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Abstract

The objective quantification of the impact of external market and environmental factors on the
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consumption behaviors of various natural gas user segments constitutes a fundamental basis for
gas enterprises to develop targeted marketing strategies and promote high-quality development
processes. This study aims to deepen the systematic understanding of customer consumption charac-
teristics within the gas industry, classifying user groups based on their behavioral traits, and con-
ducting an in-depth analysis of consumption patterns and their reactive mechanisms to internal and
external influencing factors across different user types. By integrating machine learning algorithms
with operational data, a monthly consumption forecasting model tailored to segmented customer
groups was established, elucidating the quantitative relationships among industry type, macroeco-
nomic fluctuations, and natural gas consumption levels. The findings provide a scientific foundation
for gas companies to implement customer-centric, differentiated marketing strategies and dynamic
resource allocation, thereby enhancing market responsiveness and operational decision-making
efficiency.
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Figure 1. User classification tags
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Table 1. Statistical table of influencing factors

= 1. EWERGR

ESES Sl K2 A4 AL
[ [ S E GDP fe.78

ENNEYNSEIE T HION Ji7t

SRR RONET AT SEREHRN Ji7t

SN BN T RNET R SRR Ji7t
i J R FOKCT Ji7t

SRR BT BKCT Ji7t

B B FKT JiJt

CAEUNE VPN

A SREA 1 VPN
7PN TN

WAL %

DOI: 10.12677/sd.2025.1511305 21 CIERE59/°4 2


https://doi.org/10.12677/sd.2025.1511305

Wi <5

T R AN [F) 248 B2 s A B G T B 22 57, AR SO e nt & 2RAR PR B HEAT )3 — A A 3 . FE IR |
K K B 5B 53 11 (Grey Relational Analysis, GRA) &A% 5210 K 25 5 RIS 8 2 A ORERFE S, IF
WA RIRE RNEATHE R, AT A 5 A0 B i i 15 P G AR AR A1, DASR SRS i . GRA K2 i [
FENRHREZRMIERRZMWA N KERS, @0 &R RTH 5 S %7 5I0E &7 5) 2 1
BE IS B A AL (0 2 LT TARARBAEE , UM H AR S e 15— 3. SREREE RS, RN R 5 KRR %
BRI SRR, IR E AR % . BATH RSP RIS fos:

(1) AT R HE R -

W DI L RIR A S BRI RS H A, R R R AR N BT 51, M SR aa B /R X,
FEAZHEIE A, 4777 7] 2 AN 8] i b BB e 568 i T #m [R)B RS, 5177 1) 53 o 822 41
58 LA A1 (B3-S0 DX 3R A8, AT TR SOV FA P 1] o 27 e R 454 -

X, =(xl.(1),xi(2),-~~,xi(n)) )

K, x, (n) ——n AN B R 751
(2) B A HE G -
X AR R A — AR e, T RS TR BE VS A R HOR IR, TR X,

xi,:[xxl) 52 x()

= (3 ()3 (2), 3/ () @

.....

() %(2) x(n)

(3) R EFH:
XA E MR R R 5 R R, RBORZEFIA,, -

A, (k) =|x6 (k) =x! (k)| = (A, (1),A,,(2),-- A, (k)) 3)
(4) WHKBRE S,

minminA,, (k)+0.5 maxmax A, (k)

Cu (k)= A, (k)+0.5m_axm/awa- (k) @
(&) WHKEKBKE y,,
1 r
7/()[ - E;é’oi (k) (5)
KRBT R AR ZHEREHW, B S EN RN E R RGIT A AL L X A,

FEATH 3 M LA R A R R kAt b, I8 I R Ge0 L 5 )Mk i, R HE R APk RMA N
DR FAE A AR R o (R A% 0o R A B o 7E R GO B 5 FH TS 2L (A K J I 1 AZ P 5 (LS TM) L AR (R
BT SCRFRENLSVM)AM BP #12 f 2555 2EaE 1, ABFFEiEH] ARIMA-LSTM YR &R 3E4T R
R RTINS A, DRI S5 AR MR R AR AR RE 7, ST IR L S A (e b

4.2. ME R PEETNEBGE

ARIMA (Autoregressive Integrated Moving Average Model) A& — 5 8 () & VE IS (] 2 51 T 773, T iz
TP 21 B A 5 T, A H0E F R EUb | TR AR 5 . LSTM (Long Short-Term Memory)
W ZEAE N — TR R I IE PR AN 22 I 25 (RNIN), - BB AT Rl FE I 1) 7 41w (R R A OC 2R R A 2R AR 2R MEARFAIE
FEHR T A& S8 RNN AAERIR BEVE 25 0] @, & T BA S sh AR PR R R P A1 258 35T ARIMA F
LSTM 73 BIHEAL AN 5 AR AR A b AT BAME S, AT 7 —M ARIMA-LSTM 25 Tl A iy,

DOI: 10.12677/sd.2025.1511305 22 CIERE59/°4 2


https://doi.org/10.12677/sd.2025.1511305

Prige 4%

CAERTI I 56 R G b 22 RAL BEIR 01 A 5 WOL BLIR T f) v ff P S RS f 1k

ARIMA HERY 5 — ok F RIS (8] 7 91 TR, 2B S5 & 1 AR A MA BB, FEREREE ST 2 JiT 1 5k
L E I 18] P 5 BdiE (R P Ra ik o SRAT ADF #EAT SR ARAG G, dn S A 36 ) mT BAEAT 2 A, o SR dfe
AT PRI, A T B2 oAb P B R A TR, BRI TR A 2] ARIMA B8, ARIMA 57 ) 8 5
N:

[1-%@)(1%)" X, = (1+i¢,ﬂjg, (6)

X, d AEDREG p NEBET R ENEG ¢ BT RN EHEG LR T
K ARIMA BTN R AP Ey: 1) AR RFSIEREG 2) “PRatkielk. fkEis s n T
P, AR AR AN P R R A 22 AT PR, EREUETAR, 3) AR RREEL SN
FIR A, ROy AR (e A AT DLEEAT S, ROy e, WIREALRAL, 4) BIMSHE: b d b
1 ZE U, ISR B AR G R ORI AR O R B B E p A s 5) NIRRT i E R A S £
JER RIS AR . 6) BRIGUE . BARIBALRAE I 2 PR

PRt EREn
ARIMA /T\
e ? ? & -
FIS B IE) 7 3RE SIS 1R

Figure 2. The procedural framework of the ARIMA
& 2. ARIMA AR

LSTM J& —Fh St i AE A 41 22 X 2% (Recurrent Netural Network, RNN), 33 AN [7] Thg i 7] 45 44 S s
B HHE B BENICIZS53E, M 7 RNN RS RLERURS B 2 00 R8T, 72 [R) 77 20 T ia) 8 _F 5%
WA . — NS LSTM BI#R & o s = 1] AT TS s T TR R (] 3).

(2 tanh i E G

Figure 3. Schematic diagram of the fundamental architecture of an LSTM neural unit
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Table 2. Results of error metrics for training and testing datasets across individual models
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Figure 4. Results of the ensemble forecasting model
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