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ABSTRACT

Forecasting rainfall is found to be an
important indicator to the undisturbed
continuation of social and economic
activities. This derives the significance of
predicting rainfall, providing better
decision making in sectors such as
agriculture, power, and tourism. This paper
discusses the methodology behind applying
long range dependency and machine
learning in rainfall forecasting. It was
determined that a time series should be
established with data from past rainfall
figures. This data will be analyzed through
the Auto Correlation Factor (ACF) and the
Partial Auto Correlation Factor (PACF) to
check for seasonality and to identify the lag
after which the other lags are insignificant.
A time series process is categorized as long
memory if the serial dependence or the
ACF decays slower than an exponential
decay. An exponentially decaying ACF can
be categorized as having short memory.
The spectral density of the time series will
also be measured to gauge how far the
peaks are from zero. The times series with
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peaks closer to zero will be considered as
standard long memory, while the further
peaks will be categorized as generalized
long memory. The Ljung-Box Test and the
Brusch-Godfrey Test will be used to assess
whether any group of autocorrelations are
different from zero. Based on the outputs
from this analysis, it is possible to apply the
time series into models such as ETS and
ARIMA for prediction. The residual values
from the models can determine the best fit
model. Which can be further verified
through machine learning.

Keywords- Rainfall, Forecast, Time

Series, Long Range Dependency

1. INTRODUCTION

Many countries have identified a linkage
between the rainfall amount and the
country's economic growth (Ojo & Ogunijo,
2022). Since excessive rainfall causes
floods and insufficient rainfall causes
drought, rainfall is a crucial consideration
when planning and managing agriculture,
and related industries globally. Surface
runoff, which is a significant factor in the



ANNUAL INTERNATIONAL CONFERENCE ON BUSINESS INNOVATION (ICOBI) 2023

transport of sediment, nitrate, phosphorus,
and other chemical compounds in the
watershed, as well as flood-related
economic losses are indicators of how
rainfall affects the economy of a country.
Therefore, it is essential to develop suitable
mechanisms to track and forecast rainfall
for effective management, planning, and
mitigation.

Forecasting future rainfall is crucial for
decision makers working in irrigation,
urban and rural water management, tourism,
ecology, and agriculture as well as society.
Despite the significance placed on the
forecasting of rainfall, it has proven to be a
complex process due to the inconsistent
nature of rainfall. Adding to this, Scher &
Messori  (2019) have concluded that
predictability of rainfall (specially in
summertime) will decrease over time with
global warming.

Despite the huge amount of research being
conducted to forecast rainfall using various
factors, Hudson et al. (2010) found that
forecasting models created with climate
drivers as potential predictors are unable to
predict rainfall for more than a week.
Therefore, more attention needs to be given
to studies which take time series analysis
into consideration. Due to the chaotic nature
of rainfall, researchers have tried out
various linear and nonlinear approaches to
model the rainfall in different geographies
and time scales.

Linear and non-linear modeling techniques
are used widely for hydrological
forecasting. Multiple Linear Regression
(MLR) is widely used by researchers for
variable forecasting; Rasel et al. (2015)
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applied MLR to investigate the influence of
ENSO and SAM on the South Australian
rainfall, and Mekanik et al. (2013)
investigated the influence of 10D and
ENSO on the Victorian rainfall. On the
other hand, non-linear modelling is also
used for rainfall forecasting through
applications such as Artificial Neural
Networks (ANN). According to Maier and
Dandy (2001), ANN can handle incomplete,
noisy, and ambiguous data, which is
consistent with the characteristics of the
rainfall data.

Simple models such as linear regression
models have been in use to model the
monthly rainfall amounts (Westra &
Sharma, 2009; Lloyd-Hughes & Saunders,
2002; Oettli & Camberlin, 2005). Bhakar et
al. (2006) has used an additive time series
decomposition model to predict the rainfall
in the Kota region in India. A limitation of
such simple models is the defectivity of the
model where monthly rainfall does not
follow a normal distribution. This is the
case for  Australian rain  stations
(Ghamariadyan & Imteaz, 2021).

