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In this paper, we propose a TSLF methodology, which is a Transfer learning with Seasonal adjustment for Long-
term Forecasting. The lack of learning data has been a chronic problem in the field of long-term demand fore-
casting for automotive spare parts which tends to lead to the over-fitting. To solve this problem, we used transfer
learning. Transfer learning is actively used in various industries as a technique for reusing pre-trained models to
improve the performance of tasks with small data, but there are no research cases applying it. The main idea is to
utilize trends that are highly related to other parts as the source domain, and to migrate the pre-trained network
while retaining the feature extraction layer. Experiments show that this method mitigates over-fitting problem
and reduces error by 14.85% on MAE and 11.3% on RMSE than the traditional method in the small data set.

Keywords: Transfer Learning, Demand Forecasting, Spare parts

LA & H4Y ARAE FHESE Ee B kA FE S A

sfFojoF & o771 A7) Wil s 71kt W) AER FE F
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2009). AA, 2527 wE Al ol &P o] 7Hsst s 4%
3 37} B 3T Murphy et al., 2004). WA, 253} A1
(dead stock)2] #1843 ©] U THPecht et al., 2000).

A2 JAl= BT E SR sl AR AT 715
G713, Al Az, 4l s A 2~E] 50 Tl 5}
woll AY4ketel o] Hshyt w2t o} 9k BA F-o ikl
T o] Fo| &, BA|Fo] Aol EAsHH dH]EFe] FaE A
&7 0 2 WA EL7] w Foll(Ha, 2018), F3 2 Wk sl
[0 A& 07 )33k Zlo] Basith FES AA AYFE
B, AF A WY TR ASAE 7O E A7 A FF A
F-o A slolof st FEH PA o A o] Aatd A5, A=A
Aol A YA FEFo] F5H T 3 Aol AYikst= Aol &
o]7] W&ol Aol Fr3fofed F-F FYF AA S SI3)A
713t 4= .0 th3k o 54|71 B 28} th(Hong et al., 2001).
71E AE AL B 5-E2 £ 8 6|5 A7 3] 934 W (Hong
etal.,2001), N Al E £ ¥ (Kang et al., 2014; Gonzalez Vargas
and Elizondo Cortés, 2017), 12| 2 M A1 2] 1d H'H(Choi, 2014; Kim,
2018)2 41747 ¥H(Yi, 2007; Jung, 2016; Henkelmann, 2018)©] %1
o} 319 24 W2 olnlEo) R 57 (life cycle) & 2@ 35t
of A7) 8450l F-83HA AHH T SRR M8 A o 5
7HI R A= oS dse) A o Fofr| g S ghe B
olA| &= 7497} Bth(Jung, 2016; Lee, 2018). Al A E £-4] W&
nlef o] Q8-S HA ) £ Q7 HA 9 oS QAR 3]
= otk 4717 & A A7 3] A A o] B B4 g o
2 55 AY Y S d5H0=7 ‘#]ég}EE(Hyndman
and Athanasopoulos, 2018), 7]+ 8. S 23 o) 2 ¢}s}A] ekt
27w 2 7k A 18] 31 91 7HE A (non-intermittent) B ©] E
EAYD g oH, AA T A A= M3 S oot
& <7 glo] A7 ¢S el 2 3stTHDombi ef al., 2018).

