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Object distance extraction method using deep learning

and stereo camera

Min-Hong Park’, Jong-Un Won? Jae-hoon Cho’, Yong-Tae Kim'
"Dept. of ICT, Robot and Mechanical Engineering, Hankyong National University

’Korea Railload Research Institute, Logistics System Research Division

*Smart Logistics Technology Institute, Hankyong National University, Korea

In this paper, we proposed a method to calculate the linear distance value according to the location of
the delivery box and the stereo camera. The proposed method recognizes individual delivery boxes
using YOLOv4, and calculates the vertical plane position of the camera and the linear distance between
the boxes using the IMU sensor mounted on the stereo camera. In order to evaluate the performance
of the proposed algorithm, a laboratory-scale experimental space was constructed, and the measured

distance of the actual delivery box and the output distance of the proposed algorithm were compared.

Keywords: YOLOv4, IMU sensor, delivery boxes, stereo camera.
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A2 J&Se G| 2R A55E I $2F 71% F9| abo]THWon et al,. 2019).
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HeEd Ve FAF AALE ol &3 b 7z Y 7ol MEEH A vk ddF A

= AA FEete] Aes M R-CNNo| /=gl
R-CNN¢] ?jﬁ/\l & 7144 %1, Fast R-CNN(Girshick, 2015), Faster R-CNN(Ren, 2015) 52| F-xE°] 7|
=0]7] 13 Masked R-CNN(He, 2017)2] 742 2t @A) 2§ vhgh A
1950l Held 7l& Aol FoAstHA g el 7iso] A&
o] WkEA A A JYtt. 53] Tl MRS LEALE AFEE YOLORE S AA Q4 &
S} A5 s Aokl AFHQA H Lol o] FoJA L JTH(Choi et al,. 2019).

ofr
o
fz
R
0
o
T
-
;g,
o fo
N
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Ade FE8hs A7HE ZElEl L Fhvlel AlAe] wEA BHsHA JeY 7lsd 7 etE o] &3 7]
=50 e AFEHAR L dvh. 2HH L FHH e AA e Fhelet Abol o] ARE & de Aol
Atk 2y FhEte] Eolok Z1& 7ol wel AR ghe] EEkA ] Wil A §Fokol wel AHT By &
aEF o] Hasttt. A-s gufste AHle] F9- stgul o] 7] XA Fx vt 9 =2 olF
gto] AEA < AdES Fds] HAslids stAAR e 27] kst hvgte] A §A], wo] 1A &
7l wE AL HAAYE Add 2ot v

2 =ZdAe H“—/\i} 7he gk $13(&ol B 71=&71)el ‘q'% A gs ALtete e A
ok A S Jeld S 71E T YOLO-v4(Alexey, 2020)5 6}04 N gl BtasS QlAska <l
2E A sg 2 H P2 Jhvgke] A2E IMU(Inertial Measurement Units)Al A1 & o] 831 7h|g}e] 4=
2l JH SR e} v g ] HAARE A AkE dudFe] dee Brkstr] fsted A7
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(a) example of box data (b) example of box data

Figure 1. example of box data
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Figure 2. Information of dataset of box image
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Figure 3. Structure of learning model
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e 22 AE 452U Soto 4 AR ARE B T AA AAY 2718 & 4 AT
detd AAe ARE H@pAoR & & Y7l AAel HA 9Ix FAel At

3. AgE o] I wE AA A FA4 W

Aol BE YRS Gehls Gaoladtn & 4 Qi 2o AL 3349 B3] 20| Y H(Depth Map)
= 349 Bl AAA e AT &S 2E Arold. ol 344 o] ARE ~HH L AuIE o &

Ho|t},
&7 #olA 2AY, TOF(Time of Flight)E o] &3l Wy Eo] Utk B =R AAS 4t ¢
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E Fotal Az 24 AgE Bt 2EH YL S ERE IAAIY AYE the A (1)H 2ol FET
=
. b
1) distance = Focal———— (1)
diparity

distance

@ Ease |in9 ¥ @

Focal distance
disparity

Figure 4. Geometry of the stereo matching system

Distance= 3| AFA| &} 74| 2ke] A2, Base linee F 7wzt &
olu| Aol A I ALA] I+ AE] A, Focal distancet= @ =2 3% do
AHAIE obell ¥ Zo] A HERE FIY T e Aotk

29 AgE 531H, disparitys T+ 719
Jolth. o] & T3l 7 ddS F38l I

B =EoAe Addd Hhze] ugHo A goloh iyl A7 FHol e HHdAYE FEIH. =



Hele Aves AW Ex ol Fahe WelA kolst EASL AvietE Fo UBhiE 9= 3ae 5
Be ol 4 gtk olHP Q4 ste] 2L A G0 AP AAA ] ANALYE Ak}
2 S2SA B 228 AUAUE Aiete] AXAARE Bl AU U A4 AN
aheh ol A ol, Avest X% BN ANAAA] HAHAYE B@EY F Yk B =

33k A Fhvieke] AEsl TS SAA Y A, £7 AYES AW el Bl Ak
SR 5, FHAE A Bokd AX4E AAE AASAY s A 7]

LR WS The obdl 1Yt ol AAviete XS AmAEe YHOR sHYAh

x ¥

Sy

L
| s %, o e
{dlistance™, . Xoe Yoo Bp ™
| . B, e |
R
b
oy
\':’I
e

height

\_\
¥
Figure 6. Distance and height extraction using depth

information
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Figure 7. Flowchart of workspace division
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Figure 8. Box image used in the experiment
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Figure 9. Learning result of box dataset
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(a) Pitch angle

=10

(b) Pitch angle

Figure 10. Result of object detection at deferent angle

Table 1. Result of figure 10.(a)

15

Table 2. Result of figure 10.(b)

A7 q5 |25 | Ad | A5 | 25| =°l A7 qd5 | A5 | A | A5 | 45| =0l

A" | A= | A | %ol | E°] | & A" | A= | A | wo] | ¥°] | &A
1 | 2760 | 2780 | 20 | 1119 | 1140 | -21 1 | 2761 | 2780 | -19 | 1123 | 1140 | -17
2 | 2770 | 2755 | +15 | 1709 | 1698 | +11 2 | 2770 | 2755 | +15 | 1707 | 1698 | +09
3 2776 | 2760 | +16 | 228 | 245 | -17 3 2775 | 2760 | +15 | 225 |245 | -20
4 |2719 |2705 | +14 | 1130 | 1148 | -18 4 |2715 2705 | +10 | 1131 | 1148 | -17
5 | 2754 | 2735 | +19 | 685 | 695 |-10 5 2750 | 2735 | +15 | 686 | 695 | -09
6 | 2756 | 2740 | +16 | 216 | 225 |-09 6 | 2751 | 2740 | +11 [215 [225 |-10
7 | 2750 | 2735 | +15 | 773 | 795 |-22 7 | 2748 | 2735 | +13 | 780 | 795 |-15
8 | 2876|2890 | -14 | 1793 | 1782 | +11 8 2878 | 2890 | -12 |1792 | 1782 | +10

(a) Result of move right to Im

Figure 11. Result of object detection at deferent position
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(b) Result of move left to 1Im




Table 3. Result of figure 11.(a) Table 4. Result of figure 11.(b)
27 | A5 | A" | d5 25| =0l _ |25 |23 | dS5 | A5 | 23
A" | A= | A | wo] | E°] | A A= | A= | A" | Ee] | E=°] | AF
1 2685 | 2701 | -14 | 226 | 240 |-14 1 2688 | 2701 | -13 | 229 | 240 |-11
2 2676 | 2658 | +18 | 206 | 218 |-12 2 2673 | 2658 | +15 | 210 |218 |-08
3 2712 | 2691 | +11 | 330 |311 | +19 3 2683 | 2691 | -08 | 327 | 311 | +16
4 2691 | 2681 | +10 | 1004 | 1010 | -06 4 2665 | 2681 | -16 | 1001 | 1010 | -09
5 2676 | 2670 | +06 | 883 | 891 | -08 5 2682 | 2670 | +12 | 888 | 891 | -03
6 2693 | 2705 | -12 | 1175 | 1163 | +12 6 2690 | 2705 | -25 | 1172 | 1163 | +09
7 2701 | 2708 | -09 | 1431 | 1442 | -11 7 2700 | 2708 | -08 | 1429 | 1442 | -13
8 2707 | 2685 | +22 | 1640 | 1622 | +18 8 2704 | 2685 | +19 | 1638 | 1622 | +16
Figure 12. Result of object detection
Table 5. Result of figure 12. Table 6. Result of figure 13.
_ qF | A5 | AR (A= | A S| =0 27 = A5 | A (A F | 2 S| =0l
A" | AR | A | %ol | ¥o] | 24 A" | A= | A | ¥l | ®o] | &
1 2684 | 2665 | +19 | 602 | 615 |-13 1 2781 | 2765 | 16 1418 | 1415 | +03
2 2694 | 2685 | 409 | 230 | 245 |-15 2 2784 | 2785 |1 1395 | 1397 | -02
3 2688 | 2693 | -05 | 718 | 735 |-17 3 2798 | 2777 | 22 5556 | 576 | -21
4 2690 | 2679 | +11 | 328 | 340 |-12 4 2799 | 2780 | 19 739 | 753 | -14
5 2691 | 2688 | +03 | 394 | 400 | -06 5 2792 | 2775 | 17 306|323 | +17
6 2685 | 2677 | +08 |[189 | 198 |-09 6 2795 | 2775 | 20 1050 | 1071 | -21
7 2691 | 2680 | +11 | 187 | 197 |-10 7 2798 | 2785 |13 1062 | 1085 | -23
8 2685 | 2691 | -06 | 828 |833 |-05 8 2793 | 2780 | 13 1613 | 1608 | +05
43 A4y va 43
2 =2dAe d4E AAE RO 400mm*2,000mme] 23 2] F o] AYFq L VEoR T A
A= stgsk=t Bag A% 9 T8 999 AolE Ve 2 dd= AYsialnt. AA whxel A
A FHe AAtste] a3 A st TE 9 AEsAnh dEde ol 83 ARl e T =
28 AP vnE JPstt okl aHL Al RS FAYstr] A 2R I ot
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Figure 14. Real robot gripper shape
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(a) One section (b) Two sections

Figure 15. Separating the workspace in different situations
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Application of Convolutional LSTM for Predicting

Demand Patterns in Online Retailers

J. ]eong*, S. Lim, S. Lee, H. Kong

Department of Industrial Engineering, Hanyang University

Demand pattern forecasting would be surely one of significant modules for successful and profitable
on-line retail business. Our work studies the mechanism for demand pattern forecasting at the
on-line retailers in a context of e-commerce business. This paper deals with demand pattern
forecasting on a basis of time series prediction. We review papers about demand forecasting in a lot
of application areas and suggest a new approach to time series prediction using Convolutional
LSTM by generating the images for corresponding demand patterns. And it is observed that our
proposed approach could elicit more accurate results than the current existing techniques such as
seasonal ARIMA and Holt-Winters Technique. Numerical studies using the data for an e-commerce
company have been done in order to validate the performance of the suggested demand pattern
forecasting mechanism using the Convolutional LSTM. Finally, we provide the meaningful measures

ensuring the usefulness and applicability of the proposed demand pattern forecasting mechanism.

Keywards: Demand pattern forecasting, On-line retailing, Convolutional LSTM, Customer orders, Order

management
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Atk 7120l F2 ezl or AvEHY B2 F550] dHES dadd wet AT FE 229l B
i FHog FAHENL, 22 Q& 22l dEdde F5o R EFSItel wek Ao Al of
HES ZAA HAdvh =3, 229 gH Y A A mE EFSTE ERAZEY LIAANA E
FAEANA S &8 7= o2 dgua vk dAZ, dds 289 Y A9 AFFaea
g F de FFE AP wEES T A2 SAEE, 373G, BAEEd R AdEFAHE
AYetr] 98 FAE mSdstAdSS w3y, oE 22l gEHdAdME v 2AYS BT
(news.coupang.com,2020). A& 2%l EFeHe FHE i AHdF oz uA Faufdo it F
o] B&d dF7)sc] AL Hojof &1, o]Hd ASFEE AL EFA=HY EHA +FE&F
of oflet A TFAFeE AAE F AL Aot F, 1AF29 A dFY Aie EFA=H
of BAQl &l dAA $HH 0w HEHO o gt AT FA oIt HZode AFH FoASF 7
A EE-HUE 2 7|, A-A ARIMA(Seasonal ARIMA) THUHE AFA%s 7]Hke] 96 = 7|HE& @o)
AHgskE FAOITh JIFAS 71N 84 7L 7IE FadF5 71l v FijHoR £ A= E
Holm S APANE @ L8t B SPAFe} THEAFTE BAE Yetle 2ds HAsA &
I GIYFS FEZ F At FAHol Ath(eong and Lim, 2019). o]} & AHEC] Y7 o]
A ARE 72, HABRE, 7tEA T A AA B dAA B e o5 23S 913 LSTM, GRU
5o AFAT, dFAAT 71 a4 Z57HE o831l JUTH(Nenni et al,2013).

