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Clustering of Time Series Data With Application

Researcher: Sumeya Ali Hussien Assist. Prof. Wakae Ali Hadba
College of Administration and Economies College of Administration and Economies
Kirkuk University Kirkuk University
Abstract:

Cluster analysis in time series data is one of the important topics in analyzing
data and finding similar trends in time series, which represents a major challenge in
various fields. Scientists have increased interest in studying time series data clustering,
as it has proven its effectiveness in providing important information in various fields.
Clustering time-series data to facilitate prediction of formed clusters and exploit time
and effort. Clustering time-series data has been used in various scientific fields to
discover patterns that enable data analysts to extract valuable information from a large
and complex data set. Homogeneous clusters are grouped together on the basis of a
specific similarity measure. The monthly data of electrical energy productivity in
Kirkuk was used to study its temporal behavior. The hierarchical clustering method was
used, and the method adopted in the linkage method is the hierarchical linking method,
the ward's method, based on the similarity matrix, and we adopted the city-block
distance scale manhaten) distance to find the similarity matrix between clusters and in
order to reach homogeneous groups (clusters) that have common characteristics based
on their productivity, hierarchical clustering, tree diagramming and prediction of future
values of cluster productivity are used.

The most important findings of the research are the formation of four clusters
and the construction of a time series model for each cluster, and through the analysis of
the series, it was found that it is unstable and not random, and for the purpose of
achieving stability and randomness, the necessary conversions were made, and the
differentiation criteria (Akaik, Information Criteria: AIC) were used. (Schwartz
Bayesian Criteria: SBIC), (Hanna-Quinn Criterion: H-Q), (Root Mean Sguare Error
RMSE). To diagnose the significant models to choose the appropriate and efficient
model, the prediction for the first cluster is in the ARIMA(0,1,1) model, the model that
was used for the second cluster is SARIMA(2,0,0)x(1,1,2)*2, the third cluster due to
stopping the units About production since 2014 and until now the units have been idle,
meaning that they do not produce electricity as a basis for leaving the rehabilitation
works, the future values predicted here are zero, the fourth cluster was used ARIMA
(2,1,0) model and the predictions were good and close to reality for the period from
November 2020 to November 2022 for a period of two years.

Keywords: time series clustering, Forecasting, ARIMA, time series, City-block
(manhaten) distance.
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(Zhang, 2003) (Chakravarti et al., 1973) dralll slad¥ly ALl 2l (o lad
(A i g (Yo Yo ol sle) (YA ¢ 22K) (Mumbare et al., 2014)
0,(B)(1—B)Y, =6,(B)a;  ....... (4)
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skl quilad) ¥

gl tie Lgle Uloant i) gl (ya pmin il al) (e clall 13 8 scililell chuay ) -Y
~oS g zalad Gadat G ghad g Aie K JlSlal) Gy e (g2 g8iall Jalatl) ket ) glad
cGS}Aﬂ\ LDl Land ¢ paaill cua,.\;u.\]\) Jal e @ aligiall (BOX and Jenkins) PY.SIEN
Sy L osSie asiie JSI a3l Al by Jiall 50y Ll 23 gaill il ( ul
(STATGRAPHICS-18) gl » alaiud o3 Jaall <l slad

:Application using cluster Analysis g2siiadl Juladll aladialy gadaill | ¥.¥
oe)) gasiiall Jalaill 4yl dlaie) a3 ZUY) Gl A Al il Jdad gl
) a8liall 23ey A8usall 48 eall llahy Y s (Hierarchical clustering) 4ie ) JuSlll
() puiall (4Ll j)aie g g1 3 el alade 0 5Si5 Lealid le VA Caal ity
leie Al Adshian 7l A0 Vgl g Gl puadall Judadll e & ) 13 (Gadat a jal
4 staal) Gl e alaie Yl 5 g Uadll d8lua aud ) (City-Block) manhattan distance
cluster adlic day )i i sSi 4il i) Cin g o(ward’s method) 2055 4k Ayl
Al Cilas gl Criana

Dendrogram
Ward's Method,City-Block

1200 - ]
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600 [ .
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400 | .

