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Abstract

To improve the approximation efficiency of process neural networks, we propose an incremental extreme

Keywords
extreme learning;
process neural network from the model structure perspective, which realizes the adaptive growth of the hidden- process neural network ;
layer structure by gradually adding new neurons to the hidden layer based on the output error. First, we propose orthogonal vector;
a quantum-inspired firefly algorithm to optimize the input parameter of a newly added neuron. Then, we analyze structure self-growth ;
the relevance between the new neuron and the existing neurons according to the orthogonal vector 2-norm with lithology recognition
respect to the new neuron’s ouput. Lastly, we calculate the output weights of the new neuron based on the ex-

treme learning theory while fixing the weight parameters of the existing neurons. Through a simulation experi-

ment based on Henon time series forecasting and shale lithology identification, we compare the performance of

the proposed method with those of other process neuron networks, and verify the effectiveness of our proposed

method and the obvious improvements realized by the model’s approximation efficiency and training speed.
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Tab.1 Training comparison among the four PNN models
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Tab.2  Prediction comparison among the four PNN models

TR E MAE MRE RMSE
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Tab.3 PCA statistical analysis for logging curves

X" =
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Tab.4 Result comparison about lithology recognition
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Fig.4  Vertical distribution of the lithology identification

[ 4 J& TE-PNN B RUX 2 G H X ) A4 J 3 080 m ~
3 140 mHBe iy A PR 0 2 1) 3 A A 00, X L i) LS A
KB TEFRBUETERL E 4 s g3 E M R S BR A O
FIXT LG AT LB S I TE-PNN 3R A5 T 847 1 A Pk 4 28 45
A, Hoou TR R TR S 0 4 RO B O FAR, T
WG FERIE S 88% A 4. &5 R FHA IE-PNN ] L5
ML P R e, RS ISR I Ah, AR
PCA i, IE-PNN 7E3Z B i 5 MR BB AU 84% 245,
FHXF E T IRRRAR T 7 AN E A3 8. 24 R 2R A SO
AL PCA oA 42 JURA B 4 (9 A0, AT Ik



558 TERERH 47 %

FHe 2K F Y B A OCTE, IS BRI e i MR, b R LR U S5 K B 3 BIL ) A B I ZR 5 A T

PIZECOH L, 3 1 2% RS T, TR 3 BEAR BR e~ ) 1 A 22 ) 258 O F .l X 5B
5 b BET AR ABUEOCAL  ARSETE AT | A (BT S A
mite Qe i NI VA SV A1 (SRS B VI NIRRT S

WA AL T H SRR R, RZT R BRI R TUART A, SRS AR R, Rn it iy ek
AR I H A2 2R AR, AT TSR R S T, SR AN S PR AR NS TSR R A R, AN D R 22
[l HLREAR T PNN B B (K. AR SCEZA e JCMZE IS A GRSt 17— o i) JEL.

RPN

[1] He X G, Liang J Z. Some theoretical issues on procedure neural networks[ J]. Engineering Science, 2000, 2(12) : 40 —44.

[2] b4e, ot FET REOEFERIT R B 222 ) B[], THRNLAR, 2004, 27(5) ; 645 - 650.
Xu S H, He X G. Learning algorithms of process neural networks based on orthogonal function basis expansion[ J]. Chinese Journal of Comput-
ers, 2004, 27(5) ; 645 —650.

[3] Luan S G, Zhong S S, Li Y. Hybrid recurrent process neural network for aero engine condition monitoring[ J]. Neural Network World Journal ,
2008, 2(18): 133 - 145.

[4] Cheng M, Ye S. Fuzzy process neural network based on orthogonal basis function[ J]. Information Technology Journal, 2011, 10(10) .
1999 -2003.

[5] Li PC, Shi G Y. Numerical integration-based discrete process neural networks algorithm and applications[ J]. System Engineering - Theory &
Practice, 2013, 33(12); 3216 -3222.

