Location assignment using association rule mining

in a warehouse
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Order picking costs account for a significant portion of the logistics system of the warehouse. To increase the
efficiency of warehouse operation, order picking operations in the warehouse should be carefully designed. In
this work, we study the location assignment problem to study the applicability of the data mining approach in
determining the storage locations. Specifically, we present an association rule-based storage assignment algorithm
denoted by the Apriori algorithm and the Affinity algorithm. The objective of this work is to minimize the
order picker’s travel distance by allocating the storage locations using the association rule-based approach. We
observe the details for analyzing the efficiency of the proposed approach with the actual online transaction data.

The results from the experiments show that the proposed methods outperform the turnover-based assignments.
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=7 dE A2" 9 F3 B B =58S d8E sty ZEA 2T FEE AES Rt 1
Ao A &t Z2A2E 7199 HI&dd HPAR] dFS A7 Wi, 3 dee L Faxel b
- FAtH(Cergibozan and Tasan, 2019). 71 FNA%E 20 37 (Order picking)> Zi FH A 2 H
2 AR YO 2, Tompkins et al.(2010)> 3L +FH] F 56%7HA] 20 37 vl go2 £99
Aot FAskAL k. oldl met MFES AFlA ¢S HstuA =F BlE&E Eo17] A =¥ ow
eH A g4 Mol P23 o 3 of A =RAE EokllA 1A e Y 9 A &
Foll el E&2Q 7 wES S8l 7HE & Hse AATH 22u 2d AF 9 aeA4S Eol7] A
MA = TEACE ARG A g7 =49 HZH37F dasin
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zZ oA ol# 3 AFE 71Wre] A 2ES T84 Hol wel, vlo]E vlo]Y(Data mining) ¥oke] ATE
w=A st on, a4 O Fa4do] tFHA ok HolE wield & dlojHuo] 2 £ A4S
Aste o] &(Knowledge-discovery in databases: KDD) 2. &, ©]o|EjH]| o] 2 7] < (Database technology), 4
B ZA(Information retrieval), & <12 (Pattern recognition), ™ 4l21d(Machine learning), 7|
(Statistics), <13 A5 (Artificial intelligence), Fl°]¥ AlZ}3H(Data visualization) % 145 FAFE

(High-performance computing)¥ &2 o2 &oFe] stEolA A5 Uth(Han et al, 2011).

2 Ao sE s 2ol ZRkgE A of AlF 91X & (Storage assignment) W Eol Tl o]
mto] g o] 71 F A 3 vheo]d(Association rule mining)S &3 MEL AF A dF YHES
AQbst izt stk A 72 vhold & Aukg Y E4(Market basket anaylsis)©] 2}l % B2l tlo]E w}o]
Y 7o, HZode 4 A" ZHeEd F8HA AtHSon et al, 2015). & AFoNA = 1A FE
tlolel ol sidS 2 AF7e] o' BAE BeA E4517] fal o] 7IHE At =% A
22kl gEHY Y A FE tlolH ] o]& A &3t Y= Wk ZINE By Aol nls] )7} Al bsk=
Mz Aol 2f 97 Ads A7l 237 des 4o s A7l AHed 1A
F& HlolE & UCIol A AlF3tal 9+ ‘Online Retail Data Set’ HloJH 24, =12 2212 ZEH Y 3419
20101 1€ 78 2011d 9€7kx 2] 17 S o] B o] tH(Chen et al., 2012). ¥ A2 Aol A H)
ol8 F 2010 3¥FH 2010 5E7kA 9] F2 7|FolA F& METL 7P w2 120709 F5ol et ¢

9 713 Ferel mA FE dolHE Muste] £X AP At

=
al
9l

B AT FHL thest ok 28AAE AF UX Y BA, oF 97 A, 223 dolEjnte]y
wopol o] Aa ATE] el AESHAT 3] BEoAE A9 T4, Hold Axe B 7% 94, A
E 94 2% QudE 2L AF Aol tstel APstgnh 48 AE AT AR L FF AT A
el =olshsict.
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2. A8 A7 nF

21 $1xX] &F EA (Storage Location Assignment Problem)

A A AFES EFste TAE A & A (Storage Location Assignment
3915_‘:]' AA dF A= AR AAd AFS @Ietes U o o] AHY &4

== 7 %%E% AU gste= Aol H4& 73 ot Hausman et al.(1976)2 222 2AF FilE 9
HRES AASIAY. sid AT Al 7HA AR A 2" BHES A s 9l
B WA (Random storage assignment), Y= W= 7|¥F B3 ¥4 (Turnover-based
O~

assignment), 18] Fef2 7|8k B %2 (Class-based storage assignment)©] .

