Whereas the model hyperparameter is a set 

of predefined values that are configured outside the model since those values cannot be 

obtained from the data (Yu and Zhu, 2020). These values are often tuned based on the data and 

the modelling task which need to be performed on the data. 

3.4.1 GridSearchCV 

In machine learning, it is a well-known fact that manually tuning hyperparameters is a tedious 

task and it is extremely difficult to perform. Also, it is difficult to maintain a track of all the 

hyperparameters that work synchronously to give different results. The performance of a model 

significantly depends upon the value of the hyperparameters, and to automate the process of 

the finding the best parameters the GridSearchCV technique is used. The GridsearchCV is a 

hyperparameter tuning technique to search for the best parameter values based on the given set 

predefined grid of parameters for the data. According to Chitnis and Gokhale (2021), the CV 

in GridSearchCV stands for the number of cross validations, and it is a function that is capable 

of looping through predefined hyperparameters and fit estimator on the training data. Under 

such situations, the author opines that it always better to automate the process of tuning the 

hyperparameters using the library GridSearchCV. 

According to Pedregosa et al. (2011), the GridSearchCV implements what is called the fit and 

score method. The GridSearchCV function is given a predefined set of values of 

hyperarameters. The predefined hyperparameters contains values such as the estimator, 

scoring, bootstrap, max_depth, max_features, n_estimators, n_splits, etc. The GridSearchCV 

then selects the parameter value based on the error during the cross validation and not on the 

training data. The values thus obtained from the GridSearchCV is the best parameter for 

training the data, and the model is fit based on those hyperparameters values. Therefore, the 

author opines that the hyperparameters are the values that are available to control the 

performance and behaviour of the model towards the data, and the GridSearchCV needs to be 

implemented in the model since it is difficult to keep track of the various hyperparameters 

manually and the GridSearchCV combines all possible combinations of the hyperparameters 
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to obtain the best performing parameters based on the data which can be further used for 

modelling. 

In context of modelling using random forests classifier, the author opines that it is essential to 

know about each hyperparameter. 

• Max_depth: According to Torre et al. (2022), the max_depth of a tree in a random forest 

classifier is the longest path between the root and leaf node of the tree. Therefore, the 

author of opines that using the max_depth parameter the depth upto which each tree in 

the ensemble can grow, can be preset manually. 

• Max_leaf nodes: Authors Paul et al. (2018) opine that using this hyperparameter, a 

condition could be set for splitting of the nodes of a tree in the ensemble. From this the 

author opines that the growth of a tree could also be restricted by setting this 

hyperparameter. 

• Min_sample_split: According to authors Chen et al. (2022), using this hyperparameter 

the minimum number of sample observations required to split at any node of the tree. 

Here, the default value is always set equal to ‘2’. However, the author opines that 

different number of values could be set in the hyperparameter grid to obtain a better 

performing model instead setting it to default. 

• Min_sample leaf: According to Chen et al. (2022), this hyperparameter is used to 

specify to the tree, the minimum number of sample observations required to present in 

the leaf node after splitting the node. The author opines that even though this 

hyperparameter sounds similar to the “min_sample_split” caution must be taken to 

prevent confusion between the two hyperparameters since “min_sample_leaf” describe 

the minimum number of samples at the leaf and not at the node(s) of the tree. 

• N_estimators: Authors Sameen et al. (2019), based on this hyperparameter the number 

of trees in the random forest that need to be generated could be preset. 

• Boot_strap: According to Lee et al. (2020), this technique is a statistical resampling 

technique that involves random sampling of the data with or without replacement. 

Therefore, the author opines that even if this hyperparameter is set to “False”, there 

cannot be any variation in the data between the trees at each level. And the advantage 

of Random Forest is that the classifier has the property to carry out random subset of 

features at each split. 
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• Criterion: According to authors Katuwal et al. (2020) and Moon et al. (2018), the 

criterion is the function to measure the quality of split. This function can take “gini” 

and “entropy”. According to the authors, the entropy is the measurement of information, 

in other words the information gain. Whereas Gini impurity is the probability of 

incorrectly classifying the element of the data, that is, it is a measurement of how to 

split the nodes of the tree based on the features of the data. Therefore, the author opines 

that gini impurity is comparatively better than the entropy for selecting the best features 

to describe the data. 