AL A RF] M8 A 9 AT S 73 AT
= Qo &, A5 At o v 3 ool A& A e Q1 #A o]
EHZ s dutsl Aso] SRy ¢h=th Gonzilez Vargas
and Elizondo Cortés(2017) A2 o & A 50| HAE Al
A At S B FT} Henkelmann(2018)<] o€ 7} Al g
21?1 o Z 2 & (short-term prediction model : STPM)-2 3} of &k
& w2 oo RA3 k. 53, v vl AH S o
He 7195 okl M e 7] 4| Sl vls) B 71 A8 2
JolE7} ot =, AlgHAQl vlo]H FAI7} B & WA}
F-oFo|Th(Kotsialos ef al., 2005). ©]ol & Aol A= ojw gt
F9 F£8E &3k, 29 A EAS 7H FE
&k AP A 2] frgatthe 7S 7 A A, BEe] FARE
of frAM o] & EHEE Y A A2l & Aol o 2 M, 7] & A
7 23y o) dutsl s Mg s REnt shsst Bl
B} e B2 dARE Holdhget mdlo] et Bt
2 2Kmean absolute error : MAE) 7|5 F 5.48%, 3¢ Al & 4
ZHroot mean square error : RMSE) 7] ©F2.14% 7H4~38}191 0.1,
Az NALZRE AR Aoldtsst R o4t
7} MAE 7] <F 14.85%, RMSE 7] F 11.3% a3tk
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B =Ro thga} go] A otk A 28 A= AHER}
dulEEe) FadE A7FadE 18w Ho|gs Ak
#9020 Y3 AFATES 2T A 3FNAE AT
A8-5 Hh 2ol tiste] A3t Al 4ol A A5 3| A R
e $39 AZ doE S /A 2 A B8 < A3 v
Auto 2 A s B o] A8 9 gtk A&t
2.3 A+

21 53} HIE 202

71E Ak oHRE F8dE AT AR WY
(Hong et al., 2001), A A€ £-43 ¥ (Kang et al., 2014; Gonzalez
Vargas and Elizondo Cortés, 2017), M4121d WH(Choi, 2014;
Kim, 2018), 1] 32 2173 % ¥ (Yi, 2007; Jung, 2016; Henkelmann,
2018)°] Atk
4] B4 AERLE GE
S}~ (failure probability density
function) 2 1452 Wslof w2} x4
X, AR, 283 golE 27 AHEET ofolE £2
T 27104713, A3, vk g7kl b AL
AE A4y, 94, 28 7MY dd e Ry
0] eln) - ol =
et al(2001) 2.0l YT
o] BAE gttt ol
ot Ao 7, 55 B
YA A FE 0] S st BF Al o] F FEe]
T8 & F43T(Lee and Ha, 2015).

AAE T 2 mel o] ke A o A Y
o & Qa2 A st Wi o]t A17] 3] 7 (auto regressive : AR)
=} Fago g A= B o|H, o] FH w(moving
average : MA)S #A 9] o5 QA= 3| AAIZIT) 217 3] 4+
2 0]5- 3 T (auto regressive integrated moving average : ARIMA)
S A7 A RY I o] sH TP o] AgH EFo|th ARIMA
= AF TS 78k, A7 ElolE ol A Uehus A @ 3} 1)
o] EA1E HE & o Z317] o] HTHZhang, 2003). o]l T
Y ARIMA 23R W73 ARIMAS A3 sto]He|=
(hybrid) 28] -Fslth= A E0| A th(Diaz- Robles ef al.,
2008; Pektas and Cigizoglu, 2013). Gonzalez Vargas and Elizondo
Cortés(2017)= T A3 2, ARIMA, 21747, 18|31 4173
43} ARIMAE 233t 3to] Hg] S(hybrid) 23 9] 4|5 45
] 54 3T} Kang er al 2014y +8 3 =298l 3l
A=22E WH(croston’s method)Z EE-YUE] 2(holt-winters)
= A% By & ARk

M2l o2 AP U (Choi, 2014; Kim, 2018)7}
AEET AP A U (decision tree)= AH5}F F-F 4.0
e A= 2dES Tt HEAF LA Havt He
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28 715 AT F Ao BF PH s Ve 285 9
231t} Choi(2014)= vFEZ 3+ (markov process)= AR2-5}1
AR, L5, 3, A4, 83 5 v Al e
FATF, 72 GE NFLE 53 Klm(2018)‘_ K-3t
THEH LR FF FoF A, A, d e, 1
1 BAEFe] 9458 Hrss Ty ﬂlOIEi?a hikil
SEUFY FoFTe] E5 13 S Fet