=1 L

2liall (g yaudl) &N (1)) JLa)

sadlal) L ARIMA zilai aladiady Ggaail) ¥

(Application using ARIMA Models for cluster):
:Cluster Js¥) agiiadl Je ARIMA gl aladiady Ggaadail) V- ¥-¥
A (e LSy g il g Jas 510 8 jinna oo Ja Ae 3l ALl Gands el Y
Gl s (1F5, 12F5, 2F6) slo (s sy Js¥1 asiiall o) dlgad 3 dapla e o DULYI
18 5 (2liall) e ganall Jayy iy a3 A 171 5200 Z Y Ll (e dgiliiia 038 £LY)
4alll Clly an ) a3 Cun clae Cdiat g 5 jura Glas gl G B Al el g aginy ALl
giie JS Y Judbadl a3l Jarall 330 () Cangy oDl 138 s )15 el eI (e Lyl daiiall
OV (V) JSaN e Gy lgans i Baaa dlidis Wal (0 6S5 gy 4pie ) Judls 320 (5 5iny
Gl a0 &3 5 st Lelead s Jas siall 8 5 HEiae e Aluldl o) Jay Lee 4 3l Alull)
A Y Gaiad s oY)
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Time Series Plot for cluster 1

(X 1000)
12

10

cluster 1

o N b o ®
T T T T T

1/50 1/53 1/56 1/59 1/62

Tl At 3l ALl (5 ) Sl aiall () S
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I Gl Al aey Agie 3l AL (5 ) Sl sl o(Y) S
At paaty J Y G AL dpie U bl 4y ) jEY) s 1 J g sl 2 ) JEEY) (G
< aial law giall 5 (AR) S lasi¥1 e JS A5 2383 ol angys (d=1) JelSil) uaie
sl 1Al Jalss Y1 adla g SN el V) s sy O e (MA)

Estimated Autocorrelations for adjusted cluster 1

1F
06
2
s
F 02
@ 0 ol o o_ o_em
5 O I A I (]
8 -02f 1
g
<
06
1k L L L L R
0 5 10 15 20 %

Asaall ALl ACF 3130 Jabi J¥) alla 5(£) JSal

Estimated Partial Autocorrelations for adjusted cluster 1
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ALl yiad (0.05) ST (p-value) dad cilS 1Y) Cus clianll elia suall dlulid Laal
e a3 Y (independent and identically distribution: i.i.d) 4l e 5 Asiua
o Alle Gl ) agay e o (0.05) o= B (p-value) dad culs 13 «als
Ll
e ) Aluludl o i Al aaell A B b 5 Y (p-value > 0.05) o Badl
(V) Jsaall LS 4l gl
23 ey ddamal) die 1) Al 400 58l HLAAY (ljung & box test) JLisl (V) Jsasl)
Js¥ Gl
p-value | Q- dslas) Ao LY Sl B

40l sde dluludl:Ho
"‘-‘-’\}““; B ALl H,y
(STATGRAPHICS-18) (Sbas¥l mali ll Ui e (S ) 58Y) e slaie¥) 3
liay A il 2D 73 saill LA Jal (g (4) ziket day ) 305 Wndsad (11) )l
SIS e Clial ulae A0 e dlaie V) 25 Ledde Lgialal &5 sae <l HLEAY dad J

:Jsall 8 LS (HQC) crsS-clis Jlzas (BIC) i) s Sl slaa Jlzas ¢(AIC)
Clusterl Js¥) 2 sill e jl) Aluludl da jiall o alail) 1(Y) Jsaad)

Model AlIC HQC | SBIC
ARIMA(0,1,1) | 14.7872 | 14.7962 | 14.8093
ARIMA(1,1,0) | 14.8124 | 14.8213 | 14.8344
ARIMA(1,1,1) | 14.7929 | 14.8109 | 14.8370
ARIMA(2,1,1) | 14.7877 | 14.8146 | 14.8539
Sle A4 o LR S 50 ARIMA(D,1,1) oY) zasadl s aSkall #3 saill )
(HQC) (nsS s Jlinal 4 J8l X5 (AIC) SIS jlimal Ao J8) Led lliny julaa

