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Abstract. The weather change is important in life for providing useful information that guides
people's daily activities. However, in a day that machine learning is used in many fields, the weather
prediction using machine learning still needs to be developed. This article uses random forest, a
machine learning method that is used in classification to do the weather prediction. By changing the
parameters in different values and using the evaluate metrics, this article compared the performance
about random forest in different parameters. There are 4 parameters researched in this article. The
first parameter is the number of trees. In this situation, the fl-score, recall and precision by the
categories have the same trend with accuracy. However, the evaluate metrics about result of 1 is
obviously worse than the metrics about result of 0. The second parameter is the size of data used to
train. In this situation, the performance when the splitting data size is 0.1 and 0.15 is better than the
other. The third parameter is the way of encoding. In this situation, using the order of the probability
of rain is better than with no order or using the probability to represent the location. Fourth is to delete
the unimportant features by the sort of important score. In this situation, when 4 features are deleted,
the performance is worse than any others.
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1. Introduction

The weather prediction is using the collected data of weather to predict the weather in future. A
lot of features of weather in future can be predicted, such as temperature, humidity, the type of
weather and so on. Some features can be used to predict and be predicted. Weather prediction can
help to learn the future weather and plan by using it. For example, people will bring an umbrella if
they know it will rain. Furthermore, some disasters can be predicted in advance, and thus reduce the
loss of casualties and property.

From ancient times to now, human beings used numerous ways to predict weather. The ancients
used the shape of clouds and calendar to predict weather. In the last centuries, human beings used
mathematical ways to predict weather. For instance, Thompson developed an equation for numerical
weather predictions [1]. Lorenc used Bayesian probabilistic arguments to find the best analysis for
numerical weather predictions [2]. The discussion in this study included variational techniques,
smoothing splines, Kriging, optimal interpolation, successive corrections, constrained initialization,
the Kalman-Bucy filter, and adjoint model data assimilation [2]. Lorenz developed an n-layer model
about equations to research the general circulation [3]. For now, as the development of Artificial
Intelligence (Al), the effectiveness of machine learning algorithms has been demonstrated in many
fields [4-6]. A lot of situations about prediction are using machine learning for now. Konstantina et
al using machine learning in cancer prognosis and prediction [7]. Jochen employed machine learning
methods to estimate and predict risk [8]. Weather prediction is also a type of prediction. A lot of
researchers are trying to apply machine learning in weather prediction currently. There are several
types of machine learning. Kareem used Convolutional Neural Networks (CNN) and Artificial Neural
Networks (ANN) to predict weather [9]. Du et al tried to predict weather by using support vector
machine and particle swarm optimization [10]. Singh used random forest to predict the weather [11].
However, according to an article written by Schultz, a method of machine learning that suitable for
weather prediction still needs to be developed [12]. Although Jaseena compared a lot of methods
about machine learning in the field of weather predicting [13], the deepen discussion about important
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parameters of a certain model including the number of features, the way of encoding, the size of
training data, the parameters of model, is lacked.

This article is focused on the performance of random forests, one method of machine learning, in
the field of predicting weather. A dataset of weather in Australia which is in Kaggle will be used to
train the model. This data set including a lot of data about weather, such as temperature, humidity,
the speed of wind and so on. This article will try to change different parameters to train the model
and will use some performance metrics to evaluate the model, including accuracy, f1-score etc. The
goal of this article is to compare the performance between different parameters and try to find a better
range of these parameters.

2. Method

2.1. Dataset preparation

This article used a dataset of weather in Australia collected from Kaggle [14]. The dataset includes
99, 516 records and 21 features are used to predict whether it will rain tomorrow. The labels ‘yes’
and ‘no’ are the target variable for prediction.

For being suitable to the training model, the dataset went through the preprocess procedure. Two
features and some records are removed since they have numerous missing values. The locations are
encoded from 0 to 48 while the direction of wind is encoded by the angel. For example, the north is
0 and the east is 90. The value ‘NA’ is encoded to -1, and the speed of wind in that record is set in 0
to refer that there is no wind at that day. The result ‘yes’ and ‘no’ are encoded in 1 and 0.

