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Product Demand Forecasting of Manufacturing Enterprises Based on Deep
Learning Algorithm from the Perspective of Multi-value Chains

WU Geng-gi'*, NIU Dong-xiao' ", GENG Shi-ping'*, ZHANG Huan-fen’
(1. School of Economics and Management, North China Electric Power University, Beijing 102206, China;
2. Beijing Key Laboratory of New Energy Power and Low Carbon Development, Beijing 102206, China;
3. Beijing Qingchang Power Technology Co. , Ltd. , Beijing 100089, China)

[ Abstract] Under the background of multi-value chains collaborative development, the impact of other value chains such as service
chain and marketing chain on product demand has not been fully considered by manufacturing enterprises. In order to improve the accu-
racy of product demand forecasting in manufacturing enterprises, a product data space and a deep learning algorithm of one-dimensional
convolutional neural networks (1D-CNN) -long short-term memory ( LSTM) were proposed. Firstly, the relevant data of the impact of
different value chains on product demand were integrated to build a product data space. Secondly, the multi-value chain data set was
obtained from the data space for the prediction of 1D-CNN-LSTM model. Among them, the deep-seated features of the data were ob-
tained through two convolution and pooling operations of 1D-CNN. And the next step of time series prediction was realized by furthering
learning the important information in the data deep-seated features through LSTM. Finally, an example was analyzed through the rele-
vant data of ring main units by an electrical equipment manufacturing enterprise, and the prediction results were compared with other
models. The results show that the prediction effect of 1D-CNN-LSTM model is better than that of neural network models and a single
LSTM model. It is concluded that the 1D-CNN-LSTM deep learning model proposed in this paper has more advantages and good predic-
tion effect.

[ Keywords] product demand forecast; data space; multi-value chains; one-dimensional convolutional neural networks (1D-CNN) ;

long short-term memory ( LSTM)

BE a4 B AN I, s Aol i B 2R SEAHBOBTIN Y, 2R B 22 A M, e B AR 7 A
5 EAT AL 55 A R S, Al AR A FESRIN, vE AG  SR TR i A YT R

rFE B, 2021-08-13; 1&iTHHA: 2021-09-07
BEE&WMAB . ERESVAITRI(2020YFB1707800)
% YEE . RPITT(1996—) , 55 DU N N B 0F 0 A: . WIS 05 1) - BOHEIR E 24 2] . E-mail : wugengqi@ ncepu. edu. cn,

BISIEE . FRbe(1962—) , 53, DU, e BN, -, B0, WF o Jy 1l . bl 3 ol 850 s Tl 152 3 L Aol A7 8048 B L R8s 43 e 5 45
E-mail : niudx@ 126. com,,

¥ s M HE . www. stae. com. cn



B A 5 TR

13414 Science Technology and Engineering

2021,21(31)

Py B v R ) B S S, 7 R T
X i) 32 A Ml 5 B2 HE AR 7 TR AR R M ) 2
A IAERT, REEAT R AT ™ it A1k AN 2 IR 2
FERUAS o LU il Aol A B AR 7= X e 6% i 2
U B R B oK DRIE RS A [
N IR ARNE7/p e aha p U F S TR I ATHE W DR 7/ 230
FIsF 1], A A TR R A 22 R Al % A g 4EE 7 1
Rl o DA ) 3 2 e ofi 36 Aol () B 9 Al 1< 3
BRI AR DG R, T8 1A Ml [ 9 B [ A i e, 2 v
Wi ), SE L, BRI, T Y 7 b 7 oK T
DN R A% T3 Bl 32 £ B4 1) A8 3R 5 3 0F o 3 4
|5 N A QS o A = W S e < O Y 3 Y
P R AL AR T R T B s N T2 55
G 5 Ty kAT IO, BE R THEAL R R
TP FER Y AR T SRAILAE ) RN SRR A T
KR AYHEAD BT IR E 5 B P SR R A BR 8 A 2K
P v 7 e R T %) YRR E

