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सार – èवसमाĮयी समेͩकत गǓतमान माÚय (एǐरमा) एक डेटा खनन तकनीक है िजसका Ĥयोग आमतौर पर समय 
Įृंखला ͪवæलषेण और भͪवçय के पूवा[नुमान के ͧलए ͩकया जाता है। अĤ×याͧशत ĤाकृǓतक आपदाओं जैसे बाढ़, 
तुषार,वनािÊन और अकाल से ͪवæव को बचाने के ͧलए जलवायु पǐरवत[न पूवा[नुमान आवæयक है। मौसम डेटा को सटȣक 
Ǿप से पूवा[नुमाǓनत करना एक चुनौतीपूण[ काय[ है। इस शोध पğ मɅ ARIMA आधाǐरत मौसम पूवा[नुमान उपकरण को     
R मɅ ARIMA एãगोǐरदम लागू करके ͪवकͧसत ͩकया गया है। 1951 से 2015 तक के भारत मौसम ͪव£ान ͪवभाग के                 
65 वषɟ के दैǓनक मौसम ͪव£ान डेटा एकğ ͩकए गए। इसके बाद डेटा को तीन भागɉ मɅ ͪवभािजत ͩकया                         
गया – (i) ͪवæलषेण और पूवा[नुमान के ͧलए Ĥͧश¢ण सेट (1951-1975), (ⅱ)  Ǔनगरानी सेट (1975-1995) और (ⅱi) वैध 
सेट (1995-2015), चूँͩक ARIMA मॉडल केवल िèथर डाटा पर काय[ करता है। अत: डाटा Ĥवृͪ ƣ और ऋतुǓनçठ होना 
चाǑहए। अत: ͪवæलेषण के ͧलए ĤाÜत ͩकए गए डाटा को पहले चरण के Ǿप मɅ, डेटा Ĥवृͪ ƣ और ऋतुǓनçठता के ͧलए 
जाँच कȧ गई। ͩफर डेटा के पǐरवत[न का उपयोग कर के डेटा कȧ Ĥवृͪ ƣ और ऋतुǓनçठता को हटाने के ͧलए डाटा सेट 
Ěांसफोम[ ͩकए गए और अǓनयͧमतताओं को साधारण गǓतमान माÚय (SMA)  ͩफãटर और घातांकȧ गǓतमान माÚय 
(EMA) ͩफãटर का उपयोग करके दरू ͩकया गया। ARIMA ͪवͬध ARIMA (p,d,q) पर आधाǐरत है जहा ं p आंͧशक 
ऑटोकोǐरलेशन का एक मान है, d वत[मान और ͪपछले मानɉ के बीच अंतर अंतर है और q ऑटोकोǐरलेशन का एक मान 
है| वत[मान अÚययन मɅ, हमने तापमान डेटा के ͧलए ARIMA (2,1,3) और वषा[ डेटा के ͧलए ARIMA (2,0,2) पर काम 
ͩकया। नतीजतन, इससे अगले पġंह वषɟ के ͧलए भͪवçय के मानɉ का अनमुान लगाया गया। वषा[ डाटा और तापमान 
डाटा के ͧलए वग[मूल औसत ğुǑट मान Đमश: 0.0948, और 0.085 थे िजसस ेएãगोǐरदम के सहȣ ढंग से काम करने का 
पता चलता है। ĤाÜत हुए डेटा का उपयोग सौर सेल èटेशन, कृͪष, ĤाकृǓतक संसाधनɉ और पय[टन के Ĥबंधन के ͧलए 
ͩकया जा सकता है। 

 
ABSTRACT. Autoregressive integrated moving average (ARIMA) is a data mining technique that is generally 

