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Yun Wan?

Australia faces a dryness disaster whose impact may be mitigated by rainfall prediction. Being

an incredibly challenging task, yet accurate prediction of rainfall plays an enormous role in policy
making, decision making and organizing sustainable water resource systems. The ability to accurately
predict rainfall patterns empowers civilizations. Though short-term rainfall predictions are provided
by meteorological systems, long-term prediction of rainfall is challenging and has a lot of factors

that lead to uncertainty. Historically, various researchers have experimented with several machine
learning techniques in rainfall prediction with given weather conditions. However, in places like
Australia where the climate is variable, finding the best method to model the complex rainfall process
is a major challenge. The aim of this paper is to: (a) predict rainfall using machine learning algorithms
and comparing the performance of different models. (b) Develop an optimized neural network and
develop a prediction model using the neural network (c) to do a comparative study of new and existing
prediction techniques using Australian rainfall data. In this paper, rainfall data collected over a span of
ten years from 2007 to 2017, with the input from 26 geographically diverse locations have been used
to develop the predictive models. The data was divided into training and testing sets for validation
purposes. The results show that both traditional and neural network-based machine learning models
can predict rainfall with more precision.

Water is crucial and essential for sustaining life on earth. Water plays a key role in the development of the
economiic, social and environment of a region. Every aspect of life, be it life’s survival, agriculture, industries,
livestock everything depends on the availability of water. Increase in population, urbanization, demand for
expanded agriculture, modernized living standards have increased the demand for water!. Water is a renew-
able resource, and it is transferred between the ocean, atmosphere, and the land (through rainfall)?. Rainfall is
a life-sustaining water resource, and its variability influences the water availability across any region. Rain also
irrigates all flora and fauna. When water is added to rivers and dams in turn, it may be used to generate electric-
ity through hydropower.

Australia is the driest inhabited continent with 70% of the continent classified as desert or semi-desert. This
island continent depends on rainfall for its water supply>*. Just like any other region, variation in rainfall often
influences water availability across Australia. The continent encounters varied rainfall patterns including dry-
ness (absence of rainfall), floods (excessive rainfall) and droughts’. Some examples are the Millenium drought,
which lasted over a decade from 1995 to 2009¢, the 1970s dry shift in southwest Australia’, and the widespread
flooding from 2009 to 2012 in the eastern Australian regions®. It has the highest rainfall in the tropical regions
in the north and dry and deserted regions in the interior. These changes in the rainfall creates serious issues in
water availability, management, and future resource planning.

Researchers have developed many algorithms to improve accuracy of rainfall predictions. Predicting rainfall
accurately is a complex process, which needs improvement continuously. Our rainfall prediction approach lies
within the traditional synoptic weather prediction that involves collecting and analyzing large data, while we
will use and compare various data science techniques for classification, model selection, sampling techniques
etc. to train and test our models. In this paper, different machine learning models are evaluated and compared
their performances with each other. We have attempted to develop an optimized neural network-based machine
learning model to predict rainfall. The models use GridSearchCV to find the best parameters for different models.
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Literature survey

Water is essential to all livelihood and all civil and industrial applications. Accurate rainfall prediction is impor-
tant for planning and scheduling of these activities’. There is numerous literature available on different rain-
fall prediction approaches including but not limited to data mining, artificial neural networks and machine
learning™.

Hu!! was one of the key people who started using data science and artificial neural network techniques in
weather forecasting. He used Adaline, which is an adaptive system for classifying patterns, which was trained at
sea-level atmospheric pressures and wind direction changes over a span of 24 h. Adaline was able to make “rain
vs. no-rain” forecasts for the San Francisco area on over ninety independent cases. The predictions were compared
with actual United States Weather Bureau forecasts and the results were favorable. Hu’s work was foundational
in developing advanced and accurate rainfall techniques. Cook'? presented a data science technique to predict
average air temperatures. Among many algorithms they had tested, back-propagation learning algorithm was
one of them.

An important research work in data-science-based rainfall forecasting was undertaken by French'® with
a team of researchers, who employed a neural network model to forecast two-class rainfall predictions 1 h in
advance. Michaelides'* and the team have compared performance of a neural network model with multiple linear
regressions in extrapolating and simulating missing rainfall data over Cyprus.

