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Sales Forecasting Model for Apparel Products Using Machine Learning Technique
- A Case Study on Forecasting Outerwear Items -

Jin Mie Chae' and Eun Hie Kim"

School of Global Fashion Industry, Hansung University, Seoul, Korea
DOracle Korea

Abstract: Sales forecasting is crucial for many retail operations. For apparel retailers, accurate sales forecast for the next sea-
son is critical to properly manage inventory and plan their supply chains. The challenge in this increases because apparel prod-
ucts are always new for the next season, have numerous variations, short life cycles, long lead times, and seasonal trends. In
this study, a sales forecasting model is proposed for apparel products using machine learning techniques. The sales data per-
taining to outerwear items for four years were collected from a Korean sports brand and filtered with outliers. Subsequently,
the data were standardized by removing the effects of exogenous variables. The sales patterns of outerwear items were clus-
tered by applying K-means clustering, and outerwear attributes associated with the specific sales-pattern type were deter-
mined by using a decision tree classifier. Six types of sales pattern clusters were derived and classified using a hybrid model
of clustering and decision tree algorithm, and finally, the relationship between outerwear attributes and sales patterns was
revealed. Each sales pattern can be used to predict stock-keeping-unit-level sales based on item attributes.

Key words: sales forecasting (¢l =), k-means clustering (k-3 3 +4]), decision tree classifier (SJAFEHUH),
sales pattern (Fi3|¥1), outerwear item attributes (CF$-Elglo] $A4))
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HolHE o
Fo =z ujEo] TS vAE 8US AAS IARNS T
3 o= rde AASINTE Lee(2012)E HAAATFRE

o]
WA, AR, NFLE, Sx2E 9%, 9], ofs e
AEAE ¥ 242 288 2|98, Lee et al.(2014)
9 Bal=o] 2dzke] g Hlo|EE o] g-sle] FAIE
3‘
X
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SEFIE dFshe B AdsdT oo ATEe A
A 2% 8 sl dolEel olrislel ol lZe Ao

B2 o] ¥4 AFE 7t 2efddE dnF oS0 AR A&
sp7lQl d&Ee] AV ATk YFEEY AS 7 55 ol
M B2 FE(tem)o] SASHH 7} FEHE e 2R
o] 718, ZAIHEZE w| A& EAEe 2 2Efde] Rk
Hlo] AFEANA AAI HA BFL] &S HEsP]dd 7
2)7F Ak B, At Aol el 2 A sy
Aee o A g N FFe wl HES s X483
55 o= A EEEERE Al AE fAke dnsiE
2 4 Zo= ofdEe fAF AES AduElof ket T
7102 fAF S AEE RRIR] of#fgo] Utk oo o
Sk S| ARHO 2 Thomassey et al.(2003) EE-(item)d A
o] tlo|EE EAEted 7 FEE dAidE o A A2 F
I MEZS(sub-item)S = A3 Aok ©, &3
e o] 247] S = fARE S B Zlolghs HA|
£ gths AI7E JeBE ool thiEt s oR E =Rl
= dsiee] FE3E FEl M S = JoE d9%
He 9FaRE AAsks BAAXYGE AX A 45 4}
&< Fo|aA} ik
I8 ER 2 AFs F 2XzF/ AZRYAQ] KEAH
o] FW Al 7 tisEAQl FE21 o-EfSlo] (outer wear)
£ Agste] di ERdS Adste 2e FAHoE S8
o A ad FUe I Hlo|EE AR ASE oS
= X7 g mde A f3 vlolH
BAZN o2 WM FF 8208 AAS & vhiside] £33
Z; shfsie {83 AZE ofElo] SAdHS
AN FE7 1A} 4
& el =T Fnjg)
o] A 7+ Falsie} A AEEAdo] FOlIA gar 9l
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2.1, iALdoiMel HoiY olES 28t EMUY

