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Sales Forecasting Based On Sectional Extreme Points

Using Machine Learning Methods
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Even if the demand forecasting model creates an optimized model by adjusting parameters to
produce results very close to past data, since it is based on past data, there is no guarantee that the
next prediction interval will produce results close to the actual data. Rather, this paper would like
to argue that even if accuracy is somewhat low, identifying extreme points and preparing
preemptive countermeasures can lead to better results. In particular, trend analysis, that is,
understanding how much the extremes will fluctuate, can be an important task for companies. This
is because minimizing opportunity costs due to pole fluctuations may be a more important issue.
Therefore, this paper conducted research under the assumption that better results could be derived
than existing demand forecasting methods by focusing on the volatility of data, finding the highest
and lowest points, dividing the sections, extracting and predicting the extreme points. As a result, it
showed better prediction performance than the existing method. However, because we were unable
to experiment with data from various companies, it is necessary to generalize the research results by

using more data in the future.
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1. A&

ToAZFLE AEPA AGALS 727t Ha S AA AusE FEE RS EFAEA
TaT 7EE AANTT Ax EokollAe 8 BS], AR 7, A4 2AEd IS = F UL, EF
o fE BoplAl Qg WA, A% WA, WiE FEO T MAT FRE FadIL AT FPoluy
nxog ojold & glor, ok BWaH £4 vl§ 749 1A Aulz FA AR oold & Ytk
(Silver et al., 1998; Chen, et al., 2000).

) 54 713re] BAAQ FaFEFS dFste Ax FasAN T I Fa HuHA HAAHES
shebah AR Mg 249 AL B, AW 2 5, £90) LA Bolk AT FasT. 53
SdE Qgo] BES Ax W EFFEOF 4742 FlE ST SHES Foste] AA|, offef <
g5 WA slioF & AE AASe Aol Fasith ol#d v 8 FHY £42 Y g HUA ¢
H2AE ot U 2 4 F Aol

w48, 84, Az 2 59 T udd Ade FodFe 8ol A= VI AALE EIe=Es
ARIMA (Autoregressive Integrated Moving Average, A7]13]7] 0|53 )%} LSTM(Long Short-Term
Memory, Z&7] 719 YIE$ A)o] UTh ARIMASH 22 M FZQl RdL HolE o Ay FAE X33t
ol HojuAwh, B33 v Y d"ledE olE s AS o Ak W, LSTME HIAE e & <538t Tl
AstAw, A8 FAE afzoz Asa xF s Uk A5 ARIMARLS Hd 7]
LSTM B9, 5 o] AAYE o2 +8 95 (Demand Fluctuation)= g %38] HEF3tA] X3t webA
ZZkol @ RadEE B4 AAYE HolHe EE Y-S ERHO0R S5 o HZ 9Y B
o B E 2%t AFEE Eolts =83 I, oY RdS EET 0T stolBYgs B S0
H27]%= Zth(Chen et al, 2000). LY PN dEAS LdagsFe E&sto] H5T ArE =
S AA AET Fo4dF AHE =&t Ay dEsFel vtz H&sirle g4 g

meta B AFdAAE /7 Eoky Al&AF S&OP(Sales & Operational Planning) 41 5 3]AFe] A4
A8 S FFste FACA s A&ste] AHEE F UAEF VE JATAT FRAF
ref oo FE HAUA 8 HAXE H4S F de PHES AR . 2 A

5 Az FEAA ST AMNS BAE Fo01Z) AR BEAUG ANE FHRE FEE MR
F2 A7, g 5 £0HS YOE S, BAE SEE AXSL, Bulss AT Fo AgAE
28 Suigolth ¥ gA BF AEA WEAd w4 deo] £3d v 43 A3 Yk,
o e 9ol Bue GAE AFRFel vebe 2ol gt A% Adst g e
gtk w3 71 olElst Aol FASA BES e HEAGT FABE A o Zo] UA v Az
SHARAE ¢ 5 Gk B £o03 Bl ARER BE FA5AY, THL Aokd gule) ne
NE g Aog Fole % 9tk 53 AALSE BAYS] sk ol ol WEA