Data mining techniques are also extremely popular in weather predictions. Chauhan and Thakur'® broadly
define various weather prediction techniques into three broad categories:

1. Synoptic weather prediction: A traditional approach in weather prediction and refers to observing the feature
weather elements within a specific time of observations at a consistent frequency. It involves collecting data
daily and analyzing the enormous collection of observed data to find the patterns of evidence.

2. Numerical weather prediction: Uses computer analytical power to do weather prediction and allows the
computer program to build models rather than human-defined parametric modeling after visualizing the
observed data. This is often combined with artificial intelligence methods.

3. Statistical weather prediction: Often coupled with numerical weather prediction methods and uses the main
underlying assumption as “the future weather patterns will be a repetition of the past weather patterns”

Petre'® uses a decision tree and CART algorithm for rainfall prediction using the recorded data between 2002
and 2005. Sharif and team'” have used a clustering method with K-nearest neighbors to find the underlying pat-
terns in a large weather dataset. They achieved high prediction accuracy of rainfall, temperatures, and humidity.

Our main goal is to develop a model that learns rainfall patterns and predicts whether it will rain the next day.

Data source

We used the dataset containing 10 years’ worth of daily weather observations from multiple Australian weather
stations (climate data online, Bureau of meteorology, Australian government)'®. We use a total of 142,194 sets of
observations to test, train and compare our prediction models. These observations are daily weather observations
made at 9 am and 3 pm over a span of 10 years, from 10/31/2007 to 06/24/2017. This data is used in building
various regression and classification models in this paper, including but not limited to the binary classification
model on the response Rain Tomorrow. Figure 1 lists all data parameters collected.

Data wrangling and exploratory data analysis (EDA). We primarily use R-studio in coding and visu-
alization of this project. We used several R libraries in our analysis. In our data, there are a total of twenty-four
columns. Out of a total of 142,194 rows, there are multiple rows in the data that are missing one or more feature
values. First, we perform data cleaning using dplyr library to convert the data frame to appropriate data types.

In performing data wrangling, we convert several variables like temperatures and pressures from character
type to numeric type. We also convert qualitative variables like wind-direction, RainTomorrow from character
type to factor type. Moreover, we convert wind speed, and number of clouds from character type to integer type.
The next step is assigning ‘1’ is RainTomorrow is Yes, and ‘0’ if RainTomorrow is No.

Also, we convert real numbers rounded to two decimal places. The next step is to remove the observations
with multiple missing values. Thus, after all the cleaning up, the dataset is pruned down to a total of 56,466 set
of observations to work with.

Note that a data frame of 56,466 sets observation is usually quite large to work with and adds to computational
time. Therefore, we use K-fold cross-validation approach to create a K-fold partition of n number of datasets
and for each k experiment, use k — 1 folds for training and the held-out fold for testing. This does not have to be
performed necessarily in k — 1/1 partition for training/testing but may also be compared with other combinations
like k — 2/2, k — 3/3 and so one for training/held-out testing folds, according to Wei and Chen?. For the starter,
we split the data in ten folds, using nine for training and one for testing.

It is evident from the plots that the temperature, pressure, and humidity variables are internally correlated
to their morning and afternoon values. However, it is also evident that temperature and humidity demonstrate
a convex relationship but are not significantly correlated. Moreover, sunshine and temperature also show a vis-
ible pattern and so does pressure and temperature, but do not have much correlation as can be confirmed from
the correlation heat map. As expected, morning and afternoon features are internally correlated. Also, observe
that evaporation has a correlation of 0.7 to daily maximum temperature. Further, we can also plot the response
of RainTomorrow along with temperature, evaporation, humidity, and pressure?. The scatter plots display how
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Heading Meaning Units
Date Day of the month
Day Day of the week first two letters
Minimum temperature in the 24 hours to 9am.

Tomps Min Sometimes only known to the nearest whole degree. degrees Celsiue

Max Maximpm temperature in the 24 hours from 9am. degrees Celsius
Sometimes only known to the nearest whole degree.
. ipitation (rainfall) i 4 m. -

o 22”"?5.',322"023 oo t Bho fasarest whote milimore, | Mmetros

Evap "Class A" pan evaporation in the 24 hours to 9am millimetres

Sun Bright sunshine in the 24 hours to midnight hours
Dirn  Direction of strongest gust in the 24 hours to midnight 16 compass points

Max wind gust Spd  Speed of strongest wind gust in the 24 hours to midnight kilometres per hour
Time Time of strongest wind gust local time hh:mm
Temp Temperature at 9 am degrees Celsius

