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Abstract Accurate short-term energy consumption prediction is crucial to energy management of crude oil pipelines. Based on the
prediction results of energy consumption, some vital decisions such as energy consumption target setting, scheduling optimization
and unit combination can be implemented effectively. The energy consumption of crude oil pipelines covers all aspects of the
pipeline transportation system, among which the electricity consumption of the pump units is the most extensive. The electricity
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consumption of the pump units by far accounts for the major part of the energy consumption of the crude oil pipelines. Therefore,
it is necessary to accurately predict the energy consumption of the pump units, so as to have an overall assessment for the energy
consumption of the pipeline system. At present, there is a wealth of methods that can be used to predict the energy consumption of
crude oil pipelines. In traditional prediction methods, there are many limitations that make the prediction results deviate from the
actual energy consumption. Generally speaking, the neglect of noise interference and the lack of in-depth research on the nonlinear
characteristics of the data are the most common problems. The above factors complicate the energy consumption prediction of crude
oil pipelines and make the prediction accuracy unsatisfactory. In order to solve the shortcomings of the traditional prediction meth-
ods, a novel hybrid prediction method is proposed for the short-term energy consumption prediction. The proposed hybrid method
is based on the decomposition technique, stratified sampling, a modified particle swam algorithm and a back-propagation neural
network. The proposed model consists of four parts: the data preprocessing module, the optimization module, the prediction module
and the evaluation module. The decomposition technique is adopted to eliminate the redundant noise and extract the major features
of the original data. The stratified sampling method is used to divide the data set to avoid the sampling bias of random sampling. The
back-propagation neural network optimized by the modified particle swarm optimization algorithm is regarded as a predictor. Based
on three crude oil pipelines located in China, the proposed prediction model is evaluated by comparing the predicted results with the
actual data. The mean absolute percentage errors of the evaluation indicators are 4.02%, 3.58% and 3.88% respectively. Compared with
several popular machine learning methods and the prediction modules in SPS software, the proposed prediction method has excellent
prediction accuracy and generation ability, which can be used for short-term energy consumption prediction of crude oil pipelines.

Keywords energy consumption prediction; crude oil pipeline; decomposition technique; machine learning method; back-propa-
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Table 1 Partial data of Pipeline A

X Lo HEERS 0K Wi/ Eh R R MR FuhEER/ FERERR PL A o FE/
1] HEs /1t il /°C

MPa MPa MPa MPa /°C /°C  /°C  MPa /°C (10°kW/d)

20190106 12059 1.71 1.55 439 575 368 422 44.1 121 0.18 40.5 13439
20190123 12604 1.84 1.66 452 584 353 40.2 422 105 022 39.1 13 580
20190209 13645 1.32 1.16 491 499 347 40.1 414 99 027 38.4 13335
20190307 13473 1.72 1.51 456 464 351 41.8 428 9.8 022 393 10 676
20190405 13103  1.69 1.49 537 546 356 41.9 433 127 025 40.5 14 521
20190510 12122 1.49 1.31 463 471 35.0 42.8 440 174 028 40.9 11 535
20190522 16405 2.20 199 544 557 356 41.9 432 193 037 41.5 15586
20190607 16931 1.55 1.35 495 507 358 41.9 433 21.1 031 41.2 15308
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Table 2 Mean absolute percentage error of random sampling
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Table 5 Average values of ten evaluation indicators for the 3 pipelines
il RE R MAPE RMSE MAE TIC FB Ul U2 DA
GA-BPNN —-1.673 0.765 11.23 3341.7 2454.9 0.063 —0.0048 0.063 0.341 0.806
PSO-BPNN -0.973 0.801  9.783 3073.4 2138.1 0.058  —0.0031 0.058 0328 0.814
IPSO-BPNN 0263  0.845  7.447 2688.2 1691.8 0.050  0.0013 0.050 0271  0.843
EMD-IPSO-BPNN -0.161 0.949  5.609 1531.3 1139.8 0.032  —0.0008 0.032 0.149 0.314
EEMD-IPSO-BPNN -0.073 0.956 5315 1434.1 1064.5 0.029  —0.0013 0.029 0.143  0.806
CEEMDAN-IPSO-BPNN  0.305  0.973  3.828 1112.3 788.30 0.023  0.0013 0.023  0.113  0.843
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Table 6 Partial predicted value based on pipeline A
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Table 7 Comparison of the predicted values between the

