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Modeling method of ASOS-ELM and its application in prediction of
heat rate of steam turbine
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Abstract: The extreme learning machine (ELM) problem can not quickly and accurately predict heat rate. Combined
with swarm intelligence optimization algorithm, an ameliorated symbiotic organisms search algorithm and extreme
learning machine (ASOS-ELM) comprehensive modeling method is proposed. This method uses the ameliorated
symbiotic organisms search (ASOS) algorithm to optimize the parameters of the ELM hidden layer activation
function to obtain the optimal ELM model. Firstly, the initial heat rate prediction model is established with ELM,
and the root mean square error (RMSE) of the output heat rate is used as the fitness value of the algorithm. Then the
appropriate ELM parameters are found through the ASOS algorithm to obtain an accurate heat rate prediction model.
The performance of the heat rate prediction is compared with the traditional ELM model, support vector regression
(SVR) model optimized by the ASOS algorithm, ELM optimized by improved particle swarm optimization (PSO)
and basic symbiotic organisms search algorithm (SOS). The results show that the ASOS-ELM model has a precise
forecasting ability and rapid convergence speed when dealing with complex data models, which provides a new idea

for modeling the heat rate of a steam turbine.
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Table 1 Benchmark function

AR R S, RIMIR ST GRS, T ,

; ] o Name Function Range Smin
iﬂnﬁ;%@iﬁkmﬁ%zo {?%E&%{?gﬁﬁﬁiﬁlﬂ%’ %‘ F1 Sphere [_1007100]71 0
%E%&**ﬁ%%ﬁﬁﬁé ’ J‘&ﬁiﬁ@fg/‘f\’b ?'U@f”?}? 3 F2 Scgwefel’s problem 1.2 [-100,100]" 0
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Table 2 Simulation results of three algorithms for benchmark function
PSO SOs ASOS
Name
mean Sd ClI mean Sd ClI mean Sd ClI
F1 2.2154x1072 1.6018x1072 1000 7.7957x10727! 0 1000 0 0 559
F2 1.0657x10% 3.0148x10° 1000 1.1511x10™° 1.5425%107% 1000 0 0 967
F3 1.1531x107! 2.5277%107"! 1000 4.4408x1071 0 120 8.8817x1071¢ 0 94
F4 4.3481x1072 3.3565%1072 1000 0 0 73.8 0 0 332
F5 9.1458x10! 2.0194x10! 1000 0 0 86 0 0 30.2
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Fig.1 ASOS algorithm optimizes the flow chart of ELM
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Table 3 Test data sets

. Input Output
Data set Sample (training/test)
number number
California_Housing 20640(10320/10320) 8 1
Auto_price 159(135/24) 15 1
Machine CPU 209(175/34) 6 1
Servo_data 167(140/27) 4 1

T4 HAERINIGH AT RIRENELR
Table 4 Comparison of root mean square errors of four

models in training samples

Data set ELM PSO-ELM  SOS-ELM  ASOS-ELM

California_Housing 1.3698x107! 1.3366x10~' 1.3436x107! 1.3242x10~!
6.7593x1072 5.5370x1072 4.9583x102 5.1540%1072
2.5436x1072 2.0534x1072 2.2123x102 2.1708x1072
8.5425x1072 6.8690x102 6.5101x1072 6.6611x1072

Auto_price
Machine_ CPU

Servo_data

®5 HHERIINAE AT RIRENELR
Table 5 Comparison of root mean square errors of four

models in test samples

Data set ELM PSO-ELM  SOS-ELM ASOS-ELM

California_Housing 1.3823x107! 1.3436x107! 1.3539x107! 1.3436x10"!
9.3017x1072 9.5031x1072 9.7510x1072 8.6601x1072
5.4605x1072 7.1442x1072 6.6643x102 4.7549x1072
1.1049x107" 1.0247x107" 1.0198x107" 9.9214x1072

