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Abstract: The challenge of predicting rainfall is undoubtedly a difficult one because there are
an extensive number of different factors and elements that influence the conditions of the
climate. It is of extreme significance to have accurate rainfall forecasts, particularly for the
agricultural sector, which is highly reliant on timely and sufficient rainfall for the growth and
yield of crops. The contribution that agriculture makes to the economy is another factor that
highlights the need of accurate rainfall forecasts. There are many different ways that have
been utilized all around the world in order to forecast the patterns of rainfall. These methods
include classical statistical methods that are frequently used to advanced machine learning
techniques. Thus, in this work, two quite opposite methods of creating a model are described.
Such approaches comprise of statistical method which employs the Autoregressive Integrated
Moving Average (ARIMA) alongside with the vector auto regression (VAR) model. The Box-
Jenkins method provided the foundation on which the ARIMA and VAR modelling
procedures employed in this study were built on. These techniques consisted of four primary
stages: fitting or estimating a model, making predictions, assessing the model’s quality, and
evaluating the model’s parameters. The purpose of these stages was to assess the performance
of the prediction process and for this a mean annual rainfall data for each year from 1901 to
2016 of country Pakistan was used.. The models were trained using data spanning 116 years,
which included the mean annual rainfall. When applied to the data, Time series forecasting
methodologies are utilized in order to produce the optimization coefficients and the regression
coefficients, correspondingly. Based on the findings of the study. The ARIMA model doesn't fit
the data as well as the VAR model does. This is evident from the fact that the RMSE, MAE,
MAPE, AIC/BIC, POCID, and R? numbers are smaller and stronger, respectively. In this case,
the VAR model is better at predicting how much rain will fall each month and throughout the
year. The government, researchers, and private individuals should take into consideration
these univariate and multivariate models when making plans for the future in order to increase
agricultural commodity production and prevent damages caused by excessive precipitation.
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1. Introduction

Rainfall is one among the various phenomena in the weather system which cannot
be predicted with a large degree of accuracy [1]. Indeed, it can be said that almost all
business industries are related to this projection and in particular the agriculture industry is
considerably significant as the industry has a huge contribution to the national economy. It
is for this reason that one can note with a considerable interest that a number of attempts
have been initiated with the help of a variety of methodologies with the objective of
predicting its behavioral pattern as far as the international context is concerned. Thus, it
remains very valuable to be ready for a disaster which means that the accurate forecast of
the amount of rainfall is the indefeasible essential there is the identification of the study
[6]: it implies that the objective of the study is to follow the efficiency of many different
time series models in the prediction of rainfall. For instance, the Auto-Regressive
Integrated Moving Average Model which is widely known as the ARIMA Model are
exceptional tools that can be used with a view of coming up with forecasts for the short
term. Therefore, the aim of this study is to clearly determine a situation where there is no
possible data that could have preceded this result. Regarding

The efficiency of this model in addressing the forecasting scenarios, and, in
particular, the long-term projections which this present case can feed to it for better result
formulation having incorporated the other range of inputs that were not included in the
current case such as historical rainfall, the specific preferred model is the RNN which is an
abbreviation of recurrent neural network. This current investigation aims at wanting to
establish how this feature manifests in the rainfall by comparing the two methods which
include the VAR method and the ARIMA model [15-17]. This is done with the intention
of making a comparison between the two techniques of ARIMA and VAR in the view to
establish whether any relationship between the two exists.

The overall aim of this experimental study is to design and evaluate a new the
hybrid rainfall prediction model that combines fuzzy models and artificial neural networks
and SARIMA. The idea is to amplify the weaknesses of the SARIMA models that are
caused by linearity of the model and dependency on the large amount of data. By
combining of these methodologies, this study will seek to enhance the performance of
seasonal time series forecast especially where they might not be enhanced enough by
normal SARIMA models due to high rates of technological change and unforecastable
events [30]. This study [31] reveals that the ARIMA model then provides a better forecast
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of rainfall with less mean absolute error. Such results that obtained can help to predict the
monsoon rainfall in the subsequent years.

In this empirical research work, multivariate vector auto regression model (VAR)
and uni variate autoregressive integrated moving average (ARIMA) models were used. The
most commonly used method for describing temporal dependencies for a given set of time
series, which all take place in a single point in time, is ARIMA which includes
autoregressive work (AR), differencing between (I), and moving average (MA).VAR is a
multivariate model with more than one-time variable that builds on the univariate
autoregressive model that is connected to other time series. On this, its main strength or
primary application is that the model deals with non-stationary data through differencing,
which is beneficial for series with patterns and seasonality. As compared with ARIMA, the
use of VAR models takes into consideration the interdependencies between a number of
time series variables and thus provides a better understanding of how these variables
influence or react to each other.

1.1 Importance of Rainfall for Agricultural Business Department

It's crucial to be able to precisely and accurately predict rain for a number of
reasons. It helps handle water resources by making sure that irrigation systems and
reservoirs have enough water. Accurate precipitation prediction also helps farmers plan
activities like planting and gathering, which lowers the chance that crops will fail because
of bad weather condition. Improving the accuracy of rainfall forecasts can help Pakistan
country, where agriculture makes up a big part of the(Gross Domestic Product )GDP, get
more crops and use its water resources more efficiently. Being able to correctly interpret
when it will rain can completely change and advantage the farming industry in Pakistan. If
farmers can trust the weather forecasts, they can plan their planting date’s better, use less
water for irrigation, and keep crop losses to a minimum. Precisely predicting when it will
rain can also help with planning how to get rid of pests and diseases, since some weather
conditions can make these problems worse. Better predictions of rain can help farmers
better manage their crops, get higher yields, and make more money, which is good for the
growth and stability of Pakistan's agricultural industry as a whole. Figure 1 illustrate why
rainfall prediction is so vital for farming in Pakistan:
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1-Water Resource
Ensures reservoirs and irrigation
systems are adequately supplied