H AT, T 75 K 0 Y 07 v E A S it
J7ik, an A [B1E # 3l 8 (autoregressive moving
average model, ARMA) "' | J& {4 F5U A% % ( grey mo-
del, GM) ") & B RER L I T2 44 (artificial
neural network, ANN) B SR AL( support vector
machine, SVM) /45 ZRpk 460 20 5% 55
S B A AY (autoregressive integrated moving av-
erage model, ARIMA ) XJ ¥ it 2~ w) 55 8 50 P 17 43
BT TN, 2% SR 3R W1 iz B AL 7 e S T | AR RE
REN G it e Al B Ak 4l B DR SRAR IR | it Al 2 AN
FERARIR) L, X AR N B 2 R T R
I REA %) T80 00 K8 128, 4 B T 4R HOT T R Y
A7 SR IR AL B T8 = 5 W ik O AR R oK
Tog b SRR R A, B 25 IR 8 i Bl AR
FEI , ARMA | ARIMA 45 - 18 25 5 2k 1 T &4 2R
ARG R, w8 FH R 181 £ 3% (back propaga-
tion, BP) fil1 25 0 £ A5E R0 1] [ o 385 £ Ml P A7 e oK g
Fr T, 25 KR WL A RE S A AR 25 . {H BP
P25 I 28 N i) 7T B 23 B A Ry R S AL , 75 8 I A2 b
ISR, A REBUR B4 A T AR .V 2
P ol 1) R T 24 SRR SR T ) 9 FE AR A
G SR IITIN 5 1%, 38 ek 35 4% B30k o LR A7 SR A, AR
WU UG R O 25 2R . (H 848 Bk i ] A4 R g
1% B AE Y 354 BB LA B, PR iR S
WHERBCRER, 25 b, B — TR A ol 2 5 A7
TE—SEA L S T LAk T A A | 2 5 0000 A5 A4 )i
A, 5 A4S 42 e BP-ARIMA 41 4 A
FH T T4 fie i 3 45 =T 7 o R 1 MR R, 4
SRR ZH G A 0 OIS B2 AL ARIMA AR 3%

TN B S I PRSP/ R L RS LN N ]
B T HAZ R e R A AR IR AR A0 L, DA K
LS-SVMAEAR LM WS o3 RS P e O A AL, it
TRkt LS-SVM FUINAR AL, FH T fifk Hhe /MR AR
T P A A B SR TR 5] R, SR FH 4 TUI 6 %
G ARSI A, A RO % B[] Jp 91 A ~F- g i)
RO, B e UM S | OB R o 0 15 2 A KU | PRIE R
AT SR, H AT T 1 3 Al it 5 SR 9
DR e 2 2] Sk A

AT REAETRIE 2 o] 1) o IR G, TR R o )
— PRI 52 2 25 0 Y 22 1 Ak 2L R 52 BN St 2t
TR 2RI S, LA i Bs A AL )
VE ]y S5 % i BE A% SISO T 4 28 I 2% 18 I 4558
U B T TR Y K SRS T R B L
VP RBE Wy 9 25 5 BN 454, i
Al PR AT BE ) S BER B 2 ~) A% BB SCFE
TRIE 7 ) B 12400 A0 o 3 a3 A oMl 9 7 o 7 5K 13
W5, AEFRAE S et — RO M 2
BLBA FEHETHHL (light gradient boosting machine , light-
GBM) | ['] #& 1 ¥F #ift 28 X 4% ( gated recurrent unit,
GRU) Ry 4H & FIUI A B P 1930 4 lE A e SR 70, 3%
HA BRI A5 2 FRAL L3, A AU ZRAkR
R AT SR AT B0, Weng 281 HIN T —Fh 3L T
lightGBM F1H 45 10 12 #f 28 M 4% (long short-term
memory , LSTM ) A9 {8t )07 47 5 5 T00 I A% 7Y | 52 46 245
FRUZAEAY AR % X {3k 17 48 4 B EAT VR L e Ak, AT
FRREM TN . 2R 70 SR 2 7 R B 29 1
ST 8 GRU-BP 20 454 28 00 268 000 A5 28 0
BGPTSR AR5 UE B S0 45 R i m AT, BE T,
JET AT 3 AR TR BE o > B0 125 4y 2t F9 00 A6
T, T2 B R 5 > SRR A 1 3 Al 7 i o SR T A5
5 TR B v TR B

MEAESR il 3 A Ml 7E 1 AR A A A, R
b1 B 5 G A 30y R B F b 300 22 A0 (5 46 By
[ 3 5k 5 7t A 7 B R IR 55 AN (ELBE B RS AN
{ELBE S5 DRI P BEAR s AR R as AR RO . Hop £
Wi ABLHE IR FI 0T T 1 365 A b 7™ ot i SR T 2 SCH R
AA PR — {1 B | 22 A0 (B B b ) B 6% 3K BT O 42 T
FRAHDCERHE , 5 Bl 32 A M R AT (b o 1) 7 i 5 oK
T