2.2. Machine learning-based weather prediction model

2.2.1. Introduction of machine learning and workflow

Machine learning is a method that uses data as an input and gives a result as an output by these
data using a specific method. There are 3 types of machine learning, which represent the different
ways the method is used to learn. The first type is supervised machine learning. Supervised machine
learning uses data that contains the input and results to train, which is called training data. After the
training finished, some data that remove the result, which is in order to simulate the actual use, would
be used to test the performance of the model. Random forest, which will be introduced later, is
supervised machine learning. The second type is unsupervised machine learning. Different from
supervised machine learning, unsupervised machine learning uses the data that does not contain label.
An example of unsupervised machine learning is cluster analysis. Cluster analysis is a method that
classifies a lot of data by calculating the distance of each data. The third type is semi-supervised
machine learning. Semi-supervised machine learning is between supervised machine learning and
unsupervised machine learning just like the name. The semi-supervised machine learning uses the
data contained label and non-label.

Machine learning work is usually composed of 5 steps. The first step is data collection. The second
step is data preprocessing. The two steps are mentioned in the previous part. The third step is model
building. The fourth step is using data to train the model. The last step is testing and evaluating the
trained model. The three steps will be mentioned later. Figure 1 shows the workflow of machine
learning.
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Figure 1. Machine Learning Workflow (Photo/Picture credit: Original).
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2.2.2. Random forest

Random forest is a machine learning method used in classification. It is first proposed by Salzburg
in 1993 [15]. In 1995, Ho developed the idea of random forest [16]. The current training method of
random forest is developed by Leo Breiman [17]. In his article, Leo combined randomized node
optimization and bagging, using classification and regression trees to build a forest [17].

Classification and regression trees are two types of decision trees. Decision tree is a method of
machine learning. It can predict the result by using the given data. Like decisions made by human
beings, the decision tree decides the result by judgement the condition. Figure 2 shows an example
of part of a decision tree. For the given data, the decision tree will judge condition A to see whether
it is bigger than 10. If A is bigger than 10, the decision tree will predict result 1. Otherwise, it will
predict result 2.

Yes

] Result 1

DATA

g Result 2
No

Figure 2. An example of part of decision tree (Photo/Picture credit: Original).

It is more complex in practice. The decision tree will use more than 1 condition. The order of these
conditions is decided by a metric called ‘entropy’. It can be calculated by a formula. What it measures
is the ability to reduce uncertainty.

The random forest is a collection of many decision trees. By sampling randomly from the training
set, the model can get a collection of different decisions trees. The algorithm is called bagging. When
using the random forest to predict, each tree will predict independently. By calculating the average
of each result, the random forest will produce a result to represent all trees.

In this article, the Python library called Sklearn will be used for building the model. Scikit-learn
(often abbreviated as sklearn) is a powerful and widely-used open-source machine learning library in
Python, designed for simplicity and efficiency. It provides a range of tools for data analysis, including
algorithms for classification, regression, clustering, and dimensionality reduction. Scikit-learn is built
on top of popular Python libraries such as NumPy, SciPy, and Matplotlib, making it easy to integrate
with other data science workflows. Its intuitive API and comprehensive documentation make it
accessible to both beginners and experienced practitioners, enabling them to quickly develop and
deploy machine learning models in various domains. The evaluation metrics used in this article are
also from the same library. To compare the performance of different parameters, the accuracy, one of
the evaluation metrics will be used. In the comparation of different n_estimators, a parameter in the
function which means the number of trees, the accuracy, the f1-score and the recall will be used to
evaluate the model.

Feature importance is a metric which shows the score of importance about each feature. This article
will show the feature importance, and compare the different performance when the least 1/2/3/4
important features are deleted. Besides these, this article will also compare the performance in
different size of training data and different way to encode the value of location. This article uses 3
different ways to encode the value of location. First is encoding it by the default sort of the dataset.
Second is encoding it by the frequency of the rain day in the location in last year. The third way is
encoding it by the sort of the frequency.
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3. Results and discussion