2-Agricultural Planning
- Facilitates optimal planting and harvesting
- Reduces crop failure risks

3-Economic impact
- Enhances crop yields
- Efficient water usage
- Minimizes losses due to adverse weather

Improved rainfall prediction can lead to: ' Contribution to Pakistan's Agriculture

- Better crop management Sector Growth
« Higher agricultural productivity - Boosts GDP through improved
- Increased profitability for farmers agricultural outcomes
- Stability and growth in the agricultural
|sector

Fig 1: Importance of rainfall for agriculture in Pakistan:

Predictions of terrible rain can have measure effects on many people life ,
Infrastructure and business, especially in places like Pakistan where farming and managing
water resources are very important. These effects can be roughly put into four groups:
economic, environmental, social, and farming. Figure 2 shows some of the results.

Fig 2: Consequences of Rainfall
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1.3 Types of Rainfall

Rainfall can be classified into several types [18-19] based on its intensity and
duration, including light rain, moderate rain, heavy rain, and thunderstorms. Each type has
different implications for agricultural activities. Light and moderate rain may be beneficial
for crops, while heavy rain and thunderstorms can cause damage. Understanding the types
of rainfall and their potential impact is essential for effective agricultural planning and risk
management. Fig 3 shows some types of rainfall and their impact

heavy rain
Risk of flooding
potential damage to crops and
Infrastucture.

Thunderstorms
-Intense rainfall with lightning and thunder
* High risk of crop damage and flooding

- —[ Types of Rainfall -

Light rain Moderate Rain
-Beneficial for crops -provides adequate moisture
-provide moderate moisture -promotes healthy crop growth

Fig 3: Types of Rainfall
2. Literature Review

This [1] study aim was to establish a reliable method of forecasting rainfall in the coastal
area of the Indian sub-continent of using the ARIMA model. Forecasting is one of the
significant and interesting professions of the twenty-first century particularly forecasting
the rainy days. Climate and precipitation, of course, are generally very complex — and,
often, non-linear — quantities that require detailed computer, mathematics and simulations
for Global Projection. It does, however, mean that precipitation is temporally and spatially
correlated and that is why it does so. Recently, flood disasters related to rainfall increase
in frequency and therefore weather prediction is a more and more important branching.
Equally often, the necessary data corresponded with the accessible meteorological data in
a linear manner that was the aim of the researcher [4]. In the context of this study, the
sample case of discussion is Twitter as a social media platform applicable for disaster-
related research. As for the primary research methods of this study, the following tools are
considered [5]: the specifics of deep and machine learning as well as the high technologies
of disaster prediction. The second objective is to classify the concepts of various types of
data and their source in relation to the given professions and crises. Regarding the short
term and long term forecast of the rainfall, the suitable technique to model was ARIMA
for the mentioned area of study which was Klang River Basin, Selangor [14]. According
to the formulated problem of the study [15], the use of ARIMA in the prediction of the
monthly rainfall of the Khordha district in the state of Odisha, India is proposed. Since
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there were no records for the recent years, the records of the rainfall were taken on monthly
basis to fill the gaps between the years 1901 and 2002. The analysis of the present
investigations was then advanced further to compare the AIC and BIC, to arrive at the
appropriate model choice; as a result it has also been found out that the proper fitting model
for the present occasions is the ARIMA (1, 2, 1) (1, 0, 1)'? model. In this work [16], the
auto-regressive integrated moving average (ARIMA) model is generated encompassing the
seasonal property in rainfall of INRB besides the non-seasonal component. To build the
monthly precipitation forecast model used in the paper, the rainfall gathered from the whole
basin over the period of June 1951 — May 2005 is incorporated. The validation of the model
is done yearly for a total of fourteen years starting in June 2005 and ending in May 2019.
As highlighted earlier, the yield time series with the appropriate forecasting model ARIMA
(2, 0, 0) (4, 1, 4)!? is the hypothesis that gives the best fit as depicted from the study
outcomes. This study [17] employed ARIMA models for some Louisiana State stations
with the integrated component of order one, and ARMA models for some of the stations
without the integrated component. The average of Monthly rainfall for the two locations
was predicted using the models constructed above. Whereas, the frequency analysis is
helpful for recognizing the rainfall behavior during long time periods, though in the
outcome of the numerical researches, mostly the conclusions are limited to the maximum
values [20-23]. However, other authors have also examined the characteristics of
precipitation and its behavior globally through various methods [24][25][26]. Another
issue in the research in the natural resources is the availability of data. To obtain historical
data for analysis is relatively easy only in a few countries. Such confounding implies that
it becomes very challenging for academics to make trustworthy inferences about decade or
season trends as a result. In the context of the present work [28], LT and CT are used for
constructing rainfall model through VAR technique As revealed in. For the climatology
data, the Darmaga Bogor station was used, the climatology period which was between the
years 2006 to 2017. Also, t-2 air temperature, t-1 moisture air, and t-1 moisture air
influence the rainfall variables within the VAR model of the t-month (2). For the purpose
of modeling the next time period, the following form of VAR model (2) can be used. The
value of 42. MAPE was found to be equal to 18 and it was found that the most appropriate
model to describe the studied time series was the VAR (2).The identification of wind
direction, which was done circular data, and the forecast of rainfall by employing VAR
modelling are two major innovations of this study. This study aims at making a forecast in
respect of the Geographical variation of Rain fall that will happen in Assam and Meghalaya
in the subsequent five years [29]. Therefore, to achieve the aim of the current research, a
new MHF model will be proposed and tested. This model will integrate two different
computer intelligence approaches, SARIMA and artificial neural networks, and fuzzy
models. As a target of this undertaking, it is aimed at eradicating the constraints of
SARIMA models because of its linearity and dependency on vast historical data. The goal
of this work is to increase the efficiency of Seasonal Time Series forecasting in conditions
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where there are a great many methods to use but fewer examples when SARIMA by itself

would

be enough, because of unpredictability and fast-paced development in technology [30]. As
stated in this study [31], the current error of the model related to the ARIMA model is
somewhat lower, so the model developed can be employed to predict monsoon rainfall in
the future years. Hybrid model [33] also design for rainfall prediction tasks.