In the context of weather forecasting, the GridSearchCV was used by Saad et al. (2020) for 

assessing forecast models that are developed as a combination of American Metrological 

Society (AMS) solar energy predictions. The authors also participated in the competition 

conducted by Kaggle for solar power forecasting based on the inputs from weather data. In a 

similar context, Ravali et al. (2021) used the GridSearch CV for rainfall forecasting using the 

automated predictive analysis tool. In this work, the authors used the Australian rainfall data 

that is collected for a span of ten years, to conduct a comparative study. Therefore, the author 

opines that GridSearchCV could be implemented for the purpose of determining the best 

hyperparameter for the model for the data that is being used for the weather forecasting task. 

However, it is also the responsibility of the author to know about the various other methods 

which could be used for hyperparameter tuning instead of using the GridSearchCV, which 

according to the author could be time and resource consuming. 

3.4.2 RandomizedSearchCV 

Like GridSearchCV the RandomizedSearchCV also implements the fit and score method on 

the predefined hyperparameters. According to Chitnis and Gokhale (2021), the 

RandomizedSearchCV is the most widely used method for parameter tuning, when compared 

with other hyperparameter tuning such the GridSearchCV, this method has advantages such as 

the Random Search initially sets up the grid of hyperparameters values and makes a random 

combination of the parameters to train the model. This method of the allows to control the 

number of parameters combinations that can be attempted. However, the author opines that this 

method cannot obtain the accurate results which can be obtained using hyperparameter training 

techniques such as the GridSearchCV because of the ability of the algorithm to choose the 

parameters randomly.  
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Authors Coughlan et al. (2021), opine that there is a connection between the fuel moisture and 

the probability of ignition. And in their attempt to define a predictive model to predict wildfire 

ignition based on lightning forecasts and environmental conditions. The authors adopted 

decision trees, random forest and adaboost on the data obtained from Western Australia 

wildfires database. For their research, the authors used both the GridSearchCV and the 

RandomizedSearchCV to determine the best hyper-parameters for the Random Forest model. 

In the similar context, authors Visser et al. (2019), in the attempt to forecast the solar power 

using the weather predictions, used both the GridSearchCV and the RandomizedSearchCV to 

determine the best hyperparameter values for the models. The authors found that based on the 

values obtained by the GridSearchCV and RandomizedSearchCV, the Gradient Boosting and 

Random Forest outperformed all the other models. Therefore, the author is convinced that 

hypermeter parameter tuning is essential to obtain a better performing weather forecasting 

model, since manually tracking all the hyperparameters’ values can be a tedious task and can 

lead to erroneous decisions. 

3.5 Summary 

According to Konstantinov and Utkin (2021), the stacked ensemble typically consists of base 

models and meta models. The base models, also known as Level-0 models, fit the training data 

and predict the new incoming data, whereas, the meta models, also known as Level-1 model, 

fits the model from base models’ prediction and learns how to obtain the best predictions. A 

stacked ensemble involves steps such as implementing K-Fold cross validation to separate the 

data into K different folds and then keeping one of the folds separate and then train multiple 

independent base models on the other folds. Upon training the base models, it is modelled upon 

the fold which was held out earlier. This process of separating one-fold and training the rest on 

the base models is done for all the K folds. Then the predictions made by the base models are 

then fed into a meta model to the obtain the final output. Authors Smeden et al. (2019) and 

Caigny et al. (2018) say that the meta model typically contains models such as Linear 

regression and Logistic Regression, that used for regression and classification tasks 

respectively. The author is also convinced that ensemble techniques because of the special 

methods involved can handle the fluctuations and provide a better performance in comparison 

with the ordinary standalone machine learning algorithms. 
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4 Results and Discussions 

Following a discussion of the work's approach, the data set is subjected to decision tree, random 

forest, and XG boost analysis. The data set used in this analysis was obtained from the open-

source kaggle. The data set is mounted to the colab notebook so that it may be accessed. The 

Colab notebook comes with python3 as a compute backend, 12 GB of free RAM, and 187 GB 

of storage space. As a result, it's simple to utilise virtually. The notebook style is identical to 

that of the Jupyter notebook. With only an internet connection, the Notebook may be browsed, 

downloaded, saved, and linked via the drive. 