In many cases, it is essential to have access
to the monthly rainfall distribution rather
than the mean seasonal value (Mehrotra et
al., 2013). It is also very advantageous to
predict the upcoming monthly rainfall some
months in advance. A variety of computer
models and observational data are used in
rainfall prediction simulations by taking
into account factors such as atmospheric
conditions and historical weather patterns.
These methods analyze historical data to
identify trends, seasonality, cycles, and
correlations, allowing researchers to
develop models to predict future rainfall
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based on observed patterns. Using
regression techniques, researchers can
derive  mathematical  equations that
determine  the relationship  between

meteorological variables and rainfall. This
equation can be used to predict future
rainfall events more quantifiably and
accurately (Zanial et al., 2023). But the
residual errors will not be independent. It is
addressed through time series forecasting.

Going beyond using computational models
to forecast rainfall, it is crucial to utilize
much more innovative solutions such as
artificial intelligence (Al). Al is a method
for manipulating and using implicit, unused,
and potentially valuable information from
data. It is a broad and profound field that
keeps growing and being applied in
different fields. By utilizing the strength of
sophisticated algorithms and machine
learning techniques, Al offers promising
solutions in the context of rainfall
prediction and its impact on the economy.
Al algorithms  can  find  complex
relationships and patterns that humans
might miss by processing and learning from
this data.

1.2 Problem Statement

It has been established that rainfall is one of
the toughest hydrological variables to
predict due to its volatility in time and
space (French et al., 1992). Yet, due to the
importance of rainfall forecasts to the
economy and society, different researchers
have tried various approaches to predict the
rainfall in their respective study locations.
Literature identifies several forecasting
models such as the Box-Jenkins
autoregressive integrated moving average
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model and Artificial Neural Networks
(ANN) being used for countries such as
India, Jordan, Thailand, Iraq and Nigeria
(Dubey, 2015; Eni & Adyeye, 2015; Hung
et al., 2009; Momani, 2009; Wang et al.,
2013; Zakaria et al., 2012).

Feng et al. (2020) developed probabilistic
seasonal rainfall forecasting model for
Australia using machine learning. This
model managed to generate seasonal
predictions for Queensland with higher
accuracy than the governments Southern
Oscillation Index (SOI) Phase model
(Ghamariadyan &  Imteaz,  2021).
Ghamariadyan & Imteaz (2021) have used
a hybrid wavelet ANN model using
temperature and climate indices to predict
the rainfall in Queensland with promising
insights. Bagirov & Mahmood (2018) in
their study mentioned that there is a
research gap in Queesnland for alternative
models to forecast rainfall.

Despite the extensive research being done
on rainfall forecasting using various
models, little can be found in the context of
time series memory. Gil-Alana et al.,
(2022) found out through their study that
there is indeed a long memory dependency
in rainfall data for the United States of
America (USA). This is proven true for
Malaysia as well through the research done
by (Yusof & Kane, 2012). However, there
is a significant research opprtunity to set a
guidng framework for future researchers to
utilize  when applying time series
forecasting techniques to predict the future
rainfalls. This study aims to provide a
general methodolgy for researchers to
follow were they to apply time series
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forecasting methods to their selected

research geography.
2. LITERATURE REVIEW

2.1 Time Series Analysis

The importance of time series data and the
analysis of such data is growing by the day
due to the higher leniency towards data-
based decision making. It can be observed
that time series models are being developed
with increasing levels of accuracy over
time. Most effective new models combine
the two approaches of statistical and
machine Learning techniques (Bagirov &
Mahmood, 2018).

2.1.1 Long Memory Models

Since the introduction of the short memory
autoregressive moving average (ARMA)
model by Box and Jenkins (1970) the
integer differenced time series model
Autoregressive Integrated Moving Average
(ARIMA) was introduced to the world of
statistics by Granger and Joyeux (1980)
along with Hosking (1984) (Mills, 2018).
Many recent studies have shown that time
series showcase Long Range Dependency
(LRD) (Aks & Sprott, 2003; Delignieres, et
al., 2006; Eke et al., 2002; Madison, 2004).