RH Relative humidity at 9 am percent

- Cld  Fraction of sky obscured by cloud at 9 am eighths
Dirn  Wind direction averaged over 10 minutes prior to 9 am compass points
Spd Wind speed averaged over 10 minutes prior to 9 am kilometres per hour
MSLP Atmospheric pressure reduced to mean sea level at 9 am hectopascals
Temp Temperature at 3 pm degrees Celsius
RH Relative humidity at 3 pm percent

3 pe Cld Fraction of sky obscured by cloud at 3 pm eighths
Dirn  Wind direction averaged over 10 minutes prior to 3 pm compass points
Spd Wind speed averaged over 10 minutes prior to 3 pm kilometres per hour

MSLP Atmospheric pressure reduced to mean sea level at 3 pm hectopascals

Figure 1. Data parameters.
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Figure 2. Process flow chart.

the response is classified to the predictors, and boxplots displays the statistical values of the feature, at which
the response is Yes or No.

Figure 2 displays the process flow chart of our analysis. We first performed data wrangling and exploratory
data analysis to determine significant feature correlations and relationships as shown in Figs. 3 and 4.

It is evident from scatter plots in Fig. 5 that rainfall depends on the values of temperature, humidity, pres-
sure, and sunshine levels. For the variable RainTomorrow to have a higher probability for a Yes value, there is a
minimum relative humidity level of 45%, atmospheric pressure range of 1005 and 1028 hectopascals, and lower
sunshine level as evident from the boxplot (Fig. 6).

Now we have a general idea of how the data look like; after general EDA, we may explore the inter-relation-
ships between the feature temperature, pressure and humidity using generalized logistic regression models.

Feature selection. We explore the relationships and generate generalized linear regression models between
temperature, humidity, sunshine, pressure, and evaporation. The purpose of using generalized linear regression
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Figure 3. Correlation heat plot.

to explore the relationship between these features is to one, see how these features depend on each other includ-
ing their correlation with each other, and two, to understand which features are statistically significant!.

For example, Fig. 7 shows that there is a quadratic trend between temperature and evaporation. Also, we
determined optimal kernel bandwidth to fit a kernel regression function and observed that a kernel regression
with bandwidth of 1 is a superior fit than a generalized quadratic fit. Fig. 8 presents kernel regression with three
bandwidths over evaporation-temperature curve.

We use generalized linear regression to establish the relationships between correlated features. However, the
outliers are affecting the model performance. So, after removing those outliers, we reproduce a kernel regression
model with different bandwidths and pick an optimum bandwidth of 1. We also use bias-variance decomposition
to verify the optimal kernel bandwidth and smoother®.

We have used the “nprobust” package of R in evaluating the kernels and selecting the right bandwidth and
smoothing parameter to fit the relationship between quantitative parameters. We have used the cubic polynomial
fit with Gaussian kernel to fit the relationship between Evaporation and daily MaxTemp.

After fitting the relationships between inter-dependent quantitative variables, the next step is to fit a classifica-
tion model to accurately predict Yes or No response for RainTomorrow variables based on the given quantitative
and qualitative features. For this, we start determining which features have a statistically significant relationship
with the response. We also perform Pearson’s chi squared test with simulated p-value based on 2000 replicates
to support our hypothesis®*=2>.

After running the above replications on ten-fold training and test data, we realized that statistically significant
features for rainfall prediction are the fraction of sky obscured by clouds at 9 a.m., humidity and evaporation
levels, sunshine, precipitation, and daily maximum temperatures. Moreover, after cleaning the data of all the
NA/NaN values, we had a total of 56,421 data sets with 43,994 No values and 12,427 Yes values. We used this
data which is a good sample to perform multiple cross validation experiments to evaluate and propose the high-
performing models representing the population®?°.

Performance. Scalability and autonomy drive performance up by allowing to promptly add more process-
ing power, storage capacity, or network bandwidth to any network point where there is a spike of user requests.
Moreover, autonomy also allows local developers and administrators freely work on their nodes to a great extent
without compromising the whole connected system, therefore software can be upgraded without waiting for
“approval” from other systems. Load balancing over multiple nodes connected by high-speed communication
lines helps distributing heavy loads to lighter-load nodes to improve transaction operation performance.

Model selection
For the classification problem of predicting rainfall, we compare the following models in our pursuit:
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Figure 4. Feature scatter plot.
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Figure 5. Box plots between significant features.

