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Discovering Prediction Rules of Photovoltaic Power Generation based on
Association Rule Mining

Hiroshi SUGIMURA!, Bin RIN?, Takeaki MORI'*

Abstract

This paper proposes a method, by using datamining approach, for knowledge discovery from historical
usage data of a photovoltaic power generation apparatus, which is a central element of a home energy
management system (HEMS). The discovered knowledge is intended to use as a basic principle to save
energy in a home with HEMS. Each home has different situations of apparatuses and of preferences, thus
it is necessary taking into account such differences in practical methods of energy saving. In order to
achieve this goal, the obtained knowledge has enough readability and understandability for non-expert
person. For this reason, we point out that traditional approaches mostly based on artificial neural
networks are inadequate in HEMS environment. In this paper we show how the proposed method makes
a solution for the problem.
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Table 1 B RFT — & _— 2R

PG PGV PGA

Index Time PG kWh
kW
2009/08/16 0.00 104.0 0.03
1 0.00
5:00
2009/08/16 0.00 104.0 0.03
2 0.00
5:05
2009/08/16 0.03 104.0 0.95
3 0.00
5:10
2009/08/16 0.07 104.0 1.04
4 0.01
5:15
2009/08/16 0.10 104.0 1.11
5 0.00
5:20
Table 2 12, JRFE, {BJE L W o mANBICERE LW
DT —HR—R %7, —ERRECTEE L7 —# XA

RrL & bICRimSnsg.

Table 2 Bt o F—Z X—=2

Index Time Temp Hum Wind Rain

1 2009/08/16 233 81 0.0 0.0
5:00

2 2009/08/16 234 81 0.0 0.0
5:30

3 2009/08/16 23.7 80 0.4 0.0
6:00

4 2009/08/16 24.1 79 0.4 0.0
6:30

5 2009/08/16 24.6 76 0.9 0.0
7:00

Fig. 3 IZHREREBEO T LT Y ZALEOT & 2R
T MHBALV— I~ A = T EATH TDIT, 3 FEO N
KERERNENMET 5. T — Z _N— XN D 5 )
572 HIERINT — X BN E N TV D72, REMRIE
I LD L TIER o 2 EMsSr LCETTS.
FPIEGEIBEEEIC X o CTRERAIT — 2 % 0 D 23 I
550 CHIN L2 ECRECDEIT S, iz ko T
BLIEE2TOHSIRRINT =2 2 ANCr TAZ Y T
ATV, By T OREMRBEEE DI & 5
. VITAZY I TIET — X OEBAZERT 2 LER
BV, EEIZ=—27 Yy REEBEZ AWTIT O 23, KRS
T — X OYEE )5 Dynamic Time Warping (DTW) FREEf (2
HOWTHEZITY. THICLVER LY IAX DR
DB, ZO® I ORFBOREMEORIR L e =
EWRTES.

Association Rule Segmentation Clustering DTW

T 1
Start |
|

Time series

Subsequence

All subsequences

Two subsequences,

Distance

Each time feties

1
I
1
:
All subsequIEncss
:
1

[}
Centroids
T

1
> Rule mining
1

End

Fig.3 W— /R RT L ITY XA

U EOBEEETOE Y ORRST — X2 IZB L TfT
IZET, TRTCOBUCYORENLRREZEST 5.
EBRIZ, ZORERRIRO HBUHERZ I L THEL
—N~ A = T ETY, BUEZELO BRI DN T
IF-THEN JERX DMk A i3 5. 2405 OFEM 72 HERI
DN, REiI»HHAT 5.

3. IL—ILDHH

H AR T — X & RIS T 572 DICAT A R
T4 R XTI T, ZoFEERWTZSGEI
35 5D ER IR ST — & OFE ORI RIZ2Y,
ENOLOEMBHE Lo lZL 25z, 0L
BT OEDIERINT — & > 6 DD R 72T R
BT — 2 AT HMEND D, FERIIT — & OMELLE
FRITHEEEHE TS 2 L TOA—T BT ERITY, O
HMEE 7227 — % #RFEFERYIT— % & LTI]DY 7.
RERREDRERINT — X2 DR L T N—T 53T D=0
W27 FAB) T ETS.

75 2AZ Y U 720F k-means' % IS . k-means |35
Wy haAf ROMBEERRLERNL I V=700 %
179 FET, 5RO ZNV—FOREWIGR ZHIHT 5
HMZ~ v F L TE Y HEROENI RIAD 2. k-means
X, 2EIO RS OFGBEEE ST, FRBEIECE s
TL0ENERET L. TR EEGICEHEEND
KT —HvEGDEY FaA R (HELL) gOBOERTH
%, mbEgi=1Kk,DPQETFT—4PLT—4QD
MO MEREA E T 2 RIS S Lic & &, BRI
OR(N)TEZRIND.