LRD is how fast the statistical dependence
between two points degrades with the
increase of time or spatial separation. A
time series is LRD if the dependence has a
slower decay than an exponential decay. On
the contrary, if the time series shows short
memory, the autocorrelation will decay
faster at an exponential rate as the number
of observations increases in time and space
(Stroe-Kunold et al., 2009).
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Unbounded spectral density closer to the
origin in terms of the frequency along the
x-axis, and hyperbolic decay of the
Autocorrelation Function (ACF) can be
established as key features of the ARIFMA
model. It is identified as a standard long
memory model.

Ideally any time series is required to be of a
stationary nature for modelling. Yet, this is
hardly the case in real life time series. The
time series will have to be adjusted to make
it fit the features of the model. Yet another
unique feature of long memory models
would be the hyperbolic decay of the Partial
Autocorrelation  Function (PACF) as
opposed to an exponential decay of it in
short memory models.

The time series will have to be adjusted to
make it fit the features of the model. Apart
from the hyperbolically decaying ACF, and
a spectral density increasing limitlessly as
the frequency gets closer to zero, the Hurst
phenomenon is also a basic property of an
LRD (Stroe-Kunold et al., 2009). The Hurst
exponent (H) shows that the parameter
showing the probability of an event
occurring in a time series is continued with
a similar event derived from 0.5. When
H=0.5, the observations are independent
(Hurst et al., 1965).

LRD can be captured in three major
methods: (1) by means of H lying within
the parameters of fractal analysis; (2)
through power exponent or power spectrum
function; (3) through the Autoregressive
Fractionally Integrated Moving Average
(ARFIMA) framework. Fractal processes
are long-memory, self-similar processes.
Mandelbrot & Wallis, (1969) implies that a
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process will look the same or with
comparable statistical features at different
levels through the concept of self-similarity
in statistics. These processes have self-
similar autocorrelations and power spectra.
The power-spectral density of a process
with  serial dependence is inversely
proportional to the frequency for long-range
serial dependence.

The power spectral density (PSD) analysis,
also known as the periodogram method, is a
technique for estimating in spectral analysis
by determining the negative slope of the
line connecting log S(f) and log f (Eke et
al., 2002).

Granger, Joyeux, and Hosking (1980,1984)
showed that by allowing the differencing
parameter d of the Box-Jenkins ARIMA
methodology to take on continuous values,
self-similar hyperbolical decaying
autocorrelations of fractional series could
be parsimoniously modeled. In the context
of the [ARFIMA (p, d, g)] framework, d is
the parameter for simulating long-range
dependence. The parameters p and q are
used to capture the process's short-range
dependencies. When -0.5<d<0.5, the
process is both stationary and invertible.
The range [-0.5, 0] for the value of d
suggests antipersistence. Long-term
persistent processes have d>0. As a result,
0<d<0.5 can be used to model finite long
memory. The process is nonstationary with
noninvertible ARMA representations for
0.5=<d=<1. The memoryless ARFIMA (0,
0, 0) process is Gaussian white noise.

2.1.2 ARFIMA Framework

In many time series, having a long memory
or strong persistency is seen as stylized
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facts. Modeling and subsequent estimation
for these series are challenging due to the
strong persistence that is on the one hand
characterized by slowly  decaying
autocorrelations. The most common model
for capturing strong persistence and long
memory is Fractional Integration (FI) of
order d. Estimated values of d range from 0
to 1, with d = 1/2 denoting the transition
from stationarity to nonstationarity. Thus,
modeling persistence can be done with a
great deal of flexibility using FI.

In comparison to ARMA (1,1) models,
(Brodsky & Hurvich, 1999) show that FlI
models are more effective at forecasting
long memory time series. In comparison to
several short memory rivals for medium
sample sizes, (Bhardwaj & Swanson, 2006)
report  improvements in  predictive
performance when using FI models.