Logistic regression

Linear discriminant analysis

Quadratic discriminant analysis
K-Nearest Neighbor for classification
Decision tree and gradient boosted trees
Random forest

Bernoulli Naive Bayes

Deep learning

To maximize true positives and minimize false positives, we optimize all models with the metric precision
and f1-score. Thus, the model with the highest precision and f1-score will be considered the best. As shown in
Fig. 9, we perform subset selection and find optimal subset to minimize BIC and Cp and maximize adjusted.
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Figure 8. Boxplots between significant features.

Logistic regression. We performed feature engineering and logistic regression to perform predictive clas-
sification modelling. During the testing and evaluation of all the classification models, we evaluated over 500
feature set combinations and used the following set of features for logistic regression based on their statistical
significance, model performance and prediction error?”. After performing above feature engineering, we deter-
mine the following weights as the optimal weights to each of the above features with their respective coefficients
for the best model performance?. The confusion matrix obtained (not included as part of the results) is one of
the 10 different testing samples in a ten-fold cross validation test-samples.
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Figure 9. Boxplots between significant features.
Model Precision | F1-Score Optimized
hyperparameters
Logistic 97.14 86.87 C=0.5, max_iter=2000,
Regression penalty ='L2’, solver =
‘Ibfgs’
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Figure 10. Logistic regression performance and feature set.

Figure 10a displays class precision and fl-score along with optimized hyper parameters used in the model.
Figure 10b presents significant feature set and their weights in rainfall prediction. The results of gridSearchCV
function is used to determine the best hyper parameters for the model.

Linear discriminant analysis. We performed a similar feature engineering, model evaluation and selec-
tion just like the above, on a linear discriminant analysis classification model, and the model selected the fol-
lowing features for generation. Figure 11a,b show this model’s performance and its feature weights with their
respective coefficients.

Quadratic discriminant analysis. Quadratic discriminant analysis selects the following features and
weights and performs as demonstrated by the following Fig. 12a,b. Note that QDA model selects similar features
to the LDA model, except flipping the morning features to afternoon features, and vice versa. Also, QDA model
emphasized more on cloud coverage and humidity than the LDA model.

K-Nearest neighbors. From Fig. 13a, k = 20 is the optimal value that gives K-nearest neighbor method
a better predicting precision than the LDA and QDA models. This may be attributed to the non-parametric
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(b) LDA optimal feature set and weights

Figure 11. LDA performance and feature set.
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Figure 12. QDA performance and feature set.

nature of KNN. If the data is not linear or quadratic separable, it is expected that parametric models may show
substandard performance. The performance of KNN classification is comparable to that of logistic regression.

The precision, f1-score and hyper-parameters of KNN are given in Fig. 13a. Also, Fig. 13b displays optimal
feature set along with their feature weights.

Decision tree. The decision tree model was tested and analyzed with several feature sets. After generating
the tree with an optimal feature set that maximized adjusted-R2, we pruned it down to the depth of 4. The deci-
sion tree with an optimal feature set of depth 4 is shown in Fig. 14.

Figure 15a displays the decision tree model performance. Also, Fig. 15b displays the optimal feature set with
weights.

Gradient boosting. We ran gradient boosted trees with the limit of five trees and pruned the trees down
to five levels at most. The following are the associated features, their weights, and model performance. Note that
gradient boosted trees are the first method that has assigned weight to the feature daily minimum temperature.
Figure 16a displays the decision tree model performance. Also, Fig. 16b displays the optimal feature set with
weights.
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Figure 13. KNN performance and feature set.
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Figure 14. Decision tree.

Random forest. We perform similar feature engineering and selection with random forest model. Just like
gradient forest model evaluation, we limit random forest to five trees and depth of five branches. Random forest
model’s simple algebraic operations on existing features are noteworthy. Further, the model designated the fol-
lowing weights to the above features and demonstrated the following performance.

For the given dataset, random forest model took little longer run time but has a much-improved precision.
This trade-off may be worth pursuing. Figure 17a displays the performance for the random forest model. Also,
Fig. 17b displays the optimal feature set and weights for the model. It is noteworthy that the above tree-based
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Figure 15. Decision tree performance and feature set.
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Figure 16. Gradient boosting performance and feature set.
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Figure 17. Random forest performance and feature set.
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Figure 18. Bernoulli Naive Bayes performance and feature set.

