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Product order demand forecasting based on blending model fusion strategy
ZHONG Jialing, ZHAO Zhitai, HE Zian, CHEN Guohan

(School of Mathematics and Statistics, Huizhou University, Huizhou 516000, Guangdong, China)

Abstract: Product demand is the most important part of the enterprise supply chain, and stable product demand forecasting requires
greater accuracy. This paper proposes a blending model fusion strategy that integrates machine learning algorithms such as Random
Forest (RF) ,LightGBM, XGBoost, and CatBoost. First, by leveraging the multi-feature characteristics of product order data and
processing features such as time delays, we establish machine learning models for Random Forest, LightGBM, XGBoost, and
CatBoost for forecasting. The results indicate that machine learning models can be used for product demand forecasting, but the
accuracy of single model predictions is not high. Secondly, based on the blending model fusion strategy, we fuse the established
single models to create the RF-~LGB-XGB-CB fusion model. Validation results show that the fused model using the blending
strategy outperforms the single models, with improved prediction accuracy and better generalization ability, making it applicable for
future product demand forecasting.

Key words: product demand forecasting; feature processing; Blending model fusion; RF-LGB-XGB-CB fusion model

DR SHE AN TR e s R TN PR T 38, Aol i R g s

0 31 = WK

SR T 22 T Dy SR R R A BRI A H Y
A BISARIE I E5E , AR T2 RS BRZ R R R 0
B Bas B Bbs ST MIR RS % TR
AT By TR W3 A AR 7 R Bk el 320l 55
PSR R B SR P e AN e 2
RN R Z 6 TH I SRI W 55 PR 2 DR SR i 2
REARIEZ I MR, 2 R B T WA 2 |, 74
A7 BT R R B 12 25 ()L, 38400 Al A7 AR

FURI, W7 il B R SR B0 7 kA« i T e A
BTSN 512, 2% s S R A e 22 43 8% B0 P
Y5 A ( AutoRegressive Integrated Moving Average
Model , ARTMA ) 50 497 358 4 b 7™ ity 3T B R0 80 , 124
TR P b HAT R DU S, P00 45 RS W R vy
RE CAE LA P PE R B DR SRR , it Ak i A
A HAE ) AR T Prophet A TR0 TR0 B, g
Wroiaa oK, o e iE 2 5t o s Bl n ML 300 T o8

EE R B EFS (2000—) , & W BF 5T A, EBMFFE 7 1 B G2 X248 (2002—) , 53, 21, AT 7 1) BdE Rl 5 OB H R
a2 (2002—) , 5, 2+, FEEBFE 7 1 B0 5 0 HECE
BEESE BREI(1981—) 5 it JEIm, BT Gt 2, 1T R4 2% . Email :381588905@ qq. com,

R B 2023-12-01 TSR ETE] AT AL A




68 oo ®m M5 M OH

ERRES

el TR RO BRI 5 | 52 R
BB BRI R, 6T B
R I Oy v, B 24D BE AL AR bR
(Random Forest, RF) iz FH 21| I % 04 88 44 F0) , A Al
A TE M 1 AT 55 01 N 45 10 T o) R4 Ak 2 2%
{8 5 R A4 i P A 1 2R 8 4R TH PSR ( Light
Gradient Boosting Machine , Light GBM ) X 5 it 751 4 s}
T REAE AT IO, R R R T A R T
P TR Aol P A 7 0% 5 A A A R
TR (eXtreme Gradient Boosting, XGBoost ) 45 &
RAFII ) PR 2R LA K g st i, 5 OGS 5 DX el g/
P ) e 5 B A P P A A SRR AR R, B TR
JE 2 SRR TN i, 2Rk M T IR
S AH =S () F A 5922 1) BP ( Back Propagation ) #1 4
28 PR | FH T Al ™ b 7 SR B0, - X5 93
DPKEBERT 90% , LT HA S 3 114 it 22 19 2% Tt 7
B AT MR A e BAT — 5 i TE 5 S F Ak
AT SRR B 2 2 7 T 2 K T A AT 4%
ATFRAE , EENT T 38 A A 7 2R 43 A AR R | RS
FHTBURTE SR oA Al i, did T4 800 37 5 1
T KA, AT 548 P A MR A, BT A
RSSO Jy 3 3 AT A0 A A sk T 288 il o i A
AT A E P R, 32 1A 013 5% 3l F 24 Rl
ARIMA FIBICHE BP 25 2% (1 LA 1AL | 2 45 4578
(TR 2 B0 ARIMA BB AT W 38 48 55 SRR
SEUCVHR TR ROHE 23 )R — 2 s B 4 ) 45
( One—Dimensional Convolutional Neural Networks, 1D
—CNN) - K % #1212 ( Long Short — Term Memory,
LSTM ) #2528 1) 28 GBS A0 | 1 2 B AR 2% il i
ARl A= 7 5 A5 Y B DO A 7 it o S TR0 1A L Y 15
I ZACERAIE TP 25 W 28 AR T R — 11 LSTM A, T5
JE 27 o) 21 B R B BB, B BOR 4

5 G BERN N T AN TR, Al ) b A A
JAF > SRR AT A R B il T D7 92 I i) 2 —
o EX PSR SR AR A T ) SR A S At
TR AT A A — 5 1 23 28 TR A | ] T 13
I — > 22 401) 0 A5 W 48 BB HLBE 7 A oK. AR
17, H AR N B i 27 21 S0 0T 5 3l /Y
7 s KT