AT g e TS A EE 3(Yi, 2007; Jung, 2016), <
3+ 21737 2 % (Henkelmann, 2018)0] AHE-HI Tk A1 7472 A4
=93 7)) 299 Aol & G vete] LA} 2holA] & g
02 7} E QElOlERT YiQ007)E AEA BFE FF
o] £ 80)=& PP A8) A G AHEELA o S
&2 321t} Henkelmann(2018)2 =87} WIWSHA A
Shs B35 T o2 2] 9] 3o ¥ v}2hu] B (hyperparameter)
£ g8t N4 A AKplavsibility check)S} Th&-2A Y &

(downscaling) S AH8-ate] 7 o7} A|FAQI SR
(short-term prediction model : STPM)-S 7§41 g}

22 A7)06&

B71redEE 7199 AEEeE e
skef W< —rﬁ%t-dr A2 7= © At 7]
A7) TRE 7N E B AlE Y| 53 2o qudr
AlZto] o Aele A S Aol AR = itk &
Zof HIg) Aikel] 875 A 2H AAE A Thssithe
Aol A A7) 45 F sttt A7|FadSel 33 A7
E2 34 W (Hong ef al., 2001; Dombi et al., 2018), A
AlE 4 W (Kotsialos et al., 2005; de Oliveira and Cyrino
Oliveira, 2018), ZL2] 3. 4174 ®H(Nguyen and Chan, 2004;
Toque et al., 2017)°] AT}

3| AR e BEl ook oo Y rA=AE ¥
o] I & F43l 3tk Dombi et al.(2018)= & H] 52| A7)
T 87} s8] 243} @] 35 (fluctuation) 2 O] FA HTEL
7HA gk}, o v F-35-9] -l 7 =7 (purchase life-cycles : PLC)
& A9 3l= 42 2.8 (Demand Model Function : DMF) 3+ Al
kit 3|74 2GR RE0 TR T E BYsd &

Ki Woo Sung - Sung Won Han

Fat ‘?i"r"ﬂ %3 EL% 7] wf 2o
A7} ATHLee and Ha, 2015).
FH-&- Al A o], A4k H]-G-o] Yol theFgt
;‘—1%%‘:} SHAIRE 47} Wskehe W37 vhotat
H-352 A7 Sl 284 % THDombi et al.,
2018). de Oliveira and Cyrino Oliveira(2018)= 17 (bootstrap
aggregating : bagging)} ‘ﬂ < &8st 27|30l 5B
o] A7) & e % ] 1’4— Kotsialos ef al.(2005)= EE
Q2R 8T A AT 5EC AT sfo] H el 21 Al AT
(hybrid feedforward multlla er neural networks : hybrid-FMNN)
23& Akt A3 BB & AFESte] AR o] B Al
A E s A g
A7V 5Tkl AT WS tEEYo] 7hed U
HAEES ARE-3HTH(Nguyen and Chan, 2004). TFHEHAIEE
S A dFstat e BE 7R 2.5 S Y8t
Zﬁj o] Z(direct prediction) T-3 ©] 7F&3tth. o]= o] H A7}
T EHA o So] F 8 5] = BFE-of Z(iterative prediction)”] ¥
O] RHAIE SHIITE A L W FF 7] ol A A
st S ofetaA e, 54 7] G ol M= - A
AT &S R 7| S0l HEStHDombi et al., 2018).
Toque et al.(2017) HFF LSS Fl3) He7] vl =e] 237
A L 2 E(random forest) _‘?_65] S vy, Fetr] wme
(Long short-term memory : LSTM)*d 5-¢] $-5~3H& A 3t}
<Table 1> AF&2}F AHF-F2] F oo Zol AHEH = W
Hl gt S A 5 BEE }7‘4 01'04 ofju]
£ F4ste By gk, H o] B 7}

i
ol
v}
o2,

r9~‘

i

o_& é“.:

o Zo A}%Wl
2= %th(Kaya et al., 2018). o}xl o} ﬁﬂf—— RSk o]%ﬁé}%
o] g-o]5ke] o W] H-3E 2] 429 o] Z(Choi, 2014; Kim, 2018) =
%719 Z(Ding, 2006)°]] AH-&F T},

l

Table 1. Comparison of Different Methodologies for Demand Forecasting of Automotive Spare Parts

. Ability to forecast Appropriate for Large Data
Forecast method Non-parametric intermittent demand long-term forecasting Needed
Regression-based | Weibull Distribution No No Yes No
. . ARIMA No No No No
Time Series