A FIRS T, B — e T A B 22
#% ( one-dimensional convolutional neural networks,
1D-CNN) -SG5 100 246 14 4L T 1 12,
SCIOE P F 4l 3 A ol 68 77 it 7 SR RN, 38 e R 7 i
MR 55 B B B A AR IR B8 119 22 B KA T TR AL
K LA BT 1 1D-CNN-LSTM BEAL | M1 RS

¥ s M HE . www. stae. com. cn



2021,21(31)

RPERT A W EBERUAA T 3 TR B > B i T Al ™ ol A SR T 13415

HETTIN = S 7oK, AR e R T 1D-CNN A g4
3 53 7= it e SR U BT 2 AR AE | 3535 R LSTM
Xo A5 O TR 2 R AE R A 7 A B 2% 2T | A s i) ) 31
R RIS WS TR N R TR P = = S 1 e 4
Tt T SR D7 S A S BSCHE FE AT N A A
2% L[ A% 5 Aol 220 P90 4% A5 R0 1) 000 4T HE 32, 2 i AR
SO AR A R

1 ZHE#EARE THIERIERE

1.1 #HEZNEEHENEE=E

PG ] 1 A ol ™= ity 75 SR T 388 7 B8 T
IR B ) PR R B AU SR O, A
JEFIF T ACH R A 7 ity 5 I RH O B ™ il B R
I S5 A (L5 AR S TR R A R2 0, 00 45 2R AN 8
i, JUHIE BT IR 5 2%, il Aol i AR
P HERLRTARZS | (0 A0 DR GE I 2, Al ) O AR
AR MV 7 il i 2R AR ) DR 30 A 52 2%
B — 0 fELBE P 110 50 Bl e AV T, DRI e, 2%
MM EHE PR R T, 0 5] ) 2 A0 5 Al 72 K%L
AR 22 ELAR 1 7 57 AR i 2 0] i K
G AT, T R i S 7 A AT G
(1 ZBERAEEE T T B R R T0I SF A OG G 3, %

Pz T2 DI F A, 4 A i J 0 P R Sl 55
(RGPS SV E/IE SE - Iy - UL L i TN
T JEE M) P R B R Bl P A S Bl A, (A
TEFTR RGN, 4 50 22 U S A s DR i 2 07
TR S T U R s A AT
BB BHE T 5 1240, YRk KB &b
R TEN AJC A 0 4 5 2 T i, N, AR SCHEAT
77 i SR I, A il B s 1) v AR I 22 B A
e |85 v A4 ECHE B O OORS RE B . 20
SRR RO AR 7 i 1) K030 s 1) B R i R B ] 1
Bs
L2 F@mBEREIEZR S

EZINIERE T CP T T R PSS AU S E N
FHRLECHE AR B, T B 4 7 i 4 A= i o 0 2o e o i
IDAEIN B A iE I N Rl ol = e S
PERSRIE FIEAE BB RS ARG BAUE .
SR TS R TR 7 7™ i 5 SR T, ¥ 5t o B e B
SR PR R A O TN ASE R A g AL ™ i T SRR AR Y
RSN ZRAR S, 22 T 8 3 5 W) o JRE O ) PR 30 Tl
SER MR A

FEMERLBE AT 1, (LI | 3 v A o
YR NIVEEE S AR XL i p TR VRS S A TIISES

avA: 3 I8 B

E2 v Fo kRt PR
AETR BEEH BEALIT B
b EEAE =R BLIEFRR
LZL S0 % S a5 BT

HdE 2= )

Topmams ! C MR

MRS )

B U (SR IR ™ i B 2 ] B i 3R

Fig. 1 Product data space and data acquisition from the perspective of multi value chain collaboration
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Fig. 4 Prediction flow chart of 1D-CNN-LSTM
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Table 1 Some multi link datasets related to ring main

unit requirements

aw O AR e TRE e
rdn o JRE/ &
2020-07-06 0.33 19 0 1 27
2020-07-07 0.27 38 0 3 38
2020-07-08 0. 00 0 0 0 0
2021-07-29 0.35 0 0 2 1
2021-07-30 0.24 4 0 1 10
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Table 2 Super parameter setting of 1D-CNN-LSTM
combined model
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Table 3 Model components parameter setting of
1D-CNN-LSTM combined model
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Fig. 5 Loss comparison between training set and verification set
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Fig. 6  Error comparison between training set and
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Fig. 7 Comparison of prediction results
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Table 4 Error comparison of prediction results of

different models
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