ru[o

Brynzér and Johansson(1996)= T ®l X (Frequency)dl Wel U3 545 712l AFEE VG(Variant
group) & & T1F3tets A AL AT AFS NE et 2R A fAAE et AR AA
a9 Ao g oy A AL 95T F Aes AFS Tl AU

Li et al.(2016)2 M Z% T2 &3 A (Dynamic storage assignment problem)E A9t A& *%
AA g HAE A T AAE AFstATh =F, tolEuto]d S 7o st AHEE XQ\:LHH‘TJ’
AE2 YHE] ABC E7HAe 45 vus APt sid A9 2ol Holy wieold 7&S A+

[e)
A A dF Al A8 AFE Tl AR & Al=He] &9 Ase NAdE] AT EJ*V*"J ]
AR TRl e d Ao® #AFH A Ath(Reyes et al, 2019).
2 AdFNME dE = ZH B A4S AF A A €8 IR ESR A &5te] 3449 A¥F ()<

/ot

22 @t 17 EA(Order picking problem) ¥ 28 &4 (Routing problem)
=)

Reyes et al.(2019)°] mEw $3] & WP Eo] A7 7HE A ] 582 2f 97 Ay HLa
35 Z33 Ao U I3 Z83 olF Aot ¥HAd FAL Aot Ak oM H AF A T F
Aot oo AA FAA FH AT HHL olF At B olF A H4A3o|th Pan and Wu(2009)=
2332 )9l (Markov Chain) ®H-E 7o 2 A7 2 2Rl o2 o] Fdtes AgE dZ3stes =g
= M £33 AGE £4 EdS 7N o 2 AR 9 @ A0 SAS BAsta, ¢ A T
¥ (Single picking zone), =717} T Y3HA %2 T4 (Unequal-sized zones), 717} &L & < (Equal-size
zones)®] Al 7}A| Picking line BEjolAl ZH2te] Al A @9 HAs duglES A Ene and
Oztiirk(2012)= 4 541 8 (Integer programming) @ 7 %312 &(Genetic algorithm)S ©] &3} A5 2}
A € 7‘17“' AA I ¥ AF A z"HS HA5E7] 43 ATE P o] AFANAE AsA

_—

L

N

e BE A gojotko] F&st] A8 A= A dagF IRk WY ES AAEAT
2}-%-% (Routing) Aol gk A& AF2= b5 d75°] Atk Applegate et al. (2007)2 A FOo 2
9] ZA|(Traveling Salesman Problem: TSP)E &3l &+-¢8 =& A3} ZAo £F4S A AT
of A7l WEW e FHa Eﬂolol'%"ﬂ/ﬂ 28 TSP &2l AH&sto] Yehd 4 vk =3, TSPell 4
g F e s 54 248 Z24FW 29 97 EAAE B8 w EFAS 5T F W
i o

wfjZoll, TSP ZA| o)A = %H—t— Felzg 7S oH 9F EAE 3
o



oAl 27 A4 Al AIYIE 2UH0R DT Fol26 PYE ST cllE 2E
oot HE 7edt g’ daglFo] SASHA g2 M (De Koster et al., 2007), F&| 28 WH-ES AF
235= AHo] HAsE e %}ﬂazg ARgete AR T2 EFAE HolA B T2 dee BoAF

7] & o] th(Petersen, 1997).

S-shape 298 % 3 (S-shape routing policy) 7Hd 1t 298 A A 5 3 E, Goetschalckx and
Ratliff(1988)° oJa =d=HAeH, o8 HF AJA7E T& £ TFEZ(Aisle)E o7 & & E2&2 Ut
© Yol Sshpae 2H¢-8 A A= 26 A AdAs 8449 AFe] e T2 =L38d 11 F
2ol s 4H3 IS o] F 1 thg TEE o] 5T THCano et al, 2017). = T2 -8 G2 W3

97 ZAJA7E AFS AEE ettt AW 22k FZ(Front cross-aisle)iHS &
g o]t} (Van Gils et al., 2016).

A A (Return policy)2 2T
gt TR =yEs 2k
2 AT A e A

d T-ol A S-shape 2+-¢-8 BA 3} kg A4S AP A 2Ho" A
(Combined routing policy)& 2

=)
&3k

vy

23 A% 73 vlo|d (Association rule mining)

tlolE mlojd 2 HolHE 4t =70lH, Odd B HolHE E45a F83% ZHRE Q9
st ZEA|Zolth HlolE mholy 7]l o] ©A(Anomaly detection), w3 3H(Clustering), ¥ F
nlo] g (Association rule leanring), 3] i&4](Regression), £ ¢F(Summarization), & (Classification)
g & To] EAZ(Han et al, 2011). ©o] T A& 72 wio|d& A FAs= W=7t 52 F&55
#AAE Frol &= W o]tk (Kumbhare and Chobe, 2014).

