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IX. REPLY TO REVIEWS

Please note that the group response is in black and our
response is in red.

A. Reply to review of group 6

Critique of group 15 presentation - Australia Next Day
Rain Prediction
Critiques by group 6.
I was confused by the “Today and Next Day Rain” slide
on the ppt, was this the predicted today and tomorrow
precipitating days by your group or did you create this
prediction with your model?I think this could have been
mitigated by explaining a bit more here

Both rain today and rain tomorrow are the recorded
observations whether “Today” and “Tomorrow” were rainy
or not. Our group made a prediction of Rain Tomorrow with
the features available on the data set and compared with the
original observations.

Your group explained the dataset that you were using
well, and provided ample information on the background and
objective/motivation for beginning this research
Thanks

I really enjoyed the representation of your dataset in the
principal component analysis and the visual tools used to
display your datasets in 2-D and 3-D
Thanks

I enjoyed in the “Feature extraction” slide on the ppt the
explanation of the difference between ICA and PCA 3-D and
potentially why their results were similar in run time and
accuracy
Thanks

I’ve never heard of the Cohen Kappa metric before, could
try to explain what the metric is/does and what does it
measure compared to the F1 and accuracy score
You are right, however, for the sake of time, we had to
skip some information. Just to make it clear, Cohen Kappa
is a metric that establishes relevancy between the predicted
and the actual value. It is especially useful when dealing
with unbalanced data. This metric is between -1 and 1 with
1 indicating a perfect agreement between the actual and
predicted values, however, a score above 0 is desirable. The
formula to calculate it is K = Po�Pe

1�Pe

Po is the accuracy of the model and Pe is the probability of
the agreement between model prediction and the actual class
values.

The group presented both the computation time and as well
as accuracy as metrics to compare between models. Which
was the most important metric measure (computation time or
accuracy?) Also, when presenting the confusion matrix, was
there any consideration put forward towards reducing either
the TN or FP in regards to the objective of the research?

Which metric (TN, FP) would you rather have more or less
of?
This is a very good question! Considering the importance of
the accurate weather forecast, having a higher accuracy is
very desirable and critical. However, having a model with
higher computation time may only increase the accuracy by a
small percentage. In this case a model with lower computation
time and comparative accuracy can be used. For our case such
a model was logistic regression. Q2: Because the majority of
the dataset contain non rainy days (Negative) having higher
TN is meaningful and desirable in our dataset. In addition to
having higher TN the goal was to rescue the False Positive or
non rainy days that are inaccurately classified as rainy. Both
are very important, however, True Positives, or the ability to
predict rainy days correctly is more crucial.

In this class we spoke in detail about a few types of neural
networks, random forest, svm, etc, I wish that the group had
gone a bit more in depth about specific types of networks
they used and mauve provided a quick example.
We had a slide about the summary of parameters of each
model, but to keep the presentation within 12 minutes
maximum limit had to remove it.

The “further items” slide in the ppt where it says try
to improve existing models. How would you improve your
existing models? Would you introduce specific layers or
reduce the amount of information input into the networks?
Be a bit more specific.

There are many ways to improve our existing models. One
example is to change model parameters. Another example
is use feature extractions for different model and not only
Random Forest Classifier

I enjoyed the simplicity of the code review, it looks simple
to run through all the lines and to run everything
thanks

The graphs presented in the analysis are very nice, I enjoyed
the box plots and the 3D principal analysis maps as well as
the confusion matrix
thanks

The group displayed a lot of lines of code and multiple
different algorithms, it was nice to see how all of the different
models performed against each other with similar datasets.
Thanks

What were some of the challenges that the group faced when
attempting to predict tomorrow’s rain or no rain forecast?
Would the group do anything differently if they had the chance
to restart the project all over again?
For the choose of parameters we had some challenges. For
example, for K cross validation we tried to used different k
values and use the optimal ones.Another challenge was to use
new metrics like Cohen Kappa.

What did the group learn while going through this process?
We definitely learned a lot, not only in feature extraction
techniques but also the new ways and algorithms to improve
our accuracy.
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B. Reply to review of group 9

Critique of group 15 presentation - Australia Next Day
Rain Prediction
Critiques by group 9.

Summary: This presentation talks about predicting rainfall
in Australia using a machine learning model. The process
includes pre-processing data with basic clean-ups, outlier
filtering and feature scaling. The feature extraction is done
using PCA, ICA, LDA and autoencoder, but it seems to
be that the prediction done using the original data is the
most accurate with random forest, although some methods
of feature extraction improves efficiency. Several models are
used for prediction and among them the gradient boosting
provides the most accurate result.