4.1 Overview on the dataset 

There are 1461 instances and 6 columns in the data set. Date, precipitation, temperature 

maximum, temperature minimum, wind, and lastly the independent variable weather are the 

columns. There are five unique values in the independent variable weather. There are rain, fog, 

drizzle and snow.  

 

Figure 4.1 Head of the dataset 

The Pandas package is first imported. This Python module may be used to organise data 

collections in any format. The data collection is organised as a comma-separated file in this 

case. Pandas are also capable of dealing with Data Analytics and other data structure 

components. As a result, Pandas is used to import the data set into the Google colab file. The 

data set is seen using Pandas' head technique. The integer, which represents the number of rows 

to be seen, can be imposed into the head method. When no integer is specified, the first 5 rows 

of the data set are shown (Fig. 4.1). The value count Method can be used to find the number of 

unique values from the denoted column of the data set.  near the unique values of another 

column is shown in the Fig 4.2. 
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Figure 4.2 Number of values and count in weather column 

It may be deduced that there is more data linked to rain and less data related to snow. The info 

method may be used to output all information about the data set, including the range index, 

column data types, and memory use. It can be observed in Fig. 4.3 that there are no null values 

because the non-null count for all columns is 1461, which corresponds to the range index of 

1461. 

 

Figure 4.3 Info method 

4.2 Data cleaning 

To build a machine learning model from start, it's crucial to understand the data set we're 

dealing with, thus the first step is to learn about the data set's overview. After that, clean data 

must be loaded into the machine learning model. The next step is to clean up the data. The 

majority of the information gained in this stage is that the data collection does not contain any 

values that make no sense or have no worth. Null values are to be merged when there is no 

value at all. As a result, the sum and null methods are combined to get the number of null values 

in each column. This procedure aids in the removal of any data that is damaged or 

wrong.  which might cause problems to the model. The problems can be defined in the terms 

of accuracy Precision and even implementation of the model itself. Form Fig 4.4 it can be seen 

that there are no null values in a data set.  
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Figure 4.4 null values in the dataset. 

It's worth noting that the data set only has 5 columns, with the date column being decreased. 

The removal of the date column has a clear justification, which is based on the correlation 

matrix.  

4.3 Correlation plot 

In basic terms, a correlation is a term that describes the relationship between two or more 

variables. It specifies how the variables change as a result of one another. It integrates both 

dependent and independent variables in order to discover the relationship between them. The 

seaborn package may be used to plot the correlation matrix. The correlation matrix's values d 

define if the correlation between the variables is high or low. The signs indications in front of 

the values indicate the change's direction. The legend has values ranging from -1 to 1. A perfect 

negative association or correlation has a value of -1, whereas a perfect positive correlation has 

a value of one. The variables have a weak or weaker negative connection when the value is less 

than -1. The values between 0 to 1 defines the weak or small positive correlation among the 

variables.  

To create a correlation plot, first determine the independent variable, which in this case is the 

object type. Hence The values must be encoded in integer format. The label encoder technique 

from sklearn object pre-processing is used to do this. From Fig. 4.5, Precipitation and 

temperature are shown to be inversely associated, meaning that as precipitation increases, 

temperature lowers. Similarly, with a rho value of 0.8, the temperature maximum and lowest 

are both strongly linked or may be described as highly associated. The zero value represents 

the no-correlation situation.  
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Figure 4.5 Correlation plot 

Correlation Coefficients, on the other hand, are the values inside the correlation plot. Pearson, 

Kendall, and Spearman are three types of correlation approaches. Pearson's approach, which 

specifies the linear connection between the variables, is widely utilised. The monotonic 

connection is defined by a month. The Pearson’s approach can be used to define the magnitude 

of change, but it cannot be used to quantify the quantity of change. However, in most studies, 

the Pearson approach is employed. 

4.4 Data Visualisation 

Python and its libraries are the finest technique to portray the Boring data in the form of visuals. 