o k1 o

e

Chuang et al.2012)= A& A& (Item-associated) 1 =HTY 7|HES T3l X & TA IH A
(Picking distance)& 43}t A5 WPt Ming-Huang Chiang et al.(2014)9] dATolA = A&
L BAAS] BEet BEA BEFE SAHsE AdF 32 vlold & 3] ‘Weighted Support Count(WSC)' 2t
MEL B8 ARE AL ald AFolxs AA AF F5 AH HolHE AHE3 43S 53l
o] A 7137 wlolde] HEo=T olF AglE HU 13%7HA ZAaAE F A< THIA T Bevilacqua
et al.2019)8] ATolA= AH 72 rlo]d S Fall FarY FF 2 SAF By g HA A A GH HE
AZte HAskstr] 9l AS(Automated Storage)/RS(Retrieval System)o] AlF A% % & WHES
Mk, A AHHE T3 o] EES] HeS AS3HAth Chuang et al.(2014)= Apriori ¥112] &9
AT ) FA(Web statistics) 2 A 72 vlo]dE& &85 AH 79 A A (Zoning adjacency) ¥ A7 9
A &g FAe AdstATh

—r

1) Apriori ¢38]F& o] &3t A7 737 wloly

Apriori ¥118]F2 Agrawal and Srikant(1994)°l4 A0 & AA T dagFe =, v J5 e
(Frequent itemsets) UFol'd 3 13 7+ wiolido] Abgdnh R &5 Hghe AAA7E AT Ha AA
S(support) ©]’de AAEE Zte &5 HAEolth Apriori g FdAE AF A&2S A S
WA EAA A (Transaction) BlolE oA Rk &= [eh-g gt W 45 ¢S G4 we 94
k-5 Ak Mo F5E VA 5 Jd)e ARESEA (kHD)-F5F A (k+1) M| FES
A& gt AddE T g5 Jgs =1 3 (Antecedent) I A 7 ¢ (Consequent) T+ 7N
Aoz Yo A ‘FFZ]'% sk, 42 A8 A2 =4 HAe] AT W, 23 A
At 2o E, F& 7R A 2 20 JFY AFel FoEY, A3 I A

N
F

N
N

o
i

bt oorr oo
r—?lla oo{l oo{l
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N
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A 73S AA X (Support), 41 ¥ %= (Confidence), &%= (Lift)e] A3

EAEE 47 Az AAE, A2 AYE, Ha FIE o4 FEL 7k

a4zre] Ax=L w4 (1), (2), 3) &2 TAT F AT FA0A Xk Y= 44 =24 A A A
& ojul@n) o] Wl 20U ARAE G4k Aol Xo| AN EE HolE Hel A X 7} BT GE
o1, 79l ASE X} HIRE 0 V) LI AR G, FYRE X V) A 2T S
ES X Y7 A4 2 GEE e o Z X Y7 SHY w div] E owje] dagde] A=EAE e
g ol

Support(X) = frq]\(fX) , Support(X—Y) = Lj)\f})/) (1)
Confidence = M (2)
Jrq(X)
o Support(X—> Y)
Lift= Support(X)XSupport(Y) 3)

2 AFolA = Apriori €8 EE o] &3 A¥ S dF WE TN B e HES AF $A

g pNEoR 85 348e] YRS ABHAG

2) Affinity measures ©]-&3 A% 3 wio|d

Affinity measureE ©]-&3 A 3 U]'O]‘ﬁ% QH3Y F(2000)°] AHFOo & At AT F3F wlo]d &
agjFoltt. o] A¥ 1F wlold & ES Apriori & =

1 FY WES v Aok WA B FFo] A FiF o]l FEHES Affinitive I HA o2 A
ok A= E affinitive 35 J &S 2@t 2 7Y d5& 7HA =

oA 7Hest 2-A5FFES Affinity coefficientE T3] x| ERAHANA 7+ &
coefficient®] &< T3 ZAAE Affinity ratioE A4t o] of, AR A S}
Affinity ratio ©]’3<l 2-F-E =S Affinitive &5 JFo =2 Magch 22L& w2
A Affinitive 35 IS Tk A4S Affinitive T JFEZ A9 A
sepr | Ql H 4 Mixture ©179] Mixture @<= 7HA& A3 F2AES FYvg A
A 722 A= AFEEE A EQ] Affinity coefficient, Affinity ratio?} Mixture®
I o] A3t
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Nk M2k n
(Juzk Mk 1A2“k)><(nl+n2_~_._.+nk) 4