B dFolAe 784 2dd 7wg Fadid dF7|HE] Zte S FE5ED 7 e Hte =
J (Deep Learning) 7|Hte] o S ES AQbstaal ok wetA, B AFoA = 242l 2lEH Y 9
A IAFE HolEE HEstslr] 95t FujFEE ANFFIAE FoFE ov| A ¥
ol2]gt o|H|A & o] &3t Y AAIE S RS A &5t doh Aol AREI AT
£ UCI®| Online Retail BloJE o™, F=2] 22k HH L 34+ 2010 12978 2011 129714 8] 54
Tty 9] Hl o] Ef o] Th(https:/ /archive.ics.uci.edu/ml/datasets /online+retail). ||| &}H w0 E o= &
sle e A, ouA B4 dugES OUE LY ¢ s FAHo] Utk e IHHRE
88 = e AAE 9= ¥ HEFA LSTM o FEIU2E HRE olu|x] HolHE HFsle ¢
oS o, tlolEl oA A Fte] AAE 1H st olHA e EARUt 8 dFAE Fov|sHAl
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S E- ¥ 2~ (Holt-Winters) =32 Winters7} At W o2 7[R o] 1A I deAode &3t o
%59 UE2 ARIMASH 22 2350 23 FAAA Fe=vtal F7hEar Jth(Kim, 2009). =3 AdE S
FAY F fle AR A A Gy dSAS BB S ol &t A”AEES AH st Al
AL v E d5E 5 Atk HolEZ} 7HA L e B4 wet 28T 5 e FEAHZ VYIS ¢
H (multiplicative) ®'H ¥ 7} (additive) W ©] Ath(eong, 2004). EE-UE| 2 7o A& 5= F&2 2
B 4F(level), FA|(trend), A1 A (seasonality) & 37}A 82050l st Z+z sty F 3719 &2
O 2 o] FojH Ut} offell = SE-UE 2 7ol dRbFo® AR EE &S FYsta SE-UH2

71 e F7E AWt
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Y, : t AlolA B#SE &

L o t ARIA e AAE BaETE

by = AR t oA AAIE FAALE

Sy = AA t A AL AEAEE

Fiip +m= AR t oA odZ3 AH t+m 9 dF3k
s = AR 4o

a, B,y =HERT

FEQE 2 W E AAD dolEst Ad A" S mebd] $8E 2, bEE PR tehy
Ak AAD HolE] xuke] UEhb A4 (seasonality) 2310] 2 WERSl YHEA VERIE Aol
E A mge, AAD FEel wetA AAY adle] MaAsE A% $8A AEe Aga

D EE-UH 2 ¥4 =¥ (Holt-Winters Multiplicative Model)

S E-9H 2 S (multiplicative) 8ol A9 242 2] (1.1)~(1.4)% 2T}

Y,
Lt=oz5t + (1 — a)(L_, + b,_y), (1.1)
t—s
by = B(L,—L,_)+(1=3)b,_y, (1.2)
Y,
St = ’YTt—i_(l_fy)St—s’ (1.3)
t
Fyp = (L= bym)S, 4. (1.4)
TERH2] o4 2ge IS T3 PHEYOR MIANL 5 o
@ ZE-9E 2 7PH3A =3 (Holt-Winters Additive Model)
S E-¢H 2 7PHZ(additive) 2ol A 22 2 2.D~2.493% 2t
L=a(Y, — 5, )+ (1 — a)(L, , + b_,), (2.1)
bt = ﬂ(Lt_Ltfl)_F(l_/B)btfl’ (22)
S, =YYy, — L)+(1=7)S,_, (2.3)
Fiiw = Ly +bm + 5,4, (2.4)

~
=
=

Seasonal
=

-0

Figure 1 : Sesonality of daily demand of top 77 products
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2 ATolA EHEe] He FauolEIF ARGl AALe] sl mEtA mlEsE B8 7 st
o Hgshe $HH FEAE2 sl O Ageta Buse] $HE BEo vnwe 44T
2) SARIMA (Seasonal Autogressive Integrated Moving Average)

QEel S84 AALRdelE AR, MA, 1217 ARMA o] At} olgid wEe wE Han A
AL A=, & Aol VAl BT Babo] YA AAL ATk wepd, v AAL Azl

d
sl e AALDS 23] F43shs ARIMA 28 52 ol &3oftth. A4 AAD YiE d¥ AE3
ANAE wte ARMA(p,q) 2Fo=2 yehd = o, A& A AAE A& Yt 28 A3 ol
TF(Autogressivce Integrated Moving Average), & ARIMA(p,d,q) =E#Eolgtx 3ty duiryo=
ARIMA(p,d,q) =& 2(3)¢t &l UEtd 4 Ath(Lee and Kwon, 2004).

Wi

¢, (L)1 — L)y, = 0,(L)u, 3)

, where

2713 A(AR) &¢] =<4

o] 5 7#MA)Q =}

A AAIgel 2 7R AR Sl
A z¥ 4=(lag operator)

TFoHT

Bko] 0, Hako] o2l

’

)

e < -0 aoa s
1 1
=

El

ELibn

ditdos B Ao ddolA AREE HelE e o] 1A SAS A= AAIE A=l dsiAe
ALRE 1S # A Seasonal ARIMA (©]3} SARIMA) 28-S A& A o] 233tk SARIMA(p,
d, q)(P, D, Qs E&-& 2(4)9 2t
¢,(L)¢, (L)1~ L)' (1—L*)"y, = 0,(L)0 o(L)u, @
, Where

s = &7

D = A& w9 Z(Seasonal Unit Root)e] =}

= A" #7]3 A(Seasonal Autogressive, SAR)&}Fe] x}<=
Q = AlA o] %3 F(Seasonal Moving Average)@o] <
0o(L) = A- o] F@+FEMA term)
0,L) = A #7127 HSAR term)

71¥ 7914 SARIMA E& 2 F2 F7]3 540y AdAdol 33 A8, alFoly &3 AdelA 2
T8 dF % B AFE-HT Chang and Liao (2010)9] AFollA= tintalA &3, €&, o2 7=
o o 4 HlolEE SARIMAE A &3te] o Z33th Kim et al.(2014)2 2002 #E 20101 7}A]
T A AAE HolH o SARIMA =& & A &3te] o F 2545 A AR Lee and Kwon (2011)
M= A wEFa 5 o], sl wTHH A5 &2 FH7|TeR QI voly BS54
7] 98 € ARE &8st oo wet YeEthves AEAS 18ld 4 9 SARIMA 23S A 831
o Z12v, ARIMA E= SARIMA 233 22 AAIE oS Rde 7] Hole e HE & Jotsto
& sjdo] sle dHolE #e dSFstr] "ol Hel Bt AU nAdZd e M doles =& 4

d 7
S8 7T glvks A Ao mEA, BasAY nAd A<l tolHdl= A 7IRS
43 dFrdg 83t Zo] aAo|t} (Lee and Kim, 2020).
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3) LSTM (Long Short-Term Memory)

LSTM E&-2 Hochreiter and Schmidhuber(1997)°l 2Jal Atd =P o2 7]E9 RNN(Recurrent
Neural Network) 2&ol| A 7] o] EAF & sl2st7] 91all "b=0%] RNN¢| HE Edojtt. RNN9 245
o cell state 725 F7}3 2102, A ¢F9| forget gate®t input gate®E ¥ 4101] e BE ARE
tlo]Este] staath ol2 s RNNolA Abgsh= GHEo; AHE Ao Ag7F 2 o shgs¥o] A &t5
4HE F5E # A tigtez AHEE 4 k. dubE LSTM 2de] FxE& T2 Figure 2 9}
=

mLorr

fi=o(W;x<[h,_ 2] +b,) (5.1

= o(W, % [h,_ ) +b,) (5.2)

C= tanh (W, + [h,_,2,] +bg) (5.3)
C=fxC_,+ixC (5.4)

o, = o(W, « [h_ 2] +b,) (5.5)

h, = o, X tanh(C}) (5.6)

®
T

A m,cﬁ_, A

| |
© ) ©

Figure 2. LSTM framework (Olah, 2015)

v

2 (5.1) ~ (5.6)°lA W, = forget gate®] 7}FA FBE vt [h,_,z,]E 1914 outputo] toll A €]
input &2 RBEFE = Z& ou|gt). £, (forget gate vector)ol A= BRE A A= 7tEXE AR, i,
(input gate vector)©= MEE FARE F53t= 7I5XE AA T o, (output gate vector) & output®] +
RE AR o= 48 HE, iy =9 HE, o= A ZH 9WEH, W, U be 247 deiry 32 2 9
Bl o] tH(Weng et al., 2019). LSTM =32 9 & %’\ %t]w]- Z]—E ] 227 03 folgo g AV AR
FTHEAE, 771 FE7H4 o5 B 3
A o] &HTHWu et al, 2018). 12t} o] R&L A -g’—zl—zﬂ 4
A48 = flatten® UloJE]E Ag3opsttiE SHA|AH S 713

4) GRU (Gated Recurrent Unit)

GRU= LSTM# o] AlolEQ Jhd S o] &3 &% Al%mgl EJ o2 ISTM x5 d<dlste] o
A& ST LSTME T W20 (Lee et al., 2019). GRUE= LSTM Y] -ZHA] o] E(forget gate vector, f,)2t Y Al
°] E(input gate vector, i,)E 7JAA I E(z)E Fsta, A ’b]’EH(Ct)Q' >y ZeE(h)E b SHUHE FHSH

_19_



Ao+ (Kim, 2017). o|xH 8 LSTMETY @<t F+X2 715X ¢7F Zto v g dh&o] ¢ wmEZX9, LSTM¥}
Aol FYE 5 EAH(Chaudhuri et al., 2016).

13 24 ¥HE
1) AEFA LSTM (Convolutional Long Short-Term Memory)

AEFA LSTM (©]3 ConvLSTM) 2 FC-LSTM(Fully-Connected Long Short-Term Memory) = 273t
2A2 AEFAH golo]E LSTMO F718 7]®H o] th(Shi et al., 2015). 7] S 2 FC-LSTM-2 4 9] input,
output, state7} =7 12k #Eo]a, FC-LSTMY] 7|2 FZ+ ofgfe] 2] (6.1)~(6.5)% #T.

iy =o(WX, +Hy_ )+ Wy e Cyy)+b,) 6.1

fi=o0(W, X, + W, H,_,+ W, o C_,+bs) 6.2)
C,=f, o C_,+i, o tanh(W, X, + W,.H,_,+b,) (6.3)
=o(W, X, + W, ,H,_,+ W, o C,+b,) (6.4)

H, =o, ° tanh(C)) 6.5

ol¢t= =] ConvLSTM A 9] input, output, state’} 32 "X S 7FA] 2L 9tk ConvLSTM-2 “Input
to State” ¢} “State to State” ol AEFA A4S AHE3teE EH S 7T AEFA A4
Al o] +7<H6}~ o E 7} FC-LSTME T 413 7“0%11” 5 7 & Ak oo A(7.1)~(7.5)

Aol * & HEFA A4S U o3t A4S AlQld o]l9)e] 242 FC-LSTM¥ &3ttt
i, =o(WHX,+ W, H,_,+ W, o C_,+b;) (7.1
fi=0cW, X, + W, *H,_+ W, o C_,+b;) (7.2)
Co=f, o C_,+i, o tanh(W, *X,+ W, *H,_,+b,) (7.3
o,=oc(W,*X,+ W, ,*H,_,+ W, o C,+b,) (7.4)
H, =0, ° tanh(C,) (7.5)

ConvLSTM TZ&+& Figure 33 Zomw LSTM AoA A<l njel Azt nlE FAd jEgE
4 ATHShi et al., 2015).
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Figure 3. Convolutional LSTM framework (Shi ef al, 2015)

o

Of

2 AT e JgE FALP e 14 Fa9d 4FS 98 A8 HEFA LSTME HsHnE 9
ted 5 vlolHE o] &3t Hd8ld EY(GRU, LSTM)# A AE oS = (SARIMA, EE-HE 2 71H)
2 TEHAY. A AP dAAGer Held REE9 4 Google-Colabe] TPU ©EFRI I
4] Python 3.6.92] Tensorflow 2.3.0, Keras2.4.3 <] 7|Astsy glolB# el & AL&dA A=Ak E3,
SARIMA ¢} ZE-HE 2 7|He] 4337 2 Python 3.6.92] Pmdarima, Statsmodel, Pandas 2}o] H 2] 2] £}
Pfo] A2 A E Excel 5 & AH&SEAT FAIA A AHEE StES o A2 Intel® Core™ i5-7500, DDR4
RAM 16.0GB ©|t}.