Layer (type) Output Shape Param #

Rainfall Input (InputLayer) [(None, 21)] 0

Dense-1 (Dense) (None, 60) 1320

Dense-2 (Dense) (None, 40) 2440

BN-1 (BatchNormalization) (None, 40) 160

Dense-3 (Dense) (None, 60) 2460

RGN, SIS, A ° Model Precision F1-score Optimized hyperparameters
Dense-4 (Dense) (None, 30) 1830 Deep 98.26 88.61 *ExponentiaIDecay:

BN-2 (BatchNormalization) (None, 30) 120 Learning initial_learning_rate: 1e-5,
Dense-5 (Dense) (None, 20) 620 decay_steps: 2000,
Dropout-2 (Dropout) (None, 20) 0 Stzclf(:}la_;:tia?szs'

Dense-6 (Dense) (None, 40) 840 Batch sizé: 1024

BN-3 (BatchNormalization) (None, 40) 160 (b) Deep Leaming performance

Dense-7 (Dense) (None, 40) 1640

Dropout-3 (Dropout) (None, 40) 0

Output (Dense) (None, 1) 41

Total params: 11,631
Trainable params: 11,411
Non-trainable params: 220

(a) The deep learning classification model for the rainfall

prediction problem

Figure 19. Deep learning model and performance.

models show considerable performance even with the limited depth of five or less branches, which are simpler
to understand, program, and implement.

Bernoulli Naive Bayes. Figure 18a,b show the Bernoulli Naive Bayes model performance and optimal
feature set respectively. It does not do well with much less precision. This could be attributed to the fact that the
dataset is not balanced in terms of True positives and True negatives.

Deep learning model. To find out how deep learning models work on this rainfall prediction problem
compared to the statistical models, we use a model shown in Fig. 19a. Although much simpler than other com-
plicated models used in the image recognition problems, it outperforms all other statistical models that we
experiment in the paper. The deep learning model for this task has 7 dense layers, 3 batch normalization layers
and 3 dropout layers with 60% dropout.

Like other statistical models, we optimize this model by precision. Figure 20a shows the effect of the dropout
layers onto the training and validation phases. During training, these layers remove more than half of the neu-
rons of the layers to which they apply. Effectively they put a negative impact onto the model. In the validation
phase, all neurons can play their roles and therefore improve the precision. Starting at epoch 2000, as shown
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Figure 20. Deep learning model performance and plot.

in Fig. 20a,b, both precision and loss plots for validation do not improve any more. Figure 19b shows the deep
learning model has better a performance than the best statistical model for this task—the logistic regression
model, in both the precision and f1-score metrics.

Conclusion

In this project, we obtained the dataset of 10 years of daily atmospheric features and rainfall and took on the
task of rainfall prediction. We performed exploratory data analysis and generalized linear regression to find cor-
relation within the feature-sets and explore the relationship between the feature sets. This enabled us to express
correlated features into the form of one another. Moreover, we performed feature engineering and selected certain
features for each of eight different classification models. We compared these models with two main performance
criteria: precision and f1-score.

Based on the above performance results, the logistic regression model demonstrates the highest classification
f1-score of 86.87% and precision of 97.14% within the group of statistical models, yet a simple deep-learning
model outperforms all tested statistical models with a f1-score of 88.61% and a precision of 98.26%. This proves
that deep learning models can effectively solve the problem of rainfall prediction.

Received: 7 March 2021; Accepted: 20 July 2021
Published online: 06 September 2021

References
1. Lim, E. P. et al. Australian hot and dry extremes induced by weakening of the stratospheric polar vortex. Nat. Geosci. https://doi.
0rg/10.1038/s41561-019-0456-x (2019).
2. Sohn, S. J. & Kim, W. M. Toward a better multi-model ensemble prediction of East Asian and Australasian precipitation during
non-mature ENSO seasons. Sci. Rep. https://doi.org/10.1038/s41598-020-77482-4 (2020).
3. Sharmila, S. & Hendon, H. H. Mechanisms of multiyear variations of Northern Australia wet-season rainfall. Sci. Rep. https://doi.
0rg/10.1038/s41598-020-61482-5 (2020).
4. Munksgaard, N. C. et al. Data descriptor: Daily observations of stable isotope ratios of rainfall in the tropics. Sci. Rep. https://doi.
0rg/10.1038/s41598-019-50973-9 (2019).
5. Benedetti-Cecchi, L. Complex networks of marine heatwaves reveal abrupt transitions in the global ocean. Sci. Rep. https://doi.
0rg/10.1038/s41598-021-81369-3 (2021).
6. Ummenhofer, C. C. et al. What causes southeast Australia’s worst droughts?. Geophys. Res. Lett. https://doi.org/10.1029/2008G
1036801 (2009).
7. Xie, S. P. et al. Global warming pattern formation: Sea surface temperature and rainfall. J. Clim. https://doi.org/10.1175/2009]
CLI3329.1 (2010).
. Shi, W. & Wang, M. A biological Indian Ocean Dipole event in 2019. Sci. Rep. https://doi.org/10.1038/s41598-021-81410-5 (2021).
9. Brown, B. E. et al. Long-term impacts of rising sea temperature and sea level on shallow water coral communities over a 40 year
period. Sci. Rep. https://doi.org/10.1038/s41598-019-45188-x (2019).