42 ML~ e B-38 (2014)

k

> > pwgp (1)

i=1 veG;

ATART 42 RO L > THEBIZEI 0 1 L7245
ReRA T — 2okt L, RS LCT—2 U v NiERE
% AT k-means 21T > 72HFIZ, BN WEY b A
FAHAENTLE I MERHD V. 2D, MY
TR RERFIOE) D L &S BB DT, Z ORI
RIS B TEBIRBESNTWAR D, ZZTIEATA
Ry 4 RUDY A XERAT A NigEBEMIZEEST 50
THEARL, SR OMFRICE SN TIRET D 2 & Tif
W 5. SCHRANIRI G REIR DO HFR A > CTT — X DL
LICHEH LIZATA RO 4 RUDY A XEATA FIF
DWREEAT, REMBERDATA KT 0 R &
WHZETEWDHDL 7 T ALY v T iT>CTERD B
50 TAZ T 2 HEEREEL TS, KiwXTh
BIEOELIIE SN AREMBEOW Y H L& 5. KB
WK T — 2 DR A v M EEEE IS, 0 Bn
DRSO pETOT—F%E 1 AL LT T, 2
D=, HTF—H OV A RTEFBICR 5T, Zhick
> THLNIEORERSIT — 2 bt &zt b
A RS, BifliZesind i B2 E 2R L TN D.
k-means (235 THERBERIED (P, QIT—XAVIZ Bk~
MUBlO=—27 Y v REEFECRD N0, =2—27 U >
REREEIE S — 5 v A DR FRZRNL LTS 5729,
RBEDRRLH L —l 0 ADT O A FE TE /0.
% Z CHRHEN E BI%D(P, Q)X Dynamic Time Warping
(DTW) &M\ 5. DTW™WiE 2 S ORRT — & O iRk
Tl MET D X0 IS A R & 5 AL T,
DTW B i X Bt A RSV CEE SN D, Fig 4 1
2—27 U v Rl s DTW HBfE V27K 9. Dinamic
Time Warping CIXH 90D [FIJE 4 785k L CHREM DT & L
THHEZ kD 5.

T T N S S S N VA
+ _— 1
T I

Voo VY

L ANN _j¥/_\\J»V/+

————— e —a

Euclidian distance Dynamic time warping

Fig. 4 FREEFIH OE

Q=(q1,,q;) &£ ® DTW HEED(P, Q)% Tieox(2)T
EFRIND.

f(pigj-1) +s
f(pi—q;) +t 2
f(Pi—l,Qj-1) +u

D(P,Q) = f(P;, Q;)min

Z DR, sEUIFFREIC IR - Ty —F v A&l 5 =
A RERT, ZLTC, WHMEOEWICL DR X F &
AT

Wiz, 77 A%V 7 ERERRERKICLT, ML
—VEERRT . b —IRAVR MBI L — V1T Agrawal &
PRELTZ, 7TATLHEEEZ NI IvarbL, &
DORIFFAFIZ DWW T — RN E LT i IR & b
WA E DRI % [RIRFIC T 7297 & 5 72 2 CorHBBfR 238
T H O T, RFEM R TIEIZ Apriori 7 V3 U X AR H
5P ZOFEFETOTA T AESMHS. ZOF
BEERR LT, V=L DlifEia 7 7 A LD Rl R
PEICREE LI — V2D 92 & ¢, 7 T AakR]
DERZFHAT HL— DB AT HT X5 LeFiE
7 T AMBEL—L L 19,

ARFZETIE, KBOLREBORE (BJE, &, BhHA
L) OTHNBNTH DD, 77 ZAfHEL—LE RN
2212k oTC, HEXETFHROBENOTEHIT S
N—NVEROHTZENTEDEEZLND. Fig 51T
FRN— V2GS 50D N —= T — 2 BamT,

Sensor Sensor Sensor PV

A B C Power
2013.5.10 2013.5.10 2013.5.10 2013.5.11
b |l . | v
2013.5.11 2013.5.11 2013.5.11 2013.5.12
2013.5.12 2013.5.12 2013.5.12 2013.5.13
2013.5.13 2013.5.13 2013.5.13 2013.5.14
IF part THEN part

Fig. 4 training data

Fig. 512”3 L 912, B ¥ —A, B, C & K3 ESE
HOEAELEE TAHR D HiEIC L > TERFNAmEICY T
AHLENTEY, ELICKEGAFBEENIZTNKOA
DI FTAZE L TATHDOT =X %> D, ZD—4T4
DTF =R TV Iy a S B —A, B, C
NHIE S INTAEEE & L — L DA, KB eI EE S
L — LV DIFREER, DFEV I T AL TS,
E2T7ATLEGETHEE, BT VYT v
CVOEFEHIT(E) T D, TAT—4_R—=AFDLE T
VI a vl Uiy, HWEERAEERNWT A T LR
AXEY, XNY = @izx LT, #HEL—/LX » YO K Ff s,
HefZ Ik DX (3), HTEHRSND.