There is evidence that these gains increase
noticeably for larger sample sizes. In terms
of empirical evidence, Bhardwaj and
Swanson (2006) again report that FI models
are superior predictors of financial data, but
that the evidence is less conclusive for
macroeconomic data. They primarily
attribute the much larger sample sizes in
finance for this result, which resulted in a
more accurate estimation of the long
memory parameter. Dissanayake (2016a)
provides an insight into a robust ARFIMA
configuration for estimation and prediction.
A stationary fractional ARIMA model was
used successfully for rainfall prediction in
Sri Lanka according to Silva, Peiris and
Dissanayake (2018a) utilizing an ARFIMA
series. An extension to it capturing the
seasonality feature in addition to long
memory is presented in Silva, Peiris and
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Dissanayake (2018b) using a seasonal
autoregressive  fractionally  integrated
moving average (SARFIMA) model. The
evidence is conflicting because some
authors  assert  that  short-memory
substitutes, such as the Heterogeneous
Autoregressive model (HAR) by (Corsi,
2009), have comparable predictive power.
Yet it is found that FI models outperform a
wide range of competing methods,
including autoregressive (AR) models,
exponential smoothing (ES) methods, and
for the realized volatility series, also the
HAR model, in systematic forecasting
experiments using classical examples of
strongly persistent time series from
macroeconomics and finance, namely
inflation and realized volatility, as well as
simulated series. According to published
research, adding a long memory component
to the model used when forecasting a
strongly  persistent time  series s
advantageous in all tested scenarios, e. g.
over all forecasting horizons and sample
sizes. Extending the ARFIMA model to a
much more generalized long memory time
series version results in a Gegenbauer
Autoregressive Moving Average
(GARMA) model. It depicts long memory
with unbounded spectral peaks away from
the frequency origin and hyperbolically
decaying ACF and PACF.

2.1.3 GARMA Framework

In certain texts GARMA is defined as
Generalised ~ Autoregressive Moving
Average model. Extensive work with rich
expositions related to fractional
differencing and prediction using the
GARMA model could be found in
discussions presented in Dissanayake and
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Peiris  (2012), Dissanayake (2016h),
Dissanayake, Peiris, and Proietti (2014),
Dissanayake, Peiris, and Proietti (2016),
Dissanayake, Peiris, and Proietti (2018),
and Dissanayake (2023). The theoretical
developments and empirical evidence found
in such work would be utilized for the
models to forecast rainfall if generalized
persistence is found in the data under
observation.

2.2 Machine Learning

Throughout the history researchers have
been using data mining techniques (Kusaik
et al., 2013; Chowdari et al., 2015; Tharun
et al., 2018; Zainudin et al., 2016), big data
analysis methods (Namitha et al., 2015;
Manandhar et al., 2019), and machine
learning algorithms to increase the accuracy
of rainfall predictions (Arnav, 2019; Aswin
et al., 2018; Zeelan et al., 2020; Vijayan et
al., 2020). The current trends of rainfall
forecasting are more lenient towards the
machine learning (ML) techniques due to
their higher accuracy and reliability
(Namitha et al.,, 2015). The following
section discusses a few machine learning
algorithms this research could apply to the
rainfall data of Queensland.

According to (Arnav, 2019), there are three
algorithms which can be used to predict the
rainfall patterns: Support Vector Machine
(SVM), Support Vector Regression (SVR),
and K-nearest Neighbor (KNN). Liyew &
Melese  (2021), chose  algorithms
Multivariate Linear Regression (MLR),
Random Forest (RF) and XGBoost gradient
descent to experiment for the most suitable
algorithm to forecast rainfall.
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2.2.1 Multivariate linear regression (MLR)

There are two types of linear regression:
MLR, in which several independent
variables are used as input features, and
simple linear regression, in which there is
just one independent or input feature. One
dependent variable in each linear regression
can be forecasted or predicted using the
input features. In order to predict the
dependent variable, daily rainfall amount,
multiple  environmental  variables  or
features can be used, which will result in
MLR. The MLR algorithm shows the
intensity of the relationship between the
used environmental variables and the
rainfall.