method)2} 4724 W (quantitative method)e] 7 714 WHS
2 o]Fold Stk HAA W T2 MRk HAY A
o} AP 4] (domain knowledge)# 7+ F#2Q1 o)7Lt
AR 7|Wste] o &3l Ao, A WS i dlo]
o} 7he AR A5E 7|Wo R BAHPS o838l o
Z3l= Aol Lee et al.(2014)y2 4442 WHS AE7F 7t
WAz A 71 dERe R ERIeH A&t 7Y
WHE AE7HES] Al e 7IRke: o] oSk
thKoo & Min, 2013). A% 715k of| SHIH-2 AJGZAPY
(market research)Z} H57] 5 (life cycle analogy)S 2 &
FEeH, F8F7] el AFge A 8T AR
& o] 8slA v 8.5 Fse WHoltKKim et al, 2011).
Liu et al. 2013y T 52 o4 Afellr vis- Tadt
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Sk=d] ZHzbe] HbHo] gAldo] Jlkar XA sA A 24
WS A Wl 7dkel &S, Al(Attificial Intelligence)

=9, OS89 stel B = (hybrid) dSHOE &
A3, AEH o= A3Y3|HE4] (linear regression),
o] (moving average), A5 EH (exponential smoothing),
wo] = F2(bayesian analysis) &3 -2 ThEFSH FBAZIH
ARIMA(Auto Regressive Integrated Moving Average)?} SARIMA
(Seasonal ARIMA)S} 72 AJAIGRA] BAIZIHO] o]&=]o] £k
TF(Mostard et al., 2011; Thomassey et al., 2003; Yelland &
Dong, 2014). A 4] WP Al £A41H H]3)] H| 23
il AFE A AoA mEA 24 AE Y 5
AoLE, Al 7IRE FAH B o &-g0] Wi 53] A del

.

7] oJEtH(Liu et al., 2013).

HFE 71E9] X2 AV BARE S-S PHAIA
3 AJF3AT B oA ANN(Artificial Neural Network),
ENN(Evolutionary Neural Network). HA|Z2] =9 (fuzzy logic
mode)°] A Trfel Sl ©o] o]8E]o] Skth(Au et al, 2008;
Frank et al., 2003; Hui et al., 2005; Sztandera et al., 2004).
oo} 72 Rule HFZA ARIMA, SARIMA RdHT} o5
g2 AN B4 ZEES AFE A7 FHlEoF 3t
I F Y ARke] AQEEE vwA g Haled 71l
ELM(Extreme Learning Machine)©]“} EELM(Extended ELM)
wdo] REATHSun et al, 2008; Yu et al, 2012). HA
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T fong JA A A5 A7) S8t vds &
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o= Uit a22BRg o] slse] Zizte] A
tte] siAd A A5S 913 A2 RdS

1o
k1

(o3 Hh’
flo
pa)

o
i}
o
N
s



482 SO ALY SR 23 A48, 2021H

_tLa]E jH 15‘3‘54 7HH‘4 *HLZPE Xl* g %‘“91 Skt
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N3HATE. Yesil et al.(2012)= =5
é]% }_t;rdl——(:sl_ 3] ]\:1,741: Ut—ll__ 7HH1— ].o;] J_H)\E EH}E]_ cﬁ]éoﬂ
283193 o] FEATIL AY3IATE ESE Viomen

