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Study on load forecasting for air cooling thermal power units based on intelligent algorithm
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Abstract: In order to detect the performance of an air-cooling power unit timely and accurately, a big data analysis method
based on intelligent algorithm is introduced. Load forecasting models taking BP neural network and Random Forest
algorithm are developed for a 600 MW air-cooling thermal power unit based on pretreatment and steady state screening of
its historical data. Through analyzing the prediction results and the sensitivity of the models, the Random Forest prediction
model is proven to be of high precision, strong generalization ability and short training period. To optimize the Random
Forest model, input characteristic parameters are filtered by Pearson’s correlation coefficient and the model is set up
according to working conditions under different loads. The optimized model can make more accurate prediction.

Keywords: coal-fired power plant; load prediction; intelligent algorithm; big data; Random Forest algorithm; BP neural

network ; direct air cooling unit; characteristic parameter

0 35

T K B2 R 3 A AN Y E 2 T K
XK KR . HAIES WL IR = SR
TER TR A LA HE VA B A EE T [ 2 e
LA, B HHBR IR EA G AT K 95% U I, 4
J 7RI K29 65% , K AR B R LK,
REZSRHEARSR T K LR, LA R L
AL TR ETS

HTPIFMALAE X E R E L, i R
K, FEL ) ) 4 4 A A AL S B 47 22 [ £
FER R, e E AL ALE 1T 12 etk 5 25
PEo R, EEAS ) B HILZH S BR  far 15 A B T
1B, N MATLEH A B I R IR AT 5E o

T

s HHEE:2021-01-08;f&[E HEH:2021-02-28
BELWB : BRE S &R H (2017YFB0602104) 5 [FH
H ARl F 5410 H (51806062)

H AT, B X RBEAILAH 7 ge7 BUI B 98 L 225 1 kS
T ENIMEE W) Z O 36/ N s R 2R
ZROEE T T A T R LA B -
DA SR B TR TR U RO 2 W T M S AR TR
P AT RIS o3 A, AR BT AL 7 A B9 AR PR AR AE
I s DG E T (HMF ) 35532 44 171 4 J 91 A iy 52
s VI , 5 S AR R SR Bl H A7 47 A Al Ok i AT
I, T 25 R B ORGSR R AR A BT XS R
TR 0L, i Gk /N AR A B fi 4 A 0 AT 22 R 43
Mot sr 22 03 B B #3124 A [ (ARIMA ) F A
LT N A Z AL B0 A R HEA T FTI - A SR IR
I AEER A e 2 Ve T A e W ) SR Al
I R Fortran 5 5 JF & T HAEZ W RGEAEL I
S5 Mr A4 . Akpan Fl Fuls ™ $2 1 T4 2R 7
R A [R] LA 170 fr 258 T 0078 Bk 4 75 T, St Ah
VRS20 T JEHE S5 F T R B I REIEAN 7 =X
SR, ] N AINER X 2 ¥ MILAR 67 4o S50 5 T A A 9



- 58 - e BR

% 43 A

A IR T AT B AEAL G2 A Ko i PR (B A 41
AR L. PSR R HE S, HX TR L
2 AP AR IR R 5 T R AR A RS R A, 3 S
FERFRE—E W R R . VAR k, F A AE Tk
1) EUR R AL R AR W T PLE I B
BN T2 e R 70 B 25 40 rh e LV 1 89
] 2 —% ML ) A5 R B 45 R A 22 1) HL A
SNE7/ELE R P3G BUNE-8: L)) X e €/ R EZT el
= o) R, R 5 U AR S5 % 5 S 2 1)
FIWETESC HAEF, S AR S EO . 48 3L
A7 5 600 MW 25 ¥R AL I iF ST 0T 4, 36 THLAH &
SRR T SR IE AT , 83 B T A AR A T O
Ve, 4350 3 57 S 1) A5 4% (BP) R 22 190 £ T I A 154 01 il
HUARAR T ASE AY | - 147 455 30 2 B0 SRR 20
TogJi 20 A R i AR 07 358 43 B fr T 00 A
XoF e ST A B A LAR AR T I ASE A R A 7 BR A AK
1 EGIFERR

AT RLE T 5 600 MW HLZH R A58 % 42, % AL
HF 2013452 168 hikiz T, &) KWL R R
N W LU= SR AN/ R 1 REER AN R I e P s
BERATRARHL, MR GE ik 3 5 s 3 B 1IK
FE M AR 11 5 B A0 1%, LA SR v R e A
WE R, EASEIE 1,

Y v
ﬁ wr
#1| #2 #3| #4 #5

DEA
RHI YRH2 YRH3 (RH4)

aral

ACC.ZEA N CPEHEKEE; DEAREAY: FWP.LA/KE: HPT.VUAHL
L IPTYRE NV B, LPTYEE MRS, REZ /K INH8s .

E1 ZENARRIKERGERE
Fig. 1 Reference unit and its cold end system
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Tab.1 Basic parameters of the reference unit

IRE| Hf 2
£ MPa 24.20
FARR L C 566.0
it kg/s 501.56
JEJ) MPa 3.93
PRI R < 566.0
it kg/s 410.11
JEJ) kPa 15.00
L C 54.0
TEEHLHE
it kg/s 301.63
HER T B % 93.22
SRR °C 282.2
ML) MW 600.00
HFER kJ/(kW +h) 7965
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Tab.2 Basic parameters of the reference cold end system

i H Hf ZH
KAHLE AR m 9.754
RHLECE ‘B 56
IAHILH t/min 17.0~74.8
RALF-E X m¥/s 135~595
RUBIL 7 7 5 X (7] % 25~110
B EIICR m 11.800
Ve HIHAC T L m 11.890
R R EMTALIE
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Tab.3 Operation parameters’ reasonable intervals of

the reference unit

i H CIR A SR
LA MW 240~650
s kPa 5.62~50.00
FARRIET MPa 11.000~24.926
FAEVE C 545~572
AL t/min 500~4 088
LS KR C 34~72
AL FE kW >100
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Tab. 4 Specific parameters of the sliding window
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Fig.2 Steady state data partition
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Fig. 3 Configuration of a classical BP neural network
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Tab.5 Specific parameters of the BP neural

network model
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Fig.4 Construction flow of a Random Forest forecasting model
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Fig. 5 Influence of the neurons number of hidden layers on the BP neural network prediction model
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Fig. 6 Influence of the number of decision trees on the Random Forest prediction model
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Tab. 6 Prediction results made by BP neural network model and

Random Forest prediction model

BIAIPEMFEbR BPAIZE 4% FALARAR E5

Sy MW 25813 1.903 7 -0.677 6
Sunps /% 0.716'5 0.5256 -0.190 9
S/ MW 35756 2.795 6 -0.780 0
R 0.9930 0.989 9 -0.003 1
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Fig.7 Comparison of results made by BP neural network model and Random Forest prediction model
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Fig.8 Correlation coefficients between various input

characteristics and unit power
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Fig. 9 Random Forest prediction results made by all factor modeling and partial factor modeling
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Tab.7 Random Forest prediction results made by all factor

modeling and partial factor modeling

BOAIPEN bR RREEA FR R R E5

Sy MW 1.903 7 2.2590 -0.3553
Sypil% 0.5256 0.6227 -0.097 1
S/ MW 2.795 6 33718 -0.576 2
R 0.989 9 0.990 1 -0.000 2
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Tab.8 Random Forest prediction results made by partition modeling and overall modeling
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