Affico = min
1 n L) s

= {1,2,....k} 9] Affinity coefficients= 4] )& A4t & Jot. n, = ERYMA A TS = k
FEo s «] H&tH, ny ERAHANA e F U FEEY &A%Y Aot =3 FEHY
1

e E
Mol FEs 7HA= A JOJ 749 Affinity coefficient® T WA Folth
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Afficoy s

Af finity ratio = Af ficor, + Af ficoy o + -+ Af ficop s (5)

FEF e Affinity ratiovr T2 B)E AAE + JdoH, o] g2 F&5

|
o AdHA t¥l A AEE AAAE LGS F A= AZolth(*FFL T, 2000).

o
re
r
o,
ol
b
N
—_
ot
e
=

Afficowh
Afficol,y ©)

mixture =

A% 72 XY Mixture: 52 (6)% @ol AelHrl o] gre dg 7ol &
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2 AFdAE k3Y 5(2000)0] Ao 2 AFF Affinity measures AHESH AF & mlold S Y=
HE 719 B Ao 88 AF A A & YHECRE H L5t 344 APB)S IPBsAT

Al 7HA $12 29 W ES 3d FEVIE, 49 FEV15, 58 FE7IF0 dial Addstdth & dTolA
E =

A AF AA G a2 1) 4F W= 79 23 ¥2)(Turnover-based assignment), 2) Apriori &3l
&S AT A 73 vlold S 4FE HIE I B Ao F 53 W2, 3) Affinity measureS ARE
AW 1 mlo] WS AE HIE TN By S EFE A A ZiAlolth A WA WAL RHA o R
g 2ole AF5H AR YA ¥ PHERJ] 4= W= 7R B3 2o, dlolElnteld 7Y F 3t
A A A molde dE Wk ZIRE By o] HES F AA, A AR T3 S Hlalske] 2
Aol A e

A M AFER UCIOIAM Algsta e 9= 284 ZEdd
2011 9E7HA o] 1A F2 ol FolA 349, 44, 549 F& 7|5l el Pt ¥ Hd 2 v
=

= —a
% A e (order picking distance)t €8 ¥ 7 A7 TS =S5tk HFH o, 4 HE b
973 Ade Foa 34, €8 et I3 Ao FEE 4 4o FE NFE NTAR @ EETe 4
d A= AN 7 9% g A Y des Hlal B Frlstan 1R, 8 F vtold S A= W

= 7l 5@ o) HEa) A8 FE NS B 54 AS AFEL EUT sk ARl
a3t H, A A F e ot YA AEFE % o
AGFE 20, 40, 60, 80N Z AP R 1 H3lo] wet o 97 A7} of

27t Adsls NZE AFE 9 @9 YHES A Z3 #Aod A Fgsi=d o stol=gddg
Al EE AlFE A BTt
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32 49 374

Ag 4o o33 2o} Python 3.6.99] Pandas 2ol B 2], Mixtend Elol B &8 5& 53 A&
2 vlol @& TP, o] 9ols nfo]AZAZTE Excele ALY U FEYOE Intel® Xeon®
Silver 4210R, DDR4 RAM 128.0GB A}<F9] sl=¢o] S AL&3} T

33 Holg AXE H +=
1) AA €

A& dolH = 2010 1€ 5H 20119 9€7bA1 9] 7|3 FE7] 501, & AF-olA+= 2010 3¢ ,5
4o F& 7li°ﬂ o 5] @_646}0%} tolE o] dAe AAL oS E‘E}. AA H7], 22 @_uﬁ %Qi
FA & ot 11“4 —’T—%%’ﬂ% o] 1 8k= Quantity o] gko] 0 ©]3}Ql FE2
1 918 Ha4 A olde] F& 7] =0l

N e el 2 FEE FEU AL BAe] ol A4E STE AL A€ AR oI,

ri

Rl
)«
N
Hn
HU
r:L
N
P,E
fa
)
é
4}1
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N
S
K-y
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A
)«
&ﬂ
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A
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N

IQR(i

=
S
=
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N
o
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2) 98 F& 715 Holy 7=

A& dolH e = 2z Po] shte AFe thd FEol, €L FE HIEE ovrEe !
AFe] MEE 9v3te ‘StockCode’, AF2 o5 YH|sh= ‘Description’, T TH=
‘Quantity’, T A7t 9|W|sl= ‘InvoiceDate’, AlF T@7HE 9 W|8hE ‘UnitPrice’, &3 149 1D
‘CustomerID’, P}A|Eto.2 FE2H F71E 9|t ‘Country’ @2 FAF O] At o] & A# 73 vlo|d
S AT £ e FeZ vtr] Y3l ‘InvoiceNo B9 2 PO 2 HA, ‘StockCode’ B9 #HS I=
ARt e T HES} A F HEof sidste FEFS 27 Aol tidstath =g 2 ATl A