Suggestion and improvement:

I believe in the process of PCA, you would be able
to calculate the eigenvalues and the eigenvectors of the
correlation matrix, and the dominant components would have
larger eigenvalues than the less important components. By
selecting these dominant eigenvalues and projecting the data
onto a subspace formed by the eigenvectors corresponding to
these eigenvalues should give you the principal components
of the data. Are you certain that 3D or 2D PCA is enough
since you could have more dimensions.
That is the definition of PCA. We used PCA from
sklearn.decomposition which follows what you said. To
answer you question, we see a better performance when we
use 3 dimensions PCA compare to 2 dimensions PCA. It is
tedious that by using more dimensions we have better results.
We just want to show how feature extraction done for our
dataset.

Do you have any hypotheses about why ac curacies are
lower with feature extraction?
yes. It could be because we have used 2 and three dimensions
for our PCA. We would definitely get better results by using
more dimensions.

In your PCA 3D and 2D graph, the data overlay each other
quite heavily and they don’t seem to be very separable. Since
you are using SVM, have you tried to use a kernel trick to
project the data onto a higher dimension for them to be more
separable?
We did not use SVM. We used Random Forest Classifier. Since
the data is too much, they are kind of separable in the plot.
However, it would been much better if we used trick to project
the data onto a higher dimension for them to be more separable

C. Reply to review of group 35

Critique of group 15 presentation - Australia Next Day
Rain Prediction
Critiques by group 35.
Good review of the background problem in discussing
importance, features and factors to consider. There was a

good visualization and explanation of at least some of the
underlying features. Good discussion and in my opinion,
use of the appropriate preprocessing techniques, as well as
visualizing their effect. Interesting to compare the training
times, could be relevant in some applications. Overall
good introduction to the problem and good results, but the
results have potential to be visualized better and explained
more. The problem seemed to be solved by many of the
classifiers, and it would be interesting to see the performance
comparison before and after preprocessing, which I found
to be the most well-executed and presented part of the project.

Some improvements to add:

The models used were perhaps too simple, but helped
establish at least a baseline.
We have used 9 models and we try to used models that seem
to have better performance in out dataset

No discussion of insight on dataset as a consequence of
the classifier output.
That is a good recommendation. We would definitely to this
to improve our accuracy.

3. No real discussion of cases of failure (what certain
classifiers were bad at predicting, establishing edge cases).
We should have mentioned that however,Navie Bayes had the
worst performance among others with accuracy of 65%

4. No discussion on variance and error bounds on the
classifiers (although the confusion matrix, etc provided was
very helpful).
You are right but confusion matrix cleared that up a little.
Thank you for recommendation though

5. No post discussion of feature importance or visualizing
the decision trees, etc.
For the sake of time, we had to skip a lot of things that we did.

6. Since each region has diverse rainfall (thus smaller
errors may be more significant in some regions and vice
versa), a visual showing measure or error by region would be
very interesting and insightful.
We would definitely consider that if we wanted to
expand our experience in this dataset. Thank you for
your recommendation.
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Australia Next Day Rain Prediction
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Abstract—Rainfall is an important physical phenomenon that
intertwines with human lives in many ways. Being able to
accurately predict future rain can significantly improve human
daily life and prevent possible damages caused by heavy and
prolonged rainfalls. In this paper, we have examined the ability
to make accurate prediction of next-day rain using Machine
Learning techniques. The subject data-set includes 22 features
describing atmospheric conditions of cities and villages in Aus-
tralia. After pre-processing the data the classification accuracy of
nine machine learning algorithms including accuracy score, F1-
score, and Cohen Kappa cores were obtained. These results then
were verified by 5-fold cross-validation. The confusion matrices
of each model and training time are also compared. The results
indicate that the Gradient Boosting model with 86.79% accuracy,
F1-score of 0.66, and Cohen Kappa of 0.58 provides the best
result. However, concerning training time the Logistic Regression
model with 85.02% accuracy, F1-score of 0.60, and Cohen Kappa
of .51 trained in 1.64 seconds provides reasonable performance.
The Naive Bayes models are among the least accurate models.
Using four dimensional reduction techniques PCA, LDA, ICA,
and auto-encoder the possibility to improve the training times was
investigated and was found that PCA 3D can decrease the training
time by 31.92% without negatively impacting the accuracy by
much.