used for time series analysis and future forecasting. Climate change forecasting is essential for preventing the world from 
unexpected natural hazards like floods, frost, forest fires and droughts. It is a challenging task to forecast weather data 
accurately. In this paper, the ARIMA based weather forecasting tool has been developed by implementing the ARIMA 
algorithm in R. Sixty-five years of daily meteorological data (1951-2015) was procured from the Indian Meteorological 
Department. The data were then divided into three datasets- (i)1951 to 1975 was used as the training set for analysis and 
forecasting, (ii)1975 to 1995 was used as monitoring set and (iii)1995 to 2015 data was used as validating set. As the 
ARIMA model works only on stationary data, therefore the data should be trend and seasonality free. Hence as the first 
step of R analysis, the acquired data sets were checked for trend and seasonality. For removing the identified trend and 
seasonality, the data sets were transformed and the removal of irregularities was done using the Simple Moving Average 
(SMA) filter and Exponential Moving Average (EMA) filter. ARIMA is based on method ARIMA (p,d,q) where p is a 
value of partial autocorrelation, d is lagged difference between current and previous values and q is a value from 
autocorrelation. In the present study, we worked on ARIMA (2,0,2) for rainfall data and ARIMA (2,1,3) for               
temperature data. As a result, it estimated the future values for the next fifteen years. The root means square error values 
were 0.0948 and 0.085 for rainfall data and temperature data respectively which show that the algorithm worked 
accurately. The resulted data can be further utilized for the management of solar cell station, agriculture, natural        
resources and tourism. 

 
Keywords – ARIMA, Weather forecasting, Time series analysis. 

 
1.  Introduction 
 
 In today's environment, climate plays a vital role in 
the sustainability of life on earth. However, the climate is 

continuously changing causing a severe issue for the 
planet. Rainfall is an essential element of the hydrological 
cycle. The pattern of rainfall is continuously changing due 
to the effects of changing climatic conditions. This change 



 
 
134                             MAUSAM, 70, 1 (January 2019) 

 

causes many severe problems like flooding, landslide and 
drought (Shivhare et al., 2017). These problems affect the 
agriculture and farming. In a country like India where 
agriculture and farming are its backbones, the most 
significant concern is the success and failure of the crop 
every year. A minute change in the seasonal rainfall and 
temperature may lead to a devastating effect on crops 
(Shivhare et al., 2018).  Temperature data is also essential 
for the sustainability of agriculture, vegetation, water 
resources and tourism (Brath et al., 1999). Also, the 
temperature has a direct impact on evaporation & melting 
of snow or ice and an indirect impact on precipitation 
condition and atmospheric stability. Therefore accurate 
prediction of future rainfall and temperature are essential 
for preventing the country from natural disasters and 
managing natural resources (Shobha and Shobha, 2014; 
Sawale and Gupta, 2013; Haviluddin et al., 2015). 
 
 It is a challenging task to predict future climate data 
accurately (Nikam and Meshram, 2013). Although many 
algorithms have been proposed and developed but still, 
accurate forecasting is robust. The weather forecasting can 
be done using two ways: First way is to study the weather 
for processes to model the underlying physical laws 
however it may not be feasible because the processes like 
rainfall are the result of various complex processes which 
may vary both in space and time. The second way is to 
forecast the data based on pattern recognition algorithms 
like data mining techniques and machine learning (Luk                 
et al., 2001). 
 
 Data mining is a study of how to determine underlying 
patterns in the data. Experts utilize data mining techniques 
like the autoregressive integrated moving average 
(ARIMA), artificial neural network (ANN) and machine 
learning for weather forecasting (Shobha & Shobha, 2014; 
John and Marohasy, 2017). The preprocessing of the data 
for forecasting using data mining is very important. Good 
preprocess data will create good knowledge and will give 
a better forecast result (Nhita et al., 2015). 
 
 Data mining techniques are getting utilized more and 
more for future weather forecasting. Scientists have 
reviewed different data mining techniques which could be 
used for data forecasting. These techniques were artificial 
feedforward neural network, a fuzzy interference system, 
decision tree method, time series analysis, learning vector 
quantization and biclustering techniques. Experts are even 
trying to use the data mining technique for predicting 
rainfall of an area by dependent features (Mohapatra et al., 
2017). The most utilized technology of data mining is 
ANN and ARIMA. Scientists are utilizing ANN 
techniques like backpropagation neural network (BPNN) 
for predicting monthly rainfall data (Haviluddin et al., 
2015; Sachan, 2014). Mean, maximum and minimum 