(SBIC) y)sd Juzass
zisai¥) Glades jE a3 ANl Zisall aaad 2y :Estimation g Ll
3 )a8all Clalzall Ta Jsaall 3 52800l Cilaleall 4 giza (50 48 el clld g ARIMA (0,1,2)
o=b i 4l (gl (p-value < 0.05) dad e aaie YL ey oY ol 43 5iee ilS 1) Lgaand
Ge Aliaiy 4 gine b 3 gaid 5 pual) daleall ()l AN ALl Ay ) Jii 5 paal) A b
1z 3sail) dapa S A saiY) B A il deal)

Y, = 54.2056 + Y,_; + a, — 0.393941a,_,

ARIMA (0,1,1) gisall cilabaa i 1(£) Jsaa)

Parameter| Estimate | Stnd. Error T P-value
MA(1) [0.393941| 0.0826353 | 4.76723 |0.000005
Mean 54.2056 88.6511 |0.611449|0.541995
Constant | 54.2056

0.174095 30.3287
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73 5aill Cilalaa 2083 5 Ayl 223 :Diagnostic Checking zdsalll Aadle saa pand G
G 2 5) Residuals (8 s by @l g =3 sail1 Aaidle (s2e Gand Aa ya 5 2350
C e HLa) IS (e zdsalll 138 daa Hlisl) (e Y g (A i) agll 5 Aladl) agll cp
il aan 5S5 o) Gangy sl el SIAN Jal Y1 s Bl 31D Ll )

Aag) qjhwwﬁﬂ\ @A;}Lﬂ\éﬁmjiﬂ\ J53a para

Residual Autocorrelations for cluster 1
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Residual Partial Autocorrelations for cluster 1
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cluster 1.3 sl (5 ) 1A dalss ¥ E3lalaa (V) JSA

JLEAY dyie 3 Aluludl 81 sl ARIMA(O,1,1) 7 siiall 73 seill daiDle (520 4 yra (S
td sl (8 dania sall dpum ) jladly @lld 5 ALl 45 dal)
ARIMA (0,1,1) £ saill 480 iall jlsia) 1(0) Js2all

p-value da il

w3k 73 5aill: Ho
ke e Zigall H1
Al pde (sl ()5 poall A jd (i 3 Y Wil Ja 13 0.05 ST 4 p-value dad ol s 5
A zdsa 8 ARIMA(O,1,1) z siall z3 saill o) Ll elldy g Jiise JSiy g 5559
B W Agia )l ALl SO 3 el aaad Q5 o 2 :Forecasting sl e
oy (521 Y 2 gl Ay aliY) ey il 4 s dds e Al W Y a4
T el 5 jen alllne et Gatigal sl S Aane b ZLEY) Cas s (1F5, 12F5, 2F6)
Ot Bl (g el JS 0 5S) 5ail

0.864421
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clusterl Js¥! asaiall fiiud Al eI ZUaY) 4] il 4l () Jsaal)

Lower 95% | Upper 95%
Period | Forecast Limit Limit
11/2020 | 7013.1 3821.26 10204.9
12/2020 | 7013.1 3274.43 10751.8
1/2021 | 7013.1 2797.95 11228.2
2/2021 | 7013.1 2370.12 11656.1
3/2021 | 7013.1 1978.51 12047.7
4/2021 | 7013.1 1615.24 12411.0
5/2021 | 7013.1 1274.93 12751.3
6/2021 | 7013.1 953.69 13072.5
7/2021 | 7013.1 648.648 13377.5
8/2021 | 7013.1 357.573 13668.6
9/2021 | 7013.1 78.7044 13947.5
10/2021| 7013.1 -189.375 14215.6
11/2021| 7013.1 -447.827 14474.0
12/2021| 7013.1 -697.622 14723.8
1/2022 | 7013.1 -939.574 14965.8
2/2022 | 7013.1 -1174.38 15200.6
3/2022 | 7013.1 -1402.64 15428.8
4/2022 | 7013.1 -1624.86 15651.1
5/2022 | 7013.1 -1841.52 15867.7
6/2022 | 7013.1 -2052.99 16079.2
7/2022 | 7013.1 -2259.65 16285.8
8/2022 | 7013.1 -2461.79 16488.0
9/2022 | 7013.1 -2659.72 16685.9
10/2022 | 7013.1 -2853.67 16879.9