2) A3 AA

@ tloly A=Az

B Ao g2 eobel 2ud slAke) 20104 12€%E 20119 129717 ¢] 19 Foke] nAFE
HolElE ol ggon, Sy TAFEASE 5= 545k of ot} AFHo = FHAY FLS Aot
T AAHoRE & 305Y0] AP FAY 7120 dolEE TAH U HlolE FEAAE FEM
5, AEARIE, AFAY, FREGEY, FEAY, DA, wAD, JH 0 FERE T
ATk o, 1A FEAZE 2 BeE ARl Utk B ATe] B el T2 ARy 1 22
SFe o Zaly] Y8 AEARIE, FEAL, FEFFVE AeH o B ste] AP QYO
o, dlolE] AL 1) o)A B AZA AA, 2) QAW T8, 3) FE AZY B P8, 22T 4) F
zojolEle] ol Aste] wAE AYHU oA E =elA oA st BAH ol A2 hrolA A2l
Q. WA, =2 H oo sk s olu g, WHEN &, T T NEAY S BE A E
3, F5 HolE F 25 SFolA 49 003%0 SFEE 1,000 o9 FESFE /4 A2 FAF of
A2 Berete] =2 oA s} 3 AARGT o F FEW ABFIE 2GRS B Ao A
7t W (row) & A7t D(column) & FEL omalE 249 Fihael olulX AAE TS ol@d T
zo) 7wratel 2249 B7el e 7 A9 A (Color) e FEFFL UEY 5 JIEE oju A B
FRFo A ADA 249 BNH Q4T BE NI 5 Qi oujx HolHR TASUL ol e
DAFE dolE e oulAs} HAo] HgF AR e 2o ol HFL =48 § AL Appendix
adl Axasic

ColgHst A=AE AAR F 538 of A9 o]

[@A-1] 2AFZ Hole & Azi) B2 75 @
A 0%) Apole] ]

oA 71 FEo] A Eoj& AL
o|HE 15% o2 Uro F 77/ #He 2 skt
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2 Rgd F5e AT olvA 4] rows} column & LA A7]7] 98}
&

&8 770 FE5Y FE dlolH Y &8t

7 AZbTIPE RSO FF 5o UolHE RGBROE WA F7
3

T 1287 A2l 9] 7= Green# 22, 347 #2] 9] FE Red#h o2 A

ojo} & UAFE tlolH e oA WM& AAHS FHA ATIHE LAFE FFS RGBHLE WS
oz o A(77x77x3)2 RE F AT AAFE AH ol olmx A A=
Appendix°ll AAsIAT. HF HolHe FE2IA, AU, F5, FETE £O= (305x77x77x3) 732 4
A '|A FHelE FASIAT =3, T o] E¥ I ConvLSTM R thal] 35202 AAE dold
o] mA et 28U = 14¥Y-S Validation H|°|EHZE, UYHA] 1492 Test Ho|HZ A&t o1, o] & A3
& Training HolH = AR8-3F T

@ AEFA ISTM 28 9
B oo

Foll A= Tensorflow ro]B#E]e] ConvLSTM2D &<+& AM&31A4 ConvLSTMS TE3HS T
ConvLSTMzD«l e Meet A A7), golole zolE WA 7|HA B 45& &Ista, o] & bt
gog mds £H3NT ZE /MFE 10, 20, 40, 60, 8071 =02 F7MAZR oM, A A7]E 1x1, 2x2,
3x3 wo 2 FUIAF L, #olojY Zol= 1, 2, 3T FUIAATE HFE AH FE ovA 9 FHIE s
7] fleiA mdol wpAut gojoj= Conv3D #HololE AE3tsl o, BE= RGBaS HHF7] A4l 3
ME AFg3H L, AEe A7]E 3x3o 2 A3 ATH

2d gFo A= F oA 9 Apo]lE YEMN = AFEE 4 F Binary cross entropys LossZ AFE-3F3
o, HA3} P+ adadeltas AHE3F TH(Creswel et al, 2017). 35 dlo|H oA 9] Lossgtol 303 &<t
1HAE o] EolE4 ¥od TS TR oW A FHE U AT AAY%S oA 293 F& H
olBolA oW A E TEE £ Jeor MsFaL, ol AA @3 vlwstaA HF serEE 3sk

t. o8 cleg gol EAFHT & 9

Aol 2717} 1x1, 2x29) 45 B ] %o} #ololo] Zolo} Faglo] HAH O Sro] o] Foj A
ok, Wetd 7de) 2717} 3x3% A4 nelsaA Az gelue e 29t

9 AFe FaA goloje oyl AojAFE FUI gtu|Ee] A L AS5S YW= AL ¢ S+
dlom, Adel A7zt 4A A7) o)A A -olvt FFAQ shgol °l-r°1 A= AS & F AU & o
To HE AEFA LSTM Ed& FolojE 3o g #gtom, zH7Zto] glojojx= HE /4 807, 718 =2

Z'
7] 3x39] ¥etvElE 7HA AL, vhAE #o]oj= Conv3DE ARE-3hoh
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Experiment
Input

Model

/ ConvLSTM2D Evaluation

Conv3D Output Ground truth

L
\ Layers

H EH

Parameter tuning

Figure 4. Framework of ConvLSTM for demand prediction

@ ®BlaT-(Holt-Winters, SARIMA, LSTM, GRU) =& 4 2 49

HaF 5 SARIMAS] A& E}&ﬂ 2 Aoz HYPHIUT I = AE Pmdarimal)]
auto_arimaE ©] &3t 3, A o3& SARIMAX o] B & o] 43t auto_arima’s ©]&3 4
Holde= AA AAE HolHE statsmodel?] seasonal_decompose TFZ FA|9 AHAN F=E U
%, yetulE do} D 9o @2 12 AT F, po} qoll tisiA = 0~10 o B9 WM, P2k Qe 0~39] ¥ 9
el Al A 7e Balste] AIC ge HAd8HE HA o gl EL 459 o8 #H8S AA
dE FEF dZol= ARIMAQ, 1, 1)(2, 1, D11 23 & F&3Ath A E dF A3 E dolH &
374 auto_arimas ©|&3t] F& AHAE A7) o] Wil I A FlA AHET FEHHES 7]
o2 WA/ AFsAL, T F 7/ 2 RMSE @S Kol #e 4 oS0 U =3
ARIMA(QO, 1, 1)(2, 1, D11 EF LS FAT 4 YUk

SE-YEH 2 7IHES HE37] S8 AEAZY F710 sEAEAZEY] do))E 6Y, 7Y, 124, 144, 304,
A7 uHroizty H Ao szke BAslY Y =3 1 F 7 28 MSE, MAE, MAPE, RMSE & X.0]
1245 Ad A& F7] sE ARt ZES FHAth 183 FE-AEH 2 7S AHESH] 98 A]
ol B 7F A ZtE = 27] 73] A-EA, FAH, BEFES ZallFolof g ojw, A WA F719 S (A
)2 4 (8.1)F 2ot

2N

e e

méi

Rk (®.1

N
&~
)
:lJ
HN

& b (FANE T WA F719 R 7Iztel AASHA HEw, L(F AR 7o) A

%27 L(BTF
HA FFE)S A (7218 2o,

(8.2)

Aol FaL, b G5 4 [73]3% o] Ao,
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Y, (3 ¥R 29 vk A o )
oA A AT A )

’CIFQ
o
N

1 olF =S flal 129 Dol ME3 FE-9H 2 SHEY
A FE-Y9HZ VYA AHREE HEES o, 0%

Y sk .

22 49 A3 3 £4

2 Ao e Jeudol He 49 7771 F5Y FAFAE 49 FouE o33 AFE S99
B dZog TR APt F, A Sy 777 F5o tEiA Y Ao LAY =27k
FAAE A8, dFste 98 FoFE A3t APo R Yt B Ao 83t HEd
7o) o SAlm AAG 7]Hke] oS tidk AulFQd A HnE JEtY FeA R HASFFE
(Aggregation level)oll W& A& U 5o FhHl FadF A5S Bt gtk 7|& 571 H 79
B E 98] 7770 F5 2o s A FUHERE F2HFE dZ3, olE BE FE ) atsly
T F dF FRFORE dF AGEE vl T B AFdA AtsteE AERFA LSTM7] W9
FadS PHe ZA/aAE B fete FAAYE 20S ApEs AT

8 3¥l o= (Daily demand pattern prediction)

e

O~

BN
A LSTMo] LAIE o 2o MAEZ| o2 713 £& AH5S RoF3oey MAES A3k A%
SARIMAZ} 718 & %S RAFTH Table 1914 AEFAH ISTMT SARIMAE ©FE v
S W, MAPE A &4 E3] & 2o]E HAt}t GRUY LSTME A FEoA HutH o2 H|s:

e Hglor, FESE 2 S 49 BB PHEST Mustd e f A Aol mF e

o b i
il
2l
Ry
El

A |29 79 2 QS HolI Y= Holt-Winters B8-S AW 4744 PPE 25 253 03}
& H 3o, Figure 59 figure 6a ~ 6d oA UBU= ZAAH F89 & o= & o ZFse= AL 4
AL = Utk AR ConvlSTM 9 7§~ FA7 Wstol RzFetA wH-&3kA%, GRU, LSTM, SARIMA 9]
A5 FAT MIE & dFstA Xt dSAE AT FEAA A MEkA @ Ae & 5 AT 9]
E Table 2 A= Yelt=d A4 43 ConvLSTMS A & 7FAU, GRU, LSTM, SARIMA 52
o Ze] FFA A A SHAA Fent
Table 1. Performance comparison of daily prediction results
Model curacy MSE RMSE MAE MAPE

ConvLSTM 3.228570e+06 1796.822 1460.428 37.128

GRU 3.530255e+06 1878.897 1585.552 44.720

LSTM 3.432641e+06 1852.739 1573.307 44.975

SARIMA 3.084248e+06 1756.203 1594.036 35.612

Holt-Winters 5.034231e+06 2243.710 1894.353 53.646

Table 2. Mean, Max, Min, and STD values of daily prediction results
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Model atistics Mean Max Min STD
Actual(True Data) 5488.286 8041.000 1948.000 1881.077
ConvLSTM 5388.749 8192.064 1347.813 1802.190
GRU 4764.260 5674.180 3104.324 704.366
LSTM 4832.886 5896.279 3441.449 762.360
SARIMA 4826.330 5788.540 3635.976 662.229
Holt-Winters 5170.456 8685.643 2815.270 1774.032
ConvLSTM_Daily
8000 - — True
y Predict
7000 A
6000 - / “
E 5000 A v
©
n
4000 A
3000 A
2000 A
0 2 4 6 8 10 12
Day
Figure 5. Results of daily prediction by ConvLSTM
GRU_Daily LSTM_Daily
8000 - —— True 8000 A —— True
/ Predict s Predict
7000 - / \\ o 7000 \ =
60001 \/ / so00 \\/
% 5000 . \/’ g 5000 v
4000 1 4000
3000 + 3000 A
2000 + 2000 A
0 2 lll 6 8 lb 1‘2 6 2 6 é 1‘0 1‘2
Day Day

Figure 6a. Results of daily prediction by GRU  Figure 6b. Results of daily prediction by LSTM
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SARIMA_Daily