Aol Bk E&a ol @
of & A A% RS ARES FHEH] Y

A Zol o

i

-

7] W&ol ME Fo gt oSl THES F= Zlo]

2. APA+

NAL HlolE dqFo 2 Ho] &85 = ARIMARE S dAFS AAFT AA AZF x5 Tl st
™ 24713 A (AR), ZHE(D), ©1FHTF(MA) Al 7FA 247 FA 5o JthBox and Jenkins, 1976). ARIMA R
F2 Holg e FAE Aoz AgFsts FEe] o] Br1dez saFsts A0 el AA<E HelH
Sl Agsity Aol A= ANAL HolHE 5T F AEF 7|E ARIMA 23S 43T o=
SARIMA (Seasonal Autoregressive Integrated Moving Average) 23] Ut} o]&= AlAE dlolE ] AA
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d, FA, 28a s LZRst] Bop A3 oSS s A0E dEA A

Hochreiter and Schmidhuber (1997)-> LSTM(Long Short-Term Memory)°lgt= ME& FEH S AF 4l
B 725 AL o] FRE A7) AELE TOFE T AEE AAH, AAE ol 1 AlE A
ARE FASIHA oS AGEE Fole © #FE&3ith Ak AES A3 fs LSTM E&
GRU(Gated Recurrent Unit)¢} 22 H&d Edo] ALE=E=d o= HlAdg A< ddoly @742 |Hs
AE Stgske W Ade HAT Ao

HZole #HAZHYS Z&8FT OFF dF EIE AEHI Uk wlolAR2AZEOA JREdE
LightGBM(Light Gradient Boosting Machine)2 3tF &59 o5 A& olA Hold A5 Hola 74
&e FAsE I 7lsS 2L A, 53] tF R vlolEl ok A HolHAA 1 dso] FEY
Aol Qo] AFolA Ho] FEHE Zow A Atk(Ke et al, 2017). THHUJE F2H %]'"’E]E«] i
A2l XGBoost(eXtreme Gradient Boosting) =3 W& A&7} 7153t it HolHAlS B840 2
A9 F oloen £59 A5 8 HAY BA 7= Holu Kaggle o 3] SollA A+ }%Q*‘C— 2o
2 AR dnk HolzRo A JNLE AALD oS EFQ Prophet2 4, AR, Fd &3 5& 18T
o Zo] 7HE3l =S A A = A th(Taylor and Letham, 2018). Prophet HolE] 9] WEA4 & A5 o2 7HA 8}
o, 533 AAE HolHE d&stA A & e S 7HAL Utk 53] vy 2 g A g
AHEEH, AFEAE A o)7L Bolstthe HollA AR A& FHE KBl

HZole oAy dF =2 Agsto dF 59 FN7EE A7 5 Bol JAHT = Choi

gs 598 28 stolBEE mdlS AES}

F4) A0 A AFE oS5 W

_‘; =

(2018)2 ARIMA®| A& o w3 LSTMS] H
R

F3E e - E4S JeE 8 49
zg] E

De Myttenaere et al. (2016)% HIA 3 HE StFolA 2d Aol FEE 2ol& BY F AS5S AAS
R B A7 B AdH 543 iAol & 58 Ax @ fFEdAe] anEs E S1e 7
ghe] wAlely ZReg FadZe] AEEE woly Ave HolA 71EY 4 &4 7ve 7E 2
Moz g3 HA AdE BrkE 5 e Aot

3 WUHE

31 89 23

B ATl BEF SRS mYEL G Lok

ARIMAE AAE tlolE BA4oA @ol ALgH = AV A9 olsHd 204 S 583 mgolth
ARIMA B3 & 37 #ZS vrdsts AR(AZ1 3] H), HlolE 9] A S 3] +
£ AASE 1(3HE), ZAHL2HE BHE S 28 MA(Cl FHF) o2 TAE Y. ARIMA 282 1tad 74

EXx

3, Heolg e A% 54& 2 wtdstar, vl sao] golstrht= Aol 9lof ﬁxﬂle, 2 714, B
g oS 5 AF AREET. o AAE HolH e AY Y A Sl Agste] Ar|How FEFss A
A geje] ol Aoks Ay Aol Aot