3. Comparative Analysis

More detailed and structured example of a comparative analysis table 1 based on

actual research papers, focusing on time series modeling and forecasting:

Table 1: comparative analysis with past work

re Model metrics Country
f
14 ARIMA R? (Coefficient of Determination) Klang River
ARIMA (1,0,3) Basin in
ARIMA (1,0,2) Selangor
15 ARIMA Bayes information criterion (BIC) and an Akaike Indian state of
ARIMA (1,2, 1)(1,0,1)!?  information criterion (AIC) are two examples of Odisha's
information criteria. Khordha
district
17 ARMA ((0,0,1) (0,0,2)!)  RMSE and MAE ,AIC AND BIC Louisiana
27 LSTM (Long Short-Term  Various measures like loss, root mean squared Australia
Memory) error (RMSE), mean absolute error(MAE) and root
mean squared logarithmic error were applied to
measure the performance of the models.
28 VAR model (2) Mean Absolute Percentage Error (MAPE) Bogor,
Indonesia
31 ARIMA Two metrics used being mean Squared Error (MSE) Tamilnadu.

and the other being Root Mean Squared Error
(RMSE).

A variety of models have been investigated in previous research on rainfall prediction in
order to address the intricacies of environmental variability and the vital significance of
precise forecasts for disaster planning, water resource management, and agriculture. For
example, because ARIMA models can capture seasonality and temporal dependence in
rainfall patterns, they are frequently used. Research like the ones conducted in the Khordha
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area of Odisha and the Klang River Basin in Selangor have used ARIMA variations such as
(1,0,3) and (1,2,1)(1,0,1), respectively, highlighting the model's effectiveness in particular
regional contexts. Similar to this, the application of ARMA models in Louisiana
demonstrated how well they could capture transient variations and support local decision-
making. Recent, studies, conducted in Australia [27], shows that, methods such as Long
Short-Term Memory or LSTM networks can be useful in reaching high level of forecast
accuracy when it comes to paying attention to long-term relations and non-linearities, in the
rainfall data.In the same context, the case of Bogor, Indonesia has made it clear how good
the VAR models are in the prediction of fluctuation in rainfall and the overall efficiency of
the VARSs in all its multivariate modeling. Together, these studies demonstrate the various
approaches and their advantages in tackling the difficulties associated with rainfall prediction
in various climatic and geographical contexts, thereby advancing global efforts to improve
agricultural planning, water management plans, and disaster risk reduction.

4. Methodology
4.1 Dataset Description

The collection called "Pakistan Dataset 1901 to 2016" has historical rainfall data
for the whole country of Pakistan from 1901 to 2016. "Rainfall — (MM)," "Year," and
"Month" are three separate features in this dataset. In millimeters (mm), the "Rainfall -
(MM)" attribute shows how much rain fell in a certain month. The "Year" feature lists the
year that the rainfall was recorded, and the "Month" column lists the month that the rainfall
was recorded. There are 1392 rows in the dataset, and all of them are not null, which means
there are no missing numbers. The properties have the following data types: "Rainfall
(MM)" is a decimal number, "Year" is a number, and "Month" is an alphabetical character
data type, which can be seen in fig 4.

[ Data Table - Orange

Info Rainfall - (MM) Year Month
éE?EZangsrt:snces (no missing data) { 4042580 1901 January
Mumeric outcome 2 1230220 1901 February
| SoeRE 3 2551190 1901 March

Variables 4 1428420 1801 April
Show variable labels (if present) 5 38.30460 1801 May
[ Visualize numeric values 6 1283130 1501 June
Color by instance dasses ! 900500 1501 July

8 1658360 1801 August

Selection 9 1333910 1901 September

Select full rows 10 3.10757 1901 October

Fig4: Representation of dataset rows and features
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4.2 Month-wise Rainfall Prediction Insights

Climatic conditions of seasonal precipitation make it easier to subdivide the year
into period sections with expected measures of precipitation to make forecaster weather
plans. The mains sources of water are not expected to be much during the dry months of
May, June, October and November which are thus the best times to observe water
conservation and drought readiness. July and August are the months characterized by
highly intensive and frequent rainfall, what means high probability of flood occurrence;
that underlines the crucial importance of accurate meteorological predictions in the frames
of the problem of disaster prevention. Rainfall distribution of the periods: January,
February, March, April and December is considered to be moderate, therefore these periods
are suitable for effective organization of agricultural activities and water resources
management. Specifically, fluctuations of temperatures during two periods: in May — June
and in September — October signal significant changes in the weather. It is also in this
respect that accurate forecasts are necessary in order to be able to predict transitions from
dry to wet and from wet to dry situations. Through this systematic approach toward
understanding fluctuations in rainfall through the change of seasons, it is imperative to
employ models for specific forecasting within industries and or organizations whose
operations depend on weather and climate, with a view of enhancing preparedness in terms
of climate behaviors within different time horizons.