proposed model and the SPS energy consumption module

H 1 HLAFEH /(kWh/d) FEFUFEH /(kWh/d)
20190102 13479 12173

20190126 14011 13 066

20190303 9225 9942

20190326 11059 11 805

20190418 12856 12 780

20190519 12 068 12 988

20190604 15417 13 625

20190619 30 189 27 425

F 34 CEEMDAN-IPSO-BPNN SPS #
RE 0.305 -2.915
R? 0.973 0.827
MAPE  3.828 10.715
RMSE ~ 1112.3 2752.7
MAE 78830 2472.6
TIC 0.023 0.056
FB 0.0013 -0.022
Ul 0.023 0.056
U2 0.113 0.640
DA 0.843 0.604
15
10
s m|
1]
X sSf
R ——
-5
SPS CEEMDAN-IPSO-BPNN

B 10 RAKES SPS HUMARR 2 4 X EFH BY
Fig. 10 Box plot for the absolute value of the relative error
between the hybrid model and SPS



ST RS~ B S S REFE TSN 7 VA5

575

4 g

RO ERETT S ) A B et A5 3 o, sl A i
BT P AL 8 T SR SRR A T, PR UE T 45 2R
BB WLPE R AT SEE . S i T 6T S 1) A Rl 22 I 2% 114
R TR, R DAL T HERIEREE ST |
CONIEE i34V T S RRINAL SAeETet 8 LAY v R
figp R AR I A AT, S A R BOR A L
O EBOR BENS = RO R TS B P A TURME R, il

%75 ik

SRR RAE R A EBRFIE . fEDCEAL L, AL AIRG
PRI S T BRI BRIk s, *F
P 5 28 WAL AR 52 2 T 5 M i BERE 19U 4K 11 SPS,
FE ST B4 RE PG TN A - 25 2 o 7T R 22 A 7.402%

5.955%. 3.619%. 1.781%. 1.487% 1 6.887%, 1 &
A58 v W) TRLNORS 8 RN A nim vz AL BE 1, REA AUHE S HEAE

FbrBcE . TEEOLILFIFLALZH & S B 5 vk L
PLaS 27~ N BER, Mok 1 A5 Gy B AR AR e ARk
L, RTER AT 1SRN R, TESPRAE T B
BRI A TE RGP A —E G I

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

WA . SR BT 5 AT BE M. A1 K 2 AL, 1996, [YANG X H. Design and management of oil pipelines [M]. China
Petroleum University Press, 1996.
A . T R TR 6 AR S B YOS AU T (D). PE R A1 KA, 2014, [MENG D. Simulation study on normal tem—
perature transportation technology and shear effect of waxy crude oil based on J Oilfield [D]. Southwest Petroleum of University, 2014.
AMASYALI K, EL-GOHARY N M. A review of data-driven building energy consumption prediction studies. Renewable and Sustain—
able Energy Reviews 2018, 81: 1192—1205.
HERRERA G P, CONSTANTINO M, TABAK B M, et al. Long-term forecast of energy commodities price using machine learning.
Energy. 2019, 179: 214-221.
QU Z X, MAO W Q, ZHANG K Q. Multi-step wind speed forecasting based on a hybrid decomposition technique and an improved
back-propagation neural network. Renewable Energy 2018, 133: 919-929.
HUY S, LIJ G, HONG M N, et al. Short term electric load forecasting model and its verification for process industrial enterprises based
on hybrid GA-PSO-BPNN algorithm-A case study of papermaking process. Energy 2019, 170: 1215—1227.

End . PR KRR TRV I S HOAREI (0], i fi%iz , 2020, 39(2): 121-129. [JIANG C L. Management and technologi—
cal innovation in China—Russia Eastern Gas Pipeline Project[J]. Oil & Gas Storage and Transportation, 2020, 39(2): 121-129.]
WEAER, DR, ARG . r A S R L R SRS (D], JE R TR SR AR (pEARL2ERR), 2019, 21(1): 1-6. [HUANG
W H, SHEN X, HAO Y P. Prospects of China’s oil and gas pipeline network and energy internet development [J]. Journal of Beijing
Institute of Technology (Social Sciences), 2019, 21(1): 1-6.]
BEAERD, AUt e, AEWIEE . iR E BT R R AR SRR (D). S A#IE , 2019, 38(1): 1-11. [HUANG W H, ZHENG H L, LI M
F. Development history and prospect of oil & gas storage and transportation industry in China [J]. Oil & Gas Storage and Transportation,
2019, 38(1): 1-11.
B, TRDE, RGO . PR RRIL T 2B AT R S S S (1], IRA#IZ , 2020, 39(2): 130—139. GONG J, XU B, ZHANG
W B. Thinking on the basis and realization of intelligent process operation of China—Russia Eastern Gas Pipeline [J]. Oil & Gas Storage
and Transportation, 2020, 39(2): 130—139.]
B NS B A A R R R  ER A T T 280K 50 45 & R i 5 e 22 (7). IAA%Z , 2020, 39(8): 841—
850. [GONG J. Review and outlook for development of oil pipeline technology in the past 50 years in China, from floating tank process

to joint operation of pipeline network and further to intelligent control [J]. Oil & Gas Storage and Transportation, 2020, 39(8): 841—
850.]