B 7 3 Al T R ER AR S
A B DX g N AR B T U 2R E, HL
ANTR] 7 it Z T SR USEAS ), B 7 BT 2R i [a]
AJSAHIE 7= iR A IR B T = TR b

A SCHR I HE T Blending FE ARl -5 HEM 1Y 7 i

SR T2 . AL g2 R B A bz Ak g
FHRIBCRAIERE T, ™ i AR 55 V2 J 3 [l AL 5 ) 1
By 2] AR B 2 S BB Rl B AR A o
PR FRON AR Y B8 BCRFAE B8 7 A FR [0) 0, 42 e F0 00 K
BE 43 B BERLAE AR (RF) | LightGBM . XGBoost
CatBoost ( Categorical Boosting ) H.4 7Y | f5 1 4 A 55
(R ERRE AL LT Blending 155 R Fil & SRS HEAT RlG, 14
#H HAUA B R 1) RF-LGB-XGB-CB fili A T AR Y
e vE e it e R TR BE 5 S, B T LT B R 1Y
AHSCEHE HEAT NSRBI | I 4 A 1 1 2% B 1Y
TAM 25 2R ORG REHEAT LA, 43 B AR SR AR 1) A 2K
PES AT I IR G 0 A 2 0000 265 5 7 i oA
K3 MHMATKE.

1 tEX[EE

1.1 #HlERESEE

FEAILERARALH ( RF) JEFET Bagging IR Y
AT B 2 ST ) 22 R R SRR X R AS R AT )1
IS g — A 2 VRSP AR A, BEAIL
ARMARKALSE L oE 1 RS 25 5 ad fU TR, AN
Ty 32 MR FE R A T, X e A A5 o g s B A
HUEPREE N

RS B T HLBL Y (LightGBM ) J& —Fh 5
RO B £ T D SRR R AL, 2 X R B 4R T TR SRR
( Gradient Boosting Decision Tree, GBDT ) 151 5l fit) 2
HE, P TR R S ROR L AN AR B ORS 15
YIRS ) RORFEAR T AR S

e B A B2 12 T 5578 ( XGBoost ) W J& 3 F GBDT
AR — iR | B A% v 0 4l £ 2% o T A% i AR e b
FAIE FEREA T AL, B A B A5 2% B 1 e
Ry AR 1k G BA B iz A RE T 5 18
5 BRI 152 25 38 43 i = B 2% W R O, T A v
W RS I ATHATIB 5, R THINZhos 47 3008 il |
Toits HEATTAL BR | 308 5 GE T i A ol 2R ABLAE 24 1T 39 A
S AR A BB A

CatBoost ( Categorical Boosting ) #5% % [] #£ 7
GBDT R HEAl b HEAT O | AE A NG 1 T 1,
T J& GBDT #5 U AE 28 T B XGBoost # B Al
LightGBM #8285 51 3 %2 (4 Q18 fl 78 TR F ik
PP T 7 B A% G A s v BE A 580k | il the
el i 2 AN TRTIN i B [ AL el RS R R SRR AR Sy
BERRY e e AL 03 2 TR BE ) 4 [] o e 2
TRRETT A7 IR AR LA



PEERS, 2F: BT Blending AEHY 5 SRS FY) )™ i 1T BLAG SR T 69

1.2 Blending =35t & KBS

ey M Je Xt AR ) SR AT U 2% i
—E A R AR R, e B L — A ) A%, R
JIF2 > A RS A0 2 10 e A 8 4 R, ek L
I B i 22 A 5 25, BEUF ) 7 R Bagging
Boosting , Stacking LA } Blending J7 i, A& 3Cfifi
Blending £ U5~ J5 vk | AT LAk S0 5 40 ik 6 o) 231, 4
e R AR R PR i

PIIE RS

e xipl
60%~80% FLRLIRI 2

X_train  Y_train )

HIES

AR I
;ESU A FLAL N
; BIER "
X_val Y_val
20%~40% .
T

jlliEws€iiES

Blending R Y Fl-5 14 SR M < B I 25 804k %) 23y
I S T e SRR v SO 7% e e S| 2 S|
B (5 — 2 RY ) | Bk A 28 BRSO R T /5 Ay o
B (5 Z R iy I g MR E [RIAE &0
FERHISRO | T2 OHT A B ST ASE AT B )
PBE HEAT T 75 B e A A5 3 ARG T A T R
[A]f, Blending @il 5B il ik F2 4n &l 1 s

AR

b
EiE

h_1 h_2 h_N Y_val
(X_val) (X_val) (X_val) Pl
TR
Tt
2L T
h_1 h_2 h_N
(X_test) (X_test) (X_test)
DESAE N
IR

E 1 Blending B & B FNTFEE

Fig. 1 Prediction process diagram of the blending model
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Table 1 Product orders partial data set
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Table 2 Some datasets to be forecasted
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Table 3 Random forest optimal parameters
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Table 4 Optimal parameters of the LightGBM model
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Table 6 Optimal parameters of the CatBoost model
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Table 7 Different Single—Model Prediction Indicator results
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Fig. 2 Diagram of the model fusion process
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Table 8 Partial prediction results of the fusion model prediction
test set
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