The monthly rainfall distribution in Pakistan from 1901 to 2016 is depicted in
Figure 4 of the chart, with a focus on both the yearly rainfall intensity and frequency. The
y-axis displays the number of rainfall events, and the x-axis shows the months. The color
scale, ranging from blue (low rainfall) to yellow (high rainfall), provides a visual
representation of rainfall intensity in millimeters. The data reveals distinct seasonal
patterns. January to April sees moderate rainfall, with March experiencing a slight peak.
Rainfall sharply decreases in May and reaches its lowest in June, marking the start of a dry
period. The most significant rainfall occurs in July and August, evidenced by high
frequencies and intensities, including periods associated with flooding. This is the
monsoon season, critical for water resource planning and flood risk management. Rainfall
declines in September but remains relatively higher than in earlier months. October and
November are notably dry, while December experiences a moderate resurgence in rainfall.
These insights into monthly rainfall patterns are essential for developing predictive models,
supporting agricultural planning, water resource management, and preparing for extreme
weather events like floods.

72



Societal Transformation: AI and Big Data Journal

Rainfall 1801 10 2016

Flood area
c
& ]
i ] ——
—— — ——
—— == ——]
s —_—
—— = =
june June juty sep oct Nov Dec
Month jan to Dec

Fig 4. Representation of Rain occurrence Month wise

4.3 Overall Explanation of Year-wise Rainfall Prediction (1901-2016)

The spiralogram visualization provides an overview of year-wise rainfall
distribution in country Pakistan from 1901 to 2016. The chart represents the data in a
circular format, with each segment corresponding to a specific time period. The inner circle
begins with the earliest years (pre-1902), and the outer segments represent later years up
to 2000. The bin width is set at 2.5 years, offering a detailed breakdown of rainfall patterns
over short intervals. The color coding indicates the mean rainfall values for each period,
ranging from blue (22 to 25 mm) to yellow (32 ranges 35 mm). The presence of alternating
blue and yellow segments suggests variability in annual rainfall patterns, with certain
periods experiencing higher rainfall (yellow) and others lower (blue).Key insights from
this visualization include.

-In Early 20" Century: Before 1925, there were years with more and less rain, which shows
that early history data was not always stable.
-In Mid 20" Century: From 1947.5 to 1975, there is a clearer change between higher and
lower rainfall, which shows that the weather was changing during this time.
-In Late 20" century: The years before 2000 also followed a similar trend, with big changes
between years with more and less rain.
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Early th Century Mid th Century Late th Centur

| ( I)

Higher lower Higher lower " Higher
rainfall rainfall rainfall rainfall rainfall

Fig 5: Representation of Rainfall according to century

In order to establish the variation in rainfall that has occurred in Pakistan, the data of the
rainy season generally throughout the century depicted in fig 5 is divided year-wise. Such
information is of great importance for analysis of changes occurring within the climate for
years and improvement of the models for the calculation of the further rainfall. These
patterns may provide the basis for water resources, agricultural and natural disasters
activities and plans.

i Spiralogram - Orange — (m] >
Time Period
(0 Year
in width ] C

Radial

(Nore) a4
(] Hidw inner Iabels
1997, + 2000,
Color
(Show Instance count)
Mean value
/
19735 - 19T A 58 - 30
& B B S 30 - 32

922,5 - 1925

Fig 6: Representation of Rain occurrence year wise
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Figure 6 shows a spiral gram that shows how much rain fall in Pakistan each year from
1901 to 2016. Its main points show important information about how the weather has
changed over the past 100 years. There are periods of higher (yellow segments) and lower
(blue segments) precipitation amounts shown on the chart, which shows that rainfall
happens in cycles. There are clear changes, especially around the middle of the 20th century
and as got closer to 2000, which shows that rainfall in the area changes over time. The fact
that this changes over time shows how many complicated climate factors affect Pakistan's
rain trends. These kinds of findings are very important for figuring out long-term changes
in the climate and can help shape plans for long-term water management, farming, and
being ready for disasters in the specific area.

3.5 Proposed Methodology

The first step in predicting rain is to collect data in this experimental study dataset
collected from Kaggle website. The Pakistan Meteorological Department(PMD) data has
1392 entries and 3 features rainfall, year, month in order to predict rainfall accurately and
the utilized model's job is to guess how much rain will fall each month in the future (in
millimeters). This includes preprocessing the data to make sure it is consistent, looking for
missing numbers, and making sure the order of events is correct. In this study after
analyzing the data through orange tool no missing values found data is built in clean.

Time series forecasting two models used for this work the first one is ARIMA
which is univariate and the other one is VAR which is multivariate .ARIMA is a one-
variable model, so when data is gathered, it is mostly focused on the "Rainfall (MM)"
column. The right factors (p, d, and q) are found after the data's stationarity is checked and
differencing is used if necessary. The ARIMA model is then put in place using orange tool,
and residue analysis checks to make sure that the leftovers are just random noise. The fitting
model is used to guess how much rain will fall each month in the future. The goal of the
VAR model is to figure out how rainfall, month, and year affect each other and to predict
future numbers based on these interactions. As part of getting the data ready for this
experiment, differencing is used to make sure that the series for Rainfall (MM), Month,
and Year are consistent and stationary. Utilized performance metric AIC, BIC, or HQIC to
choose the lag order, which is the number of time periods the model uses to guess what the
future values will be. Some diagnostic checks are residual analysis to make sure there is no
white noise and stability checks to make sure the model is stable. The fitted VAR model is
then used to guess what the Rainfall (MM) amount, on the basis of Month, and Year
numbers will be in the future. Figure 7 shows that both models stress the importance of
data uniformity, stationarity checks, and diagnostic validation to make sure that predictions
are correct and dependable.
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DATA collection
(kaggle)(1392 features)
Pakistan Meteorological
Department
|

Y Y
VAR Model
Goal: Understand the interactions between

rainfall, month, and year, and forecast future
values considering these interactions.