temperature data is predicted using BPNN for solar cell 
management (Routh et al., 2012; Ustaoglu et al., 2008). 
Sawale and Gupta, 2013 have employed the BPNN & 
Hopfield network model for weather forecasting. Luk               
et al., 2001 has applied three types of techniques-feed 
forward neural network (FDNN), partial recurrent neural 
network and time delay neural network for rainfall 
forecasting. Nong (2012) employed SSA for rainfall 
pattern forecasting. Wang and Wu (2012) proposed a 
novel hybrid radial basis function neural network based on 
wavelet support vector machine for rainfall forecasting. 
The scientist also forecasted one-day advanced rainfall 
intensity to assess the risk of the landslide (Devi et al., 
2014). Some experts have used ARIMA model for 
weather forecasting (Pratiher et al., 2016; Toth et al., 
2000). Experts have compared the ARIMA model with 
different models like single input and multi-input and 
transfer function (Saikhu et al., 2017) and ARMA 
(Valipour et al., 2012). They concluded that ARIMA is 
better than ARMA. 
 
 Weather forecasting using data mining technique can 
be done into methodology by (i) Statistical Method                 
(ii) Numerical Weather Prediction Models. The weather 
forecasting can be done using a statistical method like 
autoregressive (AR), moving average (MA), autoregressive 
moving average (ARMA), Autoregressive integrated 
moving average (ARIMA) multiple regression. Each 
method has its limitations. AR model regresses against the 
past value of the series. MA model uses past errors as an 
explanatory variable. The AR model is suitable only for 
linear correlated data and is not appropriate for nonlinear 
data.  AR and MA can be combined to form a general and 
useful class of time series model known as the ARMA 
model; ARIMA gives better results than ARMA. The 
details of this methodology are explained in further 
sections. It is usually in statistical technique when the data 
is responsibly extended and the correlation between past 
observations is stable (Darji et al., 2015).  
 
 In this study, the ARIMA algorithm is used for 
future climate data forecasting. Daily climate data from 
1951 to 2015 was used for the forecasting. The algorithm 
was implemented using the R language. The data was 
divided into three sets. The first set is the training set from 
1951- 75 used for analysis and forecasting; the second set 
is the monitoring set, the forecasted data from 1975 to 
1995  was used for monitoring and testing; and the third 
set is the validating set, the data from 1995 to 2015 was 
used for validation. The primary objectives of this paper 
are as follows:  
 
(i) Plotting the data as a time series plot, 
 
(ii) Checking the data, if it has any trend or seasonality, 



  
 
                    
 

 

 
 
(iii) Predict
 
(iv) Applyi
 
(v) Foreca
 
2. Metho
 
 Varana
the bank of
footfall of la
longitudinal
82.9739° E
12,00,000. 
shown in F
changing ra
problems, li
ordinary peo
climate data
natural haza
 
 Data u
meteorologi
temperature 
Indian Mete
 
 2.1. T
 
 Time s
for predictin

          SHIVH

Fig. 1. Locati

ting values of 

ing ARIMA (p

asting. 

odology and d

asi is the most
f river Ganga
akhs of tourist
l position o
E. The popu
The exact lo

Fig. 1. Due 
ainfall pattern
ike the flood 
ople. So it is 
a of this are

ards. 

used in this 
ical data inc

and maximum
eorological De

Time series for

series forecast
ng future even

HARE et al.: A

ion of Varanasi in

f ARIMA (p, d

p, d, q)  to pre

data used 

t ancient city 
a, this mysti
ts every year.
of Varanasi 
ulation of th
ocation of Va
to climate c

n, this city fa
of 2016, disr
essential to 

ea for preven

 study is th
cluding rainfa
m temperature
epartment (IM

recasting 

ting is a techn
nts based on 

ARIMA BASE

n India 

d, q), 

edict future va

of India. Situa
c city receiv
 The latitudin

is 25.3176
he city is a
aranasi in In

change and r
aces massive 
rupting the li
focus on the 

nting the city

he 65 years 
all data, min
e are procured

MD). 

nique of data s
historical acti

ED DAILY W
 

 

alues, 

ated at 
ves the 
nal and 
6° N,           
around 
ndia is 
rapidly 

flood 
ives of 
future 

y from 

daily 
nimum 
d from 

science 
ivities. 