Data visualisation is defined as the process of converting a large text into a visual 

representation. It makes it simple to comprehend and interpret, which can subsequently be 

applied to documents and data. In machine learning, visualisation entails identifying trends and 

patterns in a data collection. In Python, there are over 7 data visualisation libraries that may be 

used for this purpose. The most well-known of them are Matplot and seaborne. Matplot is 

regarded as one of the most extensively utilised and easy-to-understand products. This may 

also be used for more complex data visualisation. Numpy and Pandas are also supported by the 
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package. It provides both dynamic and interactive artistic representations. 2D and 3D bar 

graphs are also supported by this software. Matplot may be used to quickly plot data into a 

graph. Matplot is used to plot the unique values from the weather column in this study. The 

many graphs in the Matplot package Bar chart are taken into account here as seen in Fig. 4.6. 

whereas the same thing is represented using bar graph as seen in Fig. 4.6. hence, from the 

graphs it can be deduced that both rain and sun are higher in value and the values can be seen 

form Fig. 4.2. 

 

Figure 4.6 Bar graph for weather column 

 

Figure 4.7 Distribution plot for the columns 
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Seaborn is a well-known visualisation software that is built on Matplot as well. Since its 

inception, it has been used more frequently than matplot. Contains a variety of coloured parrots 

that are both visually appealing and important when examining statistical and machine learning 

models. It supports all types of charts, such as bar charts, pie charts, histograms, scatter plots, 

and so on, much like matplotlib. It also comes with heat maps. From the Fig. 4.7 it can be seen 

that precipitation is positively skewed and minimum temperature is negatively skewed. Hence, 

it can be seen that the labels in the dataset are higher in the case of rain and sun and other 

classes are quite less when compared to that of it.  

4.5 Data preparation 

Data cleaning is the next stage in the data exploration process after preparing the data to be fed 

into the model. This entails categorising the data into dependent and independent variables. 

The variables are nothing more than representations of the data set's characteristics. We are the 

independent variables in the machine learning model, and dependent variables are the result. 

With the exception of the weather column, all other columns are considered independent 

variables.  

 

Figure 4.8 Feature selection using information gain 
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Hence, the dependant variables in the dataset are the precipitation, temperature maximum and 

minimum as well as the wind during the date. These columns are contributing towards the 

weather to be with rainy, dewy, drizzling, sunny, snowy or fog. But statistically, how each of 

the independent variable contributes makes a lot difference. Hence, in this study some of the 

statistical methods which describes the feature selection techniques are discussed. They are the 

Pearson’s method which is the correlation matrix and other is the information gain method. 

However, both are discussed here and through the correlation method it was found that 

temperature maximum as well as minimum shows high correlation through 0.88 as correlation 

coefficient. This is a way of justifying the contributions of the features to itself and one another. 

Coming to the information gain, it can be seen from the Fig. 4.8 and Fig. 4.9. 

 

Figure 4.9 information gain values of the features 

The values vary from 0 to 0.6 here for the dataset and precipitation shows the highest value 

which 0.57. hence, as the values show an acceptable amount of IG value none of the feature is 

removed. The other reason why the feature is kept and not removed is that there are only 4 

features and losing one will highly effect and can cause issues like overfitting and less accuracy. 

Now these dependant and independent variables are split into testing and training sets. 

However, the splitting is done using a free module which is Escalon and train_test_split 

package is used. The package is applied with the independent and dependent variables and a 

test size is implemented. However as there are only 1500 instances to work on the test size is 

considered to be 30% of the total data set to contribute more towards the predictions and to 

avoid overfitting issues.  

4.6 Implementation of Decision tree Regressor 

The decision tree model was implemented with the training and testing dataset split previously. 

The regressor is initialise and the model is fit with both X train and Y train. The predictions 

were made using the X test. 
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Figure 4.10 Classification report of Decision tree 

The results from the decision tree regressor can be seen in the figure 4.10. The precision values 

label wise was given from the classification report. It can be seen that 0 precision, recall and 

f1 score is noted for the label when it was drizzle and the count of label can be noted through 

the support values which is 15. This can be a reason as there were only 15 values for that 

particular class it shows such results. Moreover, the accuracy of the model is noted as 77 

percent. Which is then improved using hyperparameter tuning. The accuracy changes time by 

time as the random state is noted while splitting. The highest precision is recorded when there 

was highest count of classes in the labels, this is observed with both recall as well as f1-score.  