ARIMA Model
Goal: Forecast future monthly rainfall,

L Y
preprocessing the data(checking
SN R O Data Preparation:

« Ensure Data Consistency: Check
the dataset for any missing values
or inconsistencies. Ensure the data
is in chronological order.

= Aggregate Data (if necessary):
Since ARIMA is a univanate model,
focus on the Rainfall - (MM)

« Ensure Data Consistency: Similar to
ARIMA, ansure there are no missing
values or inconsistencias,

» Stationarity Check: Check each senes
(Rainfall - (MM), Month, Year) for
stationarity. Apply differencing if necessary.

column.
v .
Stationarity Check; Stationarity Check
Determine Parameters (p, d, q): Lag Order Ssisction:
* Use criteria such as AIC, BIC, or HQIC
i 7 to determine the optimal lag order,
Fit the ARIMA Model:
+ Using the determined parameters (p, d, ), it v
the ARIMA model to the Rainfall - (MM) series. Diagnostic Checking VAR:
= Residual Analysis:
i = Ensure residuals are white noise.
Bi {ic Checking ARIMA: - suz'l‘ny Ch:fckﬂ:e Ve:iy that the mode! is .f::b‘e
SN0 : ; roots characteristic polynom
» Residual Analysis: E:;:re residuals are white should lie inside the unit circie).
v Y
Forecasting Forecasting:

Use the fitted ARIMA model to forecast future
monthly ramfall values.

« the fitted VAR model to forecast future
values for Rainfall (MM), Month, and Year.

Fig 7: Proposed model for rainfall prediction using ARIMA and
VAR

4.6 Model Discussion

A time-series model comprises successive data points projected at a predetermined
interval of time. It includes techniques that try to infer or forecast something about a time
series, or grasp the underlying idea of the data points in the time series. When utilizing
time-series analysis to forecast data, a significant model is used to project future outcomes
based on known historical results. Time series analysis models divided into two category
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univariate and multi variants Figure 8 displays the time series models and approach. In this
study utilized one univariate model ARIMA (Autoregressive Integrated Moving Average)
and one multi variate model VAR(Vector Auto regression) for rainfall forecasting by
incorporating metrological data. The other models are ARCH and LSTM used for time
series forecasting.

and Maodeis

Time Series Analysis Methods ’

!
Univariate time sories M""W""‘“' time \ 1
forecasting method serles °'h ecastng ARIMA VAﬂ ARCH LSTM
method Host for unvanasd 5‘":"‘: sl Used for mockeding wien) tor complox,
unn sothes Wil e i - voianisy in Snancal non-Anear
sonary data relationshigs nme saries dala mianorabips and
betwueny multiohs - bsrm

Ume sofies

dapeatdancing n

secpusnhal cats

Fig 8. Time series models and methods used in study

4.6.1. Arima Model

When dealing with data that are univariate or those data which consist of one single
variable that varies with time then the ARIMA model [1,5,8] is applied. Arising from the
above time series data, the model that is frequently used is the ARIMA, which is an
abbreviation for Auto Regressive Integrated Moving Average. ARIMA model has several
key parameters which are usually represented by a p, d and q symbols.

Table 2: Representation of Arima Model Components parameter

ARIMA Univariate Model (Focus on a single time series (rainfall).

Components Usage Parameters | complexity stationarity | Model fit
pattern
Time series Univariate p low Ensure Fit the model
AR ARIMA s stationarity and forecast
(Autoregressiv | used in and future rainfall
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e): forecasting determine p, | values.
single  time 3 d, q
series  data

Time Series

I (Integrated):

i set; it is ideal
Time Serues ‘ : q
MA(Moving for time ser1§s

data that is
Average):

self
correlated in
that one event
affects future
events.

A. Parameter Description

Typically, an ARIMA model parameter is written as ARIMA (p, d, q), where:
p: (p represents the order of the autoregressive component).This variable represents the
total number of lag observations that are incorporated into the model. It is sometimes
referred to as the lag order

d: (d is the difference in degree between the two.)The frequency with which the time series
is rendered stable by dividing the raw observations is denoted by the alphabet d.

q:( q symbolizes the order of the moving average component)The window size of the
moving an average, which is also referred to as averaging order in some instances.

B. Components of ARIMA

1. Autoregressive (AR)

The dependency between an observation and several lag observations (prior values)
is used in this component. An AR model of order p (AR(p)) can be expressed
mathematically shown in equation 1

t=o+@p1yt-1+d2yt—2+-+@p yr—p +e (1)
2. Integrated component D
To make the time series stationary, this aspect entails differencing the data points (i.e.,
removing trends and seasonality). Mathematically, the differentiation procedure is
expressed as in equation 2
Y=YtV 2)
Y': is the differenced series in this case d. For a distinction structure of d time repeated
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3. Component of Moving Average (MA)
In this section, we use the relationship between an observation and a residual error from
a moving average model applied to lagged observations and an observation. In
mathematics, equation 3 shows how to write an MA model of order ¢ (MA(q)).
Yi=oatet+01€t—11+02€t—2+:--+0q€t—¢ 3)

where:

e Y:isthe dependent value at time t,

e 0 is a constant value,

e 01,02,...,08q are the parameters of the model,

e €, €t-1,,..., Et—g,are the error terms (white noise)

4.6.2. VAR Model

This model, called Vector Autoregressive (VAR), takes multivariate time series
data and integrates it to the single autoregressive model (AR). A VAR model lets it model
several time-dependent variables at the same time. This means that each variable can be a
linear function of both its own values and the prior values in the system as well as the prior
values of the other variables in the system. This is why VAR is so useful for predicting
multivariate time series data, which has many factors that depend on each other. Fora VAR
model with k time series variables, shown in equation 4, VAR(p), which stands for the

model's order, looks like this:
Yi==ct+A1Yt—1 +A2Y¢—2 +--+ApYt—p et

where:

“4)

A1, Ao,..., Ap are vectors of coefficients, k * k matrices of coefficients, €, is a vector of

error terms (white noise), and Y+is a vector of the k time series variables at time t.

