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Plane-Gaussian Artificial Neural Network Based on Random Projection

Feng Zhe, Yang Xubing, Zhang Fuquan
(College of Information Science and Technology, Nanjing Forestry University, Nanjing, 210037, China)

Abstract: For the Plane-Gaussian (PG) artificial network, its network parameters are generated from k-
plane clustering algorithm in training phase. Compared with random parameters of extreme learning ma-
chine (ELM), PG is a time-consumer and easy to trap into local optimal solution. To improve the per-
formance of PG network, inspired by ELM in this paper, a new training method based on random projec-
tion for PG network, termed as RandPG, is proposed. Typically, for the three-layer network, the
weight matrix between input and hidden layers is selected by random projection to speed training net-
work, and the weight matrix between hidden and output layers is obtained by Moore-Penrose generalized
inverse. It is proved that the network has global approximation theoretically. Meanwhile, the effective-
ness of this network is tested on the line-distribute datasets, plane-distribute datasets and several UCI
datasets. The results indicate that RandPG provides a simple and convenient way to train parameters of
neural network, and it not only follows the advantage of PG network, which is more suitable for classif-
ying subspace-distribute datasets, but also significantly accelerates its learning speed.

Key words: artificial neural network; random projection; plane; Gaussian; extreme learning machine
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thyriod, soybean_small,dermatology Hl ecoli 8 4~ UCI % # % Chttp: // archive. ics. uci. edu/ml) # F7 52
5 BRI B fE R AR 1 R .
x1 UCITHIEEERER

Tab.1 Main information about UCI data sets

LGS AeH HEAR FHME A LGS AR HEAR FHE B
glass 9 214 2[51,163] new_thyriod 5 215 3[150,35,30]
ionosphere 34 351 2 [126,225] soybean_small 35 47 4[10,10,10,17]
iris 4 150 3 [50,50,50] dermatology 33 366 6[112,61,72,49,52,20]
lenses 4 24 3[4,5,15] ecoli 6 332 6 [143,77,52,35,20,5]

84 UCT B4 L sese s —ansk 2 firm . 3R 2 i IR BH B b7 ) RandPG W 4% %) J A K3
DEIEER BB EAHERE .. PG MZTE ionosphere, new_thyriod, dermatology Fl ecoli 25§ ¥f5 ££ I
B4 2N B AR5 RandPG AR #200  {H /2 77 76 20 5001 % 88 2 | A5 19 I 2R B 18] >k 58 BB — IR SE 50
X 18 B SR HT R ALES 52 1 5 2L i 2 O S e AN B8 - 4R B IR A £ T L i HLRE T A Bk — B P A
JIT#E 2% B B[], Rand PG X 4% 6 4325085 B A 43 28 B o] LB B AT B R MR 5. 46 3 B ik I 2 19 5 %k
ERE AL FIBAF 254 T ELM M B EH B4 T4 %, XEFE N ELM MM &4 dee T 9%
IRt A 22 B BRSO B R DR B A0 2R R T AE S B I B0 AN T RE SR AL TE R 22 A 2 0 RUER
ARSI 25 B 5 4 . FE4r BT R] B, i T ELM Bk 0 B2 S8R 2 AL 4 L BT LS RandPG
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A A TR G ) I 2RI 1]

F2 UCIHEELINIBER
Tab.2 Experimental results of UCI data sets

BV Ji WHHRE/ % WA/ % YIRBE] /s i 6] /s
RandPG 94.33 95. 37 0.001 872 0. 000 936

glass PG 87.73 87.96 0.012 168 0. 000 000
ELM 76. 86 76. 24 0.000 312 0. 000 624

RandPG 81.71 80. 11 0.001 872 0. 000 000

ionosphere PG 78.28 81.25 0.063 024 0. 000 936
ELM 65.54 64.79 0.000 624 0.001 248

RandPG 96. 00 96. 00 0. 000 624 0.000 000

iris PG 88.00 84.00 0. 005 616 0. 000 000
ELM 77.94 77.12 0. 000 624 0. 000 000

RandPG 90. 90 76.92 0.003 432 0. 000 000

lenses PG 90. 90 92.30 0. 006 864 0. 000 624
ELM 75.09 62.15 0.000 624 0. 000 000

RandPG 81. 30 80. 55 0.000 936 0. 000 000

new_thyriod PG 82.24 80. 55 0.009 672 0.000 000
ELM 69. 25 68. 35 0.001 248 0.001 560

RandPG 82.60 75.00 0.001 872 0. 000 000

soybean_small PG 95. 65 95.83 0.016 536 0. 000 000
ELM 69.73 62.58 0. 000 000 0. 002 496

RandPG 75.82 79.89 0. 006 240 0. 000 000

dermatology PG 75.27 77.17 0.215 281 0. 000 936
ELM 70. 18 67.41 0.002 184 0.002 808

RandPG 84.75 82.73 0.004 992 0. 000 936

ecoli PG 84. 14 82. 14 0.032 760 0. 000 000
ELM 83.18 81.78 0.001 248 0.002 184
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