8000 A
\

7000 /,/ \

6000 4 Vo

5000

Sales

4000

3000 +

2000 4

— True
Predict

T
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T
12

9000

8000

7000 -

6000 -

Sales

4000 4

3000 -

2000 -

WINTERS_Daily

5000 -

— True
Predict

T T
10 12

Figure 6¢c. Results of daily prediction by SARIMA  Figure 6d. Results of daily prediction by Holt-Winters

e I

N
>
r_ﬁ‘
-

A3

SRR R L e

(Hourly demand pattern prediction)

o] 2 o AEstE A e

Fosfde] g 01]%

2% g %

213 3ERA T Table 304 &Q1d o 9l%°] ConvLSTM©| MSE, RMSE, MAE®] 4
B3, 9AE o =94 MAEARE AYsta 714 HoFHE SARIMAE
GRU$} LSTM#F Hl w3l S v Aoz & xol2 3o A58 BoyF 3 ok GRUY LSTMS A%
o] Azt 8 cﬂzoﬂﬁ MAE o2 Holn, o= AIZHE o So| A= 75 13ATSE KBl 14

=z0 /H‘—O

< - =

AR HolHE Wyl wWEel 71| 305¢A] HlOIEMW 3965417k 0.2 HolE o] o] ol L,

%0] SARIMAR T =4 U

a2 o] 7} wgolg o leam Heid AAE o5 =&l GRUSH LSTM9| 45
2 Aoz F3dn

Figure 73} 8a~8c oA Ho|= nle} Zo] A Q8 dolH 4357 TY3HA ConvLSTM2 +89|
A% W3S o= HE o =R 7, GRU, LSTM, SARIMAdI A= FZ3 WH3lE o =31x %31, o=
<Table 4> A= 30T 4= o} GRU, SARIMAS] ¢lZ Ztolls 5 #ol =AY, LSTMS] 4% 9 F
712 BERTE e o35 HAFUAT, AA| vlolHAA FEFo] 0% AHEL o3 EITh
ConvLSTM®| 749~ o]m| A o] RGB#ke] 0~255 Afole] a2 HJE 7] W&o 55 gho]l YA &skon,

T o] 0%l }‘];gr‘é‘ of 53}

2~ O 2~
2ES E 4 U

- =4

Table 3. Performance comparison of hourly prediction results

Model ccuracy MSE RMSE MAE
ConvLSTM 146601.811 382.886 243,581
GRU 159026.510 398.781 270.749
LSTM 150086.307 387.410 271.107
SARIMA 211561.362 459.958 344.083
Table 4. Mean, Max, Min, and STD values of hourly prediction results
model statistics Mean Max Min STD
Actual(True Data) 422.176 2236.000 0 457.748
ConvLSTM 414.519 1463.672 0 381.911
GRU 286.941 929.322 -127.195 266.181
LSTM 366.271 800.940 45.019 234.055
SARIMA 342.325 749.677 -387.563 137.723
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stz ZE-AE 2 7|, SARIMAY 3 d2d AAE 222l GRU, LSTM #9] o3 BEE & HlaLst
AT

IAFE HolHE o]l &ste] s I Fad S D AE FodS5 §5 27HA FAAYE Aol o
29, B AT AcksteE W22 ConvLlSTM E&E e U ol dF A5 7|9 AAE &4 7]
HQl SARIMA 9} HI=%E Follon, & HiY EEERE vlstAY <ty d% o] AU
Hhdol, Az 8 aA T e 4385 13T b2 H/ EEES HudE s u BE A FA
e s BAFAT ol ConvLSTMo] o] m ] o] AZHA Q] EAERE ofygl F1A ] EAE o=
of Wkg3tr] Wil 8 vlolHE o|uAF Al7|H FEE 1583 T8 FEFo] FHER EH4oE
ol A Aoz 5% dEHes E 5 AW AoE FAHAG. mEkA, B AT Atet=
ConvLSTM 71" & B3llAl ©7] Fh(: 2A 2 ol 9] dF Fadjel)dAe] 53 Fod58S 483
O 2242l ZH Y 3Atod A 7] 73 F8e tg AAEHE FAlA EFRASE AdE At ot
T ASE qAHET FAHoEE AAIE Fodd e g5l Vukste] u AL XS AT e Y
S FAeta, EFRAIZE SEALY E83Q0 £FdE 9] e MNHE EEE F AS ZoE UgR
ok =S 2 AFodA e vlaaHe vnE f8te sk FEEE S5 ARE A FE )
Fgatsle] & TS FHUPERAT, A T FRIg A F5E FouE SoME =& A5 B
o

FA37] el dole7F 4L A A HE JHA F .
A= A FodZ9] A5 vludAx 1 4 e, A Fad S A9 305712 dolE
E A, A Q952 3965719 HlolEE ARSI Y] wEol YA FadSolA SARIMA
of HlEjA @ HeS Hold GRUS LSTMo| AZMtiE FadFdA L& AsS HAFAUh
ConvLSTM9| 7-¢- 3t F& 3stte] o|m A= k& HlolHE AREsIR AL, o] v A] Hlolg Shof] A 8
7F g 7] Wi el AZE ST FUT 305712 vlolE vk AL S Aot wEkA F3

HE AMEalA 53t 2o o 52 A5 BY § As AoZ ot =3 9
o] <dolE A g oA BEl uhel Zo], B Ao AEE AR o]HolE F 4082709 FEo]
AJA T 158 G2 T2 FE $FS FeF3 77719 F300] 1or] wEol o] 7f5e do] A
7V QABEF st7] et A9 77709 FEEEE d 5ol AHEStA T RS O AL @99 Ao E
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i
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Appendix a. Process of generating the images for corresponding demand patterns
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Development of Cuckoo Search Based Optimization
Approach for a Double Row Layout Problem

Yeongmin Yun', junjae Chae'’

'School of Air Transport, Transportation and Logistics, Korea Aerospace University

Effective layout design can improve productivity and manufacturing efficiency. Given a number of
departments with known lengths and the flow cost between any two departments, a double row
layout problem(DRLP) determines an arrangement of departments on either side of a central corridor
so that the total material moved flow is minimized when the material handling path is the straight
line along the corridor. DRLP arises in many other real-world applications including manufacturing
system. This paper presents a approach in cuckoo search algorithm(CS) for obtaining good solutions
for the DRLP. Random-key encoding scheme is applied to CS for representing a solution of DRLP
and enabling Lévy flights to perform on DRLP. To evaluate the approach, computational
experiments are conducted from benchmark problems. the obtained results show the better

performance of proposed approach then a previous study.

Keywards. Facility layout, Double row layout problem, Meta-heuristic, Cuckoo Search

A A= EFAE U ASAIEAA AAES] A AAE HHor wAste A HFHoE )
Al x5 HAAE TAEA, AL A7 AdFF HA g OPhEﬂ Al AlRte] 7lskg

2 0 2 F7}8k= NP-hard A4 ©]tH(Garey and Johnson, 1979). | AR 5
ofUzt =RAAY BAFIoly AzALe] A ZEe T
(Chae and Regan, 2020). @2 A7 SolA 7HAS] 7122 < FH
and Regan, 2016; Kang and Chae, 2017). =3, v X A A MNA &2 7]5—34 o2 FoR Ftel A A
2 A A A B x| Fofof gtrh(Ingole and Singh, 2017). BIX| A A A FHH el tigt 7| & thgFu] 7+ 7|
AE Y Ao 557, F EFEFS AT MAR EF olF A TS Hasee
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Ao A an1g2] 15~70%- MA L] WA F e ot ddso] glom, E&HQ WiAEA S AW izt
T GH &= 10~30%7kA =< 4 AtH(Braglia et al., 2003).

Aol kA WMEEI = ANFRA

717F A 8 oA o AFe FH F7] B FopA AL v o]H 3 EEol uhet kA A
Ao Aol g 7HA] AlFekl S o ol EmeAel flar Avly Aule] wA flo] Auly Alx=F3ke] Au)A|
S 5% 3 AFgAeA g2 AF oz wE Wyl 2753 th(Benjaafar and Sheikhzadeh,
2000). MAEATF fred oz WA sl A A= AFe TR gotAle AFe sl wet
A4S S7HZ 5

= A77F Ao kAN HZ wiAEA Y] 283U T8
on, o) A 5 7+ F2 HiAE Fow o' 3}

o]
FobA AL AL AFe] FF7F AL o] WE At E&

hin's

oy WA AA F8 F Q4 WX A (row layout problems)= /MAE EAo] HastA viX| 3= 73 o]
o a8 MAE F 22 B WA o g uXFEE o] g vl X2t $Th(Ahonen et al., 2014;
Amaral, 2012a, 2013a, 2020; S. Wang et al.,, 2015; Zuo et al.,, 2014, 2016). ©|g B} X|dA = 8 X3l oF &
MAIES] dol(length)et 2t MAE 1o S5 ZF(flow)o] FoAHE W, MAE I &F ols A &=
HAZIEF st MAEY old WMAE e A0t old MAEAAE tEH 02 AGVS 2&, /A
E Abolol A A S Wele EFATE EAEEE AlE A AL AR AAIE g s A F
2 A g¥h(Heragu and Kusiak, 1988; Tubaileh and Siam, 2017). °]w], <Figure 1>°lA] & 4 d%o] 7|
AE& AGVZE 2 S flal 220l ZAE 9S4 9FE == ofgFo wix =, vy Ao d=Y
A& zF Aduje] AGV B4 Wek & 3 A Ho g AAHIT. FU AGVY HAERE dukzo = 2 F
Ao E84E o7l A8 €3 FHE AAET. 28 old wiA A= FMS oA Ertk ofyel,
LCD A4F}}](Chung and Tanchoco, 2010), &3 2~u WA e Tkt A& Yo F3tel thgh vjx
(Ahonen et al., 2014), St=A| A=FAW A2HE)X](S.Wang et al., 2015; Zuo et al., 2014) & T3 A
AF BAANA o] HE&HI AT

o)} o] old WA AL AAl AR BANA Wol BEET Y= BAolw s RHA WA Feho)s]
HEd e WAfE ozl o] o8 AoE BEste] B AFelAE ol wAdA ts T
2 s

Automated guided vehicle system (AGVS)
AGV path

Pick-up / Drop-off Point

Work areas (or machines)

Figure 1. Double row layout problem

shA|RE o] WA HA WjRIAEA L] 7 FHROIEE NP-Hard 29323} &4 °|th(Amaral, 2012a,
2013b; Secchin and Amaral, 2019). Z127] W&o #jx|sjoF & AA 2 F7} oGS EAE 2719
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ALIAZEE 7185 22 S 715t (Chae and Regan, 2020; Secchin and Amaral, 2019). @atA 7| A 4
7F Bold s BueAy g 2o A3 7S Fa EAE s As|de AZEER] dA7F EAlg T ¥
7] Wl B2 AFENA Iutdo g frrt E EAES WE AL Yo sidstr] Hal s FeEls
g dueE wE FElayg W EC] JEE T HEEo St

2 Aol E ofd v 2A o th3k &
QFEl Cuckoo Search(CS) €1 El&<S 283}
Wate] S0l HTHX. S. Yang and Deb, 2009). 22 0] w7 FE& & M| TA o &
F3A 7= gtolgts 9IS S8l Mast=d
A Axle] FAE WA & XoR olFs Mz TAE weEw. 2138/ HE Ao &2 #HA
AEEo] Eojx 7] o F M &3 M2 BFS B3 e dol HEAE FES UH A
&S =YY CS duYgFLE A5¢ BE A=A v HAs EAEe A&HANeH vE HA
3t dugFEH Bl AlolE Cs dag]Fo] w¢ 83 olgts A BoF AT (Civicioglu and Besdok,
2013; Gandomi et al., 2012, 2013; Srivastava et al.,, 2012, Walton et al.,, 2011; X. S. Yang and Deb, 2010,
2014). stA¥F CS Lag]lEL & FMsts 49 =, 7Hedll(feasible solutions)®] o] AL A%
HA s}t EAlol g5 1¢tdE wE Felxy T s, MiAdA e 22 27 HAH3 EAs s @
o] o]t Fgtol &3t AY o] ahH (discrete)Ql o4t H A3} FAlo)7] wWiFol CS darelEd 22 HE F
g 2Ble 23 HAHE Aol A&stA HY w4 H3do] Frlete A7 B I HH(Kang et al., 2018).
ol & EAE sl CS daElFS MALAE 23T = HAS A A& A= AFTA B
A ekt
CS 2e vEt FeaEe MANAG g 2 HAs BA A g3y ANAE v Felage F
& AL ° AdetA =2¢ HAASHEA A A& 7= Aol F 838t (Ouaarab et al, 2015b).
£3], CS &aglFL Levy flightzhs A9 3 2dS 53 MZ2 3l FAs=0, Levy flights 23
do2 B4 Aol 45 %S =257 BB Levy flightd HO2 ol mMAUA A2 S
“ Wrgol Hasit. mEkA B AFelA s old wixAAYE BASAL Levy
flight & ko] 28 WH O = Random-key W21& A8t