et al.(2001)> NN(Neural Network, AFA7AHS &3k 3}
ojlizle mdS sjdele] ©@r]e] EAESHR AAE HolHE
EAsl=d A Esital Qs AL, Thomassey and Happiette
2007y AAIES A=3] H8 S 2E " (clustering)2t &
719 (classificationys 23t slojHel= Bd-& Al
Aksoy et al. 2012y HX| 27 EX3} A4 Boe] Fde
z3gtsle] slo|HE|E Bdlg fagled Aol ot 24
Z(hidden layer)22 <13 Awo] of& Zl el AEs
=9l mdolgly AN o™, Choi et al.(2012x2> ANN}
GM(Grey Modely2 %§3t slojHa]= 2dlS shiste] ZAe
o =2 Z3Y3ISI Tt o]Q]ol= Thomassey and Fiordaliso(2006)
= TF 3Kclustering)$} JAFA G UF- B ¥ (decision tree
classifier)E 233 stolBgl= mdlS 7393, Ni and
Fan(2011)2 #}7]3] 7 (autoregression)2} 2JAFAZ L} (decision
tree)s e FAHEES JNLsle] WAGE HEje Sl uiS-
Agaitar AlRkskA

Odw‘LoﬂH N AgEe] AnfjelSE S Fol7]
L8l okt BA7THES Al sk, B4 AlddlE dHeold

JHTE, AR, T gk F9 o352
S v#sflof 8} (Makridakis & Wheelwright, 1978),
FZole oHA], 9 AE F vlo[H7} Ao FasiAHA H]
o8] TFHTET vlold, HWuleol|]), Sl gk 24 ZUE
o] e} 4, AE7E A, 24 7Y 2 G5 AgE F o
2 820S vt 7 A B Agsior & Aol

oBL

2.2. =& 3}(clustering)?} 2| ALA
7|dtst sfo|HE|E mEd
AN Hfel 52 vl E3gt FAo|t). v AlEwt
of gk o] ZEpdo] AEY, QRS FFOE wAHE
2 AAF S Al F2T A9 T A biolEl7F EA
SR ettt Yo FFe] FHFTIe Fom tieke ¥
FE, & A 7 e bR 54, AX o e /5

, 38, A3, SNS, B, Fd adfel 2 o el
7ot ARRkEe] Peiale] 3 22 wiEe 54 7hset
A 2 HFE7HA L A E|ofok $tH(Thomassey & Fiordaliso,
2006). SRS Ndalr] Eixe HA R d 5t 4
H dlolE7F dagh dvfsjde] #7408 wiRys 54
BN = ASEE AATE FAT, A FHE F
Agk Fuf dlolEl7 SAISHA &= AWA7IHS AAIF i]ruﬂoﬂ
Sl tiaixE SAZE Aok & 5 Ut

2y} Saaksvuori and Immonen(2005) wj Al& MZ 7]

H LR (decision tree)dll
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oAl tlolelE EAsl B, Az 5o ARG
Ejddo] A ] AEldF FUT Ao s WolA] B ¢
b etk wEA fAE dES Aol o AR eR fAleitt
A= SRR fARE dejside s ERsker A
FFE L W, S Adle ddE A &4
AHE- = Aot

ol#]3t 7dS AR Sl B AFo|A= Thomassey and
Fiordaliso(2006)7} AIAgF 25 steh SJAAA U] slo]He]
= 2d2 AEste] AfelS mdS Ajbetarat it & A
7 mde] A 25k S8 A9 vl AvljolHE
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gt Jgge] Aol g A9rt B2, ﬂuﬁvﬁﬁ o] g
& HsE Foll 29 All(VE HFX)E 88 23]
23k ol SHeZ, Predicted Y)3HE 718 A AR
£ Agd 7 237 8 wge AWEs EAgth(Witten &

Frank, 1999). 5 Fwoz BR/sls 49 FolA kHF
TR EAS XHFRE ARSS R skt EMO]U%(Thomassey
& Fiordaliso, 2006), SIAMAR = wlo|=7, A% 434
A XHAF, YAF7E 25 Foizl AdeoA d ez &
Foketl 7P Adt 2o R o]gHo] Sith(Tsujino &
Nishida, 1995). 53] oAU = AME37]e sl ofs)
37 Al BFIIEZ vlg BEAd Ao H(Lee & Oh,
1996; Tsujino & Nishida, 1995). <] G4, SEAMI, A
ziﬂ/do] X‘]X-]]E]X] OJ—o = A}.Q_ffl oh;]_‘: Tj%g]ﬁ]—o] glu} LrJr
A 7GR S0e VM4 Qelx 718w, e, AlE
88§ T U B dolErt EAIEY A=l olEdt )
Zell %LOHHW I S FE F vt
A g dlolElE o]gale] W &R
%\41 °4¥ AHlE S8 EET ARGV 7]
U AFZE Lee et al.(2014)9] A7 J=dl,
9] 500097 ¢] AES £33 2d7F Ho|HE o]&
95 AL AR AFY] BT HEE 4
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SS9, ZF A 5, 7H, TR, A, A, Fi-,
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o2 rlo il