LA{;‘}“ Cpaad) O B ) sana (588 &f"‘j’d\ (’5‘3!\ @.A;u\ Aalisiigll h\ﬂ\ J sasll o8
95% 455 iy g (S

Time Sequence Plot for cluster 1
ARIMA(O,1,1)

(X 1000)
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1/66

clusterl Js¥! 2 saiall dia 31 Alalodl 5ol Jiaie o (A) JSA
daiin sall Ol gladll s Baadai 3 sl 1) g B g AU 28Ul e ARIMA gilad (ks

Sl sl d ) ) alagis cluster]l JsY) asiisll Jilad il o 5all
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o) (3F5, 4F5, 5F6, 1F6, 8F5, 6F6) # ddasdll ada &zl &lay Cluster 2
Al bl oda A3V 5t e A dawsall LS el o 5 giad dgia )l Alulll)
Ll )Y COllaa g Al adlly 5l aay 98S #3500 SARIMA (2,0,0)x(1,1,2)*
O Lkl 5 A8 3 gan e af Lgad aen B sall 3 adl I3 Ll Y0 5 81 sl 1)
o) Jx p-value > 0.05 4as o) (Ljung & box test) Jlod) crws 400 g de ) 0l

ARIMA(2,0,0)x (1,1,2)12
(X 1000)
18

T T T
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cluster2 S8l 2 stiall Ala¥) audl) g dpie ) Alalodl guinll sia () A
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Residual Partial Autocorrelations for adjusted cluster 2
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Zisadll Aadle daia Jlidl e Y p(sLAY)) Aigll [jung& box test beid) o
4ad ol Las (ljung-box test) JLsial JMA o &lliy SARIMA (2,0,0)x(1,1,2)*2
O it 5 4l sde Ay 31 ALl (o)) (o) axadl A 8 b Sy Y (p-value >0.05)
i) s Jiiase OS5 ¢ 555 Al sde Gl O I iy dsine e ASA il Y
Sl Jsanll 8 LS 20 58 (el =3 gl
zisad A Al gl Al 43 p2all [jung-box Jbaal (V) Jsaall
SARIMA (2,0,0)x(1,1,2)*

p-value Az )
4 pde ALLLA:H
0.698563 P e °
Wl pde e AlWLH,

ZY) Claa o) die ) dudle 4y )l e 551y Cluster 3 Callil) o saisll dpally Ll
Jwe) & 1 20155 2014 4w i Jeall (e A gia A A5 (TF5, 3F6, 9F5, 4F6)
AS 5l g iy Szl 5 ) g s Lgre el e 5 daidall S Sl saa) J8 (e Jaalall
el (3l 7 ja & Cilaaall s () 5S5 @l s Jaalil) Jlae) ALaS5 ane 5 Jandl 8 50 1S il
Al sl 5 g (ia) Laliy) o) ol Jeal) (o Adgle Y BagRia o yoiad Y
e A Clas gl oda b Al 5eSll A8l dali Al

ALl 4l Clas s Ay )Y dgie ) dudlu day ) s siad Cluster 4 al i) 2 sl
Al g Lgan )y a3l e A5 SHal) duia j) Alulill (2F5,11F5,6F5,10F5) 4l Sl
Juidls PACF Aol Sl Bls ¥ adlalees ACF A Bl Y cdlalzs
4yt a2 e Jy p-value < 0.05 4ad cilS 5 44 pdall HWSAY (Ljung-box test)
Al i) Al ) lika g3 @y g ) 8 J e sll (W1 G5l 30 o g dia 3 ALulul)
ARIMA (2,1,0) 5 (AIC) cSISI e Grun 73 508 Juadl