= 0t By ypqt Doy ottt Dyt 061t 0,6 5+ + 0,6, €

A71H yt = BA BER, 6= A, 0i = A48T AF, 6 = ol EWF A%, et = WA FLL e
ae,
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2) SARIMA (Seasonal AutoRegressive Integrated Moving Average)

SARIMAE ARIMA =do] AHEA 24F F713 ejolt) o] 2de AALD HolEe] A (trend) S}
A A (seasonality) & FAlol #4135l o ZS F3gt) SARIMAE HIolHE HEslste 27|34 4 o]
THT 845 AFFoZA A Hola AMAHA HEo] A= AAE delE el HEsich

& (B)®,(B°)(1— B)'(d— B*)"y, = 0,(B)O ,(B")e,

p p
¢,(B): 713 A(AR) Th&-4]
¢p( ) AR 27139 tE
B HE o|FA7]= 4-AH(backshift operator)
d: x}E(differencing) A<=
s: AR F71(4: 127] Dol s=12s=12s=12)
0,(B): °1%EHFMA) that]
@Q(BS): AEAR ol FHT v
€, 2=Hwhite noise)

3) LSTM(Long Short-Term Memory)

LSTM< Recurrent Neural Network (RNN)2| gt £/ =, 71 AAIE HlolHE & u FAst= A7) 9
Z4 (long-term dependencies) &A1& 3| Ast= ©l £33 Q Held Edoltk. RNN2 Neural Network B
< WHEA7IE A 22 FHE st o =4 vlolH A 4 TlolHE vE O R Ty tlolH
g Zst= mdolAT, A7) gEFe & APstA Este FAE JHAL Aok LSTME A4 e ¢}
BHE ARSI Al 7] FEAH S St 53] A AdEi(cell state)9} Alo] E(gates) WIAUES
3 AA AR FAS WASL, a3 ARy deFow FA& Z7|HY HHS S Ao F
& = o]

3

N
[o_\.L

Aroze BAW nag B9 4] oy o SIThE Zlolr, UFE AAD elE e
g mdolt. 2 74 A% o Aol AYNLP), &4 4, AAD 6% &4 Sol ALB)

LSTM< 7438t A2 ts3 2o

2 fo ofn px e

td

fr= (W« [ byt by) (7 Al E - Forget Gate)
iy= o(w; » [h_y x|+ &) (4 AlS]E - Input Gate)
C=f » C_,+ i, » C (A48 gulolE - Cell state Update)
o= o (W, « [h_1 x]+ b, (4 A°IE - Output Gate)

hy= o, + tanh(C,) MZL 29 Z= AL

fy : ‘%}7—.L ﬂ]OlE-‘ll % ;

i dE AlolEe] &9

X A tell A o] AF Hlo]E
A e Mz FR L h & A2 &9 ZH oo &= 29 Al°lEE 9n3in



4) Prophet

Prophet2- #| o] =50 A 7E3k AAE oy o Rdg, 53 SqfAstAY Aol A= deolg o
A 3tsttt. o] =l A (trend), 7174 (seasonality), 3 FY &I (holidays) 5= A3t o FS T
t}. Prophet®] 8 S5A 2 Asstd Rdd Z2A 20 A% AAE Y Sts st 2do] Ho
ol sHA HZ5tH 7] ol 533 AAE HolHE BFe RAEVtE A AHEE AT Fa ZA
C2E=E Stg S5, AEAAGY oME A7, B4 HolH Aot duj# oS, =5F S, vH
B, Aade s A&dn

y(t) = g(t) +s(t) + h(t) + ¢

y(t) : AE t A A=z
g(t) : A7) W2 Holele A7]A Wa=s el A (trend) 34
s(t): A7 m= F79 2L 9A Frvig wE f€lS el s AA A (seasonality) 34

5) LightGBM (Light Gradient Boosting Machine)

LightGBM 2 mlo] A2 AL EoA 73l Gradient Boostmg dugF 7] HAlYY Rde, iR
dolE oA £ A LI 53] mE T S} W wmg AbgFo] EA otk LightGBMa
dolH e o|XslE F3ll A2 E g (Decision Tree)E “B}Eﬂ] 55k, Leaf-wise EE] & W24S Ab