ARV — V& 7 KB IG5 R ) O T DY — VAl T (AT - k- 20 43

. G(XTU Y) 3)
o(XUY)
= )

AW TIE, R TOMBEAL—LEER LT-%I1C, A
NI TALIRS TWDHNA—LOHREHMET D Z L2k
TU I AMENL— L EZEXZ L2, AR TRL—LT
H5D.

4. JL—I)LDERA

Fig. 6 (2= Vil D7D 7 VT A bhERmd. &k
VYT —=HIZOWT, BT =% 1 BoU0 DY,
=R L7z oIl T 2T XTIy T AZ L
DTW % H\\C i3 % .

BOWRED 7 G AR T DR YT —E DI T AL L
RIeT. WIT, TDT T AREEDNE OB —ITY
TEHELNEF v 7 T5. ZOR, EHOHBEEL—L
LT THHEERLDLN, bobbEl DI TAEZN
BN — VDGR D 7 T A% L~ T Lic O & ik
FICEIRT D, 20X HIC L TR LZHEEL—L O
THEN /S— F & PRIFER L5 5.

s BEY T —HIOWT FREEITV, VAR ERIET D,
Loop ( Sensor data @ EAIl sensors )
s BT —H%1H YIRS
Subsequence seq = Segmentation( , day );
VT Ic B 2T 53 R Tor TAZ L
Loop ( cluster; & All clusters for the sensor )
sim; = DTW( seq, cluster; )
End
s BV BB D 7T 2B B TRINT D
Select a cluster ; which is minimum sim;;
End
s IV, e K~y T o — )V ERIRT D
R = Maximum matching( ', Association Rules )
IR L7V — /L O THEN, S— M P IS 235
Return ( Then part of R )

Fig. 6 FAB/L—/UIZ X2 FRIT LY X A

5. EE

EEEOFRICE Y M= KB S xor & A
TERRZIT-72. Fig. 7 [ZERO® 2 H O R
DEHETHL. —BEEORIRD LICKPEFE L
ZREL, BEMEAOE Y E L TEO/SFIVEEN
BO—MAICKIR, XUE, W, WK, EE, JEE, A4
T ERY MG, £z, SRVERICAESE LY
DT TR VORBEZREL TS, rERETIE KM
& URMICRWCREN, B, |, EAREFHLT
W5,

Fig. 7 I —0WY iy ke

Fig. 8 J3sHHIRE O EETH D, KL FnbEE L
F—mlidu—2HNTEEIL, Y ol EyLCE
FELTWA.

e

Fig. 8 1 ¥ 7RI

ERL7-7 — 212 2009 4 8 AvD 20124 4 HETO
AT, 1398 HoxHAWE. BEAEROE T 30
SBREGHIL, BXE4 0o a—Relol, N
FOVOWET 10 2B =IZEIL, BXZE 14 koL
—R&pol. DEBOVUOVIISHBEICHIIL, B
EZ29 oL a— R etz

BV — v D EERE % Table 3 (2R, kb X FFE %
0.01, wAMEEEZ 03 & LTHERTH., 22T, Hd
oV T—4% THHE] THREFRE&KIE] THER&ER
H&WE] O3 %A 7T Shizv— iz Rk,

Table 3. &2 V- OEIMNZ L 2 /v— VDN

ICE e N JL— VL
H I 10
Hi e, <R 322
A5 B & KR & 714

FERCHI S To v — v OBl % Fig. 9 7~ 9. i &4
=T REIGE 0.3 O TR SN TS, 4




44 ML~ e B-38 (2014)

=D FRREET 30% U A ERTE 5.

B 5458 B (cluster 2) FEE S(cluster 3)
1200 4
= 1000 35
£ 3
3 &0 N h || 325
600 I 52
- B— => 5. ;
o 500 ! ! "
“ 4 N
o o .
“CRRYREREREIRRE s
Time Time

Fig. 9 FEFRITHIH S - MBIL—v o6

6. ¥pHUIZ

WEkD 3 WFEFRE O TR TIE /e <, 12 B 6 24 K
5 & W e BRI THI%Z4T 9 2 &%, HEMS (280

THENEBEMZANIEN T80 LTHETH 5.