SARIMAX No No No No

. . Decision Tree Yes No Yes No
Machine Learning

Random Forest Yes No Yes No

MLP Yes Yes Yes Yes

Deep Learning RNN Yes Yes Yes Yes

LSTM Yes Yes Yes Yes
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FEE(Bootstrap) =8 ¢] 7}

ot A58 HATH(Van der Auweraer ef al., 2017). o] l|, 2173
o] ouFFo] 7R & A £ Qo sttt A7 AT
7} BtiGutierrez et al., 2008; Kourentzes, 2013; Oh and Kim,
2017; Kaya et al., 2018). 3tA|5H 41747 B3 &) 452 o€
o] oF3} Aoj| A &-$-F THWitten et al., 2016).

o
R.4Z(non-parametric) 2. o] T},
EX

s

23 Aol 7|k 245

Zo)ghge AR HlolHE 7H A4 9
7] 918, o8- HI o B 7} Q= okl A T
3= &5 71" olth(Torrey and Shavlik, 2009). 52+
3te 7FEA| & AHEShe A E T 27] 9 WHE Shgol
St A7t =& FEolA FHth ol AR ER
3 % 2](Ghadiyaram et al., 2019), =43 1 4(Jia et al., 2018), L
2|31 AF¢do] A 2](Sanh, 2019) & THEFEH 2SI A ol A Zhd-atA|
AHEH I QT

Aolghsgo] L5 Qv Foke] thi-io] &7 A ot
3|9 ZA A= §A FA ol e = o A5 2L ) S H(Ribeiro
et al., 2018), A8 4= 2 & Z(Ribeiro et al., 2018; Hooshmand and
Sharma, 2019; Jung et al., 2020; Le et al., 2020) -0kl A a3k
1317} o] F0] A 2 )Tt} Ribeiro ef al.(2018) A7t 2] &H &
A FA 9 AAE - A A Fid o] EASHA & A
08 U9 dY Fa ] 4dS 2=t Hooshmand
and Sharma(2019)= Al A G 9] F312] 373 (spatial correlations)
= F=317] 98t AEFA 417 % (convolution neural net-
work : CNN)& AR-g-3to] o] <5 7|9he] HE SRy
< A3 Jung et al (2020)2 =X Q] € AE S8 & 4=

3171 Y3t EFAl ol Q(target domain) @] T of<= AATA 4

Seasonal Adjustment

Transfer Learning

305

(pearson correlation coefficients : PCC)7} =& U7 = <l (source
domain) 3¢ N7/W& AHAd b5t RS 530} =8 A

Aol w2 A Erdle o2 o5 RYET FHA

(2020)2 K-Bv #-EA 7S AHE-ste] Holgks 7|9k
A7) W BE| B ¥ S ARk
A7 RYL A EE 1A 8, A7 o S 4¢
e BYAE, Asa}f on] R okl A= Al <l #A
HolHE s d¥kst Aol FREA =t Gonzilez
Vargas and Elizondo Cortés(2017)-2 217 -9] o & A 50] Bl 2
E A A A3tE-& EJET} Henkelmann(2018)-2 2FA of] &
A& =2 T o gkl HA3LE = 712 STPMER 9] 455 Al
A AANE B ST B =R A s oud RE 8 E
o 3k dl, 29 Ak EA & 717 £ Al tigk AR A
2o fa3tths 7S 7HA 31, Z ol g5 o] A WS AR
atof o] & 7t vl o El7F A AU §le FEe) Al E A 4
< 93 A F A EA(Reliability Characteristics)©] A 53]
&89 4 1 tH(Groen et al., 2004). A1 A3 542 o v FF2]
| = 3= 7] (purchase life-cycles : PLC)O] W, A|A| & o] FA| 4 &
o] 015 EHE 4= A tHDombi et al., 2018). O] ol & Aol M &=
AR F-E S FA G E-& B3] FrAd o] H& B AR
A 2& Moo ma 7|E Ao URts A 5-g Al

