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Abstract

To effectively reduce the operational costs of gas pipeline networks and enhance their intelligent
level, comprehensive prediction of gas load is required. However, gas load prediction not only
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relates to spatial characteristic such as gas load data and temperature/humidity data, but also exhib-
its temporal characteristics including trend features and periodicity. This dual nature leads to dif-
ficulties in constructing accurate predictive models and results in lower prediction accuracy for gas
load forecasting mechanisms. Considering the significant differences in the influencing parameters
corresponding to gas loads at different time scales, distinct prediction models have been proposed
for various temporal dimensions of gas load forecasting (including daily, monthly, quarterly, and
annual loads). Specifically, an Improved Quantum Particle Swarm Optimization-based Artificial
Neural Network (IQPSO-NN) was developed for daily and monthly load forecasting, a BP neural net-
work algorithm was employed for quarterly load prediction, and a Grey GM(1, 1) Markov method
was implemented for annual load forecasting. The prediction performance of the three models was
evaluated using average prediction accuracy. All models demonstrated gas load prediction accuracy
exceeding 93%, indicating their capability to precisely forecast gas loads across various time scales.
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Table 1. Pearson correlation coefficient between daily gas load and various influence factors

%= 1. MEHATRS & M0EZE Pearson HHXRH

A IS 2014 £E 2016 4 2017 4 2018 4 2019 4
H & =i —0.7886 -0.8970 -0.8571 -0.8780 -0.8703
H AR —0.7866 -0.8970 -0.8571 -0.8780 -0.8703
H P35 -0.7365 -0.9213 -0.9124 -0.9000 -0.9061
BECUNRIS -0.1301 -0.3058 —-0.2254 -0.2310 -0.1756
Ree Y = -0.1714 -0.1972 -0.2417 -0.2262 —0.2247
Table 2. Pearson correlation coefficient between monthly gas load and various influence factors
2. ME A5 & ME % Pearson HHX R
AN 2014 4 2016 4 2017 4 2018 4 2019 4
RSl d i —0.8480 —0.9448 —0.8899 -0.9171 -0.9080
AR -0.8915 -0.9334 -0.9075 —0.8832 —0.9286
HF3550R -0.8798 -0.9429 -0.9101 -0.9110 —0.8872
JERSOISLEERS -0.3078 —0.7246 —0.4892 -0.5062 —0.3748
Table 3. Pearson correlation coefficient between quarterly gas load and various influence factors
%= 3. MEFEATS EFNEE Pearson HX R
2SN 2014 4 2016 4 2017 4 2018 4 2019 4
A8 -0.9953 -0.9786 —0.9944 —0.9534 -0.9831
ERE2IENHERS —0.9544 -0.9048 -0.9944 -0.5999 -0.7852
H X A 7 L AE 0.7214
X A AT SRR 0.7190
H X B — S niE 0.8373

Table 4. Pearson correlation coefficient between annual gas load and various influence factors
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Figure 1. The basic structure of artificial neurons

Bl 1. A2 TR ARLEH

RATTERE SN R RAUR, O R IR G TR R TR TR S S REE.
DA IRIE S5 N TARZE X 28 TR B R AR R =) 0 die LA F) 1P e AR ST P B 1 R DL A S N T e
ZHATIRAL, (HE TR TR RE A AR N R B AR I 0L, IR SO X R A (8 7R 7 R

DOI: 10.12677/sa.2025.147190 128 gt FE 5N


https://doi.org/10.12677/sa.2025.147190

mfkk, &%

S LA
22.2. KB FRTFEALEE

ik G TR R ENE BN R S B AR I O, SR m BRI ERE, TR R PR
FRRLF A ZRErE. Sl H AR, B8Rl G KA BRI R 5 ol Py i i E

(1) KD KB R 7%

K P KRR AT N R A AT I BENLATAE , TEBENLAT AE 13 A2 A 800 B R 26 HH I K5 0 I 5
[26]. BRERA KLU R 3A6: Levy W)~ *(1<A<3), &—Fi LR Markov I FE. KJEHKBRRIERK
P B T H TR AT LR IR

X" =xl+a; ®Levy(4) ?2)
ag =0.01x(x/ - x,,,, ) 3)
b O+ VAUVATOLE; X N3 c URAT I E x,,, AU EHRZERR T Lewy(1) NER
HZ
KD KB ERE R A A RIE O
\/zexp{— K } ! O<pu<s<ow
Levy(s,x, 1) = 2z 2(s—u) (s—,u)%’ 4)
0,s<0