S E§5H Z} EE‘:’ﬂ
éc’] “4017‘1 Zolng 2 Aoae
EEstaA) aiglom, S Kax=Hd
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T’_—}‘\jl 0}‘39\‘3}‘
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R EEEREEEYE R

e £33 AT,

3.2. Ho|E =Tt Txz

KEA=A 2 5 St dulgk FWAIES] ofpEfgof
FES e R F Bl JF 2= mjEvelHE Fst
Ao, ofFofx 4d7ke] dhfdolEE e S RS A4
STt dEe] Bee 2, He] 2= 9Al9] SKU(Stock
Keeping Unit)Z It SKUE Ardzele] A2 7h
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Fig. 2. Sales pattern of outerwear.
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Table 1. Sales data of outerwear
Year Y-5 Y-4 Y-3 Y-2 Y-1
Cumulative sales quantity 70,322 57,910 53,180 91,113 79,905
Average discount rate  53%  7.0% 16.1% 25.6% 24.6%
Number of SKU 101 99 85 95 118

Cumulative sales quantity = total number of outerwear sales quantity
Number of SKU =total number of style quantity

T9E =0l oA (outlier)ell
R & 2 g 15 AlASIE
EFslele S Al WA A ELEOHH xomuﬁﬂ

A= dfsieie] 4 Helelx Blolu= °l*&'1(§°1%k, outher)

S APk, SRl 23l FECVN TIRe Bl
®le] sh5o] 4sb] whel, 271 9ATRE JEL ool

o L
Ho] 270 FREBE, JIAAHAY ’\j){”‘gﬂ‘}w_ BES T
mjgfiglo] F7] olfol AFEERE BT AL £, F 10471
SKUS AHE-8I3ith. KEHEZL thy Hal=olA vt O &
FAAo] Bz, o} 9Elglo] F5 FolA 1000 o Aitehe
Y SKUe| S rdg A8 sk FolBE o
2] SKUE Al¢leh= &S AT
502 Fhfol] WEgde] J3S F= gl o
vj 2 HEE-S A7k dlole ¥53}(standardization)S A3}
sttt A HAl AR o] Y F FHTE I
Tt oFAIESY Al TS F= [RICEE I
Ql(Arunraj & Ahrens, 2016; Bahng & Kincade, 2012; Jang
& Lee, 2002), 7 a3 (Nam, 2006; Hwangbo et al., 2017),
7}2&<2l(Jang & Lim, 2003; Kim & Hwangbo, 2017; Sung,
2006) 52 82l°] W frt. 2HBER E AFME o5
82159 FFHE Rt 7leay, FdEH, HAEIS
EYHTE -Er?ﬁfb_’— Fhaj h”ﬂ HR= dEE AR S B3
El 38t pEk(p value)o] WA gko
a fFolg Mz RIS F WA
AR Fdate} 7}21%“{]—5 A&k ] MEES AA
ke ®3F AS Alsisi
71N Fazte] 9l IR Qe tigk FFHLS A
=3+ 7149] 6714 279 Wt 674 3 AIG (coefficient) S
ARt AlE 27199 157~11¢¥ 27, 2711149 357~1€
27, 71149 35334 339 V= FEskaL 7 vt
(405H o], 217}(40U A vThE RSk 67FA] 2749 ol
aA] 2t BlAEA & SAATE =& D (sensitivity)
< Akl SARAAN XHee 849, §Y, 7, 9%, &