R\

B E=RAAE A 24& 283 dolsks 7wk B71+a
| &8 (transfer learning with seasonal adjustment for long-term
forecasting : TSLF)< Ak}, TSLF= 3714 ©A| 2 74 H
A 27 (seasonal adjustment), 3| ©<= 24T A| (pearson corre-
lation coefficients : PCC) &A1& &85+ Y =rjQl Me), g
3 Hol 8k 7Hke] 78S BA E AR AA A
TSLF &1 W& <Figure 1>} 24T},
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Figure 1. Overview of TSLF Methodology.
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3.1 A4 =4
W oo

AAE Bajgols 7P 28 (additive model) 5
(multiplicative model)©] T}, & At A= AHA :‘f‘o
o] N AIG 9] ol e} YA stk 7Hg 8o, 7Y

S8} 7 2E ] A= Eq. (1) 2 9 A 74]% Z}E
FARETHAADRES, 280 EFALE 12 gk

rl!lo (B
e > ol o

Y=T+S+I Vt=1, -, N (1)

FABETE BF fol ALH o= F7he Y, dadhe
HES ou|gth AR ES & 7, € 59 F7|vit} vk
70 2 Yy WFo|th EFFAE 1S At WhE 73
2l 22U T3t ‘%ﬂ%o]‘:]' 0] TH(moving average)S
o] &3 AAIE Z3l /e FALES UA T F FATE
z24 9 Azl M 73 ﬁﬁol Aol "tk E'F{'Z] 9
A Ao A AR AE A TS A AT HEolth AE =
74 (seasonal adjustment)-> ¥ AFF oA A -G E-S E2f 3 A7
O 2 Eq. (2)9+ 2t

A=T+I Q)

AR 2GS FARTTS AT R 7HET
AR AHA 54 F dnRFe] FulH 715 YeR)
of FASE HEL ZEd AHEE S O Z(Dombi ef al,
2018), ixﬂ*é%_‘—% ]J°§°J7<4 =l AR FALE
B EFHARRS 353 A 2R o 29 A9 A2 &
atar, A Z‘-;iil{reseasonahsed)g Sl AT dFe 4Tk

£ 71 B =1 Q) (target domain)

S 3} 1'/\] 7171 18l Y3 = ¢l (source do-
main) &2 5] 755 AR 85 2 E (pre-trained model) S A AF
£35H= W o|t} E_Uﬂ‘i«] BeEEq 3% 2tk =Ml D&
H] TE F335h= 54 F7(feature space) ¥} ¢ B B
(marginal probability dlstnbutlon)i TAEY HYe A=
Eq. (4% 2t 34 T+ #dlolE 33K (label space)? T3 g
(predictive function) 2 -4 E t}.

D={X,P(X)} where, X={xIx€X,i=1, ---,n} (3)
T ={y,f} @

o]t Bl =Rl 3 =Rl glo) & ol whet
A'd A o] <5 (inductive transfer leammg) HY 7o) <5 (trans-
ductive transfer learning), “L2] 311 H| X = 7 o] 8}<5(unsupervised
transfer learning) 2 &7 & 4 9;1‘:]'(Zhuang etal,2021). A A
o]8t5-2 EMAl =r Q19 o] Eo] EA)ete Z-9-olm, W A

o]t EHAl Zr 9l e glo] Eo] EAaHA] e 4 F-olth. vl
A% HolghgE A3 =Rl Bl Evl B glo]&o] &

371 -

44

AatA] ek 7o)tk w3k Aesle 1 3= A4 (knowledge)

of wh2} Q1228 2 7| ¥k(instance based), 54 7] WH(feature based),
g}2}u] €] 7|9 (parameter based), 12| 3 & 2] 4] 7| WHrelational
knowledge based) & w72 7+ Utk B AFolA A+
TSLFE&2 BHA =HlQl dlo]&o] sk, 9l =r|jle
2853 v H & dgdto 24, gielu|H 7)uke] Fd # o]
FHoh