Index Terms—Rainfall prediction, Machine Learning, Naive
Bayes, Gradient Boosting, Random Forest, Neural-Networks,
Logistic Regression, Dimensionality Reduction, PCA, ICA, LDA,
Auto-Encoder, Catboost, Confusion Matrix, Accuracy, Kohen
Cappa, F1-score, Training Time.

I. INTRODUCTION

One of the biggest and most difficult tasks that can cause
a lot of impact in human life and society is predicting the
forecast. Being able to predict the forecast with high accuracy
in a timely manner can save a lot of lives and have a positive
impact on the economy. In this research, we are going to use
the weather data-set that was gathered from major cities in
Australia to create a model that can predict the weather for
the future.

II. DATASET

The dataset is made of 10 years of daily weather observation
across Australia such as Sydney, Melbourne, and Canberra,
etc. This dataset contains of 23 features and 145460 entries.
The total dataset has 6 categorical variables such as location,
Wind Gust Direction, Wind Direction AM-PM, Rain Today,
and Tomorrow plus 16 numerical variables: Temperature, Air
Pressure, Evaporation, Sunshine, Wind Speed, Humidity, etc.

III. VISUALIZATION

Based on Figure 1 the majority of the data set is made of
float64 and the only 27.3% of it is consist of object type.

Fig. 1. Data Type
The Figure 2 is the bar chart graph of the rain today and

rain tomorrow features. Based on these two bar chart graphs,
the majority of our data includes non rainy days.

Fig. 2. Precipitating and Non-Precipitating Days Count for Today and
tomorrow features

IV. PRE-PROCESSING

We have done a few steps in order to pre-process our data,
which are as follow,

1) Remove non target values: When there is no label,
there is no point to evaluate our models.

2) Imputation: Since we have two types of data, we have
replaced the non-values in numerical features with their
medians and in categorical features with their most
frequent data.

3) Outliers: They are unusual data points, which are very
different from the rest of the observation. In this partic-
ular project, we used the Interquartile Range (IQR) to
find the outliers.

4) Feature Scaling: We mapped all the feature variables
to the same scale.

V. FEATURE EXTRACTION

Feature extraction is a technique to reduce the dimensional-
ity of a data set to have a better run time and higher accuracy
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[1]. We have performed PCA, LDA, ICA, and Autoencoder
on our data set as different feature extraction techniques.

A. Principal Component Analysis

PCA, which is the most common technique in feature
extraction after combining all the data together, removes the
least important variables and retains the important ones. In
other words, it uses an orthogonal transformation to convert
the correlated parts of the data set into a set of uncorrelated
variables [2]. After computing the mean of each dimension, we
can simply compute the covariance matrix using the formula
below,

cov(X,Y ) =
1

n� 1

nX

i=1

(Xi � x̄)(Yi � ȳ) (1)

Where X and Y are two random variables and x̄ and ȳ are
their corresponding mean of each feature matrices. Then by
computing eigen-vectors and eigen-values and sorting them
and finally transforming them into a new subspace, we are
able to perform PCA[3]. We have used 2 dimensions and 3
dimensions that have been explained in the following sections.

1) 2 & 3 dimensional PCA’s: The distribution of the 3
dimensions PCA is in figure 4. We have 145460 entries in our
data set and that is the reason the plot is full of data and it
might look separable.

Fig. 3. Distribution of three dimensional PCA

B. Independent Component Analysis

ICA takes the input as a mixture of independent components
and by deleting all the useless noise, it identifies each of the
independent components[4]. The distribution of the data set
after performing ICA with three Independent Components is
as follows,

Fig. 4. Distribution of ICA

C. Linear Discriminant Analysis

LDA maximizes the distance between the mean of each
class and minimizes the spreading within the class itself. We
use LDA when we have equal co-variance between K classes.
In other words, all the classes have the same covariance matrix.
Then we use the following discriminant function to classify
the data[5].

�k(x) = xT⌃�1µk � 1

2
µkT⌃�1µk + log(⇡k) (2)

D. Auto Encoder

Autoencoder, which is a machine learning algorithm, can
be used as a feature extraction tool. This algorithm can be
broken into two parts,

• Encoder which compresses the data by removing useless
data(noise).

• Decoder tries to reproduce data from its compressed
form.

We used the encoded part as the feature extraction.

E. Summary

The following table includes the Run Time and Accuracy
of all the feature extractions in addition of our original data.
Please note that we used Random Forest Classifier to have a
fair comparison.