IBIL, ZZTHELND TRIET VAREERIC HEMS EC
FATAMRE 2RI > TR, =2—F R — L OEX %
PR L CHOAF <A ARER Z ENEHETH D, £2T
AT, RO L 5 ek R Tk ca R &b,
PR R IO 2 PRIAT 2 C, it Sz T uhs A
T LA EIZE A PEE/R IF-THEN B CRE S5
TR T D702, WERIIT —X ~A = 7 Hili%z
AWTKG BB OTWEAT O HIF 2B L

BEMS, HEMS & Wo 723 ZF AMEH SN T4 T,
DX SRS %O HEMS ICIZEZEICR->TL 5
LEZBND.

A%, REEHOTFHEZT TR, ARMIZONT
OTHTIEERFT L, ZOlE EHAEhE TEEOE
TEULE A G 2 X T ROV T LR T2 TET
5.

SEH

[1] RBEES% - MEESLHE - SRAFNZ, [RGB OREE
TRIOBLR L FRE], EXFSMRSEE. MES, A ZR
U XAtk - BEES AT ARFJES, Vol. 2011, No. 1,
pp.19-24 (2011)

[2] WAKIR « AR - AMEAE - AR - AR, [Eo
G ARNTIC K 2 KIS E3 D ) A B TN BY 5 2 A
RORFSE) , ERFSTOHE. B, Vol. 119, No. 8, pp.909-915
(1999)

[3] WG - BITERD: TRRPHE RRE R F —
ERWZBRE TR, ERERmSGE B(E =¥
—EBHER), Vol. 127, No. 11, pp.1219-1225 (2007)

[4] ATRIA « AFnDy - PSS — - fEAR: TR RE
BATMERANEREG - 74 —EAAT7 )y RIEE
AT MEME], ERFEWOCGEE B, Vol 124, No. 4,
pp.521-530 (2004)

[5] L - VPN EE - BRIRHPEAT A - A R T
FNF—Ry T =72 2 KPEFREE T HHA
R SCGEE B, Vol. 127, No. 7, pp.847-853 (2007)
[6] $iARFE - REIKT: - SRR - FHRER - KBS
[Just-In-Time Modeling 235 < B &7l FiEOH
), ERPAIWOGEE B, Vol 131, No. 11, pp.912-919
(2011)
[7] FE—ER « AT - HOLR - WL TaES
O A A EER T O OKERAFEET VL] EX
TG B, ¥extbf{128}, 1, pp.151--156 (2008)
(8] BLARFESE « TAEIE - JIHBHRA - BIRFBRE: T==2—
TINTy U =7 TR ERAH D 24 R
FEBEDTM, BRFRWIGE B (B - =L —F
FH3E), Vol. 128, No. 1, pp. 33-39 (2008)
[9] MHE—ER « AT HTEZ - FE) g S - s TR A
B IR O PRNZFE SN T BRI B S B ORGERRY |,
KB 2%V —, Vol. 33, No. 2, pp.53-58 (2007)
[10] T. Kanungo, D. Mount, N. Netanyahu, C. Piatko, R.
Silverman, and A. Wu: “An Efficient k-means Clustering
Algorithm: Analysis and Implementation”, Pattern Analysis
and Machine Intelligence, IEEE Transactions on, Vol. 24, No.
7, pp- 881-892 (2002)
[11] Eamonn Keogh and Jessica Lin and Wagner Truppel:
“Clustering of Time Series Subsequences is Meaningless:
Implications for Previous and Future Research”, Proceedings
of the Third IEEE International Conference on Data Mining
(ICDM'03), pp. 115-122 (2003)
[12] JEE& o - KR 20T - TRz [EORRS1 2
T AL T ORISR & ARSI OFL) , A
THNBES2 0 SCEE, Vol. 25, No. 4, pp. 540-548 (2010)
[13] Kl 688 - Br&s Fid - db0 B - BUE 8N - 1l
A& IRERERZREAL & BTz VT RERE1N
= FIEORSE LA, N THIREFE R — A
AT AMFFELS, Vol. 69, pp. 39-43 (2005)
[14] D. J. Berndt, and J. Clifford: “Using Dynamic Time
Warping to Find Patterns in Time Series”, In Proceedings of
KDD-94: AAAI Workshop on Knowledge Discovery in
Databases. pp. 359-370 (1994)
[15] Rakesh Agrawal, Tomasz Imielinski and Arun Swami:
Mining association rules between sets of items in large
databases, ACM SIGMOD Record, Vol. 22, No. 2, pp.
207-216 (1993)
[16] F. Coene, P. Leng and L. Zhang: “Threshold Tuning for
Improved Classification  Association Rule Mining”,
Proceedings of Pacific-Asia Conf. In Knowledge Discovery
and Data Mining (PAKDDO05), (2005)