IR, TRENA . RIRSAE KB AT )51 e & e #1 [J/OL). il <6z : 1-21[2020—08—-30]. [SU H, ZHANG J J. Big data analy—
sis method and development suggestion of natural gas pipeline network [J/OL]. Oil & Gas Storage and Transportation: 1-21 [2020—08—
30].

SRR, AEININ . TP R B I R AR B [J]. TAUEE , 2020, 39(4): 361-370. [WU C C, ZUO L L. Understanding
and thinking on the development of China’s intelligent pipeline [J]. Oil & Gas Storage and Transportation, 2020, 39(4): 361-370.]
AR, SIS LT ORE I AY 4 2k Ay WA BEAE N Py (U], I ARUBAE, 2017, 36(1): 28—36. [DONG S H, ZHANG H W.
Solution of full-life-cycle intelligent pipeline network based on big data[J]. Oil & Gas Storage and Transportation, 2017, 36(1): 28—36.]
AR AU T SRR B 20 AF [l -5 K R A L ()], IR IZ, 2020, 39(3): 241-261. [DONG S H. Review of China’s

oil and gas pipeline integrity management in the past 20 years and development suggestions [J]. Oil & Gas Storage and Transportation,



576

AiMBlEER 20204E 12 H S5 EF 4

[16]

[17]

(18]

[19]

[20]

(21]

(22]

(23]

[24]

[25]

[26]

[27]

[28]

(29]

[30]

[31]

[32]

[33]

(34]

[35]

[36]

[37]

[38]
(39]

2020, 39(3): 241-261.]

8, WL, R, 5. I T 2R RESE TR 1 T R U TR EVE A O 1k (0], Ar AR R, 2019, 4(3): 310-322. [HE
L, WEN K, WU C C, et al. A corroded natural gas pipeline reliability evaluation method based on multiple intelligent algorithms [J].
Petroleum Science Bulletin, 2019, 4(3): 310—322.]

TR, A, AR, S O TAZR I 4 TN I b RS R (U], A R, 2020, 5(1): 114-121. [WANG Y M, LI
Y B, LI X P, et al. Recent progress on ANN-based pipeline erosion predictions [J]. Petroleum Science Bulletin, 2020, 5(1): 114—121.]
TR, O, A, A — R R A OB 0 Dl R AR DG vk (U], Bl R, 2018, 63(8): 777-783. [ZHANG H W,
JIN J, DONG S H, et al. A corrosion correlation analysis method based on pipeline big data [J]. Chinese Science Bulletin, 2018, 63(8):
777-783.]

RS, e, Ssrik, 5. ST ukodt SHIPP A5 1 Af R IR T3 42 X S e XURS: #0000 [0, M /A<AH2 S 2020, 39(5): 519-529. [WU X G,
HOU L, WU S Z, et al. Accident risk prediction of large crude oil tank area based on improved SHIPP model [J]. Oil & Gas Storage and
Transportation, 2020, 39(5): 519—529.]

WEIN, LI C J, PENG X L, et al. Daily natural gas consumption forecasting via the application of a novel hybrid model. Applied Energy
2019; 250: 358—368.

LINZ,LIU X L, LAO LY, et al. Prediction of two-phase flow patterns in upward inclined pipes via deep learning[J]. Energy 2020; 210:
118541.

SU H, ZIO E, ZHANG J J, et al. A systematic data-driven Demand Side Management method for smart natural gas supply systems[J].
Energy Conversion and Management 2019; 185: 368—383.

ZENG C, WEUC, ZUO L, et al. Predicting energy consumption of multiproduct pipeline using artificial neural networks[J]. Energy
2014; 66: 791-798.

Sefiy. I E BT RERES T A 5 T (D], [ A3 R A (dE R, 2012, [WU Q. Statistical analysis and forecast of energy
consumption in crude oil pipeline operation[D]. China University of Petroleum (Beijing), 2012.]