 

Figure 4.11 Confusion matrix of Decision tree 

From the confusion matrix in the Fig. 4.11, it can be seen that the decision tree model when 

tested, it provided higher true positive cases that is 179 when it was rainy. These values can be 

seen from the diagonal values in the matrix. Similarly, the values in the other parts shows how 

the labels were predicted either falsely true or truly false. These interpretations can be helpful 

to make discussions when the model is implemented in real time. 
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4.7 Implementation of Random Forest model 

 After the random forest model was implemented, the results can be seen in Fig. 4. 12. It was 

seen that the decision tree model has recorded less, an attempt was made that instead of training 

sets, the whole set of data will be fitted for training and the predictions were to be made on the 

test set. 

 

Figure 4.12 Classification report of random forest model 

Hence, a dramatic change is seen in the model implemented using random forest. It was seen 

that the precision values for the label zero have dramatically increased to be 93% along with 

recall and F1-score. Hence when compared to that of the decision tree model random forest has 

performed well in the cases of accuracy as well as the precision values. However, doe there 

were an imbalance labels in the dataset a better position values were found when a random 

forest model was implemented. These evidences collected from the classification report can be 

helpful to justify those multiple classifiers like random forest outperforms decision trees which 

are single classifiers.  

4.8 Implementation of the XG Boost model 

Hence, following the similar technique used while implementing the random forest, the whole 

data was used for the training the model and the predictions were made a portion of the test 

data. this technique is seeming to be effective when the instances in the data is less. There are 

some cases where data is not abundant and still machine learning algorithms finds its unique 

way of techniques to fulfil the predictions results (Makridakis et al. 2018). The results of the 

model can be seen in Fig. 4.13. 
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Figure 4.13 Classification report of XG Boost model 

However, when compared to that of the random forest model, the accuracy of the XGboost 

model is less that is 89%. However, the precision value is quite promising when the model is 

used. But however, the recall values are very much less than compare that of the random forest 

model. Hence considering these justifications from the classification report of the model can 

be used and it is said to be an enhanced model and implementations can be used for faster 

predictions it is still in this case that the data set used here shows less accuracy as well as let’s 

recall values. To be precise the precision values define the model’s ability to predict the positive 

conditions. Which means that recall defines the ability of a model predict the true negatives of 

the data. the true negatives can be defined as the situation where the model interprets a true 

value as negative (Powers, 2020). In the context of the data set if the rain labels are to be 

interpreted as rain by the model, then that situation is said to be a true positive and when that 

rain model is interpreted as either of the other labels then that is said to be a true negative 

situation. Hence as the data exhibits an imbalance between the labels it is very important to 

analyse this precision and recall values. Hence the performance of the model can be evaluated 

in such a way that a better trade-off between these precisions and recall value is justified. Hence 

considering this case it can be said that random forest model performs well when compared to 

that of the XBG model in the terms of accuracy as well as the trade-off between precision and 

recall for all the labels.  

4.9 Hyperparameter tuning for the decision tree classifier suing grid search CV 

The hyper parameter tuning was considered using the grid search CV. Using the get parameters 

object the keys related to that of the regression model was generated. Hence based on these 

parameters some of the parameters were predefined in a dictionary format. The parameters 

which were selected was the splitter, maximum depth, minimum sample leaves, maximum 
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features and maximum leaf nodes. The Grid search CV was imported from the Sklearn package 

and initialised with the parameters which were predefined earlier. The depths and leaf nodes 

were given with the multiples of 10. After the parameters were fit the model for the grid search 

CV was initialised. 