Table 3: Representation of VAR Model Components and parameter

VAR multivariate time series Model (Consider multiple time series (rainfall, month, and year).)

Component | Usage Parameters | complexity stationarity Model fit pattern
s
Auto VAR is| Lag Order [ VAR is more | Ensure In auto regression
Regression: | suitable  for | (p): complex due to its | stationarity  and | Fit the model and
datasets where consideration  of | select the optimal | predict future
multiple time interactions lag order. values,
series between multiple considering  the
influence each variables. interactions
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other. It is between
often used in variables.
economics

and finance
where various
indicators
interact

5. Result Discussion

Both the ARIMA (Autoregressive Integrated Moving Average) and VAR (Vector
Auto Regression) were used in this study. They are both time series forecasting models,
but they are not the same in terms of how difficult they are or how they can be used.

5.1 Result ARIMA Model
Automated time series forecasting uses the ARIMA approach widely, where A

stands for autoregressive, I for integrated, and MA for moving average. Annual rainfall an
example of an ARIMA model can be predicted following the direction given by figure 9.

Fig 9: Arima Model fitted component values with explanation
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Parameters Interpretation:

There are 3 parameters and there interpretation for experiment is:

e Since, p=3: This means the model includes three lagged terms in the autoregressive
part. The model uses the rainfall data from the past three months.

e Since, d=2: This means the time series is difference twice to achieve stationarity.
This means subtracting the previous month's value from the current month, and
then differencing the resulting series again.

e Since, g=1: This means there are no moving average terms. (The model uses not
just the past rainfall data of previous months (that's the autoregressive part), but
also the past errors to predict future rainfall.) The model will consider the error
from the previous month when making predictions for the current month.

In this study Fig 10 illustrates the findings of orange data mining and machine learning
computer program in testing an ARIMA (3, 2,1) model for predicting the yearly rainfall.
Two distinct methods are used to evaluate the ARIMA (3,2,1) model: in-sample evaluation
and cross-validation: basic. The values of p, d, and q in the model are set up as p=3,
implying that it uses the last three time steps in autocorrelation, d=2 to make the series
stationary, and gq=1 that it considers the previous period’s error. The dataset is split into
twelve parts and twelve-way cross-validation is applied on the cross-validation part. Each
of the parts is used once for validation and the rest for training the model to measure the
model’s performance on unseen data. The results from cross-validation this cross-validated
ARIMA (3,2,1) model are as follows: The R? (Coefficient of Determination) is -. 427
approximately, mean Absolute Error or MAE of 16. 6, a BIC of 12528, an RMSE of 24.
55 with the total average error of 0. 728. R-squared and adjusted R-squared are indicating
how much additional data is fitted and predicted by the model when applying the model to
a bigger dataset. While the in-sample evaluation, on the other hand, provides information
about conventional efficacy of the model and its correspondence with the training set of
data. As for the examination of performance outcome using RMSE, it was determined to
be at 24. 3, MAE of 13. 8, MAPE of 0. 716, POCID of 41. 5%, R? of -0. This result is based
on AIC of 198, AIC of 12822, and BIC of 12848, the in-sample estimate of the ARIMA
(3,2,1) model is given below.

The slightly reduced error metrics in the in-sample evaluation show a better fit to the
training data compared to the cross-validated findings, even if the negative R? values in
both evaluations suggest that the model might not be the best fit for the rainfall data as it
performs not good than a simple mean model. All things considered, comparing these
evaluations helps understand how the model works and whether it is over fitting, which
helps guide future model improvements for better prediction accuracy.
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Fig 10. Result representation by using ARIMA Model

Fig 11 given line chart, with the Y-axis denoting rainfall in millimeters (MM) and the X-
axis denoting time steps, illustrates the pattern of rainfall over ten time steps. The line
labeled "Rainfall - (MM) (95% CI, High)" indicates an upward trend in rainfall, suggesting
an increase over the observed period. This label implies that the line represents the upper
bound of a 95% confidence interval for the predicted rainfall values, providing a high-end
estimate of expected rainfall over time. By fitting this model, we can make predictions
about future monthly rainfall based on past data.

Fig 11. Representation of ARIMA Result
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5.2 Result VAR Model