B9 43 AoI0 2 e Ao 10 AFE AR + AOEE, W FE |G T8 WA A %
Mol FBe Mgt AP AgstaTh ARHOE YHB FE /15 dlold FejE Table 13}

120
Zt, B:_‘} Apriori €18 FES AFEE AT 7F vlojd S 98l 24 A Fe 0 o)A A2 18, FEF
0l A (GlE AFS FE3A &2 4-9)2 092 one-hot codingd}o] Table 29} #&-& °|X F& 7|5

o] dolEE AAEA.
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Table 1. Transaction record of March

tockCode
22423 22720 85123A 22385 22982 23182
InvoiceNo
545220 0 0 0 0 0 0
545221 0 0 0 0 0 0
545222 0 24 0 0 0 0
548547 0 0 0 0 0 0
548548 1 0 0 0 0 0
548549 0 0 0 0 0 0
Table 2. Binary transaction record of March
tockCode
. 22423 22720 85123A 22385 22982 23182
InvoiceNo
545220 0 0 0 0 0 0
545221 0 0 0 0 0 0
545222 0 1 0 0 0 0
548547 0 0 0 0 0 0
548548 1 0 0 0 0 0
548549 0 0 0 0 0 0
Table 3. Statistics of transaction records
Minimum Maximum
ttributes Number | Average items Average order
number of number of
Month of orders per order . i frequency
items per order | items per order
March 1360 7.3998 1 51 74.5667
April 1151 7.2664 1 53 62.8250
May 1325 7.5758 1 61 84.6500
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3¢, 44, 59 717} F& 7|15 dHlo|E 9 F& 5 (Number of orders), 3t & & AF 713159 3
3k (Average number of items per order), st F& T AF 7HA T HEF(Minimum number of
items per order), 3ttbe] T F AF 7o HUF(Maximum of number items per order), A|F B
FE W=9 P Fk(Average of order frequency)< Table 39| W83 2t}

3) #3l layout

T I

%3 layout Figure 13 22 AP A0 ALY FE| A F 6719 T2 (Aisle)9} 3tte] B2 & &
of 1071, & 20782] A% A& 7HAES FASAH. 2AF o= 1299 A7 A6 =W, HSHE
1A 1292 MEE vzt 2P A4t AR Aol whe} Blaws Aehsh ol gojoh& 243t
71 s, A7 77 AR EActs A R dolobS AAsAT. A Aol AdA=
Point [(4) oA E&eiA AH S A&ste] 97 & €WH Point O(FH)E WHI Bt webA 97 74
27} Vg @S T2 290dA 7 e AEE 799 TREola, AuFo R A B2 FEHS T2
= X W2 A" 799 B2, MR 9 A2V R AEEA &S AR AV 249 79
o] F=oltt. & ATl = 7 Laned £ol9k o7k BF 191 22k 4 FaL #ojolx& At 4
Ao & 7kA1 o AFT AZsH, AGsts AFe Mee LA Eeth

10 11 12

1 2 3 4 5 6ﬁ\7

Figure 1. Warehouse layout
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34 AF AR HAA ¥ LAY F

1) 9= W% 7|8k B3 %2)(Turnover-based assignment)

UZE W= 7R AF A §F PHELS FE NEd wgt HAE Ests Wlojtth o] WAL Y=
I RIETE 22 AFES 4T AL T2 MATOEZA olF ARk HAash(dA S, 2007). ©]
AddlMe T 1207HA 9] AFe F2 WEe] w2t 2YTUF AAR VteElE EoE WA oR 9T
stk TAH R, FE WEE A9 10709 AFE A7k 70l 7 7k B2 oW Ao &
stal, 1 o 10705 79 $1A |, I v &2+ 51, 89, 41, 9%, 3, 109, 2%, 119, 19, 12/ 9 X
THE RS g3t 22al T2 HelM s Aol 77k AR FE AUz A urie Bee A
gt

Apriori-A¥ 712 wiold& FEF A A T WA dE HE 7N Ba o] A3 3 wlo]
Y Had o, dd 13 vhold WO 2E Apriori ¢alElES 283 W olth Apriori ¢l
T2 8T A8 13 ol 2 2”8 AT vk} o] Ha AAE, Ha AHE, Ha FEEE 24
s}

o] Ag o)X= pythond mixtend kel B.& 2] 9] Apriori 5%} Assocation_rules % ©] 83 A& 7F
= kel , Ak