Time Sequence Plot for cluster 4
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Residual Autocorrelations for cluster4
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Residual Partial Autocorrelations for cluster4
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clusterd 3 sl 5l Al als j¥1 edlebas () £) JSa
Pa e dia 3l ALl ARIMA (2,1,0) bl z3sall Gadle 530 &yl
:dsaall 8 daia sall il 68l JA (e (Ljung-box test) Jbaal
ARIMA (2,1,0) 73 a1l ) sal) Jlia) 1(A) Js2a))

p-value | Q- 3slaay) dad lua Al
(‘i’v““ G‘.J}A'.‘M:HO
0.479311 21.6769 i
(“:’j““ e GJ}Q-.‘MIHl

S sal) A (o) aaall Apia B b 5 Y WL ey 1368 P-value > 0.05 dad ) Jaadl
Ju e (White Noise) sbanll slia guall dlubill Jaai aufi g Jiloe g )55 & 555 5 400 gle
bl aally 5aill 233 g i 3 saill () 2S5 Lae () A0S e
Lo gial o il 3al) il d80 aaa julae adiin) 140 gSial) aBliall g dlad Gy A e £
O 35 zisad Juadl JLiaY (RMSE) (Root Mean Square Error) sasll a s
1(3) Jsaall 8 e s LS () oS 3 gtie JSU 5l Aaddisall 3l
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L) Jia) Rardioaal) alial) = 3a o Al 1(4) Jsaal)

@ 3 ghil) zasall RMSE
1 | Cluster 1 ARIMA (0,1,1) 1613.1
2 Cluster 2 | SARIMA(2,0,0)x(1,1,2)*? | 1250.37
3 Cluster 4 ARIMA(2,1,0) 1681.85

Sl il SARIMA (2,0,00X(1,1,2)2 S8 £3589 o Jsaall zems
Oy il Jiad 8 b)) 43) o] RMSE Jlnall 4 (81 Jissil L) 54 cluster 2
Alal) Ll Clas g dis auay A A0Sl day )Y 2dlall ( Juadl) 4 U 3 gl
Aallall 3 ) pal) s o e Sl G L JB1 Canall Jamd 8 L) () 65 ) 460 5e<)
L o Lealii) 0 5S35 (5 AY) jed¥) 4 psall e
Slua gill g clalitiuy)
ol Loy Al aal s 55 ¢Sy elaliiin) Y o)
A pal) b Gpanil 5 90 2 Al oSl A8l (g 4y pell) LaliiYl sl dpeal (eS3
Ol I gag Jally A A8l e i) el et () as aadl sl o) s
B_palzall BLadl 4, ) 5 juiall 5 4 ) 4SSl AL jeS) A8l (o painall Claliial
el Aagmiall dpadl Jadlal Aeiylsd of A alall Uiny mili jeds
OB aladiuly s Ward linkage 2.5 44k Hierarchical clustering of time-series
i culael Manhattan oileis 4dlus Liayl aus 5 City Block Distance gUadll ddlue
) Ll 0 o5 Adlatie maalae Glo Jpeanlly Lual (3aiall) aseail) Cargd Juadll b
LY Cua (e Al 4l Sl A8l #L) Clasy o (g siag 2 s8ie S (aflic) alae
asiiall g «(1F5, 12F5, 2F6) zll culaa s 3 Lo s siny JsY) asiiall Cum a2
Gl s siiall (35, 4F5, 5F6, 1F6, 8F5, 6F6) gl i diu Lo (g 5ty il
Clan s gl ssiny @) N agiiall s ((7F5, 3F6, OF5, 4F6) a5 gl cilas s 4 (5 siay
.(2F5, 11F5, 6F5, 10F5) gl
At 30 Aladud) o) aa 5 Lol 58 cluster i JS e iSiae (€ g A8 jha aladiulg
el al o s (Wlsde ul) 88l e zUY) Glaa sl (2020-2010) dsie )l 5 il
A ALY (Gaad Caags A 3 3 sl
Alalial julaae Slo dlaie Yl ) Sie dgiie JSI Addiall ally 5ol 23 gai Juadl SLidl) &
GisS Qs Jras (SBIC) Jiulsé Jbmas (AIC) SIS Jlna zdsaill ol dad i)
‘ (HQC)
3 g8iall Condiall 23 50ill g ARIMA(O,1,1) 58 Js¥) 2tiall aBall 5 6N gaill ) 2ag
gl las g e (g sing Gl 3 siiall Luilly 5 <SARIMA (2,0,00%(1,1,2)12 8 S
il My Jaall Oo 488 5ie 4 V) 2al Ly 8 2014 A (e Jeall o A48 gidl) A8
S iy gl Hll 3 sl A4l Jua 53l o3 (53 23 gill 5 (el il Hiia ) oS dualisyly
ARIMA (2,1,0) s
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dans (3 jall/el € S Alailaa b Al 5eSH A8ULIL LY ClaeSy sl a5 zilall o) by
2020 SUI 0o gl (e ) oed (24) B A3 8 Jes Alllae Gavigall 28l oLy S
Crod g Aplal) Alulull 8 Leidlie ae Luli adl) o8 < ekl dum 2022 AU (5 55 A
el gastiall Jilaill &y yha o il Al 5eSU A8l Ul a8) g dliis 5 s U
G gl i LY ) Baa s JS o JS8 il Alae (e S Juad) A 3N Judladl
s et Lag dladia (aflic) Cle gana gl (AN VY e Cilas gl il A Gua agall
(Gle sanall) 28lall 883 ga g0 U Bas 9 JSI Jiata 00 5 (331 e glaa