T
th
fu
ea
en
 

re
da
(i
 

to
co
se
ch
se
tr
 

 

an
ut
re
an
da
fi
A
fi
it
re
th
 

 

pe
 
(i
w
pl
pl
 
(i
st
an
w
de
se
 

 

lo

WEATHER FO

   

This techniqu
hat has impac
uture.” This
arthquakes, ne
nrollment in co

Time seri
egular period.
ata - (i) Trend
iv) Cyclic Com

These com
o predict fu
omponents to
easonal or ran
hange it by 
eries data.  
ransformation

>data_ts_

To check
nd trend of 
tilized in R
emove trend 
nd for smoo
ata we use 
ilter for smo

Average (SMA
ilter. Compa
t gives better
ecent observa
hen SMA. 

2.1.1. Th

The follo
erforming tim

i) Plot the d
weather data re
lots. In R, w
lotting of the 

ii) Make the
tationarity par
nd irregularit

whether data h
ecompose() f
easonality of s

>data_ts_

For rem
og   transform

ORECASTIN

e works on 
cted in the pa

can be us
ew job vacan
ollege. 

ies is a set of 
. There are fo
d (ii) Seasona
mponent.  

mponents are 
uture data, w
o make the 
ndom fluctua
doing the log
In R we u

. For example

_log< - log(dat

k the details
the data, th

R. After get
and seasonal

othing the ir
filters.  In

othening of 
A) and Expone
arison to S
r results beca
ations and is 

he process of t

owing are th
me series forec

data : As the 
egarding time
we use “plot
day. 

e data station
rt of the data
ties of the si
has these regu
function for g
signal. Examp

_decom<- deco

moving trend 
mation   functio

NG TOOL       

the assump
ast will contin
sed for pre

ncy and for p

numerical dat
our componen
ality (iii) Irreg

important be
we need to
data stationa

ations are pres
g transformat
use log() co
e: 

ta_ts) 

 of randomn
he decompose
tting these 
lity using log
rregularity is 
n R we use

the signals- 
ential Moving
SMA, EMA 
ause it gives 

a more agg

time series for

he steps to b
casting: 

first step we 
e which is call
t.ts” function 

nery : For rem
, that is the t
gnal, we nee
ularities or no
getting the tre
ple: 

ompose(data_

and seaso
on.   Moreover

                   13

ption- “The 
nue to impac

edicting reven
predicting stud

ta obtained at 
nts of time se
gular Compon

cause if we w
o remove th
ary. In case 
sent, we need
tion of the t
mmand for 

ness, seasona
e () function
details we 
g transformat

present in 
e two types 

Simple Mov
g Average (EM

is better, 
weight to m

gressive funct

recasting 

be followed 

need to plot 
led as time se

for time se

moving the n
trend, seasona
ed first to ch
ot? In R we 
end, random 

_ts) 

nality, we 
r,  for   remov

35 

fact               
t in 
nue, 
dent 

the 
eries 
nent 

want 
hese 
any 
d to 
ime 
log 

ality                
n is   
can               
tion    
the               
of               

ving 
MA) 

as               
most 
tion    

for 

the 
eries 
eries 

non-
ality 
heck 

use 
and 

use               
ving 

  

 

 

 
 

  

 



 
 
136    

 

 
 
 
irregularities
exponential 
 
 >data_
 
 >data_

Fig. 2. ARIM

s, we use 
moving avera

_ts_sma<- sma

_ts_ema<- ema

               

MA model flow c

simple mov
age. Example:

a(data_ts,300)

a(data_ts,300,

          MAUS

chart 

ving average
:  

) 

, ratio = .25) 

SAM, 70, 1 (Ja

 

e and 

(i
fo
fo
sq
ex
w
 
(i
fo
va
 
(v
A
 

 

 

 

 

h=
 

 

 

m
va
is
M
re
fo
w
m
A
M
w
on
sh
to
th
 

m
 

 

 

anuary 2019)

iii) Identify th
orecasting: An
orecasting, lik
quare regre
xponential reg

we have used t

iv) Build the
orecasting. He
alues are iden

v) Do the fo
ARIMA functi

> data1_f

> plot (da

> data1_a

> data1_a

>data1_ar
=100) 

> plot (da

2.2. Auto
(ARI

The work
model is that t
alue and the p
s equal to pas

Moving averag
elated to the r
orecasting no

which are lin
models togethe
As the weather
MA together, 
which AR and
nly used for 
hort-term wea
o forecast lon
han the ARMA