10. Darji, M. P, Dabhi, V. K., & Prajapati, H. B. Rainfall forecasting using neural network: A survey. In Conference Proceeding—2015
International Conference on Advances in Computer Engineering and Applications, ICACEA 2015. https://doi.org/10.1109/ICACEA.
2015.7164782 (2015).

11. Hu, M. . C. & Root, H. E. An adaptive data processing system for weather forecasting. J. Appl. Meteorol. https://doi.org/10.1175/
1520-0450(1964)003;0513:aadpsf;2.0.co;2 (1964).

12. Cook, T., Folli, M., Klinck, J., Ford, S. & Miller, ]. The relationship between increasing sea-surface temperature and the northward
spread of Perkinsus marinus (Dermo) disease epizootics in oysters. Estuar. Coast. Shelf Sci. https://doi.org/10.1006/ecss.1997.0283
(1998).

13. French, M. N, Krajewski, W. E & Cuykendall, R. R. Rainfall forecasting in space and time using a neural network. J. Hydrol. https://
doi.org/10.1016/0022-1694(92)90046-X (1992).

14. Michaelides, S. C., Tymvios, E. S. & Michaelidou, T. Spatial and temporal characteristics of the annual rainfall frequency distribu-
tion in Cyprus. Atmos. Res. https://doi.org/10.1016/j.atmosres.2009.04.008 (2009).

15. Chauhan, D. & Thakur, J. Data mining techniques for weather prediction: A review. Int. J. Recent Innov. Trends Comput. Commun.
2,2184-2189 (2014).

16. Petre, E. G. A decision tree for weather prediction. Seria Matematica™-Informatica-Fizica", Vol. 61, no. 1, 77-82 (2009).

el

Scientific Reports |

(2021) 11:17704 |

https://doi.org/10.1038/s41598-021-95735-8 nature portfolio


https://doi.org/10.1038/s41561-019-0456-x
https://doi.org/10.1038/s41561-019-0456-x
https://doi.org/10.1038/s41598-020-77482-4
https://doi.org/10.1038/s41598-020-61482-5
https://doi.org/10.1038/s41598-020-61482-5
https://doi.org/10.1038/s41598-019-50973-9
https://doi.org/10.1038/s41598-019-50973-9
https://doi.org/10.1038/s41598-021-81369-3
https://doi.org/10.1038/s41598-021-81369-3
https://doi.org/10.1029/2008GL036801
https://doi.org/10.1029/2008GL036801
https://doi.org/10.1175/2009JCLI3329.1
https://doi.org/10.1175/2009JCLI3329.1
https://doi.org/10.1038/s41598-021-81410-5
https://doi.org/10.1038/s41598-019-45188-x
https://doi.org/10.1109/ICACEA.2015.7164782
https://doi.org/10.1109/ICACEA.2015.7164782
https://doi.org/10.1175/1520-0450(1964)003¡0513:aadpsf¿2.0.co;2
https://doi.org/10.1175/1520-0450(1964)003¡0513:aadpsf¿2.0.co;2
https://doi.org/10.1006/ecss.1997.0283
https://doi.org/10.1016/0022-1694(92)90046-X
https://doi.org/10.1016/0022-1694(92)90046-X
https://doi.org/10.1016/j.atmosres.2009.04.008

www.nature.com/scientificreports/

17. Sharif, M. & Burn, D. H. Simulating climate change scenarios using an improved K-nearest neighbor model. J. Hydrol. https://doi.
0rg/10.1016/j.jhydrol.2005.10.015 (2006).