3.1. The influence of number of trees in model performance

Figure 3 shows the model performance when changing the number of trees. This figure shows not
only the accuracy, but also other evaluation metrics including precision, recall and f1-socre. Each
evaluation metric, except accuracy, is calculated independently by the category of target variables.
As shown in Figure 3, all the evaluation metrics improved as the number of trees increased to 100.
After the number of trees increased to 100, the evaluation metrics became stable and did not change
dramatically, and all the metrics have the same trend with accuracy. However, the result of 0, which
means that it will not rain tomorrow, is more stable than the result of 1, which means that it will rain
tomorrow. Furthermore, the result of O gets a high score in all evaluation metrics while the result of
1 gets a low score. One possible reason is the data size of the result of 1 is smaller than the data size
of the number of 0. There is a total of 67, 776 records that are the result of 0, while only 19, 279
records are the result of 1.
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Figure 3. The influence of number of trees in model performance (Photo/Picture credit: Original).

3.2. The influence of size of testing dataset in model performance

Figure 4 shows the accuracy when changing the size of test data. The number of trees increased to
200 in this situation. As shown in the Figure 4, the accuracy when the ratio of test data bigger than
0.25 is lower than the ratio smaller than 0.25, and the performance when the ratio of test data is 0.2
is worse than the ratio as 0.1 and 0.15, but it still better than the ratio bigger than 0.25. One possible
reason is that when increasing the ratio of test data, the size of data that is used to train becomes
smaller and cannot provide the enough data to train.
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Figure 4. The influence of size of testing dataset in model performance (Photo/Picture credit:
Original).
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3.3. The influence of ways of encoding in model performance

Figure 5 shows the accuracy when changing the size of the way of encoding the location. In this
research, there are 3 ways to encoding to try. The first way is to encode the location without
sequencing. The locations are encoded from 0 to 48 by the time they first appear in the data sheet.
The second way is to use the probability of rain to refer to the location. The probability of rain is
calculated by the days of rain in the last year. The third way is to encode the location by the sequence
of the probability calculated in the second way. As shown in Figure 5, their accuracy is close to each
other, but the accuracy about third way is better than others in most time. Another noteworthy point
is that the second way performed better than the first way in the beginning, but worse when the
number of trees increased.
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Figure 5. The influence of ways of encoding in model performance (Photo/Picture credit: Original).

The random forest uses decision trees to predict the result, and the decision tree predicts the result
by the judgement of the data. As shown in Figure 2, the decision tree will judge the data by bigger or
smaller a specific value. When encode the location in the first way, the value in the data of location
is meaningless, and will lead to a lot of branches in the decision tree since the decision tree will try
to divide them one by one. However, when the way of encoding used the second and third way, the
value of location has meaning. The number of branches about this feature will decrease since the
decision tree only needs judgement whether it is bigger than a specific number or not, as what the
decision tree does to other features. Hence, the third way is performed better than the first way.
However, the second way is not performed better than the first way as expected after the number of
trees increased. One possible reason for this strange result is the way of calculating the probability.
The data used to calculate is not the data used to train the model. However, the order of the probability
is stable each year. Therefore, the third performed better than expected.

3.4. The feature importance and related influence in model performance

Figure 6 shows the importance score of each feature. Figure 7 is the result of accuracy when
deleting features from 0 to 4, and the number of trees increased to 200. The feature is deleted by the
order of the important score. The best performance of the model before the number of trees of 75 is
delete 1 feature, while delete nothing performed better in later until 160. Deleting 1 feature or 3
features performed best after 160. Considering the important score, whether it is raining today is not
so important, and can improve the performance in most time through deleting it.
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Visualizing Important Features
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Figure 6. Importance score of features (Photo/Picture credit: Original).
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Figure 7. The result when deleting features (Photo/Picture credit: Original).

4. Conclusion

This article used random forest, a method of machine learning, to predict whether it will rain
tomorrow or not. By changing the parameters, this article shows a better way to train the model to get
a better performance of the model. However, there still has some work to do in the future. The data
size of the result of 0 and 1 has a dramatic difference and thus get low evaluation metrics in the result
of 1. The number of trees increases by 10 each time, and thus the curve is not smooth enough. The
way of encoding the location can use the one-way encryption to see whether it will perform better
than all the three ways shown in the article. Also, the reason why the humidity in 3pm has a high
important score still needs to be determined.
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