< TS AAZ Aetvy ge 2] s o 23] Ha AAE, Ha AR
s APAE H, 44 7Y rule N7 ESH = AV Y 2 Agsian I &5 o
A ele Ha AAEMinimum support) 0.0055 28383, A& 713 Adol= Ha A E E(Minimum
confidence) 0.237% H 4 4= (Minimum lift) 25 v B2 2§t Hch =3, Ao dAAHS 938 3
4,44, 59 7 HolHE o R & Ao AR edT @& A&tk Table 4= AHE-H JEHHH
o # =29 rule®] 7N (Number of rules)E A 2lg Fo|th. Table 5ol = 399 =& 7|5 Ho|HE
AR A8 Ao dFE AASAH

Table 4. Parameters used for Apriori algorithm

arameters
Minimum support | Minimum confidence | Minimum lift | Number of rules
Month
March 0.005 0.23 2 1150
April 0.005 0.23 2 1029
May 0.005 0.23 2 1191
Table 5. Details for Association rules using Apriori algorithm (March)
Association rules | Antecedents Consequents Support Confidence Lift
1 22722 22720 0.1475 0.5507 3.7330
2 23182 22379 0.0092 0.2340 4.9859
3 22697 22699 0.0771 0.7500 10.4041
4 22699 22697 0.0721 0.8023 10.4041
5 850998 22386 0.0520 0.4336 5.6222
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Algorithm 1 How to assign items at the shelf
1 i=6,p=T7/2,q=T7/2
2: while p > 10 and ¢ > 10 do:
3: if # <6 then:
4 Assign 10 items at shelf i:

5 p=p—10;

6 i=i+2(6—14)+1;

7 end if

8 if i > T7: then

9 Assign 10 items at shelf i;
10: q—q—10;
11: i=i—(2(7—1i)+2);
12: end if

13: end while
14: for item j in shelf do:

15: for item k in items associated with item j do:
16: if i < 6 then:
17 Assign item & at shelf (/ — 1):

18: if items in shelf (i — 1) > 10 then:

19: Assign the left items at the shelf (7 — 2);
20: end if

21: end if

22: if i > 6 then:

23: Assign item £ at shelf (7 +1);

24: if items in shelf (¢ + 1) > 10 then:

25: Assign the left items at the shelf (i + 2);
26: end if

a7 end if

28: end for

20: end for

30: for item j not assigned do:

3L for item i = 6.7.5.8.4.9.3.10.2,11.1.12 do:
32 for=1;1++1;1 <10 do:

Figure 2. Storage assignment algorithm

O

A 7S 83 AF AA I ¢ugFS E}%ﬂr 2. WA =5 NV 7FE =& 2000
4071, 6071, 80709 AZFS =Y T 77 YA
—Zrlnj— IR -’P/Hﬂ]i 107H24 6, 7¥, 59, 84, 4ﬂd, 9ﬂd,

g3t o 34';(6]% A ‘Flet% _‘?_Fr O]%?——l' W7hA] HEIY. 20T V1S LER g,] Aof &g A F=
el e 22 FH o AFe I o] w X %Zl‘oﬂ F5E Aol= 129 AIFE A -a, il
B QEZE Fto] B 1W AAFH At RE ¥ S o] 8T FoxE dIHA X3 AlF
=2 FE NEI =& AFE cAdE ST 7}77}-f AR FE A o2 ST A He &
83 91X g W] ¢ae]FE Figure 29 Pseudo-code FENZ A A St TE o] &ag]F L Affinity-&
 rE mleld S 83 AF A €T WA dE FdsA A8
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3) Affinity-A¥ 713 mlolde &8I AF A T B

Affinity-A % 7132 vlo]d S &&3 AF A T W42 Apriori-AH 137 vio]dS &&3 AF 9
A g FA Y FUSA dE NE N B Ao A3 3 vtold g HES WAl v, AR 3
& BT W kFd F5(2000)8] ATelA AEA AAZE Affinity measureE AHE-STHE Holl Al 2po]H o]
ATE FFY 5200008 ATFNA AAZF AF 3 wlol o= HA £, HA Affinity ratio, H4&
Mixture®] s}etv]El7} Hosith 2 A9 AdolX= (2)9 Apriori-A# 73 wioldS &8 AF 9

A Y A e AFES FOE 4P AN Ha FES 002 MHs A 1209 AF
F gests AESo] Q=S Stk =W AB 72 24 AW} A% Yol 47 shtel R

THA = ome 274 ]’6}/] Fus /HAE F5 Jde AT o Zad s Ed H4 Affinity
ratio= AAQsHA Lot Fovd A 1Y AAFES A8 st AHrEA H4 Mixtures (2)9]
Apriori-d ¥ 713 vlold S 83 AlF AR g WA 39 FE 71F dlolE o i dPelA =&
rule®] 7Rol 7’k BI? JHe] Rule] E=EHE o= AASAN. oA AAEIT HL
Mixture(Minimum mixture) & PI7IA 2 A9 A S 98l 34, 4¢, 5¢€ F& HolEHE o=
gAY AR 5LS o= HEsATh AHEE I E Y 33 == % Rule?] 7l (Number of rules)

e st

J

+ Table 63} 2T} Table 72 3€9] F& 715 HolHZ AHE dF #3 dAolt) A 23S &8
B 9A B Be FTAZES QoA AW LT EYsi.
Table 6. Data using minimum mixture
arameters
Minimum mixture Number of rules