18. Bureau of Meteorology, weather forecasts and radar, Australian Government. Accessed 26 Oct 2020. http://www.bom.gov.au/.

19. Wei, J. & Chen, H. Determining the number of factors in approximate factor models by twice K-fold cross validation. Econ. Lett.
https://doi.org/10.1016/j.econlet.2020.109149 (2020).

20. McKenna, S., Santoso, A., Gupta, A. S., Taschetto, A. S. & Cai, W. Indian Ocean Dipole in CMIP5 and CMIP6: Characteristics,
biases, and links to ENSO. Sci. Rep. https://doi.org/10.1038/s41598-020-68268-9 (2020).

21. Li, L. et al. Responses of LAI to rainfall explain contrasting sensitivities to carbon uptake between forest and non-forest ecosystems
in Australia. Sci. Rep. https://doi.org/10.1038/s41598-017-11063-w (2017).

22. Sheen, K. L. et al. Skilful prediction of Sahel summer rainfall on inter-annual and multi-year timescales. Nat. Commun. https://
doi.org/10.1038/ncomms14966 (2017).

23. Dogan, O., Taspnar, S. & Bera, A. K. A Bayesian robust chi-squared test for testing simple hypotheses. J. Econ. https://doi.org/10.
1016/j.jeconom.2020.07.046 (2020).

24. Dutta, R. & Maity, R. Temporal evolution of hydroclimatic teleconnection and a time-varying model for long-lead prediction of
Indian summer monsoon rainfall. Sci. Rep. https://doi.org/10.1038/s41598-018-28972-z (2018).

25. Yaseen, Z. M., Ali, M., Sharafati, A., Al-Ansari, N. & Shahid, S. Forecasting standardized precipitation index using data intelligence
models: regional investigation of Bangladesh. Sci. Rep. https://doi.org/10.1038/s41598-021-82977-9 (2021).

26. Praveen, B. et al. Analyzing trend and forecasting of rainfall changes in India using non-parametrical and machine learning
approaches. Sci. Rep. https://doi.org/10.1038/s41598-020-67228-7 (2020).

27. Huang, P. W, Lin, Y. E & Wu, C. R. Impact of the southern annular mode on extreme changes in Indian rainfall during the early
1990s. Sci. Rep. https://doi.org/10.1038/s41598-021-82558-w (2021).

28. Stone, R. C., Hammer, G. L. & Marcussen, T. Prediction of global rainfall probabilities using phases of the Southern Oscillation
Index. Nature https://doi.org/10.1038/384252a0 (1996).

Author contributions

MR, PS., V.P. and H.G. wrote the main manuscript text and A.K. and Y.W. gave dataset and set the flow of the
content. All authors reviewed the manuscript. The entire research was designed and manuscript was supervised
and mentored by H.G. as a part of his Applied Artificial Intelligence laboratory.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to H.G.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2021, corrected publication 2021

Scientific Reports |

(2021) 11:17704 | https://doi.org/10.1038/s41598-021-95735-8 nature portfolio


https://doi.org/10.1016/j.jhydrol.2005.10.015
https://doi.org/10.1016/j.jhydrol.2005.10.015
http://www.bom.gov.au/
https://doi.org/10.1016/j.econlet.2020.109149
https://doi.org/10.1038/s41598-020-68268-9
https://doi.org/10.1038/s41598-017-11063-w
https://doi.org/10.1038/ncomms14966
https://doi.org/10.1038/ncomms14966
https://doi.org/10.1016/j.jeconom.2020.07.046
https://doi.org/10.1016/j.jeconom.2020.07.046
https://doi.org/10.1038/s41598-018-28972-z
https://doi.org/10.1038/s41598-021-82977-9
https://doi.org/10.1038/s41598-020-67228-7
https://doi.org/10.1038/s41598-021-82558-w
https://doi.org/10.1038/384252a0
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Automated predictive analytics tool for rainfall forecasting
	Literature survey
	Data source
	Data wrangling and exploratory data analysis (EDA). 
	Feature selection. 
	Performance. 

	Model selection
	Logistic regression. 
	Linear discriminant analysis. 
	Quadratic discriminant analysis. 
	K-Nearest neighbors. 
	Decision tree. 
	Gradient boosting. 
	Random forest. 
	Bernoulli Naïve Bayes. 
	Deep learning model. 

	Conclusion
	References