Auto_price
Machine_CPU

Servo_data
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Servo_data, ASOS-ELM 1/58R8 4 & 1R i (1 TS
AL PSO-ELM 1 SOS-ELM I &, S5
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HES). BRI N HRFER
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HIKPME . 7R AR 2 A 3 s
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Fig.2 Comparison of predicted and actual values of training
sample heat rate
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Fig.3 Comparison of predicted and actual values of test
sample heat rate
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100
—e—training set RMSE
—e—test set RMSE
80
60
5]
S
40
20
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Fig.4 RMSE of training samples and test samples under

ELM model
140
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1201 —SOS-ELM
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100 [
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75}
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407
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Fig.5 Three algorithms optimization iterative process of ELM

32 HEZERESH

ME 2 AT LA H, ASOS-ELM #1 BE 5 1R i 1
XPYIGAEA AT NG, RUNZ AR B A B R
26677, W 3 WTEUE H ASOS-ELM HEAY e
XA A o (R FAFE 2R A B I PR R, U]
BBz A ST a7 .

NGRS, WK 4 7] LAE 1, ELM iR
(I 25k FE R R 20 s B3, 18488 T4 e I

I T, MR R A R K s . HA e
BRJET /0N 117 IS B ILEs R, A R FEE T gk
B, W ELM & &4 E . W ELM A4
REAR L O PO A HLAFER . I S WTDAE H, 1
FRETT s R 20 B, AR AEE T DL
TR R A, MR R S R YIN AR B . Horp
XL PSO. SOS #ik, ASOS FHiETEEE 8 KIEACHS
eI sl, %M ASOS-ELM B AW SUE R 27
SIRe S AL A

N T BAREI ASOS-ELM HAY (P GE, F5] N
2 MEREVH FE bR PN 40 iR ZE(MAPE)FISF
BIHHRZE(MAE). 3R 6 B SR PERE TR AR,
] 6 9 5 P B AT AR i Tl 12 2 £ 1, Hoh ELM
RS DLRG T 508 117 SR T b

120F

100+
80F

test error
[}
==
T T T

[N I
<

T
|
|

—_
0 1 | — | T
=20r I | .

_40k | €1

H =
60 L

ELM  PSO-ELM SOS-LLM ASOS-SVR ASOS-ELM
model

6 BRI URE A (0 TN R 22 G B B

Fig.6  Predictive error box plot comparison of each model to

test sample
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Table 6 Prediction accuracy of each model for heat rate
Training set Test set
Model Hidden node
RMSE MAPE MAE RMSE MAPE MAE
ELM 20 58.2881 1.33x107 46.2552 74.1943 4.44x10° 57.4608
ELM 117 19.4533 2.20x1078 8.5312 31.8677 1.46x107 26.5873
PSO-ELM 20 24.6537 3.49x1078 18.553 27.3741 2.08x107 18.4517
SOS-ELM 20 10.2074 5.98x107 7.9754 23.2908 2.44x107 12.1947
ASOS-SVR 7.8812 1.11x1077 4.2975 19.8577 3.57x107° 16.4387
ASOS-ELM 20 7.0748 2.87x107° 5.5732 7.3846 1.56x107° 5.9811
. RFE[T). 311 TR, 2014, 34(8): 606-611.
4 éél: ‘[//E} WANG HJ, CHEN LX, L1Y, et al. Study on heat rate regression model

KA H —Fh ASOS-ELM # 4 J5 v, Hor
ASOS kR NG JEE0E 5 B & B R ROk ek
SOS #i%, 5 ELM 4ie, FHEMLA ELM (B2
AR —HBHAN G, N T RIS PR,
AR UCE #E 4 5 ELM. PSO-ELM. SOS-ELM
FERUBEAT T b, AERH TR B KA ZRAE
55 GE /7. A ASOS-ELM #4575 56 3 ] F19K
BHLIAFER TR (G S rp, DL 12 MM #GE
RINR BTN, PFEF N, 5/
RMSE J H bRefi#, AT S7AS A P A 6 Tt A
., f)r b ASOS-ELM FELAt 4 Rk (i1 25
bR S IO R 22 o 5 R, AH B AR AL, ASOS-
ELM HEARUAN PR JIIZRREJI5E, i ReHER
S R RAFER 5 BN B B R IAEL L R,
AAB SRS E .
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