Data Run Time (Seconds) Accuracy (%)

Original Data 132.92 83
PCA 2D 113.09 75
PCA 3D 90.48 79

ICA 92.54 79
LDA 153.5 75

Auto Encoder 91.95 76

Comparison As we observed, the run time of 3 dimensional
PCA is better than others. However, its accuracy is not much
less than our original data’s accuracy. It is obvious that if
we use more dimensions (like 9, 10, or more) we would get
better accuracy since we preserve more uncorrelated data. We
noticed that the run time and accuracy of PCA 3D and ICA
are almost close despite the fact their distribution is different.
LDA has the longest run time and the lowest accuracy beside
PCA 2D. It is because in LDA, we assume all the classes have
the same co-variance matrix and we reduced 23 dimensions
to 1 dimension.

VI. MODELS

In this section, we discuss the models used for predicting the
next day rain in Australia and compared the results obtained
from each model. The summary of the result is shown in
Figure 5, and the accuracy versus training time is shown in
Figure 6. This result is discussed in greater detail for each
model in each section.
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Fig. 5. Summary of Models Accuracy

Fig. 6. Accuracy vs Training Time Compression

A. Gradient Boosting

Gradient boosting is a powerful machine learning model
used for predictive models, regression, and classification prob-
lems. Two implementations of the Gradient boosting algorithm
i.e. Catboost and Xgboost were implemented. One of the
implementations of gradient boosting is Extreme gradient
boosting (Xgboost) that is used for supervised learning. Cat-
boost is a similar model that uses gradient boosting on decision
trees. The gradient boosting model attempts to find the best
set of functions that minimize the loss and regularization
objective on a data-set with m features and n examples. The
loss function is found by subtraction of prediction ŷi by the
target value yi. For a model with k trees, the objective is to
minimize the loss function in equation 3. fK in the equation
denotes the k-th tree, ⌦ is a measure of complexity of the
model, and A.i is the output of an ensemble tree

L =
X

i

l(yi, A.i) +
X

k

⌦fk (3)

The achieved result using these two models is constructed
by a decision tree network of the depth of 16 is set for both
models. The number of estimators for the Xgboost model is
set at 500, and the number of iterations for the Catboost model
is 5.

1) Results: The XGboost model was able to achieve the
highest accuracy of 86.79%, F1-score of 0.66, and Cohen
Kappa of 0.58. The result by far was the highest agreement
among the rest of the models. This model was trained in
638.82 (s) that makes it the third slowest training time among
all models. The catboost model achieved slightly lower accu-
racy with 84.99% accuracy, 0.62 F1-score, and Cohen Kappa
of 0.52. 5-fold cross-validation resulted in similar scores that
is discussed in a separate section.

B. Logistic Regression

Logistic regression is a popular model adopted during the
past decade used on many branches for making predictions

and for forecasting. Logistic regression allows to make a
prediction of binary outcomes, in our case, whether tomorrow
will be rainy or not using a set of features that can be
continuous, discrete, or both. The dependent variable is usually
dichotomous, which has the value of 0 for non-rainy days, and
1 for rainy days. In a mathematical sense logistic regression
with the assumption of a linear relationship between the logit
and predictor variables is defined as:

E[Y |X] = logb
p

1� p
= �0 + �1X1 + ...+ �118X118 (4)

1) Results: The logistic regression is one of the fastest
models trained in 1.64 (s) and has an accuracy of 85.02%,
F-1 score of 0.60, and Cohen Kappa of .51. The true negative
rate for this model is 0.73, the true positive is 0.12, the false
positive is 0.11 and the false negative rate is 0.041.

C. Naive Bayes

Naive Bayes models are based on Bayes theorem theorized
by English mathematician Thomas Bayes in the 18th century.
Naive Bayesian models assume that features have independent
distributions, therefore it will not be sensitive to irrelevant
features. This model is often used for discrete data and for
Binary prediction. Another variation of this model is Gaussian
(Normal) Naive Bayes, which updates the model parameters
using partial fit to the normal distribution and estimates the
mean and standard deviation. Prediction using Bayes method
using the equation 5 with MAP indicating maximum a poste-
rior probability estimate, c being the classification classes and
d is the data.