ibua gil) Ll

& haall 20y Gl augill g dia 3l Judball (gasiiall Jidaill 48 jla aldiely agi
OnS il et Al cillalaal) A e dapent s Ginall it Y1 GlSeYL s LS A< S
S Sl e Judls iy s sl 5 Lgianliy il 5 (51l S 8 Aty oS0 ALY Ll
L& e 5 Ladill

by 28Ul 30l 3y a i Arl s Jlee) Alee ) dalay Ml cd gl 6 G jall o) L
ainall TSV Aalall aud Y LaY il 5e<l) 28U

JS Dyl il a gy il Glupud) s Lball aca o) ) (e 30T (a5
Al Sl Al clially il Sy 4l s

satiall Ayl sl 3okl e Al Judladl sadiall o Al Gy dll aladil
.(K-means Clustering)

ilaall

Ayl jalaall Y

Alaaiuly 3 e S B av Ay sl adlaall Caniat (Y41 0) el caaal
(Y) 2320 (7Y alae calall bl jall 5 gall G 5 dnals Alas ¢g siinl) Jalaill

Ll lasa¥) g die 31 QD) 23 g3 G 4 a1 (Y01 £) iz sie dasland 3l cdielan)
sl Al 4 s o1 S lall ()13 guall dmals ¢ pivale Al clapall anay sl
skl SLaBY) and (Llall

A N Judludl clily dadladl & jiie JAlanl gl (Y41 7) callithe ada clia ¢ sl
b ladll 1K 3 ) saiall drala ool 53S0 da g Hhal ((Aiadai A ) @l jpriall Badelia 43 siinll
YT el g idail) slasy) ad

AaeSy sl (8 Aie 3l Judlall Jlexial (Y2 Y0) ai S (el 3 3ens dsene JU) o sle
Al caslall Daalal) cpadl I A0S Alae (Y OYASY 40 A Baall dlary Adadla daliall cila)
aslall 480 )l dpaalldplany) cliphill SG) Joally ydie geeladl oalall aisall
YAELYY L a8 2aal) dduilian)

dae) Juladl daliaall gl (83 pha Gy Jleatiad (Y YA) e e elia o 3SI
slan ¥l and (laBi¥l g5 laY) 4K (oD S dala ¢ inale Al Bl o)) YU aliadl
5 4l laaall g adaadl o S oyl (o0 gl Jalaill sl ¢ oals Juasd (3als
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