&
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e
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=>.4—_'4,
fﬂ.
E
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lo

O

aad

[o
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go
B
52
o
)
X
M

R RN BREIA S old wAAA Sy s, 1

Ui 4o B vlgo] HAHHEE st 2L o|d MAYHE 2] S5 B ATelA A8
i B Aol A Ak WP e Agol tie AP ARE Rolm, o]H A

T Adste] MRE B3 BAY WES FUT wAY 6oL B =R @ AW I FF

AT A S A AL
2. 712 B4 4+

< At FAE AEEH AS7HA B A7 IAFHAL, v EA S A s}
7] 913 R YR E 7 gdstA A EH stom oo tis) vt e B AT SellA A Ho
#™(Drira et al.,, 2007; Heragu and Kusiak, 1988; Levary and Kalchik, 1985; Meller and Gau, 1996;
Singh and Sharma, 2006). 18] 1 T+Fg WHESL2 A EFEA R (Branch and bound method)¥} 22
A 7]W (Exact methods)® Fe|2~¥ HIHolu wlE Fel=gd 22 A 7Y (Approximated
approaches)©. 2 ®-F= & QTH(Drira et al, 2007). AT HiX| A= A 2oA A3t A Zo,
NP-hard A2} EA419] #F27F AT HF @S 327] 7] Wl A 7oz o] 7he3t 2
< TR EAlEo] el g 7|HS H 83 AFE0] JPH|A o (Chae and Regan, 2020), Hl
AdA 9} #EE R ATFES A 7IHE A& St (Chae and Regan, 2020; Garcia-Hernandez
et al., 2019; Kang and Chae, 2017; Kim and Chae, 2019; Scalia et al., 2019).
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=L, MAEAE e BdR Jlee® 72 F det AAEC] sAEe FEHY H@(Layout
configuration)oll WA= ThFst FPE0] EAST). Drira et al,(2007)0] W2, v XA = )
of we} dE uiA|(single-row), T+E HlX ](multl-row), F2Z HjX|(loop), LEZE (open field), T
(multi—floor)i EFET 2 AdFdA gF = olE vl X ¥ H (double-row)= A AH R/l &3HA
B B0 ghEdnt AE iR ske dE wiA] FEe 2, T HEY dHoE wijAst R B0 3
Zof| Rk 7H7‘ﬂ§ A8k @A BxRo] & wiAZThs oA old HiAEAE dE wj A A 2
G449 A4 ¥ & 4 Atk (Chae and Regan, 2020).

aorr o
3

old WA A (DRLP)= A &llA B’ A3 o] Aal 7 &AM Bol &&H A= EAAT o
ARE A7 ol APk A wiA A A o 2, o€ WA EA = vwE HIHY ﬂ?ﬂ X3 =
71 Ao, A8 wjx]dA o Hlsl Aol thek BAlo] AHE o] U tH(Guan et al, 2020). 1F 7] wfEoll
old MAEA #HH AT=cl WA= A= 7IHA TA IHeR FESHA ¥ 4 Aol Wl ==
o A3 A E AT

Chung and Tanchoco(2010)-> Heragu and Kusiak(1991)7} A Al3}3. Amaral(2006)2] 1ol A 7|4 A 21
SRLPe &t MIP 2] 23S 3¢ A4 2522 DRLPO thdk MIP 58] B3-S AASAL, AAE F
gl 23S T3l Ael® DRLPE £7] sl 5709 Frelxy dadss 1estal 283831t Zhang and
Murray(2012)2 Chung and Tanchoco(2010)2] MIP 2] 20| XA o4 Aol thg A dz3o] §lo
Ha oA FHAo] gl WX FE I S &HE Aol At AASHEA Chung and Tanchoco(2010)9]
MIP 22| $g] 2-& FA3}th Murray et al.(2013)& ©] &3l Wakol| wie} F Adul 219 o] 5357}
A2 O Au ke b g AR Ahe) 35S 1 ESE Zhang and Murray(2012)7F 43¢ 8 &
< &4 AT Z28l3 Chung and Tanchoco(2010)7F AlAgF Fe] 28 dae]Fol hehsk 3 g
A (local search)= F7}st] /i E Fel2y B ES AAISEAH. Zhang and Cheng(2014)> DRLPE =
& HAH3 A AFAGHLPL)EAZE T8 = HAsE 2AE 271993 37 9 FrelzE W ER
AFAGHS A Z2IH 02 CPLEXE AHE3IATH Anjos et al.(2016)2 EE An|Eo disl AH S
v 7k A7t 5 22 DRLPE £7] 93l Zhang and Cheng(2014)* 3 DRLPE 29AIZ F&3 &
79 *H(Integer linear programming)¥ semidefinite programming(SDP)< At-&3t+= WHES A A
t}. Amaral(2013b), Secchin and Amaral(2019), Amaral(2019), 18] 3. Chae and Regan(2020) 7l 3+<]
T8, 44 YA B3 A A] AAAAE HEE T A= o] o]xWMsE Fal DRLP =A4E A
2 MIPE EY3ta o|F &Aoo & ‘?—__]'7‘4/\] 2 =EEolth. meba HZe MIP 22 (Chae and Regan,
2020)2 Amaral(2013b)¢] RHHET &3] &4 S8 DRLP &A1& = Urh

3+ DRLP| thsl Fej2E WHEE 483
DRLPE 7HAIS9 A&l 3=
A1 €] qu]ﬂo] AAE 7;%% ':HQ] He7E A5A
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v 2] AAEA £33 FolA DRLP9F 3= o] DRLPSF ARG #4171 e 8% &3 FA|(corridor
allocation problem; CAP)%} 83 & #jx| &7 (parallel row ordering problem; PROP)©|t}. CAP(Ahonen
et al, 2014; Amaral, 2012b)¢} PROP(Amaral, 2013a; X. Yang et al, 2020)= DRLP®} o] o] (double
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row)= me} MAES wiAsHARE 2 de] 74 &l AXsts A ANAZE vg SFdETE HollA
DRLPS} tt2tta & 4= dth. 18]3L CAPS PROPE F Q13 7HA) Alolo &3to] fitha 7HA 3}, A
Z]o] PROP+= 7} 7lA| 5] &4 € v|g] &35+ ﬂi RLPO Hl&] o A=A FAHT & 5
t} o] T §¥FL T2 AFAZ ALHE AEol dw, WY 59 Z7he) Ui wl x| LA

LA ABIA AT A5
gol sty daelZol =
MEAe W AU Ao WAT, C8 YEF BB Aol U QWA

and Deb(2014)7} ©+]th.

Cs &aglE & st Mo A5 HA EA 0 23 19" dugse
BAlSlE WO R Levy flight g Ay 92 23S A}ﬂﬁ}ﬂ & CS ErgFES =27
of 283717} ol HuhaL kol A Astadnt. A< ghel FH =5 Levy flight #t= A5 gtolu ©]
A FHAEES 002 o] Fofx Wjde] Fei2 mdH = o]4k3 OH(dlscrete solution)oll & &3}7] 98 =
dZFo] WMyl Q3. Burnwal and Deb(2013)2 FMSe| A & A 3k(scheduling optimization)E 913l
CS ¢ugF 7] AW S AASA = Levy flight gl <t 3l &2 WH O =2 Levy flight #t&
LAYANA L el M 77k A FaL Y A @e AR ol Foil WidE £dd ol HalEo
24 slol WMEFo]l dojuAl et dF dTolA BF= flow shop scheduling Aol A= 2] (job)©ll
3 SAHEE T2 sl do] al(solution)”t E+=Hl Levy flight kel o3l Ao siFE= B #= ¢
Y2 vty FOo 2R WMol dojdtt Li and Yin(2013)9}t Ouaarab et al.(2015a)2 oA ™ flow
show scheduling &A1l CS ¥18]&<S 483t =0 Li and Yin(2013)2> Levy flight & AH&3h= W o
2 2 d7olA A&7 Random-key WS A&ttt stAT £ Aol #8&3 Random-key 1 7}
= OE2A, 10] @7t el dis) A< —rX] 23 AH83F T Ouaarab et al.(2015a) Lévy flight #t
of W} 73+ ARt sid 3ol whek T &4 7]H(local search)S 283t & &A1Y
t}. Ain and Bey(2012)2 317} 03} 12] o]xl %k&i o]Zojx wjdE THH v dE Al (knapsack problem)
& Z7] 98l 71€9 CS €agES HHAIA binary cuckoo search(BCS)¥ L E]lE <o 1tste] A 8314
t}. QOuaarab et al.(2014a, 2014b)2 2]# 4| (traveling salesman problem; TSP)E 3Z23}7] 93] CS
duglEs FEstAth 2183 Quaarab et al.(2015b)& Bean(1994)©] A& 4713 Random-key -
TSPoll &3t 278kt Random-key 42 Levy flight #t= #&37] s &A th& AT SolA]
AREFE A Levy flight gts TAAIZI L YA BHA] 2-optet 22 T4e Fall A &al< daglol =t
2 =% HH3 A9 sl A& 7Hestth o7 o] wEol olF AFEcAE CSE = HAS &
Al 28 o] Random-key W o] = 285 o] F T} Kang et al.(2018)2 & A7ollA 7= w2 A
o] Random-key }'HS A83 CS ¢ g FS AHESIAT ald O’]?O}]/\“]E Drira et al.(2007)7} Hl %] 3 €}
o W&t £/ 7% § st FZ(loop) BHE MAE wiAsts £AE BFAoH ofd HiAEA=
MA L] Aol7b Al A e A 2l A} Aol7F AA JA i wiAE bl et 5 o2 uh
= Al disi o3t

AF7HA A E & ATl id 7€ EdEe T ¢

nE}i
@)
5]
O
SE
[N
rlo
2
[ o
e
fo
A
N
re
1P
a2
‘0,
N
»
2
M
Y
il
2
&
H
r_}[_‘
[
ol
ol
X
o

& HA 3 ZAANA L Feol AFH HT =% HA3 A L UARE of
A7HA & AFolA TR o]d MiAAA A CS g ES A &5t IPA A= AT wEkA 2 A
T A= o]d vl XA A (DRLP)o gt sl 2 WHEC 2 wEer Fel28 PR CS dugFS F 839
o, ofe] GTSolA 450l AZH Randomkey WHUOZ Lovy flight 32 2885tk
3. old "X 2A &A A 2| (Problem description)

o ZollA= old wiAI LA EAI(DRLP) thal M| Awstar o]d wix| A o] 2 4 B S AA
stal AHs) Boh & dFdAEs A= & dole JHAlE<E ol €(Double row)E Hi A3t &A1& ©HFL
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Atk old HiAIAEALY ZIEAR] FHe HF Fe ] AT EFAHFAIHMixed Integer
Programming; MIP)E2 & ] 4& AT 5 A H(Chung and Tanchoco, 2010). 123l &k Zof|A A
gAY old x| Aol ta o AFEdA A WA NS GFAIIL BEEAHE =07 Hal
MIP Edo| AFdzdS F7iste 59 WIS FAH(Amaral, 2013b, 2019; Chae and Regan, 2020;
Secchin and Amaral, 2019; Zhang and Murray, 2012). 3tX|RF & AF A= ol & &l 7|24 7

4 mae a7%T

o]d WA MAE <Figure 2>o14 Bol Ax AXY AM ol FY BEs} Aty Agetn 3 BE
o Uule 2AlA welaA eth 74 AAES £Y B2 %5 ol WA 7 AAESe] ¥
t HAZg o g, A dolsk AA k] Aol B BEEE)0] Foldth AU
AAL Eolot A 42Y AP FF BE FF F2 Agolgm HgBTh of WA A BHe
ERUGo] AasEE A Fohhe AOE, ojue] BRUIGES 2 A bl Y2 A Aol A
ot BB g9 FFoz AFHAL o] FREe Tt A A AGV] 2454