 

Figure 4.14 Parameters from the grid search CV 

Hence from the Figure 4.14, the overall best parameters obtained are 70 as the maximum depth, 

log2 functionality in defining the features, 50 leaf nodes and 30 samples per leaf with best 

functionality as the splitter. However, it can be seen that there are only 4 features, and when 

the model was implemented with the parameters suggested by the grid search it still showed 

less accuracy. However, when the parameter the maximum features was changed to 3 and 

maximum depth was put 60. The model shows a better accuracy. However, the 3 features were 

selected from the Fig. 4.8 and Fig. 4.9. It can be concluded that the model after hyper parameter 

tuning and utilising the feature selection have improved with the respect to the accuracy. Apart 

from that the model was evaluated with the whole data to be trained on and predictions were 

made on the test set. The accuracy of the model is 98%.  The classification report of the model 

is seen in the Fig. 4.15. 

 

Figure 4.15 Classification report of tuned Decision tree 
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Hence, the enhancements can be seen when the model was tuned as well as when the training 

set was increased. The precision values from the previous results of the decision tree has been 

improved.  
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5 Conclusions and Recommendations 

5.1 Conclusions 

The present work is python and some of the important specifications found in the study based 

on code and methods are: 

• The data set is exposed to tree structure model decision tree, XG boost and random 

forest algorithms after a summary of the work's strategy.  

• The data set for this research came from the accessible source Kaggle platform.  

• The data set is stored on the colab notebook and may be viewed from there. The Colab 

notebook has a computing backend of python 3, 12 Gigabytes of available Memory, 

and 187 Gb internal memory.  

• As a consequence, using it virtually is straightforward. The notebook is designed in the 

same way as the Jupyter notebook. The Notebook may be accessed, downloaded, 

stored, and linked via the disc with simply an internet connection. 

• Temperature and precipitation have been demonstrated to be inversely related, which 

means that as precipitation climbs, pressure drops as seen in Fig. 4.5. Similarly, the 

temperature peak and worst are both strongly related or can be regarded as closely 

associated with such a rho value of 0.8. The 0 value denotes the absence of association. 

• It's possible to determine that there's more data about rain and much less data about 

snow. All statistics about the given dataset, including the index, column types of data, 

and storage use, may be printed using the info method. So, because non-null score for 

all rows is 1461, that matches to the range id of 1461, there have been no null values in 

Fig. 4.3. 

Table 1 Comparison table for the precision values between Decision tree and tuned 

decision tree using grid search CV 

Model precesion-

0 

(Drizzle) 

precesion-1 

(fog) 

precesion-2 

(rain) 

precesion-3 

(snow) 

precesion-4 

(sun) 

Decision tree 0 26 91 22 84 

Tuned Decision 

Tree 

100 97 98 100 100 
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From the Table-1 it is a clear indication that there is an increase in the precision of the labels 

after hyperparameter is applied. Hence, both decision tree as well as random forest models can 

be effectively used for the classification problem identified here in the dataset. however, an 

comparative analysis show that random forest would work better. Precipitation is favourably 

skewed, whereas lowest temperature is negatively skewed, as can be observed. As a result, it 

has been shown that the categories in the data are significantly larger of rain and sun, and lower 

in the situation of other classifications. However, because there are only 1500 samples to deal 

with, the test size is set at 30% of the overall data set in order to offer more to the predictions 

and prevent overfitting concerns. 

Table 2 Comparison of the accuracies of the overall models applied 

Model Accuracy 

Decision tree 78% 

Decision tree tuned 98% 

Random Forest  99% 

XG Boost model 88% 

 

In the case of regression, the dataset with continuous variables is utilised, and in the situation 

of categorical variables, the classification model is employed. A random forest, in general, use 

bagging and randomization to create a statistically independent forest of trees by constructing 

each individual tree. The committee's prediction is much more reliable than the individual 

tree's. In other circumstances, it employs numerous trees to forecast the dataset's class, as some 

decision trees are capable of predicting the proper outcome. The outcomes is based on the fact 

that, Determine the decision tree necessary based on the weather prediction data set. Finding 

the new data points' predictions and assigning the data points with the most votes. However, 

when compared to the random forest model, the XGboost model's accuracy is lower, at 89 

percent. Whenever the model is utilised, however, the prediction accuracy is fairly promising. 

