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A RBF-NN algorithm with transfer learning ability and its application
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(1. School of Internet of things technology, Jiangnan University, Wuxi 214122, China; 2. School of Internet of things technology,
Wuxi Institute of Technology, Wuxi 214121, China)

Abstract: The classical radial basis function neural network (RBF-NN) is widely used as it can approximate any func-
tion. However, one of its main defects is that overfitting is likely to occur when there are too few labeled samples to re-
flect the overall distribution of datasets; this leads to a serious decline in its generalization ability. To solve the above
problem, an artificial RBF-NN learning algorithm with transfer learning ability is discussed. The algorithm introduces
the e-insensitive loss function and the structural risk term and also learns the center vector and kernel width of the radial
basis function as well as the parameters of the source domain model. The algorithm fully learns the knowledge in the
historical source domain to compensate for its decline in generalization ability caused by the lack of labeled samples in
the current field. To verify the algorithm, it is applied to an artificial dataset and real fermentation dataset. Compared
with the traditional RBF-NN algorithm, the proposed algorithm has a better adaptability as regards less labeled samples
and missing data.

Keywords: radial basis function neural network; transfer learning; radial basis function vector; ¢-insensitive loss func-

tion; missing information
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Fig.5 Comparison of generalization performance of vari-
ous algorithms
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Table2 Comparison of performance of various al-
gorithms on real fermentation data sets
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RBF 0.094 1 0.456 5 0.120 4
204t &-RBF 0.1511 0.406 2 0.1650
&-TLRBF 0.066 7 0.3610 0.086 5
RBF 0.1955 0.533 1 0.2293
214 &-RBF 0.1455 0.4202 0.309 6
e-TLRBF 0.101 9 03736 0.1456
5 ZEiE

Ef RBF # &5k L st ik REZ R %

JESRFEREA AN BE S WK £ B R 0 A T S BOR A
ZACTERERRMRAY IS DL o A S0 5 R FH AR 7 1Y
RAR, 4 RE ST 20 > R AU AR i B 1T
~J BEJT Y RBF Mt 28 ] 28 22 ) 5k o AR SCRT 4 5
EIFAT ERBEIRGUSEREAR S S H bR GUE R Y
L, AN S T IR e 30T A T 1 e SR
VA DRSS B 2 R B R A A — R L A9 1
LRI 1 F ARG AR, XL 42 1) RBF A
SR 25 o ) LA B AR o i S U SR
AR LS R e it e ) 5 LS By, B ik 1 AR SOOIk
BZ TSIk BA BAHE N . HAR ST 5%
JH AR 18 28 SRS A 58 SURIE 7 15 R AR AT 45 A2 L
B, R T 3RS S B U TAR &R, 7245
Ja B AR T R BT TS P ST R] B9 A S 1
SAZHORE A B 5C &R, DUl a2 Hon & 2 IX
(8], Wl AR L2 K T AR

£ % Lk

[1] MOODY J, DARKEN C J. Fast learning in networks of
locally-tuned processing units[J]. Neural computation,
1989, 1(2): 281-294.

[2] RYU D, LIANG Faming, MALLICK B K. Sea surface

temperature modeling using radial basis function networks

with a dynamically weighted particle filter[J]. Journal of

the American statistical association, 2013, 108(501):

111-123.

27, KB, ARIL, 5. —FIET AC-RBF fIZ2 M 2% i)

PO 22 4 25 BRI J5 ¥4 (1], T PR L R 2224 AR

AR, 2014, 26(5): 576-581.

LI Fangwei, ZHENG Bo, ZHU lJiang, et al. A method of

network security situation prediction based on AC-RBF

[3

—

neural network[J]. Journal of Chongqing university of
posts and telecommunications: natural science edition,
2014, 26(5): 576-581.

BEYINE, SO, 5. HE T RBF M 4% 1 42 )
REFC AR A & A [0). A rh R R 2wl A SRR AR,
2014, 42(2): 111-115.

FAN Jinhui, JIA Songmin, LI Xiuzhi. Adaptive control for

omni—directional intelligent wheelchairs based on RBF

[4

[

neural network[J]. Journal of Huazhong university of sci-
ence and technology: nature science edition, 2014, 42(2):
111-115.

[5] STASINAKIS C, SERMPINIS G, THEOFILATOS K, et
al. Forecasting us unemployment with radial basis neural
networks, Kalman filters and support vector regressions[J].
Computational economics, 2016, 47(4): 569-587.