Month

March 0.245 1144

April 0.245 1160

May 0.245 1271

Table 7. Details for Association rules using Affinity algorithm (March)

Association rules Antecedents Consequents Mixture
1 22423 47566 0.2694
2 22423 21212 0.2538
3 22720 22993 0.3168
4 22982 22979 0.8545
5 23182 84991 0.3840
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35 29 37 A F(Order picking policy) @ %% #3(Routing policy)

ATeME S oF 9F dugEs A8 of JA AL sty F& e Edtets NEA
2](Single order picking) W21& At 298 A2 Sshape 28 A Return 298 S &
&3k Combined 2H¢-8 A A& &I 7414 W& =3 2o Point (J)olA 23 2H4A
+ Pick listol] 238 AlFo] AAT FZ(Aisle) 5 7HF dFol A& T2HH FEST A HA AFES
A3 FH, I o] AFES 7P ATt &2 ols BEES Ade] F2Ad0a 7Y Pick listol]
Z3E BE AFE AYT Al vhA= A Fo AR AN ETE o] 5T Figure 32 FAIE AlF 47}

A7t kel Pick lists TS & W 2T 9F AFE9 dAon.

V'

A

Figure 3. Example of order picking path

36 49 A% B 84

B AFolAe dolErtolyd 71 & A 73 molds AF °5<] g Wy Eol A &8t Order
picking distance®] W3S FIstal, FA AF A EF WHEA dE W= 7 B o)A 9
Order picking distance®} Hlal3t= A& ZstAch A3 dlo Ei% %72 e-commerce 3]AFS] 2010

1458 20114 997148 F=2 715 dHolE F 2010d 3¢, 20101d 4€, 2010%d 5€¢] F& 7|5 HolE
2, % A 7K AE dolHE o] &34 AP3A T Figure 42 1 F ‘Weighted average (Apriori) &
Apriori-A¥ 713 mlo|d S &3 AF X T BA S 34, 449, 5€9 FE 71F HolHe| thal A4F
g Az, 48 of AP AYY FEE FE NFE HSAE VS BT Felnh Figure 39 1=
% ‘Weighted average (Turnover-based assignment) & 9% W% 7|4 B3 B2& A L3S ufjo] 4
ot 97 Aol e 22 WHeRE =& Aot 7t Fo Ae AE NE 7N B a3 o
3 rloldS ARE wf, fdE Nk VW B Ao g WA FHad ddsts AFe £ vt
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Figure 52| T1ej = Affinity-A% 712 vloldS 83 AF A dF Aol ed A Age &
< "RIZ7HAZ 2&8ty Uehd d3eltt, 2 & ¥ 97 Age Fadgtel i = 22 HRle= =
Z3}4 Figure 6%} Figure 722 37| A AISFATE 2] Table 82 Al 7FA] AlF A4 1% & 2o =

< A4 9] Order picking distance®] H+ 3¢} & A3 tlolE o] thd Order picking distance &2
7V d A& UEtH T, Table 95 2 A @A ] & & Order picking distance®] H# 3¢} & A3
dolge] gk FF & Order picking distance ¢ x| & EFATE

1) AF A &€ B2 o] & order picking distance®] W3}

AY A mEH, dE NE N B g4 S ARFe W BEFor o vA A ghel 7HE
231, Affinity-A3 713 viold S Z8&F AF AX & WA o] F ‘?_WH, Apriori-Ad¥# 73 viold< &
3 AF AR EF gHe] 7HE 2 v fx HE W= 7|9 B g4 thH] Apriori-
A A+ mlolde 8T WolA T F oY Ae= 08652% B Wk, & & 2H
7 A= 1.0641% B SEokTh 2P|l Affinity- A 712 vhold s B8R WA & 7 Tk F 2

= 7% 2 ‘%}él of Bl 0.3839% T S3kal, 2 7 26 HF AEl= 04583%

O @ttt o] A= AF HA € @Al dF FAE A Esk= o] ol AE E°l= ul A3}
J&< et =3 FE FFS 2t AT B qHS A EAS Wi, £F JRE 1A
&t Apriori €8] ES &S W olF At ¥ FaAES & 5 Uk AR A4 @Al A o]F
A FaFES BT 2% vvte R, 459 Aolrh A YERA Skt