The gene
model is: ∅௣ሺ1 െ 𝐵

where, 𝑍௧ is the p

he model tec
ny of the follo
ke auto-regre
ession, form
gression and A
the ARIMA m

e model: Th
ere in ARIMA

ntified (explain

orecasting :  I
ons for foreca

forecast <- Ho

ata1_forecast)

arima <- auto.a

arima 

rima_forecast

ata1_arima_fo

oregressive i
IMA) 

king principle
there is a rela
past values. It
st values addi
ge (MA) mod
residuals of th

onlinear data;
nearly related
er can give a b
r is a nonlinea
ARMA and 

d MA can be c
stationary tim

ather data.  Th
ng-term data. 
A model. 

eralized equat

𝐵ሻௗ𝑍௧ ൌ 𝜃௤ሺ𝐵
present value, m

hnique that i
owing models

ession, movin
mer quadra
ARIMA mode

model. 

his is the p
A for buildin
ned in section

In R we used
asting using fo

oltWinters(dat

arima(data1_t

t <-forecast

orecast) 

integrated m

e behind auto
ationship betw
t means that t
ing with som
del says that 
he past. AR i
 it can be u

d. So utilizin
better result fo
ar data we nee
ARIMA are 
combined. Ho

me series data
herefore ARIM
ARIMA give

tion used beh

𝐵ሻ𝑄௧                

moreover, 𝑄௧ is t

is best suited 
s can be used 

ng average, le
atic regressi
els. In this stu

primary step 
ng model p, d
n 4.3). 

d Holtwinter 
ollowing code

ta1_ts) 

ts) 

t (data1_ari

moving aver

oregressive (A
ween the pres
the present va

me random va
present value

is not capable
utilized for d

ng AR and M
or nonlinear d
ed to use AR 
two methods

owever, it can
a and forecast
MA is develo
es a better re

hind the ARIM

                     

the random val

for 
d for 
east 
ion, 
udy, 

of 
d, q 

and 
es:  

ma, 

rage 

AR) 
sent 
alue 

alue. 
e is 
e of 
data 
MA 

data.  
and 
s in 
n be 
ting 

oped 
esult 

MA 

 (1) 

lue. 



  
 
                    
 

 

Note: Unit 
 
 
Steps follow
in Fig. 2. 
 
3. Result
 
 Based 
climate data
time series 
shown in Fig
 
 Second
and seasona
decomposed
maximum te
plot first row
trend of the
the data and
data. 
 
 Accord
trend, seaso
ACF  and  P
the p,d,q val
of ARIMA(p

(a) 

(b) 

          SHIVH

Figs. 
of temperature in

wed forecastin

ts and discuss

on the flowc
a were plotted

plots of rai
gs. 3(a&b).  

dly, to check 
ality or not, th
d plot of rain
emperature ar
w shows the s
e data, the thi
d the last row

ding to the F
onality and ran
PACF  of the 
lues were calc
p,d,q) are AR

HARE et al.: A

3(a&b). Time se
n degree Celsius,

ng in the ARIM

sion 

chart given in
d according t
infall and tem

whether the 
he signals wer
nfall, minimu
re given in F
signal, the sec
ird row shows
w shows the 

Figs. 4(a-c),  
ndomness of 
data were cal

culated for eac
RIMA(2,0,2) fo

ARIMA BASE

eries plot of (a) Te
 unit of Rainfall i

MA model is 

n Fig. 2, first
to time series
mperature da

signals have
re decompose

um temperatur
Figs. 4(a-c). In
cond row show
s the seasona
randomness 

by looking 
the signal an
lculated after 
ch signal, the 
for Rainfall da

ED DAILY W
 

   
 

   
emperature data f
is mm and Time i

shown 

tly the 
s.  The 
ata are 

e trend 
d. The 
re and 
n each 
ws the 

ality of 
of the 

at the 
nd then 

which 
values 

ata and 

A
da
ea
co
fo
po
8
 

 

ev
qu
li
M
er
er
m
m
L
ex
 

WEATHER FO

for 20 years and (
is in years 

ARIMA(2,1,3)
ata. Using the
ach signal, w
olored lines 
orecasting and
ortion shows 
5% precision 

3.1. Skill

After de
valuating the
uantify the p
mits. Some o

Mean Square E
rrors), MAE (
rrors should b

model. Apart 
measures are 
Lungs Box Q 
xpression as f

BIC ൌ log

ORECASTIN

(b) Rainfall data 

) for minimum
e above value

which is show
show the 

d the grey po
the probable

respectively.