= S
8-S sty Y‘?'J—”FE 28 WL YA, 1
[ =i -

==

_4

ol

n RS- Akl dA] dE e $le|A] A e
R, 7 &l ok 9 A A B3 O )
FE AR, ols 7 Ao R Fele] T dlolHE
ARSIt SRS Ak 218 ARE BAAE Eq. 1
2t

m°" r_\:

i)

A Vi
Y T T+ ax DCrate + B Holiday

Eq. (1)

J, : Calculated daily sales quantity at the point of time t
y, : Daily sales quantity at the point of time t
a: Coefficient of discount sensitivity

P : Coefficient of weekend sensitivity

3.3 24 gy

2 AFdME F5 HollA fAb dfsiele] f3E =&3
7] 918 sk daElES AREs e, Anjsiee] £ &
F Al dlEEe] 24 ¢ 2(7\7:“jP SVM, Naive Bayes,
Ay EHIEETE EF 7S AT daelsd 9
APARUT-E AEEsitt. A MAIR ol E Qo] F5e] Hnls
© @S 2z sKue| AR (X)S Al 7Pk = At
el vt sl K-Ed 23EAS 78 SRtk
HA o] KhEHT)y> SKUS| ¥ = vlolEE YEsie
tlolg] Ale] Ao Fo] Havt He %kQE A7t 29
ZBES wE A3 Fol HH) 7 90 Kgk pseudo t

CCC(Cubic Clustering Criteria), ABC(Allgned Box Criterio)
S vlwsh] AE0m, pseudo tRko] HAsHES 414
sttt FE2EE2 XHaw AR A=7F 7HAl -8k
= A1) HIX =85 (unsupervised learning)°]TH(Bhavsar
et al, 2017). SAA BAbo] FE MZY3) HEAZe 2

‘l 1°1E1E' EH*
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W

i~

—Er HAR olpElglole] whisiy f3¥Ex ddd F55
98 Zohf7] fI8te] ¥A E%% e 9
T, FAX0H] Ads wE felSE X £ +
718X, > o FohlE ]*}75_23 5 ATt oxkd
e YES7E Folie o, frAlRE 22 BREES
XHRe 238 Fohlle B4R oI Miiller & Guido, 2016),
Halggels &3 e AINY, labe)E 7R 5T &
o o] 7o g FARE Mo g B-F(classify)shs A =ks
(supervised learning)®l] —"‘—ﬂr/}(Bhavsar et al, 2017). Hastie
et al.(2001y> SAPARUT= Tt FAH ) Bl M A
&9 dlo[HE BT AMTFsEAL 31914, Curram and Mingers
(1994)= 49 A=E olalfstar 48] + EAHelzt
St £ Atex] F9E Xdae ol EHAlY F52 7H4
(G Qo= #ololER, ZEY, £88, 718+ 5
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Aol A= XAFTE AHsP] 3 AR 7P Cho, 2016), ¥ 4% 3ARE9IFo| EFHBR o A2 7k
Hgreiri A=A 3kt

OPIRE ke 3 45 A9 oo ¥idE /S =

4. A7 #3} 3192 & 100702] SKU7F EFEJt. 2 SKUE vjjel

I} o] Hae Alzeket xFEveEe Fig 33 7).

