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Improved support vector regression algorithm combining with
probability distribution and monotone property
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(Key Laboratory of Advanced Control and Optimization for Chemical Processes of Ministry of Education,
East China University of Science and Technology, Shanghai 200237, China)

Abstract: The traditional support vector regression (SVR) is only based on data information, and a great deal of prior
knowledge is neglected. In order to improve its performance, a new SVR algorithm combining with probability distribution
and monotone property is proposed. Firstly, the dual quadratic programming problem is simplified as a linear one. Secondly,
the monotonic constraints associated with Lagrange multiplier are added. Thirdly, the particle swarm optimization (PSO) is
employed to optimize the penalty and kernel parameters. And the fitness function of PSO is the deviation of the probability
distribution estimated by four-order moments. The experiment results show that the performance of the proposed SVR
model is improved and the developed model satisfies probability distribution and monotone property.
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1 5|5 (Introduction)
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2 ZFFmE B H(Support vector regression)
2.1 FR#ECFFIAE A (Standard SVR)
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3 SeSe AR S M) & Al JH (Priori knowledge
SVR)
3.1 BT SRLR A IRRA & Rl-A (Description and
combination of monotonic prior knowledge)
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knowledge integration)

321 H A M FE A Z 5 K & (Sample PD
difference metric)
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3.2.2 ki TEELAL (Particle swarm optimization)

L7 HEAL AL U (Particle swarm optimization, PSO)
& T 19954F HHEberhart fll Kennedy i H 11— F 27 BE AT
A BEE. PSOBE A I AN W 1 BERL - 1) o7 BRI R
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FRRIEARKT B — A, FINGFEAR (2, yf) RN, Ik
e RN CI S i AT AT AL NG A AW IS T
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4 {525 (Experiment)
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Fig. 1 Improved SVR and standard SVR regression effect

B 1) F B 1(b) A e 75 5 22 RO, E48 7] LA
HH SR HH A 0 RO P [ U 2R A R SR, ARG
JERER IR B R, T8I AR SC e FIMonLPS VR
EAR G R T B, RS 2 S R R A
. E1 )R SEIME AR T RIEFSUR.

HH T PSOELVE AL MR RIFIEAS 1 45 A —,
FRRHIAG — W Bh, AR, Jsr B2 kT FiRsE
IS0UR, BPHREIC TR L

& 1 BKEESVRHA & 5AR/ESVR I A7 AT
Table 1 Comparison between improved SVR
algorithm and standard SVR algorithm

e MonLPSVR MonLPSVR
a7 % LPSVR O on

(w/o PD) (w/ PD)

0.1 00124  0.0012 0.0008

SPREL 02 01125  0.0035 0.0023
0.5 1.0865  0.0211 0.0147

0.1 0.0037  0.0020 0.0016

R R AL 02  0.0131  0.0052 0.0042
05 01594  0.0166 0.0082
JRmsE s, — 0.0046  0.0023 0.0019

MonLPSVR (w/o PD)f1MonLPSVR (w/ PD) %}
TR AR FE AN 2 5347 A Rk -Gk 28 20 A1 (1) 5 1
LR MR SR ) R R SR, TR TR AR 9 7 V2 R
1£3.

e, 43 i BT 2 0.5 5 45256, EEAESVR
FETAG 3 (1) PRI 5 A B AR 20 AT i 22, i
ZEFRARRARIE IR (12) 4R A E AR, e T382.

% 2 PSOH#EAT & SVR ML F A 3 tb
Table 2 Comparison of probability distribution before
and after PSO-SVR improvement

MonLPSVR MonLPSVR

773
(w/o PD) (w/ PD)

SHEHL 0.5 0.0121 0.0091

R bR R 0.5 0.0085 0.0044
JER i S 5 — 0.0016 0.0008

2T LU I FE AR 23 A S 36 AR 5 15
FIFSVRELAY A 5 B SIHE Z [AAAE “ RO
7 HIS B mZE RO, T AR IR A R AR K
SRR — B R PNEE RS THEZ G R,
IR

4) BReRI R A

B R FH 6 4E (1R pe il I B B U U ik — B 3G E AR
SCESIE SR AE 2 R A N AR B R LR A AL
PE, FCHE i 4 R H R A — R R[0, 112 17], ¥5144
AR BEHLEL 30, 50, TOVE NEIFEAR, 43R 1 HBE
WL 2 RN ZRRE AT RE A, B8 20 R 15 KL
0.01. FATFE i L S50 IR R 1 C = 460, A =5.912
1E AC =400, A=3.3. &} 4 52 56 3 17509k, BUF 1
MSEfEARZETHRN, idT3K3.
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Table 3 Comparison between improved SVR algorithm
and standard SVR algorithm(multidimensional)

@we LPSVR MonLPSVR MonLPSVR
FEAEL (w/o PD) (w/ PD)
30 0.0133 0.0102 0.0098
WRIERIRN 50 0.0157 0.0147 0.0142
70 0.0185 0.0173 0.0159

M TR 1-30] DL AR SCHRE PR G2 1AM
58 [l Yo A AR AR b . T DR BRSO L A T R PR R
TiE, TEIMMNFEARME R 23 A B IE I, (58 T RS FE A
TRREAE S, VRS 2 AARHELPS VR AR R B HH
etk JoH e A TR R, ZERE K
5 45 (Conclusions)

AT KR G S I R B o, REAS ZE 56 iR A
A &R, TS B0 SRR v AL e DRSS Y i)
PEH TG AR A 2 43 A R 1 RN LR M S 6 R )
YRR EEEE. N T AN RS A RS 1)
SR AR TRIE, AR SO by SR ) 2 (AT U SR A ) —
UORRN SO 2R R, 55 EAR A AR B B S 4 (18
T RECH = % R EEN) PSSO, I e84
A P 5 S SR AR P TN i HE 2 T PR ARE 5 43 A R
ZE 5, FSRAB IE R 138 NAE, (£ 7 MR R &
[, e 28 A [ USSR BOE i 2 1 B A e P S0 36 e i
BA T REA IR AT AE. B BB AR I HbiiE
B T AZ SR SO R . B2 i TAE T LS
FE BE 75K W28 20 A AL BLBE & 78 bRk S R ) = pL
AL H bR
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