For this study orange data mining tool used model implemented through orange

tool. The result presented in figure 12 is of VAR model, more specifically Vector Auto
Regression, which was applied to a given time series data set. Lastly, it demonstrated how
accurate the model is in identifying out of sample and in sample. The performance of the
model can be rated rather high since the RMSE is 19. 4 and an MAE of 12. 7 for predictions
outside samples over a forecast horizon of three time steps. This implication will mean that
the level of error is acceptable and moderate. The MAPE is 0. 593, so the signs indicating
the direction of time series changes are given by 62% of the model. Approximate 7% of
the time and the POCID is 62. 7% which inform that it correctly obtains the absolute
percentage error 59%. 3% of the time. The low coefficient of determination, R? with the
value of 0. It is clear from the analysis in 030 that these prognostications contain much
less.
However, the performance of the model evaluated on the in-sample data results in RMSE
equals to 21. 3 and an MAE of 12. 3, which proved to be slightly higher than the MAPE of
0. 608, it can be inferred that the percentage errors of the in-sample forecasts are slightly
higher than those of the out-of-sample forecasts. The POCID for the in-sample predictions
is 0.50. 1%, meaning that out-of-sample identification is less accurate than out-of-sample
concerning the identification of the direction of changes. This test yielded the in-sample
R2 of 0. Again, 085 means that the model is able to explain more of the training data
variability than the testing data. The AIC and BIC both differ from the above, its slightly
lower value for in-sample which is 5. 682 for AIC and 5. 716 for BIC as compared to 5.
697 and 5. 732 in out of sample cases, hence the current model is somewhat better in fitting
the training data. Therefore, according to the evaluation, the efficiency of applying the
VAR model both on in-sample and on out-of-sample data is the same; however, other
components of the efficiency of in-sample data are over-estimated, particularly regarding
the accuracy of predictions.
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Fig 13. Result representation line chart by using VAR Model

The line chart in the fig 13 depicts the forecasted rainfall measured in millimeters over a
specified forecast horizon. Initially, the forecast shows a significant increase in rainfall
from approximately 22 mm at the starting point (time step 0) to slightly above 25 mm by
time step 1. Following this sharp rise, the forecasted rainfall values remain constant at the
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higher level for the remainder of the forecast period shown (up to time step 2). This
indicates an expected stabilization in rainfall at this elevated level after the initial increase.

5.2.1 Optimizing AR Order by Criteria

In the concept of VAR which stands for Vector Auto Regression, “optimizing AR
order by” is concerned with the process of choosing the right lag order for the model.
Selecting the correct lag order is important since it contains a direct impact on the capacity
of the model to estimate all essential dynamics and relations in the data more accurately.
The figure offer many criteria for deciding the optimal AR order and each of these has a
different way of achieving a better model fit as well as model complexity.

Different model selection optimization criteria are described in Table 4. While the
BIC is better for simpler models to prevent over fitting, particularly in big datasets, the AIC
is favored for guaranteeing a decent fit without severely penalizing complexity. In order to
create a balanced approach, the HQ criterion balances the AIC and BIC show in fig 13 also
shown different optimized AR order by Hannan Quinn(HQ), Final prediction error (FPE)
and average of the above.

When it comes to reducing prediction mistakes in future forecasting, the FPE is
perfect. An average method takes into account several factors to select a more balanced

model.
Table 4: Optimizing criteria description

AIC BIC HQ FPE Average
(Akaike (Bayesian (Hannan-Quinn  (Final Prediction
Information Information Criterion): Error):
Criterion Criterion):
Preferred to This parameter Useful when Ideal when This parameter is
ensure a good fit aim for a simpler seeking a focusing on Good if want a
without  overly model that balance between minimizing more  balanced
penalizing avoids over AIC and BIC. prediction errors approach  that
complexity. fitting, especially in future considers

in large datasets. forecasting multiple aspects.
AIC may
perform  better BIC
because it optimization
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() Bayesian information criterion (BIC)
() Hannan—-Quinn
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() Average of the sbove
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© None

Fig 13: Optimizing AR Order by Criteria
5.3 Result comparison table

The table 5 highlights the performance metrics for both uni-variate and multi
variate models, showing that the time series forecasting VAR (vector autoregressive
)model generally outperforms or better than the time series forecasting ARIMA model for

the obtained dataset and evaluation criteria.

Table 5: Result comparison ARIMA and VAR

Metric VAR Model ARIMA Model
RMSE 19.4 24.5

MAE 12.7 16.6

MAPE 0.593 0.728

POCID 62.7% 51.4%

R? 0.030 -0.427
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AIC 5.697 12502
BIC 5.732 12528

The VAR model shows better accuracy and model fit than the ARIMA model based on
lower RMSE, MAE, MAPE, and AIC,BIC values, as well as a higher POCID and positive
R2. Therefore the VAR model is more suitable for monthly and yearly rainfall prediction
in this experimental study.

By comparing our findings of time series forecasting ARIMA and VAR model, it
was observed that the multivariate VAR model provides better accuracy in forecasting the
rainfall compared to the ARIMA model. The model can deal with way more interacting
time series features and therefore it can capture many more intricate patterns and
dependency relations in data which are the reasons why the current VAR model does better.
The results indicate that the proposed VAR model has higher R2 values and lower RMSE,
MAE and MAPE when compared to ARIMA model. For the purpose of validating the
model’s ability to predict future rainfalls, these measurements reveal that VAR has better
fit and provides a better insight than that from the previous model. While applied to
univariate series, the univariate ARIMA model was slightly less capable than VAR in
capturing the multi-dimensional structures involved in rainfall patterns. The enhanced
accuracy of the latter is, therefore, its ability to take additional parameters, features and to
model the interactions between them.

5.3.1 Limitations ARIMA and VAR model

As for the methodology employed in this empirical study, the following techniques
were used: VAR and ARIMA. To capture temporal dependencies for a set of time series
which all occurs in a single time point, the most basic and useful time series forecasting
model is the ARIMA which combines autoregressive term (AR), differencing term (I), and
moving average term (MA). Var is a model with more than one time variable and is more
of an extension of the multivariate autoregressive model that is related to other time series.
Its fundamental feature is data differencing, which makes it possible to use it for the
analysis of non-stationary data or series with such characteristics as trends and seasonality
factors. As has been noted earlier, however, VAR models are not as focused on individual
time series as ARIMA, yet it is indeed possible to describe not just the correlation between
multiple parameters of the given system but also how these parameters may interact —
which can give more data about how one or another factor may affect the others..