3l 5H @Y sho] Z(level-wise) P4 Hrh H& otk F wlolEM A T &Y, w5
5, mE Exgte Aol Aot &/ (classification), 3] (regression), <=9 " 7]7](ranking) & th¥E 4l
2 Aol &3t
Fm(x) =F, (@) +n - h,, (x)

F (z): mAn gAel Ao o =5k
F,_y (x): ol @A oS5k
n: St<5E(learning rate)
h, (x): mAR EgdA o238 Axpresidua)Z H23}sl7] A3 4
6) XGBoost (Extreme Gradient Boosting)

XGBoosts= Gradient Boosting €12]&& 7|WHe &2 & wileld 2d= folHe s 5ste b

- ZAEe s AR o] B2 Regularization (B3} 750l F71= o] 34 3 (overfitting) =
WAsh= v adzolty. =3 HE AUt 7l stg S50t W=, o5 ATt H oyt XGBoost
Els

£ O stolsteblE 242 B3 4% AAAT F Aok HHY PA, ME A EE, 2L A%
o Aol Aok BF, A7, 9 A% 5 @ WA=y BANA Qe B

Yy A A B 7]'

ot

Q2(f,): 22 2xxo] t3 regularization terme.2 mde] B L Fo|7] 93 F&
2]
o
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32 338 & 2 4849

A

B AT = A A9 20179 89 19FE 20229 4€ 8YU7kA BARS] A 20199 1€ 1Y H-E
202019 12 31¥7kA 9] #uf HolHE A]’%’é}i ol gl ASA Y vE W92 EA A Al
skt #u) HolE 9 3, 4, 599 FHE& Aok, FIEE SHEFH AR HAAH)S FESHAT A5 A
g% HI7tE T testing data® AHE-E PEAE 60Y X E A 2] HIO|EE training data® 43l ARIMA,

LSTM, Prophet, XGBoost, LightGBM, SARIMA 2] 67}# 2&-& F43tA9 . Testing 713+ 78 =& 9| 4
At AA BFAE vwste] dF AFEE FUEsAT. & ATolM AR dEFeas o

1) MAE (Mean Absolute Error)

MAEE o5 g3 2A gk Aol Ao e41e] P& Aldtsts ARE 29| o Fo] dA oA 3
Ao 7 duh HojRERAE FFAHoR g

MAE= % Y lu)— 50|
t=1

n: BlolE EZIES & (4o 127§ €°l™ n=12)

y(1): AA

y(t): A= 3

ly()— z/(t)|: ZF A tellA o] ARl gk A gk Abelo] Mo @At

2) RMSE (Root Mean Square Error)

RMSE= ¢l 5 g3t AAl gt Abole) Alg exke] Bo Al s Alakshs A&tk RMSEE & &4
of o RAsHA WMEteg, 225 BAAIE dFo o & HdEE B

SE = \/% Y (v 30

n: HolE ZIJAES] &

y(@): AA #k

y(t): 1= 3

(W)= 7)) 2+ ARt 24 #F = 3t Atole) AF 23

3) MAPE (Mean Absolute Percentage Error)

MAPES AAgel 0l 5 oxel e MEes Yo AR d3e 44 9825 Brste
o g,

y()— 3 () ‘

100 ¢
MAPE= —— E
t=1 y(t)

n
n: Blo]E ERIE9] 5
y( ))I AA gk
y(t): A= 3%k
y(t)— v ()
y(t)

MZ%M@tﬂﬁﬂféﬂ%h4ﬂ & Aolel Ao eAE A go U g
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502 AARSL BARY] HIoJEE 2t Bdlo] oF Hes AFHOR Hrista, o] 5 dFeavt 7Ha
v mdy 44 FIHEY, 44, 5Y) 7 F ASAVE M v A P 2dg Fof thA] dREE
)l FodSE Ayt vuddtt 2 ATE B AAEE 2 TR/ Ax/A8)dA HAse 714 &
WS gt 73 ARFE =UPT 53] FE H Fx A Sk 4% A gR AFFS st
o 3Y, 4Y, 5¢ FE AAEH. dE E0, AAS BAE T8 78 353 €2 A v F g"oe] F
A YeEtUdE E4E BYo, ojgd EAL 718 FH FES T B4 sty A=
ok ool# gt 73t AAL 4k EAC Vet 8 MEAdY FE FU1E ARHE MY F AEE
AA = AT S 2o 3etvE = Table 13 Zth