4.1. OFE%Joje] EIHIE R =& EEHE f3 dsiA AR, 18 s P B

olpEldlo] F&2] SKUE ¥jdlo|EE K3+ +EAE SKUQGHN, 32.7%)8 st Tfjgjeloz 27|A1Eel od 45

g A3 wrEAQl FHIEES T8 v §3E =& HE F43] wjEo] A5dte] 108 3530 AHE o|F & w

Ow(Table 2), 7Fsg HE2421 AR S FE3h=t)] F4o] 27 sPdsle A8 (triangle) FEle] 2 Zolw, /3 6%

Qorz 3 42 o AR B At oS ¥ vk FElE BRlvh 79 39§38 72 theoE® B2 SKU

7] YaliA ARG MRS Ak WS 2e=dJoo & £ I3 Aueeicld, Fele 271A2Q 99 455E =7

Table 2. Number of SKU for each cluster # wize] stz 119 250l el S ol A

Clustor No. SKU # Ratio(%%) Yo zolnt. F 7EA] FEle] HpolE AWEH £ 59 69

Cluster 1 = 6.7% FEEC] WA Frjgo] S35l AR WE FHE Ko

Cluster 2 13 12.5% =], o1& B3l 3 33 700 gl FEe] FAZel ek Al
Cluster 3 20 19.2% o] o]2 Zor F=T 4= Qi o3 AEHAEL i}
Cluster 4 4 3.8% AQUFE B8l ERlal & 4 ot IEHE /8 12 270
Cluster 5 34 32.7% A& 1Y 255 A7t dsste] 129 35 viEo] 84
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Cluster 7 19 18.4% o2 FEY F 9on, 78 2= 2IHH TNES 1€ 44
Sub total (of 7 Cluster) 104 100% 7R TS| Sl st WA= %—Iﬂ'E(plateau) FES Kol

Cluster 1 Cluster 2 Cluster 3

Cluster 5 Cluster 6 Cluster 7

Fig. 3. Sales patterns and average sales pattern for each cluster.
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Attribute Attribute value Relevance
Use EX, TRK, TOWN X
Length Regular, Half, Long X
Layer 2L layer, 2L padded layer, 3L layer X
Liner None, Gore tex zip-in-zip liner, Down padded liner, Polyester padded liner X
Style Jacket(winter breaker jackeF), Z1Z(zip in zip) g(fre jacket, Down liner jacket, Ffolyester liner jacket, Light o

down padded jacket, Medium down padded jacket, Heavy down padded jacket,

Composition PA 100, PL 100, N/P, N/P, N/P/PU, P/N X
Plan_group JW, JK (0]
Price High price, Low price X

EX; expert line, TRK; trekking, Town; casual, PA; nylon(polyamid), PL; polyester,

N/P; nylon/polyester, PU; polyurethane, JW; men’s line, JK; women’s line,

2L Layer; Gore tex, 2L layer construction=face fabric+tmembrane,

3L Layer; Gore tex 3L layer construction=face fabrictmembrane+knit backing, ZIZ; zip in zip
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NodeID : 0
SKU : 100

Style

Medium down JK Heavy down Down padded  Polyester liner  ZIZ, light down
paddled JK | paddled JK Iinler JK .JIK paddled JK

NodeID : 1 NodeID : 2 NodeID : 3 NodelD : 4 NodeID : 5 NodelID : 6

P. Cluster: 3 P. Cluster: 5 P. Cluster: 1 P. Cluster:7 P. Cluster: 3 P. Cluster: 5
SKU:8 SKU: 29 SKU:8 SKU: 24 SKU: 13 SKU: 18

Fig. 4. Decision tree result.

h Plan_grp —l

JW JK
1 1
Node D : 7 Node D : 8
P. Cluster: 2 P.Cluster:7
SKU : 11 SKU: 18

Table 4. Outerwear attributes value related with predicted cluster

Cluster Splitting attribute 1 Splitting attribute 2 Sales peak
1 Style Heavy down padded jacket Dec. 3" week
2 Style Down padded liner jacket Plan_Grp W Plateau
Medium down padded jacket nd
3 Style L Nov. 2™ week
Polyester liner jacket
Jacket wd
5 Style . . . Oct. 3™ week
Z17Z gore jacket, light down padded jacket
7 Style Down padded liner jacket Plan_Grp JK Nov. 2" week
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