Table 8. Weighted average of total order picking distance

torage assignment Turnover-based o o
. Apriori-ARM Affinity-ARM
Month assignment
March 109,037.5 107,142.8 109,388.5
April 93,151.5 91,349.3 92,201.3
May 122,643 123,206.3 121,936.0
Weighted average 109,548.3 108,600.5 109,127.8

Table 9. Average of order picking distance per order

torage assignment Turnover-based o .
. Apriori-ARM Affinity-ARM
Month assignment
March 91.3977 89.8095 91.6920
April 91.2356 89.4704 90.3049
May 92.5608 92.9859 92.0272
Average 91.7314 90.7553 91.3413
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2) 9= W= 7Nk By A s A qrF whold o] HE
B AFoxs dd & mleld A8 adet o], 4= WE 7Nk B Ao A g7 nio)
= A5Z W, dF NE 7H By gy or A6 dA dgsts AFe ol wet o]F Agrt
| W AR OE Apriori-A ¥ 7HH wlold S A3 WAl A= 4079 Al

Yetu deAE FE fou,
A= Wi 7Rk B o me} d9ste AFY ol AHI A=rt EAT M E &+ Ao
B3 e NE N B PHoR I AF A He5S AR FH Y T A 9
N7b o ged, JUZalA HAY F %ol A% FHo wet FFH AF 99l vgo] FLrE
BEgHew olF Azt o Aot
Weigted average_Apriori (total distance)
110000
109548.3
109500 T S g S A —
109252.6572
(]
()
[ =
8
w
T 109000
oo
| =
i
S 108492.631 108473.3204
g 108500
108183.3877
108000
20 40 60 80
the number of items assigned at first
=== \\/eigted average (Apriori) e = \Veigted average (Turnover-based)
Figure 4. Weighted average of total picking distance using Apriori algorithm
Weigted average_Affinity (total distance)
110000
109664.8618
109548.3
109500 S g g p——
[}
O
S 109319.692
i
2 00000 108914.7276
&
= 108611.7745
Q
a
T 108500
8
108000
20 40 60 80
the number of items assigned at first
«=0==\\/eighted average (Affinity) e a» \\eigted average (Turnover-based)

Figure 5. Weighted average of total picking distance using Affinity algorithm
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average picking distance
(]

[ =

2 &

©
o
wn

90

91.7313

90.77195322

20

Average_Apriori (distance per order)

90.36677317 90.436669

40 60

the number of items assigned at first

«=0== Average (Apriori)

a» am» Average (Turnover-based)

91.38558471

80

Figure 6. Average of picking distance per order using Apriori algorithm
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average picking distance
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Average_Affinity (distance per order)

91.36356867
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20
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91.78063207
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2 dAFolAE AFE AR A @ HHE dolEntold 71 A #FH wlold S A &3 A=
+ AF A A €9 dugEe Addn. a8 73 woldol® FE A 2y WS TRte
2 A% S FA8tE Apriori € EEFS 283 AW 7F vwlold A WISt A WA £
of g BRE &8+ Affinity measures 83 A¥ 32 vlo|ld S BT A LSt s 4IPS
st 249 23 2 4 oAM= AdT A7 AR o WA Hee Brishr] f&l, 22 4
A dlolEol 1A A 9 ] g HHE] 4F NE 7R BE A A8 AAE vlwste A
Aatdnr. 283 A3 A3 9 B4 2edAe 4= RE 76 By Ao A 437 mlold S HES

Figure 7. Average

of picking distance per order using Affinity algorithm
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5. #E(Appendix)

Appendix [a]. Average order picking distance using Apriori - association rule mining

items assigned at first

Month 20 40 60 80
March 91.3148 88.7775 88.5620 90.5838
April 89.4275 89.1523 88.7733 90.5284
May 91.5736 93.1706 94.1547 93.0445

Appendix [b]. Average order picking distance using Affinity - association rule mining

items assigned at first

Month 20 40 60 80
March 90.8881 92.2603 91.9233 91.6961
April 91.5000 89.4285 89.4285 90.8820
May 90.9291 91.6574 92.7585 92.7638
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Appendix [c]. Average order picking distance using Apriori-association rule mining (March)

April_Apriori
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Appendix [d]. Average order picking distance using Apriori-association rule mining (April)

May_Apriori
94.5 94.15471698
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92.5 -aes ar a» a» E» GD ED ED ED ED D @D @ © @=Qm= ADriori
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average picking distance

20 40 60 80
the number of items assigned at first

Appendix [e]. Average order picking distance using Apriori-association rule mining (May)
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Appendix [f]. Average order picking distance using Affinity-association rule mining (March)
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Appendix [g]. Average order picking distance using Affinity-association rule mining (April)

May_Affinity
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Appendix [f]. Average order picking distance using Affinity-association rule mining (May)
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