Table 1. Forecasting model parameters

Parameters by foresting models

Data normalization
scaler = StandardScaler()
residual_scaled = scaler.fit_transform(residual.values.reshape(-1, 1))

StandardScaler(): Data values are scaled using z-score normalization

Forecasting period

n_periods = 60 days

LSTM model

look_back = 7 (Use past 7 days of data to predict next day’s residual)
First LSTM layer

LSTM(100, return_sequences=True, input_shape=(look_back, 1))
units=100: Number of LSTM cells are set to 100

Dropout(0.3): Dropout rate is set to 0.3 to prevent overfitting
Second LSTM layer

LSTM(100): Number of LSTM cells are set to 100

Output layer

Dense(1): Number of final output neuron is set to one
epochs=50: Training is repeated 50 times

batch_size=1: Batch size is set to one

Prophet model
Default setting is used for the Prophet model

LightGBM model

lgb_model = Igb.LGBMRegressor()

lgb_model fit(X_train, y_train)

Default setting is used for the LightGBM model

SARIMA model

sarima_model = SARIMAX(
data[’sales’][:-n_periods],
order=(1, 1, 1),
seasonal_order=(1, 1, 1, 7)

)
order=(1, 1, 1): ARIMA(p, d, q)
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p=1: Order (number of time lags) of autoregressive term

d=1: The number of nonseasonal differences needed for stationarity
g=1: The number of lagged forecast errors in the prediction equation
seasonal_order=(1, 1, 1, 7): Seasonal ARIMA(P, D, Q, s)

P=1, D=1, Q=1: The seasonal equivalents of p, d, and q

s=7: The length of the seasonal cycle (7 days)

XGBoost model
xgb_model = xgb.XGBRegressor(objective="reg:squarederror’)

objective="reg:squarederror’: objective function is the squared error
for lag in range(1, 8):
train_data[f'lag {lag}’] = train_data['sales’].shift(lag)
Use the past 7 days of sales data for prediction
ARIMA model
m=7: The length of the seasonal cycle (7 days)

auto_arima: Identify the best ARIMA parameters

4. A7AH%

ARRS] Q) e TR ¥ 32 R4 ol B e
ol g AL HlEFe] Thsstel @ &Y B NEe A
o7k the £l 3 * =2 o) Wl Wl WEAel & Hol
o 53 289 A A5V FFR AGANM ALE vSHeE BAR 6UAM 7, 119914 129

a £ %ol itk 20208 25E =2t AAHAE A7 AASEBA B
Aol Ha) wul7k tha F 21 Figure 1914 21T S lek