[6] PRATHIBA R, BALASINGHMOSES M, DEVARAJ D,

et al. Multiple output radial basis function neural network



<966 * O R

S S ¢

13

with reduced input features for on-line estimation of avail-
able transfer capability[J]. Control engineering and ap-
plied informatics, 2016, 18(1): 95-106.

[7] ALISH A, OZAWA S, NAKAZATO J, et al. An online
malicious spam email detection system using resource al-
locating network with locality sensitive hashing[J]. Journ-
al of intelligent learning systems and applications, 2015,
7(2): 55866.

(8] whiffl, B, —Fhikifi i RAN W28 E5F DL AL S (],
P YK, 2007, 22(10): 1177-1180.

HAN Min, MU Yunfeng. Improved learning algorithm for
optimizing RAN network structure[J]. Control and de-
cision, 2007, 22(10): 1177-1180.

[9] PLATT J. A resource-allocating network for function inter-
polation[J]. Neural computation, 1991, 3(2): 213-225.

[10] SARIMVEIS H, DOGANIS P, ALEXANDRIDIS A. A
classification technique based on radial basis function
neural networks[J]. Advances in engineering software,
2006, 37(4): 218-221.

[11] RAITOHARJU J, KIRANYAZ S, GABBOUJ M. Train-
ing radial basis function neural networks for classifica-
tion via class-specific clustering[J]. IEEE transactions on
neural networks and learning systems, 2016, 27(12):
2458-2471.

[12] PEDRYCZ W. Conditional fuzzy clustering in the design
of radial basis function neural networks[J]. IEEE transac-
tions on neural networks, 1998, 9(4): 601-612.

[13] LACERDA E, DE CARVALHO A, LUDERMIR T.
Evolutionary optimization of RBF networks[J]. Interna-
tional journal of neural systems, 2001, 11(3): 287-294.

[14] SHEKHAR S, AMIN M B. Generalization by neural net-
works[J]. IEEE transactions on knowledge and data en-
gineering, 1992, 4(2): 177-185.

[15] ALEXANDRIDIS A, CHONDRODIMA E, SARIM-
VEIS H. Radial basis function network training using a
nonsymmetric partition of the input space and particle
swarm optimization[J]. IEEE transactions on neural net-
works and learning systems, 2013, 24(2): 219-230.

[16] PAN S J, YANG Qiang. A survey on transfer learning[J].
IEEE transactions on knowledge and data engineering,
2010, 22(10): 1345-1359.

(171 SRHERR, W RIR, 250, 5. BE T4 PO 28 I 28 (0 N O o

Seit[]. dRHEHL R =254k HARFHFAL, 2017, 29(2):
265-271.
ZHANG Yajun, GAO Chengiang, LI Pei, et al. Pedestri-
an counting based on convolutional neural network[J].
Journal of Chonggqing university of posts and telecommu-
nications: natural science edition, 2017, 29(2): 265-271.
(18] FPI%, XML, 4[], 55, BET e- AN BUBMEN A4
TRV Py B8 A2 o) i bR BB 22 I 4527 T [0]. L 515 R
2441, 2012, 34(6): 1414-1419.
SANG Qingbing, DENG Zhaohong, WANG Shitong, et
al. e-insensitive criterion and structure risk based radius-
basis-function neural-network modeling[J]. Journal of
electronics & information technology, 2012, 34(6):
1414-14109.
(191 XRT547, ML, SCRem bl Bhg Fik 53], b
a0 B, 2009: 63-80.
[20] Fopfs, XP# LT, T 4:[H). ML BUSTE R4 I H R 40 [0].
F B k2#4R, 2012, 38(9): 1393-1409.
JIANG Yizhang, DENG Zhaohong, WANG Shitong.
Mamdani-Larsen type transfer learning fuzzy system[J].
Acta automatica sinica, 2012, 38(9): 1393-1409.
IEERA:
VPRI, £, 1980 44, R, 1
&, EEWFTE T N TR RE BN
S, BRI 10 5

g, B, 1970 4, Bl #
T, FEBF T A TR AR AR
W, 2525 E %L FRITE , &
FEFEARIB I 10 Ak,

B, B 1967 4E4A, #i, 1H
A SO, T, EERRS AL
Bae B PSS | B G Ab
5yMrd . ERAURIHE S [ RBLE
Fh 4 25 [ R R IN H AR TR H AT 20
W, REHHR LR 2T, Kk
AR ICEH AR