A e ARKFDS KBV RMD K o NIRED M RENSE:  p MBS L K).
KALB K8 % Mantegna SVEBETRILBII27]), HFRERWMG)FIR, p~N (0, 0,), v~N(0,
c2). o Ml o2 nEI(6)HE «

Levy(ﬂ)= W ®)
i
F(l-i—;()-sin (Z ﬂ]

G,U = 1 240*1 (6)

P 0

F( 2 j 2

o, =1
A RQERN(©), K KB R IR B st IR -

Xt=xi+a® B (7

i

(2) BUEtHIF BRI B E v

SERR b, REANYERE R R A B TR RSP S8 B A A B ST RR R AN, R R T R A
U7 B I A B B AN P b d 7 5 T B I (B AR B, A T AR N () S i 2 TN AL R
FE, BT R B S 4R RO, DTEREE /NI AEFERCE N o AT H BT ) BSO3E T 38 B A B A
I (8) BT «

1 & 1 u 1 Y 1 u
mbest = — best =| —a, best. ., —a. best, ,,....—a, best, 8
N;F (N z,lgp ERY: 1,2;p i2 N ,D;p ,D) @

DOI: 10.12677/sa.2025.147190 129 gt FE 5N


https://doi.org/10.12677/sa.2025.147190

mfkk, &

Xt a, —— ROV E & EMERNBE R

T KA D KB BRI 27 VAR Bk 1)~ 2 e i O B 50735, 32 A SOk i B L TR SRS, D
IQPSO. EMMAKIE D KRR R Z 5, 58 B N EEAE T 5B 5 eSOt P 28 doe o (6 B v B35 9% S 1
IR KB R IE RS RE, X il R AT A AR, T S R R A3 RV, R T A

PERE .

2.2.3. BB FR TFRHEZERAHATHEME

A
il
i
il

A
il

T

ERIEIEY
K

[EN 2
BER AL R
w:h(],l) 92.1
L MARRE B AR |
WA
Ey
AP L
5 =
A& \
IR it AR
H &K A
B B fuf
HEH
iGLNESS
AR
R
=4 D
—
IQPSO%i /\\ BB R
Disguy | ooo | Dypism) &, o [ G | Drogryy | ooe Do(m1) 0,,
LOMARRE RAEGET  WHERE | RHERE)

Figure 2. IQPSO-NN gas load forecasting network architecture framework
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Figure 3. BP neural network gas load forecasting network architecture framework
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Figure 4. Process of the GM(1, 1) algorithm for annual gas load forecasting
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Table 6. Seasonal type quantification
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Table 7. Year date quantification
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Figure 5. The fitness value iteration curve of the IQPSO-NN algorithm for daily gas load forecasting
[& 5. IQPSO-NN B XS B Safar U iE B B {EIS X sk
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Table 8. Daily gas load forecasting results based on IQPSO-NN

PR Mg 28 RS I A s T B £, izt X 2021 48 2 BT RS H i VE 204, KriZdthIX 2021
SRR H FAENINAEE . /£ IQPSO-NN B2 kAT Y ZrFF il el A2 kAT T 45 R T IQPSO-
NN PRI A7 77 R0 285 R o TQPSO-NN I Zak 7 o ik AR B80T 2 B )32 A it 2 i 2] 5 s AL
Eih, WSO R A A IR N R S 0 AR 0, i IV A AE S AR ST 35 AR P 1 i AN T R B
IEARREGHT 14 B, R B R BN I R B E S, Sk ARRECR T 38 B, &R FEE
T AR R AT AL S AR AR R AR AR BV IA B B AR . FEIEAR KB RAB Y 200 B, 3 BV A A
/N A 1.10886.
T IQPSO-NN HIBRAS H Fgr T & ol Wil 6 A% 8 fron . Firde Hi i IQPSO-NN #AS H 471 117 Tl
DIBETY Ge e 3 o AR B H A 2. RIREE. AREE. FBFWE B WIIRA H A g o, A HR?
T FIRE LIS 2 94.8787% (CHIR % : £5.1213%), TR FE 2% .
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Figure 6. The results of the IQPSO-NN based daily gas forecasting model