However, VAR models, they handle several time series at once, have their own
complexities. Especially when it comes to computation of large systems with a numerous
number of parameters, these approaches require much data and computational resources.
While the VAR models are efficient when it comes to capturing complex patterns and
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interdependencies among the series, the same models assume that interactions between the
variables are linear, which could result in failure to capture drastic changes to the values or
non-linear processes. Furthermore, the considered specification of VAR models raises the
likelihood of model complexity thereby elevating the probability of overfitting which is a
case where a model perfectly performs well in an old sample but poorly in new
circumstances. This is even more so especially where data is scarce as the scholarly papers
analyzed in this study have pointed out.

5.3.2 Practical Implementation in Real-World Agricultural Settings

There are several critical steps when implementing univariate ARIMA and
multivariate VAR models in real-world agricultural contexts, as follows: In the first
instance, the most important parameters to measure are rainfall and its frequency together
with other relevant parameters such as wind, temperature maximum, minimum and
humidity. When they are coupled with real time meteorological data, these provide
optimum forecast models with a solid grounding. ARIMA and VAR models can then be
integrated to agricultural decision support systems. Given that the VAR model includes
multiple climatic factors and recognizes complex relationships, it excels at projection over
the long term, while the ARIMA model is suitable for short-term forecasts when linear
trends are apparent. These projections are very useful since they contain data required in
crop forecasting, irrigation regimes and insurance strategies.

For instance rainfall, if predicted accurate and well, will assist the irrigators to
properly harness water resources hence enabling them to expand the benefits of rainfall to
boost crop yield. Another important aspect of the implementation practice is to enhance
the understanding of the agricultural stakeholders about how to use and apply the model
outputs. The approaches make the advises feasible to be implemented by farmers in
agricultural operations by making them easy to apply and giving consistent suggestions.

6. Evaluation Criteria

Following are the evaluation criteria mathematically used in this study.
6.1. Root mean square error (RMSE)

Finds the average error size between the values that were noticed and those that
were expected. Before combining, the mistakes are squared, which makes the bigger
mistakes in equation 5 more important.

RMSE =" ¥ =97 )

88



Societal Transformation: AI and Big Data Journal

6.2. Mean absolute Error (MAE)

Performance metric MAE find the average error size between the observed and predicted
anticipated values without taking the direction of the errors into account. The mean of the
absolute errors is what it is shown in equation 6.

1 . A
MAE =_%" |yi—¥il (6)

n =1

6.3. Mean Absolute Percentage Error (MAPE)
Performance metric MAPE Calculates or find the mean absolute percentage error in
between the observed or actual and predicted or projected values. Accuracy is expressed

as a percentage shown in equation 7. . o
MAPE =_y* | 77 x 100% (7)
n =1 yi

6.4. (Percentage of Correct Direction (POCID)
Calculates the proportion of the time that the expected direction—either up or down—
matches the true direction shown in equation 8.

POCID = 'Y {1, if (i—9D)(yi+1—$i+1)>00, otherwise X
n o i=1
100 ®)

6.5. Coefficient of Determination R?

R? or the coefficient of determination indicates how much of the variation in the
dependent variable as a result of variations in the independent factors. From 0 to where it
cannot even make a guess to 1 where it can finish the guess with accuracy. This is
mathematically given in equation 9 above

It (yi-9i)?
RR=1-—1L___ 9)
Yie1 i—$)?

6.6 Akaike Information Criterion (AIC)

It can serve as a model selection criterion. It tests the model fit and at the same time
incorporates the penalty on the basis of complexity to avoid over fitting. Mathematically
formulated by: where, @ represents the rate of return on the capital assets of the bank.

AIC=2k - 2 In (L)
(10)
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Where,
L is the model's randomness, and k is the model's total amount of factors.

6.7 Bayesian Information Criterion (BIC)
In accordance with AIC, but penalized more heavily for larger model sizes.
Complexity and model fit are balanced. Mathematically in equation 11

BIC=k In(n)—2In(L) (11)
Where,
the variables n, k, and L represent the number of observations, parameters, and likelihood,
respectively, in the model.

7. Conclusion

Pakistan's agriculture industry depends heavily on accurate rainfall forecasting
since prompt forecasts have a big impact on crop yields and financial results. This study
examines how well two well-known time series forecasting techniques, ARIMA and VAR,
predict patterns of rainfall using 116 years' worth of mean annual rainfall data from 1901
to 2016.
Our results show that when it comes to rainfall prediction, the Box-Jenkins-based ARIMA
model performs better than the VAR model. The univariate time series forecasting model
known as ARIMA is a reliable tool in the rainfall prediction since it can capture the
temporal dependencies in the univariate time series data. Nonetheless, in this case, it
yielded comparatively lower results than ARIMA, which although is effective for dealing
with multiple related time series. While in the future, the work may be extended to cover
many more stations. The rainfall levels that are produced are supposed to help the farmers
in selecting their crop. This study increases the accuracy of developing an agricultural
calendar activity , provides data on policy recommendations for food and disaster security,
and helps mitigate the effects of climate change through improved rainfall prediction.

8. Future Work Recommendations:

1. Future research should focus on incorporating spatial data and advanced spatial
modeling techniques to capture spatial dependencies in rainfall data more
accurately.

2. Investigating hybrid models that combine ARIMA or VAR with deep learning
approaches could further enhance prediction accuracy by capturing complex
temporal and spatial patterns for rainfall forecasting.
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3. In order to localize models to the specific farming conditions and climatic factors,
undertake research appropriate to a specific area. Different regions may have
different rain patterns and also interact with climates in distinct ways; this in a way
calls for different methods of forecasting for every place.
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