TR R R I T RERE TN ST [D]. PERI AR, 2016. [WEN X. Study on energy consumption forecasting method of
long — term oil pipeline[D]. Southwest Petroleum University, 2016.]

EFE, VPR, 4 1L, 45 LT BP A28 2 1 S i B 18 BEAE TR0 7792 [0]. 1 RBEIA, 2009, 27(5): 401-406. [HOU L, XU X Y,
CUI J S, et al. A Prediction Method of Energy Consumption for Oil Pipeline Based on BP Neural Network[J]. Energy Conservation
Technology, 2009, 27(5): 401-406.]

il b, ERRLSC, Bk, 5 BT R BP M2 25 i REAE PUINSEAL [7]. IMA6IZ , 2014, 33(8): 869-872. [GAO S P, QIAN C
W, ZHANG P, et al. Prediction model of pipeline energy consumption based on improved BP neural network[J]. Oil & Gas Storage and
Transportation, 2014, 33(8): 869—872.]

M, RTEU, RGP, BRI IE, 55 . 3L TR 2R W 2% i AT S T8 RE AR T BE TR [J]. A3 vl 42 {19 Rg, 2012, 2(01): 6-9. [LIN R,
ZHUY R, YU J Q, et al. The predicting model for the energy-consumption of the hot oil pipeline based on artificial neural network [J].
Energy Conservation in Petroleum & Petrochemical Industry, 2012, 2(01): 6—9.]

HU J M, WANG J Z, MA K L. A hybrid technique for short-term wind speed prediction[J]. Energy 2015, 81: 563—574.

MEENAL R, SELVAKUMAR A. Assessment of SVM, empirical and ANN based solar radiation prediction models with most influenc—
ing input parameters[J]. Renewable Energy, 121: 324-343.

TANG L, YU L, WANG 8§, et al. A novel hybrid ensemble learning paradigm for nuclear energy consumption forecasting[J]. Applied
Energy 2012, 93: 432—443.

AHMAD T, CHEN H, HUANG R, et al. Supervised based machine learning models for short, medium and long-term energy prediction
in distinct building environment[J]. Energy 2018, 158(1): 17-32.

HUANG N E, SHEN Z, LONG S R, et al. The empirical mode decomposition and the Hilbert spectrum for nonlinear and non-stationary
time series analysis[J]. Proceedings A 1998, 454(1971): 903—995.

Wu Z, HUANG N E. Ensemble empirical mode decomposition: A noise-assisted data analysis method[J]. Adv Adaptive Data Anal 2009,
1(1): 1-41.

TORRES M E, CLOLMINAS M A, SCHLOTTHAUER G, et al. A complete ensemble empirical mode decomposition with adaptive
noise[C]. In: Acoustics, speech and signal processing (ICASSP), 2011 IEEE international conference on. IEEE; 2011.

MOSHE L, VLADIMIR Y, ALLAN P, et al, Multilayer feedforward networks with a nonpolynomial activation function can approximate
any function[J]. Neural Networks 1993, 6(6): 861—-867.

KENNEDY J, EBERHART R, Particle swarm optimization neural networks, 1995[C]. proceedings, IEEE Int. Conf. 4 (1995): 1942—
194.

ZHENG W B. Research on gas load forecasting based on BP combination model[D]. Qingdao University 2016.

HENS A B, TIWARI M K. Computational time reduction for credit scoring: An integrated approach based on support vector machine



ST UL ST B ST SR R )y 2P .

[40]

[41]

(42]

[43]

[44]

and stratified sampling method[J]. Expert Systems with Applications 2012, 39(8): 6774—6781.

YE Y, WU Q, HUANG J Z, et al. Stratified sampling for feature subspace selection in random forests for high dimensional data[J].
Pattern Recognition 2013, 46(3): 769—787.

LI C, ZHU Z J, YANG H F, et al. An innovative hybrid system for wind speed forecasting based on fuzzy preprocessing scheme and
multi-objective optimization[J]. Energy 2019, 174(1): 1219—1237.

WANG J Z, WU C Y, NIU T. A novel system for wind speed forecasting based on multi-objective optimization and echo state
network[J]. Sustainability 2019, 11(2): 1-34.

WANG J Z, YANG W D, DU P, et al. A novel hybrid forecasting system of wind speed based on a newly developed multi-objective sine
cosine algorithm[J]. Energy Conversion and Management 2018, 163: 134—150.

AHAMD T, CHEN H, GUOY, et al. A comprehensive overview on the data driven and large scale based approaches for forecasting of
building energy demand: A review[J]. Energy and Buildings 2018, 165: 301-320.

(%4 BRE