However, as compared to the random forest model, the recall values are relatively lower. Thus, 

these explanations from the model's classification report may be employed, and the model is 

considered to be enriched, and solutions can be used for speedier predictions. However, the 

data set used in this example displays less accuracy as well as let's recall values. As a result, 

because the data shows an inequality between the labels, it is critical to examine the accuracy 

and recall values. As a result, the model's performance may be assessed in a very manner that 
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a beneficial trade between accuracy and recall rate is justified. As a result, in this situation, the 

random forest model outperforms the XBG model in terms of accuracy and indeed the trade-

off among recall and precision for all labels. 

The data set only contains six columns, all of which were found to be perfectly related using 

the correlation matrix; neither feature selection methods were used at the start, but rather an 

effort has been made to demonstrate the variable importance and the feature importance’s value 

of each of these columns using the information gain method, which is discussed in the results 

while hyperparameter tuning method in the decision tree model as seen in Table.1 as well as 

Table 2. To sum up, three models were chosen that were compatible with the set of data. To 

commence, the decision tree model was used to display the results of a single classifier's 

assessments on the data set in question. The XG boost classifier, an improved version of the 

decision tree, was then used. After that, a random forest classifier was added. The goal of 

implementing tree classifiers was to demonstrate that a single classifier, such as a decision tree, 

performs worse than a multiple classifier, with explanations based on classification metrics and 

confusion matrices created by the models as evidenced in Fig. 5.1. 

 

Figure 5.1 Comparison of models based on accuracy 

The maximum features were changed to 3 and the maximum depth was set to 60 when the 

parameter was modified. The model has a higher level of precision. However, the three 
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attributes were chosen (Fig. 4.9). It can be stated that the model's accuracy has increased as a 

result of hyper parameter adjustment and the use of feature selection. Aside from that, the 

model was assessed using the whole data set that was used to train it, and predictions were 

produced using the test set. The model's accuracy is 98 percent. 

The optimum overall settings are 70 for maximum depth, log2 utility in defining features, 50 

leaf nodes, and 30 sampling each leaf with greatest utility as the splitter. However, as can be 

seen, there are only four characteristics, and even when the model was created using the grid 

search's proposed settings, it still performed poorly. The maximum features were changed to 3 

and the maximum depth was set to 60 when the parameter was modified. The model has a 

higher level of precision. As a result, the random forest model gets a significant transformation. 

The accuracy values for the label zero, as well as recall and F1-score, have drastically risen to 

93 percent. As a result, when compared to the decision tree model, random forest has 

outperformed it in terms of precision and accuracy. However, because the dataset had an 

imbalance of labels, a random forest model was used to find better position values. These 

evidences gathered from the classification report may be used to argue why many classifiers 

such as random forest outperform single classifiers such as decision trees.  

According to a survey of similar work, the majority of research have acquired their own data 

utilising hardware. This might cause issues since it necessitates slightly elevated before and 

after processing. However, in this study, the goal was to use the data that was already available 

from open-sources. And it was focused on how the predicting outcomes may be enhanced 

through the use of hyper-parameter tweaking and the notion of multiple classifiers. Numerous-

classifiers refers to the use of classification models in machine learning that are made up of 

multiple single classifiers. A random forest algorithm is the finest illustration. 

5.2 Recommendations 

As a result, the complete data was utilised for training the model, and the forecasts were made 

using a fraction of the test data, similar to how the random forest was implemented. When the 

number of occurrences in the data is low, this strategy appears to be useful. Even when there 

is a lack of data, machine learning algorithms discover their own unique strategies to fulfil the 

predicted outcomes. As a result, these were the recognised prospective approaches and ideas 

from the literature that prompted the author to collaborate on the coding and research work. 

However, the goal of the project was to utilise XGBoost to create predictions and employ 

hyper-parameter tweaking to explain the improvements that it can make once deployed. 
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Eventually, the work was distilled down through a comparison study, with the talks focusing 

on the model that performed best in terms of accuracy. Other essential metrics including as 

accuracy, recall, and the confusion matrix are also analysed in order to improve conversations 

and validate the model employed on the data. However, by using the Over sampling approach 

and increasing the number of cases, the study discovers its future breadth and ramifications, 

allowing it to make predictions. 
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