A
2 Axsisr] 93l AGADE A BEo vuy

i dy;

T3, <Figure 2>4 & F e AAY o= MA 9 T3 AM HEE v, = MA o] 2

Nl MAE2 4ol

B AT ALE

g old HiA A Aol FoA = 5 g gebv| B (Parameters) 9t R A 9] vl x| o whel WEkE gl W
(Variables)= Z}Z} <Table 1>, <Table 2>°ll 29F5te] A |5t

Table 1. Parameters of the double row layout problems

n The number of departments
ij Amount of flow between department i and j
l; Length of department
L Sum of total departments’ length(L= [+, +l;+... +1,)

Table 2. Variables of the double row layout problems

Z; Abscissa of the center or P/D point of department
d;; Distance between department ¢ and j
Horizontal and vertical relative location with a

combination of variables

(1, if department ¢ is to the left of department j and

0, otherwise)
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Al A 2A Aol <Figure 2> A28 2E /HAIS dsiA 2T F 7HA Aol A2 g&
23%ke] oA ZtZ(clearance)’t EAZT ol#d Af, o]d WMiAAMAE A FoIAE FAHEH=
<Table 1>°l4] A3 stetr| el & &34 MA i<t A jAol ol B Q3 o] A 212 (clearance)©] F7}1E]
8 (Heragu and Kusiak, 1988)A A ZAA= H4& o]4 142 F2 {4 B (maintenance)E 9 3l
ARG 7] w &l JRAle] MR A 7E obd, JHAl weElt GepAIH ol ol o)F A A Aol
of Z3Hste] H7d 4 UK (Chung and Tanchoco, 2010). WetA & Aol A= 7 gk o] & x4
A 2o s Awstr] fsl olA4A0] gle F&e Edol s dHsta e R o] 439 A

Minimize E Cijdij (1)
(177)L<7

Subject to dy =z, —x; Viji<j) 2
dy =z =z Vi ji <j) 3)

G+ L) o

;+1,) o
x; + <z +L(1— Q ), Vi,j(i <7j) )
o, €{0,1}, Vi,j(i =) ©)
L, P L, . .

< < == < <

9 = xZ = 2 9 =1=n ( )

23k (The objective function)= 7+ /A 7te] &8 A A Alol

Zl
= %.ﬁ_u]s}_& jq)\@r;}.l: 74 o= (1) Alo g

¥, %ﬂ of Qo™ o Abo] AR = Aok & HEF EH—ZrE Z:Zﬂol‘:]' Xﬂé&Z‘_Zﬂ 5= 7HAl 3te) HA
W2 2702 ofHl MAEE AZ JAHAA &A tow= 2ot Az (6)2 ol g wix A A
AN AHF HA o A o FHAQL fXel tiFk ol AWMFE YT 2otk wpAI Y A2 (7)
< W] A9 oig 2ot

2 AFoA ARRRE BHEAAE flolA 28T AFEAES CS dagdFAGHAA &8t ot
2A CS dagFeolA e AFdxAES BF sk 71 dll(feasible solution)¥r B4 3HA Hol & &
A= AAS HS BEH0E e Y

4. Cuckoo Search 7]¥Fe] o] "X AHA WHE

oA old MAEAE 2ty 97 W

2l Cuckoo Search &1 8]|=<& F
20 y
T

HEC el A AAS g & dFolA= HE Fe
o) g wj x| A ] A ZF QL FZH(clearance) A& &l A3
FA QD AR AAM S A F =35t7] #I3l flowgto]l EASHA &= 7Hdel Dummy 7HA)
7vetitt. stAIYE wiEF FrEl2Ee T3 AHER ol A B Ak ofd iAo thE HUHE
ME o]d X B S <= (Permutation) 22 ©]4F2 <l 3fj(Discrete solution)2] Fej2 T A= 3}
HA et AAES oA o]Od(double row)Z A st=A o wet A&sts wE Fa=g o
2pA 7] W 2ol A&7t Cs daglEe AWstr|ol oA WA o WA FEHE WEL Frel=E el
AEF old HAFHE 01‘% Al TR =AETLTH)S old Ao 2 ZF AAES olEZE Wl
ol wjx] el thelf Aty 1 e, & Aol ARESke HlER FEl2E MRS Cuckoo

R

"

R A
o o

3¢ oo off

o [T
4y

N



Search(CS)¢ g Foll sl Amsta, =3 HH3} FAQA ol wix Al CS(9] Lévy flight)E 283171
Ak o R B AFoA AHET Random—key wF2lof A AmFch 2Ela upAeto 2 o] d uj Ao
A WAl ZEe] W1 & XEb(clearance)ol] T &A1 ¢F A o] & dAst7] Hsl A 83 Dummy 7HA O el 2
A=

41 o]g "z ¥4 (Layout representation)

2 AFoA = MAE U olE vix FHE 7EH o2 AES UEdt= =4(sequence)o] g
ARE @2 ¢ (permutation) 7= (w[1], 7[2], . . ., «[i], . . ., 7[])E YEPATE AT oH FAZ
ASs 745t oJEA MAES S E(upper row)d ot d(lower row)E T8k Aol e W
< B AFdAE F 7HAE AMESEATH A HAl= upper rowe] NAE 2ol 3 9 lower rowe] Zo]
< S + Yol F HAE MAY dolE astA g RAS HA MgE aE st A
M2l HrO 2 upper rows} lower rows TFE3h= WHo|th

1) MA o] dolE azfall o] (double row)Zt Aol W@~F 95+ WH: LBM

2 Aol JHASO el S D3 ok EF o= = Hjx DA o ik A HA Yoz Sl I o}
g doll MAEHE NAEY ZolE st @ o] Ao] MyHXAE R “ﬁ(Length Balance based
Method; LBM)& AR-&3l3ith. 33 W ol tdk pseudo-codew <Algorithm 1>¢] A A}t

Algorithm 1. Length Balance based Method(LBM)

Input: A permutation 7 (sequence of departments)
Output: A upper row sequence 7;; A lower row sequence 7;;
L,<0;, <0, mp =9, n;= &,
for ¢ < from 1 to n do
if (L, <L;) then
Lu(_Lu + lﬂ[i]; Ty < Ty U 7T[i];
else if (L, < L,) then
L]%LZ + lﬂ.m,' T < T U 7T[i],'
else
r < generate a uniform random number in (0, 1);
if (r < 0.5) then
L, <L, + 1. mp—myUrl[i;

else
Ly—L + 1, np—n,Ur[i];
end if
end if
end for
upper row?] EE A g Aol & L, lower row?] EE Ao tig do] & L,E YEIIL

upper row?] Aol gk vl d(sequence)@ lower rowe] =4 tg WiES 247 7,9 1, 2 FFFTH
LBME gl L, L,& 022 AAHSIL 1,9 7,8 Hode mdz dAHsI 27|gsd. 1 g2 7t
WA 7} upper row HE+= lower rowol] S@E = viX WA o 2ok wkef L BY [0l H AW EE
MALl Aol gt =& 7o (A WAL Dol I & L, HallFAL 7o s WA #[i] & F7HRH.
W= ek LR L7 Y 29 [ E Lol A8lFa rol x[i]lE FUelET. 1ea wef L, 3 Lol
2gom 9o w2 F OP/PE A st o] gL o EE JWAT7E upper £ lower rowl
dod w7bA] wrEET 2 EUd BE AT e o] &= o] upper rowlA] lower row?!
A AR T 99 7G| Fﬂra}/ﬂ 37]4’ of L, L°] BF 00|22 L3 L,o] 7] WZ] 7o A W
A &Ae AFE = MA #[1]= upper == lowers HH3IA v XAt

[1

r%

O

il
o
gel
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2) MAS Mg @ WA NTE LHE cut pointsE ARt W CSM

MAE tall upper rows} lower rows o= G2 HiX| Ao tjgt F HA YHOZ BE MA9 &
Ao tig vl E o didlicut pointE A3k W (Cut point selecting method; CSM)< AH-8-3t At CSM
S i el A MARE A4S cut pointdll SFEHE A7 AAES SAUR upper rowol HjX|
ot 2813 WA cut point+1HAFE vpA 2 A 71A o] WA ES A HE lower rowol B x| 3ot
2 AFoA A= cut pointE A A 7 ¥hE cut pointE AASAT Tef A T E4S A Foll=
NA G2 wrol] tigh Fholl WFE Y-S H 835 cut points A A Th <Figure 3> Zo], 7|7} 117) 2
2 3 119 Bk 55014 ¥EE R3S cut pointE 622 AAsA o]FA =W 1~6" /WA 7} upper row
o ixE Y 7HREE 11H7FA Y A7} lower rowol 8l X = A ),

| y | L2 | cupein=: | ! L] =
P
Lz [falls] 7
Sequence of departments =[1, 4. 3, 3,2] Upper row sequence of departments=[1,4, 3]
Length of departments = [10, 3.4, 3, 2] Lower row sequence of departments =[3, 2]

Figure 3. Cut point selecting method

42 Cuckoo Search ¥¢1d =

Cuckoo Search(CS) &1 8]F2 WIS HEES Fo|7] A PFHH I3
of oJaf :etE o)zl A2 7]Holth(X. S. Yang and Deb, 2009). &5 w27 F&
Ao 24 Edh(brood parasitism)o]2til Bl P E ot o] ALY N F &
of Zp e & ol T A7 ALY dE Fol LollA A7V FItHEE dthe
Aol A BA HH, w7 S Ailo] &g B2 XY A7F Al &S BE dES 2o T AEE
& ¥4 oF g&th(Payne and Sorensen, 2005). ©|2]d CS de|F FAo] A o|HA HA Y& A
%l Lévy flightsE ME& slE Bt ASFOoZA AHFAog wir|5e AL PsidS st

ZE2~ 82 Paul Lévyo] o] &S @ Lévy flightst W3} (step length)o] SEL =39 &% ng
F&o] F72 heavy-tailed FEREZE W= WY Y29 T FHFoItH(Brown et al, 2007). Lévy flights
= Bd Eato] F3digs 540] o] CS dagFol & ¥e © Ao w e dlFH At
X E 25 WY 93 (Gaussian random walk)Eth E3H o]th(X. S. Yang and Deb, 2014). X3, o
AToAA F=E0l ol FHeAY Aol AhdtS BAEY] A3 FF o] Lévy flightsoh dwt
Hog g+ EAo] /At a 4 A tH(Ouaarab et al, 2015b). Lévy flights 28 -& dukz oz WH3}aF
o

oL

A7 FAA e b "WskEe] M A Uetde §AF o] Jdt(Brown et al, 2007;
Shlesinger et al., 1995).

CS &argl&olA FAFe] L(host egg)S 3+ 7H 9 3H(solutlon) YER 2 W 7] o] (cuckoo egg)-
AMEzL & Yrdth CS g Fo HxE= A WolA b F& dli(host egg)2t AT AMFL B F&
7Fs /o] A= Bll(cuckoo egg)E RFEE Zlojth CS Yt FolA wH7]e] FFajedol] s =gk 3714
732 o534 Z2H(X. S. Yang and Deb, 2009, 2013, 2014). (1) Z2te] WF7]5 g ®oll 7 &
(solution)= i MHHA A&HE FAo &d& ¥tk 2) 7HE & F29 & 7 M 2 4=

U[o

O Aol A8, 3) €< ¥< 5[: A TA F= 1A Atk W)Y e FAY F Aol
A P,e0,1]9 &EE LAY, 78 A9, TA FA e w7 & HYAY TAE HEL A=
& ZoA A SAE At o3 AEE VMo R 3 7]EAQ CS dadFY #AH S <Algorithm

2>0) A A A 5T
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Algorithm 2. Pseudo Code of the Cuckoo Search via Lévy flights

Objective function f(z), == (z, _ x,)%
Generate initial population of n host nests z; (i = 1,...,n);
While (t < the maximum number of iterations) or (stop criterion) do
Get a cuckoo (say, z;) randomly by Lévy flights;
Evaluate quality/fitness of new solution z; or F(z;);
Randomly select a nest within the population (say, z;) and evaluate its fitness
F(Jjj),'
if (F(z;) > Flz;)) then
replace z; by the new solution w;;
end if
A fraction (p,) of worse nests are abandoned and replaced by a new ones;
Keep the best solutions (or nests with quality solutions);
Rank the solutions and find the current best
end while

<Algorithm 2>& ®®, 27|38} QANA EA4FS f(2)E Bt 44 ZAFo] it & g
(i=1,....,n)E WF3A AWAH3td 3] I (population)S FAAS H, I T 7FE F2 3ll(current best
solution)& 2t7] 93l ztzte] afol gt =23+ Zh(objective function value; OFV)<= A4RgIth 1831
CS & EL 2 ®)FH 2o, Lévy flightsS T3l M2 3 2" V2 WP 3ATHX. S. Yang and Deb, 2014).

gD = cht) + aLévy(s,\) (8)

2
where

AT(M)sin(mA/2) 1

T gltA?

