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Abstract: Predicting the future sales volume is a critical task in operating a restaurant as it helps to deter-
mine the number of staff and ingredients to have at any time and decide when to start preparing food. Future
sales can typically be predicted according to the demand cycle; however, it is difficult to predict an immediate
increase in demand because it is out of the demand cycle. To tackle this issue, this study proposes a method
for predicting the next-hour future sales volume based on population statistics data, in addition to historical
sales and current and historical weather data. The proposed method combines the results of two models,
one predicting the sales volume, while the other determining whether the future demand will become high
or low. The proposed method was evaluated using actual restaurant data collected in collaboration with a
major Japanese restaurant company. The results demonstrate that the prediction accuracy can be improved
by 1.45% compared to the prediction model of sales volume without combination of demand classification
when the sales volume is high.
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Table 1 List of features used in predicting the next-hour sales volume (Stagel).
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Table 2 List of features used in the classification of high and low demand (Stage2).
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Fig. 4 Period of feature engineering, learning and evaluation.
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AHEiR & R 4 W ORT. T, EEIREOTIISE L7
HEHEMEERET TV (S,) FXN—ZXF94 VLT, &F

x4 ERWR

Table 4 Evaluation results.

FIH €7V BN R o T SRR R R e
S1o MEMFHEER | Sia — — —
S1p AR E=EE | S —-1.10 % +0.73% +2.5%
BP0 S1a, S1p —0.15% +0.46% +2.1%
SR S1as S1b —0.13% +0.28% -2.1%
REFIE S1a, Sib, S2a, Sop —0.13% +1.45% +2.4%
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P O TN E L 7R E AL 7V Sy, @ MAE {8
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WEBXLD, BTPHROFHIIEEIIIEL VL HD0D,
EFEREOTFHIHBESEBLL T DL I ELGHhE. Ih
WED, BREFOTHEZYEL L) T2 Lk Tl
WENT>TLE ) FRDPHRTE .

KA, EFHOD Staged DT ¥ ¥ 7V OEET E 4T )
7o, MEFHELZN (4) IORTHAEE LB LUK (5) 12
INT AR L T AL BB X ORI
Tld, Stagel DFEROAREFHNTT v TV EFT> T
b, =), METFPTIL, Stage2 2B LEEENWET IV
BIORFEFET IV OSEM R L EAL LT Stagel D
WREZT TN LTWE, R4ITRTERY, B
Yk L ORI 3EIC R T, RETHE, &FFED
TS 2 D310, HFEERD X O TR0 Tk
JE A ORIRICEE Lz, SIS X ) EmEER D, INEER
O LTk A o 7 RET RO MENFEE T
&7,

RIS, EETFVOENEICOVWTHRNRES, 5, & i
EL7zE &, Sy BEITAZE TETHEOTHREIL
MEd 25T, FFEEOTMREEIENRTS. $/27/-
EZIETARNTH D X ) BBEARDTEITH LETHEEOR
EDSEALT 5. ZHIIEALASITOMAFICE > TIBESL
L6 2ERENT S, Sou, Su & Sia, Sip DEMA
ELTHRATAZ LT, BFEERB L OETFNREORE A
EHIYET L. 72720, ERTFEORER FIIZEFS L
Z\r,

RETFFEIMETEICH L CETELEEO T IEED
145%EE L TWDE., T, SEEORMTITEEk
10%F2E% 5 b Z L \28Em D &, 55 L4k 0.145% D 4
BRAOFT XL — 2 3 Y OUHEIO LD L REESH Y,
VAR LOFRBIIREVWEEZZ LN, JEEHBENTRS
&, MOMEDED - 725 T 10%LL EeE L7z—7,
VT NE A LNCOEEH T — 7 ORI X W IBESENT S
JEHID B o7z, FRIGEBETA N FSX B SN B E
TRRELBEGES L SN, FEHICHLEHR L
TIEESHR IR ENTH 72, THIZALD ) blgEH
ANOADERBTH Y, EF VA AL L7 EEBEOBR
EFETELVWILEPHNEEZONL 2D, SHhlER
MEr4 4. EMEE FIMEE Otz 2 &, BRETIV
S1o BARTIZ TIRAMEM AR TB Y, REFLEOWLE
X o TTIRNMERAHIZ SR, SHEEHORER LI
B oTWDLZ EWgholz. T AOFEHMEHW-Z &
WX B E LT, EHTANY bASX BRSNS G
T, MG L TR AIC R & R SED /R 6
MMAT, Sig I2BVTI, TEFVPHITLEHOEERE
PR A L, ANCUREEIE 90 12 R SRS E O Hh T 20 A
HEICELTH Y, NOFEEEEALZRRERLT
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Wah. B, TRUIOERL 2 28 EE, Je R EE
PHEL EORBEIZHEY 25 BE B S hk.

6. &

AFTIE, KEEOFETFIIZB VT, FICHTFLOR
MO TFHRELZYET 5720, 2 00T hHE2REL.
I, EROTFZREZ TP 27 MM, AL
Frr—y e A E LoE@E 2 PR % FlE 7L & A
Lz B2, ERORIEREZ FHUWTREZETIVE,
EEEE TR ETVOM DRSS, BAEDIRED
BB DH B W EIREEICSH B 0% HI L, £ DIREEIZIE
CCHRETFHFRE T v TN T2 gL, i
HIEDETE LT — % &2 w7250l 247, BEAFF I
L CHEE LR O TR EEAS 1.45%, & T HIRE 05 EASE DS
24%WET H T LARRL, THUCE Y, efbEE KA
CHAEDTIZ, BHEERECOTABELYUET LI L%
RL7z.

L[ I3 HE M A2 25 & L C LightGBM # Fl722%, 4%
(IREEEI BSOS ThEA 2 FEOBA G §5. 78R
IX, Stagel @3¢ L FilllIC1E LSTM [19], Stage2 DT Eai D
3 HEICIESCHE [20] % Autoencoder [21], FEMRAO T D
BUMkA G TEE IRE L & 5 42 2 FICHU) LA
Tw(

S 51, AREIFETIX, ANLREr T — % O 22 [k EE R0 REH]
2 —f L L72hS, AT U TR L L ETE
b, 7ok X, BUE < ORMES 2 A TIE 22 AL EE & Al 2
CL, B—=FH A FETIIEMAELZRE T LR E0E
AONDL. ZOWEIL, Z2BREE R A LA 85 2 )5
HOBEETTHMETVEEAZ LICLY, RETFELHEA
WHECTH 5. A1RE, WK, FERREESRS 25w
PRIET D7 — ACBWTOREFLEOBH 2T 5.
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