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

InvolceDate StockCode Quantity
0 2010-12-01 826 22752 2
1 2010-12-01 8:26 85123A &
2 2010-12-01 8:.26 71053 B
3 2010-12-01 8:26 B4023G &
4 2010-12-01 8:26 B4029E &
5 2010-12-01 8:26 21730 6
6 2010-12-01 8:26 344068 g
7 2010-12-01 8:28 22633 &
B 2010-12-01 8:28 22632 &
9 2010-12-01 834 22622 2
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Appendix a. Process of generating the images for corresponding demand patterns
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