Lévy(s,\) = 0 <X <2 )}

7)ol A 2= t WA iterationol A 2] 0|tk TE I o > 0L CS YT F HEety Y HH3 B
Aol zAr)er BAS SV MEEE A E(step size)E 2 FE Q40l0|th Lévy(s,\)E ol A A3k
Lévy flights #E 32 TAHE oz H9F 53 =Fdd. 9744 re #vhed<(Gamma
function)& WEFH L, Lévy(s,)) o AAEA MEE= A S (step length)E UYEIW = s& Lévy #2510}
EE FOE Lévy REEHR = a9 #olm 21002 Fal ghol AArdET

AV

sy
a

i

=
=

o

2110yl A2l w2t v d(n)z; | |tol 00la, 2FHATE 44 0,9 0,9 AMEEEZTH EEHE
A

AY #5017, 0,7 0,& A1)E F4 A

O, =

r(1+\)sin(zr/2) Y2 -
{F[(1+,\)/2]/\2<A—1>/2} , o,=1

olZA Lévy flightsE& T3l M2 3 2,5 AT &, o] ol i A+ F(OFV) Flz,)E T3t
1 B, ;8 OFVE Hlwskr] sl A9 8 ' (population)oll A AR SHA she] &li(z)E A=do.
N2 o o= Wk BHGSE gt Fla,)ol 2,9 2R g Flo) B9 299 ¢,5 ¢, 2 v/ "ok 1
Bg WAZ, pelalel MewdE o To e Man B0s APA e BANIAYG Levy
flights7h 2/ Hle 492 BEFo2M A2 2ol A SA7 AolAch ofr|oA P, & %/ A4
A2 WA 2= 34 (diversification)?] Hlgo] Z71et W R P, S WA AAsE 1 7o) v 8
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ol t}, o] #Ao] Byl YH FA iterationZhA] F9| 3] oA b 2L HE 2] Y8l OFV
o SAYRE HEAZY. AF7HA AW FHEL jteration®] H U] At =2 wj7tx] wHEF T}

AFolA= CSo MAE ¢agFS 7IREe R 8313 THOuaarab et al., 2014b). 714 7=
E£E3) W H7)(smart cuckoo)THE MEE FE L WIS F71EA o] AERE FF 9 mEr)E
&S BrIE AEF A & AdYoldeA &l fal &s IR AT TAE LS 8
A3} Fo] gAste] do] Wy A7] Mol B F& A &S B s TAE vHFAY & o=
ozt A dAe HE2RE P (0,192 vl&o] w ]%% Lévy flightsE &3 MEZ& o =
2 FA T olH g AT E FUIFo =N CS7F M EHE HL DAY iterationol A 2] s S9] FH
gAs o Fstd ¢ 9en, <Algorithm 3>& &3 /|d= CS«] I8 & AAsEAT

Algorithm 3. Pseudo Code of the Improved Cuckoo Search Algorithm

Objective function f(z), z = (xl,A‘A,fU,,I)T;

Generate initial population of n host nests z;(i = 1, ..., n);
While (t < the maximum number of iterations) or (stop criterion) do
Start searching with a fraction (p.) of smart cuckoos
Get a cuckoo (say, z;) randomly by Lévy flights;
Evaluate quality/fitness of new solution z; or F(z;);
Randomly select a nest within the population (say, r;) and evaluate its fitness F(a:j) ;
if (F(z;) > F(z;)) then
replace z; by the new solution z;;
end if
A fraction (p,) of worse nests are abandoned and replaced by a new ones;
Keep the best solutions (or nests with quality solutions);
Rank the solutions and find the current best
end while

4.3 Random-key encoding scheme

Cs darelFol A& HA 3 EA g3 atH A7) wZol Lévy flights®] A& 3 FARLAE =
& HA3 £A49] slol A8 7 AEF LT HWH (modification) ZHg o] Fasith. TA & Aol A

= AT B2 d7EclA HE FE2HE =% HAE ZA AES W 43 s &4 gl A& 7t
ottt ®ol AMEEA 9+ Random-key HES AE3 T Random-keyW ™2 &A1 33t
(continuous space)= ©|4F#H Q1 X3 7Hsd & IH(combinatorial space) o= B} FH ARSSHE 7] W 0]

T} (Bean, 1994).

g

2 AT 4= Random-keys T3l =7
o)

= 23 4 N2E E At AAHAdE HE3HTh
Random-keyZ ©|d x| dA 9] & Fd3t= W

Al
e}
W& <Figure 4>9f #Zo] AWd 4 Qlth

rr

Index of RK sequence 1 2 3 4 5
Random key sequence | 04 [08[03[01]05]

[01]03]04]05]08]

}

Solution sequence | 4 | . | 1 | 5 | 2 |

Figure 3. Random-key encoding scheme
oF o]d WA A A wjR|ok & A 7} 570EE, 1™ 59 2ol [0, 1]AFel o] el e 2
Y3 EZ(uniform)E WA 5HE BEAA wjdo] AAIT. o714 Random-key HiE
(sequence)®] =4 (index)& ©lF WA AA A FolA= AES] HERZ U431 th, Random-key

i 2

&
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WS 4lojA MAIESY &A% A Hed 9714 Random-key W8-S 4]+ ®W'H-2 Random-key &
9] Random-key#< 22 AE AHA7& Aolth. 284 =¥ 7H 22 0.19] index?! 47} 71 <
o2 23 74 2 089 index?l 27} 71 HE 7HHA A A =47} [1,2,34599 Aol [4,3,152]
2 v A Ao

44 Dummy 7|4 A&

Cs dagF< T3l A A= A MAES AA] MAE ZHe @ &lld RN F&3] QA
of ool wjx|FojoF st=A= CS dagF< Tl e o vk WA st= MAEe] Ao Dol
Foll webA SeA AT ol metA AR S g 27t 5 AAE 2

FolEs A7t /b BE o Ao o]l tigk AR dlAI7F uk= DRLPE] o8] Wi &4 FolA ‘H7 2
Al Feolth. ‘H7 & Hungerlidnder and Anjos(2012)] AFolA A5 AtA A Fejolr ZA9 742
<Figure 4> A B A} o], MAL 7} 7700]a, Zvzke] A2l doj= 10, 3, 4, 3, 2, 2, 2°|t}. dF
A el 2 AP <Figure 5>9F Zo] YEtY=t, (@)= 33 ¥A @3 A e el A
A Fejolm, (b)= JHAIZTY] &3 HolFdle el HF wiA FEjolth 2 e 25 A=

3:] L=
<) ] T
Al A S, MA =A= S Eol [3257], B €] [641]2 FLAIR FIHS EA FokS ATl
A

l
r:j_‘
Lo
ot
)
L
%0,
rr
ol
_{

2
O}N' m.IU
40 o ol mfn

H
R

NI

as )
= FA3T F(OFV)o] 16601 s YAS e FH3TF gho] 1592 FHe A &3S i ¢
As o FH3FF Fho] O RolA e AL IS F ok kA CS e EE a3l g NAIEY A
Al KXol thalA B3t wiz] HXE 2= ol Hastt B AFAE E5F #(flow)o] fie
7132 Dummy /WAE AAstA WA ko] 33 HolF=ATh
| [ | | | | | | EEN N S
10 3 4 3 2 2 2
Figure 4. ‘H7’ Instance
| e | | L5 M7 ]
| | | N |
OFV = 166.0 OFV = 159.0
(a) Optimal layout without clearance (b) Optimal layout with clearance

Figure 5. Optimal layout of ‘H7" Instance

Dummy A A& %718 W 27148 AAa ok FT}. A, Dummy AAL] 55 @ A2 24T A<
A A4} 7 F WA Dummy A2 dolE Woz HAY AUAZ AA okt Dummy 7l
Al Aolg BA ARSI N5E Bol YolE5E o £ MAE B FEo| HolAUTh A% /)49
201 g AR Y5 vR ok AA 7} Z7e EAS BREs} wold EAE sdssr 48

= Aztol MagsA 0w 21T, R, QA £5 B olgow wo Ads U, BHas)
2% ¥ Dummy AAESZ Akl BRI A olA BFad Aaert BAGA Ao A
Dummy 7A7e] ZolE VT HAE AAE A A7 A5 94 UF BAE A% oA Ada
A AR FE Aol Fasid B ATAE B ABRE AH Dummy A dolE 052 2At
3 s As)oke DRLP #8e) /A ol wat melsha A4

5. 44 A3}

B R A= 4lA AE & Ao WHESY dee Brsty] 9l A7 Aol gt
B ojd AFEd v drh. & Aol 23 CsEaelse 3 YHELS JAVA =



&
o] HFHAA JAHAG A o]d wixAEA EA dolH = & &8 FAER o) AFEodA A
o] WYPHAA MA F7F 5AWFE 1670744 187]2] EAES AHE3F th(Amaral, 2006, 2013a; Fischer
et al., 2019; Heragu and Kusiak, 1991; Hungerlander and Anjos, 2012; Secchin and Amaral, 2019).

s B3 FAHAT 2 F-E Microsoft Windows 10 % A A, Intel Core i9 CPU (3.3 GHz), 32GB RAM

51 w7/l M s AA (Parameters setting)

CS &g Fo] i 8l fde]l =7](Population Size; n), 3 FlA & W=

o Al smart cuckoo H&-& 3= Hl&(p,), Lévy flight?] step size #k(a)7F AThH B AFA= CS &
g F AHZ A S A 837] 98 Cso 7 miviv Sl e 4 A4S
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Table 3. Result comparison

Instance Ml MZ CS (in this study).
Name N Optimal "(l"lme Time Best STD Avg Time
sec) (sec) (sec)

HAS 5 525 0.05 0.02 525 00 1.291
HA6 6 1905 0.06 0.05 | 1905 0.0 1.324
HA7 7 159.0 0.1 0.08 | 1590 0.0 3.76
HAS 8 1895 0.39 0.19 | 1895 0.0 3.769
HA9 9 4865 1.02 075 | 486.5 0.0 2.957
HAI0 10 821.0 8.4 236 | 8210 00 10.655
HAIl 11 7735 1539 208 | 7735 00 12.354
HAI2 12 10210  76.39 2859 |1021.0 0.0 15.411
HAI3 13 15205 32797  100.80 |15205 0.0 17.824
HAI4 14 18335 335894 88223 |18335 0.0 19.751
HAIS 15 26245 321406 191853 |26245 0.0 23.932
SAlda 14 29040 3025469  1207.88 |29040 0.0 20.102
SAl4b 14 27360 5469.83  1532.05 |2736.0 0.0 21.023
Aml4 | 14 27385 49864 153327 |27385 0.0 21893
HKI5 15 165700 1229741 214873 |16570.0 0.0 25297
Aml5 15 31950 1122134  5002.63 |31950 0.0 27.465
Aml6a 16 7365.5% (2§_6()“9?,2;:**(1§§6“9‘22;‘:** 73655 0.0 30.127
Aml6b 16 5870.5* (1%%22;:** (ggg%ﬁ* 58705 0.0 30.372

* best solution found before the process stops
** The search process stops due to time limit (24 hrs) and the optimality gap is shown in parenthesis
*** Optimality gap