%% 8. ET IQPSO-NN HAS B A N5 R

300

350

FE S B SRy Bfm) B B Bl
1 628810 655651.6131 6 661085 632439.5316
2 656771 663757.6601 7 699316 657492.8596 360 715597 647629.2033
3 674441 620146.9113 8 674889 628657.798 361 663281 631411.008
4 617316 601021.3672 9 748723 712027.8898 362 638614 675941.2447
5 625366 603530.0018 10 748721 651137.5934 363 624064 629645.4321
3.3. RS AGETH
HEF IQPSO-NN ik, AR A SR R: AT TR AR TR, AR TR A A
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B, A RPN S, A FmEdE, LM ER A A SRR S, X T IQPSO-NN RS
A AGEREAT TN 2T, R R o SR AR B 2R 1 7 B, B PR AT R o 3 A B % )1 ik
TR WIEEATIZ T TR, BERWSGERINZGERE, REERTERIG, EERREEE 12 5, TR®E
FE BN 2B IR B SR H, FEIERURERT 52 I, &N B T8 R A8 S TS S B
Z 0 R AR ARG R A IR B e KR ARIREL, B EIE N EAE Y 1.72 x 1075, HET IQPSO-NN HIRAS A 1 fuf
TR 25 5y 4N ] 8 A4 9 From. Bt A IQPSO-NN B3k e B b M A S ] i Bt g &
()>F- 350 FREMAS FE AT IE 99.90%, = 25 N+0.1%, TRINRG FE 2 5% .

0.7

0.6

0 50 100 150 200
AR

Figure 7. The fitness value iteration curve of the IQPSO-NN algorithm for monthly gas load forecasting
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Figure 8. The results of the IQPSO-NN based monthly gas forecasting model
[ 8. ETF IQPSO-NN KRS A fafer Fumi4s R
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Table 9. Monthly gas load forecasting results based on IQPSO-NN
% 9. ET IQPSO-NN KIS B AR UM LE R

e SERRE(m?) TRMME (m?) 265 R 22 (m?) AN R ZE (%)
1 19,770,767 19772510.13 1743.126112 0.008816684
2 12,494,718 12483807.91 -10910.09275 ~0.087317639
3 10,806,388 10803239.82 —3148.180421 —0.029132587
4 8,682,289 8686210.92 3921.920003 0.045171498
5 7,721,852 7712341.679 —9510.320888 —0.123161139
6 6,899,419 6896051.983 ~3367.017193 —0.04880146
7 6,875,150 6861922.862 ~13227.13826 ~0.192390541
8 6,911,911 6921746221 9835.221121 0.142293804
9 7,340,175 7357521.755 17346.75514 0.236326179
10 9,349,770 9334662.226 ~15107.77416 —0.161584447
11 13,248,274 13242235.29 —6038.711639 —0.04558112
12 17,989,629 17997960.11 8331.105867 0.046310604
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Figure 9. Quarterly gas load forecasting results based on BP neural network
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DA AN S BB A X R EON: 0.9833, TINAGREALWE . DUAFEARITUME 72530 43,947,605.6 m’.
22,801,531.68 m*. 22,009,428.1 m* fil 46,948,959.3 m*, SZFRME4M A 42,803,497 m*. 23,303,560 m?.
21,127,236 m* Fil 40,587,673 m*.
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Figure 10. Annual gas load prediction using GM(1, 1) grey Markov chain model
Bl 10. £TF GM(1, )k & B/RBERERIRSE R FTIUNEER
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(1) 73 #r 7R AS RIS (8] RUBE IR S () 1 2 3, R T Pearson MRYEM T TiE, 04T 1520
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(2) & H G 2 i 7 B S AR A D K BRI R O iR i o B R REESLVE 1QPSO, AT
Ak A 435 80 22 ) 285 (i 2B AT R SR B I AR . 4R 7 36T IQPSO-NN RS H fufar TR, DL K SE 451
FBEAGFE 737 T 5T IQPSO-NN IR G mr T 25 SR, 5 FAIE B AS E A7 Ao SO0 485 S T RS 2 2 6,
PR E AT IA 94.8787%.

(3) AT T A Sdar s 2R A A RAE G gy T 5 SR, 5 SRR RS0 K 0 e T 5 SR B R
AT« 2R P AR R A s TS 2R 2 230 R 99.9% 93.83% A1 94.3%
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