&< (parameter-based inductive transfer learning) ©. 2 &

Holetg& Ssf dlSstart sl #E FARE B 5
FA AES Sad et EE doldth BE I FA S
A7) el vojE FAAIFE AHget, 9 =l
oS8tz 3} HE3 4B A7H09 ol B HFe 2
SRt FAA ] Aol Eq. (5)9F 2om, +1 FH -1
Aol e g2 7

<Figure 2>+ % 4 185 A4S Yehdth
S FRE AA AAT 29& shgth O
Y3l U ES % SANT
B S0l o8 BE SS

Els

‘Q'L.g‘t:s_r;]. u].;(]ul—oi Utﬂ/] zq
AVELAE 52 A &, WAl ZH(fine-tuning) O Z A}
9k,
Pre-Train Fine-Tune

Source Domain Target Domain  Target Domain

} | |

Knowledge

Frozen

! ! l

Figure 2. Transfer Learning Process

33 A7 70k 71585 Y
OEH 4] E 2 (multi-layer perceptron: MLP)2 7|24 =
o %P%EJ = A7 o] ThAL- Saba and El-Amin, 1999) oAl

Efa
3 ﬁokoi Zl sﬂﬂt Z‘i‘ﬂc}sok’?l%”ol(feed
forward neural network)e|th. Y& Zoll= 54 #E x=(x,
Ty v xK)T*g— 7] $13k K79 w2V Qlon, E8Z+=

V)T IR AR e ETE S

[e) =
\_910

%gﬂﬂ B_]!E—] y, = (y,p y/Qa
SHAERY] HA S22 Eq. (63 2T T



ALZY T BEY oI5 710 A5 ou] 35

Ate] ol 148 $4=2] LReLU(leaky recitified linear unit) 34~
—r7}5} 1718 245S 2te A EE T Y83 2

Y3 Atolo] 7ksA U Sgu?ﬂr =83 Aol 9 7kEA|U?
2 A3 A Z AAH ] e A 417 B (fully connected
neural network) ©| Tk, 9 =4 27 K& 2t 1.2k 37He] Az
2| A Wl (time-delay embedding)®} 2 Eq. (7)3 221, Al
7% Ry Yo AgHr

]o mlm

V'ap-1p = U’LReLU (U 'x) (6)
Xy Xq XK*] XK
XL\I,K] = | Xi—K+1 Xi—K+2 - Xj—1 Xj (7)

Xp—K+1Xn-K+2 - Xn—1 Xy

o 18 ALy & 28}
F SAEEY 474

2 Eq. )% 2T p= 85 = ]U}. g5 AEgo] Fo
W 8hg £t =g, 39 ggo) HA] g ke 4= 9l
o} B.50.0001141 0.1 Abo] &} k= 2| A gtk
AJ
U'=u!
AU
U?=U%- AJ ©
/)AUQ
=8k 217 W(recurrent neural network : RNN)-S Y83, 24
Z, 183 28 Z A 7] o2 o] FoA7|E= s, &Y =
T Atolof &8k oA E MO EZA £AHA F2E TS A
14 HolEE &34 0.2 A2d 4= Ut} <Figure 3>& <=3
A7Z G| A7 QSR otk YEFH 2HF Aol
A 7HEAU, 2YFH SEF AbolY 7tsAlV, 18, 24
=T Abol o] 7hEAIW E AAH itk A7 8 &Y
= 47] A8l =8 AT FHoll thsEYol e e aE
& RN geEdo] /et QAT IR
A ARG A SN A7 R4S EYE e 758 Ao
TF AR -4 AAEE Eq. (9)%F 2t o8 AR &9 % h,
=930 ALHE YA, 3 AT HF 8 myyy ©l
A 85 HA EE S J8Eth ol a7} A o] o Fo]
Z1eY 5] = HHE-of| Z(iterative prediction)®l B3|, F]& & &3}kl

Figure 3. Recurrent Neural Network for Long-Term Demand Fore-
casting
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A She RE T2h0] 508 B W) ZEFoEA, § 950
]_
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Table 2. Average of MAE, RMSE of Trend Component for Validation and test data with Different Window Sizes
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W =120