ls of the ARIM

etermining th
e model with
erformance o

of the statistic
Error), MAPE
(Mean Absolu
be minimum 
from this m

Bayesian info
statistics. BIC

follows: 

g ቀ𝑟𝑠𝑠𝑛 ቁ ൅ 𝑘𝑛 lo

NG TOOL       

for 25 years 

m and maxim
es, the data w
wn in Fig. 5 
exact values
ortion and lig

e values of da

MA model 

he three p
h fit statistics
of forecast wi
cal measures a
E (Mean Abs
ute Error). Th
for better per

measure, two 
formation crit
C can be calc

og 𝑛 

                   13

mum temperat
was forecasted 

(a-c). The b
s of the fut
ght grey colo
ata for 95% 

arameters p
s is required
ith its accepta
are RMSE (R
solute percent
he values of th
rformance of 

more statist
terion (BIC) 
culated using 

37 

 

 

ture 
for 

blue 
ture 
ored 
and 

,d,q 
d to 
able 

Root 
tage 
hese 

the 
tical 
and 
the 



 
 
138    

 

Figs. 4(a-c). 
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Fig. 6. The graph of forecasted and observed values 

 

Note: Unit of temperature in degree Celsius, unit of Rainfall is mm and 
Time is in years 

 
 

TABLE 1 
 

Statistical measures of ARIMA models 
 

ARIMA(p,d,q) RMSE MAPE MAE Normalized 
BIC 

Lungs Box 
Q statistics 

ARIMA(2,0,2) 0.094 0.32 0.053 13.3 0.8 

ARIMA(2,1,3) 0.085 0.31 0.049 13.3 0.6 

 
 
 where, 
 
 n = the number of residuals, 
 
 h = number of time lags includes in the test, 
  𝜌2, k = the residual autocorrelation at lag k. 
 

The values of all these Fit parameters for both the 
ARIMA models are given in Table 1. These values show 
the skills of the ARIMA models for forecasting future 
climate data. 
 
 3.2. Advantages and limitations of the ARIMA 

model 
 
 ARIMA modeling has frequently been highlighted as 
a useful forecasting approach. The main advantage of the 
ARIMA model is for short-run forecasts with high-
frequency data the results may be hard to beat. They also 
have the advantage of being less sensitive to the 
underlying assumptions of the nature of the data 
fluctuations than many other systems. However, while the 
general form will handle many functional forms, the 
specific form identified must match the actual data closely. 
 
 Limitations of ARIMA model are the ARIMA 
method is appropriate only for a stationary time series 

(i.e., its mean, variance and autocorrelation should be 
approximately constant through time) and it is 
recommended that there are at least 50 observations in the 
input data. Because of the extensive data requirements, the 
lack of available updating procedures and the fact that 
they must be estimated using nonlinear estimation 
procedures, the ARIMA models tend to be high cost. It is 
also assumed that the values of the estimated parameters 
are constant throughout the series. 
 
4. Conclusions 
 
 In this study, the ARIMA model was used to forecast 
future climate data. The accuracy of the model was 
calculated according to the root mean square error 
(RMSE) estimated for each forecasting. It was found that 
the RMSE estimated for forecasting rainfall data using 
ARIMA(2,0,2) was 0.094 and the RMSE estimated for 
forecasting minimum and maximum temperature using 
ARIMA(2,1,3) was 0.085. By looking at the values of the 
RMSE, it can be concluded that since the error is minimal, 
the ARIMA model has forecasted the data accurately. 
Apart from these values, the forecasted value of the 
ARIMA model was compared with the observed values. 
The graphs of forecasted and observed values of minimum 
temperature, maximum temperature, rainfall data are 
shown in Fig. 6, which concludes that more than                       
90 percent of values forecasted by the ARIMA model are 
accurate. These values can be further used for 
hydrological and sediment yield modeling, solar cell 
management, managing agriculture and tourism, etc. This 
study showed that data mining techniques are 
straightforward and helpful for forecasting future weather 
data.  
 
 Disclaimer 
 
 The contents and views expressed in this research 
paper/article are the views of the authors and do not 
necessarily reflect the views of the organizations they 
belong to. 
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