2.2.2 Random Forest (RF)

As a supervised machine learning
algorithm, RF  regression  performs
regression using the ensemble learning
approach and using input variable and
features to predict outputs. The way RF
operates is to construct a number of
decision trees during the training phase,
with each tree's prediction being the mean
of the classes. This algorithm has been
identified to be generating accurate and
powerful outputs (Ojo & Ogunjo, 2022).
The RF algorithm has proven to be useful
for large datasets with large proportions of
missing data (Kusaik et al., 2013).

2.2.3 XGBoost Gradient Descent

The XGBoost Gradient Descent method
seeks out the best tree model by using
precise approximations. The supervised
machine learning problem, which uses data
from multiple features is applied to forecast
a target variable using XGBoost. Due to the
algorithm's  speed and precision in
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predicting outcomes, most authors use
XGBoost for various regression and
classification issues (Ojo & Ogunjo, 2022).
XGBoost is a potent algorithm that
generates a solid solution quickly,
efficiently using memory, parallel learning
and distributed computing to produce
robust solutions (Arnav, 2019).

Through their study, (Liyew & Melese,
2021), established that the XGBoost
Gradient Descent method yielded the best
performance.

2.2.4 Time series projections using ML
paradigms.

In addition to using traditional time series
methods the inclusion of the “Classification
and REgression Training (CARET)” and
“Time Series forecasting using general
regression neural network (tsfGRNN)”
library packages within the R programming
environment enables much more robust
time series forecasts in which unsupervised
learning is utilized for time series model fit
and selection. It will be an approach that
will be adopted during the research
endeavor. Additionally, the ML paradigm
of “remote sensing”  presented
Dissanayake and Ruymgaart (2000) will be
utilized for rainfall analysis if required.

in

3. METHODOLOGY

The primary objective of the study is to
establish and check whether there is a LRD
between time series and the rainfall data.
For this purpose, the data needs to be
analysed through the ACF and the PACF.
The ACF will check the data set for
seasonality. PACF will create a regression
of the time series onto itself. The PACF
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will be used to identify the lag after which
the other lags are insignificant (Crato &
Ray, 1996).

A time series process is categorized as long
memory if the serial dependence or the
ACF decays slower than an exponential
decay implying a higher level of persistence
over time. An exponentially decaying ACF
can be categorized as having short memory.
This shows that in LRD time series, the
ACF will decay hyperbolically and that
there is an evident correlation between two
points regardless of their distance. If the
time series is indeed LRD, the
autocorrelations will remain high for a
greater number of lags, which is referred to
as a “fat tail”. On the other hand, if the time
series has short memory, the decay will be
much  quicker with most of the
autocorrelations being closer to zero
following a few lags (Kirchgassner,
Wolters, & Hassler, 2013). A slowly
decaying PACF will further solidify the
claim of an LRD in the time series. This
would indicate that there is an influence on
the value even at longer lags. The PACF
concentrates on the immediate impact of
each lag, and for time series with short
memory, this impact rapidly decreases the
further you are from the current time point.

It is important to keep in mind that
identifying long memory in a time series is
not always simple, and that findings may
vary depending on the lag order chosen, the
amount of data available, and other time
series-specific properties. To validate the
presence of long memory the time series,
the researcher has applied more tests to
examine and validate the results from the
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ACF and PACF. The Ljung-Box test is one
such test used by the researcher to confirm
the type of memory of the time series.

The Ljung-Box test will assess whether the
time series has a long memory or a short
memory. In summary it will check whether
the autocorrelations of the time series are
significantly differs from zero at multiple
lags. The Ljung-Box test checks whether
there is serial correlation amongst the data
points (Granger & Joyeux, 1980).