180

W = 240
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VALID

TEST
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MAE

RMSE
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MAE

RMSE

MAE RMSE
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RMSE| MAE

RMSE

MAE |[RMSE

MAE

RMSE

VALID
RANK

MLP H3

5.81

8.04

3.94

5.22

5.63

7.68

4.58

5.86

5.39

7.27 | 5.64

6.94

521 | 6.92

6.62

8.10

MLP HI2

5.69

7.86

4.58

5.96

5.51

7.52

5.65

7.15

5.38

724 | 7.17

8.83

5.12 | 6.79

6.77

8.36

MLP H20

5.66

7.83

4.82

6.21

5.57

7.58

5.60

7.06

5.46

7.31 | 7.06

8.59

5.20 | 6.88

7.38

9.07

RNN H3

5.82

8.07

4.05

5.35

5.67

7.78

4.10

5.37

5.54

7.50 | 4.02

5.29

546 | 7.23

3.95

5.27

RNN H12

5.62

7.8 | 4.05

5.37

5.39

7.43

4.09"

534"

5.26

7.16 | 3.97

5.21

5.25 | 6.98

3.93"

*

5.25

RNN H20

5.54

7.71

4.06

5.34

5.36

7.38

4.37

5.63

5.19

7.06 | 4.03

5.31

5.06 | 6.73

4.44

5.78

LSTM H3

5.72

7.94

3.92°

519"

5.57

7.63

4.44

5.73

5.49

7.42 | 3.91°

517

539 | 7.15

3.84

5.10

LSTM H12

5.36

7.46

6.0

7.59

5.19

717

4.59

5.90

5.02

6.85 | 4.48

5.76

5.05 | 6.73

4.53

5.83

LSTM H20

531

7.40°

5.6

7.16

511"

7.06"

5.10

6.45

4.93"

6.71°| 4.70

6.06

494" | 6.59"

4.37

5.68

— AW |O |||

MAE
w IS

~

MAE

MLPH3 MLPH12 MLPH20 RNNH3 RNNH12 RNNH20 LSTMH3 LSTMHI12 LSTM H20
O w=60 @8 W=120 HEEN W=180 NEN W=240

(2) MAE of validation dataset

MLPH3  MLPH12 MLPH20 RNNH3 RNNH12 RNNH20 (STMH3 LSTMH12 LSTM H20
[0 w=60 @ W=120 @EE W=180 NN W=240

o = N W A& u o N

(b) MAE of test dataset

Figure 6. Bar Plot of MAE of Dataset on Noise Component
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Table 4. The number of Train and Validation Data of Source

Domain and Target Domain with Different Window

371 -

Sizes
Source Domain Target Domain
Train Validation Train Validation
W = 60 6257 1564 228 73
W = 120 4725 1181 240 61
W = 180 3469 867 192 49
W = 240 2826 707 144 37
3 HEo] ANAY ARERH B4 A5 27 & 7K
A3} 6041709] 28-S 71 AR HolEA e TERT

<Table 4> EMl =vQl3 93 =
S ol o] ol

<Table 5> AP O ZFH HF Add NAFT] = wj7i
“(hyperparameter)°| T Z wWi7f < Sk A o] AZHE7]
Aol AHEAF AR T g2 ovlet, &9 k29| 7, g
& X =& (learning rate), WHE-31(epoch), 3 A 5} W, :LE] o
HHZ] AFo] Z(batch size)7} ATt 24 =T9] & 85 Hlo|H
of = tiH] YUY kEof of Y ko £5 st A7
3ol B2 go] dojupA] BEE A3 & :
9] F7F3,12, 1320 F, 20015 & A, AF HloJE] 22
7b 7P 2t SRS 9 2l g5 A
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o 8¢ Suoh WEIAFE WASE wEAFE 4F
oTEIZE 108] ol % FHEA L B S0] 2] FRET

44

5 A7|vitk A5 vlolH o] dso] 7 ¢rE B
Hﬁﬂo}@‘t} AES 2717160, 12091 75, LSTM H20 =
H, 9= 3717} 180, 240! 7% MLP H20=Fo|t}. 9H =
Q102 k538 LSTM H20 T+ MLP H20 55 52 (freeze)
A7), B SRl 2 S A S-S S AR vpA e
2 AL g £59 42 HEIISFE 71 A EHRlL