(6] ZEfpith, Figse, WP, & Tl B2 Mg RSk R Y], W32, 2012, 61(16) : 160303 -1 -160303 -9.
Li P C, Wang H Y, Dai Q, et al. Quantum process neural networks model algorithm and applications[ J]. Acta Physica Sinica, 2012, 61
(16) : 160303 -1 -160303 -9.

(7] Xbi, 3808, oot LR TR Rt 224 ) L[] JERTRZPA M HAARIERR) , 2011, 47(2) ; 238 -244.
Liu K, Tan Y, He X G. Particle swarm optimization based learning algorithm for process neural networks[J]. Acta Scientiarum Naturalium
Universitatis Pekinensis, 2011, 47(2) : 238 —244.

[ 8] Huang G B, Zhu Q Y, Siew C K. Extreme learning machine: A new learning scheme of feedforward neural networks[ C]//International Joint
Conference on Neural Networks. Piscataway, NJ, USA. IEEE, 2004 . 985 —990.

[ 9] Huang G B. Extreme learning machine for regression and multiclass classification[ J]. IEEE Transactions on Systems, 2012, 42(2) . 513 -
516.

[10] Huang Z Y, Yu Y L, Gu J, et al. An efficient method for traffic sign recognition based on extreme learning machine[ J]. IEEE Transactions
on Cybernetics, 2017, 47(4) : 920 - 933.

[11] Huang G, Song S, Gupta J N. Semi-supervised and unsupervised extreme learning machines[ J]. IEEE Intelligent System, 2014, 44(12) .
2405 -2417.

[12] Kasun L L. C, Zhou H M, Huang G B. Representational learning with extreme learning machine for big data[ J]. IEEE Intelligent System,
2013, 28(6) : 31 -34.

[13] Huang G B, Zhou H, Ding X, et al. Extreme learning machine for regression and multiclass classification[ J]. IEEE Transactions on Systems,
Man, and Cybernetics-Part B: Cybernetics, 2012, 42(2) : 513 -529.

[14] E, skdedt. 7ELRBMBR A B L ICAE )P 5 5 b g i I (0] {5 B 54, 2014, 43(5) : 624 —629.
Ma C, Zhang Y T. Online kernel extreme learning machine and its application to time series prediction[ J]. Information and Control, 2014, 43
(5): 624 -629.

[15] Chen Y, Yao E, Basu A. A 128-channel extreme learning machine-based neural decoder for brain machine interfaces[ J]. IEEE Transactions
on Biomed Circuits Systems, 2015, 10(3) : 679.

[16] Wang Y, Yu H, Huang G B, et al. An energy-efficient nonvolatile in-memory computing architecture for extreme learning machine by domain-
wall nanowire devices[ J]. IEEE Transactions on Nanotechnologies, 2015, 14(6) ; 998 —1012.

[17] XGERI, 2=, VP24 JET ELM-PNN 80050956 24 JRBHRFHON B[], #EHl 503k, 2017, 32(4) : 642 —646.
Liu Z G, Li P C, Xu S H. Prediction and forecast of sunspot numbers in 24 cycle based on ELM-PNN algorithms[ J]. Control and Decision
2017, 32(4) ; 642 —646.

(18] XKW, V446, 2. JET QPSO MR ) (i es s Fedh 2 2% Ky A vk [T]. I 5Pk, 2016, 31(12) : 2241 -2247.
Liu Z G, Xu S H, Li P C. Discrete process neural networks and learning algorithms based on QPSO and extreme learning machine[ J ]. Control
and Decision, 2016, 31(12) . 2241 —2247.

[19] Yang X S. Nature-inspired metaheuristic algorithms[ M]. Frome, UK. Luniver Press, 2008 . 81 —89.

[20] Yang X S. Firefly algorithm, stochastic test functions and design optimization[ J]. International Journal of Bio-Inspired Computation, 2010, 2
(2).78 -84.

(=Y
ke 4R (1980 - ), L, Bt B ORGSO AR R4, AR T
XIERI(1979 =), 5, WL, @R, Br stk R I, BEAiak.
VEAE(1962 ), 55, WA, 2R, WHaisCyd fEs ks, BRETTHA.