MAP (c) = max(P (d|c)⇥ P (c)) (5)

1) Results: The Bernoulli and Gaussian Naive Bayes mod-
els are the least accurate and have an accuracy of 76.35%, F1-
score of 0.47, and Cohen Kappa of 0.32 for Bernoulli naive
Bayes, an accuracy of 65.11%, F1-score of 0.48, and Cohen
Kappa of 0.26 for Gaussian Naive Bayes. This result indicates
that the Normal distribution assumption of the data-set did
not provide any improvement to the results. Even though the
Accuracy and Cohen Kappa score for Bernoulli Naive Bayes
model is higher than Gaussian Naive Bayes, the F1 score for
Gaussian Naive Bayes is higher than Bernoulli model.

D. Neural network

Neural networks are another model that is utilized in many
different disciplines of engineering and also used for making
predictions. This model constitutes a system of artificial neu-
rons that transfers information to gain knowledge. It contains
multiple layers including an input layer, hidden layer(s), and
output layer. The weight in this model is updated using
foreword and backward mechanisms to maximize accuracy.
The trained model is shown on Figure 7. It has 118 input
neurons, four hidden layers containing dense layers of 32,
32, 16, and 8 perceptrons with relu activation. There are two
drop-out layers placed to prevent the model from over-fitting.
Finally, the output layer contains a sigmoid function.
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Fig. 7. ANN Structure used for Rainfall Prediction

Fig. 8. Training - Validation Loss and Accuracy

1) Results: The neural network model was trained in
1031.64 (s) that makes it the second to last slowest model. The
accuracy measures for this model is 85.87%, F1-score is 0.64,
and Cohen Kappa is 0.55. The accuracy percentage places this
model in the third rank after the Random Forest regressor,
however, F1-score and Cohen Kappa place this model in the
second rank.

E. Support Vector Machine

Support Vector Machine (SVM) is a supervised machine
learning technique used in many predictive models from solv-
ing a regression problem to classification problems. Support
vector machine is effective for high dimensional data, which
is the case of our data after the pre-processing was done and
the categorical values were converted to numerical fields. The
support vector machine used for this section was a support
vector classifier with a linear kernel.

1) Results: Support vector machine was the slowest model
with a training time of 1660.7 (s). The accuracy achieved by
this model is 85.05%, F1 score of 0.59 and Cohen kappa of
0.05 places this model on the fourth rank concerning accuracy
measure, sixth with respect to F1-score, and Cohen Kappa.

F. Random Forest

Random forest is principled based on decision trees. Ran-
dom forest constructs an ensemble of separate tress and groups
construction of weak learner to form a stronger learner. The
models used in this section were Random Forest Regressor
and Random Forest Classifier. Both models were constructed
using 100 estimators.

1) Results: Random forest regressor achieved a much better
result with an accuracy of 85.87%, 0.62 F1-score, and 0.54
Cohen kappa versus the Random Forest Classifier with an
accuracy of 82.27%, F1-score of 0.39, and Cohen kappa 0.32.
However, the training time for random forest classifier is much

faster trained in 8.33 (s) compared to 186.19 (s) for random
forest regressor.

G. 5-Fold Cross Validation

To verify the result obtained from the training and test set 5-
fold cross-validation for Naive Bayes models, Random Forest
Classifier, Gradient Boosting Models, Logistic Regression, and
SVM models were implemented. The result is shown in Figure
9.

Fig. 9. Accuracy vs Training Time Compression

H. Confusion Matrices

The confusion matrices for 9 models are shown in figure
??. We can see that The Random forest classifier was able
to correctly classifying non-rainy days better than the rest
of the models. Gaussian Naive Bayes was able to accurately
predict rainy days better than the rest of the models, however,
it misclassified many non-rainy days as rainy. The gradient
boosting and neural networks models are in close proximity
to each other with gradient boosting having better accuracy in
making predictions of non-rainy days.

Fig. 10. Confusion Matrices of the 8 Models

VII. CONCLUSION

In conclusion, we have tried different machine learning
techniques to predict next-day rain. After pre-processing the
data the classification accuracy of nine machine learning
algorithms including accuracy score, F1-score, and Cohen
Kappa cores were obtained. These results then were verified by
5-fold cross-validation. The results indicate that the Gradient
Boosting model with 86.79% accuracy, F1-score of 0.66,
and Cohen Kappa of 0.58 provides the best result. However,
concerning training time the Logistic Regression model with
85.02% accuracy, F1-score of 0.60, and Cohen Kappa of .51
trained in 1.64 seconds provides reasonable performance. The
Naive Bayes models are among the least accurate models.
Using four-dimensional reduction techniques PCA, LDA, ICA,
and auto-encoder the possibility to improve the training times
was investigated, and was found that PCA 3D can decrease
the training time by 31.92% without negatively impacting the
accuracy by much.
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