The Ljung-Box test's null hypothesis is that
there is no serial correlation since all of the
time series' autocorrelations are equal to
zero. The alternative hypothesis is that there
is serial correlation because at least one of
the autocorrelations does not equal zero. If
the test rejects the null hypothesis, then it
has long memory, and if does not reject the
null hypothesis of no autocorrelation, the
time series is considered as a short memory.

HO: The autocorrelations at all lags up to a
certain lag are equal to zero, implying no
serial correlation.

Ha: At least one of the autocorrelations at
those lags is not equal to zero, suggesting
the presence of serial correlation.

The test statistic (Q) will be computed
through  the  squared  value  of
autocorrelations. The test statistics for each
lag will be calculated. The degree of
freedom associated with the test statistics
(Q) chi-squared distribution is equal to the
number of lags being considered. The
researcher will have to compare the test
statistic to the critical value from the chi-
squared distribution at a significance level
(alpha) of 0.05 to see whether it differs
substantially from zero. If Q is higher than
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the critical value, the null hypothesis will
be rejected.

After determining whether the time series
has long memory or short memory, the
researcher can fit the appropriate models
from the models discussed above in the
literature review to the time series to check
for the best fit model for the time series.
The residuals of each model after applying
the time series needs to be analysed to
select the best fit model. This method is
taken forth to assure that the selected model
will capture all the underlying patterns of
the time series. Models which align with
the memory type of the time series will be
considered for the fitting. Models such as
ARFIMA and GARMA will be looked at
for long memory models while ETS,
ARIMA and SARIMA are common models
applied for time series lacking long
memory.

The historical data will be used to estimate
the model parameters. The historical data
for the selected time series will be fitted
into the different models. The residuals are
plotted against time to identify whether
there are any trends or patterns. In an ideal

conventional time series, residuals will
appear as white noise. This can be
interpreted as the residuals being

uncorrelated, with a constant mean and
variance. The Ljung-Box test was also
applied to check for the autocorrelation
between the residuals.

The residual results from the model fits will
be analysed to then determine the best fit
model. The objective of the test to select the
best fit model is to have residuals with no
identifiable patterns or autocorrelation,
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which are as close to white noise as is
practical. The researcher has selected the
resulting model as the one that fits the time
series predictions the best. Moreover, the
researcher has applied cross-validation to
further validate the selected model. This
helped in providing more confidence in the
model’s applicability and robustness.

Machine learning algorithms has been
utilized to validate the model selection. The
input data is transformed into a higher-
dimensional feature space through a set of
radial basis functions (RBFs). The network
determines the Euclidean distance between
each input pattern in the training dataset
and the center of each RBF. The activations
of the RBFs are then calculated using these
distances. The outputs of the hidden layer,
which are typically Gaussian functions, are
the activations of the RBFs in the pattern
layer. The activation of the appropriate
RBF increases with the proximity of the
input pattern to a center. The input pattern's
proximity to the RBF centers determines
the weights of the weighted outputs of the
RBFs from the pattern layer, which are then
added together in the summation layer. It
might simply be the sum of the outputs
from the summation layer weighted.

The researcher simply feeds the input data
into the network while utilizing a trained
ML model to produce a prediction. The
network computes the RBFs' activations in

the pattern layer, adds them in the
summation layer, and outputs the
prediction. These predictions will be
matched with the forecasts from the

traditional time series models to further
validate the selection of the best fit model.
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4. CONCLUSION

This paper has explored and summarised
the methodology to be followed when
applying LRD to a time series to forecast
the rainfall in any given geographic area.
The need for rainfall prediction and the
applicability of time series forecasting for
rainfall ~ predictions were established
through the introduction of the paper. The
literature review summarises the various
models available to predict rainfall through
time series. The methodology section
brings together the findings of the literature
review culminating in the framework a
researcher can adopt to forecast rainfall
using time series data. The methodology
section provides a step-by-step guide which
is backed by the literature findings of this
study.
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