Z A VEHZE a3t

¥
%

b Emlo

44 529 |5

Ve 4ol i RE 22 e 99 HAEA 3
=]

CAALE 24

gt ol & E‘J‘E g 3 AR e Hd e =5

(maximum likelihood estimation, MLE)S AR&-3}o] 2ke 3
R (shape parameter)$} % & E.(scale parameter)E 7

2 BE 599 85U S35 (probability density function)E

Xéf{h:} HA tlolE 2 HH FEF9 @Héﬂﬂ%o& it
T WHgs Fote] HFHA FF FRFE 495

(b e [0 ox oE Rl oE

g

XMWJT J0] S F(ARIMA) = A7 3] 9] 2.8 9] 24(p),
A A(d), 23 ol EHTF BB A (g) & BEE 7}
Aok A 1}7@?1 2 o] B F(SARIMA) = A7) 8] A 4
o] 5 F(ARIMA) S| R0} T Eo] AHA Hio] 27]3]F)
2O A4 (P), AHE AF(D), o) EB T BFY AF(Q), &
718 HolEl9] :(m)E EFE /HA p=1{1,2, 3,4}, d=
{0, 1, 2}, ¢={1, 2, 3, 4} F ol7}Fo| A1 B.7] F(akaike informa-
tion criterion, AIC)7} 47} ¥l 288 Aehyt) A2
AT A Zlol= 1002 AT WYX 2E 9| oJA}

23} 12 o} (Adaptive Moment estimation : Adam)Hy  ABUF v d12|F9 73 £2& 1128t 10002 AA
& AHBUT, £RAFE AUINE A7 Adam WHol E T YYOL G SYEE, £ AT DY
& 4 s golEntal €A 9lth(Henkelmann, 2018). ¥l 9] Wil & AYstglon, & ko) =20, 9= ¢
A| Abo] 2= 322 A g, 71 12002 A A3
Table 5. Hyperparameter Configuration
Hyperparameter Source Domain Network Target Domain Network Fine-Tune
Densely connected, Densely connected, Densely connected,
WI1-LSTM H20, WI1-LSTM H20(F), WI-LSTM H20,
Trend Architecture W2-LSTM H20, W2-LSTM H20(F), W2-LSTM H20,
W3-MLP H20, W3-MLP H20(F), W3-MLP H20,
W4-MLP H20 W4-MLP H20(F) W4-MLP H20
Densely connected Densely connected Densely connected
Noise Architecture LSTM H20 LSTM H20 LSTM H20
Optimizer Adam Adam Adam
Learning-rate 0.01 0.001 0.0001
Activation Function leaky. RELU, leaky. RELU, leaky. RELU,
Linear Linear Linear
Training epochs 100 90 10
Batch Size 32 32 32
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Table 7. MAE, RMSE of Model w/o Transfer Learning and w/ Transfer Learning based Seasonal Adjustment

w/o Transfer Learning | Transfer Learning w/o Seasonal Adjustment | Transfer Learning w/ Seasonal Adjustment
MAE RMSE MAE RMSE MAE RMSE
_ 2211 3.384 2.077 3.101
W= 60 1.8365 | 26718 (+20.39%) (+26.66%) (+13.1%) (+16.06%)
B 1.613 2.410 1.6043 2.4286
W= 120 1.8322 2.6709 (-11.96%) (-9.77%) (-12.44%) (-9.07%)
_ 2.034 2.986 1.9814 2977
W= 180 26847 3833 (-24.24%) (-22.1%) (-26.2%) (-22.33%)
_ 2.741 4.104 2.0881 3.0933
W=240 | 25933 | 37063 (+4.66%) (+10.73) (-19.48%) (-16.54%)
1.864 2.654 1.6768 2.4837
ENSEMBLE 21236 299 (-12.31%) (-11.41%) (-21.11%) (-17.1%)
2.093 3.1076 1.8855 2.8167
AVERAGE 22144 31756 (-5.48%) (-2.14%) (-14.85%) (-11.3%)
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Figure 10. Results of Automotive Spare Parts Long-Term Forecasting
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