Daily Sales Data Daily Sales Data
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Figure 1. Daily sales data of Company A (left) and Company B (right)
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ojdlaidg BE T7H I TN BONY o
e A% P 5o ohlel, Hlolele] Hig B Aulge WIS W setdoss o WEAo]
we Fe FAHOE BAYY 5 o T2H 429 FYo ANT & Atk webd o=@ 34
Ak BAe WEH] ¥e o NY Bl APt & 5 Utk FF FH A% AP B 73
W dloly A7 AlE A7) dAStE 3 248 APt Hlul IAANES 2ok AL HET o
2 o)t}
Table 2. Prediction accuracy results of forecasting by intervals (Company A)
3_day_ 3_day_ 3 _day_ 4_day_ 4 _day_ 4 day_ 5_day_ 5_day_ 5_day_
Model | WAPE | RMSE MAE MAPE | RMSE MAE MAPE | RMSE MAE
ARIMA 0.8 31.9 26.7 0.6 45.8 36.3 0.6 479 37.7
Prophet 1.0 25.2 20.3 0.8 33.5 24.7 0.8 38.1 27.8
XGBoost 0.8 31.7 26.6 0.6 43.1 33.8 0.6 49.0 38.8
LightGBM 0.8 35.7 30.5 0.7 33.6 25.2 0.8 33.8 25.6
LSTM 0.9 24.5 20.7 0.9 62.6 54.6 0.9 64.8 56.6
Table 3. Prediction accuracy results of forecasting without intervals (Company A)
Model MAE RMSE MAPE
ARIMA 22.5 26.1 583.6
LSTM 22.5 25.8 561.3
Prophet 19.8 234 435.8
XGBoost 20.4 25.0 402.7
LightGBM 18.6 23.2 413.1
SARIMA 22.3 25.8 584.7
Table 4. Prediction accuracy results of forecasting by intervals (Company B)
3 day_ 3 day_ 3 _day_ 4_day_ 4_day_ 4_day_ 5_day_ 5_day_ 5_day_
Model | ViPE | RMSE MAE MAPE | RMSE MAE MAPE | RMSE MAE
ARIMA 0.5 4,482.5 3,614.5 0.3 2,608.8 1,844.9 0.4 3,064.2 2,163.6
Prophet 0.4 4,362.9 3,263.6 0.4 2,701.8 2,014.6 0.5 4,019.8 2,879.5
XGBoost 0.5 4,438.2 3,563.3 0.5 4,479.2 3,636.7 0.5 4,774.5 3,887.9
LightGBM 0.3 3,535.7 2,476.3 0.3 2,631.2 1,870.3 0.4 2,798.4 2,021.7
LSTM 0.5 4,641.5 3,794.2 1.0 6,790.1 6,241.7 1.0 7,121.8 6,511.3
Table 5. Prediction accuracy results of forecasting without intervals (Company B)
Model MAE RMSE MAPE
ARIMA 1,983.9 2,651.0 113.5
LSTM 1,816.1 2,596.6 83.5
Prophet 2,232.3 3,149.3 103.7
XGBoost 2,266.5 3,037.4 136.9
LightGBM 2,219.7 2,965.7 114.1
SARIMA 1,901.7 2,684.8 96.6
UWrH o= MAPE®S A %2 5% ]’5‘} B - 3 dF s e, 5%lA 10%s F
& oS 8%, 10%0A 20%= BT 8, 20%°0A 50%= HE 5o A5 A%, 1P 50% ol
wo o2 Aoz 7tFHATH(Lewis, 1982) olg gt 7|E B4 did dlolHe 54, A4 &of 1Ega 4
5 540 wte} ek jlen, 53] WEdol F Aol va =2 MAPEZE 8902 5 U th(Fildes
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and Goodwin, 2007). A& E9°] B4, 71& AF EA9 2 WEA0] & 4o E MAPEYF o4 =7
UEbE & AT, iAo ® AR 2 E VM AsFolu YA Al A= MAPEZL wrobof 2§
sttt & 5 9l

=
=

2
N

]Ztell W2 MAPE 71&% i}Ol 7} @A 4= Q). Makridakis et al. (2000)0] w2, &7 o =9
Me BAA ] 71 et o =2 MAPEZ 8918 & don, @7 dFoA= By v MAPEZH
279tk De Myttenaere et al. (2016)‘1:‘ 2 "HolHe HEAoly o] X7t S H$ MAPEV} sf=<
T A< AAsL, olEF A MAPES EASAU thal AEE E&ste WS AAAH. =23 8
tolg7F vt A o= Fxso] & wf MAPEZ} 7(47“40}7(] s T UAve A= A5 F JdHKim

-4

and Kim, 2016). &4 o] & 4% MAPEZl 52 4 domg2, dntAQl =8 o Fo|X MAPEZ} =
A debdad ol A& 7} dojHdoa & + JYrh ‘%lL, =d 24 YHS B3 =% MAPE 2%&
T, REEE w2 gs YElilon, ol i Wl dF AYgEE EJeS AR
A, MAE®} RMSEY A= F3F 748 §le Walo] 48 o Y2 A5 5015 A7t Yebst o]

7‘401% 7t Az EAO w2 A7ZE A Ech. MAES RMSEx AWl 23 9 AlF A& 7|Wte =
B 2k FES 457 Wil HA HelHE &8ss 7t 72 jle HHol /FEE F U
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Figure 2. Sales prediction results of Company A
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Figure 3. Sales prediction results of Company B
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