6. A&

AFAFE s A7 JAAHJY XA Bddd A= HZ X EAY B&3F Fasd
A Al oS 2 ?l' AT Fokoltt. & ATl wix2A o e = HA A T A=A
Al BBRE ofy g}, theFe AAl A5 A 7HE ®el &8H e o9 s A2 A(Double row layout
problem)ol] W3] T+-F31aL, HZ 27 AAIL A= AzAIEoY EFAE A F52 WA E2AE 1L
Hall =7 2 FAFE sl HJFednh 22 old viAAAE sAsty] 9% WRHECE WE F
2] 2~ F 3ltQl Cuckoo Search ¢ieg]&S AHE3IA AL, oG viA A A0 CS ¢aglES 2 -835H7]
13l Levy flight #koll Random-key W2-& AH&3te] & &4 F31& o]4bd o & vt 18] al o g )
A WA 02 upper row e} lower row?] do] W ~E gr3+= W (Length balance based method)¥ cut
pointE AAstE W (Cut point selecting method)s AH&ste AE&3 CS LuglFY 3 Ho
(population)& 270 2 7FA 3kt &, wi x| o] W1 F3tol] Wk &AlE fdstr] stal ERHIES U £Y

J= WAE 27 98 Dummy AASE F7lste] CS dagE< &3tk

N

Eru[

ol ATFEodA AFEEAE o8] 7FA old wiA A EAE UE] A4¥S AP AHE =EIAT
A A, ojn Fg 7 (Exact method)S &3l HA Fho] =& A9 Z7|7F 22 A=Y 45, w
2 Az Yol HA e FolWlth a8 A VIS Bl Fold & gle AR A dEiAe B
ATe] W EC o wWE A WA A3 ghe Fohydth

2 dATeE EF 2 & AAGET ol AAA &8 HTF W2 old x| AdA tig lHEs AlA
Stozx A wjx e} BHH gt HokolA #H v E&& FAAZ = & o2 ) =3 vl
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Aot AT B AT old v A= v X E = Fxtel] tiE] Ags FA ol AAAHRL wjixAA
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Demand Forecasting of Foldable Container with Bass Model

Hag-Seoung Kim1, Hun-Koo Ha2
1Logistics System Research Division, Korea Railroad Research Institute

’Graduate School of Logistics, INHA University

Trade imbalance among the nations or regions has been deepening as a result of economic
globalization. This trade imbalance causes another imbalance, in the area of container supply and
demand. That is, Asian countries including China suffer a shortage of containers for shipping their
products, while the United States or EU countries have a surplus of empty containers after unloading
the freight. To deal with this problem, over-supplied empty containers are moved to the locations
where containers are needed, yet this is an inefficient solution to the problem. In an effort to resolve
this inefficiency, many countries are preparing to develop and introduce foldable containers, which can
be transported and stored in a bundle by folding 3 or 4 empty containers together, significantly
enhancing the transport and storage efficiency of empty containers. However, the foldable container is
still in its early stage, with test products produced or introduced to the market in Europe and the
United States. In this paper, we studied demand forecasting for the foldable containers with Bass
model which is based on the diffusion theory. For this purpose, the parameters of the Bass model were

estimated, and the forecasting model of the foldable container demand was constructed and evaluated.

Keywords : Foldable container, Bass Model, Empty container repositioning
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2) HIAFH 42

H A8 H 225 (NLS, the nonlinear least squares)s FH$E=FAH(MLE, maximum likelihood
estimation)9] @& H3}7] 93} Srinivasan 5(1986)°] A<t T

WA Bass BB FAHREHFE o] §3te] AAEE A AF p, BY AF q 2T A% FAL 7
28l m o] Al 7}A mET} ofgf o] 4o wel Al FXH(time interval) (t,_,¢,)oA S/ FujAES] 7
WA X(@)E ol8sl #4 7 stk st

X (i) =m(F(t;)— Ft;_,)) + ¢ (12)
. ( 1_6—(p+q)t; 1_6—(p+q)t,71 ) (13)
N B +e
t m 1+(q/p) (p+ot, (/ ) —(p+at, €
NA eli)E L3481 oo o4 AFFS Aadets BHTF 4(14)S Bt G4 AF p, B

W AS q 2 A FAE RS mo] FAEH.

min 3. (X))~ X()P (1)

p:gm
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o] (time interval bias)& =
of Y-S WA FaL

7V& st

=y
s 27

3-1 A= 3

Hol2 Aeloly &4te $13 Bass 2
A(q) L FAA AR T E(m)ol
(OLS, the ordinary least squares)oll 9|3t %=7] #H<& F

(NLS, the nonlinear least squares)s ¥&3lE%

21

()]
o wmekA
%BO]—/J

=], Fol2 AHo|YE Bandara 5(2015)¢] ¥ 3l
T2 Bass 2@ 9 ¢ FHS A AF =
(OLS, the ordinary least squares)o| &J& EF+FH S 93 7|2 A5 FASF
Ae ol et &L FAF AlFA S ey A FE AT A tid 719 AA Adely &
o] 49 %5 AAE= AElol 19 A Z=UA ] CIMC(China International Marine Container Group

I =0

Co., Ltd.)®] Annual report ¥ Semi-Annual ReportE 7|WIS 2 ZASIYT °o]& AR THE T
13+ Flat Rack Container?} 44 58 &= ZH ol 71 H] ©] (Special Container)

01

nksh o] @A) Aol A
t} 2 5 (data)= &4 SHA| o3

=y
=
Z o LA

= 2 L

o
R

KX
L

R=SNeR E
) =T

S x 3t

mf FE 20023 FH 201437bA] 1317k e] i Fe wEE gad 2ol skt
Table 1. CIMC Semi-Annual Sales Volume of Special Container
(unit : box)
v 2002 2003 2004
ear
1st Half 2nd Half 1st Half 2nd Half 1st Half 2nd Half
Special Container 11,723 14,457 14,289 19,777 23,150 32,668
2005 2006 2007
Year
1st Half 2nd Half 1st Half 2nd Half 1st Half 2nd Half
Special Container 39,817 24,175 54,000 33,361 55,900 32,946
2008 2009 2010
Year
1st Half 2nd Half 1st Half 2nd Half 1st Half 2nd Half
Special Container 52,500 50,200 27,000 16,200 24,500 37,400
2011 2012 2013
Year
1st Half 2nd Half Ist Half 2nd Half 1st Half 2nd Half
Special Container 46,200 30,900 33,000 40,100 30,800 33,100
2014
Year
Ist Half 2nd Half
Special Container 31,500 38,000
32 B4 4 3 F845F
471 &4 ZH ] (Special Container) ol el thdt B4 FH S 95ty d&3 vie} o] 2(8)F ol &
st ARbH AW o5l BR4E FH StEF gt
HA, CIMCS] 54 ZEloly ko] tig SPSSE &8 37 4 A= b3 2ok

1) CCIA (China Container Industry Association), first half of 2007, http://www.chinaccia.com
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Table 2. Result of Regression Analysis

o 42
HEZS 3=+ ZEF A+ BOIl CHE 55.0% &2 T2
o C EE27t Bl EF t o ahat s
1 {&=) 18750730 4845934 4074 000 9726877 29792582
y 089 03 1.909 2.644 009 024 153
¥2 -8 T16E-8 000 -1.668 -2.486 021 000 000
. ESHH K
olide] 37 A ARE o] &3t a; =pm, a, = (¢—p), a3 =—q¢/m, Ele(i)]=0, varle(i)] = o?, ei)=
RE i=j ol g8l (i) & FPoE ou) FoIA o, = 19,759.730, o, = 0.089, v, = —9.716 E—8
of thste] Luta Aol 25k 4(9), (10), (11)F AH&3to] LRt iAol o3 meE F48HH
o3 2
p = 0.01802
q = 0.10653
m = 1,096,414.3
271 drtE Lz 93 By 34 AAE 7] o= st HMAFHLASH o3 By FAHS
el 2 (14)F ol &3t v Zo] A AF &S HAFee By 4 AAE AU
p = 0.01639
q = 0.10568
1,127,237.7
o} F 7HA B F4 o Yt FAFE o] mE et Ay & TekE o 29 Zh
Table 3. Sum of Squared Residual (SSR)
Ordinary Least Squares Nonlinear Least Squares
SSR 2,762,624,882 2,713,484,372
271 Aol mEt ARtH LG H ol o3 ne A B AP H LA o3 me A A3
7 £ B Agg AE & F AJT o] A7) By F Ao ©E oA HdEoju ] akel st
59 7] Ax=HH 50d3te] AAE AHEH of Tzt P
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Figure 1. Sales Forecasting of Foldable
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33. FR4ZF 48 AF

43} o] F% ¥ Bass RHol ofte] ol Z® ghel HHEE FrSYh ol 3] FAEE BI} S A
=

x=2 ZFA| 5 & (sum of squared residual : SSR), ¥ ﬁ'ﬁé W@ XH(mean squared error : MSE), ¥ #& o] #A
A} (mean absolute deviation : MAD), %+ At} ®W&& 23} (mean absolute percentage error : MAPE),
e ﬁx}%‘ﬂ & 2 A (mean squared percentage error : MSPE), % A3 2%} (root mean squared error

: RMSE) ¥ #2528 0 x19] HH (root mean squared percentage error : RMSPE) $o] ¢lth(o]Z&Y,
q p &

o] T (2006)2> BFL(Theil)o] U-SAFS ol &dte] JSEPF Y AFEE HI7F & vl A=

tﬂ, B} (Theil) U-A F kol 101H SAZ 2y o] dF=Ho] g o B} FLdFS oJrlstar U #tol
E‘r ZtoH dedSUHEG dFHe] ¢k, U fho]l 129 A ded S o S8e] v
o2 A9t oleld H& wyl & E}Y(Theil) U-BAFHE thod 22 2oz sddn

o714, A = AA 7, F = d= gtoly 7] 2o 2|3 Bass Z& 2] E}Y U-BA LS 0953702 LG
ol AR B34S = S
cE T, o)9} A It o E AMg3ta Q)

HEHl DA FH L (single exponential smoothing) ¥ A E A 4% & (Winter's  exponential
smoothing) g3t ZAAFEES HlwskAT
HA, GeAEg@dHe A7) Al g3t dS gt Aol xkatke] dAnlEo] Ao A @ vete

Yo o 43 gk
Ft+1:Ft+a(At_Ft) (16)
do<acx<l1

A7IM A = AA %, F = A= geld as F8AFoIH ez 2 AeHFEH 2 7HH (addictive
seasonality)?} % H (multiplicative seasonality) &2 TEH T HE 2= 7} E%‘ﬁ Ad WEe] A= AA

dol ARt 353 BARlCl LA} HES ZEe TR tE S 7Ry, 9B o B2 AAE
712 4%, A, AA dhel gk E5(parameter) S ZH2F B E3hE Al WA S A 79 @S UH
2 ggrde] o] thda] A Fst= WAoot B AFoMs 9H 2 sREDS AR olF
T o= Yehd offol o
X,
S, =« ! + (1—a)S,_,+b,_,) (17)
Ly
by = (8, — 8,_1)+ A —=~)b,_, (18)
X
L=p+0=-p_ (19)
t
‘F;+m = (St + btm)[t*[rkm (20)
A7IM m = dZ71, L= A- F7], Xt = AA &, It = AE s B2, bt = A4 s HL4, St =
Aol e % A FE2jolt) o] e tEAQ AFH S ofste] I AT BHE Wl
M ¥ Bass R F 2 73 dF 3 F AAAFFSSR)S ARt 7 A3 ofefeb 2Eo] Bass 2ol /]?}

SSR gkol 714 A& ATE ol Bass REol % 2ol F o 4% AL stk
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Table 4. Comparison of sum of squared residual : SSR

Bass Model Single Exponential Winter’s
Smoothing exponential smoothing
SSR 2,713,484,372 3,342,268,989 3,805,937,507

[e) [e]

3 . = = =
2, ANALASH L AT 27] 58 FAY T, NHIILASHED F2 ASp), L A
2 A A FEm) Y EFE FASAT =3 HL U-sAZEFS S8l T3S HUig 2
3 @ EECESE PR 2 .

& Zlo] Aol ofel B Aol A
ugith £ A7) A BRUYY B4 AT F U Mol
Ml So Y FA Fe vha Tl o )3 &4 5o BAE 2t GEs A
$gol MATh ®£3 Hol4 Aelol Y% Fgol e FA 4

FE A AE T 5 A= EUE ATTORA e B ABe 49 AL 27} o
of ¥ @ F 9g Aolrk
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Fo
2
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